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Chapter 01
Introduction and Overview
This book is designed to help machine learning (ML) engineers and data scientists succeed in ML system design interviews, with a focus on generative AI (GenAI). It complements the earlier book, “ML System Design Interview”[1], which covers conventional yet fundamental topics, such as search and recommendation systems. This book, however, explores GenAI applications and the unique challenges of designing such systems. It’s also intended to serve as a guide for those who want to understand how GenAI is applied in practical scenarios.
This chapter explores two key topics. First, it provides an overview of GenAI, delving into its fundamental concepts and applications. Then, it introduces a comprehensive framework for building ML systems, which is essential for real-world applications and interview preparation. This framework will serve as the foundation for developing popular GenAI systems in the following chapters.
Let’s dive in.
GenAI overview
What are AI and ML?
AI is a branch of computer science focused on creating systems that can perform tasks that typically require human intelligence, such as reasoning, planning, and problem-solving. ML is a subset of AI that uses algorithms to learn from data rather than relying on predefined rules. These algorithms analyze data, identify patterns, and make predictions or generate new content based on the learned patterns. Applications such as recommendation systems, fraud detection, autonomous vehicles, and chatbots are generally powered by ML models.
ML models generally fall into two categories:
Discriminative
Generative
Discriminative models classify data by learning the differences between classes based on input features. Formally, they learn the conditional probabilities, P(Y|X), where Y represents the target variable and X represents the input features.
Discriminative models can be used for both classification, where the goal is to determine the class to which an input belongs, and regression, where the goal is to predict a continuous value. For example, in fraud detection, a discriminative model might classify transactions as either legitimate or fraudulent by analyzing features such as transaction amount and purchase history. Similarly, in movie recommendations, a model predicts a user's rating for a movie based on the user’s historical interactions.
Common algorithms for developing discriminative models include:
Logistic regression:A linear model that predicts the probability of a binary outcome based on input features.
Support vector machines (SVMs):SVMs find the hyperplanes that best separate classes in the feature space. They can be extended to learn non-linear boundaries using kernel functions [2].
Decision trees:These models and their variations, such as random forests, recursively split the data into subgroups based on the target variable.
K-nearest neighbors (KNN): A non-parametric method that classifies a sample based on the majority label among its nearest neighbors in the feature space.
Neural networks:These models consist of layers of interconnected neurons. They use weighted inputs, activation functions, and backpropagation to learn and approximate complex functions for tasks such as classification and regression.
While these algorithms can predict a target variable from input features, most of them lack the capability to learn the underlying data distribution needed to generate new data instances. For that, we turn to generative models.
Generative models aim to understand and replicate the underlying distribution of data. Formally, they model the distribution P(X) when focusing solely on the input data (e.g., image generation), or the joint probability distribution P(X, Y) when considering both the input data and the target variable (e.g., text-to-image generation). This allows them to generate new data instances by sampling from these learned distributions.
Unlike discriminative models, which focus on distinguishing data instances, generative models can create new instances of data that closely resemble the original. For instance, a generative model trained on images of human faces can generate entirely new faces. These models are applied in various tasks such as text generation, image generation, and speech synthesis.
Generative algorithms can be divided into two categories: classical and modern. Classical algorithms are good at learning patterns from structured data. However, they can struggle to learn from more complex or unstructured data. Common classical generative algorithms include:
Naive Bayes:A probabilistic model based on Bayes' theorem [3].
Gaussian mixture models (GMMs):GMMs [4] represent data as a mixture of Gaussian distributions.
Hidden Markov models (HMMs):HMMs [5] model the joint probability of observed sequences and the hidden states generating those sequences.
Boltzmann machines:Energy-based models used for feature learning or dimensionality reduction [6].
On the other hand, modern generative algorithms learn from complex data distributions and are well suited for tasks such as generating realistic images and producing accurate textual outputs in response to queries. Common modern generative algorithms include:
Variational autoencoders (VAEs):A type of autoencoder that models the distribution of data by encoding it to a latent space and then reconstructing the original data using a decoder.
Generative adversarial networks (GANs):A class of neural networks in which a generator and discriminator are trained simultaneously. The generator creates realistic data, and the discriminator tries to distinguish between real and generated data.
Diffusion models:Models that learn complex data distributions through a reverse diffusion process. They are commonly used for image and video generation.
Autoregressive models:Models that generate data by predicting each element in a sequence based on the preceding elements. They are commonly used in text generation and time series forecasting.
Discriminative and generative models are used for different purposes. Discriminative models are typically used when the goal is to classify or predict; generative models are used to generate new samples. Figure 2 shows popular tasks powered by generative and discriminative models.
What is GenAI and why is it gaining popularity?
GenAI involves using modern generative algorithms to train models capable of producing new data samples such as images, videos, text, and audio.
GenAI has gained a lot of popularity recently for two main reasons. First, these models can perform various tasks across different domains such as generating text, creating realistic images, and composing music. This multitasking capability makes them valuable across industries, from creative arts and entertainment to healthcare and software development.
Second, GenAI applications significantly enhance productivity. For instance, in content creation, these models can generate drafts, suggest improvements, or even produce final outputs, saving considerable time and resources. Another example is the use of large language models (LLMs) such as ChatGPT [7], which can assist in tasks like answering complex questions and engaging in meaningful conversations. In a recent report by McKinsey [8], GenAI is predicted to “enable labor productivity growth of 0.1 to 0.6 percent annually through 2040.”
Why GenAI is becoming so powerful?
GenAI models have recently demonstrated impressive capability and are becoming very powerful. Three key factors driving this advancement are:
Data
Model capacity
Compute
An ML model's effectiveness depends on its training data. For example, if a model has not been trained on extensive medical data, it might struggle to diagnose diseases accurately. Improving a model for a specific task requires large datasets with labels, but collecting this data can be challenging and expensive.
One key driver behind the success of GenAI is self-supervised learning. Unlike classical models that typically work well when trained on labeled data, GenAI models can learn from unlabeled data. This approach lets them use vast datasets from the internet without the need for costly and time-consuming labeling processes.
Because of easy access to very large datasets from the internet, modern GenAI models can be trained on massive datasets, sometimes exceeding billions of text documents or images. For example, Meta’s Llama 3 model [9] was trained on 15 trillion tokens—roughly 50 terabytes of data; Google’s Flamingo model [10] was trained on 1.8 billion (image, text) pairs. Being trained on this massive amount of data helps these models learn complex patterns and nuances, resulting in high-quality outputs.
Another key factor in the effectiveness of ML models is their capacity to learn. Model capacity is measured in two ways:
Number of parameters
FLOP count
Parameters are the values within a model that are learned during the training process. The number of parameters is a key indicator of a model's capacity to learn from data.
A model with more parameters generally has a greater capacity to learn the complex patterns and relationships that exist within the data. This often translates to better performance, assuming the model has been trained on a large dataset. Table 1 shows five popular models and their number of parameters.
Table 1: Popular GenAI models and their number of parametersFLOP countFLOP (Floating Point Operations) measures the computational complexity of a model by counting the floating-point operations required to complete a forward pass. This includes basic arithmetic operations like addition, multiplication, and others that happen as data moves through the model's layers.To better understand FLOP count, let’s walk through a simple example.Consider a fully connected layer with 4 input neurons and 3 output neurons. Each output neuron is computed by multiplying the input neurons with their corresponding weight and summing them up. This results in 4 multiplications and 3 additions for each output neuron, as shown in Figure 4. Therefore, total FLOPs are 3 (4+3)=21.While the number of parameters measures a model's size, FLOP indicates the number of arithmetic computations and provides insight into the model's computational complexity. Although a model with more parameters often has a higher FLOP count, this isn’t always the case. The architecture plays a crucial role—dense layers typically require more FLOPs than sparse connections, even if the parameter count is the same. Understanding this distinction is crucial when optimizing a model, as it requires balancing both parameters and FLOPs. Understanding these distinctions helps us design models that are both accurate and computationally efficient.ComputeAs models increase in capacity, their performance tends to improve, but training these large models requires enormous amounts of computational resources. The compute required during model training is often measured in FLOP, representing the total number of operations performed. For example, Google's PaLM-2 model was trained using 1022 FLOPs [14].Compute power is typically provided by hardware like CPUs, GPUs (Graphics Processing Units), and TPUs (Tensor Processing Units). Nvidia, for instance, offers advanced GPUs such as the H100, A100, and A10, each with different costs and processing capabilities. The performance of these machines is often measured in FLOP/S (Floating Point Operations Per Second). For example, Nvidia's H100 can deliver up to 60 teraflops per second (60 TFLOP/S) [15].Training advanced GenAI models is expensive, requiring thousands of GPUs over weeks-long periods. To grasp the computational demands for models such as PaLM-2, let's calculate the required number of H100 GPUs. Assuming the H100 has a peak performance of 60 TFLOP/S, it can complete approximately 5.18 EFLOPs per day. Given that PaLM-2 required 1022 FLOPs, it would take around 5.5 years for a single H100 GPU to complete the necessary computations. Therefore, the cost of training large models is extremely high, often exceeding tens of millions of dollars. For example, Sam Altman, OpenAI’s CEO, has stated that the cost of training GPT-4 was more than $100 million [16].Training a model with billions of parameters (e.g., GPT-4, Llama 3) was not possible just a few years ago. The shift in capability has been mainly due to hardware advancements, particularly with specialized chips like GPUs and TPUs, designed for deep learning tasks. Distributed training has also been crucial, allowing the workload to be shared across hundreds, or even thousands, of machines in parallel. This significantly speeds up the process, making it feasible to train very large models on huge datasets. These infrastructure improvements and training techniques have made it possible to train GenAI models at unprecedented scales.Scaling lawWithin the constraints of a compute budget (measured in FLOPs), what is the optimal combination of model size and training data (measured by the number of tokens) that yields the lowest loss? This is the fundamental question researchers aim to answer through scaling laws.In 2020, OpenAI researchers conducted extensive LLM training experiments, exploring various factors such as model sizes (N), dataset sizes (D), computational resources (C), model architectures, and context lengths [17]. Their findings revealed two key insights. First, the impact of scaling on model performance is significantly more pronounced than the influence of architectural variations. Second, as model size, dataset size, or computational resources are increased, there is a corresponding and predictable improvement in performance, which follows a power-law trend.In 2022, DeepMind researchers extended this understanding by highlighting that many existing LLMs were undertrained, meaning the models were not large enough for the amount of data on which they were trained [18]. They found that the amount of data should scale linearly with model size to achieve optimal performance.With the recent release of GPT o1 [19], researchers have begun to speculate about the existence of a scaling law during inference, as well [20].GenAI risks and limitationsGenAI has evolved quickly, driving advancements across many industries by creating realistic text, images, and videos. However, it also brings critical risks and limitations that need careful consideration. Addressing these issues is key to ensuring responsible and sustainable development. Common challenges include:Ethical concerns:Issues relating to bias, intellectual property (IP), misinformation, and misuse of generated content can have harmful societal impacts.Environmental impact:The high computational power required to train large models contributes to substantial energy consumption and carbon emissions.Model limitations:GenAI models often lack true understanding, leading to inaccuracies and limitations in complex reasoning tasks, and hallucination.Security risks:There are threats posed by the use of GenAI to create deepfakes used for blackmail, political manipulation, automated phishing attacks, and adversarial exploits that manipulate model outputs in critical systems such as healthcare and finance.Each of these areas represents a significant challenge in the development of GenAI applications. Addressing these risks requires a multidisciplinary approach involving not just technical solutions but also ethical frameworks, legal regulations, and societal awareness.A framework for ML system design interviewsMany engineers think of ML algorithms—for instance, autoregressive Transformers or diffusion models—as the entirety of an ML system. However, building and deploying GenAI systems involves much more than just training a model. These systems are complex, with components such as data pipelines to handle and preprocess large datasets, evaluation mechanisms to assess output quality and safety, infrastructure to deliver AI-generated content at scale, and monitoring to ensure consistent performance over time.In an ML system design interview, particularly those focused on GenAI, you’ll often face open-ended questions. For example, you might be asked to design a chatbot for customer service or an AI-powered image-editing tool for creatives. There isn’t a single "correct" answer. The interviewer is interested in how you approach complex problems, your understanding of GenAI concepts, your system design process, and the reasoning behind your design choices.To succeed in a GenAI system design interview, it is crucial to follow a structured framework. Disorganized responses can obscure your thought process and reduce clarity. This book introduces a framework to guide you through GenAI system design challenges. The framework includes the following key steps:Clarifying requirementsFraming the problem as an ML taskData preparationModel developmentEvaluationOverall ML system designDeployment and monitoringLet's dive into each step to examine the key considerations and talking points when designing a GenAI system.Clarifying RequirementsWhen you start to develop an ML system to solve a particular task, you often have minimal information to begin with. Similarly, in interviews, ML system design questions are often vague, providing minimal details. For instance, an interview might ask you to "design an image generation system." The first step is to ask clarifying questions. But what questions should you ask?Your questions should help in understanding the problem space and the specific goals the system needs to achieve. They fall into two types:Functional requirementsNon-functional requirementsFunctional requirementsFunctional requirements describe what the system should do—the core capabilities of the system. For example, “generate an image and customize its style based on the user’s prompt” is a functional requirement for a text-to-image system. In the context of designing a GenAI system, functional requirements are crucial because they shape the high-level architecture of the system. They guide the development of essential components and functionalities that the system needs to deliver to meet user needs.Non-functional requirementsNon-functional requirements focus on how the system performs, not what it does. These include performance metrics such as latency and throughput, along with considerations for fairness, security, and scalability. In an image generation system, for example, non-functional requirements might define the acceptable speed for generating images and the quality standards they must meet. While these requirements are usually advanced topics in GenAI system design and may not significantly alter the initial architecture, it's crucial to identify and understand them early, as they will often shape the later stages of design, especially during performance tuning and system improvements.Here are some questions to help you get started:Business objective:What is the primary goal of this system? What specific purpose will it serve? For example, when designing an image captioning system, it’s essential to know if it will be used for generating detailed product descriptions on an e-commerce platform or for suggesting short captions for photos on social media.System features:What features should the system support that might influence the ML design? For instance, when designing an image generation system, it’s important to know if users can provide feedback or rate the generated images, as these interactions could enhance the model. Similarly, when designing an LLM, it’s crucial to know which languages should be supported.Data:What are the data sources? How large is the dataset? Is the data labeled? These questions are crucial because the quality and quantity of the data might influence the design.Constraints:What are the available computational resources? Will the system be cloud-based or designed to run on local devices?System scale:How many users are expected to use the system? How many images need to be generated, and what is the expected growth in demand? These questions are important to clarify because a system designed to generate images for a small group of users will not require the same level of scalability as one expected to serve millions of users.Performance:How quickly should the content be generated? Is real-time generation required? Is there a higher priority on content quality or generation speed?This list isn't comprehensive, but it provides a good starting point. Other topics, such as privacy, ethics, and data security, can also be important.By the end of this step, you should be aligned with the interviewer on the system's scope and requirements. It's generally a good idea to clarify these details to ensure you're addressing the interviewer's expectations.Framing the problem as an ML taskIf an interviewer asks you to design a feature that automatically summarizes emails for users, you have a problem to solve. But you can't simply ask AI to summarize emails. Instead, you need to frame the problem so that AI techniques can address it. Framing a problem as an ML task is a key step in designing ML systems, as doing this shapes the rest of your design.When tackling a problem, you first need to determine whether machine learning is even necessary. However, with GenAI systems, you can typically assume ML will be required since it's the main tool for developing these systems.The following two steps are useful for framing your problem as an ML task:Specify the system’s input and outputChoose a suitable ML approachSpecify the system’s input and outputTo frame the problem, you first define the system's input and output. This involves identifying the input data modality (text, image, audio, video) and the expected output. For instance, in a chatbot system, the input is the user's text query, and the output is the system's response.Choose a suitable ML approachAfter defining the input and output of the system, the next step is to choose the most suitable ML approach. This involves identifying key components of your system and selecting an algorithm that aligns with the specific needs of the problem. As illustrated in Figure 8, there are numerous ML algorithms to choose from, each with its own strengths and weaknesses. It is crucial to compare them, discuss the trade-offs, and choose the one that is most suitable for your task.There are different ways to select an appropriate ML algorithm, and the criteria for selection vary from application to application. The following steps can help you narrow down your options when choosing the most suitable algorithm:Discriminative vs. generative:First, determine whether the problem requires a discriminative or generative model. This can be easily determined based on the system's output. For example, in an object detection problem, where the output is the class of the input image, the task is discriminative. In contrast, designing a chatbot that produces text as output is a generative task.Identify the task type:Next, identify the specific task type to further narrow the choice of algorithms. The two most common tasks for discriminative models are classification and regression. Generative models commonly undertake tasks such as text, image, audio, and video generation.
The system’s output can help identify the task type. For instance, an image captioning system generates text, making it a text generation task; a face generation system produces images, making it an image generation task; an object detection system that outputs an object class is a classification task.Choose a suitable algorithm:Finally, select an algorithm that is most suitable based on the requirements. Consider factors such as the ability to handle different input modalities, efficiency, and quality expectations. For example, in a text-to-image system, the algorithm must process text as input and generate an image as output; therefore, VAEs or GANs might not be ideal despite their abilities to generate images. This step is the ideal time to evaluate the various options and discuss their trade-offs. This step is the ideal time to evaluate various options and discuss their trade-offs.In the upcoming chapters, we will examine various ML approaches used in popular GenAI applications.Talking pointsWhat are the system's inputs and outputs based on the requirements?Which data modalities (text, image, audio, video) does the model need to understand and process? How will the model handle different modalities?Should a single model handle all input modalities, or is it more effective to use multiple models for different modalities? What are the benefits and drawbacks of using a unified model versus specialized models for each modality?Which generative algorithm (e.g., diffusion models, VAEs, GANs) is best suited for the task at hand, and why? What are the specific trade-offs between different algorithms in terms of quality, efficiency, and ease of use?What are the performance, stability, and resource implications of choosing one algorithm over another?Is the chosen approach scalable and flexible enough to accommodate future changes or additions to the system's capabilities? How easily can the system adapt if new input modalities or outputs are introduced later?Data PreparationML models learn directly from data; therefore, high-quality data is crucial for effective training. This section explains different data types and key considerations when preparing them for ML models.Data typesIn ML, data is generally categorized into two types: structured and unstructured.Structured data:This type of data can be organized into tables with rows and columns, for example, a database or spreadsheet. Financial records and customer data are examples of structured data. Structured data can be further divided into the following categories:Categorical data:Data that represent distinct groups or categories (e.g., gender or color).Numerical data:Data that represent measurable quantities (e.g., number of items sold, house price).Ordinal data:Data with a predetermined order (e.g., satisfaction ratings).Unstructured data:Unstructured data refers to data with no underlying data schema or structure, such as text, images, videos, audio files, or a combination of them. For example, social media posts or emails are examples of unstructured data.Traditional ML models are typically trained on structured data. In contrast, models that power GenAI applications primarily deal with unstructured data like images, text, and videos. As a result, the focus of data preparation differs significantly between traditional models handling structured data and generative models working with unstructured data. Let’s explore each in more detail.Data preparation in traditional MLPreparing structured data for traditional models typically involves two key steps: data engineering and feature engineering.Data EngineeringData engineering involves building and maintaining systems for collecting, storing, retrieving, and processing data. A core component of this is ETL (Extract, Transform, Load) [21], which refers to the process of extracting data from various sources, transforming it into a usable format, and loading it into a data warehouse or other storage system. Data engineering ensures that data is clean, reliable, and accessible.Feature EngineeringFeature engineering involves selecting and extracting predictive features from raw data and transforming them into a format usable by ML models. This process often utilizes feature stores, such as Tecton [22] or Amazon SageMaker [23], which offer a centralized platform for managing and serving features at scale.Selecting the right features is crucial when developing and training ML models. It’s important to choose features that provide the most information. The feature engineering process requires subject matter expertise and is highly task-specific. It includes techniques such as handling missing values, representing categorical features, and bucketing.Since this book focuses on GenAI, we concentrate primarily on data preparation specific to GenAI models. For a deeper dive into data engineering and feature engineering techniques, refer to [24].Data preparation in GenAIWhen preparing unstructured data for generative models, the focus shifts from feature engineering to collecting vast amounts of data; ensuring the data is of high quality and safe; and utilizing tools to store and retrieve the data efficiently and at scale.Let’s examine the following key steps in data preparation:Data collectionData cleaningData efficiencyData collectionAdvanced GenAI models have billions of parameters that enable them to learn and generalize from data. Due to their size, these models require vast amount of training data to capture complex patterns. For instance, Llama 3 was trained on 15 trillion tokens from various internet sources—equivalent to 50 terabytes of data. To put this into perspective, a person reading nonstop at the typical rate of 250 words per minute would take around 85,000 years to read that amount of text. The data collection process gathers large datasets by scraping text from different sources (e.g., websites, social media, and forums).As models grow larger, there's a trend toward enhancing training datasets with AI-generated content. This involves using existing models to create synthetic data, which is then used to train another GenAI model.Training GenAI models with AI-generated content has several pros and cons.Pros:Improving data diversity:AI-generated content adds variety to existing data, thus enhancing the model's ability to generalize, especially when the original data is limited or imbalanced.Scalability:As demand for data grows, AI-generated content provides a scalable way to create large datasets that are difficult to gather manually.Cons:Quality concerns:The quality of synthetic data depends on the original model. Poor-quality data can lead to the spread of biases or errors.Representation issues:The synthetic data might not represent the original data well. Ensuring the synthetic data is diverse and representative can be challenging.Real-world distribution gaps:AI-generated data may not fully capture the complexity of real-world scenarios, thereby risking the omission of important details.Using AI-generated data to train GenAI models is a rapidly evolving area of research. New techniques are constantly being developed to improve the quality and relevance of synthetic data. For more information, refer to [25].Data cleaningVery large datasets from the internet are often noisy, and they may contain low-quality or inappropriate content. We must clean the data carefully to avoid introducing biases, misinformation, or harmful material into the model, which can affect its performance. In addition, it is crucial to have data that is representative. This requires removing duplicate content and ensuring it is diverse and balanced.Throughout this book, we will explore key data-cleaning techniques including filtering harmful content, detecting NSFW (Not Safe For Work), assigning quality scores, and removing duplicates.Data efficiencyManaging large datasets requires efficient tools and techniques for storage and retrieval. Let's look at each in detail.Efficient storageStoring massive amounts of data with traditional tools can be expensive and slow. Distributed storage systems such as Hadoop Distributed File System (HDFS) [26] and Amazon S3 [27] are built to store massive amounts of data across multiple machines. These systems are particularly suited for managing large volumes of unstructured data. In addition, columnar storage formats such as Parquet [28] and ORC [29] are ideal for structured data or unstructured data that has been converted to structured form. These formats, optimized for analytics, offer better compression and faster query performance.Efficient retrievalTraining an ML model requires fast data retrieval. Common techniques to retrieve data efficiently from large datasets include:Sharding:Splitting data across multiple devices allows parallel access and speeds up retrieval and processing.Indexing:Technologies such as Apache Lucene [30] or Elasticsearch [31] are used to index data, making it easy and quick to locate specific pieces of information.Pre-loading or caching:Frequently accessed data is pre-loaded into memory to reduce I/O delays during retrieval.Talking pointsData sources:What data is available, and where do you collect it from? How diverse are they? How large is the dataset?Data sensitivity:How sensitive is the data (e.g., personal, financial, medical)? Is anonymization necessary to protect sensitive information?Bias:Are there inherent biases in the data (e.g., demographic, geographical)? How do you detect and mitigate these biases to ensure fair representation?Data quality:How do you filter low-quality, irrelevant, or noisy data? Are there any outliers or anomalies in the dataset? How do you handle them?Inappropriate data:Are there inappropriate, harmful, or NSFW content in the dataset? What processes are in place to detect and remove such data?Data preprocessing:How is the data represented in a format the model can understand? If using text data, how is it tokenized and transformed into numerical format (e.g., embeddings)? If dealing with multimodal data (e.g., images, text, audio), how do you preprocess them for the model to consume?Model developmentModel development is a critical step in building ML systems. It involves selecting the appropriate architecture, training the model, and finally, generating new data from the trained model. Let’s dive into each of these components in more detail.Model architectureIn this step, you should talk about the architecture of the model in detail. There might be several viable architectures for different ML algorithms. For instance, diffusion models can be built using either the U-Net or DiT architectures. In an interview, it’s important to explore different architectural options and weigh their advantages and disadvantages.Once an architecture is selected, it’s helpful to analyze its specific layers and examine how the input is transformed into the output. For example, in a U-Net architecture, the output should be the same size as the input image; therefore, reviewing the layers to ensure they meet this requirement is beneficial.You might be asked follow-up questions and have to modify the architecture to support a new feature. For example, in an image generation model, you might need to modify the architecture to let users control the style of generated images. Similarly, in a text-to-video model, you might be asked to control the direction of motion (e.g., left to right) during generation. These features could require adding or modifying components in the architecture to integrate style vectors or motion information.Let’s dive into a real example—the Transformer’s self-attention—to show what it means to discuss architecture in an interview.Transformer’s self-attention architectureTransformers are a cornerstone of modern GenAI, especially in natural language processing and image generation. Since their introduction in 2017 [32], they have rapidly taken over the AI community, becoming the dominant architecture for a wide range of tasks across natural language processing (NLP) [33] [12], computer vision [34], and even multimodal learning [35] [36].At the core of Transformers is the attention mechanism. Initially introduced in the context of machine translation [37], the attention mechanism has become a fundamental component of various neural network architectures, particularly in the Transformer model. It addresses the limitations of traditional sequence models such as RNNs and LSTMs by enabling the model to more effectively capture long-range dependencies and contextual information.Self-attention, also known as scaled dot-product attention, is the most common form of the attention mechanism used in modern models. It enables each element in the input sequence to focus on every other element. This is done by converting the input embeddings for each token into three vectors: the query (QQQ), key (KKK), and value (VVV) vectors. These vectors are computed using learnable weight matricesWQW_QWQ​,WKW_KWK​, andWVW_VWV​:Q=XWQ,K=XWK,V=XWVQ=XW_Q,~K=XW_K,~V=XW_VQ=XWQ​,K=XWK​,V=XWV​whereXXXrepresents the input sequence of embeddings.The attention scores are computed by taking the dot product of the query vector,QQQ, with all the key vectors,KKK, followed by a scaling operation and a softmax function. This can be represented as:Attention(Q,K,V)=softmax(QKTdK)V\text{Attention}(Q,K,V) = \text{softmax}\left(\frac{QK^T}{\sqrt{d_K}}\right)VAttention(Q,K,V)=softmax(dK​​QKT​)VHere,dKd_KdK​is the dimension of the key vectors, and the scaling factor1dK\frac{1}{\sqrt{d_K}}dK​​1​is used to prevent the dot-product values from becoming too large, which could result in extremely small gradients during backpropagation. The softmax function is applied to ensure that the attention scores are normalized, summing to 1. This produces a weighted sum of the value vectors,VVV, where the weights are determined by the relevance of each input token as indicated by the attention scores.Multi-Head AttentionTo capture different types of relationships and contextual dependencies, the self-attention mechanism is often extended to multi-head attention. Instead of computing a single set ofQQQ,KKK, andVVVvectors, the input is projected into multiple sets, or “heads,” each with its own learnable weight matrices:MultiHead(Q,K,V)=Concat(head1,head2,⋯,headh)WO\text{MultiHead}(Q,K,V) = \text{Concat}(\text{head}_1,\text{head}_2,\cdots ,\text{head}_h) W_OMultiHead(Q,K,V)=Concat(head1​,head2​,⋯,headh​)WO​where each attention head is computed independently as:headi=Attention(QWQi,KWKi,VWVi)\text{head}_i=\text{Attention}(QW_Q^i,KW_K^i,VW_V^i )headi​=Attention(QWQi​,KWKi​,VWVi​)The results of the different heads are concatenated and then linearly transformed using the output weight matrix, WO. This allows the model to jointly attend to information from different representation subspaces and capture richer dependencies.There is no one-size-fits-all architecture for every problem. Interviewers want to assess your understanding of different ML architectures, their strengths and weaknesses, and your ability to choose the right one based on specific requirements and constraints. In this book, we introduce various Transformer-based models through GenAI applications and explain their necessity.Model trainingModel training is the process of adjusting the model’s parameters (weights) to produce the desired output. Key aspects to discuss during model training include:Training methodologyTraining dataML objective and loss functionTask-specific challenges and mitigationsLet’s examine each in more detail.Training methodologyEach model follows a distinct training process suited to its architecture and purpose. For example, diffusion models gradually denoise data to generate high-quality samples from noise. In contrast, GANs rely on adversarial training, where a generator and a discriminator compete to improve over time.Many models also undergo multi-stage training for better performance. LLMs, for instance, typically follow three stages: pretraining on large datasets to learn general patterns; supervised finetuning to adapt to the specific task; and an alignment stage to ensure outputs align with human values or intended behaviors. This approach helps models perform well across various applications.Having an in-depth understanding of these training methodologies for different GenAI applications is crucial, especially when discussing them in an interview.Training dataUnderstanding the training data is essential for successful model development. The data used can vary across different GenAI applications and may also differ in multi-stage training approaches. For instance, when training an LLM, publicly available datasets such as Common Crawl [38] might be used during the pretraining stage, while expert-annotated, carefully curated data would be used for the alignment stage.It's important to discuss the datasets, including how they are sourced, why they are valuable for model training, and an estimate of their size for effective training.ML objective and loss functionML objective is the goal of the ML task during training. For example, in an LLM, it might be to accurately predict the next token (e.g., next-token prediction). In contrast, in VAE, the ML objective is to reconstruct the original image.The loss function measures how closely the model’s predictions align with the desired outcomes. It guides the optimization process, where the goal is to minimize this loss. Choosing the right loss function is crucial during model training, as it quantifies prediction errors and helps the optimization algorithm adjust the model’s parameters to improve performance.Designing a new loss function can be complex. In most cases, you’ll select one from existing options based on how you've framed the problem. Sometimes, minor adjustments to the loss function are required to tailor it to the specific task. We will explore several loss functions in later chapters.Task-specific challenges and mitigationsDifferent tasks come with their own challenges that need specific solutions. For example, training large video generation models is very resource-heavy because it requires a lot of computing power and large amounts of data. This means it might not be feasible to train a video generation model without proper optimization techniques. This might include parallelization techniques [39][40][41], mixed precision training [42], and latent diffusion models [43]. These approaches help scale video generation models while keeping resource use and costs manageable. While we will cover task-specific challenges and mitigations in future chapters, we’ll now briefly examine efficiency and optimization techniques that apply to all large-scale model training.Three of the most common techniques for training large-scale models are:Gradient checkpointingMixed precision trainingDistributed trainingGradient checkpointingGradient checkpointing [44] is a technique to reduce memory usage during model training by saving only a selected subset of activations. During the backward pass, the missing activations are recomputed. This reduces memory usage significantly, which is particularly useful for training large models with limited GPU memory.Mixed precision trainingMixed precision training is a technique that uses both 16-bit (half-precision) and 32-bit (single-precision) floating point numbers to speed up model training and reduce memory usage. It maintains the accuracy of training while improving efficiency by performing most calculations at lower precision; crucial operations are performed at higher precision when needed.Automatic mixed precision (AMP) [45] is a specific implementation of mixed precision training provided by frameworks such as PyTorch and TensorFlow. AMP automatically handles the transition between half and single precision, optimizing where to use each precision type and applying scaling techniques to maintain numerical stability during training.Distributed trainingAs models grow in size and complexity, training on a single machine becomes infeasible. Distributed training techniques enable efficient training of large models by utilizing multiple machines or devices in parallel.Common parallelism techniques are:Data parallelismModel parallelismHybrid parallelismData parallelismIn data parallelism, the dataset is split across multiple devices (e.g., GPU), each of which holds a full copy of the model and processes a portion of the data in parallel. Each device trains on its subset of data, and the parameter server coordinates the updating and distributing of model parameters across all devices. This approach is helpful when the dataset is large, as processing the data in parallel is efficient and speeds up training.There are two primary methods for updating model parameters across the devices:Synchronous:In this approach, all devices complete their computations and send gradients to the parameter server. The parameter server waits until it has received gradients from every device, and then it aggregates and updates the model before sending the updated parameters back to all devices. This ensures consistency, as the devices always work with the same version of the model. However, it can be slower because updating has to wait for the slowest device.Asynchronous:With asynchronous updating, each device sends its gradients to the parameter server as soon as it finishes processing its portion of data, and the parameter server updates the model immediately upon receiving gradients from any device and sends the new parameters to all devices. This approach can be faster since the devices are working independently, but it can lead to inconsistency as devices might be working with slightly different versions of the model at any given time.To learn more about data parallelism, refer to [39].Model parallelismIn model parallelism, a single model is split across multiple devices, and each device is responsible for computing only a portion of the model's operations. This approach is helpful when the model is too large to fit into the memory of a single device.Model parallelism can be further divided into types:Pipeline parallelism (inter-layer)Tensor parallelism (intra-layer)Pipeline parallelism (PP):In PP, the model layers are split across multiple devices, and computations are performed in a pipelined manner. In the forward pass, each device forwards the intermediate activation to the next device in the pipeline, while in the backward pass, it sends the input tensor's gradient back to the preceding device.PP is particularly useful when dealing with very deep models, as it allows multiple devices to work concurrently, reducing idle time and improving training efficiency. To learn more about PP, refer to [40] [41].Tensor parallelism (TP):In TP, operations within a single layer of the model are split across multiple devices. Each device handles a portion of the computations for that layer, and the outputs are combined before moving to the next layer. For example, in a large matrix multiplication operation, different parts of the matrix can be processed in parallel across multiple devices. This can be done using both column-wise and row-wise splitting. For more information, refer to [46].TP is particularly useful when a single layer is too large to fit in memory. It helps in reducing memory usage by distributing the computational load across multiple devices. If you are interested to learn more about TP and its variants (e.g., sequence parallelism), refer to [47][48].Hybrid parallelismHybrid parallelism combines data and model parallelism to train large models more efficiently across multiple devices. This approach reduces memory usage by distributing both the model and data across devices. It also enables scaling to a larger number of devices, making it possible to train very large models that traditional parallelism methods cannot handle.In addition to hybrid parallelism, techniques likeZeRO(Zero Redundancy Optimizer) [49] from Microsoft andFSDP(Fully Sharded Data Parallel) [50] from Meta further optimize resource utilization and communication efficiency. These methods reduce redundancy in memory and computation across devices, enabling more efficient training of massive models.The techniques discussed in this section are essential components of modern ML system design and are widely used in practice. By combining parallelism techniques such as FSDP, memory-saving methods such as gradient checkpointing, and optimizations such as AMP, we can efficiently scale the training of large, complex models. A solid understanding of these techniques, and knowing when to apply them, is critical for building scalable and efficient AI systems. While this overview only touches on the basics, it is not the central focus of this book. For those interested in a more detailed exploration of distributed training, refer to the provided references.Model samplingAfter training a model, the next step is sampling, which involves generating new data or outputs from the trained generative model. Various sampling methods exist for different GenAI applications. For example, in LLMs, methods such as greedy search, beam search [51], and top-k sampling [52] each have their strengths and weaknesses. Beam search, for instance, tends to produce coherent and relevant text, but it may limit diversity.In an interview, it is crucial to discuss various sampling methods in depth, their pros and cons, and to choose the one that suits the system you are designing.Talking points​​Model architectures:What are the plausible model architectures for the chosen ML algorithm? What are the pros and cons of each? What are the specific layers in an architecture and why?Training methodology:What is the training methodology? How does the training process work (e.g., diffusion process, adversarial training)?Training data:Where is the training data sourced from? How large is the dataset? Do you use different data for various training stages (e.g., pretraining vs finetuning)?ML objectives:What are the plausible ML objectives for the task? What are the pros and cons of each objective, and how do they impact model performance?Loss functions:What is the loss function that aligns with the chosen ML objective? Do you use a single loss function or multiple ones? If multiple, how do you combine them to optimize the training process? What is the purpose of each loss function?Training challenges and mitigations:What are typical training challenges specific to the chosen ML algorithm? How can these challenges be mitigated to ensure effective training?Training efficiency:What are the main techniques to improve training efficiency? How does distributed training work, and what benefits does it bring? How does AMP enhance training speed and efficiency? How does data, tensor, and pipeline parallelism work?Sampling:How do different sampling methods (e.g., top-k, top-p) work? What are the pros and cons of each? How does the sampling process work? How do they affect the quality and creativity of the model's output? What methods can you use to make the sampling process faster without compromising quality?EvaluationAfter developing a model, the next critical step is evaluation. This involves using various metrics to assess the performance of the ML model. In this section, we will explore two evaluation methods: offline and online evaluation.Offline EvaluationOffline evaluation is the process of assessing the performance of a model or system using pre-collected data without deploying it in a real-time environment. This approach is critical to ensure the model is effective before it is used by the users.Offline evaluation differs between discriminative and generative models. The goal of discriminative models is to make predictions on an evaluation set; the evaluation compares those predictions to the ground truth. Traditional metrics such as accuracy, precision, and recall are used to quantify how well the model performs based on these comparisons. Table 2 lists common metrics for different discriminative tasks, which are thoroughly explored in [1].TaskMetricsClassificationPrecision, Recall, F1 score, Accuracy, Confusion matrixRegressionMSE, MAE, RMSERankingPrecision@k, Recall@k, MRR, mAP, nDCGTable 2: Popular metrics in discriminative tasksIn generative models, evaluation is more complex. Instead of comparing predictions to a fixed ground truth, these models generate new content, such as text or images. Assessing this content often requires subjective or human-in-the-loop methods to gauge how well it aligns with human expectations or benchmarks. Table 3 shows commonly used metrics for different generative tasks.TaskMetricsText GenerationPerplexity, BLEU, METEOR, ROUGE, CIDErImage GenerationFID, IS, KID, SWD, PPL, LPIPSText-to-VideoFVD, CLIPScore, FID, LPIPS, KIDTable 3: Popular metrics in generative tasksIn interviews, it's essential to assess the generated content from multiple angles. For example, in a text-to-image generation model, it's important to ensure the generated image is both high-quality and that it aligns with the given text prompt. Similarly, in a chatbot, the model’s capability should be measured across different tasks such as mathematics, common-sense reasoning, and code generation. Throughout this book, we take a deep dive into the offline evaluation of various GenAI applications and explore most metrics listed in Table 3.Online EvaluationThe online evaluation assesses how the model performs in production (i.e., after deployment). Different metrics aligned with business objectives are used to evaluate the model's impact.In practice, companies typically monitor multiple online metrics. During an interview, you should focus on selecting the most critical ones to gauge the system's impact. Unlike offline metrics, choosing online metrics is more subjective and often involves input from product owners and stakeholders. This step helps the interviewer assess your business sense. It is beneficial to articulate clearly your reasoning and thought process when selecting specific metrics. Table 4 lists some metrics commonly used in online evaluation.MetricDescriptionClick-Through Rate (CTR)Percentage of users who click on content or suggestions.Conversion RatePercentage of users who complete a desired action (e.g., purchase, subscription) after interacting with the system.Latency (Inference time)Time taken by the model to generate content.Engagement RateMeasure of user interaction, such as time spent engaging with the system.Revenue Per UserAverage revenue generated per user.Churn RatePercentage of users who stop using the system over a given period.User SatisfactionDirect feedback from users on their experience with AI-generated content.User RetentionPercentage of users who continue to use the system over a specific period.Completion RatePercentage of tasks (e.g., text completions, image generations) successfully completed by the model.Table 4: Common metrics for online evaluationTalking pointsHere are some key talking points for the evaluation stage:Offline metrics:Which offline metrics best evaluate the quality and accuracy of the generative model? How do these metrics measure the diversity, realism, and coherence of generated outputs?Online metrics:Which metrics are crucial for assessing the effectiveness of the generative model in a live production environment? How do these metrics align with the business goals, such as enhancing user creativity, boosting engagement, or driving product innovation?Bias:Generative models may unintentionally reflect societal biases in relation to sensitive attributes such as gender or race. How can you evaluate the model’s bias?Robustness and security:How resilient is the generative model to adversarial attacks such as intentionally misleading inputs designed to exploit model weaknesses?Human evaluation:For generative models, especially in creative fields (e.g., text generation, image synthesis), human feedback is vital. How can human reviewers complement automatic evaluation? What methods (surveys, A/B testing, expert reviews) will best assess the model’s performance? How can you mitigate the effects of subjectivity among different reviewers?Overall ML system designThe next step of the framework is to propose an overall design for the GenAI system. These systems involve more than just training a model; they require multiple pipelines and components working together seamlessly. For instance, in a chatbot, beyond the core model, other components are needed to ensure safety, for example, filtering out harmful content. Similarly, for a video generation system, additional models may be needed to upscale video resolution to the desired quality. At this stage, it's crucial to integrate all components essential for the system to function as intended. We will explore several components commonly used along with the generative model throughout this book.Talking pointsSystem components:What are the different components of the system? What are the roles of each component—such as the core model, preprocessing, content filtering, post-processing, and any necessary upscaling or quality enhancement models?Safety mechanisms:How are safety and content moderation incorporated into the system? For instance, how does the system ensure that generated content is safe and appropriate for users? Describe components such as NSFW filters and harmful.User feedback and continuous learning:How does the system incorporate user feedback to continuously improve model performance? Discuss the feedback loop mechanisms that allow for finetuning the model. What systems are in place for retraining models with updated data to improve accuracy and relevance over time?Scalability:How does the system scale as demand increases? What cloud or hardware resources are utilized, and how is resource allocation managed efficiently? How do components such as load balancers, distributed inference, and model parallelism contribute to system scalability?Security considerations:How does the system ensure user privacy, especially when dealing with sensitive data or generating personalized content? What security protocols are implemented to protect against adversarial attacks, model tampering, or data leakage?Bias:Generative models may unintentionally reflect societal biases with respect to sensitive attributes like gender or race. Discuss strategies such as bias-detection algorithms, fairness auditing, and filtering of biased outputs. Additionally, how would you address ethical concerns if users attempt to misuse the generative model to produce harmful, biased, or inappropriate content?Robustness and security:How resilient is the generative model to adversarial attacks, such as intentionally misleading inputs designed to exploit model weaknesses? For example, can attackers generate harmful or nonsensical outputs? In production, how can we ensure that the model isn’t being manipulated for malicious purposes, such as creating deepfakes, misinformation, or inappropriate content?Deployment and monitoringThe final step is to deploy it to production and serve millions of users. Once the system is deployed, it can fail for many reasons. Monitoring refers to the task of tracking, measuring, and logging different metrics to detect system failures when they occur, so they can be fixed as quickly as possible. However, since this topic is broad and not specific to GenAI or any particular task, we won’t go into detail in this book. We encourage readers to refer to [53] or the “ML System Design Interview”book [1] for a deeper exploration.SummaryIn this chapter, we provided an overview of GenAI and introduced a framework for approaching a GenAI system design interview. While some details are specific to GenAI, many concepts apply broadly across AI system design. We focus on aspects unique to GenAI, avoiding general topics common to all AI systems such as deployment, infrastructure, and monitoring.Finally, not every engineer is expected to be an expert in all areas of the GenAI life cycle. Different roles and companies may emphasize various aspects, such as infrastructure, monitoring, or LLM development. This framework helps candidates to understand the expectations and adjust their answers accordingly based on the interview's focus.Now that you understand these fundamentals, we’re ready to tackle some of the most common GenAI system design interview questions.References[1] Machine Learning System Design Interview.https://www.aliaminian.com/books.[2] Support Vector Machines.https://scikit-learn.org/stable/modules/svm.html.[3] Bayes’ theorem.https://en.wikipedia.org/wiki/Bayes%27_theorem.[4] Gaussian mixture models.https://scikit-learn.org/1.5/modules/mixture.html.[5] Hidden Markov model.https://en.wikipedia.org/wiki/Hidden_Markov_model.[6] Boltzmann machine.https://en.wikipedia.org/wiki/Boltzmann_machine.[7] OpenAI’s ChatGPT.https://openai.com/index/chatgpt/.[8] Economic Potential of Generative AI.https://www.mckinsey.com/capabilities/mckinsey-digital/our-insights/the-economic-potential-of-generative-ai-the-next-productivity-frontier.[9] The Llama 3 Herd of Models.https://arxiv.org/abs/2407.21783.[10] Flamingo: a Visual Language Model for Few-Shot Learning.https://arxiv.org/abs/2204.14198.[11] PaLM: Scaling Language Modeling with Pathways.https://arxiv.org/abs/2204.02311.[12] Language Models are Few-Shot Learners.https://arxiv.org/abs/2005.14165.[13] Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding.https://arxiv.org/abs/2205.11487.[14] PaLM2 Technical Report.https://arxiv.org/abs/2305.10403.[15] H100 Tensor Core GPU.https://www.nvidia.com/en-us/data-center/h100/.[16] GPT-4 training cost.www.wired.com/story/openai-ceo-sam-altman-the-age-of-giant-ai-models-is-already-over/.[17] Scaling Laws for Neural Language Models.https://arxiv.org/abs/2001.08361.[18] Training Compute-Optimal Large Language Models.https://arxiv.org/abs/2203.15556.[19] Introducing OpenAI o1.https://openai.com/index/introducing-openai-o1-preview/.[20] Large Language Monkeys: Scaling Inference Compute with Repeated Sampling.https://arxiv.org/abs/2407.21787.[21] ETL.https://aws.amazon.com/what-is/etl/.[22] Tecton.https://www.tecton.ai/feature-store/.[23] Amazon SageMaker.https://aws.amazon.com/sagemaker/.[24] ML System Design Interview.https://www.amazon.com/gp/product/1736049127/.[25] Comprehensive Exploration of Synthetic Data Generation: A Survey.https://arxiv.org/abs/2401.02524.[26] HDFS Architecture Guide.https://hadoop.apache.org/docs/r1.2.1/hdfs_design.html.[27] Amazon S3.https://aws.amazon.com/s3/.[28] Apache Parquet.https://parquet.apache.org/.[29] Apache ORC.https://orc.apache.org/docs/.[30] Apache Lucene.https://lucene.apache.org/.[31] Elasticsearch.https://www.elastic.co/elasticsearch.[32] Attention Is All You Need.https://arxiv.org/abs/1706.03762.[33] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding.https://arxiv.org/abs/1810.04805.[34] An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale.https://arxiv.org/abs/2010.11929.[35] Learning Transferable Visual Models From Natural Language Supervision.https://arxiv.org/abs/2103.00020.[36] Zero-Shot Text-to-Image Generation.https://arxiv.org/abs/2102.12092.[37] Neural Machine Translation by Jointly Learning to Align and Translate.https://arxiv.org/abs/1409.0473.[38] Common Crawl.https://commoncrawl.org/.[39] Data Parallelism.https://en.wikipedia.org/wiki/Data_parallelism.[40] Model Parallelism.https://huggingface.co/docs/transformers/v4.15.0/en/parallelism.[41] Pipeline Parallelism.https://pytorch.org/docs/stable/distributed.pipelining.html.[42] Mixed Precision Training.https://arxiv.org/abs/1710.03740.[43] High-Resolution Image Synthesis with Latent Diffusion Models.https://arxiv.org/abs/2112.10752.[44] Training Deep Nets with Sublinear Memory Cost.https://arxiv.org/abs/1604.06174.[45] Automatic Mixed Precision.https://pytorch.org/tutorials/recipes/recipes/amp_recipe.html.[46] Model parallelism.https://huggingface.co/docs/transformers/v4.17.0/en/parallelism.[47] Paradigms of Parallelism.https://colossalai.org/docs/concepts/paradigms_of_parallelism/.[48] Tensor Parallelism tutorial.https://pytorch.org/tutorials/intermediate/TP_tutorial.html.[49] ZeRO: Memory Optimizations Toward Training Trillion Parameter Models.https://arxiv.org/abs/1910.02054.[50] Introducing PyTorch Fully Sharded Data Parallel (FSDP) API.https://pytorch.org/blog/introducing-pytorch-fully-sharded-data-parallel-api/.[51] Beam search.https://en.wikipedia.org/wiki/Beam_search.[52] Top-k sampling.https://docs.cohere.com/docs/controlling-generation-with-top-k-top-p.[53] Model monitoring for ML in production.https://www.evidentlyai.com/ml-in-production/model-monitoring.


Chapter 02
Gmail Smart Compose
Introduction
Gmail's Smart Compose feature [1] assists users by suggesting the next few words as they write an email. This chapter explores this feature and examines the Transformer architecture that powers most generative systems.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate:Different users might have different writing styles. Is the system expected to make personalized suggestions?Interviewer:For simplicity, let's not include personalization.
Candidate:Should the system suggest the next few words only when it is confident in its prediction?Interviewer:Yes.
Candidate:The email dataset must be sufficiently large to train a model. Do we know the approximate size of the data?Interviewer:Assume our dataset consists of around one billion email messages.
Candidate:There are different parts of data to utilize when making suggestions. For example, a user's past emails or the subject of the current email. To keep it simple, can I only utilize the email's body as the context?Interviewer:Good point. In practice, though, we use more than what the user has typed in the current email. Let's start by using the body of the email. If we have more time, we can expand the context to include other relevant information.
Candidate:What languages should the system support?Interviewer:Let's begin with English.
Candidate:Do we need to ensure the system is not biased?Interviewer:This is an important requirement for this system. The system should not make biased assumptions in providing its suggestions.
Candidate:How many active users does Gmail have? Is the computing cost a concern in this feature?Interviewer:Gmail has about 1.8 billion users, and a single user can send as many as 500 emails in a day. We do care about the computing costs, but let's focus on developing the system first. We can optimize for efficiency in future iterations.
Candidate:Should the system make real-time suggestions?Interviewer:Yes. The expected latency should be imperceptible; something around 100 milliseconds should be fine.
Frame the Problem as an ML Task
In this section, we frame the Smart Compose feature as an ML task. This requires us to understand the system's inputs and outputs and choose a suitable ML approach for learning the task.
Specifying the system's input and output
The input to the model is a sequence of words typed by the user. The output is a continuation of that sequence. The model generates the words that the user is likely to type next.
Choosing a suitable ML approach
Smart Compose generates textual content, so we categorize it as a text generation task. Various ML architectures are designed to process sequential data, which is essential for text generation. Two popular architectures are recurrent neural networks (RNNs) [2] and Transformers [3].
Transformers provide several advantages over RNNs, with two main benefits being:
Parallelism:In an RNN, computations from one time step are carried forward and used in the next, creating a time-dependent chain of operations. Transformers, on the other hand, can process all input tokens simultaneously through their self-attention mechanism.
Better handling of long sequences:Transformers use self-attention mechanisms to focus on any part of a sequence, regardless of distance. In contrast, RNNs, struggle with long-range dependencies because of their sequential structure and the vanishing gradient problem.
Due to these advantages, Transformers have shown outstanding performance in text generation tasks and are, thus, used in most generative systems nowadays. Therefore, we chose Transformers to build the Smart Compose feature.
Table 1: Comparison of RNN and Transformer architecturesWhile Transformers are more parallelizable due to their lack of strict sequential dependencies, their self-attention mechanism has a computational complexity ofO(n2)O(n^2)O(n2), wherennnis the sequence length. This complexity arises because the self-attention mechanism requires the calculation of attention scores between every pair of tokens in the sequence. Various techniques are introduced to reduce the complexity of attention. To learn more, refer to Group Attention [6] and Flash Attention [7].Data PreparationDuring the data preparation step, we convert raw data into the format expected by the ML model. First, let's briefly review the available data.Two sources of data are available for training our model: general data and email data. General data includes publicly available text from sources such as books, websites, and social media posts. This data is important for training language models because it contains diverse vocabulary, syntax, and contexts.The email data, as specified in the requirements, consists of one billion email messages. This data is crucial for the model to learn email writing styles and common phrases used in emails. Table 2 shows a simplified example of email data. In practice, more metadata is stored for each email message.Email IDSenderRecipientSubjectBody4953john@gmail.commike@yahoo.comCatchup?Hey Mike, let's catch up this Sat. …9356kkart@gmail.comcs382@stanford.eduProject DeadlineHi TA, I hope you are well. I am writing to you to …Table 2: Example of email dataRaw text in both general data and email data is often noisy and inconsistent, which can degrade the model performance. Additionally, ML models require data to be in a numerical format. For these reasons, raw text has to be prepared using the following two key steps:Text cleaning and normalizationText tokenization and token indexingText cleaning and normalizationText cleaningText cleaning removes unnecessary or irrelevant information. Common methods include:Remove non-English text:Use language identification [8] methods such as [9] to identify and remove non-English text from general and email data.Remove confidential information:Emails may contain confidential information such as phone and credit card numbers. These details must be removed to prevent the model from learning or exposing them later. We replace personal names, URLs, email addresses, and phone numbers with placeholder characters. For example, replace "john@gmail.com" with "##@gmail.com."Remove irrelevant characters or symbols:Remove unnecessary or irrelevant characters and symbols that do not contribute to the meaning. For example, symbols such as "©," "™," or emojis are removed, as they do not typically change the meaning of text.Remove duplicated data:Duplicate data refers to identical text from different sources that appear multiple times in the dataset. We remove duplicates to prevent the model from becoming biased and skewing the model's learning process.Text normalizationText normalization transforms text into a consistent format. For example, it converts different ways of writing a phone number—such as "(123) 456-7890," "123.456.7890," and "123-456-7890"—into a standard format, for example, "1234567890." Text normalization ensures consistency and reduces complexity in text data.Next, we convert the raw text into a sequence of numbers through text tokenization and token indexing.Text tokenization and token indexingText tokenization followed by token indexing converts the raw text into a format the Transformer model expects: a sequence of numbers.Let's examine each step in more detail.Text tokenizationText tokenization is the process of splitting text into smaller units called tokens. Figure 5 shows how OpenAI's GPT-4 tokenizes the sentence "Let's go to NYC".1Tokenization can be performed at different levels. For example, "Hello world" can be split into ["Hello", "world"] or ["H", "e", "l", "l", "o", " ", "w", "o", "r", "l", "d"]. Generally, tokenization algorithms are divided into three categories:Character-level tokenizationWord-level tokenizationSubword-level tokenizationUnderstanding each tokenization category and its pros and cons is crucial in most ML interviews. Let's delve into them.Character-level tokenizationCharacter-level tokenization breaks text down into a set of characters. It is simple to implement, but difficult for the model to learn meaningful representations for each token. For example, it's harder to learn a meaningful representation for the letter "g" than for the word "go," because "go" has a clear meaning, whereas "g" does not. Because of this, character-level tokenization often results in a loss of performance.Word-level tokenizationWord-level tokenization breaks text into individual words. While there are different algorithms for word-level tokenization, a simple algorithm is to split the text using its whitespaces.The advantage of word-level tokenization is that it is simpler for the model to learn meaningful representations for each token. However, the main disadvantage of word-level tokenization is that it typically leads to a very large vocabulary size. For example, Transformer-XL [10] uses a word-level tokenizer, resulting in a vocabulary of 267,735 tokens. A large vocabulary size is problematic because the model has to learn representations for hundreds of thousands of tokens. This makes the training time-consuming and, therefore, more costly to train than character-level tokenization.Let's examine subword-level tokenization which offers a balance between word-level and character-level tokenization.Subword-level tokenizationSubword-level tokenization splits text into smaller units called subwords. It is based on the principle that a frequently used word should not be split into smaller subwords, but a rare word should be split into smaller meaningful subwords. For example, "unhappily" might be considered a rare word and thus be split into "unhappy" and "ly." Both "unhappy" and "ly" are more frequently used in text data, making it easier for the model to learn a meaningful representation for each.While subword-level tokenization can be complex to implement, it has several benefits. First, it leads to a manageable vocabulary size, thus reducing the cost of the model learning representations for each subword. Second, subword-level tokenization allows the model to represent unfamiliar words by decomposing them into known subwords.Table 3 below compares the characteristics of the three tokenization categories.CharacteristicsCharacter-levelWord-levelSubword-levelGranularityIndividual charactersIndividual wordsSubwordsVocabulary sizeSmallLargeModerateAlgorithm complexitySimpleSimpleComplexHandling unseen wordsDecomposes unseen words into charactersCannot easily handle unseen wordsDecomposes unseen words into known subwordsVocabulary size~100~300,000+~50,000–150,000PerformancePoor performanceHigh performance but not practicalHigh performance and practicalTable 3: Comparison between different tokenization categoriesWhich tokenization is suitable for the Smart Compose feature?Most state-of-the-art language models use subword-level tokenization algorithms such as Byte-Pair Encoding (BPE) [11] and SentencePiece [12]. These algorithms are more efficient and can effectively handle multiple languages. For example, OpenAI's GPT-4 uses a variant of BPE [13], and Google's Gemini uses SentencePiece [14].Given the effectiveness of subword-level tokenization, we use it as the text tokenizer for the Smart Compose feature. We rely on popular Python libraries such as Tiktoken [13] by OpenAI or SentencePiece [15] by Google to perform text tokenization. These libraries are implemented reliably and they support various tokenization algorithms.In Chapter 3, we will dive into BPE and explore its algorithms. To learn more about subword-level tokenization algorithms, refer to [16].Token indexingToken indexing is the process of converting textual tokens into integer numbers.To prepare for token indexing, the tokenization algorithm first builds a vocabulary—a collection of all unique tokens—from the training text data and then stores it in a table. Figure 9 shows examples of vocabularies for different tokenization categories. The order and ID values are chosen arbitrarily for demonstration purposes.Once the tokenization algorithm has built the vocabulary, we can convert any token into a number and any number back into a token. Figure 10 shows token indexing using the GPT-4 vocabulary [17].To summarize the data preparation step, we first clean and normalize the text data to ensure high-quality, consistent text in our training data. Next, we use a subword-level tokenization algorithm such as BPE to tokenize the text into textual tokens (subwords) and then replace each token with its numerical index. These steps ensure our training data is now represented in a numerical format that the ML model can use.Model DevelopmentThe Smart Compose feature is a text generation task in which a Transformer model predicts how email sentences are likely to be completed. In this section, we explore the details of the Transformer architecture, training strategies, and sampling methods to develop the text generation model.ArchitectureThe Transformer architecture, introduced in the paper "Attention Is All You Need" [3], is designed to process sequences. This makes it ideal for tasks that require understanding a text and the relationships between its words. For example, in the Smart Compose feature, the model processes the sequence of words already entered by the user so it can suggest the next words.Transformers have three primary variations:Encoder-onlyDecoder-onlyEncoder-decoderEach variation has minor architectural differences that make them suitable for specific tasks. Let's briefly explore each variation and its applications.Encoder-onlyAn encoder-only Transformer is used for tasks that require understanding the overall meaning of a text. It processes the input sequence as a whole and makes predictions about it. For instance, in a sentiment analysis task, an encoder-only Transformer predicts the sentiment of the input sentence.Encoder-only Transformers are commonly used for tasks such as sentence classification and named entity recognition, which focus on understanding the input rather than generating new content. Google's BERT [18] is a well-known example of an encoder-only Transformer. However, these models are not typically used to generate new sequences. Decoder-only Transformers, on the other, are specifically designed for that purpose.Decoder-onlyA decoder-only Transformer processes the input sequence and generates a new sequence iteratively.Decoder-only Transformers are widely used in generative tasks including text generation, where the model generates a sequence one token at a time based on the previously generated tokens. Most large language models (LLMs), such as OpenAI's GPT-4 [19], Meta's LLaMA [20], and Google's Gemini [14], are based on a decoder-only Transformer.Encoder-decoderThe encoder-decoder architecture utilizes both encoder-only and decoder-only Transformers. An encoder component processes the input sequence and a decoder uses that processed information to generate the output sequence.An encoder-decoder Transformer is particularly suited for tasks where the output is a transformation of the input. For example, in a language translation task, the input sentence in one language is transformed into an equivalent sentence in another language. We'll examine this architecture in Chapter 3.Figure 14 below shows commonly used models that employ different variations of Transformers.Which Transformer variation is suitable for the Smart Compose feature?The choice between encoder-only, decoder-only, and encoder-decoder Transformer models depends on whether the nature of the task is generation or understanding. Smart Compose is a text generation task that aims to complete a partially written text. Therefore, a decoder-only Transformer is ideal for this task due to its ability to generate text based on a given sequence.ML system design interviews typically focus on high-level concepts and component interactions rather than architectural details. We'll provide a brief overview of the Transformer architecture without going too deep. For a deeper understanding of Transformer architectures, refer to [21] and [22].A decoder-only Transformer consists of the following components:Text embeddingPositional encodingTransformerPrediction headText embeddingThe text embedding component converts each token ID into a fixed-length vector called an "embedding." Embeddings are typically stored in a table, as shown in Figure 15, and learned during the training process.The text embedding is crucial in a decoder-only Transformer. Let's understand why.During data preparation, we tokenized the text and converted tokens to IDs. However, there are two significant limitations in how the text is represented:Sparsity:The vocabulary typically includes tens of thousands of token IDs. Representing these IDs using one-hot encoding results in sparse, high-dimensional data, which is inefficient.Lack of semantic information:Token IDs are arbitrary and do not capture any relationships between words. For example, the words "happy" and "joyful" might be close in meaning, but their token IDs may not reflect this similarity.The text embedding component addresses both of these limitations by converting token IDs into learned embeddings. Since the embeddings are dense vectors in a lower-dimensional space, sparsity is no longer a concern.In addition, since the embeddings are learned during model training, they capture semantic meanings. For example, the embeddings for "happy" and "joyful" will be closer together in the embedding space than those for "happy" and "sad," as shown in Figure 16.Positional encodingTransformers do not inherently consider the order of input tokens. If we look at the formula for attention,am, n=exp(qmknd)j=1Nexp(qmknd),we see that it is permutation-invariant, meaning the attention mechanism doesn't account for token positions in the sequence. For instance, the Transformer cannot differentiate between "initialize the variable, then use it" and "use the variable, then initialize it." This impacts the model's ability to understand or generate coherent text.To overcome this limitation, positional encoding provides the Transformer with position information for each token in the input sequence. Without positional encoding, the model treats the input sequence as a bag of words, which is problematic. With positional encoding, each token's position is encoded using a positional encoding function,pi=f(i),wheref(⋅)f(⋅)f(⋅)is the positional encoding function andiiiis the position of the token. This allows the model to distinguish betweenuse the variable, then initialize it'' andinitialize the variable, then use it."Positional encoding can be achieved through two common methods:Fixed positional encodingLearned positional encodingFixed positional encodingThis method uses a fixed function to map a position (an integer) to a fixed-size vector. The original Transformer paper introduced the sine-cosine function at different frequencies as its positional encoding function.Figure 19 illustrates an example of sine-cosine positional encoding, showing vector representations for four different positions. For simplicity, this example uses a vector dimension of four. In practice, this dimensionality typically matches that of the token embeddings so they can be added together (see Figure 17).Let's take a look at the pros and cons of fixed positional encoding.Pros:Efficiency:Fixed encodings do not add extra trainable parameters to the model. This makes them computationally more efficient.Support for long sequences:Fixed methods can map any position into a representation. This flexibility allows the model to handle longer sequences beyond the model's training data.Cons:Predefined limits:Some fixed encoding methods require a predefined maximum position, thus limiting their applicability to sequences below that maximum.Suboptimal performance:In certain tasks, fixed encodings may not capture the positional relationships as effectively as learned methods. This can lead to suboptimal performance.Learned positional encodingIn this method, the positional representations are learned during the training process. Specifically, a weight matrixP∈RN×dP \in \mathbb{R}^{N \times d}P∈RN×dis initialized, whereNNNis the maximum sequence length anddddis the dimensionality of the embeddings. This matrixPPPis treated as a trainable parameter, and it is optimized alongside the model's other parameters.Learned positional encoding has the following pros and cons.Pros:Optimal performance:Since the embeddings are learned based on the training data, learned positional encoding can lead to optimal position representation for the specific task.Cons:Inefficiency:Requires additional parameters to be learned during the training, which can increase the training time and computational cost.Lack of generalization:Learned embeddings may overfit to specific sequence lengths seen during training. If the model mainly sees sequences of a certain length during training, it may not effectively represent other positions. This affects the model's ability to generalize across diverse positions.In summary, the choice between learned and fixed positional encodings depends on the constraints of the task, including the expected variability in sequence lengths. Some papers, including the original Transformer paper, employ fixed positional encoding due to its efficiency and better generalization. Following that, we employ fixed positional encoding, such as sine-cosine encoding, to train the Smart Compose feature.TransformerThe Transformer component takes a sequence of embeddings as input and transforms them into an updated sequence of embeddings.The Transformer architecture consists of a stack of blocks. Each block contains the following:Multi-head attention:This layer updates each embedding by using the attention mechanism. The attention mechanism captures the relationships in the sequence by allowing each embedding to attend to its preceding embeddings. Due to the nature of its mechanism, multi-head attention is commonly known as self-attention, a term we'll use throughout the rest of this book.Feed forward:This layer applies two linear transformations, with a ReLU activation in between, to each embedding in the sequence independently.Transformer architecture includes details such as residual connections, layer normalization, and dropout layers. For a deep understanding of these components, refer to the paper "Attention Is All You Need" [3] and [21].Prediction headThe prediction head—the final component in a decoder-only Transformer—translates the Transformer's output into probabilities for every token in the vocabulary (Figure 22). These probabilities are used to choose the most likely next token.TrainingTraining adjusts the decoder-only Transformer's parameters using email data. Once the training process is complete, the model can suggest likely completions.However, directly training the model on a task-specific dataset, such as email data, is not a good strategy. This direct training has several challenges:Lack of large training data:Task-specific datasets are usually limited in size. This limitation can hinder the model's ability to learn effectively.Risk of overfitting:When a model is trained on a task-specific dataset, it runs a high risk of overfitting. Overfitting occurs when a model memorizes the training data to the extent that it cannot generalize to unseen data.Expensive and lengthy training:Training a large model from scratch requires significant computational resources and time. This is because the model has to learn different aspects of language, which is a complex and resource-intensive process.To address the above issues, a two-stage training strategy is commonly employed: pretraining, followed by finetuning. In the pretraining stage, the model is trained on a large amount of general data to learn the structure of the language. In the finetuning stage, the pretrained model is then finetuned on data specific to the task at hand (e.g., email completion).This two-stage strategy harnesses a form of transfer learning, as the general knowledge gained during the pretraining stage is transferred to the finetuning stage. This transfer is beneficial because the model doesn't have to start from scratch when learning a new task. Instead, it adjusts its pretrained weights, which is more efficient.Let's take a closer look at each stage and examine the necessary training data, ML objectives, and loss functions for each.1. PretrainingPretraining involves training a model on a large volume of general text data. This data is usually diverse, covering a wide range of topics and language structures. The purpose of pretraining is to develop a model capable of understanding natural language, including syntax, common knowledge, and language structures.Pretraining dataThe pretraining data for this stage usually consists of a large volume of general text data from various sources on the web, such as web pages, books, and social media. For example, Common Crawl [23] is a publicly available dataset collected by crawling a large number of web pages on the Internet. It contains petabytes of data that have been regularly collected since 2008.ML objective and loss functionAn ML objective refers to the formalized goal that a training process aims to achieve. In the case of text generation, the most commonly used ML objective is "next-token prediction." In this ML objective, the model is tasked with predicting the next token given a sequence of previous tokens. For example, in the sentence "I hope you are __," the model should predict a high probability for "well" as the next token.Next-token prediction is well suited for text generation tasks because, after the training process, the model can construct sentences incrementally. For example, given the input “I ordered food because I,” the model might predictwas'' as the next word. Subsequently, this process repeats with the new sequenceI ordered food because I was,'' leading to the next prediction, perhaps, ``hungry.'' This iterative process continues until the model predicts “⟨\langle⟨EOS⟩\rangle⟩,” a special token that indicates the end of the sequence. Figure 25 shows the incremental process of generating text using next-token prediction.To optimize the model for correctly predicting the next token, we define a loss function to guide the training process. Cross-entropy loss [24] is a commonly used loss function for the next-token prediction objective. This loss function measures the differences between the predicted probabilities and the correct token. This loss allows the optimizer to update the model's parameters to produce more accurate probabilities in the future.In practice, the model processes all token lengths within a sequence in parallel. This allows it to compute the loss for each token position simultaneously. Parallelizing this step speeds up training by handling multiple tokens at once, instead of sequentially.2. FinetuningFinetuning involves adapting the base model from the pretraining stage to a specific task such as email completion. This stage focuses on making the model proficient at a particular task by training it on a smaller, task-specific dataset. During finetuning, the model retains its language understanding from the pretraining stage but adapts to the nuances of the task.Finetuning dataWe use a dataset of approximately one billion email conversations, as specified in the requirements section. This data includes various email formats, both formal and informal tones, and specific vocabularies that are more common in email conversations.ML objective and loss functionIn the finetuning stage, both the ML objective and loss function remain unchanged. The ML objective is next-token prediction, and the cross-entropy loss function guides the training process. The only difference from the pretraining stage is that the loss is calculated based on email data, focusing on predicting the next token in an email context.However, relying on the email's body as the sole input is not very effective, because it is not always possible to predict the next token this way. Imagine a user who wants to reply to an email from John. When the user types "Dear," the model should, ideally, suggest "John." However, if that information is not provided as input, the model cannot predict "John" as the likely next token.To address this limitation, we include more information in the input. For example, we can use the email's subject, the recipient, and previous emails, if available. This adds depth to the context and helps the model make more relevant predictions.Combining various inputsIn traditional ML, the model's architecture typically depends on the type of data it processes. This requires customized preprocessing and feature engineering for different data types like text, images, or tables.In the era of GenAI, however, the model architecture is often decoupled from the input structure. This decoupling increases flexibility, allowing the same model architecture to handle diverse inputs with a unified architecture, thus streamlining development and enhancing the versatility of GenAI systems. This decoupling is done through techniques like prompt engineering [25]. In Chapter 6, we examine prompt engineering in detail.To combine various inputs in Gmail Smart Compose, as shown in Figure 31, we combine multiple text inputs into one sequence with tags using a prompt template. We don't need to worry about missing optional fields if our training set includes such examples. The model handles various input combinations regardless of whether they include all details or only partial information. This flexibility demonstrates the model's robust design, allowing it to generate contextually appropriate outputs even with incomplete inputs. By including diverse scenarios in the training data, we ensure the model generalizes well across different input structures and still produces reliable results.The benefits of two-stage trainingThe two-stage training strategy has several benefits, including:Adaptability:The same base model obtained from the pretraining stage can be adapted for different tasks.Improved generalization:Pretraining on large and diverse text data enables the model to develop a broad understanding of language. This helps to generalize better to various tasks.Fast finetuning:The model learns general knowledge during the pretraining stage. This makes the subsequent finetuning process faster.Handling data scarcity:For tasks where large datasets are unavailable, the knowledge gained during pretraining can compensate for this lack of data. This allows the model to perform well even with limited task-specific data.Mitigating overfitting:If we train a model from scratch on a smaller, task-specific dataset, there is a risk it will overfit. In two-stage training, pretraining acts as regularization. The model first learns to understand language broadly before focusing on the specifics of a particular task.Resource optimization:By separating the training process into two stages, we perform the computationally expensive pretraining once and can reuse the same model to adapt to different tasks. This reduces computational costs since we do not need to repeat the pretraining stage for each task.SamplingGenerative models are trained to capture the underlying distribution of the training data. Once trained, these models can generate new samples that are similar to the data they were trained on. Sampling is the process of using a trained generative model to generate new data.In the context of Smart Compose, sampling involves generating a likely email completion given the user’s partial email body and other relevant information. As Figure 32 shows, sampling is achieved by generating tokens one at a time. For example, when “Hi Alex, does today” is given to the model, the “work” token is selected as the next token based on the predicted probabilities. Next, “Hi Alex, does today work” is provided to the model as input, and the “for” token is chosen as the next token. This process continues until the model predicts the⟨\langle⟨EOS⟩\rangle⟩token.There are primarily two types of strategies to generate new text in generative models: deterministic and stochastic. Let's have a look at each.DeterministicDeterministic methods generate text in a deterministic way, that is, without randomness or variability in the output. For example, at each step of token generation, the model selects the token with the highest probability from the predicted distribution. This method ensures that the generated text will always be the same for a given input, thus providing consistency and reproducibility. Figure 33 illustrates "greedy search," a simple deterministic method to generate text by iteratively choosing the next token based on the highest predicted probability.Pros:Consistency:The generated text is always the same for the same input – a desirable property for systems requiring predictable results.Predictable outputs: Fewer surprising outputs are generated because it always chooses the most probable token at each iteration.Cons:Lack of diversity:The model may miss less probable but more interesting tokens; thus, there will be less creativity in the generated text. For example, when generating a story, the model always choose the most common phrases, resulting in a predictable but less interesting narrative.Repetitive text:The text may become repetitive, as the same high-probability token is always selected. For example, if the model generates a lengthy article, it might repeatedly use certain phrases. A real example of this is shown in Figure 34.Stochastic samplingStochastic sampling methods introduce randomness into the generation process. For example, at each step of token generation, the model samples from the predicted distribution based on the probabilities assigned to each token. This means that each time text is generated, even with the same initial inputs, the generated text may vary.Figure 35 shows two instances of sampling using the same initial token "How." The first time, the sequence of generated tokens leads to "How are you,"; the second time, a different sequence is generated using the same initial token due to the randomness inherent in sampling.Pros:Diversity:The presence of randomness allows for more varied outputs, which is particularly useful in applications such as dialogue generation.Novelty:By sampling from the distribution, the model can explore less probable but potentially more interesting tokens, thus resulting in creativity and novel outputs.Cons:Inconsistency:The output may vary each time a text is generated. This is less suitable for applications that require precise, repeatable results.Unexpected outputs:The randomness can lead to unexpected variations in the generated text, which might be inappropriate.Which generation method is suitable for the Smart Compose feature?For Smart Compose, deterministic methods are preferred for several reasons:Consistency:Consistency in generated text is crucial for applications such as email completion, for which users expect predictable and reliable suggestions. Utilizing a deterministic method means that users won't see dramatically different suggestions each time they begin to type the same thing.Better handling of common phrases:Deterministic methods are typically preferred in an email context, as more likely completions are prioritized over the novelty that stochastic methods offer.Reduced risk of inappropriate suggestions:Stochastic methods might occasionally generate inappropriate suggestions due to their inherent randomness. This behavior is not desired in an email completion feature.These reasons highlight why deterministic methods are preferred in applications requiring consistency such as email completion. Now that we have chosen deterministic text generation, let's examine two primary algorithms:Greedy searchBeam searchGreedy searchGreedy search is the simplest deterministic algorithm. It always selects the token with the highest probability as the next token. As was shown in Figure 34, greedy search can lead to repetitive patterns in the generated text. This occurs because it follows a narrow path based on the highest probability tokens without considering alternative paths that might lead to more coherent sentences. Due to this limitation, greedy search is rarely used in practice.Beam searchBeam search [26] is a popular deterministic algorithm for generating text from a trained model. The core idea is to track multiple potential sequences of tokens simultaneously. At each step, the model calculates the probabilities for the next possible tokens for each sequence and selects the "top-k" most probable sequences. The value of k, known as beam width, is configurable.Here is a brief step-by-step process for generating text using beam search assuming a beam width of 3:Initialization:Start with the user's partial email as the input to the trained model. The model predicts the probability distribution for the next token. Beam search selects the top three tokens with the highest probabilities.Expansion:For each top three sequence, pass it to the model and obtain the probabilities of the next token.Pruning:Select the top three sequences based on their cumulative probabilities.The expansion and pruning steps are repeated until all three potential sentences reach the⟨\langle⟨EOS⟩\rangle⟩token or a maximum length. Once the beam search algorithm has stopped, we select the sequence with the highest cumulative probability as the output.Beam search is effective in practice since it tracks several potential sequences simultaneously instead of the most probable sequence. However, beam search has two main drawbacks:Limited diversity:Beam search often leads to similar outputs, which is not ideal for applications requiring diverse responses.Struggle with long sequences:Beam search struggles with longer sequences because tracking too many sequences simultaneously can become computationally expensive.The suggestions made by the Smart Compose feature are typically short; hence, capturing long-range dependencies is less critical. In addition, diversity in the email completions is not desired. For these reasons, we choose beam search as the primary sampling algorithm for generating suggestions.EvaluationEvaluation is essential in ML system design interviews. Interviewers will check if candidates can effectively test and validate the ML system they design. An ideal answer should cover both online and offline evaluations and discuss popular metrics for measuring a model's performance in each setting.Let's explore some common metrics for evaluating the Smart Compose feature.Offline evaluation metricsOffline evaluation uses pre-collected and historical data to evaluate a model's performance. Its purpose is to ensure the model's performance is acceptable before deploying it to production. For example, we test a recommendation system on historical user interaction data to see how well it predicts user preferences. Similarly, we evaluate the performance of our trained model for the Smart Compose feature using historical email data. Two commonly used metrics are:PerplexityExactMatch@NPerplexityPerplexity [27] is a standard metric used extensively in the offline evaluation of language models. This metric measures how accurately the model predicts the exact sequence of tokens present in text data. In mathematical terms, perplexity is defined as the exponential of the average "negative log-likelihood" of the predicted probability given the previous tokens in a sequence:In this equation:XXXis a tokenized sequence(x1,x2,⋯,xN)\left(x_1, x_2, \cdots, x_N\right)(x1​,x2​,⋯,xN​)in the text data that is used to evaluate how accurately the model predicts the sequence.NNNis the number of tokens in the sequence.P(xi∣x1:i−1)P\left(x_i \mid x_{1: i-1}\right)P(xi​∣x1:i−1​)is the conditional probability of theiii-th token given the preceding tokens,x1:i−1x_{1: i-1}x1:i−1​, that is, how likely the model is to predict theiii-th token given the previous tokens.Figure 38 illustrates a concrete example to better understand perplexity.A lower perplexity value indicates that the model has assigned higher probabilities, on average, to the tokens that appear in the text data. Therefore, a lower perplexity means the model is better at predicting the next tokens.ExactMatch@NExactMatch@N measures the percentage of generated phrases that are exactly N words long and that match the first N words of the ground-truth text. Figure 39 shows ExactMatch@3 calculations for three generated sequences. In practice, there are usually more than three sequences to evaluate.Calculating ExactMatch@N for different values of N allows us to measure how the model performs at different suggestion lengths. To measure the overall performance of the model, we calculate the ExactMatch for all lengths up to a specific length and then take the average.While Perplexity and ExactMatch@N have traditionally been used to evaluate Gmail Smart Compose, other metrics such as BLEU score and ROUGE-N, introduced more recently, have been found to be helpful. We examine these metrics in more detail in Chapter 3.Online evaluation metricsOnline evaluation measures how a model performs in real time as users interact with the system. To evaluate the Smart Compose feature in an online environment, we use additional metrics beyond Perplexity and ExactMatch@N. These online metrics measure user engagement, the model's latency, and the overall impact on user experience.Unlike offline metrics, which are usually standard, online evaluation metrics are defined based on specific requirements and needs. Companies often use hundreds of metrics for online evaluation. However, in an interview setting, we typically discuss the most common ones. In this section, we focus on the following metrics:User engagement metricsEffectiveness metricsLatency metricsQuality metricsUser engagement metricsAcceptance rate:The percentage of suggestions made by the Smart Compose feature that are accepted by users. A higher acceptance rate indicates that the suggestions are relevant and useful to users.Usage rate:The percentage of all composed emails that have utilized the Smart Compose feature. High usage rates typically indicate that users trust the feature.Effectiveness metricsAverage completion time:Tracks the average time taken by users to compose emails with and without the aid of Smart Compose. A reduced average completion time using Smart Compose will indicate that the feature is speeding up the email writing process.Latency metricsSystem response time:Measures the time it takes for the Smart Compose suggestions to appear after the user begins typing. It's important to ensure this metric stays below a certain threshold so the suggestions are made before the user types them.Quality metricsFeedback rate:Measures the rate at which users provide feedback on the suggestions. Feedback is helpful for continuous improvement of the system.Human evaluation:Qualitative assessments through user studies are employed to evaluate the usefulness of suggestions. This metric reflects user satisfaction with the Smart Compose feature.These online metrics are essential for evaluating how well Smart Compose feature works in production. By monitoring these metrics, the stakeholders can obtain a holistic view of feature's performance.Overall ML System DesignIn this section, we propose a design for a simplified Smart Compose feature.When designing such a feature, we should consider more than just the underlying model that predicts the next token. The system's effectiveness depends on various components working together to ensure the system is responsive, generates relevant suggestions, and maintains ethical standards. For the Smart Compose feature, we examine the following key components:Triggering servicePhrase generatorPost-processing serviceLet's explore each in more detail.Triggering serviceThe triggering service activates the Smart Compose feature by monitoring user activity such as keystrokes. It decides when to activate the feature based on criteria such as the number of characters typed or the entering of specific keywords in the text. For example, if a user types "I," the service might not activate Smart Compose because it's too early to predict the user's intent. However, if the user types "I hope," the service will activate Smart Compose, as the additional context allows for more useful suggestions.The triggering service ensures suggestions are not too frequent. Once the service determines that activating the Smart Compose feature will be useful, it triggers the phrase generator component, which we discuss next.Phrase generatorThe phrase generator is the core of the Smart Compose feature. It generates the most likely completion based on the partial text the user has already typed.To achieve this, the phrase generator interacts with the trained model and employs beam search to generate the top-k most probable completions. Each completion ends with the⟨\langle⟨EOS⟩\rangle⟩token and an associated score that indicates how confident the model is about the completion.Given the possible completions, two critical considerations are necessary:Removing long suggestionsRemoving low-confidence suggestionsRemoving long suggestionsAs shorter suggestions are easier for the author to read as they are typing, we remove suggested phrases that are too long. For example, if a user types "Can you please," the phrase generator might suggest "help me with this?" Longer suggestions, such as "help me with this project that is due next week," will be too specific and, therefore, less likely to predict what the author intends to write.Removing low-confidence suggestionsWe remove suggestions with confidence scores below a certain threshold. This ensures we do not present suggestions if the model is not confident enough about it.Finally, if the final list of suggestions is not empty, the phrase generator will pass the one with the highest confidence score to the post-processing service.Post-processing serviceThe post-processing service addresses potential biases before suggestions are presented to the user. This component follows predefined rules to detect and correct bias efficiently. Common strategies to achieve this include:Pronoun replacement:Replace gender-specific pronouns to ensure neutrality. For example, "he" or "she" might be replaced with "they" in contexts where gender is not specified.Gender-neutral word replacement:Replace gendered words with gender-neutral alternatives where appropriate. This includes changing words like "chairman" to "chairperson" or "policeman" to "police officer."Lexical analysis for sensitive terms:Use a predefined list of flagged terms that, if identified, can be replaced with neutral alternatives. For example, terms that might imply age, race, or disability biases are adjusted to ensure the suggestions will be perceived as respectful and neutral.NSFW (Not Safe For Work) content filtering: Implement automated filters that scan for and flag explicit language. These filters use predefined lists of NSFW keywords, phrases, and patterns to detect and remove problematic content.By implementing these rules, the post-processing service maintains ethical standards in the Smart Compose feature, thus ensuring that the suggestions provided are relevant, respectful, and inclusive.Here is a brief step-by-step workflow of the overall ML system employed by the Smart Compose feature:Monitoring:The triggering service monitors the user's activity as they type.Triggerring:The service triggers the phrase generator once it identifies specific patterns.Beam search:The phrase generator employs beam search to get top-k potential completions from the trained model.Filtering:The phrase generator interacts with the filtering component to remove long suggestions and those with low confidence scores.Post-processing:The completion with the highest score is picked and passed to the post-processing service. The service replaces gender-specific pronouns and adjusts sensitive terms.Display suggestion:The suggestion is displayed to the user for their consideration.Other Talking PointsIf there's extra time at the end of the interview, you may face follow-up questions or be asked to discuss advanced topics. This depends on factors such as the interviewer's preference, your expertise, and the requirements of the role. For senior roles, here are some topics you should prepare for:Supporting Smart Compose in multiple languages [28].Personalizing suggestions [28].Incorporating additional context for better predictions [28].Understanding how different tokenization algorithms work, such as BPE [11], SentencePiece [12], and WordPiece [29].Understanding different ML objectives such as masked language modeling (MLM) and its variations [18].The multi-token prediction objective and its pros and cons [30].Balancing quality and inference latency [28].SummaryReference Material[1] Gmail's Smart Compose feature.https://research.google/pubs/gmail-smart-compose-real-time-assisted-writing/.[2] Fundamentals of Recurrent Neural Network.https://arxiv.org/abs/1808.03314.[3] Attention Is All You Need.https://arxiv.org/abs/1706.03762.[4] Gated recurrent unit.https://en.wikipedia.org/wiki/Gated_recurrent_unit.[5] Long Short-Term Memory.https://deeplearning.cs.cmu.edu/F23/document/readings/LSTM.pdf.[6] RITA: Group Attention is All You Need for Timeseries Analytics.https://arxiv.org/abs/2306.01926.[7] FlashAttention: Fast and Memory-Efficient Exact Attention with IO-Awareness.https://arxiv.org/abs/2205.14135.[8] Language identification.https://en.wikipedia.org/wiki/Language_identification.[9] FastText model for language identification.https://huggingface.co/facebook/fasttext-language-identification.[10] Transformer-XL.https://arxiv.org/abs/1901.02860.[11] Byte-Pair Encoding tokenization.https://huggingface.co/learn/nlp-course/en/chapter6/5.[12] SentencePiece tokenization.https://arxiv.org/abs/1808.06226.[13] Tiktoken library.https://github.com/openai/tiktoken.[14] Google's Gemini.https://gemini.google.com/.[15] SentencePiece library.https://github.com/google/sentencepiece.[16] Summary of tokenizers.https://huggingface.co/docs/transformers/en/tokenizer_summary.[17] OpenAI's tokenizers.https://tiktokenizer.vercel.app/?model=gpt-4-1106-preview.[18] BERT.https://arxiv.org/abs/1810.04805.[19] OpenAI's models.https://platform.openai.com/docs/models.[20] Meta's LLaMA.https://llama.meta.com/.[21] Introduction to Transformers by Andrej Karpathy.https://www.youtube.com/watch?v=XfpMkf4rD6E.[22] Transformer visualized.https://jalammar.github.io/illustrated-transformer/.[23] Common Crawl.https://commoncrawl.org/.[24] Cross-entropy.https://en.wikipedia.org/wiki/Cross-entropy.[25] Prompt engineering.https://platform.openai.com/docs/guides/prompt-engineering.[26] Beam search.https://en.wikipedia.org/wiki/Beam_search.[27] Perplexity.https://en.wikipedia.org/wiki/Perplexity.[28] Gmail Smart Compose: Real-Time Assisted Writing.https://arxiv.org/abs/1906.00080.[29] WordPiece tokenization.https://huggingface.co/learn/nlp-course/en/chapter6/6.[30] Better & Faster Large Language Models via Multi-token Prediction.https://arxiv.org/abs/2404.19737.FootnotesVisithttps://platform.openai.com/tokenizerto see examples of different tokenizers.↩


Chapter 03
Google Translate
Introduction
Google Translate is a widely used language translation service offered by Google. The service relies on machine learning (ML) models to understand and translate text between languages. As of 2024, the service supports over 130 different languages and has over a billion users [1]. This chapter explores the system design behind a language translation service.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate:Are there specific languages the system should support initially?Interviewer:Let's focus on four languages: English, Spanish, Korean, and French. We can expand to more languages in the future.
Candidate:Considering the diversity of languages, do we have access to a sufficiently large and varied dataset for training?Interviewer:Yes. We have access to a substantial multilingual corpus, including formal documents, web content, and conversational texts, in all four languages. The dataset contains 300 million examples, an example being defined as a pair of sentences in the source and target languages.
Candidate:Do we have access to general text data? This is important, as it would allow us to pretrain a model on general text data and, thus, allow it to gain general knowledge.Interviewer:Assume we have access to terabytes of general text data in each of the languages, obtained from various sources.
Candidate:Will users specify the input text language, or should the system detect it automatically?Interviewer:Users cannot always identify a text’s language. Imagine a book title in a language with which the user is not familiar. Our system should detect the input language automatically.
Candidate:Is there a constraint on the length of the input text?Interviewer:Let’s build the system in such a way that it can support inputs of up to 1,000 words.
Candidate:Should the system support translation when there is no internet connection? In other words, should the model work on-device?Interviewer:The focus of this interview is not efficiency and model optimization for on-device deployment. Let’s assume an internet connection is required and that the model will be deployed on the cloud.
Candidate:Should the system support real-time translation?Interviewer:Not initially.
Frame the Problem as an ML Task
In this section, we frame the problem of building a translation system as an ML task. This involves understanding the system’s inputs and outputs and choosing a suitable ML approach.
Specifying the system’s input and output
The input to a translation system is a sequence of words in the source language and the target language provided by the user. The output is a sequence of words in the target language.
Choosing a suitable ML approach
In language translation, a sequence of words in one language is transformed into a sequence of words in another language. This sequence-to-sequence (seq2seq) structure is also found in other tasks, such as text summarization and speech recognition.
Seq2seq models, a class of ML models, are specifically designed to handle such tasks. These models transform an input sequence into an output sequence, which can vary in length from the input. Seq2seq models follow an encoder-decoder architecture, which has two main components:
Encoder:Processes the input sequence and transforms it into a sequence of context vectors, thus encoding the information in the input sequence.
Decoder:Utilizes the encoder’s context vectors to generate the output sequence one token at a time.
There are several architectures available for the encoder and decoder components. In particular, architectures designed to process sequential data, such as LSTMs, GRUs, and Transformers, can be employed. Among those, Transformers have shown superior performance in translation tasks, outperforming earlier models such as GRUs and LSTMs, particularly in handling long-range dependencies. Notably, the attention mechanism was originally introduced in the context of language translation [2].
As described in Chapter 2, Transformers have three variations: encoder-only, decoder-only, and encoder-decoder architecture. Encoder-only models such as BERT [3] are good at understanding and processing the input sequence but typically require additional mechanisms to generate output. Decoder-only models, such as OpenAI’s GPT [4] and Anthropic’s Claude [5], are highly effective at generative tasks.
While all three architectures offer strong performance and can be adapted for language translation tasks through techniques like prompt engineering, encoder-decoder models are usually preferred for three main reasons. First, the encoder-decoder architecture separates the input understanding and output generation, which is ideal for seq2seq tasks such as language translation. It allows the encoder to specialize in the source language and fully understand the input sequence before the decoder generates the output. For example, encoders often use bidirectional mechanisms, such as bidirectional LSTMs [6] or Transformers, which enable them to understand the context from both directions.
Second, this architecture naturally handles variable-length sequences. Encoder-decoder models are designed to accommodate input/output sequences of varying lengths, making them highly versatile across different applications. This flexibility is crucial for tasks where inputs and outputs do not have a fixed length relationship.
Finally, the cross-attention mechanism present in encoder-decoder Transformers enables the decoder to focus dynamically on relevant parts of the input sequence during generation. This targeted attention ensures that the output sequence remains closely aligned with important elements of the source sequence, thus improving the accuracy and quality of the translation. We will explore cross-attention in greater detail in the architecture section.
Data Preparation
In this section, we prepare raw textual data for the encoder-decoder Transformer. We have two types of data for training: general data and translation data. General data includes publicly available text from the Internet. Translation data comprises 300 million sentence pairs, each containing a source-language sentence and its corresponding translation in the target language.
Raw text in both general data and translation data is often noisy and not in the format the ML model expects. Since we covered preparing general data in Chapter 2, we will focus on preparing translation data. In particular, we focus on the following two steps:
Text preprocessing
Text tokenization
Text preprocessing
We apply the following preprocessing techniques to raw text in translation data:
Remove missing data:Remove pairs where either the source or target text is missing.
Remove noisy data:Remove pairs with HTML tags or incorrect language pairings.
Deduplication:Remove duplicate sentence pairs from the dataset to prevent the model from overfitting to certain examples.
Handle named entities:Language translation models often struggle with named entities. We identify these entities in the text and replace them with placeholder tokens. After translation, we replace the tokens with the original entities. For example, consider the sentence: "The California city, Burlingame, is named after diplomat Anson Burlingame." First, we detect the named entities: "California (location name),” “Burlingame (location name)," and "Anson Burlingame (person’s name)." Next, we replace these entities with placeholder tokens: "The ENTITY_1 city, ENTITY_2, is named after diplomat ENTITY_3." This approach helps the model focus on the sentence context during training without being confused by uncommon terms.
In modern language translation, particularly with models like Transformers, some traditional preprocessing steps have become less crucial or are handled differently. Here are a few preprocessing steps that were once essential in traditional translation models but are now unnecessary or less relevant:
Lowercasing:Modern language translation models can handle case sensitivity as part of their training. They can learn to distinguish between different forms of words based on case (e.g., “Apple” as a company vs. “apple” as a fruit) without needing to convert everything to lowercase. Therefore, lowercasing is often skipped to preserve the original case information.
Stop word removal:Stop words (e.g., “the,” “and,” “in”) are essential for the grammatical structure of sentences. Removing them can disrupt the fluency and meaning of translations. Modern language translation models benefit from having complete sentences, including stop words, to understand the context fully and produce more natural translations.
Stemming and lemmatization:Stemming (reducing words to their base or root forms) and lemmatization (reducing words to their dictionary forms) are not typically needed in modern language translation because these models are designed to handle morphological variations of words. The models learn to translate words into their correct forms based on context; therefore, reducing them to a base form could actually remove valuable information.
Punctuation removal:Punctuation is important for understanding sentence structure and meaning. Modern language translation models are trained to handle punctuation naturally; thus, removing it can degrade translation quality. Punctuation is usually preserved to help the model maintain the grammatical integrity of sentences.
Text tokenization
In the context of language translation in which we deal with several languages, the choice of text tokenization algorithm is important. For example, if we were to choose a word-level tokenizer, we would have hundreds of thousands of unique words across all languages in our vocabulary, which is huge and inefficient.
In language translation, handling the diversity of words across languages is a key challenge. Traditional word-level tokenization models often struggle with out-of-vocabulary (OOV) words, while subword-level tokenization algorithms are more efficient and can effectively address the OOV problem. Due to their importance and widespread use, it is valuable to examine Byte-Pair Encoding (BPE) [7], a commonly used subword-level tokenization algorithm, in detail.
Byte-Pair Encoding (BPE)
BPE builds a subword-level vocabulary through iterative merging. It starts with characters and iteratively merges the most frequent combinations into new subwords. This allows the model to break down words, even rare or unseen ones, into known components, thus enabling accurate understanding and translation. Let’s walk through a concrete example to better understand BPE.
Suppose we have a corpus with the following set of words: “cat,” “cats,” “dog,” and “dogs.”
In the initial setup, our goal is to initialize a vocabulary consisting of different characters and their frequency of occurrence in the corpus. To achieve this, we follow these steps:
Add a special end token, “</w>,” to the end of each word to mark its boundary. This special token helps the model know when a word has ended.
Tokenize the corpus by breaking down each word into individual characters.
Initialize the vocabulary with individual characters and their frequency of occurrence.
Once the initial vocabulary has been created, BPE iteratively merges the most frequent character pairs into subwords. This continues until the vocabulary reaches a predefined size or meets the stopping criteria.
Following are the first five BPE iterations:
Iteration 1:We first identify the most frequent character pair, which is "d" and "o," appearing together 10 times (in "dog" and "dogs"). We merge them to create a new token, "do." Although "og" also appears 10 times, "do" comes first alphabetically. The token "do" is added to the vocabulary, and the frequency counts are updated. "do" now occurs 10 times, and the individual counts of "d" and "o" are reduced accordingly.
Iteration 2:Now we look for the next most frequent pair, which is “do” and “g” (also from “dog” and “dogs”). These characters appear together 10 times, so we merge them to create the token “dog.”
Iteration 3:Moving forward, we notice that “c” and “a” (from “cat” and “cats”) appear together 8 times. We merge these to create the token “ca.” After merging, “cat” can be represented as “ca” and “t.” The token “ca” now has a frequency of 8.
Iteration 4:We continue by merging “ca” and “t”, which appear 8 times together (from “cat” and “cats”). We merge them to form the token “cat.” Now, “cats” can be represented as “cat” and “s”, and “dogs” as “dog” and “s.” The frequency count for “cat” is updated to 8.
Iteration 5:Finally, the next most frequent pairing is “s” and “</w>” (from “dogs” and “cats”), which appears 7 times. We merge “s” and “</w>” to form the token “s</w>.”
BPE iteratively merges the most frequent character pairs, leading to a more compact representation of the corpus. The merging continues until we reach the desired number of tokens or iterations.
Note the special “</w>” token plays a key role in distinguishing between different word forms. For instance, the token “cat” followed by “</w>” indicates the end of the word “cat,” whereas the token “cat” without </w> could also be part of another word. This distinction helps BPE represent and interpret words accurately during translation, allowing it to efficiently handle both familiar and unseen words.
Once the vocabulary has been created, we construct our training data by replacing each tokenized sentence with a sequence of integers. This leads to multiple tables, each for a specific language pair. Figure 11 shows the prepared translation data for the English–French and English–Korean language pairs.
Model Development
We utilized an encoder-decoder Transformer to train language translation. In this section, we explore the architecture of the encoder and decoder, training strategies, and sampling methods.
Architecture
The key components in an encoder-decoder Transformer architecture are very similar to those of the decoder-only Transformer explained in Chapter 2. Let’s examine the encoder and decoder separately and highlight their key differences.
Encoder
The encoder processes the input sequence and outputs a sequence of embedding for each input token.
The encoder consists of the following components:
Text embedding
Positional encoding
Transformer
Text embedding:This component converts each input token into an embedding vector. These embeddings capture the semantic information of each token.
Positional encoding:The positional encoding component injects information about the position of each token in the input sequence. As discussed in the previous chapter, both fixed and learned methods are effective in practice. For simplicity, we choose a fixed positional encoding method such as sine–cosine encoding.
​​Transformer: The Transformer processes a sequence of token embeddings through a stack of Transformer blocks. Each block contains a self-attention layer that uses the multi-head attention (MHA) mechanism on the input sequence and a feed-forward layer, with normalization layers in between to ensure stability during training. Since the requirement specifies support for a 1,000-word input sequence, we do not need to employ optimized attention mechanisms for efficiency, as the standard attention mechanism is sufficient to handle this sequence length without significant performance issues.
Decoder
The decoder generates the output sequence one token at a time using the encoder's output and the previously generated tokens. The decoder has the following components:
Text embedding:Converts each token in the target sequence to an embedding
Positional encoding:Injects information about the position of each token
Transformer:Processes the target sequence and outputs an updated sequence of embeddings
Prediction head:Utilizes the updated embeddings to predict the next token.
What are the key differences between the encoder and decoder?
There are three key differences between the encoder and decoder:
Cross-attention layer
Self-attention mechanism
Prediction head
The Transformer component in the decoder includes a cross-attention layer. This layer performs the MHA mechanism over the encoder's output. It enables each token in the decoder to attend to all embeddings in the encoder. This allows the cross-attention to effectively integrate information from the input sequence during the generation of the output sequence.
The self-attention layer operates differently in the encoder and decoder. In the encoder, each token attends to all other tokens in the sequence. This helps the encoder understand the entire sequence comprehensively. In contrast, in the decoder, each token is restricted to attending to only those tokens that come before it by masking the future tokens in the sequence. This difference is important for generation tasks because the model should use only previously generated tokens, not future ones, to predict the next token.
The decoder has a prediction head on top of the Transformer component. The prediction head usually includes a linear layer followed by a softmax layer to convert the Transformer’s output into probabilities over the vocabulary. These probabilities are used to determine the most likely next token.
Training
We employ a two-stage strategy to train a language translation model:
Unsupervised pretraining
Supervised finetuning
1. Unsupervised pretraining
In this stage, we train a base model using a large corpus of general data. This creates a base model capable of understanding language, grammar, and context.
Let’s review the pretraining data, ML objective, and loss function for the pretraining stage.
We utilize popular pretraining datasets such as C4 [8], Wikipedia [9], and StackExchange [10]. In contrast to Chapter 2, where we focused on pretraining a language model for English only, for language translation, we need a base model with a general understanding of multiple languages. Therefore, we do not remove non-English text data from these datasets. Instead, we keep the set of languages we expect the model to translate and remove any text data belonging to languages outside that set.
In Chapter 2, we explored next-token prediction as the primary ML objective for language generation. Next-token prediction is not an ideal choice in encoder-decoder pretraining because the training is unsupervised. If we pass an entire sentence to the encoder, it will encode information in a way that allows the decoder to always predict the next word accurately, thus effectively "cheating." Instead, we use “masked language modeling,” a common ML objective for pretraining an encoder-decoder Transformer. Let’s examine it in more detail.
In MLM, also known as masked token prediction, some of the input tokens are masked, and the model is trained to predict those masked tokens.
MLM allows the encoder to process the input sentence and encode it so the decoder can predict the masked words. As the masked words are never visible during the encoding process, this prevents the model from cheating,
To measure the model's performance in predicting the masked tokens, we use cross-entropy loss. This commonly used loss function measures the discrepancies between the predicted probabilities and the ground-truth tokens, thus guiding the training process. Here is a step-by-step explanation of how loss is calculated using the MLM objective:
Randomly select a subset of tokens in the input sequence and replace them with a mask token ("[MASK]"). For example, the input sentence "Thank you for inviting me" might become "Thank [MASK] for inviting [MASK]”.
Feed the masked sequence to the encoder so it can understand the context despite the missing tokens. The encoder outputs a sequence of new embeddings for each token.
Feed the decoder with the same input sequence, but, this time, none of the tokens are masked and the sequence has been shifted one position to the right by the insertion of a start token ("<BOS>"). Refer to Chapter 2 or [11] to understand why we shift the input sequence during training.
The decoder predicts the next token for each position in the sequence. Each prediction uses all previous input tokens and encoded information from the encoder.
Calculate the cross-entropy loss over the predicted probabilities and the ground-truth for the masked tokens only.
In summary, we primarily use the MLM objective in pretraining encoder-decoder Transformers because it engages both the encoder and decoder. The encoder develops its understanding of the language by encoding the masked input text. The decoder learns to process this encoded information and predict the masked tokens. This objective prepares both the encoder and decoder for the supervised finetuning stage.
Before exploring the supervised finetuning stage, note that pretraining a base model is resource-intensive and, therefore, expensive. In practice, we often use publicly available encoder-decoder models such as Google’s T5 [12] or Meta’s BART [13], which have been pretrained on extensive datasets. This approach significantly reduces the cost and resources needed for pretraining.
2. Supervised finetuning
Supervised finetuning, the second stage of our training process, adapts the base model to the specific task of language translation. It does this by finetuning the base model on translation data. To adapt the base model to language translation, we have two options:
Bilingual approach
Multilingual approach
In this approach, we train models specific to each language pair. Training language-specific models has several advantages. First, they capture the unique linguistic nuances of each language pair. Second, they usually demonstrate higher translation accuracy due to their specialized natures. Finally, improving performance is simpler with language-specific models because we can easily isolate and address specific issues that may arise for each language pair. However, training, deploying, and maintaining multiple models is resource-intensive and costly.
Here, a single model is trained to translate between multiple languages. Multilingual models are simpler, less expensive, and easier to deploy and maintain than bilingual models. Recent studies such as mT5 [14] and mBART [15] have highlighted the trend toward multilingual translation models that often match or exceed the performance of bilingual models.
For this chapter, we prioritize translation accuracy over simplicity and, therefore, choose a bilingual approach.
Figure 20 shows an example of prepared training data where each table represents a language pair. In each table, a row represents one example, containing a sequence of token IDs for the sentence in the source language and a sequence of token IDs for the translation in the target language.
Whereas the pretraining stage was unsupervised, the finetuning stage is supervised. The encoder processes source sentence tokens for each training example, and the decoder generates the target sentence tokens. Since the decoder should generate tokens sequentially after training, we use next-token prediction as our ML objective. We use cross-entropy as our loss function to measure the accuracy of the predicted next token.
Figure 21 shows loss calculation during the finetuning stage. For simplicity, it visualizes a single prediction. In practice, as we saw in Chapter 2, the decoder predicts the next token for all positions simultaneously, and the losses are calculated for all predictions.
Sampling
During sampling, the trained model generates a potential translation by predicting each subsequent token based on the previously generated tokens and the context of the input sequence.
As discussed in Chapter 2, there are two main strategies for sampling text in generative models: deterministic methods (e.g., beam search) and stochastic sampling. Here, we choose beam search for two main reasons:
Translation accuracy:Beam search usually leads to more accurate translations. This is because the algorithm evaluates multiple possible sequences and selects the most probable one.
Consistency:Beam search is deterministic, meaning it always produces the same output given the same input. This consistency ensures that translations will provide few surprises, which is critical in most translation systems. While diversity can be beneficial, it is neither essential nor desirable for language translation systems.
Note that in applications where diversity and creativity are more valued, such as creative writing, stochastic sampling methods are usually preferred. In Chapter 4, we will examine stochastic methods such as top-k and top-p sampling in detail.
Table 1: Comparison of deterministic and stochastic methodsEvaluationOffline evaluation metricsTo thoroughly evaluate a language translation model, metrics should measure both translation accuracy and contextual appropriateness. The research community has proposed several metrics that, over the years, have become widely accepted as standards. Some commonly used metrics are:BLEUROUGEMETEORBLEUBLEU (BiLingualEvaluationUnderstudy) [16] is a precision-based metric that compares n-grams (a sequence of "n" words) of the candidate translation with n-grams of the reference translations and counts the ratio of matches. It ranges from 0 to 1, where a higher value indicates a more precise translation.The BLEU score is calculated using the following formula:BLEU=BP⋅exp⁡(∑n=1Nwnlog⁡pn)\text{BLEU} = \text{BP}\cdot \exp \left( \sum_{n=1}^N w_n \log p_n \right)BLEU=BP⋅exp(n=1∑N​wn​logpn​)where:N is the maximum n-gram length considered for evaluationBP is the brevity penaltypn is the n-grams precisionwn represents the weight for different n-gram precisionsLet's explore each of these terms in detail.Brevity Penalty (BP)BP is a constant term that penalizes translations shorter than the reference translation. The formula is:BP={1ifc>re(1−rc)ifc≤r\text{BP}= \begin{cases}1 & \text { if } c>r \\ e^{\left(1-\frac{r}{c}\right)} & \text { if } c \leq r\end{cases}BP={1e(1−cr​)​ifc>rifc≤r​where:c is the translation lengthr is the reference translation lengthIf the candidate translation length, c, is greater than the reference translation length, r, the brevity penalty is 1 (i.e., there is no penalty). If the candidate translation length is less than or equal to the reference translation length, the brevity penalty is an exponential decay based on the ratio of the lengths.Precision (pn):Precision measures how many n-grams in the candidate translation are present in reference translations. It is calculated by dividing the number of matching n-grams by the total number of n-grams in the candidate translation. Figure 23 provides an example of calculating p2 for a candidate and one reference sentence.Weights (wn)These weights correspond to the precision of each n-gram size. Usually, we distribute them evenly, giving each n-gram precision the same importance. For instance, for n-grams up to 4-grams, each wn would be 1/4.BLEU’s main advantage is that it is simple and easy to compute. However, it has a major drawback: it can unfairly penalize translations that are correct but different from the reference translation. For example, if the reference translation is "The engineer discovered a new algorithm," and the generated translation is "The engineer found a new method," BLEU might penalize the generated translation even though it conveys the same meaning. Despite this limitation, BLEU remains insightful and widely used in practice to evaluate language translation models.ROUGEROUGE (Recall-OrientedUnderstudy forGistingEvaluation) [17] is a popular metric that complements BLEU by focusing on recall instead of precision. It measures the ratio of n-gram overlaps between the candidate and reference texts. For example, the ROGUE-N recall is defined as:Recall=Number of matching n-gramsTotal number ofn-grams in the reference\text { Recall }=\frac{\text { Number of matching n-grams }}{\text { Total number of } \mathrm{n} \text {-grams in the reference }}Recall=Total number ofn-grams in the referenceNumber of matching n-grams​If you are interested to learn more about ROUGE and its formula, refer to [17].Similarly to BLEU, ROUGE is easy to implement and efficient at calculating. However, its main drawback is its lack of contextual understanding. A translation with different but semantically similar words might receive a low ROUGE score.METEORMETEOR (Metric forEvaluation ofTranslation withExplicitORdering) [18] is a popular metric for evaluating language translation models. It calculates precision and recall and then combines these measurements using a weighted harmonic mean.Unlike BLEU and ROUGE, which rely on exact n-gram matches, METEOR considers synonyms and the morphology of words. For example, if the reference translation uses ”run” and the generated translation uses “running,” METEOR recognizes these as related terms. These synonyms are found using linguistic resources such as synonym dictionaries or lexical databases. One commonly used resource is WordNet [19], which organizes words into synonyms of various types and shows the relationships between those synsets.While METEOR is a more comprehensive metric, it has some drawbacks. Let’s take a look at its pros and cons.Pros:Semantic understanding:METEOR evaluates translation quality more accurately when different wordings convey the same meaning. This is because it considers synonyms and stemming during the evaluation of translations.Balanced evaluation:METEOR provides a balanced evaluation because it combines precision and recall. This helps identify translations that are both accurate and complete.Correlation with human judgments:METEOR correlates better with human judgments than BLEU and ROUGE.Cons:Computational complexity:METEOR is harder to implement and takes more time to calculate than BLEU and ROUGE. This is because it requires additional steps, such as synonym and stemming matching.Resource dependence:METEOR relies on linguistic resources such as synonym dictionaries and stemming algorithms, which may not be available for all languages.To summarize, all three metrics offer insights into the model's performance and are commonly used in practice. Let's transition to online evaluation to understand how our model performs in real-world scenarios.Online evaluation metricsDuring the online evaluation, we evaluate how well our language translation system works in production. We use the following two metrics to measure how satisfied and engaged our users are:User feedback:Collect ratings or feedback from users regarding the quality of translations. The metric is insightful since it directly reflects user satisfaction.User engagement:Measure users’ engagement by monitoring how often they use the translation feature, how long they interact with it, and how frequently they return. This helps us understand how valuable and effective the translation tool is in real-world use.Combining offline and online evaluation metrics gives us a more complete view of the performance of the language translation. This thorough evaluation ensures models fulfill technical standards and satisfy user expectations.Overall ML System DesignIn this section, we explore the ML design of a language translation system. In particular, we examine two key components:Language detectorTranslation serviceLanguage detectorThe language detector identifies the language of a given text, enabling us to use the model that has been trained specifically for that language. This task can be framed as a sequence classification task, and encoder-only architecture is a good candidate architecture for such a task. We can modify the encoder-only Transformer in two ways (Figure 27) to classify input sentences:Average pooling:Pass the Transformer's outputs to an average pooling layer, and then a prediction head to output language class probabilities.Last token representation:Use the last token representation from the Transformer's output and feed it to the prediction head for probability prediction.Translation serviceThe translation service interacts with the specific model based on the detected and desired languages. It then applies beam search to generate a sequence of tokens in the target language and converts the tokens back into text. The final translation is then shown to the user.Other Talking PointsIf time permits at the end of the interview, consider discussing these additional topics:Supporting translation for languages with limited training data using transfer learning and multilingual models [20].Approaching language translation using a decoder-only Transformer [21].Continuously improving translation models through user feedback [22].Optimizing techniques for efficient inference and on-device translation [23].Developing a single multilingual model [24].Other automatic metrics such as WER and how they are calculated [25][26].How to build a language detection model [27].SummaryReference Material[1] Google Translate service.https://blog.google/products/translate/google-translate-new-languages-2024/.[2] Neural Machine Translation by Jointly Learning to Align and Translate.https://arxiv.org/abs/1409.0473.[3] BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding.https://arxiv.org/abs/1810.04805.[4] GPT models.https://platform.openai.com/docs/models.[5] Claude models.https://www.anthropic.com/claude.[6] Bidirectional Long Short-Term Memory (BLSTM) neural networks for reconstruction of top-quark pair decay kinematics.https://arxiv.org/abs/1909.01144.[7] BPE tokenization.https://huggingface.co/learn/nlp-course/en/chapter6/5.[8] C4 dataset.https://www.tensorflow.org/datasets/catalog/c4.[9] Wikipedia dataset.https://www.tensorflow.org/datasets/catalog/wikipedia.[10] Stack Exchange dataset.https://huggingface.co/datasets/HuggingFaceH4/stack-exchange-preferences.[11] How Transformers work.https://huggingface.co/learn/nlp-course/en/chapter1/4.[12] Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer.https://arxiv.org/pdf/1910.10683.pdf.[13] BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation, Translation, and Comprehension.https://arxiv.org/abs/1910.13461.[14] mT5: A massively multilingual pre-trained text-to-text transformer.https://arxiv.org/abs/2010.11934.[15] Multilingual denoising pre-training for neural machine translation.https://arxiv.org/abs/2001.08210.[16] BLEU metric.https://en.wikipedia.org/wiki/BLEU.[17] ROUGE metric.https://en.wikipedia.org/wiki/ROUGE_(metric).[18] METEOR metric.https://www.cs.cmu.edu/~alavie/METEOR/pdf/Banerjee-Lavie-2005-METEOR.pdf.[19] WordNet.https://wordnet.princeton.edu/.[20] No Language Left Behind: Scaling Human-Centered Machine Translation.https://research.facebook.com/publications/no-language-left-behind/.[21] Decoder-Only or Encoder-Decoder? Interpreting Language Model as a Regularized Encoder-Decoder.https://arxiv.org/abs/2304.04052.[22] Towards Continual Learning for Multilingual Machine Translation via Vocabulary Substitution.https://arxiv.org/abs/2103.06799.[23] Efficient Inference For Neural Machine Translation.https://arxiv.org/abs/2010.02416.[24] Meta’s multilingual model.https://ai.meta.com/blog/nllb-200-high-quality-machine-translation/.[25] Machine translation evaluation.https://en.wikipedia.org/wiki/Evaluation_of_machine_translation.[26] Word error rate (WER) metric.https://en.wikipedia.org/wiki/Word_error_rate.[27] Automatic Language Identification using Deep Neural Networks.https://research.google.com/pubs/archive/42538.pdf.


Chapter 04
ChatGPT: Personal Assistant Chatbot
Introduction
ChatGPT [1] is a chatbot that was developed by OpenAI and launched in 2022. It generates human-like text based on the input it receives. The chatbot can assist with various tasks, including answering questions, providing explanations, and producing creative content.
ChatGPT has quickly become one of the most adopted applications in history. It gained over 100 million users in less than three months after its launch [2]. This rapid growth highlights the capabilities of generative AI and its potential to help with day-to-day tasks and enhance productivity. In this chapter, we examine the key components of building a chatbot similar to ChatGPT.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate: What languages should the chatbot support?Interviewer: Initially, let’s focus on English.
Candidate: We need to ensure the chatbot generates unbiased and safe outputs by having strict content moderation and algorithms in place. Is that a fair assumption?Interviewer: Certainly.
Candidate: Can you specify the range of tasks the chatbot is expected to perform?Interviewer: The chatbot should be able to handle tasks like providing information and answering questions.
Candidate:Does the chatbot take in or output non-text modalities, such as image, audio, or video?Interviewer:Let’s focus on a text-only chatbot for now. The input and the output are both text.
Candidate: Should the chatbot handle follow-up questions? How long should the chatbot maintain the conversation context?Interviewer: Good question. The chatbot should be able to handle follow-up questions within the same conversation session. Let’s say it is expected to have a context window of at least 4096 tokens.
Candidate:Is the chatbot expected to be able to browse websites, call external API, or search online?Interviewer: Let’s not focus on that in this round.
Candidate: Should the chatbot personalize its interactions with users?Interviewer: Let’s not focus on personalization.
Candidate: Do we have instruction-based training data?Interviewer: Yes, we have a dataset with 80,000 examples of instructions and answers.
Frame the Problem as an ML Task
Specifying the system’s input and output
The input to the chatbot is a text prompt provided by the user. The prompt can be a question, a command, or any other form of textual query. The output is a relevant and contextually appropriate response generated by the chatbot.
Choosing a suitable ML approach
Developing a chatbot is a language generation task in which a language model processes an input prompt and generates a response. This language model typically needs billions of parameters to learn effectively; hence, they are often called large language models (LLMs).
As we saw in previous chapters, the decoder-only Transformer is the standard architectural choice in language models. Most modern LLMs, such as OpenAI’s GPT [3], Google’s Gemini [4], and Meta's Llama [5], are all based on the decoder-only Transformer. In line with these models, we use a decoder-only
Data Preparation
The effectiveness of an LLM depends on the quality of its training data, which mainly comes from web sources. This data, often automatically crawled from websites, forums, and blogs, requires special considerations and careful preparation. The most common steps include:
Content extraction and parsing:Web-crawled data often contains extraneous elements, for example, HTML tags, advertisements, and navigation links. This step involves parsing the raw HTML content using libraries such as Beautiful Soup [6] or lxml [7] and extracting the main text body while discarding irrelevant sections. Techniques such as DOM analysis [8] and boilerplate detection [9] are applied to isolate and retain the core content relevant to language modeling.
URL and domain filtering:Not all web domains provide high-quality or relevant content. URL filtering uses predefined rules or machine learning (ML) classifiers to exclude unwanted sources, for example, low-quality blogs, content farms, or spam sites. Domain allowlisting or blocklisting techniques are also applied to curate data from trusted and relevant sources, ensuring the dataset’s quality and reliability.
Language identification:Crawled data often includes multilingual content, which needs to be filtered to match the target language(s) for training. Language detection tools such as fastText [10] or langid.py [11] are employed to classify and filter documents.
Content quality filtering:Not all web content is equally valuable for training purposes. Quality assessment techniques, including readability scoring, spam detection algorithms, and heuristic checks (e.g., content length, sentence structure), are used to evaluate and filter low-quality text. ML models can also be employed to predict the quality of web content based on features extracted from the text. This step is crucial to ensure that only high-quality data is used for training.
Along with these techniques, the following are commonly applied to both web-crawled data and other data sources, such as books, articles, and social media posts:
Remove inappropriate content:We use ML models to remove offensive, harmful, or NSFW content from training data. This ensures our model learns only appropriate and safe content.
Anonymize sensitive information:We anonymize any personally identifiable information (PII) in the dataset. This step is crucial to comply with privacy laws and ethical guidelines.
Remove low-quality data: We use ML models to remove low-quality text data. The models assess coherence, relevance, grammar, and readability. This step ensures the training data is high in quality and useful for training.
Remove duplicated data (Deduplication): We remove similar texts that might be present in different sources. For example, if the same news article is collected from multiple websites, we identify and retain only one copy. This step reduces redundancy in the training dataset and ensures the model is not overexposed to certain data.
Remove irrelevant data: We use heuristics and rule-based methods to remove irrelevant data. For example, we remove texts with non-standard characters or in languages that the chatbot is not expected to support.
Tokenize text:We use a subword tokenization algorithm such as Byte-Pair Encoding (BPE) to tokenize the text data. To review BPE, refer to Chapter 3.
Model Development
Architecture
The LLM’s architecture is based on a decoder-only Transformer. While the text embedding, Transformer blocks, and the prediction head are similar to the decoder-only Transformer discussed in Chapter 2, LLMs typically use more advanced positional encoding methods.
Let’s examine LLM’s positional encoding in more detail.
Positional encoding
In a chatbot setting, the input sequence is typically much longer than a single sentence or email. As per the interviewer’s requirements, our goal is to build a system with a context window of at least 4096 tokens. This requires a positional encoding method that allows the model to understand the positions of all the tokens and the relationships between them.
In this section, we begin with a brief review of absolute positional encoding followed by an exploration of relative positional encoding. Finally, we delve into rotary positional embedding (RoPE) [12], a robust positional encoding method used by popular LLMs such as Llama 3 [13].
Absolute positional encoding refers to traditional methods such as sinusoidal or learnable encodings whereby each position in a sequence is represented by a unique vector.
In this approach, encoded positions are then added to the token embeddings, providing the model with information about where each token appears in the sequence. Formally, the attention keys and queries are computed using the following equations:
Where:
qmq_mqm​is the query vector at positionmmm,
knk_nkn​is the key vector at positionnnn,
WqW_qWq​andWkW_kWk​are learnable weight matrices,
eme_mem​andene_nen​are token embeddings at positionsmmmandnnn,
pmp_mpm​andpnp_npn​are positional vectors (either learnable or fixed) at positionsmmmandnnn.
The attention score is calculated as a dot product of the query and key vectors:
Notice that positional encodingspmp_mpm​andpnp_npn​depend only on absolute positions. Therefore, this approach captures only information about absolute position, limiting the model's ability to capture relative distances between tokens and generalize to sequences with different lengths or unseen token positions. For example, a model trained on sequences of up to 512 tokens may struggle to generalize when applied to sequences with 4096 tokens. The sinusoidal patterns tend to become repetitive over long distances, resulting in a loss of information about token relationships. This shortcoming is addressed by relative positional encoding.
In relative positional encoding, instead of encoding the absolute positions of tokens, we encode the differences in the positions of two tokens. This way, the model can focus on the relative distances between tokens, which is often more important than their absolute positions. For example, in a sentence, knowing that the word "car" follows the word "chased" is more informative than knowing the positions of the tokens as numbers 5 and 10.
The attention calculation in relative positional encoding can be expressed in different ways. The T5 paper [14] suggests that the second and the third interaction terms in the original expression in absolute positional encoding can be dropped and that the fourth term could be replaced by a learnable bias:
In contrast, the DeBerta paper [15] drops the last term and replaces the second and third terms, which consist of the absolute positional vectorspmp_mpm​andpnp_npn​, respectively, with the relative positional vectorRn−mR_{n-m}Rn−m​:
Relative positional encoding allows the model to understand the relationships between tokens independently of their absolute positions. However, it introduces additional complexity becauseqm⋅knq_m \cdot k_nqm​⋅kn​in the attention mechanism can no longer be reduced to a simple dot product. This limits our ability to use efficient techniques such as linear attention [16].
RoPE, which we examine next, addresses this limitation by encoding both absolute and relative positional information through a rotation in the embedding space.
RoPE represents positional information as a rotation matrix applied to the token embeddings.This can be described mathematically as follows: Given an input sequence, RoPE applies a rotation matrix to each embedding. This transformation can be expressed as:
whereqmq_mqm​is token embedding at the positionmmm, andR(θm)R\left(\theta_m\right)R(θm​)is a rotation matrix parameterized by the positional angleθm\theta_mθm​. This angle is typically derived from the position indexmmmand is constructed in such a way that the rotation captures both the absolute and relative position information. This rotation matrix, constructed using trigonometric functions, rotates the embeddings in the complex plane, capturing both absolute and relative positional information.
Figure 4 shows how rotational position encoding works by rotating word embeddings in a two-dimensional space. The words "cat" and "dog" are represented as vectors, and the angle between them, denoted byθ\thetaθ, encodes their positional relationship. On the left, the sentence is “The cat chased the dog.” The position of "cat" is shown in red, and the position of "dog" is shown in blue. The angle between these vectors captures the relative positioning of these two words in the sentence.
On the right, another sentence “Once upon a time, the cat chased the dog” is shown. Notice that the relative angle between the "cat" and "dog" vectors is still the same, but their absolute positions are different. This demonstrates how RoPE captures both the absolute and relative positions of words, allowing the model to understand the order and distance between words in a sentence.
In a higher-dimensional space, the rotation matrix can be extended to accommodateddddimensions:
Translational invariance:RoPE encodes positional information in a way that remains consistent even when the positions of tokens shift. This helps the model handle changes in position better than other methods.
Relative position representation:RoPE’s rotations encode positional information geometrically within the embedding space. This enables the model to inherently understand the relative distances between tokens, unlike traditional sinusoidal encodings, which encode position additively without leveraging this geometric insight.
Generalization to unseen positions:Because RoPE encodes position through rotations, the resulting embeddings maintain consistent relationships, regardless of absolute position. This allows for better generalization across varying sequence lengths.
Mathematical complexity: RoPE introduces additional mathematical operations involving rotations in the embedding space. While these are not overly complex, they are more intricate than traditional positional encoding methods such as sinusoidal or learned positional embeddings.
Training
In earlier chapters, we explored a two-stage strategy for training language models. However, those stages are not sufficient when training advanced chatbots. Most chatbots, including ChatGPT, use a three-stage training strategy:
Pretraining
Supervised finetuning (SFT)
Reinforcement learning from human feedback (RLHF)
Let’s discuss each stage in more detail to understand its purpose.
1. Pretraining
Pretraining is the initial stage of the training process. In this stage, a model is trained with an enormous volume of text data from the Internet. The purpose of pretraining is to create a base model with a broad understanding of language and world knowledge.
The pretraining stage requires significant computational resources. It typically requires thousands of GPUs, costs millions of dollars, and takes months of training.
The pretraining data typically consists of a large corpus of general text data from various sources on the Internet, for example, web pages, books, and social media posts.
Several datasets are commonly used when pretraining LLMs. Each serves a unique purpose, from broadening the model's exposure to diverse language styles to deepening its understanding of specific domains. Commonly used datasets are:
Common Crawl:Common Crawl [17] is a publicly available dataset collected from a large number of web pages on the internet. It contains petabytes of data that have been regularly collected since 2008. This data often includes irrelevant information and harmful content; hence, significant data cleaning is needed to make it suitable for training LLMs.
C4:C4 [18], created by Google, is a cleaned version of the Common Crawl dataset specifically used for training LLMs.
GitHub:The GitHub dataset comprises a vast collection of open-source code repositories. Its purpose is to help the model understand programming languages and code structures.
Wikipedia:The Wikipedia dataset includes a wide range of factual information extracted from Wikipedia. This dataset is generally a more reliable source because it is written and edited more carefully.
Books:The books dataset is a collection of books across various genres. Books have long textual content and good data quality, both of which contribute to improving the performance of LLMs.
ArXiv:The Arxiv dataset contains academic materials and published papers. This dataset helps the model understand the terminology and knowledge within the academic domain.
Stack Exchange:Stack Exchange [19] is a website of high-quality questions and answers, primarily in the format of a dialogue between users.
Most popular LLMs are trained on all or some of the listed datasets. For example, Meta’s Llama-1 model uses all the above datasets, consisting of about 1.4 trillion tokens. Table 1 shows the proportion of each dataset used by Llama-1 during training.
Table 1: Llama 1 pretraining dataset
As we are training a decoder-only Transformer for text generation, we use the standard next-token prediction as our ML objective. For the loss function, we employ cross-entropy loss to measure the difference between the predicted token probabilities and correct tokens.
The pretraining stage produces a model that understands language well. This model, usually referred to as the base model, predicts text to follow the given input prompt, generating relevant and meaningful text.
While the base model understands language well, it is only capable of continuing on from the text prompt. To make the model a useful chatbot that answers questions, we need to further train the base model. This leads to the next stage: supervised finetuning.
2. Supervised finetuning (SFT)
SFT, also named instruction finetuning, is the second stage of the training process. In this stage, we finetune the base model on a smaller, high-quality dataset in a (prompt, response) format. The purpose of this stage is to preserve the base model’s language understanding and world knowledge while adapting its behavior to responding to prompts instead of just continuing them.
The training data for the SFT stage follows the (prompt, response) format. This data is usually calleddemonstration databecause it demonstrates to the model how to respond to prompts.
The main differences between demonstration data and pretraining data, aside from format, are size and quality.
Size:Demonstration data is significantly smaller than pretraining data. It usually ranges from 10,000 to 100,000 (prompt, response) pairs. Table 2 shows the data sizes of popular demonstration datasets.
Table 2: Common demonstration datasets
Quality:Demonstration data is of higher quality compared to pretraining data. The data is usually created by educated human contractors. In specialized industries such as healthcare or finance, it is essential to hire domain experts to ensure the accuracy and relevance of data. For instance, as shown in Table 3, over one-third of OpenAI’s labelers for GPT’s demonstration dataset held a master’s degree [20]. While this requirement is costly, it's crucial for producing reliable, industry-specific responses.
Table 3: The education levels of OpenAI’s labelersML objective and loss functionAlthough the training data differs from the pretraining stage, the model still learns a similar task: generating a text one token at a time based on the input prompt. Therefore, the ML objective and loss functions remain similar to those at the pretraining stage: next-token prediction ML objective and cross-entropy loss function.The outcome of the SFT stageThe outcome of this stage is the SFT model, a finetuned version of the base model. Instead of merely continuing the text prompt, the SFT model generates detailed and helpful responses because it has been trained on demonstration data in a (prompt, response) format.The SFT model usually generates a grammatically correct and reasonable response. However, it might not always generate the best response; its answers can be unhelpful or even unsafe. Figure 11 displays four plausible responses to a question. Only the second response is both safe and helpful. The first and fourth responses are grammatically and contextually correct but do not offer accurate advice. The third response is helpful but impolite.To ensure the model produces relevant, safe, and helpful responses, we must further finetune the model. This further finetuning is the primary focus of the next stage: RLHF.3. RLHFRLHF, also known as thealignmentstage, is the final stage in the training process. This stage aligns the model to human preferences, that is, it adapts the model to generate responses preferred by humans.To understand RLHF, let's briefly revisit the SFT stage. In SFT, the model learns from demonstration data to produce a plausible response to a given prompt. However, demonstration data provides the model with one plausible response for a prompt, which is not necessarily the most helpful or relevant response. Usually, multiple responses can be plausible, and some will be more relevant than others, as shown in Figure 11.If we have a separate reward model that can score how relevant a model’s response is to a prompt, we can further finetune the SFT model to generate not just any plausible response but one with a high score. This is the key idea behind RLHF. RLHF consists of two sequential steps:Training a reward modelOptimizing the SFT model3.1 Training a reward modelThe first step in RLHF is to train a reward model that evaluates the relevance of a response to a prompt. This model takes a (prompt, response) pair as input and produces a score predicting the helpfulness of the response. The higher the score, the more helpful the response is expected to be. Figure 12 illustrates the predicted scores for different (prompt, response) pairs.Reward model architectureTraining a model to output a score is a very common task in ML. There are various architectures we can employ for reward modeling: It can be a decoder-only, encoder-only, or encoder-decoder Transformer as long as it outputs a scalar value.Based on public studies, there isn't a consistent pattern of reward models being larger or smaller than the language models they are used to train. For example, OpenAI uses a 6B reward model for the 175B language model [20]. Anthropic uses language models and reward models ranging from 10B to 52B parameters [24]. A typical option is to create a copy of the SFT model and add a prediction head to produce the relevance score for the given (prompt, response) pair.Training dataTo collect training data for reward modeling, we follow these steps:Collect prompts:Manually create a list of prompts.Generate multiple responses:Use the SFT model to generate multiple responses for each prompt.Rank responses:Ask contractors to evaluate those responses and rank them based on their relevance. The reason they typically rank them instead of scoring each response is that ranking reduces subjectivity and inconsistency. It is easier and more intuitive for annotators to compare responses directly than to assign numerical scores, which can vary between annotators. This approach simplifies the evaluation process and ensures more reliable data for training.Create preference pairs:Construct the training dataset by forming pairs in the format (prompt, winning response, losing response). In each pair, the winning response is preferred over the losing response based on the rankings from the previous step.Figure 14 shows the process of collecting training data to train the reward model.Once we collect the training data, where each example is in (prompt, winning response, losing response) format, we define the ML objective and the associated loss function to train our reward model.ML objective and loss functionThe reward model aims to predict a higher score for the winning response compared to the losing response. More formally, for a given (prompt, winning response, losing response), the ML objective is to maximizeSwin−SloseS_{\text {win }}-S_{\text {lose }}Swin​−Slose​, where:SwinS_{\text {win }}Swin​is the predicted score for the (prompt, winning response) pairSloseS_{\text {lose }}Slose​is the predicted score for the (prompt, losing response) pairTo achieve this ML objective, we need a loss function that penalizes the model when the difference between the winning and losing scores is too small. A commonly used loss function for this purpose is the margin ranking loss. The loss function is defined as:L(Swin,Slose)=max⁡(0,m−(Swin−Slose))\mathcal{L}\left(S_{\text {win }}, S_{\text {lose }}\right)=\max \left(0, m-\left(S_{\text {win }}-S_{\text {lose }}\right)\right)L(Swin​,Slose​)=max(0,m−(Swin​−Slose​))Wheremmmis a hyperparameter defining the margin. This margin indicates the minimum desired difference between the scores of the winning and losing responses. If the difference betweenSwinS_{\text {win}}Swin​andSloseS_{\text {lose}}Slose​is less thanmmm, the optimizer will update the model parameters so that eitherSwinS_{\text {win}}Swin​increases orSloseS_{\text {lose}}Slose​decreases.The outcome of reward modelingThe outcome of this step is a reward model that predicts relevance scores for (prompt, response) pairs. These scores reflect human judgments and are crucial for the second step in RLHF.3.2. Optimizing the SFT modelIn the second step of RLHF, the SFT model is optimized with the help of the reward model. The purpose of this step is to adapt the SFT model to generate responses that are not only plausible but also helpful, based on the scores from the reward model.A common approach to optimize the SFT model is to employ a reinforcement learning (RL) algorithm such as proximal policy optimization (PPO) [25], where the SFT model is finetuned to maximize the scores predicted by the reward model. This finetuning process performs the following steps iteratively:Generate model responses:The model generates multiple possible responses for a given prompt.Compute rewards:The reward model scores these responses.Update model weights:The RL algorithm updates model weights to maximize the expected reward. This step reinforces responses that receive higher scores from the reward model.Figure 17 shows this process for a single response. In practice, multiple responses are generated and evaluated simultaneously.Training dataFor this step, the training data usually includes a list of prompts created by contractors, typically ranging in number from 10,000 to 100,000.ML objective and loss functionWell-known LLMs such as ChatGPT and Llama use RL algorithms such as PPO and direct policy optimization (DPO) [26]. However, the details of these algorithms are usually beyond the scope of most ML system design interviews. For more information, refer to [27] and [28].The outcome of RLHFThe outcome of the RLHF stage is usually the final model that can be deployed as a chatbot. Table 4 lists some of the most popular LLMs.LLM nameDeveloperRelease dateAccessParameterso1OpenAISeptember 12, 2024Preview onlyUnknownGPT-4oOpenAIMay 13, 2024APIUnknownClaude 3AnthropicMarch 14, 2024APIUnknownGemini 1.5DeepMindFebruary 2, 2024APIUnknownLlama 3Meta AIApril 18, 2024Open-Source8 and 70 billionGrok-1xAINovember 4, 2023Open-Source314 billionMixtral 8x22BMistral AIApril 10, 2024Open-Source141 billionGemmaDeepMindFebruary 21, 2024Open-Source2 and 7 billionPhi-3MicrosoftApril 23, 2024Open-Source3.8 billionDBRXDatabricksMarch 27, 2024Open-Source132 billionTable 4: Popular LLMsTo summarize the training section, we employ a three-stage training strategy, including pretraining, SFT, and RLHF. Pretraining involves training a model on a large corpus of text to gain a broad language understanding. SFT finetunes the model to adapt its output to a (prompt, response) format. RLHF further refines the model's responses to be helpful, safe, and aligned with human preferences.SamplingIn LLMs, sampling refers to how we select tokens from the model's predicted probability distribution to generate coherent and helpful responses.As discussed in Chapter 2, there are various methods for generating text. Some are deterministic, while others are stochastic. In this section, we examine these methods to determine which works better for open-ended text generation.Deterministic methodsDeterministic methods such as beam search work well for tasks with short, predictable text lengths. However, they are less effective for open-ended generation, such as dialogue, where output length varies. Let's examine the common issues that arise when using deterministic methods like greedy search or beam search to generate text from LLMs.Greedy searchGreedy search selects the token with the highest probability at each step of the generation process.While this method is straightforward and often produces coherent text, it has two major issues:RepetitionSuboptimal generationRepetition:When we use greedy search to select the next tokens, the text quickly starts repeating. This is because the model sometimes gets "stuck" in loops, reusing the same sequence of tokens. This happens when the model identifies certain words following each other with high probability.Suboptimal generation:Greedy search ignores alternative paths during the text generation. It might miss a high-probability sequence of tokens hidden behind a low-probability token.Beam searchBeam search improves upon greedy search by considering multiple sequences simultaneously. At each step, it keeps track of the top k sequences, where k is configurable.Beam search allows for more exploration and produces higher-quality text than greedy search. However, it can struggle with open-ended generation. Two common issues with beam search are:InefficiencyRepetitionInefficiency:Beam search can be computationally inefficient because it requires evaluating multiple sequences at once, which can slow down the generation process.Repetition:Beam search can lead to repetitive and generic responses. It sometimes gets stuck in a loop and repeats common phrases.So far, we've seen that deterministic methods struggle with repetition and do not work well for text generation. Let's explore stochastic methods, which are more commonly used for text generation in LLMs.Stochastic methodsStochastic methods generate text by introducing randomness. This randomness makes them more suitable for open-ended text generation. Three popular stochastic methods are:Multinomial samplingTop-k samplingTop-p (nucleus) samplingMultinomial samplingMultinomial sampling selects the next token based on the probability distribution of the model's predictions. Each token has a probability associated with it, and a token is chosen based on these probabilities.This approach ensures a wide variety of possible outputs. However, it introduces a significant amount of randomness, especially when the probability distribution is flat. This randomness often results in generations that are not coherent. For example, the generated text shown in Figure 25 is the output of the GPT-2 model using multinomial sampling.Due to coherence issues, multinomial sampling is rarely used in LLMs for text generation.Top-k samplingTop-k sampling [30] is a more advanced method that selects from thekmost likely tokens rather than sampling from the entire distribution.Here is a step-by-step process to select the next token in top-k sampling:The model predicts the probability distribution for the next token, providing a probability for each token in the vocabulary.The tokens are sorted in descending order based on their predicted probabilities.The topktokens with the highest probabilities are considered for sampling.The probabilities of the topktokens are normalized to ensure they sum to 1.A token is sampled from this normalized distribution.Top-k sampling balances coherence and diversity by picking from the top-k tokens. This reduces the chance of choosing irrelevant tokens while allowing some randomness. GPT-2 initially used top-k sampling, which was crucial to its success and popularity.A major limitation of top-k sampling is that it always picks from a fixed number of top tokens. This is problematic depending on how the predicted probabilities are spread out. Let’s understand why.Predicted token probabilities can be sharply or evenly distributed. With a sharp distribution, limiting choices to a fixed number of top tokens can produce nonsensical results because the model might miss the best choice. Conversely, with a flat distribution, this fixed limit restricts the model's creativity by not considering enough word options. For example, as shown in Figure 28, the model is 89% confident that the next token should be “lot,” but top-k sampling still considers "much" and "high" as possible next tokens to sample from.This limitation is addressed in top-p sampling, which we examine next.Top-p (nucleus) samplingTop-p sampling [31], also known as nucleus sampling, was developed in 2019. This method dynamically adjusts the number of tokens considered based on their combined probabilities. Instead of sampling only from the most likelyktokens, it chooses from the smallest possible set of tokens whose cumulative probability exceeds the probabilityp. This provides a more flexible and adaptive approach compared to top-k sampling.Here is a step-by-step process to select the next token in top-p sampling:The model predicts the probability distribution for the next token, providing a probability for each token in the vocabulary.The tokens are sorted in descending order based on their predicted probabilities.Instead of selecting a fixed number of tokens, top-p sampling chooses the smallest possible set of tokens whose cumulative probability exceeds a thresholdp.The probabilities of the selected tokens are normalized to ensure they sum to 1.A token is sampled from this normalized distribution.The top-p sampling is widely used in advanced LLMs to generate human-like text. This method ensures the text is coherent and contextually relevant by focusing on the most probable tokens while allowing some randomness.While we covered the key aspects of different sampling methods, there are more details to each method. Two popular techniques often used in advanced sampling methods are:TemperatureRepetition penaltyTemperatureTemperature is a parameter in sampling methods that controls the randomness of predictions during sampling. Mathematically, the temperature parameter T scales the logits (raw scores) of the model’s output before applying the softmax function to generate probabilities. The adjusted softmax formula with temperature is given by:pi=exp⁡(xi/T)∑jnexp⁡(xj/T)p_i=\frac{\exp \left(x_i / T\right)}{\displaystyle\sum_j^n \exp \left(x_j / T\right)}pi​=j∑n​exp(xj​/T)exp(xi​/T)​where:xix_ixi​are the logits (raw scores) for each possible outputTTTis the temperature parameterpip_ipi​represents the probability of outputiiiafter applying the softmax functionWhenT=1T=1T=1, the softmax function operates normally. WhenT>1T>1T>1, the model generates a more uniform probability distribution, making predictions more random and diverse. Higher temperatures increase randomness, which helps the model generate more creative outputs. If the model starts to stray off-topic or produce meaningless outputs, this indicates that the temperature has been set too high.Conversely, whenT<1T<1T<1, the model's output becomes more deterministic, with the highest logit values having more influence on the final prediction. Lower temperatures reduce randomness, which is more suitable for tasks requiring precise answers, such as summarization or translation. If the model starts to repeat itself, this indicates that the temperature has been set too low. A temperature of 0 consistently leads to the same output, making the sampling deterministic.What are typical temperature values?Most model providers set the permissible temperature range between 0 and 2. Figure 32 illustrates OpenAI's API reference for the temperature setting.In modern LLMs, the temperature parameter typically ranges from 0.1 to 1.5. When set beyond 1.5, outputs can become increasingly erratic and less coherent, which is undesirable. The optimal value depends on the desired behavior and is often determined empirically. The following table, created by [33], suggests possible temperature values for several use cases.Use caseTemperatureTop-pDescriptionCode generation0.20.1Generates code that adheres to established patterns and conventions. Output is more deterministic and focused. Useful for generating syntactically correct code.Creative writing0.70.8Generates creative and diverse text for storytelling. Output is more exploratory and less constrained by patterns.Chatbot responses0.50.5Generates conversational responses that balance coherence and diversity. Output is more natural and engaging.Table 5: Empirical temperature and top-p ranges for different tasksRepetition penaltySimilarly, applying a repetition penalty can explicitly reduce the likelihood of generating repetitive sequences of tokens. This can be achieved by terminating the generation when repetitive n-grams are detected (as controlled by the “no_repeat_ngram_size” parameter in Hugging Face models) or by directly modifying the probabilities of tokens that have already been sampled earlier in the sequence (such as the “frequency_penalty” in the ChatGPT API).If you are interested in learning more about sampling methods in LLMs, refer to [30].EvaluationOffline evaluation metricsEvaluating LLMs like ChatGPT requires more than traditional metrics such as perplexity. These models behave in complex ways and perform differently across various tasks. Therefore, we need to assess their skills in different tasks to ensure the model is both effective and safe.In this section, we evaluate our LLM from the following perspectives:Traditional evaluationTask-specific evaluationSafety evaluationHuman evaluationTraditional evaluationTraditional evaluation provides an initial understanding of the LLM’s performance using typical offline metrics. A common metric is perplexity, which measures how accurately the model predicts the exact sequence of tokens in the training data. A low perplexity value indicates that the model assigns higher probabilities, on average, to the tokens in the training data.While these metrics are important for initial evaluation, they do not provide insights into an LLM's capabilities or limitations. For example, a low perplexity indicates the model is good at predicting the next tokens but does not measure its ability to understand code or solve math problems.Task-specific evaluationTo effectively evaluate an LLM, we need to assess its performance across diverse tasks such as mathematics, code generation, and common-sense reasoning. This comprehensive approach helps identify the model’s strengths and weaknesses. Commonly used tasks for evaluating LLM’s capabilities are:Common-sense reasoningWorld knowledgeReading comprehensionMathematical reasoningCode generationComposite benchmarksCommon-sense reasoningCommon-sense reasoning evaluates a model's ability to make inferences based on everyday situations and general knowledge. It tests the model's understanding of basic human experiences, logical connections, and assumptions that people naturally make. Examples include interpreting idioms, understanding cause and effect in typical scenarios, and predicting likely outcomes in social situations.Typical benchmarks for common-sense reasoning are PIQA (Physical Interaction QA) [34], SIQA [35], HellaSwag [36], WinoGrande [37], OpenBookQA [38], and CommonsenseQA [39], each of which focuses on different aspects. For example, the CommonsenseQA benchmark is a multiple-choice question dataset for which the questions require common-sense knowledge to answer. PIQA focuses on reasoning about physical interactions in everyday situations, while HellaSwag focuses on everyday events.World knowledgeWorld knowledge refers to the model's factual knowledge about the world, including historical facts, scientific information, geography, and current events. An example would be answering questions about significant historical events or scientific principles.Common benchmarks for this task include:TriviaQA[40]:Questions are gathered from trivia and quiz-league websites.Natural Questions (NQ)[41]:A dataset from Google that includes questions and answers found in natural web queries.SQuAD (Stanford Question Answering Dataset)[42]:Contains questions based on Wikipedia articles.Reading comprehensionReading comprehension tasks evaluate a model's ability to understand and interpret text passages and answer questions based on them. This is critical for assessing a model’s ability to extract information from and reason in relation to given texts.Typical benchmarks for reading comprehension are SQuAD [42], QuAC [43], and BoolQ [44].Mathematical reasoningMathematical reasoning tasks evaluate a model's ability to solve mathematical problems.Two common benchmarks for mathematical reasoning tasks are:MATH[46]:A dataset containing problems from high school mathematics competitions.GSM8K(Grade School Math 8K) [45]: A dataset with grade school math problems to test the model's problem-solving skills.Code generationCode generation evaluates a model's ability to write syntactically correct and functional code given a natural language prompt.Common benchmarks for code generation are:HumanEval[47]:Python coding tasks.MBPP(MultiPL-E Benchmarks for Programming Problems) [48]: Multiple programming language tasks to evaluate multilingual code generation capabilities.Composite benchmarksIn addition to specific benchmarks described above, composite benchmarks combine multiple tasks for a broader assessment. Popular composite benchmarks are:MMLU(Massive Multitask Language Understanding)[49]:Consists of multiple-choice questions from a wide range of subjects including humanities, STEM, social sciences, and more, at various difficulty levels.MMMU (Massive Multilingual Multitask Understanding)[50]:MMMU includes a wide range of multiple-choice questions covering many subjects with varying levels of difficulty. Unlike MMLU, which focuses on English, MMMU tests the models’ ability to understand and generate accurate responses across different languages, assessing not only multilingual capabilities but also reasoning and cross-cultural knowledge.AGIEval[51]:A comprehensive benchmark designed to test artificial general intelligence across multiple domains and tasks.Meta Llama 3 human evaluation[13]: A high-quality human evaluation set containing 1,800 prompts that cover 12 key use cases: asking for advice, brainstorming, classification, closed question answering, coding, creative writing, extraction, inhabiting a character/persona, open question answering, reasoning, rewriting, and summarization.To summarize, we use various tasks and benchmarks to evaluate LLMs’ task-specific performance. This evaluation covers understanding and generating human-like responses across various domains. However, evaluation doesn't stop there. Safety evaluation is crucial for the responsible deployment of these models. Let's look deeper.Safety evaluationSafety evaluations of LLMs are critical to ensure these models generate responses that are safe and ethical. These evaluations focus on various tasks that help identify and mitigate risks such as the generation of harmful content. The main aspects of safety evaluation include:Toxicity and harmful contentBias and fairnessTruthfulnessUser privacy and data leakageAdversarial robustnessToxicity and harmful contentWe evaluate a model's ability to avoid generating toxic content. Toxicity includes:Hate speechAbusive languageContent that may pose harm to individuals, groups, or societyContent useful for planning attacks or violenceInstructions for finding illegal contentCommonly used benchmarks to evaluate a model's toxicity are:RealToxicityPrompts[52]:Consists of about 100,000 prompts that the model must complete; then a toxicity score is automatically evaluated using PerspectiveAPI [53].ToxiGen[54]:This benchmark tests a model's ability to avoid generating discriminatory language.HateCheck[55]:A suite of tests specifically for hate speech detection, covering various types of hate speech.Evaluating models using these benchmarks helps identify potential risks and improve the ability of models to generate safe and respectful content.Bias and fairnessWe assess the model's responses for potential biases. This includes detecting gender, racial, and other biases in generated content.Typical benchmarks are:CrowS-Pairs[56]:Contains paired sentences differing in only one attribute (e.g., gender) to test for bias. This dataset enables measuring biases in 9 categories: gender, religion, race/color, sexual orientation, age, nationality, disability, physical appearance, and socioeconomic status.BBQ[57]: A dataset of hand-written question sets that target attested social biases against different socially relevant categories.BOLD[58]: A large-scale dataset that consists of 23,679 English text generation prompts for bias benchmarking across five domains.These benchmarks help us ensure the model treats all demographic groups fairly and equally.TruthfulnessWe evaluate the LLM’s ability to generate truthful and factually accurate responses. This includes distinguishing between factual information and common misconceptions or falsehoods.A common benchmark to evaluate truthfulness is TruthfulQA [59]. It measures the truthfulness of a model, i.e., its ability to identify when a claim is true. This benchmark can evaluate the risks of a model generating misinformation or false claims.User privacy and data leakageWe evaluate the LLM’s tendency to leak sensitive information that it may have been exposed to during training. Since LLMs are trained on various publicly available data sources, they might know about people with a public internet presence. These assessments ensure that LLMs do not inadvertently disclose personal information. A common benchmark for this purpose is PrivacyQA [60].Adversarial robustnessAdversarial robustness tests an LLM’s ability to handle inputs intentionally designed to confuse or trick the model. This is crucial for ensuring the model's reliability and safety in practice. Typical benchmarks for testing LLM’s adversarial robustness include AdvGLUE [61], TextFooler [62], and AdvBench [63].To summarize, we use various benchmarks to evaluate the safety of the LLM, which is crucial to ensure users’ safety. While both task-specific and safety evaluations are essential, human evaluation remains the most reliable method for comprehensive assessment.Human evaluationIn this approach, human evaluators are asked to rate the different aspects of an LLM such as helpfulness and safety. Human evaluation is critical for assessing nuanced aspects of helpfulness and safety that task-specific and safety benchmarks might miss.Online evaluation metricsOnline evaluation metrics measure how an LLM performs when deployed in production. Commonly used metrics are:User feedback and ratingsUser engagementConversion rateOnline leaderboardsUser feedback and ratings:Users can rate their satisfaction with the model's responses. This direct feedback from users highlights areas that need improvement.User engagement:Metrics such as “number of queries made” and “session duration” can be insightful signals to measure user engagement. High engagement levels often indicate the LLM is effective in providing helpful information.Conversion rate:Conversion rate refers to the percentage of users who make a purchase or sign up for a service after interacting with the LLM. Conversion rate is a crucial metric to monitor because higher conversion rates indicate that users find the LLM useful enough to pay for the service.Online leaderboards:Online leaderboards track the performance of various LLMs in real time, A notable example is LMSYS Chatbot Arena [64], a crowdsourced open platform designed to evaluate LLMs. These models are ranked based on more than 800,000 human pairwise comparisons.Overall ML System DesignDesigning a chatbot system such as ChatGPT requires several components working together smoothly. Unlike traditional models, this system combines multiple services and pipelines to ensure efficiency, safety, and continuous improvement. In this section, we'll explore two key pipelines:Training pipelineInference pipelineTraining pipelineThe training pipeline involves three critical stages: pretraining, SFT, and RLHF. These stages collectively ensure the model is capable and that it generates helpful and safe responses.Inference pipelineThe inference pipeline includes several components that ensure the safety, relevance, and quality of the generated responses. This pipeline is responsible for real-time interaction with users. The key components in the inference pipeline are:Safety filteringPrompt enhancerResponse generatorResponse safety evaluatorRejection response generatorSession managementLet’s explore each component in more detail.Safety filteringThis component analyzes the user prompt to detect harmful, inappropriate, or unsafe queries before it is processed by the model. For example, a prompt asking for instructions on creating a harmful device will be rejected and flagged.Prompt enhancerThe prompt enhancer component refines and enriches the input prompt to make it more informative and detailed. It expands acronyms, corrects misspellings, and adds context where necessary.This component ensures the text prompts are clear, unambiguous, and free of grammatical errors before passing it to the model, which helps the model generate better responses.Response generatorThe response generator interacts with the trained LLM and utilizes top-p sampling to generate a helpful response. This component can optionally use other techniques to improve the quality and safety of the generated response. For example, it might generate multiple possible responses and then choose the one that is more appropriate based on a set of predefined criteria.Response safety evaluatorThis component evaluates the generated response to detect harmful or inappropriate content before it is shown to the user. It acts as a final safeguard to ensure responses meet ethical and safety standards.Rejection response generatorThis component generates a proper response when the input prompt is unsafe or the generated response is unsuitable. It provides a clear and polite explanation of why the request cannot be fulfilled.Session managementTo maintain conversation context and handle follow-up questions effectively, specific handling is required. For example, when a user is chatting with a model about their favorite movies, the model needs to remember not just the current question, but also their previous mentions of different genres or films.This component maintains the continuity and coherence of the conversation by tracking the chat history and managing the flow of dialogue. This is achieved by feeding the chat history, along with the enhanced prompt, into the response generator. This design ensures that each response is contextually relevant by referencing previous interactions and appropriately handling the state of the conversation.Other Talking PointsIf there is extra time at the end of the interview, here are some additional talking points:Techniques for managing dialogue states and tracking context across multiple turns [65].Employing advanced or more efficient ML objectives such as multi-token prediction [66].Handling very long sequence lengths [67][68].How to develop multimodal LLMs [69][70].Techniques such as RAG to leverage external knowledge bases and databases to enhance LLM output [71]. We explore this in Chapter 6.Efficiency techniques (e.g., distillation) for faster text generation.Techniques for adapting LLMs to specific domains (e.g., customer service, healthcare) without forgetting previous knowledge [72].Addressing security and privacy concerns in LLMs.Different optimization algorithms such as PPO, DPO, and rejection sampling [73].Red-teaming LLMs to reduce harm [74].Super-alignment and its importance in developing LLMs [75].How in-context learning works [76].Grouped query attention and its benefits [77].Employing chain-of-thought prompting techniques [78]. We explore this in Chapter 6.Implementing KV cache [79].Enhancing trust by requiring models to produce clear and verifiable justifications for their outputs [80].SummaryReference Material[1] OpenAI’s ChatGPT.https://openai.com/index/chatgpt/.[2] ChatGPT wiki.https://en.wikipedia.org/wiki/ChatGPT.[3] OpenAI’s models.https://platform.openai.com/docs/models.[4] Google’s Gemini.https://gemini.google.com/.[5] Meta’s Llama.https://llama.meta.com/.[6] Beautiful Soup.https://beautiful-soup-4.readthedocs.io/en/latest/.[7] Lxml.https://lxml.de/.[8] Document Object Model.https://en.wikipedia.org/wiki/Document_Object_Model.[9] Boilerplate removal tool.https://github.com/miso-belica/jusText.[10] fastText.https://fasttext.cc/.[11] langid.https://github.com/saffsd/langid.py.[12] RoFormer: Enhanced Transformer with Rotary Position Embedding.https://arxiv.org/abs/2104.09864.[13] Llama 3 human evaluation.https://github.com/meta-llama/llama3/blob/main/eval_details.md.[14] Exploring the Limits of Transfer Learning with a Unified Text-to-Text Transformer.https://arxiv.org/abs/1910.10683.[15] DeBERTa: Decoding-enhanced BERT with Disentangled Attention.https://arxiv.org/abs/2006.03654.[16] Transformers are RNNs: Fast Autoregressive Transformers with Linear Attention.https://arxiv.org/abs/2006.16236.[17] Common Crawl.https://commoncrawl.org/.[18] C4 dataset.https://www.tensorflow.org/datasets/catalog/c4.[19] Stack Exchange dataset.https://github.com/EleutherAI/stackexchange-dataset.[20] Training language models to follow instructions with human feedback.https://arxiv.org/abs/2203.02155.[21] Alpaca.https://crfm.stanford.edu/2023/03/13/alpaca.html.[22] Dolly-15K.https://www.databricks.com/blog/2023/04/12/dolly-first-open-commercially-viable-instruction-tuned-llm.[23] Introducing FLAN: More generalizable Language Models with Instruction Fine-Tuning.https://research.google/blog/introducing-flan-more-generalizable-language-models-with-instruction-fine-tuning/.[24] Training a Helpful and Harmless Assistant with Reinforcement Learning from Human Feedback.https://arxiv.org/abs/2204.05862.[25] Proximal Policy Optimization Algorithms.https://arxiv.org/abs/1707.06347.[26] Direct Preference Optimization: Your Language Model is Secretly a Reward Model.https://arxiv.org/abs/2305.18290.[27] Illustrating RLHF.https://huggingface.co/blog/rlhf.[28] RLHF progress and challenges.https://www.youtube.com/watch?v=hhiLw5Q_UFg.[29] State of GPT.https://www.youtube.com/watch?v=bZQun8Y4L2A.[30] Different sampling methods.https://huggingface.co/blog/how-to-generate.[31] The Curious Case of Neural Text Degeneration.https://arxiv.org/abs/1904.09751.[32] OpenAI’s API reference.https://platform.openai.com/docs/api-reference/chat/create.[33] Cheat Sheet: Mastering Temperature and Top_p in ChatGPT API.https://community.openai.com/t/cheat-sheet-mastering-temperature-and-top-p-in-chatgpt-api/172683.[34] PIQA: Reasoning about Physical Commonsense in Natural Language.https://arxiv.org/abs/1911.11641.[35] SocialIQA: Commonsense Reasoning about Social Interactions.https://arxiv.org/abs/1904.09728.[36] HellaSwag: Can a Machine Really Finish Your Sentence?https://arxiv.org/abs/1905.07830.[37] WinoGrande: An Adversarial Winograd Schema Challenge at Scale.https://arxiv.org/abs/1907.10641.[38] Can a Suit of Armor Conduct Electricity? A New Dataset for Open Book Question Answering. ​​https://arxiv.org/abs/1809.02789.[39] CommonsenseQA: A Question Answering Challenge Targeting Commonsense Knowledge.https://arxiv.org/abs/1811.00937.[40] TriviaQA: A Large Scale Dataset for Reading Comprehension and Question Answering.https://nlp.cs.washington.edu/triviaqa/.[41] The Natural Questions Dataset.https://ai.google.com/research/NaturalQuestions.[42] SQuAD: 100,000+ Questions for Machine Comprehension of Text.https://arxiv.org/abs/1606.05250.[43] QuAC dataset.https://quac.ai/.[44] BoolQ: Exploring the Surprising Difficulty of Natural Yes/No Questions.https://arxiv.org/abs/1905.10044.[45] GSM8K dataset.https://github.com/openai/grade-school-math.[46] MATH dataset.https://github.com/hendrycks/math/.[47] HumanEval dataset.https://github.com/openai/human-eval.[48] MBPP dataset.https://github.com/google-research/google-research/tree/master/mbpp.[49] Measuring Massive Multitask Language Understanding.https://arxiv.org/abs/2009.03300.[50] Measuring Massive Multilingual Multitask Language Understanding.https://huggingface.co/datasets/openai/MMMLU.[51] AGIEval: A Human-Centric Benchmark for Evaluating Foundation Models.https://arxiv.org/abs/2304.06364.[52] RealToxicityPrompts: Evaluating Neural Toxic Degeneration in Language Models.https://arxiv.org/abs/2009.11462.[53] Perspective API.https://perspectiveapi.com/.[54] ToxiGen: A Large-Scale Machine-Generated Dataset for Adversarial and Implicit Hate Speech Detection.https://arxiv.org/abs/2203.09509.[55] HateCheck: Functional Tests for Hate Speech Detection Models.https://arxiv.org/abs/2012.15606.[56] CrowS-Pairs: A Challenge Dataset for Measuring Social Biases in Masked Language Models.https://arxiv.org/abs/2010.00133.[57] BBQ: A Hand-Built Bias Benchmark for Question Answering.https://arxiv.org/abs/2110.08193.[58] BOLD: Dataset and Metrics for Measuring Biases in Open-Ended Language Generation.https://arxiv.org/abs/2101.11718.[59] TruthfulQA: Measuring How Models Mimic Human Falsehoods.https://arxiv.org/abs/2109.07958.[60] Question Answering for Privacy Policies: Combining Computational and Legal Perspectives.https://arxiv.org/abs/1911.00841.[61] AdvGLUE Benchmark.https://adversarialglue.github.io/.[62] Is BERT Really Robust? A Strong Baseline for Natural Language Attack on Text Classification and Entailment.https://arxiv.org/abs/1907.11932.[63] AdvBench.https://github.com/llm-attacks/llm-attacks.[64] Chatbot Arena leaderboard.https://lmarena.ai/leaderboard.[65] A Survey on Recent Advances in LLM-Based Multi-turn Dialogue Systems.https://arxiv.org/abs/2402.18013.[66] Better & Faster Large Language Models via Multi-token Prediction.https://arxiv.org/abs/2404.19737.[67] Gemini 1.5: Unlocking multimodal understanding across millions of tokens of context.https://arxiv.org/abs/2403.05530.[68] HyperAttention: Long-context Attention in Near-Linear Time.https://arxiv.org/abs/2310.05869.[69] MM-LLMs: Recent Advances in MultiModal Large Language Models.https://arxiv.org/abs/2401.13601.[70] Multimodality and Large Multimodal Models.https://huyenchip.com/2023/10/10/multimodal.html.[71] What is Retrieval-Augmented Generation?https://cloud.google.com/use-cases/retrieval-augmented-generation.[72] How to Customize an LLM: A Deep Dive to Tailoring an LLM for Your Business.https://techcommunity.microsoft.com/t5/ai-machine-learning-blog/how-to-customize-an-llm-a-deep-dive-to-tailoring-an-llm-for-your/ba-p/4110204.[73] Llama 2: Open Foundation and Fine-Tuned Chat Models.https://arxiv.org/abs/2307.09288.[74] Red Teaming Language Models to Reduce Harms: Methods, Scaling Behaviors, and Lessons Learned.https://arxiv.org/abs/2209.07858.[75] Introducing superalignment.https://openai.com/index/introducing-superalignment/.[76] Language Models are Few-Shot Learners.https://arxiv.org/abs/2005.14165.[77] GQA: Training Generalized Multi-Query Transformer Models from Multi-Head Checkpoints.https://arxiv.org/abs/2305.13245.[78] Chain-of-Thought Prompting Elicits Reasoning in Large Language Models.https://arxiv.org/abs/2201.11903.[79] Efficiently Scaling Transformer Inference.https://arxiv.org/abs/2211.05102.[80] Prover-Verifier Games improve legibility of language model outputs.https://openai.com/index/prover-verifier-games-improve-legibility/.


Chapter 05
Image Captioning
Introduction
Image captioning is the process of generating text that describes an image. The generated text, also known as caption, should accurately reflect the image’s content.
Image captioning has multiple applications. For example, on social media platforms, it automatically suggests image captions, saving time for content creators. In online retail, it generates captions for product images, thus improving the shopping experience.
Beyond user-facing applications, image captioning is also used in systems that operate behind the scenes. For instance, in NSFW (Not Safe for Work) content moderation, image captioning systems can generate descriptive captions that help identify and flag inappropriate or explicit content by providing text-based interpretations of images. Additionally, image captioning can address the cold-start problem in recommendation systems, which occurs when a system lacks sufficient data on new users or items to make accurate recommendations. By generating descriptive captions, the system gains textual information that helps categorize and recommend new items based on their content.
In this chapter, we design a machine learning (ML) system that generates descriptive captions for images.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate:There are various types of images, including general everyday images and domain-specific images such as medical imagery or technical diagrams. Can I focus on general everyday images?Interviewer:Sure.
Candidate:Are there any specific applications or use cases we are targeting with this system?Interviewer:We are targeting name suggestions to designers when they upload their assets.
Candidate:Since the image captioner will be used for asset name suggestions, the captions should not be too long and detailed. Is this a fair assumption?Interviewer:Makes sense. The captions should be short, but descriptive and clear.
Candidate:Should the system support multiple languages, or will it focus only on English?Interviewer:Let’s focus on English only.
Candidate:What is the estimated size and diversity of the dataset?Interviewer:We have access to a large dataset with 400 million image–caption pairs focused on everyday images.
Candidate:Does the dataset consist solely of English captions?Interviewer:The dataset is not preprocessed. There might be captions in different languages, and some captions might be noisy or inaccurate. Additionally, captions for some images may be missing.
Candidate:Is real-time captioning required?Interviewer:The system should generate a caption quickly, though real-time speed is not necessary. A latency of 1–2 seconds is acceptable.
Candidate:How should the system handle images with ambiguous content or unclear focus?Interviewer:In such cases, the system should skip suggesting a caption.
Candidate:I assume the system should avoid generating biased captions or captions with offensive words. Is that a fair assumption?Interviewer:Great point. Yes, it is crucial to ensure our system remains fair and safe for users.
Candidate:What are the typical image dimensions? Very small images can be unclear, leading to incorrect captions.Interviewer:Let's assume the system only suggests names for images with a minimum resolution of 256 x 256 pixels.
Frame the Problem as an ML Task
Specifying the system’s input and output
The input to an image captioning system is an image. This image is processed by the model to generate a descriptive caption. The output, therefore, is a text that accurately describes the content of the image.
Choosing a suitable ML approach
The image captioning problem introduces a unique challenge: an ML model requires visual understanding to process the input image, language understanding to generate a caption, and the ability to bridge the gap between visual and textual modalities. This requires developing a multi-modal system.
A common approach to building multi-modal systems is to use an encoder-decoder framework. Similar to language translation—where we utilized an encoder-decoder architecture—we treat the image as a new "language" in this context. Specifically, we employ two main components, each handling one modality:
Image encoder
Text decoder
Image encoder
The image encoder is responsible for understanding the visual content of the image and encoding the image into a lower-dimensional representation.
Text decoder
The text decoder uses the encoded visual information from the image encoder to generate a descriptive caption.
We will explore the architecture of these components in detail in the model development section. It's important to note that there are various approaches to tackling the image captioning problem. While we focus on the encoder-decoder framework here, alternative models such as BLIP-2 [1], BLIP-3 [2], and InternVL [3] offer different techniques and architectures for generating captions. If you're interested in these other methods, you can refer to [1] [2] [3] for a broader understanding of the image captioning landscape.
Data Preparation
In this section, we prepare the dataset to train our image captioning system.
The dataset comprises 400 million pairs of images and captions. However, not all images or captions are suitable for training. Let’s examine data preparation for captions and images separately.
Caption preparation
Raw captions are often noisy and not in a format that is usable by the ML model. During caption preparation, we remove inappropriate captions and ensure the remaining ones are consistent and tokenized. In particular, we perform the following steps:
Remove pairs with a non-English caption:We remove image–caption pairs where the caption is not in English, as this model’s focus will be on English.
Remove duplicate images or captions:To ensure the diversity and quality of the training data, we eliminate duplicate images and captions. Duplicate images are identified using perceptual hashing techniques or image similarity models (e.g., CLIP image encoder), while duplicate captions are detected by exact match or semantic similarity checks (e.g., CLIP text encoder). Removing duplicates prevents the model from overfitting to redundant data and helps it learn a broader range of associations between images and text.
Remove irrelevant captions:We use a pretrained vision–language model (e.g., CLIP) to assess the relevance between images and their corresponding captions. A higher score usually indicates greater semantic relevance between the image and the text. We remove pairs with scores below a specific threshold, such as 0.25. This ensures our model learns from high-quality, relevant pairs. For more information on how CLIP scores the relevance between text and images, refer to Chapter 9.
Summarize long captions:Captions are often long and detailed. Training the model with these captions leads to the generation of similarly long captions, which doesn't suit our use case. To address this, we summarize the captions using a large language model such as Llama [4] to create brief, concise descriptions that meet our requirements.
Normalize captions:We apply standard text normalization techniques including lowercasing and trimming whitespaces to maintain consistency between captions.
Tokenize captions:We use a subword-level tokenization algorithm such as Byte-Pair Encoding (BPE) [5] to tokenize captions into a sequence of IDs. For a detailed review of text tokenization methods and the BPE algorithm, refer to Chapter 2 and Chapter 3.
Image preparation
As is the case for captions, not all images are useful. We remove images that might hurt training and ensure the remaining images are consistent and suitable for the model training. In particular, we perform the following steps:
Remove low-resolution images:We remove image–caption pairs in which the image resolution is less than 256×\times×256 because such low-resolution images might not provide enough detail for accurate caption generation.
Normalize images:We scale the pixel values to a normalized range, such as 0 to 1. This normalization makes the training process more stable.
Remove low-quality images:To maintain high-quality training data, we filter images that exhibit conditions such as blurriness, overexposure, underexposure, or other defects that degrade visual clarity. Image quality assessment methods, such as the LAION Aesthetics Predictor [6], help identify and remove subpar images by scoring them on factors such as sharpness, contrast, and lighting.
Adjust image dimensions:Images typically have a range of sizes and aspect ratios. We resize all images to a uniform size. This is critical since ML models require fixed-size inputs during training. When adjusting image dimensions to a uniform size, it is important to preserve their original aspect ratios. To do so, we often follow two steps:
Resizing:First, we resize the image so that the smaller dimension matches the target size. For instance, if our target size is 256×\times×256 and our original image is 512×\times×768, we resize it to 256×\times×384.
Center-cropping:Next, we center-crop the resized image to the target dimensions. From our previous example, we center-crop the 256×\times×384 image to 256×\times×256.
This two-step method ensures our images maintain their aspect ratios and fit the required size for our ML model.
Model Development
Architecture
We framed image captioning as a multi-modal language generation task where the image encoder processes an input image, and the text decoder generates a descriptive caption. In this section, we explore the architecture of the image encoder and text decoder.
Image encoder
The image encoder is responsible for processing an image and encoding the information within it.
The output of the encoder plays a pivotal role in determining the quality and specificity of the generated captions. The encoder’s output can be either a single token, representing the entire image as a single feature vector, or a sequence of tokens, where each token corresponds to a specific region or aspect of the image. The choice between these two approaches has significant implications for how effectively the system captures and represents the visual content, and research has explored both options to understand their strengths and limitations.
When the encoder produces a single token as its output, it effectively compresses the entire image into one vector. This vector serves as a summary of the image, encapsulating its global features and overall context. The primary advantage of this approach lies in its simplicity; the architecture remains straightforward, with reduced computational complexity and lower resource requirements. A single vector emphasizes the overall content of the image, which can be particularly beneficial for generating concise and high-level captions that capture the general essence of the scene. However, this approach also has notable downsides. Condensing all visual information into one vector often means the loss of local details and specific nuances, which are crucial for generating descriptive and contextually rich captions. As a result, captions generated from single-token outputs may lean toward being more generic and may struggle with complex images that require detailed representation.
On the other hand, producing a sequence of tokens from the encoder allows the system to capture a more granular view of the image. Each token in the sequence corresponds to a distinct part or patch of the image, resulting in a richer and more comprehensive representation that includes both global and local features. This approach aligns particularly well with the attention mechanism, which is a cornerstone of modern generative models such as Transformers. The attention mechanism works best with sequence inputs, as it enables the decoder to focus dynamically on different regions of the image during caption generation. This capability of selectively attending to various parts of the image leads to more accurate, relevant, and detailed captions. By using a sequence of tokens, the model can generate captions that are not only more descriptive but also better aligned with the specific objects, actions, and contexts present in the image.
The image encoder architectures can be divided into the following:
CNN-based
Transformer-based
Convolutional Neural Networks (CNNs) are traditionally used for image-encoding tasks. CNNs excel at capturing spatial hierarchies in images through the use of convolutional filters. These filters detect patterns such as edges, textures, and objects at different scales.
CNN-based encoders process the input image and output a grid of feature vectors. For example, as shown in Figure 7, an input image passes through the CNN, producing a feature vector of size 3 x 3 x c. Here, c represents the channel size, which depends on the CNN architecture. While the CNN produces a 3 x 3 x c output, the Transformer in the text decoder needs a sequence of features (i.e., 9 x c). To achieve this, we use a flattening or reshaping operation that reorganizes the features from each of the nine positions in the 3 x 3 grid into a sequential format.
Transformer models, originally developed for natural language processing, have recently been adapted for image encoding with significant success. In this architecture, a Transformer analyzes images, extracts features, and encodes them into a sequence of embeddings. Specifically, a Transformer-based image encoder consists of:
Patchify
Positional encoding
Transformer
Since Transformers work with sequences, the image should first be converted into a sequence. This process involves three steps:
Divide the image into fixed-size patches
Flatten each patch
Linearly project each patch
For example, a 256 x 256 input image is divided into patches of 64 x 64. These patches are flattened into 4096-sized vectors and linearly projected into embedding vectors of size c, where c is the desired embedding size.
Positional encoding assigns position information to each patch, specifying where each patch was located in the original image. This helps Transformers understand positions within the sequence.
Positional encoding can be implemented in various ways. Let’s briefly explore the following variations:
1D vs. 2D positional encoding
Learnable vs. fixed positional encoding
1D positional encoding employs a function that maps an integer (position in the sequence) to a c-dimensional vector, where c is usually the Transformer’s hidden dimension. This is commonly used in text sequences, with each token receiving a positional vector based on its place. When applied to images, 1D positional encoding encodes the position of each patch in a flattened sequence, which might not capture the two-dimensional spatial relationships in images.
2D positional encoding, on the other hand, maps two integers—representing the row and column positions in the image grid—into a c-dimensional vector. This encoding method is more suitable for images as it preserves the spatial structure.
In learnable positional encoding, the model learns positional encodings during training. A neural network maps positions (1D or 2D) to a c-dimensional vector. In the fixed approach, positional encodings are determined by a fixed function such as sine–cosine. For more details, refer to Chapter 2.
There is often no best solution when choosing between 1D vs. 2D and learnable vs. fixed positional encoding. While Vision Transformer (ViT) [7] uses learnable 1D positional encoding, in practice, we often test different combinations to see which works best for a specific task.
CNNs are effective at capturing local patterns in images but they struggle with long-range dependencies between distant regions of the image. In contrast, Transformers capture both local and global relationships in the image using a self-attention mechanism. This allows Transformers to model complex dependencies, making them ideal for tasks that require detailed, context-aware image understanding, for example, generating descriptive captions. For these reasons, we follow the ViT [7] and choose Transformer-based architecture as our image encoder.
Text decoder
The text decoder is responsible for generating the caption. As we saw in previous chapters, a decoder-only Transformer is the standard choice for text generation. The input to the decoder-only Transformer is a sequence of vectors corresponding to the input image. Its output is the caption, generated one token at a time.
Training
The training approach for the image captioning model is similar to the strategies discussed in previous chapters. We follow a two-stage training strategy:
Unsupervised pretraining
Supervised finetuning
1. Unsupervised pretraining
During this stage, the text decoder – which is a decoder-only Transformer – is trained on general data. The purpose of this stage is to develop a base model that has a broad understanding of language structure and is capable of generating coherent text. This knowledge is crucial for the model to perform well when it is later finetuned on a more specific task such as caption generation.
The pretraining stage is computationally expensive. It is common practice to use existing pretrained models to bypass this stage and, thus, significantly reduce computational costs. In this chapter, we use a pretrained decoder-only Transformer such as GPT-2 [8] or Llama [4].
Similarly, the image encoder can also be derived from pretrained models. Instead of training an image encoder from scratch, we can leverage powerful pretrained vision models such as CLIP [9] or ViT [7].
2. Supervised finetuning
In this stage, we train both the image encoder and the text decoder on 400 million image–caption pairs. The image encoder improves its ability to encode image information effectively, and the text decoder learns to understand the sequence of image embeddings and generate a descriptive caption.
The text decoder generates the caption one token at a time. Consistent with previous chapters, we use next-token prediction as our ML objective and employ cross-entropy loss [10] to guide the training process.
Sampling
During sampling, the caption tokens are generated one at a time.
While stochastic sampling methods can create creative captions, beam search ensures predictability. We use beam search for our image captioning system for the following reasons:
Quality:Beam search typically generates higher-quality captions, which is critical for accurately describing image content.
Consistency:The deterministic nature of beam search ensures that the model always produces the same caption for the same image. This consistency is crucial for image captioning.
Coherence:Beam search typically produces coherent captions, which is important for image captioning. This avoids sudden topic changes or contradictions such as "A person is walking house" or "A dog is reading a person."
Evaluation
Offline evaluation metrics
During offline evaluation, we assess the performance of the trained model on a validation dataset. This is achieved by comparing generated captions with reference (i.e., correct) captions and measuring their similarity.
Before exploring common metrics, let’s review validation data. Validation data contains examples not seen by the model during training. Each example includes an image and a set of reference captions. These captions are typically collected by having multiple human annotators describe each image.
In image captioning systems, it's common to have multiple reference captions for each image. This benefits both training and evaluation for the following reasons:
Robust training:Different people describe the same image in different ways. Multiple references allow the model to learn different ways of describing an image. This leads to a more robust model that is capable of describing images more accurately.
Comprehensive evaluation:Multiple captions provide a more thorough assessment of a model's performance. Comparing the generated caption to several correct reference captions leads to a fairer evaluation.
The following metrics are commonly used in the offline evaluation of image captioning models:
BLEU
ROUGE
METEOR
CIDEr
The first three metrics on the list are explored extensively in Chapter 3. In this chapter, we focus on CIDEr, which has been designed specifically to evaluate image captioning models.
CIDEr
CIDEr [11] is a popular metric for evaluating image captioning models. It uses consensus to evaluate the similarity of a generated caption to a set of reference captions. CIDEr gives higher scores to captions that are similar to multiple reference captions rather than just one. For a single example, CIDEr is calculated in three steps:
Represent captions usingTermFrequency–InverseDocumentFrequency (TF-IDF)
Calculate similarities
Aggregate the similarity scores
In the first step, we convert the generated caption and each reference caption into numerical representations using TF-IDF. TF-IDF evaluates a word's importance to a document by considering how frequently it appears in that document and how common or rare it is across the entire corpus. These importance scores are used to represent a sentence numerically. To learn more about TF-IDF, refer to [12][13].
Next, we calculate the similarity between the generated caption and each reference caption. We do this by computing the cosine similarity between their TF-IDF representations.
A higher cosine similarity score (i.e., a score closer to 1) indicates greater similarity, while a lower value (closer to 0) indicates lesser similarity.
Once we have the cosine similarity scores between the generated caption and each of the reference captions, we take an average of these scores. This average score reflects the overall similarity between the generated caption and the reference captions.
The final CIDEr score is calculated by averaging the similarity scores for all generated captions in the validation dataset. This provides a single metric to evaluate the model's overall performance.
Let’s see some of the pros and cons of the CIDEr metric.
Consensus-based:CIDEr emphasizes consensus by rewarding captions that are similar to multiple reference captions. This leads to a more reliable evaluation of a model's performance.
Sensitive to important words: TF-IDF assigns more weight to unique words in their representation. This ensures that the CIDEr score reflects the importance of words and rewards captions that use those words.
Robust to different caption variations:CIDEr is robust to different variations of generations since it is calculated based on multiple reference captions.
Computationally complex:Calculating TF-IDF representations in large datasets can be computationally expensive.
Sensitive to the quality of reference captions:The quality and diversity of reference captions impact the CIDEr score. Poor references can lead to misleading evaluations.
Penalizes novel yet accurate captions:CIDEr may penalize creative or novel phrases that are still accurate but are not present in the reference set.
Lack of semantic understanding:CIDEr relies on TF-IDF to measure the similarity between two sentences. This might not always capture the semantic similarity when captions are textually similar but semantically different. For example, "Coffee on top of the table" and "Table on top of the coffee" might have similar TF-IDF representations due to similar words, but they are not semantically similar.
Online evaluation metrics
Online evaluation metrics are important for assessing the performance of ML systems. However, they are often not the primary focus in image captioning systems for two main reasons. First, image captioning systems are usually part of a bigger system, making it harder to collect user interaction data. Second, collecting feedback from users is challenging. Unlike tasks where we can easily measure user satisfaction, evaluating image caption quality requires subjective judgment, which, by definition, varies between users. For example, a caption might be acceptable to one user but not to another, depending on their personal interpretation of the image.
In summary, standard offline metrics remain the primary method for evaluating our image captioning system. For the few use cases where image captioning impacts user experience directly, engagement metrics and user feedback can provide valuable insights into the system's performance.
Overall ML System Design
Building an image captioning system is more than just training a model. It requires various components working together. In this section, we discuss the following key components essential for building an image captioning system:
Image preprocessing
Caption generator
Post-processing
Let’s briefly explore each component and understand its role.
Image preprocessing
Image preprocessing is the initial step that prepares an input image for the trained model. This involves resizing images to a standard size, converting them into a consistent format, and standardizing pixel values. This step ensures that images are consistent with what the model expects as input.
Caption generator
The caption generator is the core component that produces captions based on the prepared image. This component interacts with the trained model and employs beam search to generate a coherent caption. If the cumulative probability of the generated caption falls below a predefined confidence threshold, the name suggestion is disabled; otherwise, the caption is passed to the post-processing component. This ensures that the system avoids producing irrelevant captions for ambiguous images.
Post-processing
The post-processing component identifies biased terms or phrases in the caption and replaces them with neutral alternatives. This ensures fairness and inclusivity in generated captions. Additionally, it checks for the presence of offensive words and disables the name suggestion service if any are found.
Other Talking Points
If the interview finishes early, you might want to bring up the following topics:
Extending the image captioner to support other tasks, such as visual question answering (VQA) [14].
Adapting models to caption images from various domains [15].
Generating captions in multiple languages using multilingual datasets and cross-lingual transfer learning [16].
Optimization techniques for caption generation on edge devices [17].
Generating and ranking multiple plausible captions based on relevance [18].
Details of BLIP-2 and BLIP-3 methods and additional loss functions utilized for improving captioning [1] [2].
Summary
Reference Material
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Chapter 06
Retrieval-Augmented Generation
Introduction
In Chapter 4, we developed a chatbot capable of answering open-domain questions. However, many applications need access to additional information, such as company databases (e.g., internal documentation), real-time data (e.g., sports scores), or user-provided files (e.g., uploaded PDFs).
Allowing chatbots to access this information improves the accuracy and relevance of their responses, especially for fact-based or specialized tasks. A real-world example of such a system isPerplexity.ai[1], an AI-powered conversational search engine that uses web-based information to respond to user queries.
In this chapter, we build a system similar to ChatPDF [2] that answers employee questions using internal company documents. Instead of reading FAQs, employees can ask the chatbot directly and receive answers based on those documents.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate:What does the external knowledge base consist of? Does it change over time?Interviewer:The knowledge base includes company Wiki pages and a company-wide “Stack Overflow”–style forum. The documentation does change, but at a slower pace compared to real-time updates.
Candidate: Do the Wiki pages and forums contain text, images, and other modalities?Interviewer: Assume each page is in PDF format and contains text, tables, and diagrams. For simplicity, other modalities do not need to be considered.
Candidate: Do the pages follow a fixed format or template?Interviewer: No, the formats vary. Some are double-column, some are single-column, and others are mixed.
Candidate: How many pages are there in total?Interviewer: We have around 5 million pages.
Candidate: Is it necessary for the system to include document references?Interviewer: Yes.
Candidate:Should the system respond in real time?Interviewer:Users can tolerate a slight delay of a few seconds.
Candidate: Does the system need to support multiple languages?Interviewer: To keep things simple, let’s stick to English.
Candidate: Should the system support user feedback or follow-up questions?Interviewer: Not initially. However, your design should be flexible enough to add support for feedback loops or follow-up questions.
Candidate: What is the expected growth in documents?Interviewer: The document base is expected to grow by twenty percent annually.
Candidate: Do we need to address safety concerns, such as preventing harmful, biased, or misleading outputs?Interviewer: Safety matters, but let's prioritize data handling, architecture, and performance efficiency.
Frame the Problem as an ML Task
Specifying the system’s input and output
The input to the ChatPDF system is a text prompt provided by the user. The model processes this prompt alongside a continuously updated document database containing both text and images. The output is a text-based response that accurately addresses the user's query.
Choosing a suitable ML approach
Given the nature of the task, large language models (LLMs) are well-suited for text generation and are often the default choice. However, general-purpose LLMs may struggle with specific domains and, therefore, may need customization to handle external data sources. To enable an LLM to answer queries based on company-specific data, there are three main approaches:
Finetuning
Prompt engineering
Retrieval-augmented generation (RAG)
Let's explore each one in detail and discuss their trade-offs.
Finetuning
In this approach, a pretrained general-purpose LLM is finetuned on company-specific data, such as internal documents. By updating its weights, the LLM adapts to better understand the company's unique terminology, processes, and FAQs. Chapter 10 will explore advanced finetuning techniques such as LoRA [3] to adapt large models to specific data.
Customizable:Finetuning allows the model to generate responses tailored to specific domains.
Enhanced accuracy:By finetuning the model on specialized data, it becomes more accurate and better able to handle niche topics.
Computationally expensive:Updating the entire model’s parameters requires a lot of computational resources, which can be expensive.
Frequent retraining:This approach requires frequent finetuning to continuously incorporate up-to-date data into the model.
Requires technical expertise:This approach requires an understanding of ML principles and language model architectures, which can be a barrier for those without specialized knowledge.
Extensive data requirement:Finetuning requires a substantial, high-quality dataset, which can be difficult and time-consuming to collect.
Lack of references:Finetuned models usually can’t provide references for their answers, making it hard to verify or trace information back to its source.
Prompt Engineering
Prompt engineering guides a general-purpose LLM to produce specific outputs through carefully designed prompts. Unlike finetuning, this method keeps the underlying LLM unchanged and includes relevant information, such as company data or instructions, directly in the prompts to control the model’s behavior. For example, a prompt might include information such as the summary of company policies, as shown in Figure 4. Later in this chapter, we will explore more advanced prompt engineering techniques, such as few-shot and chain-of-thought prompting.
Ease of use:The prompt engineering is simple to use and requires no technical skills, which makes it suitable for a wide range of users.
Cost-effectiveness:By leveraging a pretrained LLM, prompting incurs minimal computational costs compared to finetuning.
Flexibility:Prompts can be easily modified to experiment with different outputs without having to retrain the model.
Inconsistency:The quality and relevance of responses can vary greatly depending on how the prompt is phrased.
Limited customization:The ability to tailor responses is limited to the effectiveness and creativity of the prompt design. Prompt engineering lacks the depth of customization that finetuning provides.
Limited to LLM’s existing knowledge:Outputs are confined to the information the LLM was initially trained on, making it less effective for highly specialized domains or providing responses based on the most current information.
RAG
RAG is an advanced method that combines the capabilities of a general-purpose LLM with a real-time retrieval system. Instead of relying solely on the LLM’s pretrained knowledge, RAG retrieves relevant information from external sources, such as a company’s internal documents, and feeds it into the LLM during inference. This approach ensures the LLM generates responses that are both relevant and accurate based on the available information.
A RAG system, as shown in Figure 5, has two components:
Retrieval:The retrieval component takes the user’s original prompt, finds the most relevant information from external sources, and returns it as context.
Generation:Typically, a general-purpose LLM uses the user's prompt and the retrieved information to generate a response.
Access to most current information:RAG can provide up-to-date responses by pulling data from external sources, thus improving the relevance and accuracy of the answers.
Contextual relevance:By retrieving information from external sources, RAG can add context to the model’s answers, making responses more detailed and relevant.
Implementation complexity:Implementing RAG can be technically challenging, as it requires two components (retrieval and generation) to work together smoothly.
Dependence on retrieval quality:The quality of the responses is highly dependent on the relevance and accuracy of the retrieved information, which can impact the overall performance of the system.
Which approach is more suitable for ChatPDF?
Finetuning allows the LLM to generate more specialized responses but is computationally expensive and does not reference original documents, making it unsuitable for our needs. While prompt engineering provides a simple and flexible way to guide a general-purpose LLM without finetuning, it’s not scalable. This is because including the information from all external sources in the prompt typically exceeds LLM’s context window.
RAG offers a balanced solution in terms of ease of setup, cost, and scalability, making it ideal for handling large, evolving datasets and providing up-to-date information. This approach is particularly effective for internal query chatbots in corporate environments. Therefore, we choose RAG to build our ChatPDF system. In the model development section, we delve into prompt engineering and discuss how we combine it with RAG to further enhance the system.
Data Preparation
The performance of the RAG system relies on the quality of the knowledge database and the way it is indexed. When the knowledge base is sourced from websites, data-cleaning strategies such as removing inappropriate content or anonymizing sensitive information should be applied, as discussed in Chapter 4.
In this section, we focus on preparing data from a collection of PDF pages. This involves a three-step process:
Document parsing
Document chunking
Indexing
Document parsing
PDFs are one of the most widely used document formats. It is important to properly extract their content to prepare the data for LLM training and to ensure that the LLM can correctly answer questions based on the PDF’s content.
Parsing a PDF means converting its text, images, and other elements into a structured format that a language model can understand. There are two primary approaches for parsing PDFs:
Rule-based document parser
AI-based document parser
Rule-based document parser
The rule-based approach relies on predefined rules and patterns that are based on the layout and structure of the document. It attempts to “calculate” the layout and extract content accordingly, making it easy to implement when the document format is consistent and predictable.
However, rule-based methods struggle to handle a wide range of PDF types and formats because PDFs can vary considerably in design. The rigid nature of this method means that if the document does not match the expected format, it can result in mistakes when extracting the content. This makes rule-based parsing less useful when dealing with differing or complex document layouts.
AI-based document parser
AI-based methods take a different approach. They use advanced techniques such as object detection and OCR (Optical Character Recognition) [4] to identify and extract various elements from a document, for example, text, tables, and diagrams. These methods can handle a wide range of document layouts, making them better suited for dealing with complex documents.
There are various tools available for AI-based document parsing. For example,Dedoc[5] supports parsing a wide range of document formats and standardizing content into a consistent structure. Similarly, Layout-Parser [6] uses high-precision models to accurately detect different parts of a document, though the size of these models can slow down the process. To better understand AI-based document parsers, let’s take a closer look at how Layout-Parser works.
Layout-Parser takes a document image as input and generates a structured output using the following steps:
Layout detection:The parser uses advanced object detection models to detect and generate rectangular boxes around different content regions. These regions can include elements such as paragraphs, tables, images, or headers.
Text extraction:The content inside each rectangular box is processed using OCR to extract the text. The bounding box coordinates ensure the text is recognized in the correct order and format, maintaining the document's original structure.
Structured output generation:The parser produces a structured output containing two types of data:Text blocks:Includes the block’s coordinates, extracted text, reading order, and meta information.Non-text blocks:Includes the coordinates of figures or images.
Several online services provide document parsing services, for example, Google Cloud Document AI [7] and PDF.co [8]. These services allow users to upload their documents and have them parsed without needing to set up and maintain the parsing system themselves.
Document chunking
Once we have identified the blocks of text, images, or tables in a document, the next step is to index them into a searchable database. For long text blocks such as those found in reports or books, indexing the entire content as a single item is ineffective. This is because the embedding vector representing an entire book or report might capture the general context but miss important details, which can result in less-accurate or incomplete retrieval results. Additionally, if we retrieve the entire book or report, it would exceed the token limit of most models, such as the 128K token limit for the GPT-4o model.1
Document chunking addresses these challenges by breaking the text into smaller, manageable pieces or ‘chunks.’ Chunking helps improve the quality and precision of the retrieval and ensures that each chunk fits within the model's input limit.
Some common strategies for chunking are:
Length-based chunking:This simple approach splits the text into chunks based on a specified length. While it's easy to implement, it can sometimes split sentences or logical sections in the middle, leading to fragmented or less-meaningful chunks. Tools like LangChain [9] provide text splitters, such as theCharacterTextSplitterandRecursiveCharacterTextSplitter, which allow for adjustable chunk sizes and overlap settings. These splitters can handle different separators and help maintain coherence across chunks.
Regular expression-based chunking:This approach uses regular expressions to split the text based on specific punctuation marks, such as periods, question marks, or exclamation points. It allows for better sentence-level chunking by keeping logical breaks intact, although it may still lack a deeper semantic understanding of the text.
HTML, markdown, or code splitters:For documents in structured formats like HTML or Markdown, specialized splitters are used. These tools split the text at element boundaries such as headers, list items, or code blocks, while preserving the document’s overall structure. For example, LangChain hasMarkdownHeaderTextSplitter,HTMLHeaderTextSplitter,andPythonCodeTextSplitter, respectively. These splitters are useful for web pages or technical documentation, where maintaining the hierarchical structure is important.
Indexing
After preparing the data through document parsing and chunking, the final critical step in the RAG system is indexing. Indexing is the process of organizing the chunked data into a structure that enables efficient and accurate retrieval. This step plays a key role in ensuring that the system can quickly locate relevant chunks of information when a query is made.
To determine the indexing process, it is crucial to understand various retrieval techniques and choose the one that best suits the task. Popular retrieval techniques include:
Keyword-based
Full-text search
Knowledge graph–based
Vector-based
Let’s first explore each technique, and then index our data to enable efficient retrieval.
Keyword-based
Traditional keyword-based retrieval relies on matching exact query terms with the content of documents. It is fast and simple but cannot understand the meaning of the query. For example, it may struggle with synonyms, leading to incomplete or irrelevant results. This approach is ineffective when dealing with large-scale datasets or when the goal is to retrieve information based on semantic similarity rather than exact word matches.
Full-text search
Full-text search engines such as Elasticsearch [10] offer a more advanced approach by scanning entire documents for relevant matches. This method allows for a comprehensive analysis of the document’s content, including partial matches and phrase searches. However, full-text search comes with higher computational overhead, especially when dealing with large datasets containing, for example, millions of PDF documents. Although effective for finding specific text, this approach is less efficient when it comes to semantic retrieval.
Knowledge graph–based
Knowledge graph–based retrieval is a sophisticated technique that leverages structured relationships between entities (e.g., people, places, or concepts) to retrieve information based on the connections between these entities. This method is excellent for answering complex queries and understanding relationships within the data. However, building and maintaining a knowledge graph requires significant effort, and it is not always practical for large, unstructured datasets such as PDF collections or Wiki pages. To learn more about knowledge graph–based retrieval, refer to [11].
Vector-based
Instead of relying on text-based matches, this method uses high-dimensional embeddings—numerical representations of the text and images—to measure the similarity between a query and the stored chunks of data. This technique enables the retrieval of relevant information even when the exact words in the query do not match the document content, making it more flexible and powerful for large-scale datasets.
Which retrieval technique is suitable for the ChatPDF?
To select an appropriate retrieval method, let’s first understand the scale of our system and estimate the number of data chunks involved. In this case, the company manages a large dataset of around 5 million pages. Suppose each page contains roughly 1,500 characters and includes three images. Using length-based chunking with a chunk size of 500 characters and a 200-character overlap, each page will generate 5 text chunks and 3 image chunks. Therefore, the total number of chunks the RAG system is dealing with is 5M(1500 / (500-200) + 3)=40M. This figure is expected to grow by roughly 20 percent each year, as indicated in the requirements section.
With around 40 million data chunks and a projected 20 percent annual increase, it's essential to select a retrieval technique that is scalable and can handle this growing volume efficiently.
Traditional retrieval methods [12] [13] such as keyword-based and full-text search have been widely used, but they face limitations in speed, scalability, and the ability to understand the semantic meaning of queries. Knowledge graph–based retrieval requires significant effort to build and maintain such graphs, making them a costly choice.
Vector-based retrieval, on the other hand, is the primary technique used in modern RAG systems due to the following advantages:
Semantic understanding:It can capture the semantic meaning of a query, allowing for more accurate retrieval even when the exact query terms are not present in the document.
Scalability:Using embedding vectors makes this method highly scalable and able to handle large datasets efficiently.
Efficiency:Once the data is indexed as embedding vectors, the system can efficiently retrieve the relevant chunks.
Due to these advantages, we choose vector-based retrieval and index our data accordingly.
Indexing data for vector-based retrieval
In a vector-based retrieval system, each chunk of data is converted into an embedding vector representing the content in a numerical format. When indexing, ML models are employed to compute the embeddings and store them in a vector database. This makes it easy for the RAG system to quickly compare them to the query’s embedding and retrieve the most relevant information without unnecessary processing at inference time. We'll dive into the architecture of these ML models and examine the retrieval process in more detail in the model development section.
In summary, we use a three-step approach to prepare PDFs for the RAG system. First, we apply document parsing techniques to convert the PDF into a structured format, breaking it down into text, tables, and images. Then, we use document chunking to split long text into smaller, manageable chunks. Finally, each chunk is converted to an embedding vector and indexed individually to improve retrieval accuracy.
Model Development
Architecture
This section explores the architecture of a RAG system, focusing on the ML models used in the indexing, retrieval, and generation components.
Indexing
As discussed in the data preparation section, we use ML models to convert data chunks (e.g., text or images) into embeddings. This process involves two ML models: a text encoder and an image encoder.
The text encoder is a neural network that converts input text into dense vector representations, or "embeddings." These embeddings capture the semantic meaning of the text, allowing for the assessment of the similarity of texts. During the indexing process, the text encoder converts each text chunk into an embedding, which is then stored in a database for efficient retrieval.
The architecture of the text encoder is typically based on an encoder-only Transformer, similar to what we covered in Chapter 3.
The image encoder transforms image data into embeddings. Its architecture can be either CNN-based or Transformer-based, as we covered in Chapter 5.
For effective retrieval, it is important to align the image embeddings with text embeddings. For example, if the query is “How many cats are in the company?” the system needs to ensure that the encoded query is close to the embeddings of relevant images, such as those featuring cats. There are two primary approaches to achieving this alignment:
Shared embedding space:Use image and text encoders that generate embeddings in a shared embedding space. CLIP [14] provides pretrained encoders with a shared embedding space, enabling cross-modal retrieval.
Image captioning:First, generate a textual description of the image using an image captioning model. The generated caption can then be encoded using a text encoder, ensuring that both image and text data exist in the same embedding space. This approach is helpful when using separate models for text and image encoders or when training a joint model is resource-intensive. To learn more about building an image captioning system from scratch, refer to Chapter 5.
In summary, the indexing process uses a text encoder and an image encoder to convert data chunks into embeddings. These models are often pretrained, meaning they can be directly applied without additional training. For the purposes of this chapter, we use a pretrained CLIP model as both the text and image encoder.
Retrieval
The retrieval process involves converting the user’s query into the same embedding space as the indexed data. This is done using the same text encoder employed during the indexing process. Once the query embedding is computed, it is compared with the stored embeddings to retrieve the most relevant data chunks.
Generation
The generation component is responsible for producing the final response based on the user query and the retrieved context. This task is typically handled by an LLM, which generates contextually relevant text.
RAG systems can work with various types of LLMs irrespective of their architecture, including decoder-only Transformers (see Chapter 4 for details) or cloud-hosted models that support finetuning via APIs [15] [16].
Training
Most of the components in a RAG system start with pretrained models, so finetuning the LLM is not typically the first step in optimizing performance. In many cases, a well-designed retrieval process combined with effective prompt engineering can yield satisfactory results. Finetuning should be considered when the system consistently fails to provide accurate or relevant answers, even after adjusting retrieval parameters and crafting prompts. For instance, if the retrieved documents are relevant but the LLM is not generating high-quality responses, finetuning could help the LLM better understand the context and nuances of the retrieved data.
One promising approach to finetuning LLMs in RAG systems is Retrieval-Augmented Fine-Tuning (RAFT). Let’s briefly examine RAFT.
RAFT
RAFT [17] introduces a novel training method to enhance the LLM’s ability to handle both relevant and irrelevant information within retrieved documents.
In traditional RAG systems, the LLM’s output depends heavily on the quality of the retrieved documents. However, irrelevant documents might be included in the retrieval results. These irrelevant documents can mislead the LLM, causing it to generate suboptimal responses. RAFT addresses this issue by incorporating a distinction between relevant and irrelevant documents during the finetuning process. This process involves two key steps:
Document labeling:Retrieved documents are labeled as either relevant (golden) or irrelevant (distractors). This provides the LLM with clear signals about the documents on which they should focus.
Joint training:During finetuning, the LLM is trained to generate responses based on the relevant documents while minimizing the influence of irrelevant documents. This requires adjusting the model’s loss function to penalize the use of irrelevant documents during response generation.
By training the model to prioritize relevant content and ignore distractors, RAFT improves the LLM’s ability to handle noisy retrieval results and generate accurate and relevant responses. This ability is crucial in real-world applications, where retrieval systems may not always be perfect. To learn more about RAFT, refer to [17].
Sampling
Sampling typically involves generating new data with a generative model. In a RAG system, however, multiple components work together to produce a response to a user’s query. In this section, we explore these components and highlight techniques for improving performance in the retrieval and generation stages of a RAG system.
Retrieval
The retrieval process occurs in two main steps:
Computing the query embedding
Performing a nearest neighbor search
The first step involves converting the user’s query into an embedding using the text encoder. This embedding captures the semantic meaning of the query, allowing the system to compare it to the indexed embeddings of data chunks.
Once the query embedding is computed, the system performs a nearest neighbor search to find data chunks that are most similar to the query. Nearest neighbor search addresses the task of identifying data points in a dataset that are closest to a given query point, based on a chosen similarity measure. Common measures include Euclidean distance [18], cosine similarity [19], or other distance metrics that capture relationships between data points in an embedding space.
Nearest neighbor search is a fundamental component of information retrieval, search engines, and recommendation systems. Even small improvements in its performance can lead to significant overall system gains. Given its importance, interviewers may want you to dive deeper into this topic.
Nearest neighbor algorithms generally fall into two categories:
Exact nearest neighbor
Approximate nearest neighbor
Exact nearest neighbor search, also called linear search, is the simplest and most accurate form of nearest neighbor search. It calculates the distance between the query embedding,EqE_qEq​, and every item in the dataset, retrieving thekkknearest neighbors.
While this method guarantees finding the true nearest neighbors, it has a time complexity ofO(N×D)O(N\times D)O(N×D), whereNNNis the number of items in the dataset andDDDis the embedding dimension. This linear complexity can make the process very slow when working with large-scale systems, such as a RAG system indexing tens of millions of items. For instance, performing an exact search across 40 million items for a single query would involve 40 million comparisons, leading to high computational costs and latency. Therefore, the exact nearest neighbor search is often too slow and computationally expensive to be employed in practice.
In many applications, it's sufficient to retrieve items that are similar enough without needing to find the exact nearest neighbor. ANN algorithms use specialized data structures that allow the system to retrieve “close enough” neighbors without searching the entire dataset, thus reducing search time to sublinear complexity, for example,O(log⁡(N)×D)O(\log(N)\times D)O(log(N)×D). While these algorithms typically require some preprocessing or extra storage, they offer considerable performance benefits.
Various ANN algorithms can generally be divided into the following categories:
Tree-based
Locality-sensitive hashing
Clustering-based
Graph-based
While the interviewer typically will not expect you to know every detail of these categories, it is generally helpful to have a high-level understanding of them. Let’s dive in.
Tree-based algorithms partition the data space into multiple partitions. Then they leverage the characteristics of the tree to perform a faster search. For example, k-d tree [20] splits the space based on feature values, enabling faster searches by narrowing down relevant regions of the data. Other algorithms include R-trees [21] and Annoy (Approximate Nearest Neighbor Oh Yeah) [22].
LSH groups similar points into buckets using specialized hash functions. These functions ensure that points close in space are hashed into the same bucket. This drastically reduces the search space because only points in the same bucket as the query need to be examined, making LSH highly efficient for large datasets. You can learn more about LSH by reading [23].
Clustering-based algorithms organize data into clusters using distance metrics such as cosine similarity or Euclidean distance. This allows the search for the nearest neighbor to be limited to the cluster(s) most relevant to the query, reducing the number of comparisons required, as only data points within the selected cluster are considered. Specifically, once the indexed items are organized into clusters, nearest neighbors are retrieved in two steps:
Inter-cluster search:The query embedding is compared to the centroids of all clusters, and the clusters that are closer than a specified threshold are selected.
Intra-cluster search:The query embedding is compared to the items in selected clusters.
This two-step process—first narrowing down the search to a cluster, then conducting a finer search within that cluster—significantly improves efficiency. This process is shown in Figure 16.
Graph-based algorithms, such as HNSW (hierarchical navigable small world) [24], structure the data as a graph, where nodes represent data points and edges connect them based on proximity in the embedding space. HNSW operates by navigating through this graph in a hierarchical manner, beginning with a higher-level coarse graph and gradually moving down to finer levels. The search is refined at each level, exploring only nearby nodes, thus drastically reducing the search space.
In RAG systems, the number of indexed items is typically massive and growing, often exceeding hundreds of millions of embeddings. The time complexity of the exact nearest neighbor search is too high, therefore, we rely on ANN algorithms to efficiently retrieve relevant data chunks.
Various ANN algorithms have their own strengths. Choosing the right ANN algorithm usually depends on factors such as the dataset size, required speed, and accuracy trade-offs. For simplicity, we employ a clustering-based ANN approach in the retrieval component of the RAG system.
Several modern frameworks provide out-of-the-box support for ANN, including:
Elasticsearch [10]:A widely used search engine that supports vector similarity search.
FAISS [25]:A popular library developed by Meta that enables efficient nearest neighbor search for large datasets.
ScaNN [26]:A library developed by Google, designed for fast and efficient nearest neighbor search on large datasets.
These frameworks are commonly used in practice to make the retrieval components of large-scale systems both efficient and scalable.
Generation
The generation component takes the user query and retrieved context as input and generates a response using top-p sampling. However, we can further improve the quality of the generated response by incorporating prompt engineering techniques, as shown in Figure 17.
In this section, we dive into prompt engineering and explore how it enhances response generation in a RAG system.
Prompt engineering is a powerful technique that optimizes input prompts to help LLMs generate more accurate and contextually relevant responses. By carefully designing prompts, we can guide the model’s output to better align with specific tasks, improving overall performance. While prompt engineering can be applied in both the retrieval (e.g., crafting better queries to optimize search) and generation, we focus on applying it to the generation for educational purposes. The same approach can also be used to improve retrieval performance.
Let’s start this section with prompt design principles, followed by prompt engineering techniques.
Effective prompt design is crucial for maximizing the performance of language models. By following key principles, we can enhance the quality of the generated output and reduce irrelevant or confusing responses. Below are some essential prompt engineering principles:
Start simple:Begin with straightforward prompts and gradually introduce more complexity. Iterative experimentation is key to refining prompts. Tools such as Cohere’s Playground [27] allow you to easily test and adjust prompts as needed.
Break down complex tasks:Break down tasks involving multiple subtasks into smaller, manageable steps. This avoids overwhelming the LLM and ensures better focus on individual subtasks.
Use clear instructions:Be explicit with instructions, using clear, action-oriented commands such as "Write," "Summarize," or "Translate." Experiment with different instructions to find what works best for your task. Placing instructions at the beginning of the prompt, separated by delimiters such as "###," can also help organize the prompt.
Be specific:Specificity leads to more accurate responses. Clearly describe what you expect in terms of format, style, or outcomes. However, avoid overloading the prompt with unnecessary details—include only what is relevant to the task.
Experiment with prompt length:Consider the length of the prompt. Too much unnecessary information can confuse the LLM, while too little may result in vague responses. Strike a balance by being concise yet detailed enough to guide the LLM effectively.
Several prompt engineering techniques have been developed to improve the quality of LLM outputs. Some of the most effective ones include:
Chain-of-thought prompting
Few-shot prompting
Role-specific prompting
User-context prompting
Chain-of-thought (CoT) prompting [28] involves guiding the model through intermediate reasoning steps before arriving at a final answer. This is especially useful for complex queries requiring multi-hop reasoning, where the model must combine information from multiple documents to generate a complete response. CoT prompts guide the model to break down its reasoning into steps, leading to more accurate and insightful answers.
CoT has been further extended by techniques such as [29] that allow models to evaluate multiple reasoning paths before selecting the best response. OpenAI’s o12[30] and [31] have shown that an LLM’s ability to handle more complex tasks can be improved by allocating more computational budget at inference time, also known as test-time compute scaling.
Few-shot prompting [32] involves providing the model with a few examples of input-output pairs before the actual query. This method helps the model understand the desired format and tone of the output, improving its ability to generate responses that align with the provided examples.
In some cases, the language model may need to adopt a specific "role" to generate an appropriate response. For example, in legal or medical domains, prompting the model to act as a subject-matter expert ensures that the response carries the necessary tone, accuracy, and authority.
User-context prompting tailors the model’s output based on specific user information included in the prompt. By incorporating user profiles, preferences, or locations into the queries, the model can generate personalized responses that are more relevant to the users.
This method is particularly effective when user-specific information is crucial to shaping the response, such as in personalized recommendations or location-based queries.
Combining these techniques allows us to craft highly effective prompts for generating responses in a RAG system. Principles such as clarity and specificity can guide the model to produce more accurate outputs. Prompt engineering techniques can significantly enhance a RAG’s generation capabilities, resulting in more reliable and contextually appropriate outcomes.
Evaluation
Unlike traditional ML models, which are evaluated using well-defined quantitative metrics, evaluating RAG systems is more complex. This complexity arises because the quality of the final text response depends on the effectiveness of multiple components within the pipeline. To capture this multifaceted evaluation, we use a triad diagram to explain the relationship between different evaluation aspects.
The evaluation of a RAG system focuses on four key aspects:
Context relevance
Faithfulness
Answer relevance
Answer correctness
These aspects help assess how well the system retrieves, generates, and matches information relevant to the user’s query. Let’s examine each in more detail.
Context relevance
Context relevance measures how accurately and completely the retrieval component selects relevant documents based on the query. The goal is to ensure that all relevant content appears at the top of the retrieval results. This aspect directly evaluates the effectiveness of the retrieval mechanism. Common metrics used for context relevance include:
Hit rate
Mean reciprocal rank (MRR)
Normalized discounted cumulative gain (NDCG)
Precision@k
To learn more about evaluation metrics in retrieval and ranking systems, refer to [33][34].
Faithfulness
Faithfulness assesses whether the generated response is factually aligned with the retrieved context. It checks if the generation component is hallucinating (i.e., introducing information not grounded in the context). This is crucial because the system should produce answers that strictly reflect the source material. By evaluating faithfulness, we reduce the risk of generating plausible-sounding yet factually unaligned responses, thereby enhancing the reliability and trustworthiness of the output.
Faithfulness can be assessed using the following methods:
Human evaluation:Experts manually review the generated responses to determine whether they are factually aligned and correctly referenced to the retrieved documents. This process involves cross-checking each claim against the source materials to ensure all information generated is substantiated.
Automated fact-checking tools:Tools such as [35] and [36] can automate the validation process by comparing the generated response against a database of verified facts. They offer a scalable solution for identifying inaccuracies, thus reducing the reliance on human evaluators.
Consistency checks:This method involves evaluating whether the LLM provides consistent factual information across multiple queries. Regular consistency checks ensure that the LLM does not produce contradictory information, which is essential for maintaining the reliability and coherence of the responses over time.
Answer relevance
Answer relevance measures how closely the generated answer matches the original query in terms of completeness and lack of redundancy. If the response includes irrelevant or redundant information or lacks important details, it scores low in relevance. This aspect can be evaluated by comparing the question and the answer using another language model (e.g., ChatGPT).
Answer correctness
Answer correctness focuses on how closely the generated answer matches the correct reference answer. It measures the similarity between the two using popular metrics including BLUE, ROGUE, and METEOR. To review these metrics, refer to Chapter 3.
Overall ML System Design
A RAG system consists of several components that work together to retrieve and generate responses efficiently. In this section, we will explore the following key components:
Indexing process
Safety filtering
Query expansion
Retrieval
Generation
Indexing process
The indexing process is responsible for converting the knowledge base into embeddings, which are then stored in an index table for efficient retrieval. This begins with document parsing and chunking, where the text and images in PDFs are broken down into meaningful data chunks. These data chunks are then converted into embeddings using a CLIP text and image encoder, ensuring that both text and image embeddings are mapped into a shared embedding space. Once the data chunks are embedded, they are stored in the index table, thus allowing for fast retrieval.
Safety filtering
The safety filtering component ensures that user requests are safe and comply with the system's guidelines. This involves checking queries for inappropriate or harmful content before processing them further. To learn more about safety filtering and evaluation, refer to Chapter 4.
Query expansion
Query expansion enhances the quality of the retrieval process by expanding the user's query to have a better flow and be free of typos and grammatical errors. By broadening the scope of the search, query expansion helps the system identify additional relevant data that might not have been explicitly mentioned in the original query, thereby increasing the chances of retrieving more relevant results.
To learn more about query expansion and its technical details, refer to [37].
Retrieval
The retrieval component is responsible for finding the data chunks that are most relevant to the user's query. The user query is first converted into an embedding using the CLIP text encoder, and then an ANN algorithm is used to efficiently retrieve the most similar data chunks in the index table.
Generation
Once the relevant data chunks are retrieved, the generation component produces the final output. This involves two main steps:
Prompt Engineering:The user query and retrieved context are combined into a prompt and then optimized using techniques such as CoT to structure the model’s reasoning process.
LLM:The LLM generates the final response using top-p sampling.
Other Talking Points
If time permits at the end of the interview, consider discussing these additional topics:
Tabular detection in document parsing [38] [39] [40].
Details of approximate nearest neighbor algorithms [20] [21] [23] [24].
Support user-uploaded documents [2].
Dynamic retrieval strategy [41] [42].
Query rewriting and expansion [43] [37].
Inference time CoT and test-time scaling [30] [31].
Summary
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Chapter 07
Realistic Face Generation
Introduction
One of the primary applications of generative AI is to generate realistic images of faces. This can be useful in entertainment, marketing, and virtual reality. In this chapter, we explore the technologies behind face generation.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate: What is the primary application of the face generation system?Interviewer: The initial focus is on entertainment and content creation, but we would also consider using it for data collection in the future.
Candidate: Is the focus only on faces? Or does the entire body need to be generated?Interviewer: Let’s focus on faces only.
Candidate: Should the generated faces represent a diverse range of ethnicities, ages, and genders?Interviewer: Yes. This is crucial to ensure inclusivity and avoid biases.
Candidate: Should the system allow control over facial attributes? For example, editing the facial expression of a generated image while preserving its identity?Interviewer: Good question. Let’s start without attribute control. If we have time, we can optionally discuss attribute control.
Candidate: How will we source the training data? What is the size of the training data?Interviewer: We use publicly available datasets with proper licenses to ensure all data is in compliance with privacy regulations. There are 70,000 images of diverse faces in the dataset.
Candidate: What is the desired image resolution?Interviewer: Let’s aim for 1024x1024.
Candidate: What is the expected speed to generate a face?Interviewer: The system should generate faces in near real-time – less than a second.
Frame the Problem as an ML Task
Specifying the system’s input and output
In a face generation system, users usually don't provide specific inputs; they simply request the generation of a new face. Since machine learning (ML) models need numerical inputs to start, most image generation models begin with a random noise vector. This noise serves as the initial input, which the model then transforms into a realistic image. If the system supports attribute control, users can also provide desired attributes as input to guide the generation.
The output, which is generated in response to the random noise input, is a realistic image of a human face. This output should also reflect the desired attributes (if specified), such as age, gender, and hairstyle.
Choosing a suitable ML approach
In this section, we explore common ML approaches for image generation. We discuss the strengths and limitations of each approach and select the best fit for our use case.
While there are different approaches for generating images, we focus on those that are most widely used in the industry. There are four main approaches to image generation:
Variational autoencoder
Generative adversarial network
Autoregressive model
Diffusion model
Variational autoencoder
A variational autoencoder (VAE) is a generative model architecture designed to learn the distribution of data. This enables the VAE to generate new data points by sampling from this learned distribution.
A VAE consists of two main components:
Encoder
Decoder
Encoder:The encoder is a neural network that maps an input image into a lower-dimensional space, known as the latent space. The output of the encoder is a latent vector, an encoded representation of the input image.
Decoder:The decoder is another neural network that maps the encoded representation into an image. The output of the decoder is an image of the same size as the original input image.
During training, the VAE encodes the input into a latent space and then reconstructs the original input from this encoded representation. After training, the VAE can generate new images by sampling points from the learned multivariate Gaussian distribution and using the decoder to map these points into image form.
Through a reparameterization trick (see [2] for more details), VAEs model the latent vector as being sampled from a multivariate Gaussian distribution. The modeling of latent space helps the VAE learn meaningful representations that can be smoothly interpolated, which is advantageous for tasks such as image morphing and creating variations of input data.
VAEs have several strengths and weaknesses.
Simple architecture:The encoder and decoder are neural network architectures that are simple to implement.
Fast generation:Compared to other approaches, VAEs offer fast image generation. The process involves sampling a random noise from the latent space and decoding it into an image using the decoder.
Stable training:Training a VAE is typically easy and stable.
Compression capability:Apart from image generation, VAEs are a powerful tool for compressing images into lower-dimensional representations.
Less realistic images:VAEs struggle to capture high-frequency details. This leads to images that are less realistic compared to those generated by some other approaches.
Blurriness:A significant limitation of VAEs is their tendency to produce blurry images that lack sharp details.
Limited novelty:VAEs typically struggle to generate images that significantly differ from their training data. This limits their ability to produce novel outputs.
Limited control in generation:VAEs are not designed to support extra control inputs such as text descriptions or attribute controls for the desired image.
In summary, VAEs are not the best choice for generating high-quality, detailed images. Their strength, however, lies in efficiently encoding images into compact representations. In Chapter 11, we will explore VAEs and leverage their compression capabilities to build an efficient video generation system.
Generative adversarial network
A generative adversarial network (GAN) [3] consists of two networks:
Generator:A neural network that converts a random noise into an image.
Discriminator:Another neural network that determines whether a given image is real or artificially generated.
During training, these two networks engage in a continuous game: the generator learns to make more realistic images, while the discriminator becomes better at distinguishing real from generated ones. If a generated image is correctly classified as “generated,” the generator will receive a penalty for not generating a realistic image. This adversarial process continues until the generator generates images that the discriminator can no longer differentiate from real ones.
High-quality generation:GANs are known for their ability to generate high-quality images.
Fast generation:While GANs are generally slower than VAEs, the generator can still generate an image in a single forward pass.
Attribute control:GAN architecture can be modified to control specific attributes such as age or expression. For example, a user can request a face image that is happy and old.
Training instability:GANs are challenging to train. Common training issues are mode collapse [4], where the generator creates a limited variety of outputs, and non-convergence [5], where the GAN model fails to stabilize during training.
Limited control: While GANs allow for attribute control, it is challenging to go beyond that, for example, using a text description to generate an image [6].
Limited novelty:While GANs are good at generating variations of images in a certain domain, they typically struggle to generate novel images that are much different from their training data.
In summary, GANs are challenging to train, and they offer limited control over generated images. However, they can generate detailed images, and they support control over facial attributes, which makes them suitable for applications such as face generation and image editing.
Autoregressive model
In autoregressive modeling, image generation is formulated as a sequence generation task, where each part of an image is generated sequentially. This sequential generation enables the use of the Transformer architecture, allowing us to benefit from its powerful ability to capture long-range dependencies.
High detail and realism:Autoregressive models generate images with high levels of detail and sharpness.
Stable training:Compared to GANs, training autoregressive models is usually more stable.
Control over generation:It is possible to control image generation using additional inputs, such as a text prompt describing the desired image content. This flexibility comes from the Transformer architecture, which can support any number of inputs as part of the input sequence.
Support of multimodal conditioning:Autoregressive models easily support conditioning on different modalities. For example, if we provide a celebration audio as input, the generated image will match the audio. This flexibility is due to the Transformer architecture, which can support different modalities as input as long as they are provided as a sequence of numerical vectors.
Novelty:Autoregressive models are capable of generating novel and complex images. For example, they can generate an image of “an avocado on a chair on Mars” even if they haven't seen such examples in their training data.
Slow generation:Autoregressive models generate the image sequentially, one token at a time. This sequential generation makes them slower compared to VAEs or GANs.
Resource-intensive:These models are usually very large, with billions of parameters. Training such large models requires significant computational resources, which increases the cost.
Limited image manipulation:Unlike VAEs and GANs, autoregressive models don’t have a structured latent space that can be easily explored or manipulated. This limits certain types of image manipulations such as attribute control in faces.
In summary, while autoregressive models are slow in generation due to their sequential nature, they can generate highly detailed and novel images. Many popular image generation models, such as OpenAI’s DALL-E [7] and Google’s Muse [8], are based on autoregressive modeling. Chapter 8 will examine this approach in more detail.
Diffusion model
Diffusion models are another popular approach for image generation, which has shown remarkable capabilities. Diffusion models formulate image generation as an iterative process. During training, noise is gradually added to images, and a neural network is trained to predict this noise. When generating images during inference, the process begins with random noise. The trained neural network is then used to iteratively denoise the image, transforming the noise into a meaningful image. This transformation occurs over a fixed number of steps, with the model adding details to the image at each step.
High detail and realism:Diffusion models can generate images of exceptional quality and realism.
Stable training:Compared to GANs, training diffusion models are typically stable.
Control over generation:Similar to autoregressive models, diffusion models can be controlled using various inputs, such as text describing the desired image.
Novelty and creativity:Diffusion models can generate novel and imaginative images.
Robustness to noisy images:Diffusion models are effective at removing noise from images because of their denoising process. This can be useful in certain applications such as image denoising.
Slow generation:Diffusion models generate images in multiple denoising steps. This iterative process makes them slower compared to other methods.
Resource-intensive:Diffusion models are usually large, with billions of parameters. This makes them computationally intensive and, therefore, expensive to train.
Limited image manipulation:Unlike VAEs and GANs, diffusion models don’t have a structured latent space for manipulating images.
In summary, while diffusion models are slow, they have shown impressive performance in generating highly detailed, diverse, and imaginative images. Most state-of-the-art image generation models, such as DALL·E 3 [9], are based on diffusion models. Chapter 9 will examine diffusion models in great detail.
Table 1: A comparison of different image generation approachesFor realistic face generation, we select GANs as our primary approach. GANs are particularly effective because they let us manipulate facial attributes through a structured latent space, which is an optional requirement in this chapter.Data PreparationDeveloping a realistic face generation system requires a large collection of images. Here, we have 70,000 diverse images of human faces. To prepare these images for training, we apply the following steps:Remove low-quality or low-resolution images:We remove low-resolution images and use ML models to filter low-quality, blurry ones. This ensures the model learns only from high-quality images.Augment images:We apply data augmentation techniques such as flipping, rotation, or color adjustment to artificially increase the size of the training data. This helps the model see more variations of the image during training and, thus, generalize better afterward.Normalize and resize images:We resize all images to a standard dimension, for example, 1024x1024. We also normalize images to a standard range, typically between -1 and 1.Enhance diversity: We use ML classifiers to tag images with gender, age, and other attributes. Then, we adjust the dataset to ensure a balanced representation of different groups. This step is crucial to prevent biases in generated faces.Model DevelopmentArchitectureGANs consist of two components: a generator and a discriminator. Let’s briefly examine the architecture of each component.GeneratorThe generator component takes random noise as input and converts it into an image. Its architecture consists of a series of upsampling blocks, each of which increases the spatial dimensions (height and width) of its input. These blocks gradually transform the low-dimensional noise vector into a 2D image of the desired size.Let’s talk about the three main components of the upsampling block:Transposed convolutionNormalization layerNon-linear activationTransposed convolutionTransposed convolution, also known asdeconvolutionorupsampling convolution, is an operation used in neural networks to increase the spatial resolution of feature maps—essentially performing the opposite of a regular convolution. It’s widely used in applications such as image generation, semantic segmentation, and super-resolution where the goal is to reconstruct higher-resolution outputs from lower-resolution inputs.Unlike standard convolution, which slides a filter across the input, transposed convolution starts by inserting zeroes between the pixels of the input feature map, effectively expanding it. The expanded input is then convolved with a filter, where the filter’s stride1and padding2are adjusted to achieve the desired output size. For example, starting with an input of 1x1x100, with 1024 filters of kernel size 1x1 and stride 1, we end up with a 4x4x1024 feature map. In the next step, with 512 filters of kernel size 3x3 and stride 1, we get an 8x8x512 feature map. These are the first two upsampling stages shown in Figure 8.In PyTorch, this layer is usually implemented with “ConvTranspose2d.” To learn more about convolutions and transposed convolutions, refer to [11].Normalization layerA normalization layer improves the training stability by scaling the input data to have a consistent distribution.Training GANs is unstable because it involves two networks (the generator and the discriminator) competing against each other. This can lead to problems like mode collapse, where the generator produces limited diversity, or oscillations, where the generator and discriminator fail to converge during training. Normalization helps stabilize the training by scaling the activations at each layer, thus reducing the risk of vanishing or exploding gradients. This helps maintain consistent distributions of activations, which is critical for balanced competition between the generator and discriminator. With a more robust optimization process, we can use a higher learning rate, speed up training, and reduce the time needed for convergence. We will discuss the training challenges and mitigations later in this chapter.There are several normalization layers, each with its own way of normalizing data:Batch normalizationLayer normalizationInstance normalizationGroup normalizationBatch Normalization (BN)BN [12] normalizes the inputs of a layer across the batch dimension by calculating the mean and variance for each feature. The normalized data is then scaled and shifted using learnable parameters.Benefits:BN helps stabilize the learning process and allows for higher learning rates, speeding up training. It also acts as a regularizer, reducing chances of overfitting.Usage:Commonly used in deep networks, including Convolutional Neural Networks (CNNs) and GAN generators.Layer Normalization (LN)LN [13] normalizes the inputs across the features of each individual sample rather than across the batch dimension. It, therefore, computes the mean and variance for each feature across the entire feature vector of each sample.Benefits:LN is effective in settings where batch sizes are small or variable, such as in Recurrent Neural Networks (RNNs) and Transformers.Usage:Frequently used in sequence models and scenarios where consistent behavior across samples is crucial.Instance Normalization (IN)IN [14] operates by normalizing across each feature map individually for each sample.Benefits:IN is beneficial for tasks where the appearance of individual samples varies widely, as it allows the network to focus on content rather than style.Usage:Commonly used in style transfer and image generation tasks.Group Normalization (GN)GN [15] normalizes inputs by dividing features into groups and normalizing within each group. It offers a balance between BN and LN.Benefits:GN is useful for cases with very small batch sizes where BN might not be effective.Usage:Often applied in tasks where BN fails due to small batch sizes or when layer behavior consistency is needed across groups of features.Non-linear activationNon-linear activation functions, such as ReLU [16], introduce non-linearity into the model, allowing it to learn complex patterns and representations. Without non-linearity, the network would essentially be a linear transformation, regardless of the depth, making it incapable of modeling intricate data distributions such as images, speech, or complex functions.As shown in Figure 11, our generator consists of upsampling blocks (ConvTranspose2D), each followed by a normalization layer (BatchNorm2D) and a non-linear activation (ReLU). The final block uses "Tanh" [17] instead of "ReLU". This choice ensures the final outputs range between -1 and 1, matching the range of our image pixels after data preparation.DiscriminatorThe discriminator's job is to differentiate between real and generated images. It functions as a binary classifier, taking an image as input and outputting the probability that the image is real.The discriminator comprises a series of downsampling blocks followed by a classification head. The downsampling blocks progressively reduce the spatial dimensions of the input image while extracting its features. The classification head then processes the extracted features to predict the probability that the input image is real.A downsampling block consists of several convolution operations to progressively decrease the input's spatial dimension. In PyTorch, we typically use a "Conv2D" layer with a stride of 2 to halve the spatial dimensions. Like the generator, batch normalization (BatchNorm2D) and non-linear activation function (ReLU) are used in between convolution layers to enhance training stability and performance.The classification head includes one or two fully connected layers followed by asigmoidactivation function. Thesigmoidfunction ensures the final output ranges between 0 and 1, which is crucial for interpreting the output as a probability.Various versions of GANs have been developed over the years to serve different purposes. For instance, StyleGAN [18] modifies the generator's architecture to control attributes of generated faces, such as age, hair color, and facial expression. For more details on the StyleGAN architecture and its key architectural choices, refer to [18].TrainingTo produce realistic images, we train the GAN using a unique process called adversarial training. In adversarial training, the generator and the discriminator are trained simultaneously in a game-like scenario. The generator aims to produce images that look real, while the discriminator improves its ability to distinguish between real and generated images. During this adversarial process, the generator learns to produce increasingly more convincing images. At the same time, the discriminator gets better at identifying fake images. This competitive process continues until the generator produces images that the discriminator can no longer detect as fake.When training GANs, it is important to ensure both the generator and discriminator improve together, avoiding scenarios where one dominates the other. Such a balance is empirically shown to be crucial for successful training. To maintain this balance, it is common to alternate between the following two steps:Train the discriminator for a few iterations while keeping the generator frozen.Train the generator for a few iterations while keeping the discriminator frozen.Next, let’s examine the ML objective and loss function for training a GAN model.ML objective and loss functionThe generator and discriminator have their own specific, conflicting goals. The discriminator aims to distinguish accurately between real and generated images. The generator aims to produce images that the discriminator cannot distinguish from real ones. We first explore the loss function and ML objective of each component and then combine them into a unified loss function for the GAN.DiscriminatorWe employ binary cross-entropy as the loss function for the discriminator, as it is commonly used in binary classification models.LD=−1m∑i=1mlog⁡D(x(i))⏞loss contributionfrom real images−1n∑j=1nlog⁡(1−D(G(z(j))))⏞loss contributionfrom fake imagesL_D=-\hspace*{-5pt}\overbrace{\frac{1}{m} \sum_{i=1}^m \log D\left(\mathbf{x}^{(i)}\right)}^{\begin{array}{c}
 \text { loss contribution } \\
 \text { from real images }
\end{array}} \hspace*{-4pt}-~ \overbrace{\frac{1}{n} \sum_{j=1}^n \log \left(1-D\left(G\left(\mathbf{z}^{(j)}\right)\right)\right)}^{\begin{array}{c}
 \text { loss contribution } \\
 \text { from fake images }
\end{array}}LD​=−m1​i=1∑m​logD(x(i))​loss contributionfrom real images​​−n1​j=1∑n​log(1−D(G(z(j))))​loss contributionfrom fake images​​Where:D(x(i))D\left(x^{(i)}\right)D(x(i))is the discriminator's predicted probabilities for a real image,G(z(j))G\left(z^{(j)}\right)G(z(j))is the generator's output (a fake image) given random noise,mmmis the number of real images,nnnis the number of fake images.The discriminator’s ML objective is to minimize the binary cross-entropy loss function.GeneratorThe generator aims to produce realistic images that the discriminator cannot distinguish from real ones. Ideally, the discriminator should predict probabilities close to 1 for images that have been produced by the generator. To achieve this, the ML objective is formulated as maximizinglog⁡(D(G(z(j))))\log \left(D\left(G\left(z^{(j)}\right)\right)\right)log(D(G(z(j))))for all fake images or, equivalently, minimizing the following loss function:LG=1n∑j=1nlog⁡(1−D(G(z(j))))L_G=\frac{1}{n} \sum_{j=1}^n \log \left(1-D\left(G\left(\mathbf{z}^{(j)}\right)\right)\right)LG​=n1​j=1∑n​log(1−D(G(z(j))))GAN’s minimax lossThe minimax loss [19], originally used in the GAN paper, unifies the generator’s and discriminator’s losses into a single function:Minimax loss=1m∑i=1mlog⁡D(x(i))+1n∑j=1nlog⁡(1−D(G(z(j))))\text { Minimax loss }=\frac{1}{m} \sum_{i=1}^m \log D\left(\mathbf{x}^{(i)}\right)+\frac{1}{n} \sum_{j=1}^n \log \left(1-D\left(G\left(\mathbf{z}^{(j)}\right)\right)\right)Minimax loss=m1​i=1∑m​logD(x(i))+n1​j=1∑n​log(1−D(G(z(j))))The discriminator aims to maximize the loss, while the generator aims to minimize it. Therefore, the overall ML objective is:min⁡Gmax⁡D(1m∑i=1mlog⁡D(x(i))+1n∑j=1nlog⁡(1−D(G(z(j)))))\min _G \max _D\left(\frac{1}{m} \sum_{i=1}^m \log D\left(\mathbf{x}^{(i)}\right)+\frac{1}{n} \sum_{j=1}^n \log \left(1-D\left(G\left(\mathbf{z}^{(j)}\right)\right)\right)\right)Gmin​Dmax​(m1​i=1∑m​logD(x(i))+n1​j=1∑n​log(1−D(G(z(j)))))Besides the minimax loss, researchers have proposed other loss functions to improve training stability in GANs. To learn more about these loss functions, refer to [20].Common training challenges in GANsGANs are difficult to train compared to other generative models such as autoregressive or diffusion models. Discussing these challenges is beneficial in an ML interview. In this section, we discuss three main challenges of training GANs:Vanishing gradientsMode collapseFailure to convergeVanishing gradientsThe vanishing gradient problem [21] occurs when gradients become very small during training. This problem primarily affects the generator. When the discriminator becomes too good at distinguishing between real and fake images, it provides very small gradient values for the generator to update its parameters. This slows down or stops the generator’s learning process.Two common techniques to mitigate the vanishing gradient problem are:Modified minimax lossWasserstein lossModified minimax loss:The original GAN paper points out that minimizing the original ML objective can cause training to stall. To overcome this, the paper recommends altering the generator's objective to maximizeLG=1n∑j=1nlog⁡(D(G(z(j))))L_G=\frac{1}{n} \sum_{j=1}^n \log \left(D\left(G\left(\mathbf{z}^{(j)}\right)\right)\right)LG​=n1​j=1∑n​log(D(G(z(j))))This minor adjustment is inspired by formulating the ML objective from a different
perspective. With this change, the generator aims to maximize the probability of
fake images being identified as real, rather than minimizing the probability of fake
images being identified as fake.Wasserstein loss:This loss function is used in a modified GAN called a "Wasserstein GAN" or "WGAN." Let’s examine the ML objective for a WGAN’s discriminator and generator.WGAN’s discriminator:The discriminator for a WGAN, also known as the "critic," differs from the one in a traditional GAN. Instead of classifying images as real or fake, the critic outputs a score representing the "realness" of an image. The critic loss is defined as the difference between the critic’s outputs for real images and fake images. Hence, the critic’s ML objective is to maximize the critic loss.Critic loss=D(x)−D(G(z))\text { Critic loss }=D(x)-D(G(z))Critic loss=D(x)−D(G(z))WGAN’s generator:The ML objective for the generator of a WGAN is to maximize the probability of fake images being identified as real:Generator loss :D(G(z))\text { Generator loss : } D(G(z))Generator loss :D(G(z))Mode collapseIdeally, a GAN model should produce different variations of images with different random inputs. Mode collapse refers to situations where the generator produces a limited variety of images. Let’s see why this might happen.During training, the generator might learn to trick the system by finding one image that seems most plausible to the discriminator. Once the generator finds this most plausible image, it may keep producing the same image to fool the discriminator. Hence, the generator never learns to generate other images. This type of failure in a GAN is known as “mode collapse”. Two common techniques to mitigate mode collapse are:Wasserstein lossUnrolled GAN [22]To learn more about the unrolled GAN and how it mitigates the mode collapse, refer to [4].Failure to convergeTraining GANs is typically challenging and the process is often unstable. This is due to the “failure to converge” problem, a common issue in training GANs. Let’s explore why this happens.As the generator improves during training, the discriminator's performance declines because it becomes increasingly more difficult to distinguish between real and fake images. If the generator reaches a point where it can mimic real data perfectly, the discriminator’s accuracy drops to 50 percent; it effectively begins to make random guesses, much like flipping a coin. This decline in discriminator performance hinders GAN convergence since its feedback gradually becomes less and less useful to the generator. When training continues past a certain point, the generator starts training on useless feedback, and its quality may collapse as a result.There are various approaches to improve the training stability and convergence of GANs:Normalization: Applying techniques like batch normalization helps stabilize training by ensuring consistent distributions across layers.Different learning rates: Using different learning rates for the generator and discriminator can help balance their progress and avoid instability in training.Regularization: Employing regularization methods like weight decay prevents overfitting and helps maintain training stability.Adding noise to discriminator inputs: Injecting noise into the inputs of the discriminator can prevent it from becoming too powerful early on, which helps balance the competition between the generator and the discriminator.To learn more about the specific details of these approaches, refer to [21] and [23].SamplingSampling is the process of generating new images from a trained GAN model. Before discussing sampling methods, let's first review the concept of latent space in a GAN.During training, the generator learns to transform various noise vectors into images. This process forms a latent space—a multidimensional space where each point represents a potential noise vector. This latent space is meaningful to the GAN because its generator can map each point to its corresponding image.To generate a realistic face image, we sample a point from this latent space, known as a latent vector. The generator then takes this latent vector and transforms it into an image.There are two methods to sample a latent vector from a learned latent space:Random samplingTruncated samplingRandom samplingRandom sampling uses a standard Gaussian distribution to draw latent vectors from the latent space. This ensures a diverse selection of latent vectors, leading to the generation of varied images.Truncated samplingTruncated sampling restricts the latent vectors to a smaller, high-probability region of the latent space. By truncating the distribution, the method reduces the chance of generating outliers, resulting in higher-quality images. This approach is beneficial when the primary goal is to maintain high realism in the generated faces. If you are interested in learning about the details and implementation of truncated sampling, refer to [24].In summary, random sampling ensures diversity by exploring the entire latent space, while truncated sampling focuses on a high-probability region to enhance realism. For realistic face generation, we utilize random sampling as it leads to diversity and usually works well in practice.EvaluationOffline evaluation metricsEvaluating image generation systems involves assessing both the quality and diversity of the generated images. Several metrics have been developed for this purpose, such as Inception score [25], Fréchet Inception distance (FID) [26], and Kernel Inception distance (KID) [27]. Among these, Inception score and FID are the most widely used. Human evaluation also continues to be an essential method of assessing generative models.In an ML system design interview, the interviewer’s goal is to assess your intuition and practical understanding, rather than test your detailed knowledge of formulas and theories. However, having a broad understanding of some of these metrics can still be helpful. Let’s briefly examine the Inception score and FID.Inception scoreThe Inception score is a widely used metric to evaluate the quality of generated images in generative models such as GANs. The metric relies on a pretrained image classification model, such as “Inception v3” [28], to assess how well the generated images resemble real-world objects.Here's a step-by-step explanation of how the metric is calculated:Generating images:We start by generating a large set of images using the model we want to evaluate.Computing class probabilities:For each generated image, the Inception model provides a probability distribution over all of its 1,000 object classes. A high-quality image should lead to a distribution with a peak (i.e., a high probability for one class) indicating that the model recognizes it as a clear instance of a class.Calculating the marginal distribution:Marginal distribution refers to the average of the predicted class probabilities across all images. This helps us understand the overall distribution of classes represented in the generated set. If the images are diverse, the marginal distribution will be flat and spread across many classes.Computing KL divergence:The KL divergence measures how different the predicted class distribution for each image is from the marginal distribution. High-quality images will have a distribution that is very different from the marginal distribution. This is because a high-quality image is expected to have a peak in its distribution, while the marginal distribution is expected to be close to uniform if the images are diverse.Calculating the Inception score:The Inception score is the exponentiated average of the KL divergence across all images. A high Inception score indicates that individual images have been confidently classified into a variety of classes, which means the generated images are both diverse and of high quality.How does the Inception score measure both diversity and quality?Diversity:The Inception score evaluates diversity by checking if the generated images result in a nearly uniform marginal distribution across classes, indicating that the images are spread evenly across different classes.Quality:High-quality images result in a sharp, peaked probability distribution, indicating that the image is clearly recognized as belonging to a particular class. The Inception score compares this distribution with the marginal distribution to assess image quality.Fréchet inception distance (FID)FID is another popular metric for evaluating the quality of images produced by generative models. It assesses how similar the distribution of generated images is to the distribution of real images. Unlike the Inception score, which uses class probabilities, FID considers the statistics of the features extracted by a pretrained model such asInception v3. The Inception model is chosen because it is trained on a large and diverse dataset (ImageNet) and can extract meaningful features that represent the content and style of the images.Here's a step-by-step explanation of how FID is calculated:Generating images:We start by generating a large set of images using the model we want to evaluate. These images will be compared to a set of real images to evaluate their quality and diversity.Extracting features:We pass each image (both generated and real) through theInception v3model and extract features (“activations”) from a specific layer, usually one near the end of the network. Features from this deep layer capture high-level information—such as shapes, textures, and objects—which is crucial for assessing the realism of the images.Calculating mean and covariance:We calculate the mean and covariance of the extracted features separately for generated and real images. These statistical measures summarize the distributions of features for both sets of images.Computing Fréchet distance:We calculate the FID as the Fréchet distance between the mean and covariance of generated and real images. The Fréchet distance measures how close the two distributions are. A lower FID indicates greater similarity between the distributions, meaning the generated images are more realistic and diverse. To learn more about the Fréchet distance and its formula, refer to [29].How does the FID measure both diversity and quality?Diversity:The FID considers the covariance of the features, reflecting the spread and variation in the image features. A diverse set of generated images will have a feature distribution similar to that of real images, showing the model's ability to produce a wide range of different images.Quality:FID ensures the generated images are high-quality by comparing their feature distributions to those of real images. If the mean and covariance of the generated images’ features are similar to those of the real images, this indicates that the generated images are likely to be of high quality.FID and Inception score are useful for assessing the quality and diversity of image generation models, but they don't always align with human judgment. This is mainly because these metrics rely on ImageNet classes, which can introduce artifacts. The authors of [30] suggest that using a non-ImageNet-trained model like CLIP could provide a better alignment with human evaluation.While CLIP-based metrics show promise in improving alignment with human judgment, they still cannot fully replace the insights gained from direct human feedback. Human evaluation still remains the most reliable method for assessing the quality of generated images, as it captures nuances that automated metrics might miss.Human evaluationHuman evaluation is crucial for assessing image generation systems since automated metrics can miss subjective qualities such as aesthetic appeal. There are different protocols to perform human evaluation. One protocol, as outlined in [31], involves presenting users with pairs of images generated by different models. The human evaluators are asked to choose which image looks more photorealistic. This approach lets us compare models based on criteria that align more closely with human judgment.Online evaluation metricsVarious metrics are typically monitored in practice to ensure that the image generation system performs well and meets user expectations. Two common metrics are:User feedback:This metric is vital as it directly reflects users' opinions about the generated images. User feedback can be gathered through surveys, ratings, or direct comments.Latency:Latency refers to the time it takes from when a request is made until the image is fully generated and delivered to the user. Fast response times are crucial for maintaining a good user experience, especially in interactive applications. Monitoring latency helps identify performance bottlenecks and ensures the system meets user expectations.Overall ML System DesignIn this section, we explore the holistic design of a realistic face generation system. The key components we'll examine are:Face generatorTraining serviceEvaluation serviceDeployment serviceFace generatorThe face generator is the core component responsible for generating realistic faces. It handles user requests and interacts with the trained GAN model to sample high-quality images. Users can optionally specify desired attributes such as age, gender, hairstyle, and expression. The service leverages StyleGAN properties to adjust the noise vector in the latent space based on these attributes.The architectural details of attribute control and latent manipulation aren’t typically discussed in ML system design interviews. If you are interested in learning more in this space, read [32][33].Training serviceThe training service continuously improves the GAN model by periodically retraining it with user-approved generated images and new training data.Evaluation serviceThe evaluation service automatically evaluates newly trained models. It uses predefined metrics to assess their performance. The evaluation results determine whether the new model meets quality standards and should replace the existing one.Deployment serviceThe deployment service deploys improved models to the production environment. It ensures a smooth transition with minimal downtime during updates. The deployment service also monitors the performance of deployed models to ensure they function as expected.Other Talking PointsIn case there's extra time after the interview, you might discuss these further topics:Various GAN architectures, such as DCGAN, WGAN, and StyleGAN, and the trade-offs of each architecture [34][35][18].Techniques for stabilizing GAN training to avoid mode collapse and convergence issues, including the use of Wasserstein loss, gradient penalty, and other robust training methods [36].Utilize conditional GANs (cGANs) to generate faces based on specific conditions or inputs [37].Evaluation metrics of condition consistency [38][39].Style-mixing in face generation [18].SummaryReference Material[1] StyleGAN2.https://arxiv.org/abs/1912.04958.[2] Auto-Encoding Variational Bayes.https://arxiv.org/abs/1312.6114.[3] Generative Adversarial Networks.https://arxiv.org/abs/1406.2661.[4] Combating Mode Collapse in GAN training: An Empirical Analysis using Hessian Eigenvalues.https://arxiv.org/abs/2012.09673.[5] Google’s GAN course.https://developers.google.com/machine-learning/gan/training.[6] StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks.https://arxiv.org/abs/1612.03242.[7] Zero-Shot Text-to-Image Generation.https://arxiv.org/abs/2102.12092.[8] Muse: Text-To-Image Generation via Masked Generative Transformers.https://arxiv.org/abs/2301.00704.[9] DALL·E 3.https://openai.com/index/dall-e-3/.[10] Attribute-specific Control Units in StyleGAN for Fine-grained Image Manipulation.https://arxiv.org/abs/2111.13010.[11] A guide to convolution arithmetic for deep learning.https://arxiv.org/abs/1603.07285.[12] Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift.https://arxiv.org/abs/1502.03167.[13] Layer Normalization.https://arxiv.org/abs/1607.06450.[14] Instance Normalization: The Missing Ingredient for Fast Stylization.https://arxiv.org/abs/1607.08022.[15] Group Normalization.https://arxiv.org/abs/1803.08494.[16] Deep Learning using Rectified Linear Units (ReLU).https://arxiv.org/abs/1803.08375.[17] PyTorch’s Tanh layer.https://pytorch.org/docs/stable/generated/torch.nn.Tanh.html.[18] A Style-Based Generator Architecture for Generative Adversarial Networks.https://arxiv.org/abs/1812.04948.[19] Minimax.https://en.wikipedia.org/wiki/Minimax.[20] Loss functions in GANs.https://developers.google.com/machine-learning/gan/loss.[21] Towards Principled Methods for Training Generative Adversarial Networks.https://arxiv.org/abs/1701.04862.[22] Unrolled Generative Adversarial Networks.https://arxiv.org/abs/1611.02163.[23] Stabilizing Training of Generative Adversarial Networks through Regularization.https://arxiv.org/abs/1705.09367.[24] Megapixel Size Image Creation using Generative Adversarial Networks.https://arxiv.org/abs/1706.00082v1.[25] Inception score.https://en.wikipedia.org/wiki/Inception_score.[26] GANs Trained by a Two Time-Scale Update Rule Converge to a Local Nash Equilibrium.https://arxiv.org/abs/1706.08500.[27] Demystifying MMD GANs.https://arxiv.org/abs/1801.01401.[28] Rethinking the Inception Architecture for Computer Vision.https://arxiv.org/abs/1512.00567.[29] FID calculation.https://en.wikipedia.org/wiki/Fr%C3%A9chet_inception_distance.[30] The Role of ImageNet Classes in Fréchet Inception Distance.https://arxiv.org/abs/2203.06026.[31] Hierarchical Text-Conditional Image Generation with CLIP Latents.https://arxiv.org/abs/2204.06125.[32] Alias-Free Generative Adversarial Networks.https://arxiv.org/abs/2106.12423.[33] StyleGAN3.https://nvlabs.github.io/stylegan3/.[34] Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks.https://arxiv.org/abs/1511.06434.[35] Wasserstein GAN.https://arxiv.org/abs/1701.07875.[36] Stabilizing Generative Adversarial Networks: A Survey.https://arxiv.org/abs/1910.00927.[37] Conditional Generative Adversarial Nets.https://arxiv.org/abs/1411.1784.[38] CLIPScore: A Reference-free Evaluation Metric for Image Captioning.https://arxiv.org/abs/2104.08718.[39] DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation.https://arxiv.org/abs/2208.12242.FootnotesStride controls how much the filter moves across the input during convolution—larger strides skip more pixels↩Padding adds extra borders around the input to control the output size during convolution↩


Chapter 08
High-Resolution Image Synthesis
Introduction
Generative AI offers a fascinating ability to create highly realistic and diverse images. In this chapter, we explore a technique that enables the generation of detailed and varied images in just seconds.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate: Should the system focus on specific categories of images at the start?Interviewer: For simplicity, let's begin with natural scenes and urban landscapes. We can explore other categories later.
Candidate: Do we have training data consisting of natural scenes? What's the dataset size?Interviewer: We have a large dataset with about 5 million high-resolution images of natural scenes and landscapes.
Candidate:Should the system support additional conditioning, such as input text describing the desired image?Interviewer:Good question. We'll focus on image generation without input conditions. However, the system should be flexible to support input prompts.
Candidate: What resolution range should we aim for when generating the images?Interviewer: The system should generate images with either 1024×\times×1024 or 2048×\times×2048 pixels, based on user requests.
Candidate: Should the images be generated in real time, or is some delay acceptable?Interviewer: Real-time generation isn't necessary. However, a reasonable processing time is important. Let's aim for five seconds per image.
Frame the Problem as an ML Task
Specifying the system’s input and output
For high-resolution image synthesis, the user simply requests a new image. The output is a high-resolution image.
Choosing a suitable ML approach
As discussed in Chapter 7, there are several approaches to image generation, including VAEs, GANs, autoregressive models, and diffusion models. In this section, we choose the one best suited for the task.
Most variants of VAEs and GANs struggle to generate high-resolution images, such as those with resolutions of 512x512 pixels and above. They face a challenge known as posterior collapse. This occurs because, as the resolution increases, these models require a decoder with a higher capacity to capture additional details. During training, the decoder can become so powerful that it starts to ignore input from the latent space, as it can model the output independently. As a result, the latent variables contribute little to the generation process, reducing the diversity of the images.
While both autoregressive and diffusion models can generate high-resolution images, they differ significantly in complexity and resource requirements. Autoregressive models are often considered slow due to their sequential nature, where each pixel depends on the ones generated before it. This dependency leads to a time complexity that increases linearly with the number of pixels, resulting in anO(N2)O(N^2)O(N2)complexity for an image of sizeN×NN\times NN×N, and the process is difficult to parallelize. To address this limitation, autoregressive models generate images chunk by chunk instead of pixel by pixel. For example, generating a 1024×\times×1024 image using chunks of 64×\times×64 pixels requires only 256 steps or tokens, significantly reducing the computational overhead compared to traditional pixel-based methods.
On the other hand, the complexity of diffusion models increases super-linearly with image size, resulting in a computational complexity ofO(TN2)O(TN^2)O(TN2), whereNNNis the number of pixels and T represents the number of denoising steps. Larger images often require more refinement steps to maintain quality and coherence, which further escalates computational demand.
In practice, generating a high-resolution image using standard diffusion models can take several minutes1. In contrast, Transformer-based autoregressive models can accomplish similar tasks in seconds due to their chunk-based generation approach. For this chapter, we focus on autoregressive models for educational purposes. In Chapter 9, we will cover diffusion models in detail. Let's now delve into autoregressive models and their key components.
Autoregressive models generate images by treating them as a sequence generation task. This approach relies on two primary components:
Image tokenizer
Image generator
Image tokenizer
Image tokenization refers to representing an image with a sequence of discrete tokens. This is crucial in autoregressive models, where the image is generated sequentially, chunk by chunk.
The image tokenizer is a separate model, trained independently. Its main functions are to encode an image into a sequence of discrete tokens and decode a sequence of discrete tokens back into an image.
Image generator
The image generator is the primary model for generating images chunk by chunk. While there are various architectures for sequence generation, the decoder-only Transformer is the most effective choice for two reasons. First, the decoder-only Transformer has a flexible architecture that can handle different modalities. In a chatbot, it takes text tokens as input and generates text tokens as output. In image captioning, it takes an image as input and outputs text tokens. For image generation, it generates a sequence of image tokens as output, which are then decoded into an image.
Second, the Transformer architecture is effective at capturing long-range dependencies through its attention mechanism, which is beneficial for generating coherent images.
In summary, we approach image generation with a Transformer-based autoregressive model. First, an image generator (decoder-only Transformer) generates a sequence of discrete tokens. Then, an image tokenizer decodes these tokens into the final image. We will explore the architecture, training, and sampling processes of these components in detail in the model development section.
Data Preparation
The data preparation process involves two crucial steps:
Image cleaning and normalization
Image tokenization
Image cleaning and normalization
In this step, we remove low-quality images from the training data and ensure the remaining ones are consistent. This is achieved by applying the following operations:
Remove low-quality images:We remove images with low resolution, excessive noise, or irrelevant content. We also ensure the dataset includes a wide range of styles, subjects, and compositions. This step is crucial for the generative model to produce diverse, high-quality images.
Normalize images:Normalization involves scaling pixel values to a range, typically 0 to 1, to stabilize the training process.
Resize images:Images often come in different sizes and aspect ratios. Resizing them to a uniform size ensures the model receives consistent inputs. Based on the interviewer’s requirements, we resize all images to1024x1024.
Image tokenization
The image generator requires images to be represented as a sequence of discrete tokens. To achieve this, after training the image tokenizer, we tokenize all images in our training dataset into discrete tokens. It's important to note that this data preparation step is intended primarily for the image generator, not the image tokenizer.
These two steps ensure the training data is high-quality, consistent, and represented as a sequence of numerical inputs.
Model Development
Architecture
In this section, we explore the architecture of both the image tokenizer and the image generator.
Image tokenizer
The image tokenizer model has two functions:
Encoding an image into a sequence of discrete tokens
Decoding a sequence of discrete tokens back into an image
A common architecture specifically designed for image tokenization is the Vector-Quantized VAE (VQ-VAE) [2], which is a variant of the standard VAE discussed in Chapter 7. The VQ-VAE consists of three components:
Encoder
Quantizer
Decoder
The encoder maps the input image into a lower-dimensional latent space. This component encodes important features of the image into an encoded representation.
The encoder's architecture is a deep convolutional neural network (CNN) with several convolution layers, each followed by a ReLU [3] activation function. These layers process the input image and extract visual features.
The quantizer converts continuous latent vectors into discrete tokens. There are two main reasons why VQ-VAE introduces a quantizer component to a standard VAE:
Avoiding posterior collapse
Reducing the learning space
Posterior collapseis a common issue in standard VAEs where the latent variables contribute little or are ignored because the decoder generates accurate outputs without using the latent space. The quantization step addresses this by discretizing the latent variables, thus forcing the model to use them during reconstruction. This ensures the decoder doesn't overpower the latent space and keeps the latent variables actively involved in shaping the output.
Continuous vectors are difficult to predict sequentially because they have endless possibilities and small differences. By turning these vectors into discrete tokens, the quantizer simplifies the process by allowing the Transformer to focus on fewer options.
The quantizer uses an internal codebook to convert continuous latent vectors into discrete tokens. This codebook contains learnable embeddings that represent different patterns in the input images. Each embedding acts as a token, represented by an integer from 1 to k. The quantizer replaces each continuous vector with the closest token in the codebook based on Euclidean distance [4].
Note that the quantizer is an embedding table. Its sole parameter is the codebook, which is learned during training. The quantizer’s single responsibility is to map each continuous vector with the closest token in the codebook; therefore, the output is a collection of token IDs.
The decoder converts discrete tokens back into the original image. It typically uses a deep CNN with transposed convolutions (ConvTranspose2d) to gradually transform the representation to the original image size. To learn more about convolutions and transposed convolutions, refer to [5].
Image generator
The image generator generates a sequence of discrete tokens representing an image. As mentioned earlier, a decoder-only Transformer is often used for sequence generation tasks, which includes the following components:
Embedding lookup:Replaces each discrete token with its embedding from the codebook.
Projection:Projects each token embedding into a dimensionality that matches the Transformer's internal representation.
Positional encoding:Adds positional encodings to the sequence to provide spatial information.
Transformer:Processes the input sequence and outputs an updated sequence of vectors.
Prediction head:Utilizes the updated embeddings to predict the next token.
Training
In autoregressive image generation, we have two training stages:
Stage I: Training the image tokenizer
Stage II: Training the image generator
Stage I: Training the image tokenizer
The training process involves optimizing the encoder, decoder, and codebook so the model can accurately reconstruct the original images. This process can be described in three steps:
The encoder processes an input image and converts it into a continuous representation.
The quantizer replaces the continuous representation with discrete tokens using its internal codebook.
The decoder uses the discrete tokens to reconstruct the original image.
Since the quantizer lookup operation lacks a well-defined gradient for backpropagation, the VQ-VAE paper proposes approximating the gradient by copying it from the decoder input directly to the encoder output. This approach means that only the selected tokens receive gradients from the decoder, while unselected tokens do not receive any gradients.
We train the image tokenizer with 5 million images. Since the training is self-supervised and doesn't require image labels, we include other publicly available image datasets to enhance the tokenizer's robustness. In particular, we use theLAION-400Mdataset [6], which contains 400 million images. This results in a richer codebook that captures diverse visual patterns.
The ML objective of the image tokenizer is to accurately reconstruct original images from their quantized tokens. To achieve this ML objective, the following loss functions are typically employed during the training process:
Reconstruction loss
Quantization loss
Reconstruction loss:The reconstruction loss measures the difference between the original image and its reconstruction from the quantized tokens. It is typically calculated using the mean squared error (MSE) formula:
Where:
xix_ixi​is the pixel value of the original image,
x^i\hat{x}_ix^i​is the pixel value of the reconstructed image,
nnnis the total number of pixels in the image.
Quantization loss:The quantization loss measures the distance between the encoder’s outputs and the nearest embedding in the codebook. This loss encourages the encoder to produce outputs that are closer to the codebook embeddings.
Where:
E(x)E(x)E(x)is the continuous latent vector produced by the encoder,EEE, from the inputxxx,
zqz_qzq​is the quantized latent vector selected from the codebookZZZ,
sg⁡(.)\operatorname{sg}(.)sg(.)represents the stop-gradient operation that blocks the gradients from flowing through the term. It is used here to prevent the codebook from being updated when optimizing the encoder.
For more details on the quantization loss formula, refer to theVQGANpaper [1].
In practice, using both reconstruction loss and quantization loss during training works well for reconstructing low-resolution images. However, for high-resolution images, the model may still produce artifacts. To improve reconstruction quality at high resolutions, two additional loss functions are typically employed:
Perceptual loss
Adversarial loss
Perceptual loss:Perceptual loss measures the difference between the features of the original and reconstructed images extracted from a specific layer of a pretrained model such asVGG[7]. The formula is:
Where:
ϕl\phi_lϕl​denotes the feature map of the layer, l, from a pretrained VGG model,
xxxis the original image,
x^\hat{x}x^is the reconstructed image.
The perceptual loss encourages the model to reconstruct images that are perceptually similar to the original images.VGGfeatures encode high-level details such as content and style. The perception loss guides the training process so that the model can better preserve these details in the reconstructed images.
Adversarial loss:Adversarial loss is derived fromGANs[8], where a discriminator tries to distinguish between real and reconstructed images. This loss is used to measure how well the image reconstructed by the image tokenizer can fool the discriminator. The formula, as we saw in Chapter 7, is:
Where:
DDDis the discriminator network,
x^\hat{x}x^is the reconstructed image.
This loss function encourages the model to produce reconstructed images that a trained discriminator cannot distinguish from real images. TheVQGANpaper introduced a patch-based version of this loss to reduce unnatural artifacts and improve the realism of the reconstructions.
Overall loss:The overall loss function is often a weighted sum of the individual losses described above. The weights(λi)(\lambda_i)(λi​)are hyperparameters that need tuning based on specific performance goals and experiments.
After training the image tokenizer, we convert all 5 million training images into
discrete tokens and cache them, as detailed in the data preparation section. This
step ensures that all images are represented as a sequence of discrete tokens, which
is required for training the image generator.
Stage II: Training the image generator
Training the image generator, which is a decoder-only Transformer, is similar to the process described in earlier chapters. The training data consists of sequences of discrete tokens, and the model learns to predict these tokens sequentially during training.
We employ next-token prediction as our ML objective and cross-entropy as the loss function to measure how accurate the predicted probabilities are compared to the correct visual tokens.
Sampling
In autoregressive models, generating a new image involves two steps:
Generating a sequence of discrete tokens
Decoding discrete tokens into an image
1. Generating a sequence of discrete tokens
In the first step, the image generator produces a sequence of tokens. The autoregressive nature of the generation ensures that each token is conditioned on preceding tokens, leading to coherent images.
Here is a step-by-step process to autoregressively generate a sequence of tokens:
Randomly select a token from the codebook as the first token. This initial token acts as a seed for the rest of the generation process.
Autoregressively generate tokens one by one. This involves:Passing the current sequence of tokens to the image generator to predict the probability distribution over the codebookSelecting the next token using a sampling method such astop-psamplingAppending the chosen token to the current sequence
This process continues until the entire image is generated. The number of iterations depends on the resolution and size of the desired output image. For example, generating an image of 1024×\times×1024 pixels, with each visual token representing a 64×\times×64 pixel block, requires 256 tokens. The process continues until all 256 tokens are generated. Once the sequence of tokens is complete, it is transformed into an actual image, which is the focus of the next step.
2. Decoding discrete tokens into an image
In this step, the sequence of discrete tokens is transformed into an image by using the decoding functionality of the image tokenizer.
Evaluation
The evaluation metrics for high-resolution image synthesis are similar to those in Chapter 7. We'll briefly review them in this section without going into detail.
Offline evaluation metrics
The following metrics are typically employed to measure the quality and diversity of the generated images:
Inception score:Measures how similar the generated images are to images of real-world objects by utilizing a pretrainedInception v3model. To learn more about the Inception score, refer to [9].
Fréchet inception distance (FID):Compares the distribution of generated images to real images by comparing features extracted from a pretrainedInception v3model. This metric measures how similar the statistics of generated and real images are. To learn more about FID, refer to [10].
Human evaluation:Human evaluators are presented with pairs of images and asked to judge their photorealism and aesthetic qualities. The votes provide a statistical measure of which models produce more realistic images over time.
In addition to those metrics, it is common to evaluate other aspects of the model such as latency and cost.
Time to generate an image:Measures the time it takes for the model to generate an image. This metric is important to monitor since users generally expect quick results.
Cost per generation:Calculates the cost to generate an image. This metric depends on factors such as model complexity, resolution, and infrastructure expenses. Monitoring the cost of generation is crucial as it impacts business revenue.
Online evaluation metrics
In practice, companies monitor various metrics to assess the system's real-time quality. Common metrics include:
User feedback:Collects direct feedback from users regarding generated images.
Periodic surveys:Gathers user opinions on the quality and relevance of generated images.
Subscription rate:Measures how often users subscribe to services or features related to image generation.
Churn rate: Measures the rate at which users stop using the service.
Overall ML System Design
Once we are satisfied with the performance of the image generator and image tokenizer models, we can integrate them to construct the image synthesis system. The primary components in a high-resolution image synthesis system are:
Generation service
Decoding service
Super-resolution service
Understanding the purpose of each component and their interactions will provide a holistic view of the system. Let’s explore each in more detail.
Generation service
The generation service handles user requests and interacts with the trained image generator model to produce a sequence of visual tokens.
Decoding service
The decoding service interacts with the image tokenizer to convert the generated sequence of visual tokens into an image. Note that when we deploy the model, we don’t need the encoder in the image tokenizer – it is only used during training.
Separating generation and decoding services is crucial because the image generator and tokenizer are different models with distinct computational needs and latencies. This approach allows each service to scale independently and manage resources efficiently.
Super-resolution service
Super-resolution service uses a pretrained model to increase the resolution of generated images. For example, if the desired resolution is 2048×\times×2048 but the generator produces only 1024×\times×1024, we use a super-resolution model with a 2x upscale factor.
This service is crucial for applications requiring detailed and realistic visuals, such as medical imaging. There are many established solutions for super-resolution, from CNN-based [11] to GAN-improved [12]. To learn more about recent approaches, refer to [13].
Other Talking Points
If there's time remaining at the end of the interview, you could explore these additional points:
Extending autoregressive models to support text-based generation [14] [15].
Support applications such as image completion and image super-resolution [16].
Balancing diversity vs. fidelity in sampling, using techniques such as temperature scaling [17].
Enhancing the stability with adversarial training, gradient clipping, and learning rate scheduling [18][19].
Using progressive growing and multi-scale architectures to improve image quality and detail [20].
Creating interactive systems for users to refine and customize generated images [21].
Summary
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Chapter 09
Text-to-Image Generation
Introduction
In many cases, instead of allowing the model to generate content from random noise (as discussed in Chapters 7 and 8), we want to control the content of the generated image. Text-to-image generation is a fascinating application of generative AI that allows users to enter a text prompt, which the model transforms into a detailed image. Several text-to-image services are commercially available, such as OpenAI's DALL-E 3 [1], Google's Imagen [2], and Adobe's Firefly [3].
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate:What resolution do we target for generated images?Interviewer:We aim for high-resolution images, specifically 1024x1024 pixels.
Candidate:Should the system support multiple languages for text input or just English?Interviewer:We'll focus on English initially, but the system's architecture should be adaptable for other languages later.
Candidate:How large is the dataset for training a text-to-image model?Interviewer:We have about 500 million images from user assets, most with captions.
Candidate:How detailed and complex can the text prompts be? Is there a limit to their complexity or length?Interviewer:The system should handle detailed text prompts, with a maximum length of 128 words.
Candidate:What speed should the system achieve for image generation?Interviewer:The goal is near–real-time generation. Let’s aim for 10 seconds per image.
Candidate:What types of images should the system generate? Are we focusing on a specific domain, like landscapes?Interviewer:The system should be capable of generating, based on text prompts, a wide range of images, including realistic landscapes, portraits, and abstract or conceptual art.
Candidate:It's important to ensure the images aren't biased by age, race, or gender. Can I start by focusing on those three attributes?Interviewer:Great point. It’s crucial to have a fair system. Let's begin by addressing those three attributes.
Candidate:Ethical considerations are crucial. We need filters and checks to avoid generating offensive, inappropriate, or harmful images. Does that sound correct?Interviewer:Yes, that’s correct.
Frame the Problem as an ML Task
Specifying the system’s input and output
The input to the system is a text prompt provided by the user that describes the desired image. This prompt usually includes details like scenes, objects, colors, styles, and emotions.
The output is a visually detailed image that adheres to the text prompt. For example, as shown in Figure 2, a prompt like "A boat on an ocean" produces an image depicting this scene.
Choosing a suitable ML approach
Text-to-image generation is a multimodal task that involves understanding text and generating a corresponding image. There are two primary approaches for building text-to-image systems:
Autoregressive models
Diffusion models
Let’s briefly review each and choose the one that best suits our needs.
Autoregressive models
These models treat text-to-image generation as a sequence generation task. A decoder-only Transformer takes a sequence of text tokens as input and outputs a sequence of visual tokens representing an image. An image tokenizer then decodes these visual tokens into the actual image.
Several text-to-image models have been developed using this approach, such as OpenAI’s DALL-E [5] and Google’s Muse [6].
Diffusion models
First introduced in 2019 [7], diffusion models gained mainstream attention about three years later. They use a different approach for text-to-image generation by starting with random noise and gradually transforming it into a clear image based on the text prompt. This process typically involves a text encoder, such as OpenAI’s CLIP [8] or Google’s T5 [9], which converts the text prompt into an embedding. This embedding captures the meaning of the prompt and guides the diffusion model to generate images that match it.1
Examples of diffusion-based text-to-image models include Google’s Imagen 3 [2], OpenAI’s DALL-E 2 [10], and Stability AI’s Stable Diffusion [11].
Diffusion versus autoregressive models
Autoregressive models frame text-to-image generation as a sequence generation task, while diffusion models approach it as an iterative refinement process. This key difference in modeling impacts their capabilities.
Both diffusion and autoregressive models can produce realistic images, are slow in generation, typically have billions of parameters, and require substantial computational resources for training. Despite these similarities, they differ in three key aspects:
Implementation complexity: Autoregressive models are simpler to implement during both training and inference. During training, they are more statistically efficient because they can obtain useful gradient signals from all steps in a single forward-backward pass. In contrast, diffusion models are less statistically efficient, requiring sampling of different noise levels for each training example. At inference time, once the Transformer in an autoregressive model generates the sequence of visual tokens, these tokens form the final image. Diffusion models, however, refine the image over many steps, adding complexity to the implementation.
Image quality: Diffusion models have shown better performance in generating highly detailed and realistic images. Their iterative process allows the model to continuously refine and enhance fine details, leading to superior overall realism in the generated images.
Flexibility in sampling: Diffusion models are more flexible in trading off sampling speed and image quality. They can easily adjust the number of sampling steps—more steps usually lead to higher-quality images but take more time. Once trained, an autoregressive model cannot easily make such adjustments.
In this chapter, we choose diffusion models to prioritize exceptional image quality. In the model development section, we explore the architecture, training methods, and sampling techniques of diffusion models.
Data Preparation
Our dataset consists of approximately 500 million image–caption pairs. However, large-scale datasets often require substantial preprocessing before they can be used for model training. In this section, we explore common techniques to prepare images and captions for diffusion training.
Image preparation
We focus on two main steps to prepare the images: filtering inappropriate images and standardizing the remaining ones. Let's delve into each step in more detail.
Filtering inappropriate images
In large-scale datasets, many images may not be useful for training. It's crucial to remove these to ensure the model learns only from high-quality and safe data. To achieve this, we perform the following steps:
Remove small images:We discard image–caption pairs where the image size is smaller than a certain threshold, for example, 64×64 pixels. Small images are often of poor quality and may not provide valuable information for training.
Deduplicate images:We use deduplication methods, such as [12], to remove identical or perceptually similar images. This prevents the model from being biased toward certain images that appear more frequently.
Remove inappropriate images:We employ harm detection and NSFW (Not Safe For Work) detection models to filter out harmful content such as violence or nudity. This ensures the model doesn't learn to generate inappropriate images.
Remove low-aesthetic images:We use specialized ML models to eliminate images that aren't aesthetically pleasing. This helps the model focus on high-quality images during training.
Standardizing images
Adjust image dimensions:The diffusion model requires inputs of specific dimensions. Therefore, it's crucial to have training data of similar sizes. For example, if the expected model input is 128x128, we first resize the images so that the smaller dimension is 128, preserving the aspect ratio. Then, we center-crop them to achieve the final size of 128x128.
Normalize images:We normalize pixel values to a standard range such as [0, 1] or [-1, 1] for more stable training.
Caption preparation
In addition to images, captions are often irrelevant or missing. Here are common steps to ensure captions are consistent and of high quality:
Handle missing or non-English captions:For images without captions or with captions in another language, we use an image captioning model such as BLIP-3 [13] to automatically generate descriptive captions. If you would like to build an image captioning system from scratch, refer to Chapter 5.
Enhance captions:We use a pretrained model such as CLIP [8] to score the relevance of each image–caption pair. For pairs scoring below a threshold, we replace the original caption with an auto-generated one using the BLIP-3 model.
Remove poorly matched pairs:After enhancing captions, we remove image–caption pairs with CLIP similarity scores below a threshold. This step ensures that the model is exposed only to pairs whose captions accurately describe the images.
Model Development
Architecture
A diffusion model, as previously explained, progressively denoises a noisy image through multiple steps until it becomes clear. In each step, as illustrated in Figure 7, the model takes a noisy image as input and predicts the noise to be removed.2Two common architectures are typically used for this purpose:
U-Net
Diffusion Transformer (DiT)
U-Net
U-Net [14] is a convolutional neural network (CNN) architecture originally developed for biomedical image segmentation. It consists of a series of downsampling blocks followed by upsampling blocks, as shown in Figure 8.
The downsampling blocks progressively reduce spatial dimensions (height and width) while increasing depth (number of channels), leading to a compressed representation of the input. Each downsampling block typically consists of the following:
Convolution operation: Extracts visual features from the input.
Batch normalization: Normalizes feature maps to stabilize training.
Non-linear activation: Introduces non-linearity to learn complex patterns.
Max-pooling: Reduces the feature map dimensions.
Cross-attention: Cross-attends to additional conditions, such as text prompt tokens. This is necessary to ensure the text prompt influences the predicted noise.
Let's explore the cross-attention layer in more detail, as this is the first instance where we're applying cross-attention between different modalities—image and text inputs. The text prompt is processed by a text encoder, such as a Transformer-based model, which converts words or tokens into a sequence of continuous embeddings. These embeddings capture the semantic meaning of the text. During each denoising step of the diffusion process, the model receives a noisy image as input and processes it through layers likeConv2DandBatchNorm2Dto extract visual features. In the cross-attention layer, the queries are derived from the image features, while the keys and values come from the text embeddings. This enables the model to align and integrate information effectively from the text into the image features.
The upsampling blocks symmetrically increase spatial dimensions and decrease feature map depth. The final output matches the original input size, which, in this case, is the predicted noise. Each upsampling block consists of the following:
Transposed convolution:Uses operations like PyTorch’sConvTranspose2Dto process and increase the feature map’s dimensions.
Batch normalization: Normalizes feature maps to stabilize training.
Non-linear activation: Introduces non-linearity to learn complex patterns.
Cross-attention:Maintains the influence of additional conditions during upsampling.
The U-Net architecture has various details and variations. Different implementations may use different layers and configurations. However, understanding the key components and structure is generally sufficient for most ML system design interviews. For more in-depth information, refer to [14].
DiT
DiT [15] is another popular architecture in diffusion models. Unlike U-Net, which uses a series of downsampling and upsampling layers, DiT primarily relies on a Transformer architecture to process the noisy input image and predict the noise.
DiT is primarily inspired by the Vision Transformer (ViT) [16] architecture discussed in Chapter 5. DiT components are:
Patchify:Converts the input image into a sequence of patch embeddings.
Positional encoding:Attaches position information to each patch embedding to indicate its location in the original image.
Transformer:Processes the sequence of embeddings and other conditioning signals, such as the text prompt, to predict the noise for each patch.
Unpatchify:Converts the sequence of predicted noise vectors into an image with the same dimension as the original input image.
In summary, both U-Net and DiT architectures perform well in practice. U-Net was originally used in several text-to-image models such as Google’s Imagen [17] and Stability AI’s Stable Diffusion [11]. Recently, the DiT architecture has shown great promise for text-to-image generation. For educational purposes, we use the U-Net architecture in this chapter. Chapter 11 explores the DiT architecture in more detail.
Training
A diffusion model is trained by employing the diffusion process. The diffusion process has two phases:
Forward process
Backward process
Forward process
In the forward process, also known as thenoising process, noise is gradually added to an image over multiple steps (denoted astor timesteps) until the image becomes completely noisy. The value oft, representing the number of steps, is typically chosen randomly from a range, usually between 1 and 1,000. The forward process does not involve any ML models or parameter updates.
Backward process
In the backward process, also known as thedenoising process, an ML model learns to reverse the forward process. At each step, the model predicts the noise in the noisy image. This predicted noise is then used to reduce the noise in the input image. As shown in Figure 13, this process is repeated until the image becomes clear.
With an understanding of both the forward and backward processes, we can now explore how they are applied during the diffusion training process.
Diffusion training process
During training, we introduce noise to the original image by simulating the forward process, then ask the model to predict this noise. This process involves four key steps:
Noise addition
Preparation of conditioning signals
Noise prediction
ML objective and loss calculation
This section includes some math for those who are interested, but the details do not affect the design of the ML system.
The first step is to simulate the forward diffusion process by adding noise to the original image over multiple timesteps. At each timestep, we corrupt the image slightly by adding Gaussian noise. This gradual addition of noise transforms the image into pure noise over time.
The amount of noise added at each timestep is controlled by anoise schedule. The noise schedule is defined by a set of variance parameters, 1, 2, ...,T​, where T is the total number of timesteps. Each t(0,1) controls the amount of noise added at timestep t.
The noise schedule typically increases the values ofβ\betaβincrementally:
Thus, smaller amounts of noise are added in the early steps, preserving more of the original image, and larger amounts of noise are added in the later steps, accelerating the diffusion process.
With the noise schedule defined, we can express the noisy data at timesteptttusing the noise addition formula:
where:
xtx_txt​is the noisy image at timestepttt,
xt−1x_{t-1}xt−1​is the noisy image at timestept−1t-1t−1,
ϵ\epsilonϵis the Gaussian noise sampled from the standard normal distributionN(0,I)N(0, I)N(0,I),
βt\beta_tβt​is the variance schedule parameter at timestep t, controlling the amount of noise added.
Iteratively adding noise over many steps can be time-consuming. Instead, it can be shown that the noisy data at timesteptttcan be directly derived from the original data,x0x_0x0​:
where:
xtx_txt​is the noisy image at timestepttt,
αt=1−βt\alpha_t=1-\beta_tαt​=1−βt​andαt′=∏i=1tαi\alpha_t^{\prime}=\prod_{i=1}^t \alpha_iαt′​=∏i=1t​αi​are reparameterizations ofβt\beta_tβt​,
ϵ\epsilonϵis the Gaussian noise sampled from the standard normal distributionN(0,I)N(0, I)N(0,I).
In summary, during noise addition, we randomly sampletttand computextx_txt​directly fromx0x_0x0​, without the need to iteratively add noise at each timestep, using the following formula:
To predict the added noise, the model typically expects two additional pieces of information: the image caption and the sampled timestep,ttt, which indicates the noise level. We use separate encoders (see Figure 14) to prepare each of these conditioning signals to be processed by the model.
The primary goal of training a diffusion model is to learn how to reverse the forward diffusion process-that is, to reconstruct the original data,x0x_0x0​, from its noisy version,xtx_txt​. It has been shown that directly predictingx0x_0x0​is not as effective. Instead, training the model to predict the noise,ϵ\epsilonϵ, added during the forward process simplifies the task and improves performance. Therefore, in this step, the model predicts the noise,ϵ\epsilonϵ, given the noisy input,xtx_txt​, and the timestep, t.3
The ML objective is to minimize the difference between the true noise,ϵ\epsilonϵ, and the model's prediction. The loss function used is the mean squared error (MSE) between the true noise and the predicted noise:
where:
tttis a timestep sampled uniformly from{1,2,…,T}\{1,2, \ldots, T\}{1,2,…,T},
ϵ∼N(0,I)\epsilon \sim N(0, I)ϵ∼N(0,I)is the Gaussian noise used in the forward process,
xtx_txt​is the noisy data at timestepttt, computed using the noise addition formula,
ϵθ(xt,t)\epsilon_\theta\left(x_t, t\right)ϵθ​(xt​,t)is the prediction of the neural network model (U-Net or DiT).
To enhance the reading experience, we have omitted the mathematical details, such as the derivation of the tractable mean and the loss simplification. For more information on diffusion training, refer to [18].
Sampling
Sampling refers to generating a new image from a trained diffusion model. In this section, we’ll explore how sampling works in diffusion models and how noises are transformed into coherent images guided by the text prompt.
The sampling process starts with an image of random pixels, typically drawn from a Gaussian distribution. The model then gradually refines this image step by step. At each step, the diffusion model predicts the noise present in the current image and uses this prediction to adjust the image slightly in the right direction. This gradual refinement continues, each step producing a clearer image until a clear and detailed image is achieved.
The basic sampling process described above has two drawbacks. First, it often fails to generate images that accurately match the text prompt. Second, it is slow, because generating each sample requires many iterative steps. The following two techniques are commonly employed in practice to mitigate the issues described above:
Classifier-free guidance (CFG): CFG [19] improves the alignment between images and text prompts in diffusion models. During training, the model learns to generate images with and without the text prompt. During sampling, CFG adjusts the balance between these two modes. CFG ensures the generated images closely match the text prompts by increasing the influence of the conditioned (text prompt) mode and reducing the unconditioned (no text prompt) mode. This adjustment guides the diffusion process to produce more accurate results. To learn more about CFG, refer to [19].
Reduction of diffusion steps:Sampling algorithms such as DDIM [20] reduce the number of diffusion steps from the standard 1,000 to as few as 20. This significantly speeds up the generation process while maintaining image quality. To learn more about DDIM, refer to [20].
In most ML system design interviews, the focus is on high-level concepts and how components work together, not on the intricate details. If you are interested in exploring diffusion models in more depth, refer to [21][19][20].
Challenges in text-to-image diffusion models
Diffusion models are typically very large. For example, DALLE-2 has 3.5 billion parameters [10]. This capacity is necessary since these models have to learn diverse concepts, shapes, and styles.
Training such large models poses several challenges during both training and sampling. The most common ones include:
Resource-intensive model training
Slow image generation
Resource-intensive model training
Training diffusion models is computationally intensive, requiring significant processing power. It also requires substantial GPU memory due to the size of the model and the high-dimensional nature of the generated images. Most modern GPUs may not have sufficient memory to fit model parameters, activations, and gradients during training. The following strategies are commonly employed to overcome these challenges:
Mixed precision training:This technique uses both 16-bit and 32-bit floating-point types to reduce memory usage and increase computational efficiency. To learn more, refer to [22].
Model and data parallelism:These methods distribute training across multiple devices. Most distributed training frameworks, such as FSDP [23] and Deepspeed [24], support various parallelism techniques.
Latent diffusion models:These models operate in a lower-dimensional space instead of pixel space, significantly speeding up training and inference. Chapter 11 examines this approach in more detail.
Slow image generation
Generating images from text in diffusion models is slow for two main reasons. First, due to the sequential nature of the diffusion sampling process, multiple steps are needed to refine the image. Second, as diffusion models have billions of parameters, significant computations occur at each step.
Common strategies to mitigate this challenge include:
Parallel sampling:Implementing parallel processing during sampling reduces the time needed to generate images [25].
Model distillation:A distilled model improves generation speed because of its reduced size, but it retains the behavior and performance of the original model. To learn more about model distillation in diffusion models, refer to [26].
Model quantization:This technique reduces the precision of the model's weights, which decreases memory usage and speeds up generation.
Evaluation
Offline evaluation metrics
A consistent and reliable benchmark is key to evaluating text-to-image models. DrawBench [17] serves this purpose by providing a curated set of prompts that test various aspects of image generation such as object composition, interaction, and context understanding. These prompts, ranging from simple to complex, help to assess how accurately the model generates images from text. Due to its comprehensiveness, we use DrawBench to evaluate our text-to-image model. Let’s examine both automated metrics and human evaluation to assess three key areas of the model’s ability to generate images:
Image quality
Image diversity
Image–text alignment
As discussed in previous chapters, Inception score (IS) [27] and Fréchet Inception distance (FID) [28] are two common metrics for evaluating quality and diversity in image generation systems. In this section, we focus primarily on image–text alignment.
Image–text alignment
Image–text alignment refers to how accurately the generated images match the text prompts. Measuring this alignment is important because it ensures the generated images are faithful to the user's input. A common metric for assessing this is CLIPScore [29], which evaluates the degree of alignment. Before diving into CLIPScore, let's briefly review CLIP.
CLIP [8] is a model developed by OpenAI that has been trained to match images with their corresponding descriptions. It consists of two encoders: one for text and one for images. The text encoder converts input text into a text embedding; the image encoder converts the image into an image embedding.
During training, CLIP learns to align embeddings by bringing related text and image embeddings closer together and pushing unrelated ones apart. This helps CLIP develop a shared embedding space where both an image and its associated text will map into the same space.
After training, similar text descriptions map close to each other in the embedding space, and images map near their relevant descriptions.4
With an understanding of the CLIP model, we can now easily explore CLIPScore as a metric for evaluating image–text alignment.
The CLIPScore measures the cosine similarity between the CLIP embeddings of a text description and an image. It shows how closely the image matches the text in the high-dimensional embedding space. A higher score indicates better alignment between an image and a description.
Human evaluation
Human evaluation complements the automated metrics by assessing both image quality and text alignment using the following approach:
Image quality:Human raters compare a generated image with a reference image by judging which of the images is more photorealistic. Image quality is determined by the percentage of times the generated image is chosen over the reference image.
Text alignment:Human raters are shown an image and its caption and then asked, "Does the caption accurately describe the above image?" The responses "yes," "somewhat," and "no" are scored as 100, 50, and 0, respectively. These scores are averaged separately for generated images and reference images to measure text alignment.
Online evaluation metrics
Online metrics measure how the model works in production. Common metrics to evaluate our text-to-image model include:
Click-through rate (CTR):The percentage of users who click on the generated images. A high CTR indicates that users find the generated images useful.
Time spent on page:The average time users spend with the service. Longer viewing times indicate higher user engagement.
User feedback:Direct feedback from users is collected through feedback. Positive feedback indicates satisfaction with the image quality and text alignment.
Conversion rate:The percentage of users who take a desired action (e.g., purchase, sign up) after interacting with generated images. A high conversion rate indicates satisfaction with the model's performance.
Latency:The time it takes to generate an image from a text prompt. Lower latency indicates faster performance, which is important for user satisfaction.
Throughput:The number of image generations the model can handle per second. High throughput ensures the service can serve more users.
Resource utilization:The computational resources (e.g., CPU, GPU, memory) used to run the model and serve users. Efficient resource utilization is key to reducing costs.
Average cost per user per month:Generating images with models that have billions of parameters is costly. If users are unhappy with the images, they might repeatedly generate new ones using the same prompt but different seeds, hoping for better results. This behavior increases our expenses. By monitoring this metric, we can ensure that costs remain justifiable.
Overall ML System Design
While the diffusion model is at the core of a text-to-image generation system, several other pipelines are crucial for ensuring efficiency, safety, and quality. In this section, we delve into the holistic design of a text-to-image generation system by examining the following pipelines:
Data pipeline
Training pipeline
Model optimization pipeline
Inference pipeline
Data pipeline
The data pipeline prepares data for training by removing inappropriate images, standardizing the rest, and storing them. It ensures captions are present and relevant and uses a pretrained model such as Google’s T5 [9] to pre-compute and cache caption embeddings. This caching reduces computation during training.
In addition to preparing text–image pairs from the training data, the pipeline also collects and processes newly generated data such as user prompts, generated images, and user feedback. This new data is added to the training set for future use.
Training pipeline
The training pipeline trains a model using the latest training data collected by the data pipeline.
The training pipeline ensures that the model adapts to recent user prompts and is trained on higher-quality generated images.
Evaluation pipeline
The evaluation pipeline assesses newly trained models using predefined automated metrics to determine whether or not they meet performance and quality standards for deployment.
Model optimization pipeline
The model optimization pipeline is responsible for enhancing the efficiency of the model. There are several methods to optimize models:
Model compression:Use techniques such as quantization and pruning to reduce model size and generation time.
Model distillation:Distill the model into a smaller one to reduce the model size and generation time.
Optimized algorithms:Replace sampling with more efficient algorithms for faster generation.
Once the model optimization is completed, the optimized model can replace the existing model in production.
Inference pipeline
The inference pipeline handles user requests and generates images based on text prompts. It comprises several components, each playing an important role in ensuring the system's quality and safety. In this section, we will examine the key components:
Prompt auto-complete
Prompt safety service
Prompt enhancement
Image generation
Harm detection
Super-resolution service
Prompt auto-complete service
The prompt auto-complete service uses a specialized model to suggest possible next words or phrases in real-time as the user types their prompt. This enhances user experience by providing potential completions.
Prompt safety service
This service uses a text classification model to process user prompts and reject those that violate our usage policies, for example, requests for violence, hateful imagery, or nudity.
This service ensures that the system adheres to safety standards and prevents the generation of inappropriate images.
Prompt enhancement
The prompt enhancement component refines user prompts to improve their clarity, coherence, and details.
This component is widely used in advanced image and video generation systems [30], as it effectively helps the model produce better outputs. It improves the quality of generated images by offering the model a more coherent and detailed prompt.
Image generation
The image generation component is the core of the inference pipeline. It interacts with the T5 text encoder to encode the enhanced text prompt into a sequence of tokens. These tokens are passed to the diffusion model to generate one or multiple images for each prompt.
Harm detection
This component ensures that generated images are safe for users. If an image still contains violence or nudity despite previous safeguards, the component flags it and blocks it from being shown.
Super-resolution service
The super-resolution service increases the resolution of the generated images. This step ensures that the final output is visually appealing and meets resolution requirements.
In practice, text-to-image systems often use at least one super-resolution model because diffusion models typically cannot generate high-resolution images directly. Instead, the diffusion model is trained at a lower resolution, and specialized super-resolution models enhance the resolution. For example, the base model might generate a 64x64 image, which a first super-resolution model increases to 256x256, followed by a second model that boosts it to 1024x1024. Google's [31] follows this approach to achieve the desired resolution.
In summary, various pipelines work together to ensure that a text-to-image system is reliable, high-quality, and safe. The data pipeline provides the foundation for continuous improvement, while the training and model optimization pipelines enhance the model's performance. The inference pipeline ensures safe, efficient, and high-quality image generation. These pipelines create a system ready for real-world challenges.
Other Talking Points
If time permits at the end of the interview, consider discussing these additional topics:
Using consistency models for faster image generation [26].
Employing RLHF for quality improvement [32].
Extending the text-to-image model to support inpainting and outpainting applications [33].
Personalizing the text-to-image model to a particular concept (Chapter 10).
Details of different scheduling techniques [34].
Details of DDPM and DDIM, including their theoretical foundations [20][18].
Supporting multiple aspect ratios and resolutions using techniques such as Patch n’ Pack [35].
Details of developing a re-captioning model [36][37][13].
Improving the diversity–fidelity trade-off with guidance [19].
More advanced controls over the generated images using techniques like ControlNet [38].
Controlling the style of the generated images [39].
Summary
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Chapter 10
Personalized Headshot Generation
Introduction
Personalized text-to-image (T2I) models are one of the emerging applications of generative AI. Imagine asking a T2I model to generate an image of your friend John with the prompt “John sitting on a chair while reading a book.” While the model will likely produce an image of a person sitting and reading, it probably won't depict “John.” To do that, we need to personalize a T2I model by having it learn the subject of interest (i.e., John).
In this chapter, we explore how to develop a personalized T2I model capable of generating professional-quality headshots of specific individuals.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer:
Candidate:Are the generated headshots primarily intended for business profiles, such as LinkedIn?Interviewer:Correct.
Candidate:I assume users will provide several images of themselves in different variations – pose, angle – with their faces visible. Is that correct? How many images will we ask them to upload?Interviewer:Yes, that’s correct. Let’s assume between 10 to 20 images.
Candidate:What if some images are not suitable, like if they're too dark or the face isn't visible?Interviewer:We need to detect those and notify the user to provide better images.
Candidate:Should users be able to specify features such as hairstyle in the generated images?Interviewer:For simplicity, let's assume attribute control isn't required.
Candidate:What resolution is required for the headshots?Interviewer:The system should support 1024x1024 outputs.
Candidate:Can I assume we can start from a pretrained generic T2I model?Interviewer:Yes.
Candidate:Should users be able to provide text prompts to control the generated headshots?Interviewer:We prefer to keep it simple, so assume users won't provide text prompts.
Candidate:How many headshot images should the system generate?Interviewer:50 images.
Candidate:What is the expected latency?Interviewer:The user provides the images, and we notify them by email when the images are ready. The overall process should take less than an hour.
Frame the Problem as an ML Task
In this section, we use headshot generation as a case study to explore an important aspect of image generation: personalization. This process involves adapting a pretrained T2I model to learn a new subject, in this case, the user’s face.
Specifying the system’s input and output
The input includes several images of the user's face, taken from different angles and in different poses. The output consists of professional headshots of the individual. These headshots are high-quality and diverse, and they preserve the person's identity.
Choosing a suitable ML approach
Diffusion models work exceptionally well at generating very detailed and realistic images. A common practice for personalization is to start with a T2I model pretrained on a broad range of images as a base model.
There are two primary approaches to personalizing a pretrained T2I model: tuning-based and tuning-free.
Tuning-based methods finetune the T2I model on a set of reference images for each identity. This approach integrates the new identity into the model, allowing it to generate a variety of images while preserving the identity.
On the other hand, tuning-free methods bypass the need for finetuning the T2I model for each new identity. Instead, they finetune the pretrained T2I model along with a visual encoder once. After this training, the visual encoder extracts features from a new reference image and injects them into the T2I model. This allows the model to generate personalized images without adjusting its internal weights for each identity.
Tuning-free methods, such as Meta’s Imagine Yourself [1], are simpler because they only require training once with fewer parameters than training the entire T2I model. A single model should be deployed, and only one reference image is needed, allowing the same pretrained model to generate personalized images for multiple identities. However, these methods often rely on a single reference image to capture facial features, which may not capture all the details from different angles or expressions. Additionally, they require special adjustments tailored to the subject. For instance, [1] uses specific encoders and proposes a technique for generating synthetic paired data.
On the other hand, tuning-based methods tend to capture more detailed features of the subject. They are also more versatile, handling a wider range of subjects beyond human faces. Given these advantages, we focus on tuning-based methods in the rest of this chapter. If you are interested in learning more about tuning-free methods, refer to [2][3][1].
Several tuning-based methods can be used to achieve personalization, each offering unique advantages and disadvantages. Three of the most common ones are:
Textual inversion
DreamBooth
Low-rank adaptation (LoRA)
Textual inversion
Textual inversion [4] personalizes a T2I model by introducing a new special token that represents the subject and learning its embedding. During finetuning, the model updates the special token's embedding, while the diffusion model, text encoder, and other token embeddings remain unchanged.
After finetuning, the model generates images of the new subject when prompted with the special token.
Let’s review the pros and cons of textual inversion.
Efficiency:Textual inversion training involves learning only a new token embedding, making it a lightweight and efficient process.
Preservation of original model capabilities:The T2I model's capabilities are maintained since the diffusion model’s parameters remain unchanged.
Minimal storage requirements:Minimal storage is required because only the special token embedding needs to be stored for each personalized model.
Difficulty in learning subject details:Textual inversion often struggles to learn new subject details accurately due to its limited capacity to encode these details. This limitation arises because the new subject is represented by a single token embedding.
In summary, while textual inversion is an efficient method for personalizing a T2I model, it often struggles to capture and preserve all the details of the new subject.
DreamBooth
DreamBooth [5] is a popular personalization method that was introduced by Google in 2023. It finetunes a pretrained diffusion model using images of the subject of interest. Unlike textual inversion, DreamBooth updates all the diffusion model's parameters during finetuning. This allows the model to capture the new subject's details more effectively.
DreamBooth relies primarily on two techniques for successful finetuning:
Rare-token identifier
Class-specific prior preservation loss
Most personalization methods select an identifier to represent the subject of interest. While textual inversion creates a new token for this purpose, DreamBooth selects an identifier using the existing vocabulary of tokens. The authors have found that simply choosing any existing token won’t work well in practice. Let’s explore why simple approaches such as selecting a common or random identifier won’t work, and why the rare-token identifier is preferred.
A simple way to represent the subject of interest is to choose a common English word such as “unique” or “special”. This approach is problematic because the token usually has an established meaning. For example, if we choose “special” to refer to the subject of interest using a prompt like “a special person sitting”, the model might struggle because "special" already has a broad, established meaning in the context of language. The model has to separate this token from its original meaning and then learn a new meaning for it that references the new subject.
Another way to represent the subject is to randomly combine characters. This approach also poses issues because the tokenizer might treat each character separately, leading to strong prior associations for these characters. For example, if we choose "xxy5syt00" to represent the subject, the tokenizer might break it down into individual characters, each of which could have pre-existing associations within the model. This fragmentation can cause the model to generate outputs that are influenced by the meanings or patterns associated with those individual characters or sub-units, rather than treating the identifier as a unique and cohesive entity.
DreamBooth resolves these problems by selecting rare tokens—those that appear infrequently in the training data. Representing the subject of interest with these tokens strikes a balance: they’re distinct enough to avoid strong prior associations but still cohesive so that tokenizers treat them as a single unit.
Here is the step-by-step process to form an identifier:
Identifying a few rare tokens in the vocabulary:The model's vocabulary contains a large set of tokens, each with a unique ID. A "rare token" is one that appears infrequently in the training data. Such rare tokens are identified by assessing token frequency distribution.
Generating a sequence of rare tokens:Once we have identified the rare tokens, we generate a sequence using some of these tokens.
Forming the identifier:The tokenizer converts the sequence of token IDs back into their corresponding text form. This forms an identifier to represent the subject. "XyZ", "SKS", and "[V]" are possible examples of an identifier.
DreamBooth finetunes all layers of the diffusion model. While this enhances the quality of generated images, it can lead to overfitting, where the model loses diversity in its outputs. For example, training the model on images of a specific dog might make it struggle to generate images of other dogs.
To address this problem, DreamBooth uses class-specific prior preservation loss to maintain general class characteristics. This prevents the model from overfitting to the specific examples and losing its ability to generate diverse images that belong to the broader class. We will examine DreamBooth’s loss function in the training section.
DreamBooth has several pros and cons.
Effective at learning subject details:Updating more parameters allows the model to learn the details of the subject more accurately.
Fewer images required:Because the entire diffusion model is updated, a smaller image set is needed to learn the subject.
High storage requirement:After finetuning for each subject, the entire diffusion model has to be stored for future use. This can require several gigabytes per subject, which is costly and not scalable.
Resource-intensive:Updating the entire diffusion model demands more GPU memory during training.
In summary, DreamBooth learns subject details effectively but is costly to train and store. In contrast, textual inversion is efficient and compact, but less effective. Next, we'll explore LoRA, which offers a balanced approach.
LoRA
LoRA, introduced by Microsoft [6], is a powerful method for efficiently finetuning very large models. This method was originally developed for adapting large language models (LLMs) to specific tasks but was later adopted for other tasks including T2I personalization.
The key motivation behind LoRA is that finetuning all parameters of large pretrained models, such as GPT-3 [7], is time-consuming and costly. Instead, LoRA adapts a large model to a new task by introducing a small set of parameters and updating only those, thus significantly reducing computational costs.
Due to its importance, let's examine in detail the mathematical foundations of LoRA.
In a typical neural network layer, a weight matrix,W∈Rdout×dinW \in \mathbb{R}^{d_{\text {out }} \times d_{\text {in }}}W∈Rdout​×din​, transforms the input vector,x∈Rdinx \in \mathbb{R}^{d_{i n}}x∈Rdin​, into the output vectory∈Rdouty \in \mathbb{R}^{d_{\text {out }}}y∈Rdout​.
The goal of finetuning is to adjust weight parameters,WWW, to improve the performance of the specific task. Instead of modifyingWWWdirectly, LoRA modifies the weights by introducing an additional low-rank component,ΔW\Delta WΔW, which can be expressed as a product of two learnable lowrank matrices:
where:
A∈Rdout×drA \in \mathbb{R}^{d_{\text {out }} \times d_r}A∈Rdout​×dr​,
B∈Rdr×dinB \in \mathbb{R}^{d_r \times d_{\mathrm{in}}}B∈Rdr​×din​,
dind_{\text {in }}din​anddoutd_{\text {out }}dout​represent input and output dimensions,
rrris a small integer representing the rank, typically much smaller thandind_{\text {in }}din​anddoutd_{\text {out }}dout​.
Learning the new parameters introduced by LoRA is more efficient than finetuning the full matrix. Specifically, the original matrix,WWW, hasdout×dind_{\text {out }} \times d_{\text {in }}dout​×din​parameters, while the low-rank approximation introduces onlyr×(din+dout)r \times\left(d_{\text {in }}+d_{\text {out }}\right)r×(din​+dout​)parameters. For small values ofrrr, this can lead to significant savings in both storage and computation.
To apply LoRA to our pretrained T2I model, we inject trainable parameters into the diffusion model and update only those parameters during finetuning to learn the new identity. This method requires training of only a fraction of the model's parameters, which is much faster and more memory-efficient.
Preserves original model capabilities:LoRA preserves the T2I’s capabilities by freezing the original model parameters.
Reduces memory and computational needs:LoRA updates only a small fraction of the model's parameters, making it more efficient than DreamBooth.
Minimizes storage requirements:Since the original model remains unchanged, only the LoRA layers are stored. This typically means just a few megabytes per personalized model, which is cost-efficient and scalable.
Less effective learning:LoRA is less effective than DreamBooth because it finetunes only a small number of parameters, thus limiting its capacity to learn the new subject.
Slight increase in inference time:LoRA slightly increases inference time due to additional parameters and computations. However, this is often negligible compared to the overall benefits of reduced storage requirements and faster adaptation times.
Table 1 provides a comparison of the three tuning-based personalization methods.
Table 1: Comparison of popular tuning-based personalization methodsWhich method is more suitable for headshot generation?The suitability of these methods depends on the use case and the system requirements. For headshot generation, we choose DreamBooth for three main reasons:Better identity preservation: DreamBooth is most effective at preserving details of the subject, leading to better identity preservation.Acceptable training time:According to [5], it takes around 15 minutes to finetune a diffusion model using DreamBooth. This training time is acceptable given that we are required to share the generated images with the user within an hour.No need for storage:We don’t need to save personalized models after generating the headshots, so storage concerns with the DreamBooth approach are not relevant.Data PreparationThe number of images needed varies depending on the method. Tuning-free methods generally require just one image, whereas tuning-based methods such as DreamBooth need around 10–20 images.Since we are using DreamBooth, users are asked to upload 10–20 images. These images may come in different resolutions and aspect ratios. To prepare them for training, we follow these steps:Image resizingImage augmentationGeneric face data additionImage resizingDiffusion models typically require fixed input dimensions, but user-uploaded images often vary in dimensions. We resize the images to uniform dimensions suitable for the diffusion model.Image augmentationT2I models require lots of images to learn concepts such as objects, identities, and scenes. However, for personalization, we often lack a large dataset. We use image augmentation techniques such as mirroring, slight rotations, and scaling to artificially expand the dataset. This step is essential when only a small number of images is available for training.Generic face data additionTraining only on the provided images may cause the model to overfit to a specific identity and forget previously learned knowledge. To prevent this, we combine user-uploaded images with a larger, generic dataset of faces. We generate these images using a pretrained diffusion model with prompts such as "an image of a person."Model DevelopmentArchitectureThe DreamBooth method finetunes a pretrained diffusion model. We use a model with a U-Net architecture, pretrained to output 1024x1024 images, similar to what we covered in Chapter 9. The architecture remains unchanged: a series of downsampling blocks followed by a series of upsampling blocks.TrainingTo finetune a pretrained diffusion model, we follow the same process as training a diffusion model from scratch:Noise addition:Noise is added to an image based on a randomly selected timestep.Conditioning signals preparation:Separate encoders prepare the image caption and timestep as conditioning signals for the model to predict noise.Noise prediction:The model predicts the noise to be removed from the noisy image using the conditioning signals.Training dataThe training data consists of user-uploaded images and generic face images added during data preparation. User-uploaded images are labeled as "An image of a [V] person," while generic face images are labeled as "An image of a person."ML objective and loss functionThe key challenge in personalization is to ensure the model can generate both general categories (e.g., human faces) and specific instances within those categories (e.g., a unique individual). To address this, we use two loss functions:Reconstruction lossClass-specific prior preservation lossReconstruction lossThis loss function measures the differences between the reconstructed image and the actual images of the specific subject. It helps the model preserve the subject's identity.Class-specific prior preservation lossThis loss function measures the difference between the generated images and actual images of generic faces. It ensures the model maintains the characteristics of the human class and avoids overfitting to specific identities.Overall lossThe overall loss function is a weighted combination of the reconstruction loss and the class-specific prior preservation loss. The formula for the overall loss can be expressed as:Overall loss=α×reconstruction loss+β×class-specific prior preservation loss\text {Overall loss}=\alpha \times \text {reconstruction loss}+\beta \times \text {class-specific prior preservation loss}Overall loss=α×reconstruction loss+β×class-specific prior preservation lossα\alphaαandβ\betaβare hyperparameters that control the trade-off between maintaining a specific identity and preserving human characteristics. The ML objective is to minimize the overall loss, which allows the model to generate images of unique identities while retaining its ability to produce generic human face images.SamplingThe sampling process for headshot generation is similar to the T2I generation discussed in Chapter 9, as both use diffusion models. However, a key difference lies in how we provide text prompts. In Chapter 9, the user provided the text prompt. For example, a user might input "a cat sitting on a chair," and the diffusion model would generate an image reflecting that text.In headshot generation, the users don't provide prompts. Instead, we create a set of hand-engineered prompts. These prompts represent various professional settings and include the identifier used during training to ensure the generated images reflect the user's identity. Some examples include:"A professional headshot of [V] smiling in front of a plain white background.""A close-up of [V] with a neutral expression, wearing formal attire.""A headshot of [V] with soft lighting, looking slightly to the left.""A profile shot of [V] against a blurred outdoor background.""A professional headshot of [V] wearing a business suit, with a confident expression."After creating the prompts, we sample one image per prompt from the diffusion model. We follow the standard diffusion process sampling steps:Generate initial random noise.Iteratively denoise the input through multiple steps, using Classifier-free guidance (CFG) [8] during each step to reduce noise and refine image details. To review CFG, refer to [8] or Chapter 9.EvaluationOffline evaluation metricsIt is important to evaluate personalized diffusion models to ensure our model is capable of preserving the user’s identity in the generated images. We assess the performance of a personalized diffusion model by focusing on three main aspects:Text alignmentImage qualityImage alignmentText alignmentText alignment refers to how closely generated images match text prompts. A common metric for measuring this is the CLIPScore [9], which ensures the images are not only high quality but also relevant to the input text.Image qualityAs we explored in previous chapters, we employ common metrics such as FID [10] and Inception score [11] to measure the quality of the generated images.Image alignmentImage alignment, particularly relevant to personalized text-to-image models, refers to assessing the visual similarity between generated images and the subject of interest. For instance, if the model is tasked with generating an image of a specific backpack, image alignment measures how closely the generated image resembles that backpack.Commonly used metrics for measuring the visual similarity between the generated and original subject are:CLIP scoreDINO scoreFacial similarity scoreCLIP scoreCLIP model [12] uses two encoders—one for images and one for text. These encoders are trained to ensure that the image and text embeddings of a relevant image–text pair are close in the embedding space.To measure image alignment using CLIP, we discard the text encoder and use the image encoder to generate embeddings for both the generated and real images. We then calculate the cosine similarity between these embeddings to assess their similarity. Higher scores indicate that the personalized diffusion model creates images that are more visually similar to real images.DINO scoreDINO [13] is a self-supervised learning method developed by Meta. DINO learns visual representations of images without the need for labeled data. In particular, it uses a method called contrastive learning [14], whereby the model learns to distinguish between similar and dissimilar images by organizing them in an embedding space—similar images are placed closer together, and dissimilar ones are positioned farther apart.DINO, along with its more recent variations like DINOv2 [15], is particularly good at capturing similarities between images because it is trained to recognize subtle differences. This makes DINO particularly effective for measuring image alignment. By comparing the embeddings of a generated image with a real one, DINO can evaluate how well the generated image matches the real one.DINO versus CLIPDINO is preferred for comparing images because it is trained to capture detailed visual features. For example, two images, one with a yellow jacket and another with a red jacket, might have a low DINO score due to the color difference. On the other hand, CLIP is better for comparing images with text, as it is trained to match descriptions with visuals. The same images with different jacket colors might have a high CLIP score if both reflect a person wearing a jacket.Facial similarity scoreWhile CLIP and DINO measure visual similarity between generated and real images, they aren't designed to assess identity preservation. For example, two face images might show different individuals, but CLIP and DINO could still give a high similarity score. To address this, we use a face recognition model to compare generated and real images. These models specialize in identifying and measuring facial similarity, which is a crucial requirement in a personalized headshot generation system.Combining DINO, CLIP, and facial similarity scores provides a comprehensive evaluation of image alignment in the personalized diffusion model.Online evaluation metricsOnline evaluation is crucial in headshot generation. It measures user satisfaction directly, which is vital when users pay for the service, as higher satisfaction often leads to increased revenue. We focus on two primary metrics:User feedback:This metric directly reflects user satisfaction. After receiving their generated headshots, users rate their satisfaction on a scale from 1 to 5. High ratings indicate that the headshots meet or exceed expectations, while lower scores highlight improvements are needed.Conversion rate to paid service:This metric measures the percentage of users who move from showing interest to becoming new paying customers. It is calculated by dividing the number of new paying customers by the total number of users who engaged with the service—such as visiting the website, signing up for a trial, or making inquiries—within a specific time period.Overall ML System DesignGenerating professional headshots requires more than just a diffusion model. In this section, we examine three key pipelines:Data pipelineTraining pipelineInference pipelineData pipelineThis pipeline has two responsibilities:Preparing images with the subject of interestPreparing images of generic human facesPreparing images with the subject of interestThis process evaluates user-uploaded images to ensure they meet predefined standards and prepares them for training.Specifically, it verifies that the images are diverse and contain only a single object of interest: the user's face. To achieve this, we use various heuristics and ML models to analyze the images, checking factors such as clarity, diverse angles, expressions, and the presence of the user's face. If any images fail to meet these criteria, they are rejected, and the user is asked to upload more. This ensures that only high-quality images are used to finetune the diffusion model.Preparing images of generic human facesThis step involves preparing images with generic faces to prevent the model from overfitting to the subject of interest. We use the pretrained T2I model to generate these images with prompts like “a person sitting on a chair.”Training pipelineThis pipeline is responsible for personalizing the pretrained diffusion model.Inference pipelineThe inference pipeline is responsible for generating the headshots of the user using a personalized T2I model. Three main components in the inference pipeline are:Image generatorQuality assessment serviceUploader serviceImage generatorThe image generator utilizes the personalized T2I model and hand-engineered text prompts to generate one image per prompt.Quality assessment serviceThis service ensures the generated images meet identity preservation standards. This service uses a pretrained face recognition model to compare the generated headshot with the user's real images. If the generated image fails to preserve the user's identity, the service rejects it and requests that the image generator produce a new image using the same text prompt but with a different initial noise.Uploader serviceThe uploader service manages the delivery of generated images to the user. It uploads the images to cloud storage so users can download their headshots.Other Talking PointsIf there is extra time at the end of the interview, here are some additional talking points:Preventing catastrophic forgetting during the finetuning [16].The details of choosing a rare token for the new subject, and its importance [5].Details of class-specific prior preservation loss [5].Addressing the issue of reduced output diversity after finetuning [5].Supporting multiple sizes and aspect ratios in generated images [17].Details of tuning-free methods such as Meta’s Imagine Yourself [1].Mitigating the risks and ethical concerns around deepfake generation and detection [18].ML techniques to handle personally identifiable information (PII) securely while ensuring data privacy [19][20].SummaryReference Material[1] Imagine yourself: Tuning-Free Personalized Image Generation.https://ai.meta.com/research/publications/imagine-yourself-tuning-free-personalized-image-generation/.[2] MoA: Mixture-of-Attention for Subject-Context Disentanglement in Personalized Image Generation.https://arxiv.org/abs/2404.11565.[3] InstantID: Zero-shot Identity-Preserving Generation in Seconds.https://arxiv.org/abs/2401.07519.[4] An Image is Worth One Word: Personalizing Text-to-Image Generation using Textual Inversion.https://textual-inversion.github.io/.[5] DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation.https://arxiv.org/abs/2208.12242.[6] LoRA: Low-Rank Adaptation of Large Language Models.https://arxiv.org/abs/2106.09685.[7] Language Models are Few-Shot Learners.https://arxiv.org/abs/2005.14165.[8] Classifier-Free Diffusion Guidance.https://arxiv.org/abs/2207.12598.[9] CLIPScore: A Reference-free Evaluation Metric for Image Captioning.https://arxiv.org/abs/2104.08718.[10] FID calculation.https://en.wikipedia.org/wiki/Fr%C3%A9chet_inception_distance.[11] Inception score.https://en.wikipedia.org/wiki/Inception_score.[12] Learning Transferable Visual Models From Natural Language Supervision.https://arxiv.org/abs/2103.00020.[13] Emerging Properties in Self-Supervised Vision Transformers.https://arxiv.org/abs/2104.14294.[14] Contrastive Representation Learning.https://lilianweng.github.io/posts/2021-05-31-contrastive/.[15] DINOv2: Learning Robust Visual Features without Supervision.https://arxiv.org/abs/2304.07193.[16] An Empirical Study of Catastrophic Forgetting in Large Language Models During Continual Fine-tuning.https://arxiv.org/abs/2308.08747.[17] SDXL: Improving Latent Diffusion Models for High-Resolution Image Synthesis.https://arxiv.org/abs/2307.01952.[18] Deepfakes, Misinformation, and Disinformation in the Era of Frontier AI, Generative AI, and Large AI Models.https://arxiv.org/abs/2311.17394.[19] Privacy-Preserving Personal Identifiable Information (PII) Label Detection Using Machine Learning.https://ieeexplore.ieee.org/document/10307924.[20] Does fine-tuning GPT-3 with the OpenAI API leak personally-identifiable information?https://arxiv.org/abs/2307.16382.


Chapter 11
Text-to-Video Generation
Introduction
Text-to-video generation is a key application of generative AI, enabling the generation of videos from textual descriptions. This chapter delves into the crucial components required to build a text-to-video model.
Clarifying Requirements
Here is a typical interaction between a candidate and an interviewer.
Candidate:What is the expected length of the generated videos?Interviewer:Let’s aim for five-second-long videos.
Candidate:What video resolution are we targeting?Interviewer:We should aim for high-definition quality to ensure the videos suit a wide range of modern platforms and devices. Let’s aim for 720p resolution.
Candidate:Is 24 frames per second (FPS) the desired rate for the generated video?Interviewer:Yes.
Candidate:What is the expected latency for generating a video?Interviewer:Video generation is computationally expensive. For the start, a few minutes of processing time will be acceptable. In future iterations, we will optimize for efficiency and speed.
Candidate:Should we focus on a specific video category?Interviewer:No, the system should generate videos across various genres and subjects.
Candidate:Should the system support multiple languages for text input, or are we starting with English only?Interviewer:Let's start with English.
Candidate:Should the generated videos include audio output?Interviewer:Let's focus on silent videos for now. Audio could be considered for an enhancement for future iterations, but it’s not a priority at this stage.
Candidate:What is the approximate size of our training data?Interviewer:We have a large video dataset, around 100 million diverse videos with captions. Some captions might be noisy or non-English.
Candidate:A common approach to building a text-to-video model is to extend a pretrained text-to-image model to handle videos. Do we have a pretrained text-to-image model?Interviewer:Yes, that is a fair assumption.
Candidate:Considering the high computational demands of video generation, what is our compute budget?Interviewer:Training a video generation system requires significant computational resources. We have over 6000H100 GPUs[2] available for text-to-video training.
Candidate:Shall we ensure the system has safeguards to prevent generating offensive or harmful videos is crucial?Interviewer:Great point. Yes, we need to ensure our proposed system is safe for users.
Frame the Problem as an ML Task
This section frames the text-to-video generation problem as an ML task and highlights the necessary considerations beyond those used in Chapter 9 for text-to-image generation.
Specifying the system’s input and output
The input is a descriptive text outlining a scene, action, or narrative. The output is a five-second 720p (1280 x720) video that visually and temporally aligns with the given text prompt.
For example, given a text input like "A dog playing fetch in a park on a sunny day," the system should generate a video depicting this scene, capturing the dog's movement, the park's environment, and the ambiance of a sunny day.
Choosing a suitable ML approach
Text-to-video generation is similar in nature to text-to-image generation. Both generate visuals from textual descriptions. Techniques such as autoregressive modeling and diffusion models that are popular in text-to-image generation are also effective for text-to-video generation. As we saw previously, diffusion models have demonstrated strong performance in producing detailed and realistic visuals. Therefore, we choose a diffusion model to develop our text-to-video generation system.
There is, however, a crucial difference between them. For video generation, the model must process and generate a sequence of frames rather than a single image. This significantly increases the computational load. For instance, generating a five-second video at 24 FPS means the model must produce 120 frames. A 512x512 image might take around 1 second to generate on a high-end GPU such as the NVIDIA’s H100, but scaling this to a five-second 720p video would require much more time, as each 720p frame has about 3.6 times more pixels. As a result, generating a five-second 720p video could take around seven minutes.
To address the complexity and computational cost of video generation, we employ the popular latent diffusion model approach. This approach was first popularized by the Stable Diffusion paper [3] and later applied and used by most video generation models, such as OpenAI'sSora[1] and Meta’sMovie Gen[4]. Let’s explore this approach further.
Latent diffusion model (LDM)
The core idea behind LDM is to have a diffusion model operate in a lower-dimensional latent space rather than directly in the pixel space. The diffusion model learns to denoise these lower-dimensional latent representations rather than the original video pixels in the training dataset.
LDM relies primarily on a compression network to compress video pixels into a latent representation. Let’s examine the compression network in more detail.
The compression network is a neural network that maps video pixels to a latent space. It takes raw video as input and outputs a compressed latent representation, reducing both its frame count (temporal dimension) and its resolution (spatial dimensions).
The compression network is usually based on a Variational Autoencoder (VAE) [5] model that is trained separately from the diffusion model. The VAE's visual encoder transforms the input video into a latent representation, while its visual decoder reconstructs the original video frames from this latent space.
LDMs require less computing power than standard diffusions because processing compressed representations is cheaper than handling high-dimensional pixels. To understand the impact of this compression, let's walk through an example.
Imagine we need a video with 24 FPS, a duration of five seconds, and a resolution of 720p. This means 120 frames, each with 1280x720 pixels—a substantial amount of data to process. If we use a compression network similar to [4] that reduces both the temporal and spatial resolution by a factor of 8, the video’s spatial dimension becomes 160x90 pixels, and its temporal dimension shrinks to 15 frames.
This compressed representation is 512 times smaller than its pixel-space equivalent, making LDM training 512 times more efficient. This efficiency results in faster generation times and reduced resource consumption, which is especially valuable when handling high-resolution video data.
To generate a video using a trained LDM, we start with pure noise in the latent space. The LDM gradually refines it into a denoised latent representation. The visual decoder then converts this latent representation back into pixel space to produce the final video.
For this chapter, we choose an LDM approach to develop our text-to-video generation system because it's efficient and it reduces computational load. To learn more about LDM, refer to [6].
Data Preparation
The dataset for text-to-video generation includes 100 million pairs of textual descriptions and their corresponding videos. These pairs cover various subjects and actions, allowing the model to learn from diverse videos. In this section, we prepare the videos and captions for training our LDM.
Video preparation
We focus on three key steps in preparing videos for training:
Filter inappropriate videos
Standardize videos
Precompute video representations in the latent space
Large datasets often contain unwanted content. This step removes inappropriate videos to ensure the model learns only from high-quality ones. Common steps include:
Remove low-quality or short videos:We followMovie Gen[4] and remove low-resolution, short, slow motion, or distorted videos with compression artifacts.
Remove duplicated videos (deduplication):We use a deduplication method such as [7] to eliminate identical videos. This ensures training data is diverse and the model will not be exposed to certain videos more than others.
Remove harmful videos:We use harm-detection models to identify and remove videos with explicit content. This step is vital to ensure our text-to-video model will not generate harmful videos.
Adjust video length:We split longer videos into five-second clips to ensure training data consists only of videos of the same length.
Standardize frame rate:We re-encode the videos with higher frame rates to 24FPS to ensure all the videos have the same frame rates.
Adjust video dimensions:We resize and crop videos to a standard size, for example, 1280x720 pixels.
As the LDM operates in the latent space, it needs only latent representations as input. Thus, each training iteration normally requires the following steps:
Extract frames from a video in the training data.
Pass these frames through a pretrained compression network to obtain latent representations.
Use the latent representations to continue training the diffusion model.
However, those steps are inefficient. Extracting frames and compressing them for millions of videos each time we train a new model slows diffusion training. Computing latent representations on the fly is resource-intensive and time-consuming.
To optimize the process, we precompute the latent representations for all videos and cache them in storage. During training, the diffusion model directly accesses the precomputed latent representations without waiting for frame extraction or compression processes. This approach significantly speeds up the diffusion training process, while keeping the storage cost manageable. Let’s run a quick calculation to understand the storage need.
Back-of-the-envelope calculation:Assume that each video frame, when compressed into a latent representation, reduces in size by a factor of 512. So, if a video with 1,000 frames takes up about 1,000 MB, its latent representation would only take around 2 MB. If we cache latent representations for 100 million videos, the total storage required would be around 200 TB. Given modern storage capabilities, this is relatively manageable, especially compared to the significant time saved during training.
Caption preparation
It's important to have high-quality, consistent captions. Some captions are likely to be missing or irrelevant. Common steps for preparing captions are:
Handle missing or non-English captions:For videos without captions or with captions in another language, we use models such as LLaMa3-Video [8] or LLaVA [9] to automatically generate descriptive captions.
Re-captioning: We improve existing captions using pretrained video captioning models such as LLaMa3-Video or LLaVA to generate longer, more detailed versions. The Sora team [1] has shown that this process is essential for enhancing quality and text alignment.
Precomputing caption embeddings:Diffusion model training requires caption embeddings for conditioning. We use the text encoder to precompute caption embeddings, speeding up LDM training.
Model Development
Architecture
When selecting the architecture for a text-to-video diffusion model, we have two main options: U-Net and DiT. We’ll examine each and determine the additional layers required to extend them to handle videos.
U-Net for videos
Let's briefly review the U-Net architecture before extending it to process videos. As we explored in Chapter 9, the U-Net architecture consists of a series of downsampling blocks followed by a series of upsampling blocks. Each downsampling block includes 2D convolutions to process and update image features and a cross-attention layer to update features by attending to the text prompt.
However, these layers mainly focus on capturing the relationships between pixels within a single image. This design presents a challenge for videos, where maintaining temporal consistency is crucial for smooth motion and continuity across frames. Current layers, however, operate spatially within individual frames rather than across frames.
To address this shortcoming, we modify the U-Net architecture to understand relationships across frames. In particular, we inject two commonly used temporal layers:
Temporal attention
Temporal convolution
Let’s briefly review each layer.
Temporal attention:Temporal attention utilizes the attention mechanism across frames. Each feature is updated by attending to relevant features across other frames. Figure 12 shows how a certain feature in frame 2 is updated by attending to the features in the other frames.
Temporal convolution:Temporal convolution refers to applying a convolution operator to a 3D segment of data, to capture the temporal dimension. Figure 13 illustrates 2D and 3D temporal convolutions.
In summary, to extend a U-Net architecture to process videos, we can interleave temporal convolution and temporal attention layers in each downsampling and upsampling block. These layers allow the U-Net architecture to model the motion in input videos and generate a sequence of frames that are temporally consistent. To learn more about how these layers can be interleaved, refer to [10].
DiT for videos
Unlike U-Net, which is based mainly on convolutions, DiT relies primarily on the Transformer architecture. As shown in Figure 14, DiT consists of four main components:
Patchify
Positional encoding
Transformer
Unpatchify
Let’s examine each component and understand its purpose.
This component converts the input to a sequence of embedding vectors. It first divides the input into smaller, fixed-size patches. Each patch is then flattened to form a sequence of vectors. The flattened patches are finally transformed into patch embeddings using a projection layer. This step is crucial to align the embedding size of each flattened patch with the Transformer's hidden size.
The patchify process is similar for both image and video inputs. For images, it divides the input into fixed-size 2D patches. For videos, the video is divided into 3D patches.
The positional encoding component produces an embedding for each position in the original sequence. These embeddings provide the Transformer with information about the location of each patch in the original input.
As we saw in Chapter 2, there are different ways to encode positions: Some methods use fixed positional encoding during training, while other methods make the positional encoding learnable. There are also different ways to assign positions to each patch. For example, we can give each patch a single number to show its place in a sequence or use 3D coordinates (2D for images) to show where each patch is in space and time.
There is not one best way to do positional encoding. We often need to run experiments to find the approach that will be most effective for the data and task. In this chapter, we follow OpenSora [11] and use RoPE [12] positional encoding. To learn more about positional encoding in text-to-video models, refer to [4].
The Transformer processes the sequence of embeddings and other conditioning signals, such as the text prompt, to predict noise for each patch.
Unpatchify converts the predicted noise vectors back to the original input dimensions. It includes aLayerNormfor normalization, a linear layer to adjust vector length, and a reshape operation to form the final output.
U-Net vs. DiT
Both U-Net and DiT architectures are proven to be effective for text-to-video generation. The U-Net architecture has been around for longer and has been extensively tested. Popular U-Net-based text-to-video models include Stable Video Diffusion [13] by Stability AI and EMU video [14] by Meta.
The DiT architecture is more recent and has shown great promise, with superior results. DiT performs better with increased data and computational power due to the scalable nature of Transformers. In addition, it has a flexible architecture, making it easier to adapt to videos and other input modalities. Meta’sMovie Genand OpenAI’sSorais a popular model based on the DiT architecture.
In this chapter, we follow Sora and choose the DiT architecture.
Training
Training a video diffusion model is very similar to training an image diffusion model. During training, we add noise to the original video by simulating the forward process and train the model to predict the added noise. The three concrete steps involved in one iteration of training are:
Noise addition:A timestep is randomly sampled to determine the level of noise addition. The sampled timestep is used to add noise to the input video.
Noise prediction:The DiT model receives the noisy video as input and predicts the added noise based on conditioning signals such as text prompt and the sampled timestep.
Loss calculation:The loss is measured by comparing the predicted noise to the actual noise.
To review diffusion training in more detail, refer to Chapter 9.
ML objective and loss function
The primary loss function is the reconstruction loss, calculated using the mean squared error (MSE) formula. This loss measures the difference between the predicted noise and the actual noise, encouraging the model to accurately predict the added noise. The ML objective is to minimize the reconstruction loss, leading to accurate video reconstruction.
Researchers have experimented with adding other loss functions to enhance text-to-video performance. To learn more, refer to [4].
Challenges in training video diffusion models
Training a DiT model for text-to-video generation involves several challenges and design decisions. This section explores two important challenges:
Lack of large-scale video–text data
Computational cost of high-resolution video generation
Training large models requires lots of data. As opposed to training text-to-image models, where a huge amount of image–text paired data is available, paired video–text data is scarce. This scarcity presents a challenge in training effective video generation models.
There are two common strategies for addressing the lack of large-scale data:
Train the DiT model on both image and video data:This strategy treats each image as a single-frame video, thus allowing the model to train on both image–text and video–text data.
Pretrain the DiT model on image data:This strategy first pretrains the DiT model on image–text pairs to leverage extensive image data and build a strong visual foundation. The pretrained model is then finetuned on video–text pairs for video generation.
Both strategies leverage hundreds of millions of image–text data in training, allowing the DiT model to learn from both images and videos. For simplicity, we choose the first strategy, as it requires only one stage of training. However, both strategies can be effective in practice.
As discussed earlier, processing and generating videos is more expensive than images. This is primarily because videos generally contain hundreds of frames, making the process slower and more costly. Generating high-resolution videos, such as 720p or 1080p, adds to the challenge.
Here are a few common strategies to reduce the computational cost of training high-resolution video generation models:
Employ an LDM-based approach:Instead of training the DiT model directly in pixel space, we use a compression network to convert videos from pixel space into a lower-dimensional latent space. Training the diffusion model in this latent space reduces the computational load.
Precompute video representations:By precomputing video representations in the latent space before training, we avoid repetitive computations during training. Utilizing this cached data speeds up the training process.
Utilize a spatial super-resolution model:As proposed by Google’s “Imagen video”[15], we use a separately trained model to upscale the resolution of generated videos. The DiT model generates videos at a lower resolution that are then enhanced to the desired resolution by a spatial super-resolution model. For example, the DiT model can generate videos at 720p, and a spatial super-resolution model can then upscale them to 1080p or 4K.
Utilize a temporal super-resolution model:As proposed by [15], we employ a model to increase the temporal resolution by interpolating between frames. For instance, if a video should be five seconds at 24 FPS (i.e., 120 frames total), the DiT model can generate it at 12 FPS (60 frames), and a temporal super-resolution model can then interpolate to achieve 24 FPS.
Use more efficient architectures:We can adopt an efficient implementation of the attention mechanism [16] to reduce the computational load during training. Additionally, techniques like Mixture of Experts (MoE) [17] can be used to accelerate the training process.
Use distributed training:We use distributed training techniques, such as tensor parallelism, to parallelize training across multiple devices. By splitting the model, data, or both across different devices, we can significantly speed up training and handle larger video datasets more efficiently. This approach is particularly useful for high-resolution video generation, where memory and computational demands are substantial. For an overview of distributed training, refer to Chapter 1.
Sampling
The sampling process in diffusion models starts with random noise, and the model iteratively denoises the sample until a fully denoised video representation in the latent space is obtained. For more details on sampling in diffusion models, refer to Chapter 9.
Evaluation
Offline evaluation metrics
A consistent benchmark is crucial for evaluating video generation models.VBench[18] andMovie Gen Bench[19] offer this by providing a curated set of prompts designed to test various aspects of video generation such as motion coherence, temporal consistency, and scene complexity. We can use these benchmarks to measure how well the model creates realistic and smooth videos, focusing on video quality, motion accuracy, and scene transitions. Let’s explore both automated metrics and human evaluation, focusing on three key areas:
Frame quality
Temporal consistency
Video–text alignment
Frame quality
Frame quality refers to measuring the quality of each frame independently. To measure this quality we employ FID [20] and Inception score (IS) [21], both of which are commonly used for images. The overall quality is calculated by averaging the FID and IS scores of all frames. Other metrics such as LPIPS [22] and KID [23] can also be used.
While FID and IS measure the quality of individual frames, they don't account for the temporal consistency in generated videos. For instance, a video might have high-quality frames but lack smooth transitions, resulting in a high FID score without visual coherence. Let's explore temporal consistency and the common metrics used to measure it.
Temporal consistency
Temporal consistency refers to how smoothly visual content transitions from one frame to the next. Evaluating temporal consistency is important to ensure the generated video flows naturally. A common metric for measuring temporal consistency is the Fréchet Video Distance (FVD).
FVD [24], which is an extension of FID, evaluates both the visual quality and temporal consistency of videos. It compares the statistical distribution of generated videos to real videos in an embedded space.
Here's a step-by-step guide to calculating the FVD score:
Generating videos:We start by generating a large set of videos using the model we want to evaluate. These videos will be compared against a set of real videos to evaluate their quality and consistency.
Extracting features:We pass each video (both generated and real) through a pretrained I3D model [25] and extract features from a specific layer. The I3D model extends the Inception v3 [26] architecture to sequential data by training it for action recognition.
Calculating mean and covariance:We calculate the mean and covariance of the extracted features separately for generated and real videos. These statistical measures summarize the distribution of features for both sets of videos.
Computing Fréchet distance:We calculate the FVD score as the Fréchet distance between the mean and covariance of generated and real videos. The Fréchet distance measures how close the two distributions are.
A lower FVD score indicates greater similarity between the distributions, meaning the generated videos are more realistic and temporally consistent.
Video–text alignment
Video–text alignment refers to how accurately the generated video reflects the textual description on which it was conditioned.
A commonly used metric to measure video–text alignment is the CLIP similarity score, calculated as follows:
Extracting frame-level features:We pass each video frame through a pretrained CLIP image encoder to get visual features. The text is encoded using the text encoder to obtain textual features.
Calculating similarities:For each frame, we compute the cosine similarity between its visual features and the textual features. This score indicates how well the frame content aligns with the text.
Aggregating per-frame similarities:We aggregate these similarity scores to get a single score representing the overall video–text alignment. Aggregation can be done by averaging, taking the maximum score, or using other statistical methods.
A high CLIP similarity score indicates that generated videos are aligned with their corresponding text.
Human evaluation
Alongside the described automated metrics, human evaluation is still vital for assessing generative models, as it provides a subjective assessment that complements automated measures.
For human evaluation, we generate videos from test prompts using two different models. We then present pairs of videos, one from each model, to human annotators. They choose the better video based on assessing video–text alignment, video quality, and temporal consistency. This process allows us to compare two models to see which one performs better.
Online evaluation metrics
Online evaluation metrics for text-to-video models are similar to those for text-to-image models. Important metrics include:
Click-through rate
Time spent on the page
User feedback
Conversion rate
These metrics help gauge user engagement, satisfaction, and overall model performance in production.
Overall ML System Design
In this section, we dive into the holistic design of a text-to-video generation system. In particular, we examine the following pipelines:
Data pipeline
Training pipeline
Inference pipeline
Data pipeline
The data pipeline prepares training data by filtering unsuitable images and videos, standardizing them, and precomputing and storing latent representations. It ensures captions are relevant and detailed by re-captioning and using a pretrained text encoder to precompute and store caption embeddings.
Training pipeline
The training pipeline trains the model using the training data prepared by the data pipeline.
Inference pipeline
The inference pipeline processes real-time user requests to generate videos from text prompts. As shown in Figure 24, it has several crucial components that ensure system quality and safety.
Most of the components are similar to those explored in Chapter 9 for text-to-image generation. The unique components for text-to-video generation are:
Visual decoder
Temporal super-resolution
Visual decoder
The LDM generates output in the latent space, not the pixel space. The visual decoder then uses the compression network to convert this latent representation back into the pixel space.
Temporal super-resolution
This component interpolates between the generated frames, leading to smoother motion in videos.
Other Talking Points
In case there's extra time at the end of the interview, you might discuss these further topics:
Ensuring sampling flexibility for variable durations, resolutions, and aspect ratios [1].
Extending the text-to-video model to downstream applications such as inpainting, outputpainting, video-to-video stylization, frame interpolation, super-resolution, and animating images (image-to-video) [10].
Support for controlling the generated videos such as the level of desired motion and the type of motion (camera vs. object motion) [27].
Using progressive distillation techniques to reduce the computational demands of training [28].
Details of spatial and temporal super-resolution models [15].
Details of re-captioning model [9][8].
Different noise schedulers. [29].
Noise conditioning augmentation techniques [30].
Personalizing a text-to-video model to a particular subject [31].
ControlNet for text-to-video models [32].
Details of Stable Cascade method [33].
Details of visual compression network [13].
Summary
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