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      Chapter 1. Introduction

      A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 1st chapter of the final book. Please note that the GitHub repo will be made active later on.


If you’d like to be actively involved in reviewing and commenting on this draft, please reach out to the editor at mcronin@oreilly.com.



      In 2024, AI Agents began reshaping the AI landscape as we knew it. Where ChatGPT, at the end of 2022, revolutionized the field of Large Language Models (LLMs), AI Agents took a major step further and were designed to act with autonomy, pursue goals, and even interact with the world. Rather than just generating text, these agents are capable of advanced reasoning, memorizing complex interactions, and creating entire codebases.

      This shift is monumental and not just an incremental improvement. It redefines how we interact with AI. Where LLMs require significant hand-holding, AI Agents are capable of autonomously deciding which actions to take, when to take them, and even how. It is this agency that makes them such interesting entities and will be a core focus throughout this book.

      With Coding Agents becoming a staple in every software developer’s toolkit, we have just begun to understand the potential this technology has. AI Agents, in various forms, are beginning to integrate into all manner of fields, from finance to healthcare, and marketing to scientific research. This pace of improvements in AI, and AI Agents in particular, has been daunting.

      That is where this book, and in particular this chapter, comes in. This chapter serves as the scaffolding for the rest of the book and will introduce concepts and terms that we will use throughout all chapters. Mostly, we will give a brief answer to the question: “What is an AI Agent?”. This answer will be your guide throughout all of the upcoming chapters, where each subsequent chapter will uncover an important component of an AI Agent. You can expect an intuitive, but in-depth journey, of what makes AI Agents so special.

      
        What Is an AI Agent?

        The definition of an AI Agent is ever-changing as the field progresses and as these entities grow in complexity. Fortunately, as with most technologies, the fundamentals of AI Agents are rather static and a great way to build up to more state-of-the-art techniques. As such, we consider the following definition of AI Agents rather meaningful through both the fundamentals and new advances in this field:

        
          An agent is anything that can be viewed as perceiving its environment through sensors and acting upon that environment through actuators.

          Russell & Norvig, AI: A Modern Approach 1

        

        This definition boils Agents down to entities that perceive and interact with their environment. It is broad enough to consider entities other than LLMs, but at the same time, it gives us something structured to work with.

        We can deconstruct this definition into the following components that lie at the heart of Agents:

        
          	Environment

          	
            The world the agent interacts with

          

          	Sensors

          	
            Components of the Agent used to observe the environment

          

          	Actuators

          	
            Tools the Agent uses to interact with the environment

          

          	Effector

          	
            The “brain” or rules deciding how to go from observations to actions

          

        

        The interaction of all these components is shown in Figure 1-1.

        
          [image: Diagram of a diagram of a sensor actuators and environment  AI-generated content may be incorrect.]
          Figure 1-1. [caption]

        

        This terminology, although rich in meaning, can be quite theoretical and is somewhat removed from what we see in practice. We prefer to move from abstract to concrete, so let’s clarify what these components mean by relating them to LLMs.

        In practice, the Effector or brain of the Agent tends to be a “reasoning” LLM, a model that is capable of complex thinking. Through additional modules (memory, tools, and planning), this LLM is capable of interacting with its environment. Here, the Actuators are the tools of the LLM. Some LLMs can interpret more than text, such as images or sound, and can be considered as the Sensors in this system. The last piece missing from this system is the user, who can be part of the Environment. Without any interaction from the user, the LLM will not take any action and is typically highly influenced by how the user initiates this Agent.

        Together, these aspects are what we believe to be truly fundamental to AI Agents as we see them in practice. Figure 1-2 illustrates how all these components are connected. More importantly, this figure does not just elucidate the principles of Agents, but also tells a story: A story of what Agents truly are, how they are created, and how they behave. It serves as the foundation of this book and will be used throughout to build up the Agent.

        
          [image: A close-up of a sign  AI-generated content may be incorrect.]
          Figure 1-2. [caption]

        

        Let’s go through each component in more detail and clarify how they relate to the book structure.

        
          Large Language Models (Chapter 2)

          To understand what AI Agents are, we first need to explore the basic capabilities of an LLM, as the LLM is typically considered to be the “brain” of an Agent. Traditionally, an LLM is a model that does nothing more than predict the next word based on a given input text. As shown in Figure 1-3, the LLM first breaks down a given input query into tokens, which are sub-components of words that allow the model to generalize to words it has not seen before. The LLM processes these tokens, and a prediction is made on what the next token could be.

          
            [image: A diagram of a pink diagram  AI-generated content may be incorrect.]
            Figure 1-3. [caption]

          

          The LLM therefore predicts the next token, uses the predicted token to update its input, and then continues the predictions. By doing this iteratively (which is called autoregression), it can create entire answers to the user’s query (shown in Figure 1-4).

          
            [image: A diagram of a process  AI-generated content may be incorrect.]
            Figure 1-4. [caption]

          

          In Chapter 2, we will explore in detail how this brain works. The common architecture of LLMs, attention, and its many variants, will be explored to give you an understanding of its internal mechanisms.

        

        
          Reasoning Large Language Models (Chapter 3)

          Arguably, one of the most impactful LLMs is GPT-3.5, the original ChatGPT released back in November 2022. As a chat model, GPT-3.5 could hold entire conversations, making it eerily similar to how humans would interact. It is safe to say that this model changed the world as we know it. Over the years since, OpenAI and many other LLM providers have focused on scaling GPT-3.5-like models to new heights by throwing more data, compute, and parameters at these models. This is called train-time scaling (as shown in Figure 1-5), where training these models on more data and making them larger had a proportional effect on performance. The idea was that pre-training (the first and most expensive part of training an LLM) is the fossil fuel of AI. The larger your pre-training budget, the better the resulting model will be.

          
            [image: A diagram of a computer  AI-generated content may be incorrect.]
            Figure 1-5. [caption]

          

          Although this improved the performance of these models, it uncovered a ceiling effect. Continuously scaling the model’s size is not cost-effective, and soon, training simply became too expensive for the small increase in performance. As it turns out, scaling your model can be done in more ways than one.

          As you will notice throughout this book, many ideas underpinning the astonishing capabilities of AI Agents are actually derived from human behavior. When we approached the ceiling of train-time scaling, we looked towards what the models need to emulate, ie, humans. Quite often, these models are compared to humans to gauge their capabilities, and as a result, we strive to mimic human behavior in the models to get the same performance. In the context of train-time scaling, the field of AI Agents started to notice that the capabilities of LLMs would increase substantially if they could reason. Instead of having the model “think” quietly (through the model’s parameters), they were now trained to “think” out loud (by generating reasoning traces before deriving the answer). As shown in Figure 1-6, reasoning LLMs first generate “thoughts” and leverage that to generate the final answer.

          
            [image: A diagram of a tree  AI-generated content may be incorrect.]
            Figure 1-6. [caption]

          

          The main idea is that it allows LLMs to write down their thoughts first through their autoregressive behavior before coming to an answer. Instead of spending all of its compute to generate only the answer, it spends additional compute to first generate its “thoughts”. Like humans, by structuring their thoughts, more complex queries that require multi-step reasoning are easier to solve. In practice, these thoughts are typically hidden from the user, whereas the answer to the user’s query generally represents a summary of the model’s “thoughts” (see Figure 1-7).

          
            [image: A screenshot of a chat  AI-generated content may be incorrect.]
            Figure 1-7. [caption]

          

          Part of what makes AI Agents so human-like is their ability to make extensive plans, select the appropriate tools, reflect on their mistakes, and even dynamically revise and update these plans. All of these require advanced reasoning behavior in LLMs. Reasoning LLMs are particularly capable at complex decision-making tasks, breaking down multi-step problems, and generalizing to novel problems. However, if you want fast and cheap responses, “regular” LLMs are preferred.

          As such, reasoning LLMs will take a central role throughout most of this book, as it is arguably the foundation of what enables these complex behaviors. In Chapter 3, you will learn about various ways to create reasoning LLMs. We look at the fundamentals of reasoning LLMs, explore the famous reasoning LLM, DeepSeek-R1, and look beyond at what the future might hold in this field. Together with Chapter 2, these chapters will therefore focus on the “brain” of the Agent (shown in Figure 1-8).

          
            [image: A diagram of a large language  AI-generated content may be incorrect.]
            Figure 1-8. [caption]

          

        

        
          Augmenting the LLM (Chapters 4, 5, 6)

          Although reasoning LLMs are vital to AI Agents, they are still incomplete and miss certain functionalities. As static text-to-text entities, LLMs have no control over their environment, nor do they remember their interactions or learn from these interactions.

          Let us explore how to go from an incredibly capable LLM to one that can remember interactions, interact with its environment, and demonstrate various degrees of autonomy.

          
            Memory

            Notice how, thus far, we have only shown “single-turn” conversations. These conversations contain a single question and answer pair in the interaction with the LLM. If we were to continue this conversation and ask another question, we would turn it into a “multi-turn” conversation. Multi-turn conversations expose a vital flaw of LLMs, namely that they are forgetful entities and do not remember past conversations (see Figure 1-9). They are stateless, which means that information is not persisted across calls.

            
              [image: A collage of different words  AI-generated content may be incorrect.]
            Figure 1-9. [caption]

            

            Without memory, LLMs are nothing more than answering machines. Ask it a question and get an answer. However, follow it up with another question, and the LLM has no information about the former interaction.

            Fortunately, there are many ways we can add memory modules to LLMs to mimic memory. As shown in Figure 1-10, a common way to approach this is by simply adding the previous conversation to the current prompt.

            
              [image: A diagram of a conversation  AI-generated content may be incorrect.]
            Figure 1-10. [caption]

            

            In practice, however, memory modules can be quite complex. They share many similarities with our memory systems, such as short-term and long-term memory, but also in how we process information. If we receive too much information, it becomes difficult to process, which can lead to poor decision-making. This is called information overload and can be a real problem even for LLMs. As such, memorizing every little detail might hurt the performance of an LLM, so a balance is needed between the amount and quality of the information in the prompt. This is called context engineering and, as shown in Figure 1-11, attempts to balance the information available and what we give the LLM.

            
              [image: A diagram of a conversation diagram  AI-generated content may be incorrect.]
            Figure 1-11. [caption]

            

            In Chapter 4, we will discuss these various types of memory, including short-term and long-term memory.

          

          
            Tools

            With memory, LLMs remember the conversations they previously had, but they are not yet capable of interacting with their environment. LLMs can interact with their digital environment through external tools that may enhance their capabilities. These tools vary in complexity and can range from straightforward calculators and search engines to giving them access to your command shell and coding environment.

            However, LLMs are not capable of using tools by themselves. Fundamentally, LLMs can be seen as software or functions that, upon receiving input text, process it and then output some text. As text-in/text-out functions, LLMs can only describe or show the intent of taking the action when outputting text. This is shown in Figure 1-12, where the LLM, upon receiving the query “What is 2.3 times 8.1?” generates the string “multiply(2.3, 8.1)”. This string merely represents the LLM’s intention to take an action, but the action itself is not taken without outside intervention.

            
              [image: A black rectangle with text  AI-generated content may be incorrect.]
            Figure 1-12. [caption]

            

            The LLM can express the intent to use a tool, but it relies on us to turn that intent into an actual tool call. The user will need to write software to convert that text into an action. For instance, if LLM’s output were JSON, we would use that to choose the correct tool and fill in its parameters. Those actions would need to be programmed ourselves. Figure 1-13 illustrates these steps, showing a possible representation of the overall flow.

            
              [image: A diagram of a multiplying program  AI-generated content may be incorrect.]
            Figure 1-13. [caption]

            

            There are many ways an LLM can use and learn tools, which we will cover in Chapter 5, along with how using the same tools by different LLMs can be standardized with the Model Context Protocol.

            Chapters 2 through 5 give us, as shown in Figure 1-14, what Anthropic calls: “The Augmented LLM”. This LLM is capable of deciding which tools to use, how to use them, and what kind of information to retain. These augmentations (memory and tools) allow for interaction with the environment in meaningful ways.

            
              [image: A diagram of a language model  AI-generated content may be incorrect.]
              Figure 1-14. [caption]

            

          

          
            Planning and Reflection

            The final ingredient to go from a “regular” LLM to an AI Agent is its ability to plan and reflect. These capabilities are important throughout much of an agentic system as the Agent will need to decide which steps to take, how to take them, and when. For instance, if the LLM has access to dozens of GitHub API tools, like looking at pull requests or commits, how does it decide which to use?

            This is where planning comes in, which involves breaking down a large task into smaller, actionable steps, which is referred to as task decomposition. As shown in Figure 1-16, the first step is to typically create a plan to execute when presented with a query.

            
              [image: A diagram of a computer  AI-generated content may be incorrect.]
            Figure 1-15. [caption]

            

            By continuously referring back to this plan, the LLM is capable of executing each of these tasks one at a time. Doing them all at once is seldom efficient, and each task might influence another. As shown in Figure 1-17, after completing a specific task, the LLM might still reason about which steps to take next. As such, reasoning is fundamental and often a necessity for your Agent to plan out complex behavior.

            
              [image: A diagram of a computer  AI-generated content may be incorrect.]
            Figure 1-16. [caption]

            

            But creating a plan is not sufficient. The LLM might discover halfway through its plan that some of its steps might not be appropriate. In our previous example, the LLM would discover that Google and ArXiv are insufficient as resources and instead add a task to add Semantic Scholar and PubMed as resources to go through.

            This reflective behavior makes Agents seem humanlike, as they attempt to uncover their faults and make attempts to fix them. By reflecting on past behavior, the initial plan can be continuously improved. Illustrated in Figure 1-18, planning and reflection create an iterative loop of planning out tasks, taking actions, and reflecting on the output.

            
              
              
            Figure 1-17. [caption]

            

            Together, reasoning LLMs augmented with memory, tools, planning, and reflection are what we consider to be an AI Agent. In Chapter 6, as shown in Figure 1-18, we will explore planning and reflection and how they connect all augmentations of the LLM to create the AI Agent.

            
              [image: A diagram of a computer language model  AI-generated content may be incorrect.]
              Figure 1-18. [caption]

            

          

        

        
          An Agentic System (Chapter 7)

          With all these components, a Reasoning LLM augmented with memory, tools, and planning, we arrive at the next stage of the Agent; the way it behaves inside a system. This covers common use cases, degree of autonomy, ethical considerations, and how these agents and systems can be evaluated.

          
            Autonomy

            The AI Agent, as we have defined it thus far, has a fair bit of freedom. It can choose between tools, decide to update the initial plan, add additional steps, or stop because it has reached the appropriate response. All of this advanced behavior is the autonomy that is given to the Agent. In practice, not all Agents will have complete autonomy; guardrails are often necessary so that the model does not take potentially destructive actions.

            Depending on the AI Agent and the system in which it is integrated, they can have varying degrees of autonomy. As shown in Figure 1-20, this autonomy can be partial, where the model can only execute a single step but has the freedom to choose from tools, or it can be complete freedom without any guardrails.

            
              [image: A diagram of a process flow  AI-generated content may be incorrect.]
            Figure 1-19. [caption]

            

            Depending on who you ask, a system is more “agentic” the more the LLM has full control over its actions. However, we believe that as long as the Agent exhibits goal-directed behavior and makes decisions, we can call it an Agent. Autonomy exists on a spectrum, and partial autonomy in orchestrated workflows can still qualify as agency if the Agent acts with some degree of independence. Across all chapters, we will cover both autonomous systems as well as orchestrated workflows.

          

          
            Agentic Applications: What Makes Them So Useful?

            Agents’ abilities for autonomous behavior make them especially useful for open-ended problems where the exact steps required are not known beforehand. The LLM can reason on how to approach a problem and the number of turns to complete it. This autonomy and self-driving behavior thrives in environments where the goal might be clear, but the path to reach it is not.

            As such, Agents are often used for:

            Coding — Coding assistants are arguably the most common use case to date. With so much knowledge about code, Agents are capable of writing it themselves and going through the steps of writing new code, but also validating it. This is a use case where the Agent truly shines as the goal is quite clear (a specific feature) and often with predefined requirements (language, frameworks, etc.) to work towards with some degree of freedom.

            Deep Research — This is an upcoming field where Agents are used to perform in-depth analyses on various topics without much intervention by the user. You can ask these agents to research a given topic, and it will, autonomously, search for everything related to that topic on sources like ArXiv, PubMed, and Google Scholar. They are not yet without flaws, but they are a great starting point whenever you want to dive into a new topic.

            Automation — Although you wouldn’t use an Agent for diagnosing patients or to handle claims automatically without any human interaction, there are many useful places where Agents would have a large impact. Standardization and automation of processes are great examples. For instance, hospitals across the world differ in how data is stored (both structured and unstructured). Agents are capable of searching through various data sources to structure the wide array of patient data, allowing for easier research in healthcare.

          

          
            Responsible Agent Development and Usage

            As we explore the incredible capabilities of LLMs, it is important to keep their societal and ethical implications in mind. This is especially true for Agents, which can have a degree of autonomy that might directly impact the digital/physical world. Whilst many think the future of Agents is fully autonomous systems, others state that fully autonomous agents should not be developed at all due to the risk of giving away control.2 We are currently somewhere in the middle. Agents can be amazing entities and help optimize many processes, like coding agents. However, having an Agent diagnose patients without any human intervention is, with the current state of technology, harmful behavior. As with most things, it is all about the context in which Agents are used.3

            As such, here are key points to consider:

            
              	Human in the loop

              	
                As Agents become more autonomous, there is a greater need for humans in the loop to check the decisions that were made. This can be in many forms, as will be discussed throughout the book, but typically involves a human checking either the output or intermediate steps before continuing.

              

              	Guardrails

              	
                There is no need to always build a fully autonomous Agent. Not only can that be overkill for the task at hand, but it can even be harmful. A system with many guardrails can be just as effective, as it allows steering the Agent to focus on the (sub)-task at hand.

              

              	Misinformation

              	
                Ai Agents are still LLMs, which are prone to confidently spreading incorrect information, also called hallucination. Although LLMs are becoming much more capable, additional checks and balances are needed in systems where correct information is critical.

              

            

          

          
            Evaluating Agents

            Responsible Agent development brings us to an important component of building any Agent: evaluation strategies. Where LLMs are already quite difficult to evaluate, Agents take it a step further. LLMs are typically evaluated on text-to-text tasks, where metrics such as coherence and relevance can be used. Agents, in contrast, perform more complex operations, which may include multi-step reasoning and tool calling. This requires more extensive evaluation due to the Agents’ many different dimensions of capabilities. Likewise, Agents often take many actions in a sequence, where each action can be evaluated from different perspectives (efficiency, correctness, alignment with user intent, etc.).

            Agents, as “Augmented LLMs”, should not only be evaluated on the textual output they may produce. Since Agents can interact with their environments, evaluation may include the success of completing a task, such as sending a message or updating a record. This success can be focused on the output (whether a task was completed successfully) and the process (was the task completed efficiently, with few steps).

            Beyond task efficiency and correctness, evaluation should include safety, trustworthiness, and policy compliance. Evaluation helps prevent harmful behavior when deployed in mission-critical systems, especially if they directly affect users. As such, evaluating Agents is much more than evaluating a model; it is evaluating an entire system.

            We believe that evaluation is fundamental to Agents, largely due to its impact it can have. In Chapter 7, we detail the possible evaluation of Agents and the things to look out for when creating your own.

            Together with Chapter 7, Part 1 of the book will primarily focus on the fundamentals of a single Agent, how it is built, and how it can be evaluated. Part 1 of the book is visualized in Figure 1-20 and will serve as the common thread throughout these chapters.

            
              [image: A diagram of a large language model  AI-generated content may be incorrect.]
              Figure 1-20. [caption]

            

          

        

      

      
        Specializations

        The single Agent covered in Part 1 of this book gives you an assistant that, to a certain degree, can autonomously decide how to tackle a given problem. Although it’s already an entity on its own that can achieve amazing results, there are many variants of Agents that can take them a step further. Specializations like multi-modal Agents can see the world through more lenses than just text, whereas others, like coding Agents, are created for specific use cases.

        In this second part of the book (see Figure 1-21), we will explore these specialized Agents and their use cases, starting with how systems can be created where multiple Agents work together.

        
          [image: A diagram of a company  AI-generated content may be incorrect.]
          Figure 1-21. [caption]

        

        
          Multi-Agent Collaboration (Chapter 8)

          When systems grow larger and tasks are more specialized, we start looking towards Multi-Agent collaborations. These are systems where multiple different Agents are deployed that are each responsible for different tasks. Compared to single-agent systems, Multi-Agent systems interact with one another and might consult each other’s specialties. As shown in Figure 1-22, the main differences lie in how many Agents are deployed and their interactions with one another.

          
            [image: A diagram of a agent and multi-agent  AI-generated content may be incorrect.]
            Figure 1-22. [caption]

          

          These Multi-Agent systems often contain specialized Agents, each equipped with different toolsets. Although workflows may differ, there is often a supervisor Agent that manages communication between, and sometimes within, Agents. In practice, the supervisor Agent tends to have the most capable LLM, as the supervisor is in charge of advanced behavior like planning, decomposing, and assigning tasks (see Figure 1-23).

          
            [image: A diagram of a company  AI-generated content may be incorrect.]
            Figure 1-23. [caption]

          

          Although the supervisor Agent is common, this does not always have to be the case. In practice, there are dozens of Multi-Agent architectures to explore, some with structured orchestration (like the supervisor) and some with unstructured orchestration.

          In Chapter 8, we explore these Multi-Agent architectures with concrete examples. You will learn how these architectures are created and when they should be used.

        

        
          The Multi-Modal Agent (Chapters 9, 10)

          Understanding of its environment and the interactions the Agent has with it are fundamental to an Agent’s behavior. A traditional Agent will only do so through text, as the underlying LLM is only capable of processing text (input) and generating text (output). The digital world, however, is much more than a place filled with text. An Agent might need to optimize the color schemes of your website and will need to “see” it. It can only go so far by reading through the hexadecimal values in your code. Likewise, a traditional Agent can only reply in text, but what if the situation requires it to have a voice instead? If your vision deteriorates, or you can’t type because of repetitive strain injury (RSI) problems, being able to talk to your Agent through voice becomes necessary. This is where Multi-Modal Agents are gaining traction. As the digital world is not composed of a single modality, interaction with it should not only be done through text.

          Whether Agents are Multi-Modal is primarily decided by the nature of their “brains”, namely the LLM. We can consider an Agent to be Multi-Modal if the LLM it uses is capable of processing and/or generating different modalities. This also points us towards the two most important components of what makes an LLM Multi-Modal, their capabilities to:

          
            	
              Understand multiple modalities and/or

            

            	
              generate multiple modalities.

            

          

          When the LLM can reason about several modalities simultaneously, like text, images, audio, and video, we refer to this Multimodal LLM as being capable of understanding multiple modalities. This can be quite helpful in various situations, like optimizing a website’s design, where the LLM needs to be able to “see” what is actually happening. Shown in Figure 1-24, Chapter 9 will explore multimodal understanding in LLMs through two important components: an encoder for converting modalities into numeric information and a connector to connect those representations to the LLM.

          
            [image: A diagram of a computer language  AI-generated content may be incorrect.]
            Figure 1-24. [caption]

          

          When an LLM generates another modality besides text, then this Multimodal LLM is capable of generating multiple modalities. This currently requires a vastly different process than the previous aspect, understanding multiple modalities. Shown in Figure 1-25, we cover the other side of the process where a generator is used to generate modalities other than text.

          
            [image: Diagram of a diagram  AI-generated content may be incorrect.]
            Figure 1-25. [caption]

          

        

        
          The Coding Agent (Chapters 11, 12)

          Another popular variant of Agents is the Coding Agent. Unlike traditional AI assistants, where you have a back-and-forth discussing code, a Coding Agent can actually run the program. Even more, it can read existing codebases, generate new functions, fix bugs, and test what it has created. A Coding Agent can be an autonomous developer, where you are in charge of checking its output. In practice, however, a Coding Agent is often used as a Coding Assistant that will suggest improvements, whether it is an entirely new function or a smarter autocomplete.

          Coding Agents can be complex entities as codebases grow and require an environment for the Agent that is easy to follow for both the Agent and you, the user. Think of creating special markdown files with instructions for specific features or adding specific tools when an Agent is working on a particular feature.

          How you can effectively build and use Coding Agents will be discussed in Chapter 11. In chapter 12, we delve into how reinforcement learning (RL) is used to create and improve Coding Agents.

        

        
          The Tiny Agent (Chapter 13)

          Agents can be costly things. The cost of LLM usage is often defined by how much you pay per million tokens, but Agents do not know beforehand how many tokens they might need to solve a task. As such, an autonomously running Agent could easily break the bank, and making the Agent more efficient is vital. Over the years, there have been many architectural advancements in LLMs to make them smaller and faster.

          There are four main categories of improvements where you might look:

          
            	
              Creating smaller models (e.g., through distillation)

            

            	
              Making LLM architecture more efficient (e.g., using Mixture of Experts or State Space Models)

            

            	
              Decreasing the cost of inference (e.g., through speculative decoding)

            

            	
              Making existing models more performant (e.g., hierarchical and recursive decoding)

            

          

          In Chapter 13, we will explore various ways to make LLMs more efficient.

        

      

      
        Summary

        This first chapter serves as the scaffolding of this book. Consider it an overview of what an Agent is and how it relates to every upcoming chapter, split up into two main sections.

        In part one of the book, we will cover the “brain” of the Agent, namely, reasoning LLMs and how they can be augmented with memory, tools, and planning to interact with their environment. They show a degree of autonomy that requires a thorough understanding of the use case to decide when to implement additional guardrails and limit its autonomy or give it full control. This makes evaluation even more important and potentially complex.

        In part two of the book, we will cover various specializations, starting with how Agents might interact with each other as specialized entities. Then, we explore how LLMs understand the world through lenses other than text. A special focus will be given on images, sound, and video as these are common other modalities the Agent might interact with. Special attention is given to Coding Agents as one of the most common use cases. We end this book with a chapter on efficiency.

        In the next two chapters, we will cover the fundamentals of LLMs and Reasoning LLMs, the “brain” of AI Agents. 

      

    1 Stuart Russell and Peter Norvig, Artificial Intelligence: A Modern Approach, 4th ed. (Pearson, 2020). 
2 Mitchell, Margaret, et al. “Fully autonomous ai agents should not be developed.” arXiv preprint arXiv:2502.02649 (2025). 
3 Gabriel, Iason, et al. “The ethics of advanced ai assistants.” arXiv preprint arXiv:2404.16244 (2024). 





      Chapter 2. Memory

      A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 4th chapter of the final book. Please note that the GitHub repo will be made active later on.


If you’d like to be actively involved in reviewing and commenting on this draft, please reach out to the editor at mcronin@oreilly.com.



      Among all the added modules to the augmented LLM, memory is a key component needed to go from an LLM to an Agent. By themselves, LLMs are forgetful entities; they do not remember past conversations, nor do they have access to all actions they have taken. If you were to locally load up an LLM and ask it to remember your name, it can’t–not without explicitly giving it memory. In contrast, the interactions that you might have with hosted LLMs, like ChatGPT and Claude, are not regular LLMs. Rather, they are LLMs augmented with modules like memory and tools. Figure 4-1 illustrates this forgetfulness well, as it demonstrates the interaction you might have with a regular LLM. As such, LLMs are stateless, and information is not persisted across calls.

      
        
        

      

      Over the years, there has been significant attention to aspects of agents like tool usage, reasoning LLMs, and multi-agent collaboration. Each is quite important by itself, but don’t underestimate the importance of memory. Without memory, a personal assistant agent wouldn’t be able to remember past conversations. Without memory, a coding agent wouldn’t understand your entire codebase. Without memory, an Agent would forget that it has already taken a given action and keep on repeating it.

      Memory can be quite difficult to define. From a narrow view, it relates to all historical information during the execution of an Agent. In this chapter, however, we take a broader perspective. Memory relates not only to all past actions of an Agent, but also external information beyond the agent-environment interactions. A coding agent’s memory would not only consist of the actions it has taken to fix your bugs, but also your hosted documentation and issues pages.

      Memory is not only the act of remembering information but also storing newly generated information. Likewise, often a choice has to be made on which information to store and how, and which information to remember. All these methodologies and choices have important implications on the Agent’s behavior. As shown in Figure 4-2, updating and using memory is an iterative process that requires careful handling of intermediate information.

      
        
        

      

      Memory allows the agent to remember past errors and failed experiences, so it can be more effective for handling similar tasks in the future. As such, memory enables Agents to learn and evolve as they remember more experiences. By interacting with the environment and storing the feedback, Agents learn from their previous experiences. Memory is, therefore, application-specific, and implementations may not only decide what to remember but also how it is remembered.

      Throughout this chapter, we will explore many types of memory modules, ranging from short-term and long-term memory to external memory modules, through methods like (agentic) retrieval-augmented generation. Seen in Figure 4-3, it forms the foundation of the LLM. After all, how would an LLM be able to use tools or create plans if it keeps forgetting them?
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        Types of Memory

        Memory for LLMs tends to follow human memory types, as the agents that we attempt to create are often modeled after human behavior. Instead of going through all forms of human memory types, which there are many, the “Cognitive Architectures for Language Agents” paper describes four types of external memory that we often see back in Agents, namely short-term working memory and long-term memories: episodic, semantic, and procedural memory.1

        Working memory is a type of short-term memory that is typically defined as a system with limited capacity that temporarily holds information that we need for things like decision-making and reasoning. For LLMs, it is typically data that persists across LLM calls. More specifically, it is the chat history of the LLM that is being stored in memory and continuously fed back to the LLM.

        For long-term memory, there are three forms described:

        
          	Episodic memory

          	
            Involves remembering specific events and experiences from one’s past (e.g., your last birthday party). For agents, this typically involves specific actions the agent has taken thus far and their outcomes.

          

          	Semantic memory

          	
            Involves remembering knowledge about the world (e.g., the capital of France). For agents, this may involve querying an external database like Wikipedia or the codebase that you are working on.

          

          	Procedural memory

          	
            Involves remembering patterns of how to do things (e.g., writing code in Python). For agents, this can be information hidden in its parameters (also called parametric memory) or the system prompt, which persists across calls.

          

        

        Figure 4-4 shows an example of how these different forms of memory can be used and interpreted during a single agent’s session.

        
          
          

        

        As briefly mentioned previously, we can also consider the type of memory that the model already has, parametric memory.2 Without any memory modules, LLMs are trained to a certain extent to retain information. If you ask an LLM what the capital of France is, most LLMs will correctly remember that it is Paris. The answer is therefore contained within the parameters of the model and attempts to retrieve it. Although a relatively new field, it is technically possible to instill information into an LLM through supervised fine-tuning. Note that this is not a stable method, as we are not entirely sure beforehand which information gets retained explicitly and which information is incorrectly reconstructed.

        Although these memory types may differ, they may not always be stored as such. Depending on the specific implementation, they could be seen as one big pile of information or separated into different databases to be remembered for specific tasks and actions.

      

      
        Short-Term Memory

        Short-term memory in Agents is the information it has about recent interactions, typically the ongoing conversations with the user or the behavior of the LLM. In practice, this is the conversation history of the LLM, which serves as context for generating responses. Illustrated in Figure 4-5, they are generally formatted as messages demonstrating the differences between system prompts, the user’s query, and the LLM’s answer. It is a conversation where the user tells something about themselves, namely that they love flamingos.

        
          
          

        

        These messages are updated every time the user or assistant replies and are fed back into the LLM as input for the next query, as shown in Figure 4-6. The query (“What is my favorite animal?“) does not trigger the LLM to recall the past on its own. Rather, it is provided with the entire conversation history, which contains the relevant information, namely that the user loves flamingos. In other words, the LLM does not truly “remember” past conversations but is instead told what the conversation was by explicitly inserting it into the prompt.

        
          
          

        

        Most LLMs have a limited context window, which is the number of tokens that the LLM can process both and combine both the input and the output tokens as seen in Figure 4-7.

        
          
          

        

        In this example, a short query and answer are given which total 13 tokens out of a potential 8,192. Seen in Figure 4-8, there are many potential tokens that are left unused and could potentially be filled with additional information or reasoning tokens as discussed in Chapter 3.
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        However, as the conversation history grows, so do the number of tokens. Eventually, and as shown in Figure 4-9, if the conversation history gets too large, it will not fit within the context windows. This might cut the answer short or even prevent the LLM from processing the prompt at all.
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        Moreover, the more information put in the prompt, the more difficult it will be for the LLM to attend to everything.3 As a result, we cannot always put the entire conversation history into the prompt of the LLM. Instead, there are several techniques we can use to provide the conversation history without filling up the context window.

        The first technique for efficient short-term memory is rather straightforward: trimming the messages as they grow. Whenever the number of messages grows too large for the LLM’s context window to handle, we can decide to simply remove the first few interactions until it fits that window. Seen in Figure 4-10, this might remove quite a lot of information that may or may not be relevant to future queries.

        
          
          

        

        Instead, a common technique is to employ another LLM to summarize the conversation history. After each conversation turn, the same or another LLM will summarize it and add it to the full summary of the conversation (Figure 4-11).

        
          
          

        

        As illustrated in Figure 4-12, the created summary will be shown together with the query for the LLM to answer. This summary might still fill the context window over time as summaries are stacked on one another, but it is much slower than filling the context window with the raw conversation history.
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        Stacking summaries is not the only method of summarization. Instead of adding a summary of the most recent query/answer pair each time, you can instead summarize the conversation history of the last 5 conversations. Likewise, you can decide to maintain one summary and ask the LLM to update it after each conversation. Figure 4-13 illustrates such a method where conservation turns 1 through 5 are summarized, but not turn 6.
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        Although it may seem straightforward, maintaining the conversation history can be a difficult task and requires understanding what is important: the entire history, the recent history, or a summarized variant? For short conversations, maintaining the entire history would work, but that might not be the case for long sequences of actions.

      

      
        Long-Term Memory

        As the conversation history grows and the actions that an agent has taken, so does the need for long-term memory. Long-term memory typically involves maintaining one or more external databases that can be queried to extract additional information. This can contain information about previous traces or states of the agent (episodic memory) or information unrelated to the agent’s behavior but about the context of your application instead (semantic memory), like your organization’s documents.

        
          Retrieval-Augmented Generation (RAG)

          Arguably, the most common method for giving your agent, or any LLM for that matter, long-term memory is Retrieval-Augmented Generation (RAG).4 RAG typically consists of two stages: ingestion and inference.

          In ingestion, your external data, typically unstructured text, is embedded into numerical representations and stored in a database (see Figure 4-14). To create these representations, a special variant of an LLM is used, an embedding model. This embedding model is trained to create numerical representations such that words and phrases with similar meaning will have similar representations. This external database can be considered the long-term memory of the LLM, which can be queried for relevant information.

          
            
            

          

          Inference with RAG consists of four steps. In step 1, the user’s query is embedded using the same model as was used for embedding the external data. In step 2, the embedded query is compared to the external database, and the most relevant items in the database to the query are extracted.

          Defining relevancy in RAG systems can mean many things. In our example, it means the similarity between the query embeddings and the external embeddings. This similarity can be defined through the embeddings we created, but hybrid systems are also possible where embeddings are combined with traditional Bag-of-Words-like approaches.

          In step 3, the relevant items and the user’s query are combined into the prompt. This step is meant to provide the model with context for the generation step. Essentially, you tell the LLM that you have contextual information that it can use to derive its answer. Finally, in step 4, the augmented prompt is used by the model to generate the output. The added contextual information should generally result in more accurate and relevant responses, assuming that the contextual information is indeed relevant and correct. Figure 4-15 illustrates the four steps of inference with RAG.

          
            [image: A diagram of a diagram  AI-generated content may be incorrect.]
            

          

          RAG is often used to minimize hallucination, which refers to the tendency of LLMs to confidently produce an answer that is actually incorrect. By providing the LLM with external information (which you assume to be true), the LLM is less likely to “make up” information.

          
            MemoryBank

            An interesting take on RAG for ChatBots is MemoryBank, a mechanism that allows LLMs to recall relevant memories as a long-term mechanism (external database) rather than a short-term mechanism (conversation history).5 Its experiences through conversations are stored in a separate database that allows the LLM to retrieve relevant memories. What sets it apart from regular RAG is that this memory is continuously updated to selectively preserve memory through an updating mechanism.

            This mechanism allows the MemoryBank to forget and reinforce memory inspired by the Ebbinghaus Forgetting Curve theory, which is a curve demonstrating the pace at which we tend to forget. The curve is often shown as being exponential, resulting in a loss of half of what we learn each day. A common way to prevent forgetting what you learnt, for instance when preparing for exams, is to actively recall the learned information frequently. This is referred to as spaced repetition, which tends to decrease the pace at which knowledge is forgotten. Figure 4-16 illustrates this knowledge decay and the effect of spaced repetition on this decay.

          

          
            
            

          

          
            MemoryBank borrows from this theory and frequently updates the long-term memory of an LLM based on which pieces of knowledge are (not) accessed. Specifically, this means that when a memory item is retrieved and used during conversations, it will persist longer in the MemoryBank. However, if the memory item hasn’t been retrieved for a while, then there is a chance the memory will be removed entirely.

            The authors use a few variants of memory (Figure 4-17): 

            
              
                	
                  Conversation history — Raw multi-turn conversations

                

                	
                  Summaries of past events — These are generated by an LLM based on the conversation history

                

                	
                  User’s portrait — The personality traits and emotions of the user as summarized by the LLM based on the conversation history

                

              

            

          

          
            
            

          

          
            The summaries and conversation turns are embedded so that they can easily be retrieved. The user portrait is dynamically updated and always passed as additional context. Figure 4-18 shows a full overview of this pipeline. When a query is created, it is embedded, and related conversation turns and summaries are retrieved, together with the user portrait. When conversation turns are retrieved, their strength is updated, making them less likely to be removed from the MemoryBank. The retrieved context, together with the query, is used as input for the LLM to generate an answer.
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            This form of memory demonstrates the potential complexity of RAG-like applications, where each use case necessitates different types of memories, summarizations, etc. As such, there are many forms of RAG, like Graph RAG and Multimodal RAG, that each require its own set of considerations. The RAG examples shown previously are often referred to as vanilla RAG or naive RAG for their straightforward implementation.

          

        

        
          Agentic RAG

          In vanilla RAG, the vector database can be considered the long-term memory of the LLM. However, the LLM is only given information that is relevant to the query and has no agency over what is being retrieved.

          In agentic RAG, there is an agent instead of an LLM that can access the external database as a tool and have control over which information it retrieves. Agency over what is being retrieved is given back to the agent, who typically has access to one or more external databases of information. Figure 4-19 illustrates this idea of having the agent select from which source to retrieve contextual information before deciding whether to generate the answer or to again retrieve additional information.

          
            
            

          

          In single-agent systems, agentic RAG is a router where you have several external knowledge sources, and the agent decides which one(s) to use. You are essentially adding all these knowledge sources and databases as tools instead of being a static step that runs before the LLM generates output. Moreover, such an agentic RAG system does not always have to run the agentic RAG based on the query itself. As seen in Figure 4-20, it may decide to extract information from one search and then run a subsequent search based on that information in another database.

          
            
            

          

          Agentic RAG does not limit itself to single-agent systems. In Multi-Agent RAG systems, multiple agents have the capabilities to extract information from external sources. Oftentimes, you have smaller retrieval agents that are being coordinated by a single agent with more capabilities. These smaller retrieval agents are each specialized in extracting specific information or working with specific knowledge sources (see Figure 4-21). Note that it does not always have to be a vector database as an external knowledge source; it can also be a web search or querying some API for information (like your Slack or Gmail).
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          In other words, instead of querying the vector database through a static step only once, by hooking it as a tool, the agent can dynamically decide how many times it needs to query the semantic memory until it has enough context to answer a given query. Note how we discussed LLMs in the context of RAG but agents in the context of Agentic RAG instead. It demonstrates the agency and autonomy in accessing their respective RAG capabilities.

          Let’s go over some examples of how these agentic RAG systems work through impactful papers and implementations in the field.

          
            A-MEM

            An interesting approach to agentic RAG is A-MEM, an agentic memory system derived from the notetaking method known as Zettelkasten.6 Zettelkasten approaches note-taking as having three important components, namely atomicity, hypertextual notes, and personalization.

            Atomicity means that each Zettel (a note) should only contain one unit of knowledge, referred to as an atom. This note could, for example, contain a brief description of how memory works in agentic systems.

            Then, hypertextual notes refer to the idea that all notes refer to each other and may explain or expand on each other’s content. For instance, the previously created note can be connected to another note that has some information about RAG. Since both are memory systems, they are likely to be related. The ideas of atomicity and hypertextual notes are illustrated in Figure 4-22. Together, they may create an interconnected web of notes, ideas, and may create larger topics of interconnected notes.

            
              
              

            

            A-MEM uses this idea of note-taking to agentic memory by creating these interconnected notes. In the context of agents, each note contains the following information and can be considered a piece of memory:

            
              	
                The original interaction with the environment (i.e., one turn)

              

              	
                The timestamp of the interaction

              

              	
                LLM-generated keywords that capture key concepts

              

              	
                LLM-generated tags to categorize the interaction

              

              	
                LLM-generated contextual description

              

            

            By focusing on a single unit, namely a single interaction, A-MEM adheres to the principle of atomicity.

            Then, all pieces of information are embedded so that they can be used to later on easily retrieve related information. Note that all information, except for the timestamp, is concatenated so that a single embedding is created for the entire note/memory (Figure 4-23).

            
              
              

            

            Interestingly, the authors use this generated note embedding as one of the main IDs of the note. To link this note to other memories, they run a similarity search between this note’s embeddings and all other memories and extract the top-k memories. After doing so, the LLM is asked to decide which of these candidate memories should be linked to the newly added memory.

            After the memory is added and linked to other memories, the LLM is prompted to update the LLM-generated tags, keywords, and description based on the newly added memory. This results in an evolutionary approach where newly added memories are linked to older memories, which are in turn updated to be in line with the newly added memories. Figure 4-24 illustrates this ever-evolving database of notes in the form of memories.

            
              
              

            

            This agentic RAG system allows the agent to access the A-MEM and search for memories that relate to the query. The links that are made between notes are used when retrieving relevant information. The agent can choose to retrieve all notes that have links to the retrieved note.

            We again see that these memory systems mirror aspects of human memory. Many insights from how we store and use knowledge often serve as inspiration for the design of agentic memory systems.

          

          
            Search-o1

            A recent approach to agentic RAG is search-o1, a method that attempts to retrieve relevant context and put it throughout the reasoning traces to enhance the reasoning LLM’s capabilities further.7 Instead of autonomously searching for relevant information and using it in the prompt of the model, the information can be searched and retrieved during the LLM’s reasoning process. The Agent is instructed to use the <|begin_search_query|> and <|end_search_query|> tokens to start a search and then use the <|begin_search_result|> and <|end_search_result|> tokens to indicate what the retrieved information is. Figure 4-25 demonstrates this agentic RAG during reasoning.

            
              
              

            

            By enabling RAG during reasoning, the model can iteratively refine its reasoning process until it is confident in the final result. This dynamic approach is different from regular agentic RAG because it can be done autonomously within a single call rather than iterating over calls.

            A downside to simply embedding documents within the reasoning traces is that the retrieved documents can be quite large and often contain irrelevant information and may therefore disrupt the reasoning flow. To solve this issue, the authors extend the reasoning agentic RAG by incorporating a Reason-in-Documents module. Using the search query, retrieved documents, and reasoning trace, this module attempts to condense all information into focused reasoning steps. The agent’s same reasoning LLM is used to process the retrieved documents to align with the model’s specific reasoning traces.

            With regular agentic RAG, information is just passed to the context without taking into account how the information needs to be processed. By enabling the same reasoning LLM to further process that information such that it fits within the reasoning traces, the flow of the traces can be kept intact. An overview of this system, called Search-o1, is given in Figure 4-26.
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            Note that this is typically used for long-term memory or external semantic memory that the agent might need to answer a given query. For instance, when given the query “Why are flamingos pink?“, it will search for relevant information in Wikipedia during its reasoning process. The first result it finds mentions that it is due to specific pigments in their specific diet. It will use that information during its reasoning until it needs further clarification. For instance, a second call to a different external database (e.g., ArXiv) will clarify that the specific pigments are carotenoid pigments, which are commonly found in brine shrimp.

            This iterative process of querying information and compressing it within its reasoning process allows the model to reason about information when it is retrieved rather than stuffing all potential relevant information in the context.

          

        

      

      
        Context Engineering

        We have explored various types of memory that we can use to provide additional context to the Agent, including semantic memory, working memory, and other forms of memory. However, there might be more forms of context that we could give to the Agent, like:

        
          	System prompt

          	
            The core context and rules for the agent, which define how it should behave (procedural memory).

          

          	Conversation history

          	
            Both the conversation between the user and assistant, but also the LLM’s internal thoughts (working memory).

          

          	Past experiences

          	
            Storing specific events, actions, or observations from tool use or user-related facts (episodic memory).

          

          	Retrieved information

          	
            External information that is typically stored in a vector database and accessed through RAG-like techniques (semantic memory).

          

        

        This is not an exhaustive list, however. As the fields of LLMs and Agents grow, so do the sources of information that we could give to them. As such, we can provide the Agent with all kinds of information sources to produce the answer that we want. As illustrated in Figure 4-27, the user’s query or prompt is a subset of the LLM’s entire context.

        
          
          

        

        This context is given to the LLM, which in turn produces a list of tokens. As such, we can view an LLM as a function that takes several tokens (context), processes them, and outputs tokens. To optimize the output tokens for a given task, we can either optimize the LLM itself by training or fine-tuning it, or we can optimize the input, namely the context (Figure 4-28).

        
          
          

        

        To optimize the quality of the output (the output tokens), we can either optimize the LLM itself by training or fine-tuning it, or we can optimize what goes into the LLM, namely, the context. The act of optimizing input tokens so they produce the best possible output is called context engineering. Formally, it is finding the best context such that it maximizes the quality of the LLM’s output for a given task.8 As illustrated in Figure 4-29, where prompt engineering involves optimizing the system/user prompts, context engineering aims to optimize the entire context.
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        Context windows have grown larger, to the point where Google’s Gemini 1.5 already reached a context window of a million tokens in February 2024.9 It would be natural to conclude that context engineering means attempting to fill up this humongous context window with all kinds of information that relates to the task at hand. Moreover, there would be no more need for RAG since the context window is large enough to potentially hold your entire database.

        A common benchmark for evaluating long-context LLMs in 2023 and the beginning of 2024 was the Needle In A Haystack (NIAH) test.10 The test is rather straightforward; a random fact (needle) is placed somewhere in the middle of a long context window (haystack), and the model is asked to retrieve this statement. By iterating over different places and context lengths, we can measure how well LLMs perform over long contexts. It produced nicely looking visuals and was used by large LLM providers, like Anthropic’s Claude 2.111 and Google’s Gemini 1.512.

        An example of such a visual is shown in Figure 4-30, which shows the results for a typical Need in A Haystack test, where the upper right quadrant (needle at the top of the document and large context length) shows the degradation of LLMs at higher context lengths.
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        However, finding the needle is merely a retrieval task and is not indicative of more complex forms of long-context understanding, such as reasoning over hundreds of thousands of tokens. This holds especially true for agents that have to take into account many forms and lengths of context, like semantic and working memory.

        Other benchmarks, like the RULER benchmark13, have since been released that introduce new tasks like multi-hop tracing and aggregation to test behaviors beyond simple retrieval. The RULER paper, for instance, demonstrated models that performed well on the Needle In A Haystack test, all showed significant performance drops as the context length increased when applied to the RULER benchmark. Many others (e.g., 14 and 15) found similar results and concluded that arbitrarily filling up the context window of LLMs would hurt performance. Some even called it “context rot”16, showcasing the importance of adding quality information. As such, there is a need to carefully construct and manage the model’s context window, thereby pointing to the importance of context engineering.

        Cost and latency are other reasons for managing the context window. You could theoretically stuff everything in a 2-million token context length, like your entire external database, the full conversation history, some additional examples, etc. However, the Agent’s LLM has to process all these tokens, which significantly reduces latency. Costs also increase, considering more VRAM is needed when you increase the context length. Just dumping everything in the context is, therefore, a recipe for failure.

        With context engineering, we aim to optimize the model’s context window with the right information, at the right place, and in the right format. It is the act of giving the LLM the appropriate context without overwhelming it. As such, and as shown in Figure 4-31, it is not about filling up the context window, but strategically choosing and placing information. Going back to our “LLM is a function” analogy, it is about optimizing the list of input tokens so that it produces the best possible output tokens.

        
          
          

        

        You do not want too much or too irrelevant information as the costs of compute go up and the performance goes down. Likewise, if you give the LLM too little context and in an inefficient form, it will operate without having a good understanding of the context. It is a careful balance of providing just enough relevant information to the LLM to have it perform optimally. In other words, context engineering is much of an architectural problem that needs to be solved with lots of moving parts, like efficiently tracking, storing, and retrieving all existing and created information.

        To help with context engineering, existing techniques for handling memory that focus on efficiency can be used. MemoryBank, for instance, dynamically adjusts the importance of memories and only keeps those that are truly important for the conversation history. Likewise, Search-o1 compresses the retrieved context and only gives back the relevant components without any noise. These dynamic memory techniques are exceptionally useful for context engineering as the information flows grow more complex.

        
          What is inside the context?

          We touched on it briefly before, but what exactly is inside the context? Let’s illustrate a full context with an example and make it as concrete as possible. Imagine you ask an agent to perform deep research on reasoning LLMs and provide you with an overview of common techniques that are used in the field. We are going to be using the messages format to illustrate how the input to the LLM is continuously updated with the appropriate context.

          Before starting with the example, let’s explore the template for the system prompt first:

          # Creating the system prompt
SYSTEM_PROMPT = """
You are a helpful research assistant. Your goal is to provide in-depth analyses on complex AI-related topics.
 
<INSTRUCTIONS>
* Create a plan for the user's query
* Provide the necessary context
* If you lack information, you can ask clarifying questions to the user
* Prioritize clarity of content.
* Make sure to use the current date to decide what is currently SOTA.
</INSTRUCTIONS>
 
<TOOLS>
{information_about_tools}
</TOOLS>
 
<DATE>
{current_date}
</DATE>
 
<USER_QUERY>
{user_query}
</USER_QUERY>
 
Based on the provided context, start making a plan to research this and check with the user for revisions.
"""
 

          Note how the system prompt contains various XML tags to indicate what kind of information they contain. However, information seems to be missing, like the current data, information about tools, and the user’s query. Other than the user’s query, this information needs to be first retrieved from an external source. After doing so, the system prompt is generated with all kinds of context and passed to the Agent’s LLM, which can be formatted as the following message.

          # 1. Create a plan
messages = [{"role": "system", "content": SYSTEM_PROMPT}]

          The LLM will generate a response with a short plan to research reasoning LLMs for the user to validate. Note that we will discuss planning and reflection in more detail in Chapter X. Let’s assume the interaction goes as follows:

          # 2. Reflect on the plan
messages = [
  {
    "role": "system", "content": SYSTEM_PROMPT},
  {
    "role": "assistant", 
    "content": """
Here is my plan to research reasoning LLMs:
* Query the ArXiv database for the 10 most recent papers on reasoning LLMs
* Summarize the abstracts
* Combine the summarizations for an overview
"""
  },
  {
    "role": "user", "content": "Search for surveys instead."
  }
]
 

          The LLM suggested extracting the 10 most recent papers, which the user found to be inefficient and asked to search for surveys instead. Now that the Agent has executed its first task, namely creating a plan using its LLM, this information can be stored externally so it can be retrieved later on if necessary.

          The plan is updated accordingly and kept in a special PLAN.md file that the Agent can update if necessary. Before it goes on and searches the ArXiv database, the current conversation history is cropped to only contain the SYSTEM_PROMPT and PLAN.md. This cropping can be a step executed by the Agent, but for the sake of simplicity, let’s assume that after the user provided feedback, a simple script is always run that crops out this interaction. Thus, we are left with:

          # 3. Crop context
messages = [
  {"role": "system", "content": SYSTEM_PROMPT},
  {"role": "assistant", "content": PLAN.md},
]
 
 

          The context is kept to a minimum because there is no need for the LLM to see both the old and new plans.

          Next, the Agent uses a tool (search_arxiv) to search for recent surveys on reasoning LLMs and extract the abstracts (ABSTRACTS).

          # 4. Search on ArXiv
messages = [
  {"role": "system", "content": SYSTEM_PROMPT},
  {"role": "assistant", "content": PLAN.md},
  {
    "role": "assistant", "content": "<think>Let's search on ArXiv"
    "tool_call": {
      "name": "search_arxiv",
      "arguments": { "search_term": "reasoning LLMs survey" }
   },
  {
    "role": "tool",
    "tool_call_id": "search_arxiv",
    "content": ABSTRACTS
  },
]
 

          After the Agent has retrieved the abstracts, it decides to use another Agent to summarize the results.

          # 5. Call the summarization agent with the abstracts
messages = [
  {"role": "system", "content": SYSTEM_PROMPT},
  {"role": "assistant", "content": PLAN.md},
  {
    "role": "assistant", "content": "<think>Let's search on ArXiv"
    "tool_call": {
      "name": "search_arxiv",
      "arguments": { "search_term": "reasoning LLMs survey" }
   },
  {
    "role": "tool",
    "tool_call_id": "search_arxiv",
    "content": ABSTRACTS
  },
  {
    "role": "tool",
    "tool_call_id": "run_summarization_agent",
    "content": ABSTRACTS
  },
]

          The summarization agent only needs to summarize the papers, so no other context is needed other than those papers to generate the summaries (SUMMARIES). As such, the messages of the summary agent that is created by run_summarization_agent could look like this:

          # 5a. Run the summarization agent
messages_summary_agent = [
  {"role": "system", "content": "You are a summarization expert."},
  {"role": "user", "content": "Summarize these papers: PAPERS"},
]

          The resulting summaries (SUMMARIES) are passed back to the original Agent to parse and create a nice overview for the user.

          # 6. Process summaries with the orchestrator (the original agent)
messages = [
  {"role": "system", "content": SYSTEM_PROMPT},
  {"role": "assistant", "content": UPDATED_PLAN},
  {"role": "assistant", "content": "I retrieved these summaries: SUMMARIES."},
  {"role": "assistant", "content": "<think>Next, parsing summaries.</think>"},
]

          Note how this final messages variable contains a small part of the conversation history. Only the most relevant pieces of information are kept, and any irrelevant traces (like the full traces of the summarization agent) are not added to the context. During the entire process, the context is carefully managed by either the Agent itself or through external software.

          Even in this simplified example, there is a lot of dynamic behavior between and within agents that update, store, and retrieve all kinds of context. Moreover, all contexts in this example are texts and can be processed using a standard LLM. For certain use cases, however, you might want it to be able to process more modalities like images and sound. We will cover multimodal LLMs in more detail in Chapters X and X.

        

        
          Context Engineering for Multi-Agent Systems

          As we will cover more in-depth in Chapter X, multi-agent systems are where multiple agents work together to solve a given problem. Our example of a deep research agent used a summarization agent in its system, thereby working together. What makes context engineering especially difficult in multi-agent systems is that not only the context of the main agents needs to be carefully managed, so do the contexts of all other agents in the system. Moreover, the interaction between agents is also part of the shared context between those respective agents.

          To manage this complex network of contexts, smaller agents can be used to handle some of the context “burden”, as we illustrated in the deep research agent. By using a smaller agent with a smaller LLM for specific tasks, part of the context can be handled separately, leaving significant compute for the main agent (also called the orchestrator agent). What makes these small and/or specialized agents great for context engineering is that they can work on smaller and more manageable contexts, have clear responsibilities, and are easier to test and debug. These systems can be more reliable by separating tasks instead of having one agent juggle all kinds of different tasks and contexts.

        

        
          Optimizing the Context

          Throughout this chapter, we covered many different methods and techniques for handling the memory and context of LLMs and Agents. Optimizing what and how you put into the context is a multi-faceted problem that requires an understanding of various parts of your agent’s architecture. Most strategies to optimize the context are built upon the main source of context, the memory modules of the Agent.

          Although there are many strategies, let’s explore the most common ones.

          
            Context Tracking and Storage

            Before you give the Agent a possible relevant context, it first needs to be tracked and stored somewhere. We covered most of it already, as this relates to various forms of memory, and in particular episodic memory, which contains the actions the agent has taken thus far. Although episodic memory is seen as long-term memory, it is highly related to the conversation history of the Agent, which tends to capture the actions of the agent.

            However, tracking the context goes beyond just the event traces of the agent. It also involves managing external knowledge sources, like a database of your proprietary data, which can serve as additional context. To set up these sources of knowledge, you will have to decide beforehand what kinds of information you want to track. Although it may seem obvious at first, there are many types of information you can track:

            
              	
                Agent behavior

                
                  	
                    Tool usage by the agent (and any sub-agents)

                  

                  	
                    Tool outputs and intermediate results

                  

                  	
                    Interactions between (sub-)agents

                  

                  	
                    Internal reasoning steps

                  

                  	
                    Conversation history

                  

                  	
                    Failures/successes

                  

                

              

              	
                User behavior

                
                  	
                    User intent (explicit requests and goals)

                  

                  	
                    User feedback (edits, approvals, rejections)

                  

                

              

              	
                Knowledge sources

                
                  	
                    Snapshots of your proprietary database(s) for reproducibility and auditing

                  

                  	
                    External documents (RAG, APIs, etc.)

                  

                  	
                    Structured artifacts like PLAN.md, REQUIREMENTS.md, etc.

                  

                

              

              	
                System-level

                
                  	
                    Configuration (LLM hyperparameters, available tools, etc.)

                  

                  	
                    Policies (guardrails, constraints, etc.)

                  

                

              

            

            All the above are merely examples of what you could possibly track. In practice, not everything is going to be useful, and at the same time, many other things should be included. As we will explore later on, tracking these kinds of contexts and information also helps communicate the user’s intent and debug these complex systems.

          

          
            Context Selection

            Assuming you have set up all your databases, the very first thing you can do to optimize the context is to have a system in place that selects the right context. As we discussed before, RAG is an amazing technique and example for selecting what is relevant. Although we have seen variants of RAG that improve on this, we haven’t yet explored how we can further improve this selection process.

            In RAG, the input documents are typically split into smaller parts, such as sentences or paragraphs, to isolate the information they contain and keep it to a single subject. However, when you then run a RAG pipeline, you typically get a collection of documents in return. For example, if we search a vector database for the “causes of climate change,” the system might return documents about greenhouse gases, industrial activity, and deforestation. Although those documents might not directly answer our question, they are related.

            To improve this process, we can use a re-ranker to refine the set of documents that were retrieved. This technique, often a language model, takes in both the query and retrieved documents to re-rank the retrieved documents based on their relevance to the query and to each other (see Figure 4-32). By providing the re-ranker with additional context (all retrieved documents), it can operate on far fewer documents than if we were to give it the entire database. Moreover, after the results have been re-ranked according to their relevance, we can choose to only keep the most relevant documents.

            
              
              

            

            Re-ranking is only one of the many ways to select and create the right context. We can also structure the output to ensure the responses of the Agent are broken up into logical parts and only contain the necessary components. Likewise, we can employ business rules that give additional weights to certain pieces of information that always provide important context (much like a system prompt).

            Note that selecting the right context can also mean selecting the right context for the right agent. By isolating the context across multiple specialized agents, each agent is able to focus on a smaller part of the problem without being overwhelmed by the full context.

          

          
            Context Compression

            The goal of context engineering is to find a balance between what you put in the context and how much. As such, compressing the context as much as possible is an important strategy for optimizing the context.

            A common way to handle compression is what we discussed at the beginning of this chapter, using an LLM to create summaries of your conversation history. As we explored in Search-o1, we can even compress the output of the RAG pipeline using an LLM to summarize the retrieved documents.

            Another method of compressing the context is by reducing redundancy. Even with a re-ranker, the top 5 most relevant results might all contain very similar documents. Together, they are not bigger than the sum of their parts but smaller instead because they contain similar information. As such, we do not only want the most relevant documents, but in a way that they are still documents that each contain a new piece of information.

            A common technique to use, whether they are the output documents of your RAG pipeline or other pieces of retrieved information, is called Maximal Marginal Relevance (MMR).17 This technique uses a precalculated relevance vector and redundancy matrix to balance the diversity of documents.

            First, the similarity between the retrieved document and query embeddings is calculated. This results in a relevance vector which has a value per document to indicate how similar/relevant the given document is to the query (see Figure 4-33).

            
              
              

            

            Second, the similarity between the retrieved documents is likewise calculated to construct a similarity matrix called the redundancy matrix. This matrix is used to potentially discard documents that are too similar to the ones we had already chosen (see Figure 4-34).

            
              
              

            

            Then, the relevance vector and redundancy matrix are used iteratively to decide which retrieved documents are similar enough to a given query but dissimilar to all other retrieved documents. An important component is the λ parameter, which we can tweak to decide how diverse the output should be (a higher score indicates higher diversity).

            Since we haven’t chosen any documents, we start by selecting the one with the highest score in the relevance vector, namely document 1. Then, we take the relevance vector and multiply it by (1- λ) to decide the importance of similarity over diversity. From the resulting scores (one for each document other than document 1), we subtract λ times the redundancy vector. This vector contains the highest scores in the redundancy matrix that relate to the documents we had already chosen (document 1). As demonstrated in Figure 4-35, document 3 is added as the next most diverse and relevant document.

            
              
              

            

            We continue this process, but instead of comparing to document 1 only, the redundancy vector contains the highest similarity scores that relate to either document 1 or 3, whichever is highest. This process is only repeated for the next document, since we wanted to bring down our original set of 5 documents to 3 in total.

            Like re-ranking, MMR is merely an example of a technique that can be used to compress the output. We are not limited to using LLMs to directly compress the retrieved documents; we can instead use techniques like MMR to simply ignore certain documents because they are too similar to each other. Likewise, deduplication techniques can be used to remove contexts that are essentially duplicates of one another.

          

          
            Context Ordering

            The order of the context is vital to the performance of your agent. Early research into the position of important information in prompts found that LLMs have a tendency to pay more attention to the beginning and end of a prompt.18 As a result, they often end up losing information in the middle, which they call the “lost-in-the-middle” phenomenon. Figure 4-36 is an annotated figure from the “Lost in the Middle: How Language Models Use Long Contexts” paper that nicely illustrates this concept.

            
              
              

            

            This tendency to focus on the beginning and end of prompts is similar to human behavior. The serial-position effect states that people generally recall the first (primacy effect) and last (recency effect) items in a series best, whereas the middle items are recalled worst.19 It is interesting to see how much of LLMs’ behavior follows similar human tendencies.

          

        

        
          Context as the Specification

          Arguably, one of the most important things about context engineering is that it requires a shift in mindset. The context that is given to the agent can be seen as a tool for communication. Not just for the agent, but to the people that you work with. More specifically, the context that you give to the agent, including the query, PLAN.md, REQUIREMENTS.md, codebase, etc., all serve as a tool to communicate what your intention is. For example, when you allow a coding agent to fully create a PR on its own, it does not suffice to go through the code itself to check whether everything is there. The initial query, PLAN.md, etc., all serve as the initial specification of the PR and should be tracked as well.

          As such, we can view the context of the agent as the specification of your feature. As agents are becoming more autonomous, it is important to track the intention of their behavior through the context that is given. Where we would view prompt engineering as user-facing, context engineering is a much more developer-oriented tool and requires careful communication of why the agent is executing certain tasks. The answer to the “why” starts with the user’s intention.

          Think about it like this: how strange it is that we tend to throw away the input to our function (the LLM) and only keep track of the output! Not only for reproducibility, but also for communication, it allows you to understand why the agent has chosen certain tools, executions, and outputs. Moreover, this transparency of intention also serves as a great tool for debugging your agent.

          Context, as the specification, brings about significant potential for domain-specific industries. The context that you give an agent changes drastically between use cases and applications. Health care requires a completely different context than law, for instance. As such, there is not a single framework for context engineering and instead requires developers to consider their domain-specific knowledge sources, like patient data in health care and research papers in academia.

        

      

      
        Summary

        In this chapter, we explored various methods for giving LLMs and Agents memory. We first covered various techniques for short-term memory, including the conversation history and methods for compressing it and keeping it manageable. Short-term memory is an important, but often underestimated component of enabling memory in intelligent systems.

        Then, we explored long-term memory, including methods for RAG (MemoryBank) and agentic RAG (A-MEM and Search-o1). These methods are often inspired by human memory systems and may include techniques for degrading memory or deciding what’s meant to be important.

        Finally, we explored context engineering as the next frontier in memory. Where we used to engineer our prompts ourselves, the entire context window now requires careful consideration. We covered why this context is important for agents and various methods for optimizing it.

        The context, being much more than just the user’s prompt, contains all previously discussed forms of memory and potentially even more, like tools. In the next chapter, we will explore how tools can further enhance the capabilities of LLMs as an important component of agents. Moreover, we will cover how these tools can be called and the best practices for doing so. In Chapter 6, we cover planning and reflection capabilities of agents, where memory plays an important role.
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      Chapter 3. Tool Usage, Learning, and Protocols

      A Note for Early Release Readers

With Early Release ebooks, you get books in their earliest form—the author’s raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.


This will be the 5th chapter of the final book. Please note that the GitHub repo will be made active later on.


If you’d like to be actively involved in reviewing and commenting on this draft, please reach out to the editor at mcronin@oreilly.com.



      The tool module is such an interesting module for augmenting your LLM and generating autonomous behavior in agents. By themselves, LLMs are nothing more than functions that take in some string and output some string. Although that creates interesting chatbots, they cannot yet interact with their environment.

      A key trait that defines an agent is its ability to autonomously search for, select, and utilize tools, allowing it to interact with and influence its environment. With enough capabilities, agents can even create their own set of tools to use. The benefit of tools is not contained to interaction with the environment. Tools are typically used to access external knowledge or memories, as we discussed in the previous chapter. We can even use tools to access specialized (L)LMs that have capabilities that extend beyond what the agent is capable of, like multimodal LLMs or LLMs specialized for certain tasks (like coding). Generally, tools allow an LLM to take action and interact with the external environment or extract data and use external applications (see Figure 5-1).
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      However, regular LLMs cannot search the web, use a calculator, or schedule appointments. They can only communicate the intention of doing so, without being able to act upon it. Without tools, agents can only think autonomously and not act autonomously.

      The degree of autonomy also decides how tools are being used. As shown in Figure 5-2, if there is no autonomy but a fixed flow, then tools can be used in a predefined order. For instance, a research agent might always call tools like arXiv and Google to extract results, which are subsequently summarized.
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      In contrast, systems with larger degrees of autonomy allow Agents to choose which tool to use and when. Illustrated in Figure 5-3, they are still sequences of LLM calls but with autonomous selection of tools decided by the Agent.
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      Tools are about much more than merely using them. How are they created? How is the output of a tool processed by the LLM or Agent? How are tools selected? How many tools can an LLM effectively handle?

      Throughout this chapter, we will not only explore several types of tools but also how LLMs and agents learn how to use them and even how these tools can be standardized across different agentic systems. As shown in Figure 5-4, this is the module that allows interaction with the environment. It makes the next chapter, planning out actions to take, more than a theoretical exercise. After all, how could an LLM act autonomously without tools?
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        Tool Usage

        Tool usage consists of more steps than you might expect. It does not start with an LLM using a tool, but actually creating and defining the tools, planning which tool to use instead, and eventually calling them. Although the steps in tool usage can be seen from many different perspectives (e.g.,1,2, and 3), we explore the following:

        
          	
            Tool Creation

          

          	
            Tool Definition

          

          	
            Tool Selection

          

          	
            Tool Calling

          

          	
            Output Processing

          

        

        Although Agents might seem like they can do everything themselves (which they can to a certain degree), they require help from the user or developer to actually use the tools. The high-level process is shown in Figure 5-5, which is an adaptation of OpenAI’s tool calling flow4, where we additionally focus on creating the tool and highlight the steps a single tool call takes.

        
          
          

        

        Note that each step may have various forms and implementations, many of which we will cover later on. For now, let’s explore the most common way tool usage happens in these steps and explore them in more detail.

        
          Tool Creation

          Although tools can come in various forms, they are typically functions that can be accessed through either an API or some internal code. This can be as complex or minimal as is required for your application. LLMs, for instance, are not known for their mathematical capabilities. Let’s create a simple function for multiplying two values that the LLM can use. Note that all coding examples are meant as pseudo-code, and the full examples can be found in the book’s GitHub repository.

          def multiply(a: float, b: float):
    """
    Multiply two numbers
 
    Args:
        a: First number
        b: Second number
    """
    return a*b

          These tools should be heavily documented, as shown in the example, because the docstrings will also be communicated to the LLM. A clear benefit is that it motivates users to focus more on writing great documentation, which is often not a priority when developing code.

          This tool can be accessed by directly calling multiply(a, b), which is something the LLM cannot do, but can be done by an automated system. Note that external API calls may also call tools. Either way, a tool is generally considered to be some form of function that can be called in various ways. In our example, the most straightforward method would be to save it in a dictionary so that we can access the function by a string. In this case, our database is the tools variable:

          tools = {
  "multiply": multiply
}

          Although creating tools can be a straightforward process, the LLM should be taken into account when designing them. It is a similar process to designing code for people to use, where you may ask yourself: Does the user understand what the tool does? Is it clear what is being returned? Are the variable names descriptive? Is there documentation?

          This is especially important for LLMs as they often explicitly need to be told what exists, what doesn’t, and what the tools are capable of.

        

        
          Tool Definition

          After creating the tool, we need to inform the LLM what the tool does; this is called tool definition. Without communicating to the LLM which tools exist, what they do, and how they are used, the LLM isn’t able to properly use them.

          There are several methods by which we can communicate this to the LLM:

          
            	Learning

            	
              (specific) tool definition and usage are learned during training

            

            	Prompting

            	
              The tool definition is shared with the LLM through structured prompts.

            

          

          How to use (specific) tools and when they are needed is often learned during the fine-tuning state of an LLM, where the model learns how to follow instructions and use tools. This learning stage can be split up into two aspects: we either tune the model to learn about specific tools or learn how to use tools in general. Learning about specific tools can be costly and limit how many tools you can add to the model. Instead, the focus of recent models is typically their improved instruction-following capabilities and general tool use. Instead of learning about specific tools, they learn to recognize definitions of tools in their prompts and dynamically use them.

          As (reasoning) LLMs are becoming easier to steer and dynamically learn to use tools, we can share the tool definitions through prompts. When you have a small set of tools the LLM should use, you can share that through the system prompt:

          system_prompt = """
...
 
# Tool Definition
You can use the following tools:
 
- multiply(a, b): multiplies two numbers
- divide(a, b): divides a by b
- add(a, b): adds two numbers
- subtract(a, b): subtracts b from a
 
# Tool Usage
When you need to use them, write: [function_name(value1, value2)]
...
"""

          Note that the definition here isn’t following a standardized procedure. Frankly, this is something we made up on the spot to show you that an LLM can call a tool anyway you decide. If it uses “TOOL(value1, value2)” or perhaps structure it like “TOOL, value1, value2” does not matter. The only thing you need is a small piece of code that recognizes when a tool is being called. We will cover how the LLM actually calls a tool a bit later in this chapter.

          Another method of sharing the definition of the tools with the LLM is through structured function calling. Instead of messing around with the prompts ourselves and optimizing how we describe and format each tool, we can define each tool in structured schemas instead. These are typically JSON Schema objects that describe the function’s name, its description, and its parameters (types, required fields, ranges, etc.). An example of such a schema for our multiply tool is the following:

          {
  "type": "function",
  "function": {
    "name": "multiply",
    "description": "Multiply two numbers",
    "parameters": {
      "type": "object",
      "properties": {
        "a": {
          "type": "number",
          "description": "First number"
        },
        "b": {
          "type": "number",
          "description": "Second number"
        }
      },
      "required": [
        "a",
        "b"
      ]
    }
  }
}

          These schemas are often passed as a separate parameter when using external APIs. OpenAI, for instance, uses the tools parameter where you can send over the JSON schemas of your tools.5 That allows the LLM or even the Agent to treat it as special metadata and process it beforehand if necessary.

          In practice, however, these schemas are typically processed as if they were “regular” prompts and put into, for example, the system prompt:

          # Tool JSON Schema put into the system prompt
system_prompt = """
You are a bot that responds to mathematical queries.
 
# Tools
 
You may call one or more functions to assist with the user query.
 
You are provided with function signatures within <tools></tools> XML tags:
 
<tools>
{"type": "function", "function": {"name": "multiply", "description": "Multiply two numbers", "parameters": {"type": "object", "properties": {"a": {"type": "number", "description": "First number"}, "b": {"type": "number", "description": "Second number"}}, "required": ["a", "b"]}}}
</tools>
 
For each function call, return a json object with function name and arguments within <tool_call></tool_call> XML tags:
 
<tool_call>
{"name": <function-name>, "arguments": <args-json-object>}
</tool_call>
 
"""

          This example is using the transformers library to format the system prompt. Note that they have provided additional instructions on how to identify when a tool is being called by putting the call between XML tags (<tool_call> and </tool_call> respectively).

          Although we are using structured JSON schemas for communication, the LLM still has to interpret how to use the tool and when, which makes tool usage a difficult task. Therefore, the more descriptive and clear the schema, the more likely the LLM will make the right tool call decisions.

          At this point, the user can finally ask their question. Since they have access to the multiply function, let’s keep the query simple: “What is 5.1 times 7.3?”. To illustrate how this is going to be processed, we make use of the messages structure that we explored in the previous chapter. This is visualized in Figure 5-6 where the system prompt contains the definition of our tool.
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          Regardless of whether you use a JSON schema or describe the tool, there are several best practices for defining functions to take into account:

          
            	Document your tool with extensive descriptions of parameters, function names, and even examples

            	
              This allows your agent to have a better understanding of what the tool is capable of.

            

            	Minimize the number of tools

            	
              Although having many tools expands the capabilities of your agent, it will become much more difficult to select and use the appropriate tool.

            

            	Minimize the scope of a tool

            	
              Complex tools with many parameters are difficult to use, even for individuals, let alone an agent.

            

          

        

        
          Tool Selection

          Now that the tools are created and defined, we can start the process of calling the tool. The LLM first needs to select the right tool for a given query, which can be a difficult task. Especially with potentially dozens of complex tools, the LLM doesn’t only need to select the most appropriate one (if one at all) but also use it correctly. Although we can share an extensive JSON schema for each tool, the LLM needs to be capable enough to actually follow it through. This is where reasoning LLMs shine. They can spend any number of tokens “thinking” about which tools to use and how to properly use them. Illustrated in Figure 5-7 is the reasoning process of LLMs to decide which tool to use and how.
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          Note that discovering the tools that exist or might be relevant becomes more important when the number of tools increases. As we discussed in the previous chapter, even when you have a large context window, filling it up to the brim with tool JSON schemas is bound to decrease the LLM’s performance. As with context engineering, the process of discovering tools might be helped with methodologies like RAG, where you store all tool schemas in a separate database for the LLM to discover. Illustrated in Figure 5-8 is this idea of using a vector database to discover which tools are most relevant to a user’s query.

          
            
            

          

          Note that the planning capabilities of LLMs are vital to having a good selection. For simple queries, like “What is 1+1?”, the selection of tools is not going to be a challenge. However, when planning a vacation, a multi-step process is going to be needed where the agent first needs to plan out its behavior. This planning (and reflection) behavior is going to be discussed in the next chapter in more detail.

        

        
          Tool Calling

          Next, when the LLM ends its thinking process, it can start creating the tool call. It will output a string, and if the LLM is capable enough, correctly format the tool call with the given arguments. This is illustrated in Figure 5-9 with the system prompt that we defined in the “Tool Definition” section. Note that this is a correctly formatted answer with the <tool_call> and </tool_call> tags together with the arguments and function call that can be parsed as JSON.

          
            
            

          

          However, this answer is merely a string and will not execute the tool. In fact, you can view this output as merely the intention of the LLM to call a tool. Without any help from the user or additional software, nothing will happen. We will have to write a small piece of code that will extract the JSON call and execute it.

          For this, we use regex (re) to extract the tool call from within its <tool_call> tags, convert it to JSON, and finally call it using our tools dictionary:

          import re
 
# LLM's output
output = """
<tool_call>
{"name": "multiply", "arguments": {"a": 5.1, "b": 7.3}}
</tool_call>
"""
 
# Get tool call
match = re.search(r"<tool_call>\s*(\{.*?\})\s*</tool_call>", output, re.DOTALL)
tool_call = json.loads(match.group(1))
 
# Calling the tool
name = tool_call["name"]
arguments = tool_call["arguments"]
tool_output = tools[name](**arguments)

          Note that all we have to do is extract the name and arguments from the JSON generated by the LLM. Then, we can call the tool with tools[name](**arguments) and generate our output (tool_output). This means that actually calling the tool is not executed by the LLM but by a system that we created. You can fully automate this process by wrapping it in a function that automatically extracts the JSON and then subsequently calls the tool.

        

        
          Tool Output Processing

          We still need to do something with the output of the tool call. In our example, the LLM ends with a tool call, which we process and call ourselves. To feed the output back into the LLM, we can use the messages structure that we explored in the previous chapter. Specifically, we can add messages with two roles:

          
            	
              assistant — The assistant calls the multiply tool.

            

            	
              tool - The output of the tool is returned.

            

          

          By updating the messages to include this additional information, we are essentially informing the LLM that these steps were taken. Calling the tool was done outside of the LLM’s view, and it therefore has no knowledge of what actually happened. As such, we pretend as if the LLM executed the tool whilst that was actually done by the user or an automated system. These updated messages are illustrated in Figure 5-10.

          
            
            

          

          Finally, we can feed these messages back into the LLM to create our final answer. Although the tool has given us the appropriate output, the LLM might want to combine answers or present them in a nicer way. This process, along with the updated output, is presented in Figure 5-11.

          
            
            

          

          With the many steps an LLM has to correctly follow to call the appropriate tool, it requires the LLM to be an effective orchestrator, which is very dependent upon the model’s reasoning capabilities and overall reliability.

        

      

      
        Tool Learning

        Instilling tool-calling capabilities into LLMs can be a difficult task, especially when it has not been trained to do so. Learning tools can be achieved through various methodologies. In this section, we will explore the three most common categories of tool learning, namely in-context learning, supervised fine-tuning, and reinforcement learning.

        
          In-context Learning

          In-context learning, the ability of LLMs to learn from a few examples in their context6, is an exceptionally useful technique to enable new behavior in LLMs without the need to fine-tune them. As we covered in Chapter 3, it is also known as few-shot prompting or few-shot learning, where you provide several examples to the LLM to learn from. Specifically, it is a prompt engineering technique where you give some examples of the behavior that you want the LLM to repeat. In our case, and as illustrated in Figure 5-12, we want the LLM to output the tool call in a specific format by following the examples we created ourselves.

          
            
            

          

          In-context learning is especially helpful when leveraging the messages structure that we explored before. Remember when we pretended the assistant called a tool by adding it to the messages? We can apply the same concept and act as if the model were called tools before. As shown in Figure 5-13, we can create our messages in such a way that the model thinks it has already used some of the tools before. So when it subsequently gets a query, it has examples of how the tools should be called and what kinds of output can be expected.
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          Since LLMs are great at pattern recognition, providing these example tool calls helps them follow the structure of the tool call we had in mind. Note that in-context learning improves as the LLM becomes more capable. More performant models tend to better follow instructions and examples.

          
            HuggingGPT

            A great example of how far you can get by using in-context learning is HuggingGPT, an agentic framework that uses an LLM orchestrator to decide which tools are used to solve a given problem.7 Interestingly, the tools are actually models themselves on the HuggingFace platform. The underlying idea is that the LLM could act as an orchestrator to manage existing AI models on the HuggingFace Hub to solve whatever problem it encounters.

            Their pipeline revolves around proper prompt engineering and in-context learning to enable this orchestrator framework. It consists of four steps:

            
              	Task Planning

              	
                Extract the intention of the user’s query and decompose it into solvable tasks

              

              	Model Selection

              	
                From the extracted tasks, select the appropriate model from HuggingFace’s model hub

              

              	Task Execution

              	
                Call the selected models as tools.

              

              	Response Generation

              	
                Integrate the output of tools and generate a response

              

            

            These steps are visualized in Figure 5-14.
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              Task Planning

              In task planning, the LLM decides which types of tasks are best suited for the given query. Tasks are essentially the categories of models that you can find on the HuggingFace Hub. A wide variety of tasks are available, ranging from text classification and summarization to image-to-text and object detection. In total, there are 24 tasks with potentially millions of models hosted on the HuggingFace Hub. The LLM chooses the task(s) and their order through a prompt design that consists of specification-based instruction demonstration parsing.

              With specification-based instruction, instructions are provided on the formatting of tasks in JSON. It is a description of what we expect the output should be rather than an example. A part of the full prompt is provided below that demonstrates this specification-based instruction:

              """
#1 Task Planning Stage
The AI assistant performs task parsing on user input, generating a list of tasks with the following format: [{"task": task,"id", task_id, "dep":dependency_task_ids, "args":{"text": text, "image": URL, "audio": URL, "video": URL}}]. 
 
The "dep" field denotes the id of  the previous task which generates a new resource upon which the current task relies. 
The tag "<resource>-task_id" represents the generated text, image, audio, or video from the dependency task with the corresponding task_id. 
The task must be selected from the following options: {{AvailableTaskList}}. 
 
Please note that there exists a logical connection and order between the tasks. 
 
In case the user input cannot be parsed, an empty JSON response should be provided. Here are several cases for your reference: {{Demonstrations}}. 
 
To assist with task planning, the chat history is available as {{ChatLogs}}, where you can trace the user-mentioned resources and incorporate them into the task planning stage.
"""

              To better understand this JSON parsing, examples are given of queries and outputs through in-context learning, which they named demonstration-based parsing. Illustrated in Figure 5-15 is an example of how these examples were structured.

              
                
                

              

            

            
              Model Selection

              After selecting the appropriate tasks to execute, the models within those specific tasks still need to be chosen. Below is the prompt template used for asking the agent to select the best model for the given task.

              """
#2 Model Selection Stage
Given the user request and the call command, the AI assistant helps the user to select a suitable model from a list of models to process the user request.
 
The AI assistant merely outputs the model id of the most appropriate model.
 
The output must be in a strict JSON format:
{"id":"id", "reason":"your detail reason for the choice"}. 
 
We have a list of models for you to choose from {{CandidateModels}}. Please select one model from the list.
"""

              Since each task on the Hugging Face Hub can potentially have hundreds of thousands of models, only a subset is extracted from the tasks that were selected in the previous step. Specifically, the authors used the download count on the Hub as a proxy for the model quality and extracted the Top-K models based on that ranking. This selection is contained in the CandidateModels variable and formatted like so:

              {"model_id": id#1, "metadata": info#1, "description": model description #1} 
{"model_id": id#2, "metadata": info#2, "description": model description #2} 
...
{"model_id": id#K, "metadata": info#K, "description": model description #K}

            

            
              Task Execution

              Next, each selected model is executed with their relevant arguments. Models are run in parallel if possible. For example, if prompted to generate summaries of different PDFs, separate models can run in parallel to execute this task. This resource dependency is carefully tracked to decide which models can be run in parallel and which models require other models to have a completed run.

            

            
              Response Generation

              Finally, the inputs and outputs of all previous steps are given to the model to generate the final response. This includes the user’s input, task planning, model selection, and task execution. The prompt details how the agent should parse the results and effectively create a summary.

              """
# 4 Response Generation Stage
With the input and the inference results, the AI assistant needs to describe the process and results. 
 
The previous stages can be formed as:
 
- User Input: {{ User Input }}
- Task Planning: {{ Tasks }}
- Model Selection: {{ Model Assignment }}
- Task Execution: {{ Predictions }} 
 
You must first answer the user’s request in a straightforward manner. Then describe the task process and show your analysis and model inference results to the user in the first person. If inference results contain a file path, must tell the user the complete file path. If there is nothing in the results, please tell me you can’t make it.
"""

              You must first answer the user’s request in a straightforward manner. Then describe the task process and show your analysis and model inference results to the user in the first person. If inference results contain a file path, must tell the user the complete file path. If there is nothing in the results, please tell me you can’t make it.

              Note that this framework used older LLMs like Alpaca-7b, Vicuna-7b, and GPT-3.5 to evaluate its performance. These models were not specifically trained on tool-calling tasks, but demonstrate tool-calling behavior from in-context learning. As such, HuggingGPT is a great example of how far you can go with structured prompting and in-context learning.

            

          

        

        
          Supervised Fine-tuning

          Although prompting is a straightforward method for enabling tool usage, it does require filling up the context window with additional instructions. As we explored in the previous chapter, we want to prevent filling up the context window, as it might degrade the performance of your model. There is also a risk of the model not following instructions through prompting if you have too many instructions.

          A great alternative is to train your model using supervised fine-tuning to distill knowledge and capabilities on tool calling into the model itself. This was especially popular in 2023 and the beginning of 2024 as it proved to be an effective and relatively cheap method for adding tool calling capabilities.

          
            ToolFormer

            An interesting technique to explore supervised fine-tuning for tool calling (including some other tricks) is Toolformer, a model trained to decide which APIs to call and how.8

            Before exploring the training process, let’s first dive into their approach to calling a tool. In previous examples, the tool that should be called was structured using JSON schemas, and the output of the call was sent back to the LLM to process. Toolformer takes a different approach by embedding the call and its output in the text it’s generating. It does so by using the [ and ] tokens to indicate the start and end of calling a tool. When given a prompt, “What is 5.1 times 7.3?”, it starts generating tokens until it reaches the [ token (shown in Figure 5-16).

            
              
              

            

            The [ token tells the LLM that it should start selecting the tool and generate the appropriate parameters following a fixed format (more on this later!). It does this until it reaches the → token (Figure 5-17).
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            The → token tells the LLM that it can now completely stop generating tokens will the user or an automated system executes the selected tool. Instead of appending the output through the messages structure as we explored before, it is added to the previously generated tokens along with the ] token (shown in Figure 5-18).

            
              
              

            

            The ] token tells the LLM that the tool has been executed and that the tool call, along with the output, is now part of the previously generated tokens. Then, the LLM can decide to continue generating tokens if necessary. Figure 5-19 demonstrates the end-to-end process of calling the tool, adding the output during generation, and giving back an answer.

            
              
              

            

            The input/output of this process is therefore as follows:

            
              	Input

              	
                “What is 5.1 times 7.3?”

              

              	Output

              	
                “5.1 * 7.3 is [Calculator(5.1*7.3)→37.23] The answer is 37.23.”

              

            

            This process of adding the output whilst generating tokens is an important construct and is often used in various models. By embedding the output during generation, the model uses tools more naturally and generates fluent language. It also lends itself quite well for reasoning LLMs, where tools are called during the reasoning process instead of having to go back and forth between messages (remember Search-o1 from the previous chapter?).

            To enable this in-line tool calling behavior in Toolformer, the model needs to be fine-tuned first. To do so, the authors carefully generated a dataset with many different examples of tool use. For each tool, a few-shot prompt was manually created and used to sample outputs. By sampling different outputs (much like the sampling with Search against Verifiers we explored in the reasoning chapter), the best output could be extracted by filtering on the correctness of the tool use, output, and loss decrease. The full process of creating this dataset is shown in Figure 5-20.

            
              
              

            

            In other words, the original data was adjusted to include tool calls instead of generating the answer by the LLM itself. All inputs were essentially updated to contain the appropriate tool.

            Finally, the LLM (GPT-J, a variant of GPT-3) was fine-tuned using this updated data using supervised fine-tuning. At the time, this technique showed significant improvements over zero-shot performance and competed with larger models. However, supervised fine-tuning on this data made generalization difficult. Supervised fine-tuning tends to be sensitive to the exact wording and prompt that is being used because it attempts to recreate what it is being shown. As we will explore next, Reinforcement Learning tends to be a much more stable technique for generalization in tool use.

          

        

        
          Reinforcement Learning

          As we explored in Chapter 3, reinforcement learning is an excellent method of training or fine-tuning to align your model to certain rewardable tasks. Compared to supervised fine-tuning, where an LLM trains on fixed examples with the correct answer, reinforcement learning relies on trial and error. In reinforcement learning, LLMs develop improved reasoning strategies not from being told exactly what to do (the mimicking behavior of supervised fine-tuning) but from repeatedly exploring feedback signals.

          In the context of reinforcement learning, tool-learning is often integrated into the thinking process of models that support advanced reasoning. This is called Tool-Integrated Reasoning (TIR), which involves incorporating tools into the reasoning traces of an LLM. Figure 5-21 illustrates this process of calling a tool during reasoning and continuing the reasoning process after receiving the output.

          
            
            

          

          Note that such a TIR trajectory might involve multiple tool invocations, where the final answer is determined by all these intermediate tool calls and outputs.

          Although we will delve more deeply into reinforcement learning in Chapter X, let’s explore how it can be used to enable tool learning and Tool-Integrated Reasoning.

        

        
          ToolRL

          A recent example showcasing how reinforcement learning can be used to enable TIR is ToolRL.9 This framework uses GRPO, which we briefly covered in DeepSeek-R1’s training procedure in Chapter 3. To differentiate between stages of thinking, tool calling, and answering the query, they used the <thinking></thinking>, <tool_call></tool_call>, and <answer></answer> tokens, respectively.

          Compared to DeepSeek-R1, their usage of rewards in GRPO is quite straightforward. Two rewards are defined to enable tool usage:

          
            	Correctness

            	
              Is a tool called correctly?

            
              	
                Scores are given based on whether the correct tool names and parameters were used.

              

            

            

            	Format

            	
              Is the appropriate format used?

            
              	
                A positive reward is given if all required fields appear in the correct order.

              

            

            

          

          To train the model, 4,000 samples of tool-integrated reasoning traces were sampled from various datasets and used for fine-tuning various Qwen2.5 models10. Figure 5-22 illustrates how GRPO was used to fine-tune these models.

          
            
            

          

          Interestingly, the authors also experimented with length rewards to encourage longer reasoning traces but found that longer traces do not consistently improve task performance and may even harm smaller models. Long reasoning traces might therefore not be ideal for tool use tasks.

          Note that GRPO is a very flexible framework and allows you to develop the rewards that are best suited for a given use case. As such, this strategy of using tool-based rewards in GRPO can also be used for non-reasoning models by simply removing or updating the format reward.

        

        
          Search-R1

          To further explore what reinforcement learning is capable of, let’s take a closer look at Search-R1, an efficient reinforcement learning framework for integrating search as a tool into an LLM’s reasoning process.11 In this framework, the LLM learns to generate one or more search queries during step-by-step reasoning autonomously.

          The framework starts with specifying how the model should interleave reasoning with the search engine call. As illustrated in Figure 5-23, the prompt template is structured into three parts. First, the reasoning traces are created with <think></think> tokens, then the search engine calling function with <search></search> where the output is reintegrated with <information></information>, and finally, the answer through <answer></answer> tokens. Note that the reasoning traces and the search engine can be interleaved several times.

          
            
            

          

          What makes this template particularly interesting is that the authors focus on a single tool, search. The reason for this was the upcoming popularity of DeepResearch, a framework where reasoning LLMs are coupled with search engines to create agentic systems that allow for in-depth research on various topics. The authors of Search-R1 created this framework as a strong open-source alternative to the proprietary systems out there.

          The result of such a template is, like ToolRL, tool-interleaved reasoning with multi-turn search engine calls. We illustrated an example of such a process in Figure 5-24. Note that the <search></search> tool can be any application, like the open-access archive of academic papers arXiv, or a combination of various sources.
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          The approach of training the algorithm with reinforcement learning is rather straightforward. The authors adopted a simplified outcome-based reward function. Rather than creating all different kinds of formatting and accuracy rewards (like DeepSeek-R1), only accuracy rewards were used (based on the task). Since the underlying model (Qwen-2.5) already has strong structural adherence, there was no need for formatting rewards.

          The authors explored both PPO and GRPO as reinforcement learning algorithms, as illustrated in Figure 5-25. Both are, at the time of writing (September 2025), two of the most popular methods of reinforcement learning for LLMs, as we will explore more in depth in Chapter X. Note that the losses in PPO and GRPO are typically calculated over the entire sequence of tokens, including the output of the search engine. In Search-R1, the tokens of the search engine’s output were masked (ignored) to prevent the model from attempting to control the search engine’s output, which were not directly LLM-generated (which can create unexpected dynamics). This is called Loss Masking for Retrieved Tokens.
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          These kinds of frameworks and methodologies leveraging reinforcement learning have become increasingly popular as the reward structure for tool calling is generally quite straightforward. It is trivial to check if a tool has been called correctly and if the correct arguments have been used (like in ToolRL). Moreover, reinforcement learning works well for rewards that are verifiable, like coding and tool calling. As such, there has been an increase in models that were trained using reinforcement learning and additionally adopted tool-based rewards, like the strong open-source Qwen312 and GPT-OSS13 models.

        

      

      
        Model Context Protocol (MCP)

        In the previous sections, we explored how to connect tools to LLMs, making them capable of much more than text generation. Although their ability to then use tools is incredible, it is not a free lunch. Imagine you have developed several prompts to instruct your LLM on how to use tools. As is typical in this field, a new LLM release that you would like to try out, together with all the tools. Now imagine it has a new way of calling tools, which means you will have to create new integrations for all your tools. This is the NxM problem, where N is the number of LLMs and M is the number of tools available. You would have to write custom integrations for every LLM/tool combination.

        Model Context Protocol (MCP) solves this problem by standardizing how you would connect tools and APIs with different structures to your LLM. It is an open standard and framework developed by Anthropic.14 As a protocol, it facilitates two-way communication between tools and LLMs. It is often referred to as the “USB-C port of AI” due to its universal nature, allowing for any LLM to implement any tool that follows this protocol. Seen in Figure 5-26, instead of manually creating connections between LLMs and tools, MCP creates only a single connection that can be maintained indefinitely by the tool provider.

        
          
          

        

        By having the MCP server handle the integrations and communicate the tools to the LLMs, it becomes N+M connections that need to be maintained instead of NxM connections. Moreover, as long as the tool provider has an MCP server, connecting the server to your LLM is relatively straightforward, but more on that later!

        The maintenance of the integration, therefore, also moves from the user to the tool provider. Without MCP, if the arXiv’s API were to suddenly change drastically, then each user would have to adjust their integrations. With MCP, any changes to the API would need to be resolved only once by the maintainers of that API. Then, the updates can be rolled out to all users without any intervention from their side.

        To illustrate this point a bit further, if you were to add tools to your LLM manually, all tools would have to be:

        
          	
            manually tracked and fed to the LLM,

          

          	
            manually described (including its expected JSON schema)

          

          	
            manually updated whenever its API changes

          

        

        As shown in Figure 5-27, this can be quite the hassle for maintaining your tools.

        
          
          

        

        Thus, MCP not only solves the NxM problem but also the problem of standardization. Note that MCP is not the only protocol for standardizing communication, like Agent 2 Agent (A2A) for standardizing inter-agent communication.15 Although there are others, in 2025, it is arguably one of the most popular protocols out there.16

        
          Core Components

          To achieve all these amazing capabilities, MCP consists of four components:

          
            	MCP Server

            	
              Provides context, tools, and capabilities to the LLMs

            

            	MCP Host

            	
              Llm application (such as Cursor) that manages connections

            

            	MCP Client

            	
              Maintains one-to-one connections with MCP servers

            

            	Resources

            	
              The tools, data, or services that are provided locally or remotely

            

          

          The MCP Host is any application that uses an LLM to use external tools. Typical examples are chat assistants like ChatGPT or Claude and IDE extensions like Cursor or GitHub Copilot. This is the “brain” of the MCP flow and makes calls to the MCP Servers via the MCP Clients.

          The MCP Client maintains connections with the MCP servers. They exist within the host and handle the connection management, discovery of tool capabilities, request forwarding, etc. Compared to the host, it is a piece of code that handles the communication with the MCP Servers, whereas the MCP Host only initiates the communication.

          The MCP Server is a lightweight program that exposes APIs and tools via the MCP standard. These servers often connect to a specific data source or service. For instance, an MCP server might connect to all API endpoints of arXiv to search, load, and view academic papers.

          To sum up, the MCP Host (e.g., GitHub Copilot) contains an MCP Client that connects to multiple MCP Servers (which provide tools, resources, or data sources).

          These three components are visualized in Figure 5-28.

          
            
            

          

        

        
          The MCP Flow

          MCP can be a bit of a mystery, even when showing and describing the core components. Instead, let us go through an example of what it would be like to use the MCP to discover and call tools. Imagine you want your AI assistant (perhaps GitHub Copilot or Claude code) to summarize the 5 latest commits from your repository. This flow is numbered in the upcoming Figures so we can accurately track each and individual step.

          It would all start with the user’s query: “Summarize the 5 latest commits”. Seen in Figure 5-29, this prompt is sent to the MCP Host (1), which asks the MCP Server, through the MCP Client, which tools are available (2). The MCP Server is connected to the set of tools (GitHub) and returns the list of all available API calls back to the MCP Host (3). API calls might include common methodologies like listing all commits (/list_commits) or creating a pull request (/create_pr). Then, the initial prompt, together with available tools, is sent to the LLM (4).
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          Next, the LLM may choose to use any of the tools that were returned (Figure 5-30). Since the user’s query is about commits, the LLM decides that it wants the MCP server to use the /list_commits tool (5). The MCP Client communicates this action to the MCP Server (6), which finally executes the command (7). The output of the tool usage is returned to the MCP server (8), which communicates it back to the MCP Client and Host through the MCP Protocol (9).

          
            
            

          

          When the LLM receives the results (10), it can choose to run another tool or return the output to the MCP Host and then to the user. In our example, the LLM decides to summarize the 5 latest commits that it received (11) and return the summary back to the user (12). See Figure 5-31.

          
            
            

          

          What makes these sets of steps so special is that LLM can discover tools that exist, choose which one to use, and does not have to think much about deprecated API functionalities.

          Note that the LLM should still have tool-calling capabilities. Whenever it wants to execute a given tool, it should follow the MCP protocol, which follows a JSON-like structure. This structure, following the JSON-RPC 2.0 Specification, is also communicated by the MCP Client, which serves as the middleman between the LLM and the protocol.

        

      

      
        Summary

        In this chapter, we explored how tool calling makes LLMs have the capabilities to interact with the world. We first covered the fundamentals of tool calling and how LLMs call tools in practice. We saw that as text-to-text entities, LLMs merely communicate the intent to call a tool. The act of actually calling the tool falls either to the user themselves or to external software that automates this process. The flow of calling a tool involved the tool creation, definition, selection, calling, and output processing.

        Then, we explored three methods of having LLMs learn those tool-calling capabilities. First was in-context learning, where you can define the tool’s schemas and definition in the prompt for the LLM to follow. We covered HuggingGPT as a great example of in-context learning to enable tool calling. Second was supervised fine-tuning, where an LLM is fine-tuned on specific tool-calling capabilities. We covered ToolFormer as one of the first successful attempts to use supervised fine-tuning for tool calling. Lastly, we covered reinforcement learning as one of the most prominent techniques for instilling tool-calling capabilities. Of note were ToolRL and Search-R1, which both adopt GRPO, a popular reinforcement learning algorithm used in DeepSeek-R1.

        We ended the chapter with one of the most exciting things in the realm of tool calling, the Model Context Protocol (MCP). We explored how MCP standardizes the usage of tools, which led to the widespread usage of tools without the need for custom solutions. 
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      Chapter 4. Planning and Reflection

      A Note for Early Release Readers

        With Early Release ebooks, you get books in their earliest form—the author’s raw and unedited content as they write—so you can take advantage of these technologies long before the official release of these titles.

        
        This will be the 6th chapter of the final book. Please note that the GitHub repo will be made active later on.

        
        If you’d like to be actively involved in reviewing and commenting on this draft, please reach out to the editor at mcronin@oreilly.com.

        

      In Chapter 3, we covered reasoning LLMs and their capabilities to demonstrate complex chains of thought. Advanced reasoning enables behavior that is vital in Agentic systems, namely the ability to plan actions and reflect on them.

      Agents are multi-step entities and generally require planning the actions they will take to complete their goals. Imagine you ask an Agent to create a specific feature for your codebase. To bring this to completion, typical steps the Agent would take include:

      
        	
          Clarify requirements

        

        	
          Analyze the existing codebase

        

        	
          Design the feature

        

        	
          Implement the feature

        

        	
          Test the feature

        

        	
          Update documentation

        

      

      To execute all these actions, the Agent first needs to be aware of them and track the status of its current state. Planning is essential to solidify this behavior and to allow the Agent to dynamically adjust the plan when necessary. After all, without a plan, how would it know what to do next?

      This plan and the steps it contains can often be taken multiple times, like implementing and testing the feature whenever the Agent encounters a bug. Iterative loops are similarly a fundamental component of what makes an Agent. As such, the initial plans are made malleable and should be open to change when there is an issue with the plan or its execution. Reflection on what has been done and what could be improved is, therefore, vital for the autonomous nature of the Agent. Planning and reflection go hand in hand, and by implementing a feedback loop, the system prevents ending up in a local minima.

      In this chapter, we explore planning and reflection in Agents and how they can be used to plan out multi-step actions and improve their behavior as they go through the necessary steps. Shown in Figure , this brings us to the final component of a single Agent.

      
        [image: A diagram of a large language model  AI-generated content may be incorrect.]
        

      

      
        Planning

        In Chapter 3, we explored how reasoning and extended thinking can bring LLMs to new heights. We briefly touched upon something vital in these systems, namely that advanced reasoning allows LLMs to plan out their behavior. There is a wide variety of methodologies to enable planning in reasoning LLMs effectively.

        
          Task Decomposition

          The first step in planning is to decompose an initial query into subtasks. Like the example at the beginning of the chapter, when you ask an Agent to create a certain feature, it will split that query up into smaller tasks to execute. This is called Task Decomposition and allows the Agent to simplify complicated tasks.1 Shown in Figure  is an example of the reasoning LLM creating this plan, where each task may also have a set of sub-tasks to complete.
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          The tasks and sub-tasks in this plan may describe a tool that the reasoning LLM may use. As shown in Figure 63, the plan comes first, after which each (sub-)task can be processed using tools. In this example, the Agent creates a 3-step plan to add a new feature to a codebase. The first task, analyzing the existing codebase, is done with a tool call to retrieve the code. It continues to analyze that code and communicate the core features. After that, it may update the plan and continue with the next task.

          
            

            [image: A diagram of a code base  AI-generated content may be incorrect.]
            

          

          
            Chain-of-Thought

            A major component of task decomposition, aside from having a reasoning LLM, is prompt engineering. We covered several of them in Chapter 3 from the perspective of reasoning traces, where several “thoughts” are sampled. We covered Chain-of-Thought (CoT) as a common approach to create these reasoning traces. Remember that CoT is a process where the LLM is asked to solve problems step-by-step. This can be achieved by either providing examples to the LLM (few-shot prompting) or by simply stating “Let’s think step-by-step” (zero-shot prompting). This step-by-step process is, in fact, task decomposition. The original query is processed through separate reasoning traces that rely on the ones that came before (seen in Figure ). In other words, it breaks down the problem into sequential reasoning substeps.
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            The original idea of CoT was to make the model “think aloud” as a way to scale test-time compute and its performance. However, the “thinking” may very well be used as part of the planning process. For instance, when asked to create a plan and end it with “think step-by-step”, a reasoning LLM will first think about the steps needed to resolve the original query. This is the reasoning trace the LLM can leverage to create the plan:

            User: Add a new feature to my existing codebase. Let's think step-by-step.
 
LLM (CoT): 
First, I need to clarify the requirements. What kind of feature is needed?
Second, I should analyze the existing codebase to understand the architecture.
Third, I need to design the feature and make sure nothing is left out.
Fourth, I should implement the feature in the existing codebase but without changing its original functionality.
Fifth, I must test the feature thoroughly through unit and integration tests.
Finally, I need to update the documentation to explain how the new feature works.
 
LLM (Plan):
The plan will be as follows:
 
[ ] Clarify requirements
[ ] Analyze the existing codebase
[ ] Design the feature
[ ] Implement the feature
[ ] Test the feature
[ ] Update documentation

            As such, CoT is a flexible technique that can be used for task decomposition in general, not just for “thinking aloud”.

            Since CoT, there have been many variants that similarly attempt to create more advanced reasoning traces for the purpose of task decomposition. These techniques, like Self-Consistency2 and Tree-of-Thoughts3, sample multiple CoT traces from the LLM to find the most optimal trace. As shown in Figure , the original task is decomposed into “thoughts” (but could have been sub-tasks just the same), and from various “thoughts”, the most optimal set is chosen.

            
              

              
              

            

            For self-consistency, the original task is broken down into sub-tasks, much like CoT, but multiple diverse paths are generated, and the most consistent answer is selected. In contrast, Tree-of-Thoughts explores multiple possible reasoning paths (where each node is a task or “thought”) instead of following a linear chain of thought. As we explored in Chapter 3, methodologies like Beam Search and Monte Carlo Tree Search using reward models can be used to choose the best path.

          

          
            Explicit Planning

            A CoT-like prompting technique for task decomposition that works quite well in the context of planning is Least-to-Most (LtM) prompting.4 Released in 2022, it builds upon CoT by first decomposing the problem into subproblems. Then, these subproblems are solved one by one. Compared to CoT, the solution of each subproblem is fed back into the LLM (GPT-3) when attempting to solve the next problem. This idea is shown in Figure .
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            As in Chain-of-Thought prompting, the problem to be solved is decomposed into a set of subproblems that build upon each other. In a second step, these subproblems are solved one by one. Contrary to Chain-of-Thought, the solution of previous subproblems is fed into the prompt, trying to solve the next problem.

            A more practical example is shown in Figure , where instead of attempting to solve the problem directly, two stages are executed:

            
              	
                Problem Reduction — The original problem is decomposed into a set of manageable tasks

              

              	
                Sequentially Solve Subquestions — Each sub-task is solved after the other. After each subtask, the previous subtask’s question and answer are appended.

              

            

            
              [image: A diagram of a problem  AI-generated content may be incorrect.]
              

            

            To create this behavior, few-shot prompting is used, where examples are provided to the LLM to show how to decompose the initial tasks and subsequently solve them.

            A zero-shot approach to task decomposition in the context of planning is Plan-and-solve prompting.5 This methodology is a direct extension of the Zero-Shot CoT, where instead of using “Let’s think step-by-step”, the LLM is asked to devise a plan first and then solve the problem step-by-step (Figure ). It is a two-step process that is akin to the thinking and answer steps that we explored in Chapter 3:

            
              	
                Prompting for Reasoning Generation — The model generates a plan and then carries it out by solving the problem step-by-step.

              

              	
                Answer Extraction — The output of the previous step is processed to create the final answer.
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            Note how we again used the Q/A structure throughout these prompts. That was common in these early days of LLMs, where they were often trained primarily to autocomplete the prompt, so additional steering was needed for the model to understand that it should answer a given question. Their output is essentially the “thinking” process we know of reasoning LLMs, but it works just the same for regular LLMs, albeit an implicit process. Nowadays, most LLMs are already capable of creating advanced plans without needing complex instructions or specialized prompts. However, as explored in Chapter 3, they often need to be trained on these CoT- or Planning-like reasoning traces to effectively reason and plan.

          

        

        
          Action Sequencing

          Least-to-most prompting and plan-and-solve prompting decompose a given problem into subtasks that are solved sequentially. These work great for LLMs, but not yet for Agents, who sequence actions autonomously one after the other. Specifically, after the Agent decides the (sub-)goals it needs to achieve, it then determines a sequence of actions to continuously transition it from its current state to the desired goal state. This process is called action sequencing and requires not only a careful plan but also an efficient set of steps for the Agent to follow.

          For example, a coding Agent needs to decide which optimal sequence of actions should be taken. If it skips over reading the codebase, for instance, then the Agent would be quite inefficient and potentially lead to redundancy. To minimize wasted resources and reduce execution time, there needs to be a well-thought-out sequence of actions relating to the plan.

          In this section, we will explore methodologies for sequencing actions, of which important components are CoT-like reasoning and planning the sequence of actions.

          We want the Agent not only to create a plan, but continuously solve each subtask whilst updating its current state. This idea is shown in Figure  and requires more sophisticated techniques than least-to-most prompting and plan-and-solve prompting.
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          The idea of these techniques is that Agents rely on their LLMs’ reasoning capabilities to dynamically adjust their plans based on new information as a result of previous steps. It also explains how Agents can act autonomously after having created the initial plan.

          
            Reason and Act with Prompting

            In previous examples, we explored how reasoning can be enabled with CoT and how LLMs can take actions (like the ToolFormer discussed in Chapter 5). This split between reasoning and acting is shown in Figure .
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            However, having reasoning and acting separate makes it difficult for an Agent to iterate. A common technique for determining an initial plan and continuously updating its action sequencing is the Reason and Act (ReAct) framework.6 Compared to CoT, which embeds reasoning within the planning, ReAct decouples reasoning and planning. The framework takes inspiration from CoT for reasoning and Tool-usage for acting and combines them. As shown in Figure , this framework interleaves both reasoning traces and task-specific actions to create an iterative process of thinking and taking actions. As a result, we get the first truly autonomous systems that drive AI Agents.
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            The interleaving of reasoning and actions creates a feedback loop in which the model repeatedly cycles through a thought-action-observation process. In each loop, the model is asked to separate its textual output into three components:

            
              	Thought

              	
                A reasoning step about the current situation

              

              	Action

              	
                A set of actions to execute (e.g., tools)

              

              	Observation

              	
                A reasoning step about the result of the action

              

            

            This is achieved by prompting the model to create these three separate entities, as shown in Figure . Note that few-shot examples are typically added of thought, action, and observation cycles to make sure that the LLM matches the proposed behavior.
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            This type of prompt is at the core of a ReAct Agent and steers the LLM’s behavior towards cycles of thoughts, actions, and observations (see Figure ). By iterating over thoughts and observations, the LLM can plan out actions, observe its output, and adjust accordingly. Then, the LLM will stop whenever it reaches a predefined goal.
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            ReAct Agents can theoretically go on for hundreds of cycles, but need to remember their previous steps and outcomes to effectively continue when context becomes an issue. For Agents that go on to perform dozens or potentially hundreds of steps, the memory component becomes vital, especially context engineering, as we discussed in Chapter X.

            To give a bit more intuition about the ReAct flow, below is a simplified example of several ReAct cycles:

            Question: Why do flamingos stand on one leg?
 
Cycle 1
 
Thought: I need to find out the main theories scientist give.
Action: Search[why do flamingos stand on one leg]
Observation: One theory suggest that it allows for conserving body heat given that they often stand in cold water.
 
Cycle 2
 
Thought: There might be other theories, perhaps related to balance.
Action: Search[flamingos one leg balance theory]
Observation: A study suggests that balancing passively on one leg requires less mscular effort.
 
Cycle 3
 
Thought: I have seen multiple theories but none stand out. Let's see if I can find more scientific studies.
Action: Search[scientific study flamingos stand on one leg experiment]
Observation: Both theories are common but it is unclear which one is agreed upon.
 
Cycle 4 (answer)
 
Thought: Combining all evidence, it seems that there are multiple theories but the reason is not yet fully understood.
Action: Finish[The reason for this behaviour is not fully understood. There are two common theories, namely...]

            As shown in the above examples, the ReAct Agent essentially runs tools in a loop to achieve its goal. This allows the Agent to autonomously continue running tools, getting feedback from the environment, and adjusting accordingly until it either reaches a user-defined stopping mechanism (like iteration limit) or when the LLM decides to return the answer.

            With the ReAct framework, we have all the major components to create a truly autonomous system that is capable of independently taking actions:

            
              	Reasoning LLM

              	
                The Agent’s brain that is capable of advanced decision making and planning

              

              	Tools

              	
                Used to interact with the Agent’s environment

              

              	Memory

              	
                Prevents the LLM from forgetting past actions and observations

              

              	Planning

              	
                Task decomposition to create plans and frameworks, like ReAct, to create autonomous behavior

              

            

            When all the above components are combined in one system, and that system is capable of running continuously (imagine a while loop), you have an Agent! In Figure , we visualize this system with an example of how these main components could be built.
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            Where tools, as covered in Chapter X, were all about single-turn processes, ReAct-like frameworks turn them into multi-turn processes that allow Agents to make complete use of memory, tools, and planning.

          

          
            Reason and Act with Supervised Fine-Tuning

            ReAct-like frameworks have been quite popular for performing action sequencing. However, much like we explored in the tooling chapter, prompt engineering is only the first step in steering an LLM’s behavior. Prompt engineering, much like is done in ReAct, often requires few-shot prompting to get the correct behavior. This can be wasteful tokens in the context and difficult to get right. FireAct is one of the first methodologies to fine-tune an LLM on ReAct-trajectories as a way to instill the ReAct framework into a small LLM.7 The method is quite straightforward and consists of two steps.

            In step 1, a large LM (GPT-4) is used to generate different kinds of trajectories (e.g., Chain-of-Thought and ReAct) based on questions from several datasets. The idea is that for different questions, different methodologies might be needed to solve them. A straightforward question that requires no Agentic behavior would only need Chain-of-Thought-like inferencing, whereas a potential multi-turn question would require a ReAct framework to solve the problem. In Figure , you can see how various questions are processed through different prompt templates (CoT, ReAct, and Reflexion) to generate their respective trajectories. A trajectory for a question processed with ReAct, for instance, would contain sequences of thoughts, actions, and observations with a final answer.
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            These generated trajectories serve as the training data used for fine-tuning a smaller LM. The trajectories, however, are first converted to all have the same ReAct format. CoT, for instance, is turned into a one-round ReAct trajectory where the “thought” is the intermediate reasoning and “action” returning the answer. Note that it does not have an observation since there is only one round. Note that they also use Reflexion, an extension of ReAct that also includes feedback into the cycles.8

            After formatting, this data is then used to fine-tune a smaller model (Llama 2). The authors experimented with both a full fine-tune as well as fine-tuning only a small part of the entire model using Low-Rank Adaptation9. From their experiments, fine-tuning on trajectories outperformed the prompt-based ReAct framework. Perhaps more importantly, there was no need to add few-shot examples to create the ReAct cycles, which makes inference more efficient and prevents needlessly filling up the context.

          

          
            Reason and Act with Reinforcement Learning

            As we have explored in Chapter 5, a limitation of supervised fine-tuning is that the LLM learns to mimic the example data rather than adapting through experiences. It lacks the ability to explore the environment, which tends to lead to suboptimal policies. In contrast, Reinforcement Learning is a powerful approach for enabling LLMs to refine their strategies by learning from the feedback rather than simply mimicking behavior. By receiving rewards for actions and refining its policy through trial and error, the model is encouraged to actively explore its environment.

            An interesting technique to explore ReAct through the lens of Reinforcement Learning is Exploration-Based Trajectory Optimization (ETO).10 Compared to FireAct, ETO uses Reinforcement Learning to encourage the LLM to learn and explore trajectories rather than attempt to mimic behavior. ETO consists of 2 steps.

            In step 1, the authors applied supervised fine-tuning, using ReAct data, on an LLM (Llama-2-7B Chat11), to create a base Agent that has inherent planning capabilities. The datasets used were tasks that require multi-step planning and actions, like ALFWorld, a text-based environment mimicking typical households where Agents are to perform specific tasks, like “clean some tomato and put it on countertop” or “examine an alarmclock with the desklamp”.

            An example directly taken from ALFWorld, complete with actions, is the following:

            You are in the middle of a room. Looking quickly around you, you see a safe 1, a shelf 4, a drawer 2, a bed 1, a drawer 1, a shelf 5, a shelf 2, a sidetable 2, a shelf 3, a drawer 3, a shelf 1, a sidetable 1, a desk 1, and a garbagecan 1. 
 
Your task is to: examine an alarmclock with the desklamp. 
 
> go to desk 1
You arrive at loc 8. On the desk 1, you see a pen 1, a bowl 1, a alarmclock 2, a pencil 2, a pencil 3, a creditcard 3, a book 1, a alarmclock 3, a keychain 3, and a book 2.
 
> take alarmclock 2 from desk 1
You pick up the alarmclock 2 from the desk 1.
 
> go to sidetable 2
You arrive at loc 1. On the sidetable 2, you see a desklamp 1, and an alarmclock 1.
 
> use desklamp 1
You won!

            As shown in Figure , the initial model was fine-tuned using successful ReAct trajectories that include the task and the ReAct trajectory (see previous example). The authors refer to supervised fine-tuning as behavior cloning, since this technique encourages the LLM to mimic the behavior shown in the data rather than having it figure out the correct answer on its own. In this context, supervised fine-tuning is therefore often referred to as imitation learning.
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            Step 2 is an iterative process that switches between the exploration and training phases (as shown in Figure 6-16). During exploration, the base Agent interacts with the environment and attempts to solve the given tasks. From the ReAct trajectories that are generated in this process, the failed trajectories are sampled. These are then paired with correct trajectories that were previously collected for these tasks. During the training phase, the pairs of trajectories are then used to further fine-tune the LLM using a Reinforcement Learning algorithm, namely Direct Preference Optimization (DPO)12. During this fine-tuning, the authors aimed to increase the likelihood of successful trajectories and decrease the likelihood of failed trajectories. In other words, the Agent learns contrastive information from the failure/success trajectory pairs to update the Reinforcement Learning policy.
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            As we have explored several times before, using supervised fine-tuning followed by Reinforcement Learning is a strong learning paradigm for these models. By starting with supervised fine-tuning, the LLM learns the right type of behaviors and formatting it should use. It gives the foundation it needs to then explore and improve upon itself by using exploration and exploitation in Reinforcement Learning.

          

        

      

      
        Agents that Continuously Improve

        As AI Agents evolve, rather than relying on training phases or reward models for improvement, these systems start relying on self-generated feedback loops to continuously improve their performance as they are acting. Feedback prevents Agents from ending up in local minima and provides valuable information on potentially better solutions to pursue. In practice, not all feedback is equivalent, and continuous self-improvement is tricky to pursue for LLMs that are fundamentally static when they act. In this section, we explore methods for AI Agents to reflect on their behavior and pursue self-improvement as they act with their environment(s).

        
          Reflection

          The feedback that an Agent gets from their environment is typically different from process feedback. The environment gives feedback based on an action: “When I do X (action), the environment gives back Y (Feedback).” Feedback, as covered in this section, is often referred to as “reflection” to demonstrate that it is typically an internal process where the LLM should be critical of its own output and processes. After all, reflecting on past behavior helps us learn from prior failings. Reflection, however, can also be in tandem with external sources to supply feedback.

          The techniques covered in this section are all based on prompting techniques and are therefore relatively straightforward to implement.

          
            Self-Refine

            An elegant approach to feedback is Self-Refine13, a prompting framework where the LLM provides feedback and refines its own results. The approach is quite straightforward and lets an LLM iteratively improve its answer by acting as its own editor. The idea was inspired by how people draft and revise their solutions.

            In this framework, the LLM generates an initial answer and then proceeds to critique its own output (Feedback). Based on that reflection step, the LLM refines its answer and incorporates the necessary change (Refine). This cycle repeats until a stopping criterion has been reached, like the number of steps or an LLM-guided stopping mechanism. This cycle between Feedback and Refine is shown in Figure .
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            The same LLM generates the initial output, the refined output, and feedback, hence the name Self-Refine. Figure  illustrates an example from the paper where, after an initial output, an iterative loop is generated of first feedback and then a refined output.

            
              

              
              

            

            As you might have noted, this framework was built around LLMs refining and improving their own outputs but no mention is given of an Agentic system. Next, let’s explore how ReAct can use similar feedback mechanisms to improve Agentic trajectories.

          

          
            Reflexion

            A more involved but quite successful attempt at instilling reflective behavior in Agents is Reflexion14, a prompting framework where Agents verbally reflect on previous tasks through internal and external feedback. The authors used three entities within this framework:

            
              	Actor LLM

              	
                A ReAct LLM in charge of executing actions based on observations and trajectory data. This can be considered the main “brain” of the Agent.

              

              	Evaluator LLM

              	
                An LLM that assesses the quality of the current trajectory and output generated by the Actor LLM.

              

              	Self-Reflection LLM

              	
                This LLM generates more nuanced and specific feedback based on the full trajectory, including the output of the Evaluator LLM.

              

            

            As shown in Figure , the Actor LLM is based on a ReAct Agent and will convert the initial task into actions and interact with the environment. The resulting observations are saved in the full trajectory for which the Evaluator LLM rewards a score that reflects the performance of the Actor LLM given the task. The Evaluator LLM is essentially asked, “How well did the Actor LLM do?” and produces a scalar reward. The current trajectory, including the reward, is given to the Self-Reflection LLM to analyze the trajectory and produce a reflective summary for the Actor LLM to use.
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            This process continues until the Evaluator LLM deems the answer of the Actor LLM to be correct.

            These three LLMs are vital to provide the actions (Actor), the stopping mechanism (Evaluator), and the reflective feedback (Self-Reflector). They are tied together by the different forms of memory, where the trajectory is saved in short-term memory (conversation memory) and the reflective experiences based on the trajectories in the long-term memory.

            Together, these components allow Reflexion Agents to verbally reflect on trajectory observations, which are maintained in episodic memory to promote improved decision-making in subsequent trials.

            Self-Refine and Reflexion are common techniques to easily create Agents that have some reflective capabilities. Many other prompt-based techniques exist that attempt something similar, like CRITIC15, which starts with an initial output and revises it through the use of external tools, like search, to get more information. As such, feedback is an important component of Agents that can reflect, and as seen in the Reflexion framework, feedback can come from many places, including both itself and its environment.

            However, like all prompt-based techniques we have explored thus far, they only guide the Agent towards behavior that we previously described without instilling that behavior into its parameters. Let us explore techniques that allow reflective behavior to be a part of an Agent’s nature through fine-tuning the model.

          

        

        
          Self-Improvement

          Reflecting on its behavior is the first step to the continuous self-improvement of Agents, and although prompt-level heuristics are an important component, more fundamental changes are needed to guide Agents toward continual self-improvement. To create this self-sustaining loop of reflection, reasoning, and task generation, Reinforcement Learning has been shown to enable seemingly unbounded self-improvement with limited need for human-labeled data.

          There have been initial approaches attempting to mimic or use Reinforcement Learning by iterating over attempts and updating policies, like RISE16, which includes additional introspection steps to continuously improve outputs. More recent approaches, like R-ZERO and TTRL, generate their own training data and use Reinforcement Learning to continuously self-improve and evolve as it critiques and improves its own output. Let us explore these methods to get an understanding of how Reinforcement Learning can be used for continuous self-improvement.

          
            Test-Time Reinforcement Learning

            Labeled data for Agentic traces that generalize well to other experiences is hard to create and generally a costly task, as it requires significant manual labor. This motivates the need for LLMs to learn by themselves rather than being directed purely by labeled data. The idea of self-play and self-experience is central in Reinforcement Learning, but often requires supervised data (like query/reasoning/answer triplets) that are difficult to collect for complex and large-scale real-world tasks. This poses a substantial barrier to the self-improvement of LLMs.

            Test-Time Reinforcement Learning (TTRL) is a framework that proposes to update models at test-time using Reinforcement Learning.17 Rather than having models remain static entities during inference, TTRL allows LLMs to learn as they interact with their environment without the need for supervised data. Instead of learning through their memory modules, their parameters are updated using Reinforcement Learning.

            TTRL is a four-step process. First, given a query, it applies repeated sampling to generate several candidate outputs. The authors generated 16 responses per query using a temperature of 0.6 to make sure that the outputs differ sufficiently. In their experiments, they used models from several model families, including Qwen (e.g., Qwen2.5-7B), LLaMA (e.g., LLaMA-3.1-8B-Instruct), Mistral (e.g., Mistral-8b-Instruct-2410), and DeepSeek (e.g., DeepSeek-R1-LLaMa-8B). Second, a majority voting strategy is used to select the best answer among the 16 generated outputs. Third, a reward is generated based on the alignment between the voted output and the 16 generated outputs. Finally, the calculated rewards are used as a signal during Reinforcement Learning (GRPO) to improve the model as it acts with its environment. Figure  demonstrates this process of sampling, majority vote, and calculating the reward.
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            As you might have noticed, we already covered each of these steps in some form over the previous chapters. Majority voting is a common strategy for scaling test-time compute and improving the outputs, whereas GRPO has been a popular strategy for supervised Reinforcement Learning. Elegantly combining these techniques allows TTRL to learn as it interacts with its environment without the need for labeled data since it produces those itself (the calculated rewards).

            However, majority voting strategies are not flawless by definition. The majority does not always need to be correct. The authors argue that rewards in Reinforcement Learning can be vague to a certain extent, as they signal the need for further exploration rather than continuous exploitation, which prevents models from being stuck in local minima. Likewise, even if the majority is incorrect and no correct predictions are made at all, then the reward will still be negative. This is referred to as a “Lucky Hit”, and although they were created from an incorrect process, they are still “correct” rewards. This is illustrated in Figure .
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            Due to this elegant technique, TTRL can apply on-the-fly adaptation by fine-tuning the model as it encounters new problems. It is essentially an online approach to Reinforcement Learning focused on learning during inference.

          

          
            R-Zero

            The idea of self-evolving reasoning LLMs without labeled data was further explored in R-Zero.18 This technique uses two independent models with distinct roles to co-evolve and challenge each other’s outputs. These models are initialized from the same base model and take on the roles of a Challenger and a Solver. The authors experimented with models from the Qwen3 family19 and the Llama-3.1 family20.

            The Challenger is tasked with generating synthetic queries that are difficult for the Solver to solve. The Solver generates multiple answers and selects the best one using majority voting, much like is done with TTRL. During this process, the Challenger is trained with Reinforcement Learning (GRPO) based on the rewards it receives from the Solver.

            There are several rewards/signals created during this process:

            
              	Uncertainty Reward (a value between 0 and 1)

              	
                This indicates how certain the Solver is that it has created the correct answer frequently from all of its sampled answers. It is essentially the fraction of the Solver’s responses that match the most common answer. This reward aims to guide the Challenger to create difficult but solvable queries.

              

              	Repetition Penalty (a value between 0 and 1)

              	
                This penalty makes sure that the Challenger generates diverse queries. Otherwise, it would be stuck continuously optimizing the same difficult queries.

              

              	Format Reward (either 0 or 1)

              	
                A reward given based on whether the Challenger generates queries between <question> and </question> tags.

              

              	Composite Reward (a value between 0 and 1)

              	
                A reward given to the Challenger by subtracting the repetition penalty from the uncertainty reward and making sure it does not go below 0.

              

            

            During this process, the Challenger is trained whilst the Solver is frozen and merely used as a reward model when fine-tuning the Challenger. This process is illustrated in Figure .

            
              

              [image: A screenshot of a computer screen  AI-generated content may be incorrect.]
              

            

            After training the Challenger, a dataset of queries is sampled from the Challenger to train the Solver. For each query, answers are sampled by passing them through the Solver. Based on a majority vote, if the query is too difficult (too few correct answers) or if the query is too easy (almost all answers are correct), then they are filtered out. This process improves the quality of the training data by focusing on queries that are just difficult enough.

            The Solver is then fine-tuned on the curated dataset of challenging queries. As before, GRPO is used for training. Compared to the Challenger, the reward is simplified to a value of either 0 or 1. Like TTRL, this verifiable reward for each correct answer and 0 otherwise. As shown in Figure , this is a much simpler process and akin to TTRL.

            
              

              [image: A screenshot of a phone  AI-generated content may be incorrect.]
              

            

            Together, this creates a co-evolving system where the Challenger continuously makes harder queries, and the Solver gets better at solving them. In turn, the Challenger adapts to make new challenging queries, and so on. The beauty of this system is that the Challenger gets continuous rewards (composite uncertainty scores from 0 to 1) to encourage generating queries at the edge of difficulty, whilst the Solver gets a binary reward (0 or 1) to encourage getting the answer exactly right. This asymmetry allows the Challenger to explore a range of difficulties, whilst the Solver should be precise and deterministic in its answers. This loop between the Challenger and Solver training is shown in Figure .

            
              

              [image: A screenshot of a computer  AI-generated content may be incorrect.]
              

            

            Methods like TTRL and R-Zero are, at the time of writing, newer techniques that have tremendous potential for self-improving Agents. These are potential paradigm shifts that move the training focus towards unlabeled data and inference rather than purely focusing on the traditional pre-training combined with supervised fine-tuning and RL. The evolution from “traditional” training with SFT and RL all the way to this potential test-time training paradigm is shown in Figure .

            
              

              [image: A diagram of training and training  AI-generated content may be incorrect.]
              

            

          

        

      

      
        Summary

        In this chapter, we explored how LLMs can plan out behavior and reflect on taken actions when executing this plan. We covered how task decomposition allows LLMs to break down complex problems into small problems that each can be solved on its own. Chain-of-Thought-like techniques were explored and demonstrated how they can be used to perform explicit planning. We then explored how, after planning, Agents can perform sequences of actions through a widely-used technique, Reason and Act. Several techniques were explored from the domains of prompting, supervised fine-tuning, and reinforcement learning to enable this behavior of action sequencing in Agents. ReAct is the final missing link in what makes Agents potentially autonomous, as it decides on its own when to stop and how long to continue within these ReAct-like frameworks.

        We then discussed how Agents can be taken a step further and reflect on their sequences of actions to get into a mode of self-improvement. In that, reflection is vital for LLMs and Agents to prevent being stuck in local minima of solutions and thought processes. We finished this chapter with an exciting new paradigm of Agents that continuously improve as they interact with their environment. This test-time training paradigm has the potential to bring Agents into a new realm of performance and generalization.

        In the next chapter, we will cover various methodologies of evaluating Agents. Due to their potentially complex behaviors, Agents are significantly more difficult to evaluate than LLMs. We will explore what to look for when evaluating your Agent and Agentic System.
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