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Chapter 1. Agentic AI and MCP



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. There is a GitHub repository in progress with code examples.


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




Towards the end of 2024, Anthropic released the Model Context Protocol (MCP) to great fanfare. Not only did Anthropic standardize a way to transform chatbots from simple talkers into agents that could act, but they released MCP concurrently with support from popular AI-powered IDEs as well as Anthropic’s Claude Desktop, driving rapid adoption. One of the major pieces of the MCP architecture, the MCP servers, was made to be incredibly simple to spin up, but powerfully complex when advanced workflows were needed. This lead to a rapid flood of user-created MCP servers, augmenting generative AI workflows and cementing the adoption of MCP as the standard for building AI agents.


This book aims to go deep into MCP, taking you beyond the available documentation and giving you a deep understanding of the MCP architecture, the features the protocol and its SDKs provide, and most importantly, how to use that understanding to build your own MCP servers and clients and augment your own generative AI workflows with them. By doing this, you can transform standard generative AI chatbots into fully fledged agents, which can act, plan, and use tools on their own, and even work together to accomplish complex tasks. In this chapter, you will learn more about AI agents, what they are, how they are used, and how MCP fits into the agentic AI landscape. The next chapter will cover MCP itself: its history, the problems it solves, its architecture, and real-world examples of MCP in action. The next three chapters will cover the major components of MCP: clients and their host applications, servers, and transports. With this knowledge in hand, the final three chapters will use a project in order to give you practical experience building not just your own servers, cliens, and transports, but also how to leverage them in an actual agent.








What is an Agent, Anyway?


But what exactly is an agent? If you Google search this, you will find more definitions than you will find links. If you ask Claude or ChatGPT a few times in a row, you might even get different answers as well. Everyone seems to have an opinion on what is or isn’t an agent, but it is difficult to talk about agents without settling on a common definition. For the purposes of this book, we will use the definition used by Anthropic in their article Building Effective Agents: an agent is a “system…​where large language models (LLMs) dynamically direct their own processes and tool usage, maintaining control over how they accomplish tasks.” They’re usually implemented as LLMs that receive a task and then use tools (here, a tool is any code “outside” of the agent that is called by the agent to accomplish some task) to execute an action and gather feedback before proceeding. The action and feedback gathering occurs in a loop, where the LLM does some action, feedback is gathered and sent back to the LLM, and then the LLM decides whether to present the result as a final result to the user, use the feedback it gathered to do another action, or gather more feedback from the user.


Let’s take a look at a common use for agents, and what this loop would look like for each outcome. For this example, let’s imagine a coding task: you are in an AI-powered code editor like Cursor or Windsurf and you ask the chatbot to write unit tests for your code. The action/feedback loops may look something like this:



[image: A hypothetical coding agent's action-feedback loop]
Figure 1-1. A hypothetical action-feedback loop in action for a coding agent.




Figure 1-1 shows an example action-feeadback loop (AF loop) for a coding agent. The user initiates a task by asking the agent (nicely) to write unit tests for their code housed in feature.py. The first AF loop is initiated: the LLM reads feature.py, the environment it gets feedback from is feature.py, and the feedback here could be the code itself, its structure only, or some other representation of the file. Armed with this information, the next AF loop that the agent performs could be to write all the tests that are implied by the contents of feature.py. Writing the tests, then, is the action, the feedback environment is the written test file, and the feedback is the written code or some other representation of it. The agent could then enter the third AF loop, where it runs the tests as its action. The environment for this loop is the test environment and results, and the feedback to the LLM could be the test results, test coverage, or anything else that would be helpful to the model to determine the next step. After here, if the results are satisfactory, the loops can end. If not, the agent would probably choose to re-run AF loop 2 or perhapse take a different, more precise action, like fixing the failing tests, then run AF loop 3 again and continue until the results are satisfactory.


This is distinct from an agentic workflow, a system in which code, rather than the LLM, determines the path the logic will take, but still calls an LLM to do some part of the work. This is a common pattern in agentic systems, and can be very useful for complex tasks that require some level of deterministic logic as enforced by the code. For example, imagine an application that takes code as an input and turns it into its equivalent in another language. A workflow approach to this could be to take the input code, call an LLM to detect the language the code is in, and if it doesn’t detect a language, return a failure message to the user. If it does detect a language and it is one that you have a deterministic parser for, then the deterministic parser is called on the code, and the translated output is returned to the user. If a language is detected that you don’t have a parser for, then you would call an LLM again and prompt it to do the translation for you, returning the output to the user. This is prompt chaining, a common agentic workflow pattern for tasks that require one or more calls to an LLM and a code path for deciding which next steps to take to complete that task. Some other common workflow patterns include paralellization, where several LLM calls are made at once and the results are combined, routing, where an LLM classifies an input then makes one of several possible LLM calls with the classified input, orchestrator-worker, where one LLM breaks down a task, calls worker LLMs to work on the smaller tasks, and finally an LLM is called to put the results together, and evaluator-optimizer, where an LLM generates a response to the user prompt and a second LLM call evaluates that response and either presents it to the user if it’s acceptable or returns it with feeback to the first LLM conversation for refinement.


Figure 1-2 shows this prompt-chaining workflow in detail: the input is sent to the LLM to detect the language of the input. The output is the guessed language, which is checked in code to see if there was a detection or not. It branches to the “fail” state if a language was not detected, and to the “success” state if one was. The next state is also deterministic, and checks if we have a deterministic parser for the detected language. If so, the next state is simply calling the parser and reporting the output to the user. If not, the next state is to call an LLM again and prompt it to do the translation for you, returning the output to the user.



[image: Prompt chaining example]
Figure 1-2. A hypothetical prompt-chaining workflow for a language detection and translation agent.




The workflow is initiated by the first LLM call, which detects that the workflow should be initiated. In this workflow, a series of LLM calls with prompts that build on the results of the previous calls are made, with the workflow’s direction driven primarily by the code, rather than the LLM.


By contrast, an agentic approach, however, would provide language detection and translation tools to the LLM, and simply ask it to detect the language of the input and use that to pick the correct translation tool to do the translation. The next figure shows this process: The user provides code input, and the LLM is called. It loops through the action-feedback loop, detecting the language of the input, then checking the environment for any tools to do the translation. If there is an appropriate tool for the agent to use, it calls it, if not, it will autonomously attempt the translation on its own. Whatever result it gets back, it will return to the user.



[image: Agentic workflow example]
Figure 1-3. A language detection and translation agenti.




Figure 1-3 shows the same process as the prompt chaining workflow in Figure 1-2, but implemented as an autonomous agent. The agent is provided with language detection and translation tools, and is able to use them at its own discretion given the user’s prompt. This is opposed to the prompt chaining workflow, where the code determines the progression of the workflow.


The chief difference to remember is that agents are able to decide which tools to use and actions to take over 1 or more action-feedback loops, while workflows use code paths to determine which tools to use and actions to take, and how to take those actions.










How are Agents Used in Generative AI?


As you saw above, agents are deployed for complex tasks where planning, decision-making, and tool use are necessary to complete the given task. Typically, to the user, there isn’t any obvious difference between how they interact with an agent than how they interact with non-agentic LLMs: there’s a chat box with a chatbot at the “other end” of it, they ask it questions, and it answers. One key difference with agents, though, is that users can ask them to do something, and they can take action and interact with their environment given tools. A user might experience this as nothing more than a more powerful chatbot, but agents can provide customized experiences to the user via their usage of tools, specialized prompts, data resources, memory, and the ability to coordinate and collaborate with other agents.


Because agents are autonomous modifications of existing LLMs, using agents looks just like using an LLM: you give it text (a prompt), and get a response back. But with agents, LLMs now can choose to use or even write small bits of code to execute, can retain memory of interactions with multiple users, and autonomously do research on the web, parallelizing research tasks that would be mostly sequential in a non-agentic or human system.










What Agents Enable in Generative AI


Agents and the design patterns that are being invented and explored for them are enabling some of the most exciting new advances in generative AI. A single agent transforms an LLM with a static source of information (from its training data) into something that can access new information, take action on its environment via tools, act semi-autonomously, and communicate with other agents. All of this behavior comes from both the architecture of the agent (specifically, the action-feedback loop discussed earlier in this chapter), and the abilities that are added on to an LLM in an agentic system: data retrieval, tools, and memory.


Before agents were widespread, it was most common to interact directly with an LLM via a chat interface. The only information it had available came from its training data so the models were frozen in time, and a model couldn’t remember anything about the user’s chat history or use tools. Retrieval-augmented generation (RAG) was an early way to give LLMs more information to work with, and gave rise to chatbots that could answer questions with information in an organization’s knowledge base, support documents, or other data sources. Other techniques, like fine-tuning, were also used to do things like expanding the foundation model’s knowledge or giving the chatbot a different personality.


Agents, however, allowed for something potentially even more powerful: the ability to act autonomously, to call deterministic code using its own judgment and environmental feedback, to coordinate with other agents, and to store short-term memory of the user’s chat history and other information. While most of these things aren’t themselves requirements for a system to be considered an agent, the power of LLMs combined with an autonomous agent loop and these bolted-on model augmentations has led to some of the most exciting advances in generative AI yet.










Examples and Use Cases for Agents


To really explore how agents are used, what they allow us to do, and what kinds of tasks they excel at, it will be helpful to look at some use cases of agents, real-life examples of those use cases, and, where possible, their architectures. Agentic systems are being deployed seemingly everywhere, but a few use cases have really shined recently:



	
Coding agents



	
Research agents



	
Customer service agents



	
Business-specific copilots/assistants






Coding agents. These might be the most common and popular agents, and it’s likely that you’ve worked with one or more. Unsupervised applications like Anthropic’s [Claude Code](https://www.anthropic.com/claude-code) and OpenAI’s [Codex](https://openai.com/codex/) provide a command line interface for instructing the agent(s), but code changes are done in the background, freeing you up to do other tasks while it works. Supervised applications include [Cursor](https://www.cursor.com/) [Windsurf](https://windsurf.dev/), and the [Github Copilot](https://github.com/features/copilot) extension for VS Code and provide a user interface within a familiar code editor, allowing you to view and approve the changes the agent makes.


Research agents. These agents are used to do deep research on a topic, making use of memory, tools like web search, and in some cases, additional autonomous agents to pursue various avenues of research. Anthropic’s [research agent](https://www.anthropic.com/news/research) is a good example of this, where it uses a combination of built-in and user-provided tools to conduct its research, a memory store to provide context and a scratchpad of current research directions, and subagents orchestrated by the main agent to pursue individual research directions. You can learn more about Claude Research’s architecture and how it works [here](https://www.anthropic.com/engineering/built-multi-agent-research-system).


Customer service agents. Customer service agents are becoming ubiquitous. While most in the wild are simple decision trees or LLM-powered chatbots with RAG, more and more customer service agents are becoming true agents, adding tool use and memory to better service customers’ questions, guide them through fixing their issue (or attempting to fix it directly), and, when needed, more accurately escalate issues.


Software-specific copilots/assistants. Many software applications and platforms, especially those that service enterprise customers, are adding copilots that help their customers use and manage the software. These agents will often have tools that are specific to the software: one may be able to build charts with user data, another may generate branded reports, and yet another may help users query their software’s data with natural language.


These are just a few of the most popular use cases for agents, but agents’ inherent flexibility and autonomy make the possibilities for their use nearly endless. Interactive [art projects](https://www.youtube.com/watch?v=7fNYj0EXxMs), AI “personalities” built up over many interactions with people and other agents (like [Void](https://cameron.pfiffer.org/blog/void/) on Bluesky), 3D modeling agents, agents “emboided” in physical objects, and agents that act as an all-in-one personal assistant are just a few less common but perhaps more interesting uses for agents.










The Model Context Protocol’s Role in Agentic AI


Before MCP, even though agentic AI was still fairly new, organizations that were building internal generative AI platforms and public frameworks like LangChain had to come up with different ways for users to implement tools and then give them to an LLM, with different LLMs requiring their own connector. This led to what is known as the “MxN problem”: for each of M LLMs that needs to be supported, you need N connectors for each tool, data source, etc. that you want to connect. If you support 3 models and 4 tools, that means you have to write 12 connectors that largely repeat themselves, increasing the opportunities for hard-to-diagnose bugs to pop up on.



[image: The MxN problem]
Figure 1-4. An illustration of the MxN problem where 3 models all need access to 4 different tools. This results in 12 (4 x 3) connectors being needed.




The Model Context Protocol, inspired by the Language Server Protocol (LSP), provides a common interface for building tools, prompts, and data resources and connecting them to LLMs. In this way, for any number M of LLMs, you just write N connectors, transforming the M x N problem into M + N. In our 3 model and 4 tool example, this would mean we only need 7 connectors instead of 12.



[image: The M+N solution]
Figure 1-5. With MCP providing a common interface between tools and models, we now only need 7 connectors to provide the three models access to the four tools instead of 12. Each model or AI application simply needs its own connector to the MCP server, and MCP provides a common interface for all of them to use the available tools.




By creating a simple, standard interface for models to use tools, MCP servers reduce the MxN problem to an M+N problem: any model that supports tool use can be connected to an MCP server via an MCP client, so only one connector (for MCP, this is the client) is needed for all of the tools provided by a single MCP server. Every server that supports tools exposes ListTools and CallTool endpoints, which the host application calls via its client to get the tools available from the server and call them, respectively.

MCP Components

The main components of MCP are the MCP server, the MCP client, and the MCP transport. The server provides tools, prompts, data resources, and more via a common interface. The client is the connector that interfaces between a host application and an MCP server. The transport is the underlying communication protocol that allows communication between the client and server. The MCP architecture as a whole will be covered in greater detail in the next chapter.












Other Protocols in Agentic AI


With the success of MCP, other groups have announced their own agentic protocols. While MCP focuses on standardizing how LLMs access and use tools, prompts, and data resources, other protocols focus on how agents communicate with each other. The most notable of these is Google’s [Agent2Agent protocol](https://developers.googleblog.com/en/a2a-a-new-era-of-agent-interoperability/) (A2A). When A2A was released, its creators made clear that it wasn’t a competitor to MCP, but rather a complement to it, and agents that use MCP to access tools and data can still use A2A to communicate with other agents.


[Agent Communication Protocol](https://agentcommunicationprotocol.dev/), like A2A, focuses on how agents communicate with each other, providing a RESTful API for agents to communicate with each other, allowing agents built with different tech stacks and models to work together. [Agent Network Protocol](https://agent-network-protocol.com/) is a Chinese-developed protocol, again fouses on a making inter-agent communiction easier and less brittle. This protocol has identity and authentication built in, and supports encrypted communication between agents.


While these protocols are interesting and likely to become a part of an overall agentic protocol tech stack (much like the Internet protocol tech stack) that includes MCP and, if we follow the path of the Internet, several other purpose-built protocols, these other protocols are not the focus of this book. You should explore them, however, and I challenge you to figure out how to incorporate them with MCP.










What You’ll Learn


The aim of this book is twofold. The primary purpose is to get you comfortable with every feature and component of the Model Context Protocol, enabling you to build host applications (i.e. agents, given our definition from the beginning of the chapter), clients, servers, and even contribute to the protocol and its various SDKs. The first part of this book, chapters 2 through 5, accomplishes this via explanation and example. We’ll examine every component of MCP and the official Python SDK, discuss what they’re used for, what they can do, and how the implementation relates back to the protocol. As you progress through these components, you will encounter code examples designed to show a practical implementation with minimal cruft, allowing you to focus on the topic at hand. The second part, chapters 6-9, guides you through building a project that uses every part of the MCP architecture. This will give you real, hands-on experience in building applications that can interface with MCP servers via MCP clients, MCP servers, and even transport layers.


The secondary purpose of this book is to serve as a reference guide. The sections of the following chapters dealing with the architecture and Python implementation of the Model Context Protocol include links to code, the protocol specification, and articles and projects that address or otherwise use the protocol. These will serve as starting points whenever you need to learn more about a concept addressed in the book or where that concept fits into the current (and fast-moving) state of the protocol. In addition, I hope both the code examples and project can serve as reference points that can get you started quickly on your own projects.







Chapter 2. An Introduction to the Model Context Protocol



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 2nd chapter of the final book. There is a GitHub repository in progress with code examples.


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




To best understand MCP, it’s important to understand its history, what inspired its creation, what problems it solves for developers, and how it is designed. The growth of the protocol’s usage has been nothing short of explosive, and with the rapid development of the protocol itself, the official and unofficial software development kits, and the wider ecosystem, it’s easy to lose sight of why MCP was created in the first place and what problems it was designed to solve. Having a deep understanding of these things will help you better understand the design choices made in the protocol and how to best leverage the components that MCP provides.


First, we will get into a time machine and travel all the way back to 2024, when an Anthropic engineer was getting annoyed at having to constantly switch between Claude Desktop and his code editor. You will learn about the surprising origin story of MCP, the diverse tools and frustrations that inspired its creation. Then, we will take a look at some of the problems MCP was built to solve through the lens of its creation. Then, we will look at some real-world usages of MCP, such as MCP servers (both local and remote) and applications that host MCP clients, enabling the use of MCP servers. You will see how they solve not only their specific problems, but the broader ones that the protocol was designed to handle. Finally, with all of this context, we will dig into the architecture of MCP itself: its components, how they work together, and how you can customize and build with them.








The Genesis of MCP


MCP was born out of an internal project at Anthropic. David Soria Parra, a software engineer at Anthropic, was using Claude Desktop to assist him with his day-to-day work: writing developer tools. But he was frustrated by having to constantly copy and paste code between Claude Desktop and his code editor. If you were doing AI-assisted coding before the current wave of LLM-powered coding tools, you’ve probably experienced the same sort of frustration. He had also been working on a Language Server Protocol (LSP) project, which inspired him to take a similar approach to this problem.


The LSP is an open protocol that uses JSON-RPC to enable communication between a client and a server in order to provide advanced language knowledge to an IDE. If you’ve ever used a non-LLM autocomplete, hovered over a variable or a function call to get its definition, or renamed all instances of a variable from your IDE, you’ve likely used LSP and one or more language servers. The protocol was developed by Microsoft for VS Code and standardized in 2016, rapidly becoming the de facto standard for providing advanced language-specific capabilities to IDEs.

Language Server Protocol (LSP)

The homepage for the LSP protocol specification, which includes a list of programming language servers and SDKs, can be found at microsoft.github.io/language-server-protocol.




While stewing on his specific problem, David was thinking more broadly about how to make it easier for developers to create integrations with Claude Desktop specifically and LLMs in general. He noticed that writing integrations for LLMs, especially for more than one, created the MxN problem you learned about in the previous chapter: for each of M LLMs that you want to write N integrations for, you need to write MxN connectors. You can see this in Figure 1-4. With the LSP project still in the back of his mind, it dawned on David that an LSP-like protocol could be the perfect solution to the MxN problem. This reduces the MxN problem to an M+N problem (see Figure 1-5), now the integrations don’t need unique connectors for each LLM, the integrations and LLM(s) just need to be able to communicate over a shared protocol, allowing a common interface for integrations and LLMs to implement their own connectors. These connectors only need to interface with MCP servers, rather than every combination of LLM and integration, and so the MxN problem is reduced to an M+N problem.


David brought his idea to Justin Spahr-Summers, and the two began setting the foundations for what would become MCP. Later that year, before MCP’s initial release, Anthropic had an internal hackathon. Several teams adopted MCP right away and begin building all kinds of tools and other integrations to Claude Desktop using MCP. This rapid, organic adoption of MCP was, in hindsight, a sign of things to come only a month later, when MCP was first released to the public.

The Beginnings of MCP

Much of this story comes from an interview with David and Justin on The Latent Space Podcast, which you can find at the Latent Space.




Before MCP was released, a number of vendors got early access and were able to build clients and servers for their applications with the help of Anthropic. This immediate integration of MCP into several major IDEs and other tools used by developers daily was a major contributor to MCP’s runaway success. The other, arguably bigger contributor, was how easy MCP made it to build and distribute new tools as MCP servers. This ease of creation led to a near-immediate proliferation of MCP servers and tutorials on how to build servers. The ecosystem was born. This ease of use did lead to some issues, though, as some servers were built with little to no authentication or authorizations, others leaked sensitive information, and some just didn’t work as expected. This hasn’t stopped the community though, as more developers gained more experience, they began forming communities like r/mcp and r/modelcontextprotocol on Reddit, as well as a community-run MCP Discord server to share their experiences and help each other out, developing best practices and standards for development, and contributing to MCP documentation, protocol specifications, the SDKs, and more (like this book!).

Why This Book?

Given all these resources that have become available, what’s the point of this book? When I began building with MCP, there were plenty of tutorials of varying quality on building MCP servers. Most people were just integrating servers into applications that already had clients built in, like Cursor or Claude Desktop, but I wanted to build client support for MCP into an agent platform and framework I was working on. There were, surprisingly, very few resources (if any) on building clients. This inspired me to write this book, to help others understand both the model context protocol itself, deeply understand each of its components, and be able to wield the protocol via the Python SDK and fully participate and improve the larger MCP ecosystem and community.




The story of MCP’s beginnings is a bit entertaining, but it is also an important bit of context for truly understanding MCP’s place in the larger generative AI tooling ecosystem. It’s not REST API, it’s more akin to LSP that happens to also allow remote servers to exist. It’s a protocol, and not tied to any specific SDK or implementation. It exists to be open, and to allow agents to discover tools, prompts, data, and decide when and how to use them. Specifically, MCP was designed to make it easier to write integrations for LLMs, allow for 2-way communication between agents and servers, and to allow teams to easily distribute their tools, prompts, and data sources to other teams and the public.










The Problems MCP Addresses


MCP wasn’t just created to prevent users from having to copy and paste code between Claude Desktop and their favorite code editor. Sure, that was the immediate problem that led to the creation of MCP, but MCP was built in order to solve other, more general problems. The copy and paste problem that David faced and that inspired MCP’s creation was a part of a larger problem that MCP could solve: the need for integrations between Claude Desktop (and LLMs more generally) and other applications like IDEs. MCP addresses this problem by not only providing a common interface for discovering and using integrations, but also by making it extremely simple to build and distribute new integrations, largely due to being able to separate integrations from application code. MCP servers don’t just send integrations to the LLM, but they have to be able to receive information from LLMs to do things like executing the tool that the LLM chooses or providing lists of integrations to the host application and LLM.










Integrations


One of the most exciting developments of agents and generative AI has been how they give other applications superpowers. You can ask your notes questions, you can ask your IDE to write a function for you, you can use an agent to organize your calendar, or prune your files. However, these uses all require integrations between the application and the LLM that powers the agent. Historically, these integrations were built by the application’s developers and tightly coupled to the application’s codebase. This causes several downstream issues that this section will explore in more detail, but the one of the most important of these is that if an application wants to support multiple models, developers will have to write a connector for each integration for each model.


This is is the MxN problem that we discussed in the previous chapter, and at some point makes building integrations untenable. MCP addresses this problem with the MCP server. The server provides a common interface for both discovering and using integrations such as tools, prompts, and data sources. This means that application developers using MCP no longer have to write custom connectors for each model and for each integration that they want to support. Instead, they can just connect to the server, get the lists of integrations the server provides, and then  call the same function (e.g. for tools in Python: use_tool() with the tool name and arguments passed as parameters to the function) to use the integration. This “universal connector” architecture is often described as a “USB-C” architecture for integrations, because the connector is the same for all integrations.

Integrations or Tools?

In this chapter, we’ve talked about integrations and tools somewhat interchangeably. Tools are a type of LLM integration, and are units of deterministic code (typically functions) that are called and executed by the LLM. Integrations are a more general term that includes tools but also anything else, such as data sources as prompt context, that can be integrated into an LLM request.














Distribution


Previously, teams working with agents had to build their own tools and connectors, and because these were often bespoke and environment-specific, they were not reusable and thus difficult to distribute among teams, let alone the public. With MCP, tools, prompts, data resources,and more can be shared either indirectly via a code-sharing platform like GitHub or as a running server that models can connect to directly. Because MCP unifies the interface for discovering and using integrations, the integrations themselves can be decoupled from application code, and any agent consuming the integrations just needs to discover what is available and then use the appropriate integration.


This unlocks a force multiplier effect for teams and individuals. Anyone can make their datasets or tools AI-ready by writing an MCP server and sharing it with the world. Teams within a large organization can either dedicate themselves to writing MCP servers and distributing them for use to other teams within the organization, or teams can collaborate on MCP servers and share them throughout the organization, standardizing tools, prompts, and data for the entire business.












2-Way Communication


Like many communication protocols, MCP is designed for 2-way communication. This means that MCP servers can not only send information to the host application and LLM, but that they can receive information from them. This is necessary for autonomous communications protocols, because both parties often need to send each other data to do basic things like establishing a connection or requesting a list of available tools from a connected MCP server. MCP mandates two-way communication in the protocol specification itself, by defining the full connection lifecycle, including initialization requests from client to server, and the appropriate response from server to client, as one example of 2-way communication at the level of the protocol itself. Figure 2-1 shows the full connection lifecycle between client and server in MCP, covering the initialization, operation and shutdown phases.



[image: The MCP Connection Lifecycle]
Figure 2-1. MCP’s connection lifecycle consists of three phases: Initialization, operation, and disconnection. Within each phase, messages are passed between client and server in a series of requests and responses, demonstrating the bidirectional nature of client-server communication in MCP.




Because MCP is a protocol, MCP itself just requires that communication between the client and server is bidirectional. The implementation is handled by transports, which are responsible for handling the underlying details of client-server communication, such as maintaining connections and passing messages over the established communication channel. MCP comes with two default transports: Streamable HTTP which allows for connections to remote MCP servers, and stdio, which is used for local MCP servers. Users, are able to implement their own transports as well, and can be plugged right into the existing MCP SDKs. You’ll learn more about transports and how to build them in Chapter 5.












Real-World Examples of MCP


When deciding whether to use MCP, just like any other open technology, it’s important to evaluate the community and ecosystem around the technology. For open source technologies, this can help you decide if the technology is worth the time and effort to learn and use, if it has a strong community that can rapidly respond to bugs and build new features, and if it is stable enough to include in your production applications. Typically, you can get a feel for this by looking at the number of users, who is using it, how many people are contributing to development, and how the technology is being used in the wild.


MCP is a very new protocol, but already has a strong community and ecosystem. The community-run Discord server mentioned earlier in the chapter has around 1000 members as of this writing, the two subreddits have over a combined 70,000 subscribers, and the official MCP specification GitHub repository has over 4,800 stars. It also has over 150 active issues, where proposals to change the protocol are discussed. More importantly, MCP has more than 350 official MCP servers listed on its official MCP server repository, and just under 650 community-built servers. On its official list of example clients, there are 76, many of which were available at MCP’s official launch. But what lead to this rapid adoption?


While the generative AI field is as hot as its ever been, the vibrant MCP ecosystem isn’t just a product of the hype. Upon launch, MCP became supported by a number of major applications both from Anthropic and from other vendors, like Claude Desktop, Cursor, and Zed. Having working implementations of MCP in applications favored by developers, already widely using Anthropic’s Claude family of models because of its coding abilities, was crucial in encouraging rapid early adoption of the protocol. In addition, the protocol made it incredibly easy to build and share tools, prompts, and data resources via the server, which was released with ample documentation for building and incorporating via several SDKs. From that, a wealth of resources for getting started with building MCP servers followed, and then frameworks like FastMCP came along (with v1 incorporated into the official Python SDK) to further simplify MCP server development.


These are the seeds, planted by Anthropic and nourished by the community, that grew like weeds into the vibrant, thriving ecosystem we see today. Many servers and client integrations are focused on developers, like AWS’ wealth of MCP servers supporting AWS developers, the official GitHub MCP server for intelligently managing GitHub repositories, and Linear’s official MCP server for interacting with Linear projects and tickets. But it’s not just developers that are benefiting from MCP, Canva released an MCP server to allow agentic software to help designers with their process, Uberall’s MCP server augments agents that work with salespeople, the FetchSERP’s MCP server brings agents tools for doing SEO analysis, web scraping, and more, a boon for growth marketers.


It’s not just servers that show real-world uses of MCP. Client integrations bring MCP tools to specific host applications that have already implemented agentic workflows. This allows those agents to become even more powerful, giving them the gift of tool use. Many of these, like Cline, Cursor, GitHub Copilot, and Windsurf are IDEs or IDE plugins that allow augmenting the code assistant workflows used in these applications. Beyond editors, chat applications like Slack and BoltAI, the popoular API testing client Postman, and desktop assistants like Witsy and 5ire all have MCP clients, allowing users to enhance their experiences with these applications by adding the capabilities provided by MCP servers.










A Developer’s MCP Use Case


Because MCP is geared towards the developers building with it, it probably makes sense that the most well-established tools and use cases serve developers. When MCP was released publicly, the popular AI-powered IDEs all added support for adding MCP servers to their respective agents. This has been a boon for developers, who can now add even more knowledge and abilities to the code assistants as long as their model of choice supports features like tool calling. Let’s consider a Python developer who uses AWS heavily, especially the AWS CLI and their CDK infrastructure-as-code (IaC) library and is using the Cursor IDE. Cursor has had built-in support for MCP servers and has since around the time MCP was first released in November 2024, and so our developer can add any servers they want to their IDE. Since this developer uses AWS, they can pick from over a dozen official AWS MCP servers that provide access to documentation, tooling (like CDK Nag), and more. From those, they might choose the CDK MCP server which can, among other things, provide an interface to the expansive CDK documentation, give advice on CDK best practices given existing code, and assist with using Lambda Powertools within a CDK application. They could also include the AWS documentation MCP server to get more accurate answers to questions about AWS and the AWS API MCP server to allow their agent to run AWS commands given natural language prompts. Then, they could decide to add one of several LSP MCP servers to give their agent access to all the LSP features that their IDE also has access to, like code completions, and maybe even a memory MCP server to create a personality for their agent.

Too Many Tools

Due to tool name collisions, overlapping definitions and use cases, and other factors, tool choice accuracy (how often an agent picks the correct tool given a prompt) can be negatively affected when there are a large amount of tools. Before you add a dozen servers to your agent of choice, make sure you note or otherwise evaluate (using a tool like Promptfoo) the tool choice accuracy of your agent before and after adding servers.




The possibilities are as close to endless as could be: if none of the hundreds of available MCP servers fit your specific need, this book will give you the tools to build your own and share it with the world. One of those tools is an understanding of the architecture of MCP, which at the highest level consists of three major components: the client, the server, and the transport. All three will be introduced in the next section.












The Architecture of MCP


The Model Context Protocol follows a client-server architecture, in which a client application like an IDE or chat agent can connect to a local or remote server and exchange messages with it. While most are familiar with this architecture from the simplified form of how browsers interact with websites, a look at the design of the Language Server Protocol can provide a good introduction to the MCP architecture. So we will start with a short discussion of the overall LSP and MCP architecture, comparing and contrasting the two, then we will discuss the major components of the protocol itself, what they do individually, and how they work together. These components are the host application, the MCP client, the MCP server, MCP transports, and then we will talk about some development tools that have popped up to help with MCP development.










From LSP to MCP


In the beginning of the chapter, during the discussion about the origins of MCP, we learned that MCP was inspired by the Language Server Protocol, something that is ubiquitous in modern IDEs and code editors today. Before LSP, it was common to have language-specific IDEs partially because language support had to be built separately for each language an IDE was to support — another classic example of the MxN problem (see Figure 1-4). LSP solved this by establishing a protocol in which host applications could communicate with language servers running in separate processes via a standard JSON-RPC communication interface. This is done with client code that is included with the host application and manages connections to language servers, and servers that are launched and run as separate processes. Language servers provide a any of a number of additional capabilities to the host application for the language that the server supports using a universal messaging language and format. Figure 2-2 shows the interactions between a host application and several language servers using LSP.



[image: The LSP architecture, focusing on communiccation paths]
Figure 2-2. The LSP architecture consists of a host application (the IDE) with a client and 1 or more language servers. The host application emits events to the client, which can turn them into a request or notification to the language server. The language server responds to a request with a response, which the client relays to the host application.




If you are coming into this book with some existing knowledge of MCP, this architecture will look very familiar. Like LSP, MCP involves host applications, client software that manages connnections to servers, servers that provide additional capabilities to the host application, and a JSON-RPC communication layer. The architectural influence of LSP is clear, but MCP does have some significant differences. While LSP focuses on extending the capabilities of IDEs, MCP is more agnostic to the kind of host application that uses it. The only requirement to using MCP is a soft one: the host application should be agentic in some way, but there is nothing to stop you from using it in a non-agentic host system. With LSP, servers are typically run as processes local to the host application. When you start your IDE, your language servers are also started up on your machine. MCP, on the other hand, supports both local and remote servers. When a user adds a local server to a host application like Claude Desktop, they add a server definition that includes the command for starting the server as well as any start-time parameters the server may require and messages are sent over a local transport layer, typically stdio. Remote servers, on the other hand, are defined by a URL and often support some form of authentication, like API keys or OAuth tokens, using remote transport layers like Streamable HTTP to pass JSON-RPC messages.

Streamable HTTP

The Streamable HTTP transport is the default transport layer for remote MCP servers and is supported out of the box by the official MCP software development kits. This allows MCP servers to run on their own process while accepting multiple outside connections. Communication is done with familiar HTTP methods (specifically GETs and PUTs), with an optional flag that enables server-sent events-style (SSE) streaming communication between the client and remote server. You can learn more about the transport in the official documentation and in Chapter 5.




These can be hosted by a third party on their own web servers or within an organization within their own private network. This really unlocks the power of agentic AI, because now tools can be easily distributed as easily as REST APIs are for traditional web applications. Figure 2-3 shows how host applications, clients, and servers interact in MCP. If it looks like a copy of Figure 2-1, that’s because it essentially is, and underscores the deep inspiration LSP had on MCP’s design. In this image, the MCP client is attached to the host application, and it acts as a nexus point between the host application (along with its LLM) and the MCP server. The host application can call the client, which can then send a request to the server and then receive a response from it, however elicitations and sampling (which you will learn more about in Chapter 3) reverse this order. Clients and servers can also send notifications to each other, which don’t require a response from the other party.



[image: The MCP architecture]
Figure 2-3. The MCP architecture consists of a host application with a client and 1 or more MCP servers (only one client instance may connect to a single server). The host application calls the client, which can turn them into a request or notification to the MCP server. The MCP server responds to a request with a response, which the client relays to the host application. With elicitations and sampling, the MCP server cal also send requests to the client which will handle them with the application or LLM and send a request back to the server.




In Part 1 of this book, we will be focusing on the structure of MCP itself, how it works, and how to use MCP’s features through the official Python SDK. To do so, we will break the MCP architecture down into its major components: the host application and MCP client, the MCP server, and the MCP transport. In Part 2, we will work together to build a project that spans all of these components, giving you hands-on experience with every aspect of the protocol. The following sections will introduce each of these major components along with their uses and how they fit into the larger protocol.












The Host Application and MCP Client


We will start with host applications and the MCP client. Of course, host applications aren’t technically part of the MCP architecture, but they are necessary to actually use MCP. Host applications are any applications that host an MCP client and use it to extend their capabilities by interacting with MCP servers. There are no restrictions to what host applications can be; some common application types are IDEs, chatbot applications like Claude Desktop, frameworks for building agents, and AI-powered terminals like Warp.


Clients are a part of the host application, and are responsible for managing connections to MCP servers as well as routing requests from the LLM to the appropriate server and back to the LLM. A client instance maintains a 1:1 connection with a single server, relaying messages between the host application and server. Clients can determine which server features make it to the host application and LLM. Some might only allow a server’s tools to be used regardless of which of the MCP building blocks (tools, resources, and prompts) are available, while others may allow all of a server’s building blocks to be used.

Client or Client

Some sources may refer to any applications that consume the context provided by MCP clients as clients, and in certain contexts, this is a valid usage. However, because this book is focused heavily on the code, we separated the “client” into two distinct concepts: the host application and the MCP client. The host application is the application that hosts the MCP client code and interacts with an LLM to provide functionality to its users. Outside of the interaction point with the LLM, the rest of the application code may be completely agnostic to the presence of an MCP client. The MCP client, then, is the specific code within the host application that connects to MCP servers and communicates with them.




Clients also provide a few few features to servers, augmenting their functionality. These features are sampling, roots, and elicitation. Sampling allows a server to make calls to the host application’s language model. This allows servers to provide complex, AI-enabled workflows within their tools. As an example, consider report generation. Let’s assume you have an MCP server that has access to your organization’s database of sales data. You could prompt your application to build a report of the last 6 months of sales, then it would call the sales reporting tool, which would retrieve your raw data from the database, then send it along with templates stored in the server back to the client along with a prompt, having the host LLM generate the report given the prompt, raw data, and report template. This allows the server to control the prompt and assets like report templates that lend the server its main functionality while not saddling it with a separate dependency on a language model. See Figure 2-3 for a visual representation of this workflow.



[image: Sales report generation with sampling]
Figure 2-4. This sequence diagram shows an example sampling workflow. In it, the user asks the host application for a sales report. The host’s LLM chooses to call the sales reporting tool, which triggers the client to send a tool execution request to the server with the tool name and parameters. The server runs the code, and in its response returns the data, a report template, and a prompt. The client then can forward everything to the host LLM to generate the report and then return the result to the user.




Roots allow clients to mark specific parts of the filesystem that a connected server has access to. These can be useful across many workflows, such as automatically restricting a server’s access to a specific project directory or allowing users to select specific files and directories to make available to the application and thus any connected servers. It’s a powerful way to provide filesystem context to servers that need it, however it is not a secure way to limit the blast radius of a malicious server. This is because the MCP specification only says that servers should respect any roots provided by the client, but does not require it. This probably serves as a compatibility feature for servers that don’t access the filesystem, but roots being ignorable make them a poor substitute for a proper access control system.


Elicitations are a relative newcomer to the MCP client feature set. Elicitations are similar in purpose to sampling: where sampling allows the server to make calls to the host application’s language model, elicitations allow the server to reach back into the host application via the client and request input from the user. This means that servers, when connected to clients that suport the feature, can construct not only complex LLM-powered workflows, but also workflows that include human feedback, providing even more flexibility and out-of-the-box functionality to host applications as long as the application’s client supports it.


The client exists to provide a connection between the host application and the MCP server. It manages the connection itself, relays messages between the host’s language model and the server, and provides features that enable more complex workflows to be run by the server itself. The server is the other major component that you will encounter as an MCP developer. In fact, you will typically spend the most time working with servers, whether you are installing them for personal use, connecting them to your own agentic applications, or building them for others to use.












The MCP Server


Servers in MCP are the most visible part of the MCP architecture. Like their predecessors in LSP, MCP servers are responsible for providing a wide range of capabilities to the host application that is connected to it. In LSP, these capabilities are typically language-specific and include things like code completion, documentation tooltips, and other things along those lines. In MCP, however, servers don’t need to run local to the host application, and servers have a much broader range of capabilities they can augment the host application with. These capabilities typically fall into three categories: actions, data, and language model prompts. These represent things the host application can do, what it can do them with, and how to interact with the language model, respectively, and fit into the three major MCP server building blocks: tools, resources, and prompts.


Tools represent actions. These are typically self-contained functions that can be called by the host application’s language model. Their names and descriptions are provided to the LLM via the client, and based on the user prompt, the LLM can choose to call the tool or not. If the tool is called, it’ll run wherever the MCP server is running, with the results being sent back to the client and application. Tools are the most common building block in MCP servers, and are the most versatile and common way to augment an application’s capabilities by expanding the actions it can take.


Resources represent data. They can come in the form of text files, blob files (like PDFs), database schemas, code documentation, and more. If tools are the verbs of the MCP server’s grammar, then resources are the nouns. Resources can be used directly to provide more context to the LLM, or used by tools to operate on the data, or even as a cache for  reducing the size and cost of your LLM calls.


And, finally, prompts are the language model prompts that can be used by the host application to interact with their own LLM. While this may seem really similar to sampling on the client side, they actually serve very different purposes. Sampling allows the server to directly call the LLM being used by the host application, while server-provided prompts are controlled by the application: it can decide when and how to use the prompts provided by the server. These are useful when you have a server built for a specific service or application and the builders know it well enough to have tested and built optimized prompts for interacting with said service.

Warning

Like with other external tools like packages and traditional APIs, MCP servers can provide additional attack vectors for hackers to access your data and systems. An example attack is the rug pull, where an originally safe server is made malicious by the server’s owner. This is less problematic with servers running locally, but it is a risk that should be considered and mitigated when using MCP servers both locally and remotely. Chapter 4 covers server security in more detail.




While not quite a building block in the same way that tools, resources, and prompts are, MCP servers also provide utilities that help with server development and debugging. In a strong nod to MCP’s inspiration in LSP, MCP servers can provide a completions capability, which provides autocompletion suggestions to users for prompts and resources. MCP servers may also implement logging capabilities, which allow clients to receive and filter structured logs from the server they’re connected to. The final server utility is pagination. If you’ve worked with web APIs (especially REST) or directly with databases before, you’ve most likely encountered pagination already. Pagination allows servers to return a subset of a response to the requesting client along with a token that represents the current position in the overall response data, which can help improve performance when dealing with large datasets both locally and remotely.


Servers will be covered in greater detail in [Link to Come], and you can expect to see more about the major building blocks and utilities, and how to build support for them there. The next major component of the model context protocol is the transport layer.












The MCP Transport


Transports in MCP implement the protocol’s communication layer. At the most basic level, they are responsible for sending and receiving messages between the client and server. MCP SDKs come with two default transports: stdio for local connections and Streamable HTTP for remote connections. While these are the most commonly used, the protocol allows for the implementation of custom transports as well, which can support use cases for which the default transports are less well-suited, as long as the underlying communication channel being used allows for bidirectional message passing. Transports may be stateless (as in the case of the stdio transport) or optionally stateful (as in the case of the Streamable HTTP transport). For stateful transports, the transport is responsible for maintaining a session between the client and server and may support things like resuming after a network interruption, or supporting multiple clients connecting to the same server. All transports must manage the entire connection lifecycle, which is covered in [Link to Come].

Supporting Multiple Transports

When you are building a client or a server, you are not limited to using a single transport. By supporting multiple transports, you are giving your users the flexibility to choose the best transport for their use case. Anthropic strongly recommends that the stdio transport should always be supported, and you can add support for the streamable HTTP transport if you plan to deploy a remote server or have your application support adding remote servers.




The main functionality of transports, however, is to manage connections and handle messages. No matter which transport is used, the messages sent between the client and server are always JSON-RPC messages. This means that the transport is responsible for loading the messages into the correct format for the client and server to understand, something the built-in transports handle on their own. There are three main types of messages in MCP: requests, responses, and notifications. Requests can be sent from either a client or a server, and are used to initiate some action from the connected entity. Responses are replies to requests, and these hold either the result of an operation or error information if that operation has failed. Notifications are one-way messages and can be sent by either the client or the server, typically notifying the receiver of some change in state.


As with any part of the protocol, you are able to build your own transports and can use them just like you would use the built-in ones. This is less common, but can be worth doing if you have unique needs, especially around performance and security. Transports should be thought of as a security boundary, and if you have security needs beyond what is provided by the built-in transports, building you own is a good option. You could also build your own if you are integrating MCP with an existing system that already is using a communication protocol or messaging system. You will learn more about the structure of transports and messages in [Link to Come].












The MCP Connection Lifecycle


Before moving on to the next chapters, let’s briefly cover the MCP connection lifecycle. This lifecycle governs how each of the MCP components handle creating, using, and closing a connection which is underscored by the names of the major phases of the connection lifecycle:



	
Initialization: The client and server exchange messages to establish which protocol versions they’re compatible with, to share and negotiate supported capabilities, and to share any implementation details that may be relevant to the connection.



	
Operation: This is the main “loop” where everything happens. Based on the negotiated capabilities from the initialization phase, the client sends a request to the server, and the server replies with a response, which could include the results of the requested operation or an error if there was a failure.



	
Shutdown: During this phase, the client terminates the protocol connection, with the transport layer being responsible for communicating this termination to the server.






If you’re using the built-in transports for your client or server, the connection lifecycle is almost entirely managed for you, and this becomes less important. Instead, you can just focus on connecting and disconnecting from the appropriate built-in session manager provided by the SDK in your language of choice. The protocol also enables authorization at the transport layer, and transport developers who want to include authorization are required to implement [OAuth 2.1](https://oauth.net/2.1/) authorization support. These topics will all be covered in more detail in [Link to Come].












How is MCP Different from REST APIs?


(more to come)












Protocol Utilities & Other Developer Tools


Part of the story of MCP’s rapid ascent is due to the tooling around it, both built by Anthropic and by outside developers in the MCP ecosystem. In the protocol itself is support for special utility messages that can be used by both clients and servers, while outside of it are SDKs, testing and debugging tools, frameworks, and more. These tools, especially the frameworks early on, made interacting with the protocol very simple, very early, contributing to the protocol’s rapid update. More recent tools focus on improving the developer experience, allowing for major overhauls on the official SDKs, directly testing MCP servers, visualizing logs, and similar developer-focused tasks. This will be crucial to MCP’s continued adoption beyond the already stunning explosion in popularity, since developers will be working on and/or near the protocol.


Developers, developers, developers, developers!

Steve Ballmer




While servers have their own specialized utilities, the base protocol also supports some common utilities that both clients and servers can use, typically to get feedback about or change the state of the connection. The first utility is cancellation. This takes the form of a notification message from either the client or the server that holds a request ID and reason for cancellation, and is used to cancel requests that are still being worked on. Ping is available as a parameterless JSON-RCP message which are sent either by the client or the server to check if the connection is still alive. And finally, progress reporting is also available at the protocol level and allows clients or servers to display an accurate progress bar back to the user that communicates the progress of any operation. You will learn more about all of these in chapters 3 and 4.

Note

If you want to use these tools, you’ll have to ensure that the client and server both support them.




For those of you building with MCP (hopefully everyone reading this book!), there are already a number of developer tools designed to make your life easier. In addition to SDKs in several languages (such as Python, Typescript, Go, Rust, C#, and several more) The primary way you will interact with MCP as a developer is through the official software development kits. These “implement the protocol,” using the language they’re in to manage, handle, and route the messages that are at the core of MCP, and are available in Python, Typescript, Go, Rust, C#, and more. All of these handle the core functionality of clients, servers, and transports. Another popular tool is MCP Inspector. This gives you a web UI client and proxy that you can use to connect to your servers via any built-in transport and visually test them, which you can see in Figure 2-7.



[image: The MCP Inspector UI]
Figure 2-5. The MCP Inspector UI, showing the connection setup in the left menubar, the server function selectors in the top menu, and the tool inspector UI in the center.




The MCP Inspector UI can give you deep visibility into the workings of an individual MCP server. Being able to inspect resources, prompts, tools, and roots, being able to run tools, send ping messages, and even run sampling and elicitation workflows allows you to manually test every possible aspect of an MCP server. You will learn more about MCP Inspector in [Link to Come].


In the next chapters, you will get an inside look at how the major MCP components work, what their code can look like with the Python SDK, and how to implement your own client and servers. This background—​what inspired MCP, the problems it solves, how it’s being used today, and how it was designed—​should give you more context and a deeper understanding of the components you are going to learn about next.









Chapter 3. Hosting Clients



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 3rd chapter of the final book. There is a GitHub repository in progress with code examples.


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




When working with the Model Context Protocol, you will typically be
working with (or building!) clients or servers. On some projects, you
may be able to build both. To really understand the protocol and use it
to its full potential on your projects, you will need to be conversant
with all components of the MCP architecture. In this chapter, you will
learn about the the consumer side of this architecture: host
applications and clients.


First, we will dig in to host applications: what are they, what do they
do, and what kinds of applications can benefit from incorporating MCP?
Then, we will examine the client itself. This is what makes the host
application a host: it hosts the client(s) which in turn enable the host
application to communicate with MCP servers.


There is one catch, though: a single client can only talk to a single
server. If you want to access multiple servers, you will have to launch
multiple client instances or have a single client that only makes short,
temporary connections to servers. We will examine the pros and cons of
each approach, and which use cases each approach best serves.


Then, you will see a very simple host application and the client that it
hosts. We will go line-by-line to help you understand the structure of a
client and how it provides functionality to the host application.
Finally, you will learn about best practices when it comes to building a
client into a host application, ensuring that your application remains
secure, reliable, and responsive.



	
☐ FIGURE TBC












The Host Application


Your application can be anything that hosts the client(s) that will
manage connections to MCP servers, from a simple chatbot script that
takes some user input and sends it to an LLM for a response to a
fully-featured IDE like Cursor or
Windsurf.


Thanks to the modularity of MCP, there are very few restrictions on what
your host application does in order to support MCP. It only needs to
communicate with an LLM and host one or more MCP clients. If you plan to
use tools, then the LLM your host application uses should also support
tool calling.


In the example below, you will see a barebones host application. All it
does in its current state is take user input in a constant loop and pass
it on to an LLM. You can find this script and all other code for this
chapter in ch3 in
the book’s Github
repo.










Example: A Simple Host Application


import os

from anthropic import Anthropic
from dotenv import load_dotenv

load_dotenv()

LLM_API_KEY = os.environ["LLM_API_KEY"]
anthropic_client = Anthropic(api_key=LLM_API_KEY)

print("Welcome to your AI Assistant. Type 'goodbye' to quit.")

def main():
    while True:
        prompt = input("You: ")
        if prompt.lower() == "goodbye":
            print("AI Assistant: Goodbye!")
            break
        message = anthropic_client.messages.create(
            max_tokens=4096,
            messages=[
                {
                    "role": "user",
                    "content": prompt,
                }
            ],
            model="claude-sonnet-4-0",
        )
        for response in message.content:
            print(f"Assistant: {response.text}")

if __name__ == "__main__":
    main()


Here we have the beginnings of an MCP host: a very simple script that
takes some user input and sends it to an LLM (in this case, Anthropic’s
Claude 3.5) and prints a response. Let’s go through it line by line.


In lines 1-4, we import a few packages: os for loading environment
variables, anthropic for the Anthropic client class, and dotenv
for temporarily loading key-value pairs from a file into environment
variables. This allows you to store sensitive information like API keys
outside of the code in a file conventionally called .env in a
KEY=VALUE format.

Warning

Do not commit your .env files to version control, as this can
expose your API keys to the public, leading to consequences like
unauthorized use and high costs for pay-as-you-go API access. If you
accidentally do this, immediately log in to your key provider and
de-authorize the compromised key or keys.




In lines 6-9, the application calls load_dotenv() which does the work
of loading your keys into environment variables, then gets the loaded
key by accessing the os.environ dictionary. That key is then used to
instantiate the Anthropic client.


After providing a welcome message to the user in line 11, the code
enters an infinite loop. Line 14 requests a prompt from the user, while
lines 15-17 check the prompt for the exit phrase. If it is found, the
application prints a goodbye message to the user and exists.


Lines 18-28 handles communication with the model. This is a pattern
you’ll see over and over again when making LLM calls from code. From the
Anthropic client, you access the .messages.create() function, and
provide it with parameters like max_tokens to control the upper limit
of tokens to generate in response to the user’s query, system to set
the system prompt, shaping how the model responds to your user,
messages which is a list of dictionaries of prompts with a specified
role (notice that we set the role to “user” and the content to the
prompt from the user), and, finally the model specifies which model
should be used.


The messages interface within the larger Anthropic API is very
powerful, and the create() function has a number of other parameters
that you can experiment with to tune the kinds of responses that you get
from the model. You can read more
at the official Anthropic
documentation.


The final lines, 29-30, loop through the responses generated by the
model, printing the text content of any messages received by the
Anthropic client.


Next, let’s shift from the Anthropic model client to the MCP client that
our application will host.












The Client


When you’re building support for MCP into your applications, the client
is one of the most important components that you will be building and
working with. Clients allow for communication between MCP servers and
your application, providing the interface between the server, your
application, and the large language model you’re using.


Because clients act as the interface between your application and MCP
servers, it is up to them to decide which server features they will
support. As of this writing, MCP servers can provide to a host
application:



	
resources, which represent data such as text files, log files, and
more




	
prompts




	
tools, which are executable code that an agent or model can run




	
sampling, a way for a server to request chat completions from the host
application’s model,




	
images




	
context, which provides built-in MCP capabilities to tools






You can learn more about each of these in Chapter 4: The Server.


In addition to this, clients can also support roots, which define
boundaries (such as a specific filesystem location) within which
connecting servers should operate. Roots are not strictly enforced, so
it is up to the server to respect them and up to the client user to
review potential servers before using them.



	
☐ Figure detailing the client’s location and responsibilities

caption






As of this writing, there are two main transport mechanisms supported by
MCP: Standard Input/Output (stdio) and Streamable HTTP. We will cover
how to support each official mechanism in this chapter, and in Chapter 5
you will learn more about the transport layer itself, how official
transport implementations work, and how to implement your own transport.


[!Note] Anthropic has recently released a beta version of
MCP
connector, which promises to allow users to access remote MCP servers
directly via the Anthropic SDK’s Messages API. While it seems like this
could reduce the need for custom clients, as of this writing it only
supports tools and remote MCP servers which, as you will see in the
chapter on MCP servers, could represent a security risk. It also ties
the user to Anthropic models like Claude, which may not fit your
particular use case.












Basic Client Design


In MCP, a client handles all communication and connections to a server.
Because client-server connections are one-to-one, it is typically best
to build a client class. A client needs to at least do the following
things:



	
Connect to a server




	
Discover the server’s resources




	
Make those resources available to an LLM






Beyond these basic operations, it is often helpful to implement the
following features:



	
Authentication




	
Resource filtering




	
Model agnosticism






For the rest of this chapter, you will learn how to build each of these
features and what they enable for your applications. Let’s start by
sketching out an interface for a client class. If you are following along in the GitHub repository, the code for this section is in client.py, with all host application code in agent.py. We will continue with this structure throughout the rest of the chapter.


...
class MCPClient:
    def __init__(self) -> None:
        pass

    async def connect(self) -> None:
        """
        Connect to the server set in the constructor.
        """
        pass

    async def get_available_tools(self) -> list[Any]:
        """
        Retrieve tools that the server has made available.
        """
        pass

    async def use_tool(self, tool_name: str, tool_args: list | None = None):
        """
        Given a tool name and optionally a list of argumnents, execute the
        tool
        """
        pass

    async def disconnect(self) -> None:
        """
        Clean up any resources
        """
        pass


In this class, you created the signatures for 3 methods, excluding the
constructor:



	
connect() - this will initialize your connection to the server. The
implementation will look different based on what you choose for your
transport layer




	
get_available_tools() - this will use the client’s server connection to
retrieve the tools that the server makes available




	
use_tool() - this function will call a tool given its name with any
arguments provided by the caller






Another good name for your client could be MCPServer, as is done in
the
official
Python examples, since from the perspective of the host application the
instantiated object would represent an MCP server. This can be
confusing, so for this example I decided to call it MCPClient. In your
projects, choose what makes the most sense for you and your users.


Notice that this skeleton started with support for tools. Tools are one
of the major MCP primitives, and arguably the most popular use case for
MCP. Tools can help give agents their agency, augment the knowledge of
LLMs, and much more, so we’re starting with implementing tool support
and will move on to show how to support all of the different resources
an MCP server can provide.


[!NOTE] The three MCP primitives are tools, prompts, and
resources.












Initializing the Client and Connecting to a Server


Before writing any code, let’s think about how we want to connect to a
server. This means thinking about which transport we want to use. In
MCP, a transport is an implementation of the protocol’s transport
layer and manages how messages are sent between the client and server.


As of this writing, MCP has two major built-in transport
implementations: stdio and streamable HTTP. The stdio transport is
suitable for use cases where you expect servers will be run alongside
the host application, because it uses standard input and output streams
to carry communication between the client and server. This is the most
common transport, as it is simple to write for and because most
commercially available applications that host MCP clients expect the
user to install and run servers themselves.

Note

The Python MCP SDK also includes a websocket transport and an
HTTP Server-Sent Events (SSE) transport, which is being superseded by
Streamable HTTP. Because of this, we will just cover connecting with
Streamable HTTP, but the patterns established here along with
Anthropic’s
backwards compatibility guide should give you enough to support both
remote transports as a client developer. All of these transports will be
explored in more detail in chapter 5.




The built-in Streamable HTTP transport, on the other hand, is best
suited for applications where the MCP servers they consume can’t be
expected to be run alongside their host applications. This is most
apparent in platform development and in hosted tools.


When developing a platform or framework for building and deploying
downstream products, you can’t guarantee that MCP servers will be
deployed to the same machine as the application. If they’re not, then a
stdio client will never be able to talk to a server. Some organizations
are experimenting with hosting MCP servers on their own network,
exposing them to the public. If you wish to use those, you’ll want to
build Streamable HTTP support into your client.

Warning

Warning: Any remote transports, including Streamable HTTP,
need to be properly secured to prevent security problems. This includes
authenticating the connection and validating origin headers.




First, let’s look at the simplest case: connecting via stdio. In this
section, you will build out the constructor and connect() methods for
the MCPClient class. After that, you will do the same to build a
Streamable HTTP client, which can support connecting to remote MCP
servers.


After that, we will look at an example of a client supporting all three
methods and how to choose the appropriate one.












Connecting with stdio


When you connect to an MCP server with stdio, the client will launch the
server as a subprocess and then read messages from its standard input
and send messages via its standard output. Luckily for us, the MCP
Python SDK
includes all the structures we will need to construct our client and
connect via stdio.


First, let’s set up the Client’s constructor:


# client.py
from contextlib import AsyncExitStack
from typing import Any

from mcp import ClientSession

class MCPClient:
    def __init__(self, name: str, command: str, server_args: list[str], env_vars: dict[str, str]=None) -> None:
        self.name = name
        self.command = command
        self.server_args = server_args
        self.env_vars = env_vars
        self._session: ClientSession = None
        self._exit_stack: AsyncExitStack = AsyncExitStack()
        self._connected: bool = False
    ...


In this constructor, you set up several important properties that will
enable you to connect to and interact with an MCP server. The first,
name just gives a human-readable name to the instantiated client. This
is useful for logging, especially if you are maintaining connections to
multiple servers, because it allows you to easily identify the specific
origin of any emitted logs. It is not, however, required for an MCP
client.


The next 3 parameters are used for setting up the server. command
identifies the executable to be run to initiate the server. Most
commonly, servers will run with either python or node (or npx
depending on your local installation). It is common enough that for most
use cases, your client could define an enum to ensure that a supported
command is being used. server_args is a list of all the command-line
arguments that are to be passed to the command executable. This will
include, at the very least, the path to the server file. If the file
takes command-line arguments, let’s say --port 8000 --verbose, your
server_args list will look like ["server.py", "--port", "8080"].
Next is a dictionary of environment variables in env_vars. These work
like typical environment variables, and you can even unpack your
system’s environment variables into this dictionary with {**os.env}.
This isn’t recommended, however, as it could expose sensitive
information to your server.


We also include some “private” connection management properties, such
as _session, which will hold the client session, _exit_stack which
manages the asynchronous connection contexts (more on that later), and
_connected which will prevent us from connecting to a server when
we’re already connected.


The next step is to implement the connect() and disconnect()
methods. Here, you’ll use the Python MCP SDK’s built-in connection
management objects to make and hold the server connection.


# client.py
from contextlib import AsyncExitStack
from typing import Any

from mcp import ClientSession
from mcp.client.stdio import StdioServerParameters, stdio_client

class MCPClient:
    ...
    async def connect(self) -> None:
        """
        Connect to the server set in the constructor.
        """
        if self._connected:
            raise RuntimeError("Client is already connected")

        server_parameters = StdioServerParameters(
            command=self.command,
            args=self.server_args,
            env=self.env_vars if self.env_vars else None
        )

        # Connect to stdio server, starting subprocess
        stdio_connection = await self._exit_stack.enter_async_context(stdio_client(server_parameters))
        self.read, self.write = stdio_connection

        # Start MCP client session
        self._session = await self._exit_stack.enter_async_context(ClientSession(read_stream=self.read, write_stream=self.write))

        # Initialize session
        await self._session.initialize()
        self._connected = True

    async def disconnect(self) -> None:
        """
        Clean up any resources
        """
        if self._exit_stack:
            await self._exit_stack.aclose()
            self._connected = False
            self._session = None


This may look complex, especially if you don’t have any experience with
writing asynchronous Python. Let’s break down what we’re doing here to
make it more digestible, starting with the connect() method. The very
first thing this method does is check the _connected() property. This
will prevent the user from trying to open an already-open connection.
Then, we instantiate a StdioServerParameters object, passing in the
properties we set in the constructor. The rest of the code is creating
the necessary processes and connections to run and use the MCP server.
We do this via _exit_stack, which holds an instance of
AsyncExitStack.


[!NOTE] AsyncExitStack allows you to manually nest asynchronous
context managers without using the more common async with context
manager syntax. This is an ideal choice because you can dynamically add
more asynchronous context managers to the stack and can safely release
all the resources on the stack in order with just one call. The latter
feature is extremely useful because we can determine when to unwind the
stack, rather than having to rely on the code leaving the scope of each
context manager. This is done by calling the enter_async_context()
function.


First, we open a connection to the stdio server, which starts the
subprocess on which the MCP session will run. We pass in an instance of
the stdio_client that is instantiated with the server_params built
just before it. Then, we unpack the results of that call into
self.read and self.write which represent the session’s read and
write streams, respectively. The next step is to start the MCP client
session, again by calling enter_async_context(), but this time with an
instance of ClientSession with the read and write streams set to
self.read and self.write. This is stored in self._session, which
we then initialize with initialize(). This method handles initiating
the connection to the server, advertising the client’s capabilities to
the server, checking the protocol version supported by the server, and
telling the server that the client has been successfully initialized.
Finally, we set self._connected to True.


In sum, when writing the connection code for a stdio server, you:


	
create an instance of StdioServerParams




	
start the stdio server subprocess in an asynchronous context




	
start the MCP client session in another (nested) asynchronous context
and store it in self._session




	
initialize the session itself







In this example, we also created the disconnect() method, which just
calls self._exit_stack.aclose() to close all server connections in
order, then sets self._connected to False and self._session to
None. With this, you can cleanly connect and disconnect to MCP servers
using the stdio transport at will. While you can’t do anything with the
servers just yet, you’ve completed the most complex part. Give yourself
a pat on the back. Now we will do the same thing, but in support of the
Streamable HTTP transport.














Connecting with Streamable HTTP


Third-party
example Streamable HTTP is the main transport designed for use with
remote MCP servers. Originally, HTTP Server-Sent Events (SSE) were the
standard for connecting to remote servers, but a number of production
issues with them made their continued support untenable. Those issues,
and the architecture of both transports, will be covered in Chapter 5.


When you connect to a remote server with Streamable HTTP, you will be
connected via a single endpoint defined by the server, and then
responses can be either immediate standard HTTP responses (triggered by
sending a POST to the server and not requiring an always-open
connection) or streaming SSE responses (triggered by sending an empty
GET to the server), the latter being optional and dependent on the
server’s implementation.


[!Note] “Wait,” you might be saying, “I thought Streamable HTTP
replaces HTTP+SSE, how is this different?” We will go into the upgrades
in Chapter 5, but the major difference with this is that getting an SSE
response is optional - both by the client that has to request a
streaming response, and by the server that can choose whether or not to
support it.


To support Streamable HTTP, we will again focus on building the
MCPClient’s constructor, connect(), and disconnect() methods.
Let’s start with the constructor:


# client.py
from contextlib import AsyncExitStack
from typing import Callable

from mcp import ClientSession

class MCPClient:
    def __init__(self, name: str, server_url: str) -> None:
        self.name = name
        self.server_url = server_url
        self._session: ClientSession = None
        self.exit_stack = AsyncExitStack()
        self._connected: bool = False
        self._get_session_id: Callable[[], str] = None


This is eerily similar to the constructor for the stdio client. Because
we’re not starting a process locally, we don’t need command or
server_args, but we do need a location for the server, which
server_url provides. The rest of the properties are the same in the
stdio client.


Connecting and disconnecting from the server is also pretty similar to
how you do it for the stdio client:


# client.py
from mcp import ClientSession
from mcp.client.streamable_http import streamablehttp_client

class MCPClient:
    ...
    async def connect(self, headers: dict | None = None) -> None:
        if self._connected:
            raise RuntimeError("Client is already connected")

        # Connect to Streamable HTTP server
        streamable_connection = await self._exit_stack.enter_async_context(streamablehttp_client(url=self.server_url, headers=headers))
        self.read, self.write, self._get_session_id = streamable_connection

        # Start MCP client session
        self._session = await self._exit_stack.enter_async_context(ClientSession(read_stream=self.read, write_stream=self.write))

        # Initialize session
        await self._session.initialize()
        self._connected = True

    async def disconnect(self) -> None:
        """
        Clean up any resources
        """
        if self._exit_stack:
            await self._exit_stack.aclose()
            self._connected = False
            self._session = None


Hopefully this code looks very familiar - it’s almost exactly the same
as the connect() and disconnect() code for the stdio client. What we
do differently here is take an optional headers parameter and pass
that with the server_url property to streamablehttp_client(), which
along with the read_stream and write_stream returns a callback for
retrieving a session ID from the server if it provides one. If the
server supports it, this can be used for resuming broken sessions. We
also don’t instantiate a StdioServerParams object, because the
streamablehttp_client function doesn’t take a special parameters
object, instead taking the URL and headers directly as parameters. Other
parameters that would be of interest for a client developer include:



	
timeout - how long in seconds until HTTP operations time out, of
type datetime.timedelta. Defaults to 30 seconds.




	
sse_read_timeout - how long in seconds to wait for an additional
event before timing out, of type datetime.timedelta. Defaults to 5
minutes.




	
auth - this handles authentication and is of type httpx.auth. You
will learn how to authenticate sessions with servers that support it in
a later section.






While you are building out your client class, let’s take a look at one
strategy for integrating it into a host chatbot application. We are
going to use the stripped-down chatbot introduced at the beginning of
this chapter to demonstrate how the MCP client fits in with a wider
LLM-powered application. The only additions here will be to instantiate
an stdio MCP client and open a connection to a made-up MCP server that
provides calculator tools like add_two_numbers,
subtract_two_numbers, multiply_two_numbers, and
divide_two_numbers.


import asyncio
from pathlib import Path
...
mcp_client = MCPClient(
    name="calculator_server_connection",
    command="uv",
    server_args=[
        "--directory",
        str(Path(__file__).parent.resolve()),
        "run",
        "calculator_server.py",
    ],
)

print("Welcome to your AI Assistant. Type 'goodbye' to quit.")

def main():
    await mcp_client.connect()
    while True:
        prompt = input("You: ")
        if prompt.lower() == "goodbye":
            print("AI Assistant: Goodbye!")
            break
        message = anthropic_client.messages.create(
            max_tokens=4096,
            messages=[
                {
                    "role": "user",
                    "content": prompt,
                }
            ],
            model="claude-sonnet-4-0",
        )
        for response in message.content:
            print(f"Assistant: {response.text}")
    await mcp_client.disconnect()

if __name__ == "__main__":
    asyncio.run(main())


All that we did here was instantiate the client and then call
connect() to open a connection to the server. Then, after the chat
loop is exited, we call disconnect() to close the connection.
How would you change this for a Streamable HTTP server?

Note

When instantiating the client, our command is uv instead of python. uv
is useful here because it can be run from anywhere and makes managing virtual
environments and dependencies simple. While you can change the command to
python or python3, be sure to check out uv.




Now let’s look at how to make use of everything an MCP server can
provide to the client.














Interacting with MCP Server Capabilities


MCP servers can provide a wide variety of capabilities, including the
MCP primitives tools, resources, and prompts. As a client
developer, you will interact with them via the instantiated
ClientSession object, and generally use the same two-step workflow for
each of these: discovery and use. For each of these capabilities,
discovery happens via a <primitive>/list request, which in the Python
SDK is wrapped by the list_<primitive>s() methods. These calls, if the
server provides the respective capability, will return a list of the
available tools, resources, or prompts. Using the resulting capabilities
requires a <primitive>/<verb> call, where the verb depends on the
primitive being called. In the Python SDK, these calls are wrapped with
methods of the form <verb>_<primitive>() such as call_tool() for
tool/call.

Note

The protocol also allows notification messages to be sent by the
server (as well as by the client), then it is up to the receiver to
handle the notifications as it wishes. For Streamable HTTP connections,
these notifications will be sent like any other message as defined by
the transport, but will be sent as a JSONRPCNotification, and
implementation of the JSONRPCMessage class.




While the available MCP SDKs wrap the various request calls in methods
that your client can call directly, it’s often a good idea to wrap them
in your own object methods so that you can add logging, retries, method
parameters and any other customizations to your calls to the server,
like passing any of the list_<primitive>() methods the optional
cursor parameter for pagination.












Tools


Tools are the most common resource MCP servers provide, and with good
reason: agentic workflows often require tools to augment the abilities
of a base LLM. Tools are simply a deterministic function that an LLM can
decide to call if needed. Naturally, the function can do anything you
can think of doing in code, from calculating numbers to finding the
weather at a given location. MCP servers allow clients to discover and
use these tools.


To discover tools using the Python SDK, your client would just call
self.session.list_tools() within the client, which returns a
response object with a tools property. This holds a list of any
tools made available by the server connected to the client, where tools
have the properties name, description, inputSchema, annotations,
and model_config. You can see the current structure of the Tool class
in
the
MCP Python SDK’s types module.


Calling list_tools() directly can be fine for basic use cases, but if
you’re building a client that will be used for different servers with
different capabilities and possibly in different applications, it can be
advantageous to write your own function that has some guardrails,
logging, and anything else your users might need abstracted away. For
example, you could implement the following function:


# client.py
import logging
...
logger = logging.getLogger(__name__)

class MCPClient:
    ...
    async def get_available_tools(self) -> list[dict[str, Any]]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")

        tools_result = await self._session.list_tools()
        if not tools_result.tools:
            logger.warning("No tools found on server")
        available_tools = [
            {
                "name": tool.name,
                "description": tool.description,
                "input_schema": tool.inputSchema,
            }
            for tool in tools_result.tools
        ]
        return available_tools
...
# agent.py
async def main():
    await mcp_client.connect()
    available_tools = await mcp_client.get_available_tools()
    print(f"Available tools: {", ".join([tool['name'] for tool in available_tools])}")
    while True:
        ...


This method is a very simple wrapper around the Session object’s
list_tools() method which itself wraps the tools/list request. While
simple, the example shows how you can implement some simple guardrails
like the server connection status check, as well as more detailed
logging like the empty tool result check. The method also converts
the MCP-native tool object list into a list of dictionaries with
the keys “name”, “description”, and “input_schema”. This ensures
compatibility with the Anthropic messages API. You can extend this pattern to
add retries, translate MCP’s tool format to another format compatible
with another LLM, and more. Another helpful pattern that you will see
later in this chapter is converting MCP’s Tool objects into your own
objects where you can customize their structure, implement translation
functions to support other LLMs, and more. In the main() function,
we added a list comprehension to build a list of the available tool
names and printed them to ensure that our code is working.


Now that your client has tools, what do you do with them? Use them, of
course! Like in the get_available_tools() example, we will wrap the
Session object’s call_tool() function and add just a bit of logging
to it and handle the different available response types. call_tool()
returns a CallToolResult, which is a list of any of the SDK’s content
types:



	
TextContent - The result of the tool is any kind of text that you
would return to user, and it’s stored in the text property.




	
ImageContent - If the result of the tool is an image, it will be
returned as an ImageContent object, with the image data itself stored
as a base64-encoded string in the data property




	
AudioContent- Some tools return audio content. Like ImageContent,
the data is base64-encoded and lives in the data property




	
EmbeddedResource - Tools can return embedded resources as part of
their response, typically for extra context or data caching. The
resource data lives in the resource property, which can be either
TextResourceContents (representing the text content of, say, a
configuration file resource) or BlobResourceContents (representing the
binary data of the resource as a base64-encoded string)






One key thing to keep in mind is that tool use requests return lists of
content, and in some cases, such as with an EmbeddedResource response
being used as additional context, that should be expected and handled as
such. In the example below, you will wrap call_tool() and return
string representations of each of the valid tool content response types.

Warning

For some use cases, handling the response types in the client
itself may not be desirable. When building a client, consider your user:
will they want or need control over how to handle the different content
types?




# client.py
from typing import Any
from mcp.types import TextResourceContents

class MCPClient:
    ...
    async def use_tool(self, tool_name: str, arguments: dict[str, Any] | None=None) -> list[str]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")

        tool_call_result = await self._session.call_tool(name=tool_name, arguments=arguments)
        logger.debug(f"Calling tool {tool_name} with arguments {arguments}")

        results = []
        if tool_call_result.content:
            for content in tool_call_result.content:
                match content.type:
                    case "text":
                        results.append(content.text)
                    case "image" | "audio":
                        results.append(content.data)
                    case "resource":
                        if isinstance(content.resource, TextResourceContents):
                            results.append(content.resource.text)
                        else:
                            results.append(content.resource.blob)
        else:
            logger.warning(f"No content in tool call result for tool {tool_name}")
        return results


Here, we built a use_tool() method that, like the list_tools()
method, first checks that the client is connected to a server session
and raises an exception if it isn’t. Then we make the call_tool()
call, passing in the tool’s name and arguments. On the next line, we
added a debug statement so we know what tool is being called. If you
want the user to decide how to handle the different content types, you
could return the results immediately at this point. But for this
example, we check that the content list is not empty, then iterate
through each item in it. There, we check the item’s type and add the
proper string representation to our results list. If content is empty,
we show the user a warning, and then finally return the results list.
Just like with list_tools(), wrapping call_tool() gives us much more
control over what happens during the tool call.

Warning

When building agents that support MCP, keep a close eye on
tool-calling and overall performance as you add tools to the agent.
Performance tends to drop dramatically as more tools are added,
typically due to an increased difficulty in selecting the correct tool
for a prompt. This can be due to ambiguity or overlap in tool
descriptions as well as descriptions and interfaces having too much
information in aggregate for the LLM to process accurately.




If you’re building your client to serve a specific application, like the
simplified chat application introduced in the beginning of this chapter,
you will also have to use these calls. Many LLM APIs that support
tool-calling have an optional tools parameter, making sending the
tools available to a model simple. Other models require building a list
of tool names, descriptions, and schemas into your system prompt, but
for this example we are focusing on Anthropic’s Claude API, which does
accept a tools parameter. This will be added to any user messages to
the model, and then the resulting responses will be analyzed by the host
application for any tool usage. If it’s found, the application will
formulate a tool_result message and add it to a messages list that
gets sent back to the model to generate the final result for the user.


the tools made available by the MCP server, and allow it to call them.


# agent.py
...
mcp_client = MCPClient(
    name="calculator_server_connection",
    command="uv",
    server_args=[
        "--directory",
        str(Path(__file__).parent.resolve()),
        "run",
        "calculator_server.py",
    ],
)

print("Welcome to your AI Assistant. Type 'goodbye' to quit.")

async def main():
    """Main async function to run the assistant."""
    try:
        await mcp_client.connect()
        available_tools = await mcp_client.get_available_tools()
        print(
            f"Available tools: {", ".join([tool['name'] for tool in available_tools])}"
        )

        while True:
            prompt = input("You: ")
            if prompt.lower() == "goodbye":
                print("AI Assistant: Goodbye!")
                break

            # Build conversation starting with user message
            conversation_messages = [{"role": "user", "content": prompt}]

            # Tool use loop - continue until we get a final text response
            while True:
                # Get LLM response
                current_response = anthropic_client.messages.create(
                    max_tokens=4096,
                    messages=conversation_messages,
                    model="claude-sonnet-4-0",
                    tools=available_tools,
                    tool_choice={"type": "auto"},
                )

                # Add assistant message to conversation
                conversation_messages.append(
                    {"role": "assistant", "content": current_response.content}
                )

                # Check if we need to use tools
                if current_response.stop_reason == "tool_use":
                    # Extract tool use blocks
                    tool_use_blocks = [
                        block
                        for block in current_response.content
                        if block.type == "tool_use"
                    ]

                    # Execute all tools and collect results
                    tool_results = []
                    for tool_use in tool_use_blocks:
                        print(f"Using tool: {tool_use.name}")
                        tool_result = await mcp_client.use_tool(
                            tool_name=tool_use.name, arguments=tool_use.input
                        )
                        tool_results.append(
                            {
                                "type": "tool_result",
                                "tool_use_id": tool_use.id,
                                "content": "\n".join(tool_result),
                            }
                        )

                    # Add tool results to conversation
                    conversation_messages.append(
                        {"role": "user", "content": tool_results}
                    )

                    continue

                else:
                    # No tools needed, extract final text response
                    text_blocks = [
                        content.text
                        for content in current_response.content
                        if hasattr(content, "text") and content.text.strip()
                    ]

                    if text_blocks:
                        print(f"Assistant: {text_blocks[0]}")
                    else:
                        print("Assistant: [No text response available]")

                    break
    finally:
        await mcp_client.disconnect()


if __name__ == "__main__":
    asyncio.run(main())


This code has a number of changes to handle getting and using any
required tools. First, during the initialization phase, we get all
available tools from the server we’re connected to with
get_available_tools(). Then, we transform the list of Tool objects
in to a list of plain dictionaries to properly feed it back to the model. This is done at the top of the
module in order to only pull the list of tools once. If you expect the
server or servers you connect to to change the tools they provide while
connected, you will want to either get a fresh list of available tools
for every user input to the model or have your client listen to and
handle a list_changed notification from the server.


Next, we’ve updated the code where we create the user message to the
model to pass in the list of tools to the tools parameter, as well as
setting tool_choice to a dictionary with the key "type" set to `
“auto”. You don’t have to do this, since auto is the default setting
and allows the model to decide which tool or tools to use to answer
the user’s query. You can also set it to `"any", where it will use
any (but at least one) tool that is available to it, or a tool name
and type "tool" to force the model to use a specific tool,
or "none" to prevent the model from using any available tools.


After this, we inspect the result and initialize a potential tool use
message that will be sent back to the model. If the message response has
a stop_reason of tool_use, then we know the model is waiting for a
response with the results of the tool or tools that it is requesting.
We create tool use message blocks from the response contents, and then
execute any tools in a loop. From the results, we build a dictionary
with the key type set to "tool_use", tool_use_id set to the ID
from the model’s tool use message response, and content to the
result of the tool call. All of those are then added to the
conversation_messages list. Once we’ve made all of the tool calls,
the results and the original user question are sent beck to the LLM
for evaluation. Because there are potentially multiple tool
calls that could be made before returning to the user (such as asking
a model what 5 * 3 + 7 is), we wrap all of this in a while loop.


If we don’t have any tool call responses in the tool use message, either
no tools were necessary or that we’ve come to the end of the tool use
phase. Either way, we extract the text blocks from the latest response
and print them if available. Finally, the whole thing is
wrapped in a try/finally block to ensure that the connection is
disconnected from the proper scope when the user quits the application.


In this section, you learned about MCP server-provided tools, how to
discover them on a server, how to use them, and how to use them in the
context of a chat application. In the next section, you will learn about
resources and how you can use those in your application like you just
did with tools.














Resources


As you learned in Chapter 2, MCP resources can play many roles, some of
which have yet to be fully explored by the community members themselves,
like as a cache to optimize prompt size. Basically, resources give a
host application and the LLM it interacts with access to data served by
the MCP server. This can be database records, images, text files, and
more. Resources also have several actions you can take on them:



	
resources/list or list_resources() - requests a list of available
resources from the server




	
resources/templates/list or list_resource_templates() - requests a
list of resource URI templates from the server. These allow you to
construct a resource’s URI dynamically based on other information you
might have. In the Python SDK, these strings look like f-strings, with
variable sections enclosed in curly braces.




	
resources/read or read_resource() - accesses the file provided by
the server, sending the data in text or blob format to the LLM.




	
resources/subscribe or subscribe_resource() - subscribes the
client to updates to to the resource URI you specify in the call.




	
resources/unsubscribe or unsubscribe_resource() - unsubscribes the
client from updates to the resource specified by resource URI in the
parameters.





Note

See the tupac project by Tim
Kellogg for a minimalist client implementation that utilizes MCP
resources as a cache for efficient prompting.




First, we will implement wrappers for the two list methods. We will
continue the pattern that we established in the last section for
get_available_tools(): a light wrapper with a few basic guardrails and
logging that can be used as a base for more complex workflows.


# client.py
from mcp.types import Resource, ResourceTemplate

class MCPClient:
    ...
    async def get_available_resources(self) -> list[Resource]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")

        resources_result = await self._session.list_resources()
        if not resources_result.resources:
            logger.warning("No resources found on server")
        return resources_result.resources

    async def get_available_resource_templates(self) -> list[ResourceTemplate]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")

        resource_templates_result = await self._session.list_resource_templates()
        if not resource_templates_result.resources:
            logger.warning("No resource templates found on server")
        return resource_templates_result.resources


These two methods are almost identical to each other and to the
get_available_tools() method. Again, each function checks for a
connection before making any server requests, then calls the appropriate
list method, checks for a result, and then returns it, including a
warning if the result is empty. Like the list_tools() method, both of
these list methods take an optional cursor parameter for paginating
results. We will see this pattern again for prompts in the next section,
so think about how you could expand the functionality of the list method
wrappers and how you could also make the code more concise.

Note

Resources and resource templates have almost the exact same set
of properties: uri, name, description, mimeType, size,
annotations, and model_config. For resource templates, instead of a
uri, they have a uriTemplate property.




Next, we’ll implement a wrapper of the read_resource() session method,
and following the pattern the previous example established, we’ll call
it use_resource(). This code will take a resource URI (or a filled in
URI from a resource template), read the resource and return it to the
caller either as a text string or a base64-encoded data string.


	
Implements the wrapper for read_resource().







from mcp.types import BlobResourceContents, TextResourceContents

class MCPClient:
    ...
    async def get_resource(self, uri: str) -> list[BlobResourceContents | TextResourceContents]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")
        resource_read_result = await self._session.read_resource(uri=uri)

        if not resource_read_result.contents:
            logger.warning(f"No content read for resource URI {uri}")
        return resource_read_result.contents


This method requires little extra: just our now-standard connection
guardrail and empty result warning. Similarly to
get_available_tools(), instead of transforming the MCP
BlobResourceContents and TextResourceContents classes, we return
them as-is to the user, since they provide valuable information about
the type of string being returned and this keeps with the minimal
processing philosophy of this set of examples.


The MCP protocol also allows clients to subscribe to resource change
notifications, however as of this writing, notification handling is only
partially implemented in the Python SDK and there is no provided way to
route notifications to handler functions or register handlers. This does
seem to be available in the Typescript SDK, however.


So far, you learned how to get a list of available resources and
resource templates and, when armed with a resource URI, how to read that
resource. But how would you use them in a host application? Remember
that resources primarily exist to provide additional context to user
queries, allowing your application to do things like adding a Bash
script to a user query about their script. To see this in action, let’s
use our minimal host chatbot application example from the beginning of
the chapter again, but this time we will look for the key “context:”
in the user prompt and use that as context to the model request. When
the application starts and any time the user issues the command
“refresh,” the application will get the current list of resources from
the server and then display them. When the application finds
“context:” in the user prompt, it will use what comes after to select
a specific resource and add it as context to the original user question.


If you’re following along with the code in the
Github repository,
you’ll notice that the code for this next example has been split into two
files: client.py and agent.py. This is to help reduce the complexity
of the code, and to make it more readable. The following code example will
begin with agent.py, which now contains the Agent class. This class will
hold the previous main() function as run(), and will also hold a few
utility functions for handling resources. These are extract_resource_name()
which extracts the resource name from the user prompt, display_resources()
which prints the available resource names and descriptions to the user, and
refresh_resources() which refreshes the available resources and returns
them as a dictionary.


to the user prompt by using resources.


# agent.py
import re
...
class Agent:
    def __init__(self, mcp_client: MCPClient, anthropic_client: Anthropic):
        self.mcp_client = mcp_client
        self.anthropic_client = anthropic_client
        self.available_resources = {}

    @staticmethod
    def _extract_resource_name(prompt: str) -> str | None:
        match = re.search(r"context:\s+(\S+)", prompt)
        return match.group(1) if match else None

    def _display_resources(self) -> None:
        print("Available resource contexts are: ")
        for resource_name, resource in self.available_resources.items():
            print(f"{resource_name} -- {resource.description}")
        print(
            "Add a context to your prompt with 'context: <name>' entering the name of one of the resources above."
        )

    async def _get_context_message(
        self, lowercased_prompt: str
    ) -> list[dict[str, Any]]:
        context_messages = []
        resource_name = self._extract_resource_name(prompt=lowercased_prompt)
        if not resource_name:
            print("WARNING: Context resource name not found in user input")
        elif resource_name in self.available_resources.keys():
            resource_contents = await self.mcp_client.get_resource(
                uri=self.available_resources[resource_name].uri
            )
            for resource_content in resource_contents:
                if isinstance(resource_content, TextResourceContents):
                    context_messages.append(
                        {"type": "text", "text": resource_content.text}
                    )
                elif resource_contents.mimeType in [
                    "image/jpeg",
                    "image/png",
                    "image/gif",
                    "image/webp",
                ]:  # b64-encoded image
                    context_messages.append(
                        {
                            "type": "image",
                            "source": {
                                "type": "base64",
                                "media_type": resource_content.mimeType,
                                "data": resource_content.blob,
                            },
                        }
                    )
                else:
                    print(
                        f"WARNING: Unable to process mimeType {resource_contents.mimeType} for resource {resource_name}"
                    )
        return context_messages

    async def _refresh_resources(self) -> None:
        available_resources = await self.mcp_client.get_available_resources()
        self.available_resources = {
            resource.name: resource.model_dump() for resource in available_resources
        }

    async def run(self):
        try:
            print(
                "Welcome to your AI Assistant. Type 'goodbye' to quit or 'refresh' to reload and redisplay available resources."
            )
            await self.mcp_client.connect()
            available_tools = await self.mcp_client.get_available_tools()
            await self._refresh_resources()
            self._display_resources()

            while True:
                prompt = input("You: ")
                lowercased_prompt = prompt.lower()
                messages = [
                    {
                        "role": "user",
                        "content": [
                            {
                                "type": "text",
                                "text": prompt
                            }
                        ]
                    }
                ]
                context_messages = []

                if lowercased_prompt == "goodbye":
                    print("AI Assistant: Goodbye!")
                    break

                if lowercased_prompt == "refresh":
                    await self._refresh_resources()
                    self._display_resources()
                    continue

                if "context:" in lowercased_prompt:
                    context_messages.extend = await self._get_context_message(lowercased_prompt)
                    messages[0]["content"].extend(context_messages)

                message = anthropic_client.messages.create(
                    max_tokens=4096,
                    messages=messages,
                    model="claude-sonnet-4-0",
                    tools=available_tools,
                    tool_choice={"type": "auto"},
                )

                tool_use_message_block = {"role": "user", "content": []}
                if message.stop_reason == "tool_use":
                    tool_use_messages = [
                        message
                        for message in message.content
                        if message.type == "tool_use"
                    ]
                    for tool_use in tool_use_messages:
                        tool_result = await self.mcp_client.use_tool(
                            tool_name=tool_use.name, arguments=tool_use.input
                        )
                        tool_use_message_block["content"].append(
                            {
                                "type": "tool_result",
                                "tool_use_id": tool_use.id,
                                "content": "\n".join(tool_result),
                            }
                        )

                if tool_use_message_block["content"]:
                    response = anthropic_client.messages.create(
                        max_tokens=4096,
                        messages=[
                            {"role": "user", "content": prompt},
                            {"role": "assistant", "content": message.content},
                            tool_use_message_block,
                        ],
                        model="claude-sonnet-4-0",
                        tools=available_tools,
                        tool_choice={"type": "auto"},
                    )
                else:
                    response = message

                display_response = next(
                    message.text
                    for message in response.content
                    if hasattr(message, "text")
                )
                print(f"Assistant: {display_response}")
        finally:
            await self.mcp_client.disconnect()


if __name__ == "__main__":
    mcp_client = MCPClient(
        name="calculator_server_connection",
        command="uv",
        server_args=[
            "--directory",
            str(Path(__file__).parent.parent.resolve()),
            "run",
            "calculator_server.py",
        ],
    )
    agent = Agent(mcp_client, anthropic_client)
    asyncio.run(agent.run())


This specitific integration started just like the integration you did
in the Tools section: connect to the MCP server via the client, discover
available primitives, like resources in this case, and load those
primitives into memory. We added four new utility functions:



	
_extract_resource_name(): does some basic regular expression parsing
to get a resource name from the user’s input



	
_display_resources(): displays the list of available resources to
the user, creates a dictionary for fast access by resource name, and
optionally refreshes them. It also provides information to the user
on how to add context to their prompts.



	
_get_context_message(): this gets the resource name from the user
prompt, if the name is in the available_resources dictionary, it reads
the contents of the server via the client. It then construct the
context_message dictionary, which will extend the content field of the
user message.



	
_refresh_resources(): this refreshes the available resources and
stores them in the available_resources dictionary on the Agent object.






Thanks to this increased complexity, we’ve put all of the code for running the
agent into a class called Agent. This class holds the functions mentioned
above along with a new run() method that better encapsulates the core agent
loop code.


In the run() function, we updated the welcome message to let the user
know that a message with only the word “refresh” will refresh and
redisplay the resource list. We added a check for the “refresh”
message, and then a check for the “context:” keyword. If that is found
anywhere in the user input, _extract_resource_name() is called to try
and pull the resource name from the prompt. If the code can’t extract a
resource name, it prints a warning and then leaves the scope of the
“context:” check, extends the content field of the first message in
the messages list. This is still an empty list, and so nothing
actually changes in this case, and the plain user prompt is sent as-is
to the LLM.


If the resource name is is found in the prompt and also exists in the
list of available resources, we read the resource into memory and check
whether it is plain text or a blob. If it is text, we create a content
block with the text. If it is a blob, we check that the mimeType
matches any of the Anthropic model API-supported image types and if so
construct a content block with that data and then extend the content
list in the user message with the constructed dictionary. If neither are
true, we warn the user and continue sending the user prompt to the LLM.

Note

When doing things like adding context to a user prompt, you
should not create a separate user message like you do with the user
prompt. Instead, you convert the user message to its full form: a nested
dictionary with a “type” key and a “content” key, which holds a list
of dictionaries and add any context messages to that list.




There are several improvements you can make to this example. To stretch
your knowledge, try to implement support for listing and using resource
templates along with normal resources. Then, try to support multiple
context files instead of just one, either with regular text parsing or
even another LLM call. You can do some more cleanup: whether or not the
“context:” keyword is found, that part of the prompt will still be
sent to the LLM. This isn’t ideal. How would you improve that?

Note

As you might have picked up on, many of these improvements are
typical software engineering best practices and not really specific to
generative AI. While AI engineering is becoming a discipline unto
itself, it is still software engineering at its core and thus the
practices and tools you have as a software engineer will also serve you
well building for AI.
















Prompts


Prompts are the last of the three main primitives provided by MCP
servers. These are designed to be controlled by the application user,
who should be able to pick out which prompt or prompts they want to use,
similar to the interface you saw in the host application example in the
previous section. Each prompt definition has a unique identifier name,
an optional human-readable description, and optional arguments,
which is a list of dictionaries with a name, optional human-readable
description and an optional required boolean indicating if the
argument is required or not. It is then up to the client implementation
or host application using the prompt to inject values for each of the
arguments. These are called dynamic prompts.


The Python SDK simplifies handling prompts for us, with the Session
class’s list_prompts() method returning a list of Prompt objects,
which have the prompt definition properties listed in the previous
paragraph. When you get a specific prompt with get_prompt(), you
provide the prompt’s name and arguments and get back a list of
PromptMessage objects, which are ready-to-use messages that can be
converted to a plain dictionary and sent directly to the LLM. Take a
look at the host integration example in the last section, paying close
attention to the structure of the messages that are sent to the LLM.
They are dictionaries with role and content keys, and those are the
two required properties of a PromptMessage object. The content itself
can be TextContent, ImageContent, AudioContent, or
an`EmbeddedResource`. Embedded resources are just what you think they
are: resources that are embedded in a message content block, just like
our example host application built in the previous section.


Let’s continue the pattern from the previous two sections and wrap these
two methods in our own client:


list_prompts() call.


# client.py
from mcp.types import Prompt

class MCPClient:
    ...
    async def get_available_prompts(self) -> list[Prompt]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")

        prompt_result = await self._session.list_prompts()
        if not prompt_result.prompts:
            logger.warning("No prompts found on server")
        return prompt_result.prompts


There isn’t too much to explain about this pattern that you haven’t seen
before. We set up a connection check, get the list of prompts, and
ensure that the result list isn’t empty before returning it to the user.
The get_prompt() wrapper will be very familiar as well. We will get
the prompt name and arguments from the user, load the prompt from the
server with the provided arguments, and return the MCP PromptMessage
object back to the application.


get_prompt() call.


# client.py
from mcp.types import PromptMessage

class MCPClient:
    ...
    async def load_prompt(self, name: str, arguments: dict[str, str]) -> list[PromptMessage]:
        if not self._connected:
            raise RuntimeError("Client not connected to a server")
        prompt_load_result = await self._session.get_prompt(name=name, arguments=arguments)

        if not prompt_load_result.messages:
            logger.warning(f"No prompt found for prompt {name}")
        else:
            logger.warning(f"Loaded prompt {name} with description {prompt_load_result.description}")
        return prompt_load_result.messages


This is again similar to how we retrieved resources in the last section.
We have our standard guardrails, we pass the name and arguments
unchanged to the session’s get_prompt() method, and add some logging.

Note

As with resources and tools, in the protocol there is support
for notifications when the list of available prompts has changed.
Unfortunately, there is also no user-facing API for handling and
listening for these notifications from the server, although clients can
subscribe to them. If you want to use them, you will have to handle
routing to a callback on your own, but there are a few examples in the
SDK’s source code you can follow, such as how sampling callbacks are
routed in Session._received_request().
Source
code. You could also create a new function that handles all messages
and pass that to the client constructor in the message_handler
parameter. This would have to handle all messages, but would allow you
to build notification handling logic as well.




Like the other primitives, there are as many ways to integrate prompts
into your application as you can imagine, and then some. To show off how
you can use the available prompt functionality in your application, we
will use the same base application as the last two examples so that the
usage of the server and prompt primitives is clear and not obscured by
too much application logic. We will also use a similar user interaction
pattern to the one we used in the Resources section. In this pattern,
the application gets a list of available primitives (in this case,
prompts), displays them to the user, and allows the user to select which
one to use within their input. That prompt will be sent as-is by itself
to the LLM and the application will handle and display the response.


with prompts.


# agent.py
import asyncio
import json
import logging
import os
from pathlib import Path
from typing import Any

from anthropic import Anthropic
from client import MCPClient
from dotenv import load_dotenv
from mcp.types import TextResourceContents

load_dotenv()

LLM_API_KEY = os.environ["LLM_API_KEY"]
anthropic_client = Anthropic(api_key=LLM_API_KEY)
logger = logging.getLogger(__name__)


class Agent:
    def __init__(self, mcp_client: MCPClient, anthropic_client: Anthropic):
        self.mcp_client = mcp_client
        self.anthropic_client = anthropic_client
        self.available_resources = {}
        self.available_prompts = {}

    async def _select_resources(self, user_query: str) -> list[str]:
        """Use LLM to intelligently select relevant resources."""
        if not self.available_resources:
            return []

        resource_descriptions = {
            name: resource.description or f"Resource: {name}"
            for name, resource in self.available_resources.items()
        }

        selection_prompt = f"""
Given this user question: "{user_query}"

And these available resources:
{json.dumps(resource_descriptions, indent=2)}

Which resources (if any) would be helpful to answer the user's question?
Return a JSON array of resource names, or an empty array if no resources are needed.
Only include resources that are directly relevant.

Example: ["math-constants"] or []
"""

        try:
            response = self.anthropic_client.messages.create(
                max_tokens=200,
                messages=[{"role": "user", "content": selection_prompt}],
                model="claude-sonnet-4-0",
            )

            response_text = response.content[0].text.strip()
            if "[" in response_text and "]" in response_text:
                start = response_text.find("[")
                end = response_text.rfind("]") + 1
                json_part = response_text[start:end]
                selected_resources = json.loads(json_part)
                return [r for r in selected_resources if r in self.available_resources]

        except Exception as e:
            logger.warning(f"Failed to select resources with LLM: {e}")

        return []

    async def _select_prompts(self, user_query: str) -> list[str]:
        """Use LLM to intelligently select relevant prompts."""
        if not self.available_prompts:
            return []

        prompt_descriptions = {
            name: prompt.description or f"Prompt: {name}"
            for name, prompt in self.available_prompts.items()
        }

        selection_prompt = f"""
Given this user question: "{user_query}"

And these available prompt templates:
{json.dumps(prompt_descriptions, indent=2)}

Which prompts (if any) would provide helpful instructions or guidance for answering this question?
Return a JSON array of prompt names, or an empty array if no prompts are needed.
Only include prompts that are directly relevant.

Example: ["calculation-helper", "step-by-step-math"] or []
"""

        try:
            response = self.anthropic_client.messages.create(
                max_tokens=200,
                messages=[{"role": "user", "content": selection_prompt}],
                model="claude-sonnet-4-0",
            )

            response_text = response.content[0].text.strip()
            if "[" in response_text and "]" in response_text:
                start = response_text.find("[")
                end = response_text.rfind("]") + 1
                json_part = response_text[start:end]
                selected_prompts = json.loads(json_part)
                return [p for p in selected_prompts if p in self.available_prompts]

        except Exception as e:
            logger.warning(f"Failed to select prompts with LLM: {e}")

        return []

    async def _load_selected_resources(
        self, resource_names: list[str]
    ) -> list[dict[str, Any]]:
        """Load the specified resources."""
        context_messages = []

        for resource_name in resource_names:
            if resource_name in self.available_resources:
                print(f"LLM selected resource: {resource_name}")
                try:
                    resource = self.available_resources[resource_name]
                    resource_contents = await self.mcp_client.get_resource(
                        uri=resource.uri
                    )
                    for content in resource_contents:
                        if isinstance(content, TextResourceContents):
                            context_messages.append(
                                {
                                    "type": "text",
                                    "text": f"[Resource: {resource_name}]\n{content.text}",
                                }
                            )
                        elif content.mimeType in [
                            "image/jpeg",
                            "image/png",
                            "image/gif",
                            "image/webp",
                        ]:  # b64-encoded image
                            context_messages.append(
                                {
                                    "type": "image",
                                    "source": {
                                        "type": "base64",
                                        "media_type": content.mimeType,
                                        "data": content.blob,
                                    },
                                }
                            )
                        else:
                            print(
                                f"WARNING: Unable to process mimeType {resource_contents.mimeType} for resource {resource_name}"
                            )
                except Exception as e:
                    print(f"Error loading resource {resource_name}: {e}")

        return context_messages

    async def _load_selected_prompts(self, prompt_names: list[str]) -> str:
        """Load the specified prompts as system instructions."""
        system_instructions = []

        for prompt_name in prompt_names:
            if prompt_name in self.available_prompts:
                print(f"Using prompt: {prompt_name}")
                try:
                    prompt_content = await self.mcp_client.get_prompt(
                        name=prompt_name, arguments={}
                    )

                    # Extract the prompt text
                    prompt_text = ""
                    for message in prompt_content.messages:
                        if hasattr(message.content, "text"):
                            prompt_text += message.content.text + "\n"
                        elif isinstance(message.content, str):
                            prompt_text += message.content + "\n"

                    if prompt_text.strip():
                        system_instructions.append(
                            f"[Prompt: {prompt_name}]\n{prompt_text.strip()}"
                        )

                except Exception as e:
                    print(f"Error loading prompt {prompt_name}: {e}")

        return "\n\n".join(system_instructions)

    async def _refresh(self) -> None:
        available_resources = await self.mcp_client.get_available_resources()
        self.available_resources = {
            resource.name: resource for resource in available_resources
        }
        available_prompts = await self.mcp_client.get_available_prompts()
        self.available_prompts = {prompt.name: prompt for prompt in available_prompts}

    async def run(self):
        try:
            print(
                "Welcome to your AI Assistant. Type 'goodbye' to quit or 'refresh' to reload and redisplay available resources."
            )
            await self.mcp_client.connect()
            available_tools = await self.mcp_client.get_available_tools()
            await self._refresh()

            print(
                f"Loaded {len(self.available_resources)} resources and {len(self.available_prompts)} prompts"
            )

            while True:
                prompt = input("You: ")

                if prompt.lower() == "goodbye":
                    print("AI Assistant: Goodbye!")
                    break

                if prompt.lower() == "refresh":
                    await self._refresh()
                    continue

                # Select relevant resources and prompts
                selected_resource_names = await self._select_resources(prompt)
                selected_prompt_names = await self._select_prompts(prompt)

                # Load relevant resources and prompts
                context_messages = await self._load_selected_resources(
                    selected_resource_names
                )
                system_instructions = await self._load_selected_prompts(
                    selected_prompt_names
                )

                # Build conversation with initial user message and any context
                user_content = [{"type": "text", "text": prompt}]
                if context_messages:
                    user_content.extend(context_messages)

                conversation_messages = [{"role": "user", "content": user_content}]

                # Tool use loop - continue until we get a final text response
                while True:
                    create_message_args = {
                        "max_tokens": 4096,
                        "messages": conversation_messages,
                        "model": "claude-sonnet-4-0",
                        "tools": available_tools,
                        "tool_choice": {"type": "auto"},
                    }

                    if system_instructions:
                        create_message_args["system"] = system_instructions

                    current_response = self.anthropic_client.messages.create(
                        **create_message_args
                    )

                    # Add assistant message to conversation
                    conversation_messages.append(
                        {"role": "assistant", "content": current_response.content}
                    )

                    # Check if we need to use tools
                    if current_response.stop_reason == "tool_use":
                        # Extract tool use blocks
                        tool_use_blocks = [
                            block
                            for block in current_response.content
                            if block.type == "tool_use"
                        ]

                        # Execute all tools and collect results
                        tool_results = []
                        for tool_use in tool_use_blocks:
                            print(f"Using tool: {tool_use.name}")
                            tool_result = await self.mcp_client.use_tool(
                                tool_name=tool_use.name, arguments=tool_use.input
                            )
                            tool_results.append(
                                {
                                    "type": "tool_result",
                                    "tool_use_id": tool_use.id,
                                    "content": "\n".join(tool_result),
                                }
                            )

                        # Add tool results to conversation
                        conversation_messages.append(
                            {"role": "user", "content": tool_results}
                        )

                        # Continue loop to get next LLM response
                        continue

                    else:
                        # No tools needed, extract final text response
                        text_blocks = [
                            content.text
                            for content in current_response.content
                            if hasattr(content, "text") and content.text.strip()
                        ]

                        if text_blocks:
                            print(f"Assistant: {text_blocks[0]}")
                        else:
                            print("Assistant: [No text response available]")

                        # Exit the tool use loop
                        break
        finally:
            await self.mcp_client.disconnect()


if __name__ == "__main__":
    mcp_client = MCPClient(
        name="calculator_server_connection",
        command="uv",
        server_args=[
            "--directory",
            str(Path(__file__).parent.parent.resolve()),
            "run",
            "calculator_server.py",
        ],
    )
    agent = Agent(mcp_client, anthropic_client)
    asyncio.run(agent.run())


This version of the code does all the things we set up in the
introduction to this example. Starting with the main loops, we first
call a refresh_prompts() function that calls the
get_available_prompts() method that we built into the client, and
returns a list of dictionaries similar to the Resources example, where
the keys are the prompt names and the values are the dictionary forms of
the prompt objects. If prompts are found, we then call
display_prompts() which presents a list of the available prompts to
the user as well as instructions for using them.


In this example, we allow the user to manually refresh and redisplay the
prompts with the “refresh” command, and to use a prompt by providing
the “prompt:” command, the prompt name, and any pertinent arguments.
We unpack the list of Prompt objects into Python primitives to use with
the Anthropic Python client, then send the messages to, and display
messages from, the model. Being able to handle these primitives from MCP
servers will cover nearly all MCP server use cases that are currently
available (and some that aren’t, like the notification system). But
there are a few more things you can do with your client-server
connections if you want to work at a lower level.














Going Deeper


At the base of MCP, as well as the various SDK implementations of the
protocol, is a system that sends and receives messages between clients
and servers. In the Python SDK, all of the session methods we wrapped
themselves wrap a send_request() method. This method can be found in
mcp.shared.session.BaseSession, which both the client- and
server-specific Session classes inherit from. Because of this, you
could theoretically also send your own custom requests to a server that
supports them, but will have to create your own Request, RequestParams,
and Result classes to do so.


There are a few other undocumented methods you can make use of in the
client session object. send_ping() sends a ping request to the
connected server. The server will then return an EmptyResult within a
ServerResult, which carries no data but signifies the presence of a
working connection to the server. set_logging_level(), given a
LoggingLevel object from MCP’s types library, can change the
server’s logging level for the connection if the server allows it.
Server-initiated logs are sent to the client via notifications, however
unlike subscription notifications, logging notifications have their own
parameter in the ClientSession constructor called logging_callback.
You would implement your own logging callback function that adheres to
the LoggingFnT protocol
(source
code) and pass it to the constructor via the logging_callback
parameter:


from mcp.types import LoggingMessageNotificationsParams

class MCPClient:
    ...
    async def _handle_logs(self, params: LoggingMessageNotificationsParams) -> None:
        if params.level in ("error", "critical", "alert", "emergency"):
            print(f"[{params.level}] - {params.data}")

    async def connect(self) -> None:
        """
        Connect to the server set in the constructor.
        """
        ...  # Removing setup code for brevity
        # Start MCP client session
        self._session = await self._exit_stack.enter_async_context(ClientSession(read_stream=self.read, write_stream=self.write, logging_callback=_handle_logs))

        # Initialize session
        await self._session.initialize()
        self._connected = True


Here, handle_logs() is a very simple function that checks the reported
log level in the server-provided params, and if the level is within the
set we provided, prints the level and data. This list of levels is not
exhaustive, but MCP adheres to the syslog severity levels defined in
RFC 5424 .
In addition to level and data, LoggingMessageNotificationsParams
also provides an optional logger name and model_config dictionary.


send_progress_notification() sends a notification to the server with
some progress_token and the amount of progress as a float.
Optionally, you can also send a total float and message string to
the server. How these values end up looking will depend on the server
you’re connecting to and what the server requires for progress updates.














Providing MCP Client Capabilities


In the previous section, you saw an example of implementing a callback
to handle log messages from a connected MCP server. In this one, you’ll
see this pattern repeated, but in service of providing client
capabilities to the connected MCP server. There are two major
capabilities that a client can provide to a server: sampling, where
the server is able to request chat completions from the LLM the client
is connected to via the client, and roots, which indicate to servers
what areas in the host application’s filesystem the server has access
to.


Servers are not required to use or respect these capabilities, but if
your client provides them, you are required to advertise that your
client does provide them, which happens during the initialization phase
of the client-server connection. For providing client capabilities, the
general workflow is as follows:


	
In your client class, implement a callback function that will be
called when the server requests it.




	
Ensure that the callback follows the established protocol for the
capability, such as SamplingFnT.




	
Pass the callback function to the ClientSession constructor via the
appropriate parameter, such as sampling_callback for sampling.







And that’s it. Of course, the majority of the effort comes in step 1,
and will be unique depending on your use case, interaction flow.












Sampling


Sampling is a client capability that allows MCP server to make use of
whichever LLM the client and its host application is connected to. This
opens up agentic workflows from the MCP server, such as allowing nested
tool choice and use, or for the server to ask the LLM a question and use
that to choose or fill information into a prompt that it provides, or
whatever else your imagination can come up with. Because this is a
client-provided capability, there is slightly less work to do here than
there is for using server-provided capabilities. Like you saw with
logging, the ClientSession class provides a SamplingFnT protocol
which defines the signature of the sampling callback function you will
implement, and the constructor has a sampling_callback parameter that
will take your callback to be used if and when a connected server sends
a sampling request.

Warning

Because of the risk of giving an external server access to
the LLM your application is using and that you are paying for, both
myself and Anthropic strongly recommend that you implement some form of
human-in-the-loop (HITL) approval process before a server is allowed to
send a request to an LLM via your client and application.




In this example, we will follow the general workflow above, by creating
a simple sampling callback that implements the SamplingFnT interface
and passing it into the ClientSession constructor:


from mcp.shared.context import RequestContext
from mcp.types import CreateMessageRequestParams, CreateMessageResult, ErrorData, TextContent

class MCPClient:
    def __init__(self, name: str, server_url: str, llm_client: Anthropic) -> None:
        self.name = name
        self.server_url = server_url
        self._session: ClientSession = None
        self.exit_stack = AsyncExitStack()
        self._connected: bool = False
        self._get_session_id: Callable[[], str] = None
        self._llm_client = llm_client

    async def _handle_sampling(self, context: RequestContext, params: CreateMessageRequestParams) -> CreateMessageResult | ErrorData:
        messages = []
        for message in params.messages:
            if isinstance(message, TextContent):
                messages.append({"role": message.role, "content": message.text})
            else:
                messages.append({"role": message.role, "content": message.data})
        response = self._llm_client.messages.create(
            max_tokens=params.maxTokens,
            messages=messages
            model="claude-sonnet-4-0",
        )
        return CreateMessageResult(
            role=response.role,
            content=response.content
            model="claude-sonnet-4-0"
        )

    async def connect(self) -> None:
        """
        Connect to the server set in the constructor.
        """
        ...  # Removing setup code for brevity
        # Start MCP client session
        self._session = await self._exit_stack.enter_async_context(ClientSession(read_stream=self.read, write_stream=self.write, sampling_callback=_handle_sampling))

        # Initialize session
        await self._session.initialize()
        self._connected = True


In this example, we added an llm_client parameter to the MCPClient
constructor, since the client will need access to the LLM client to
route messages between the LLM and the server. The handler,
_handle_sampling() constructs a message from the MCP types and sends
it on to the LLM, assuming an Anthropic model. Do not do this in
practice. Your handler should request permission from the user before
sending a client’s prompt to the application’s model. Then, in the
connect() method, we pass the sampling handler method into the
ClientSession constructor via sampling_callback. To see all of the
parameters that a server is able to send you, you can view the
CreateMessageParams
class definition.














Supporting Roots



	
Roots in MCP are typically exposed through workspace or project
configuration interfaces. (from protocol)




	
In the protocol, servers SHOULD respect boundaries, but they aren’t
required to.


















Supporting Multiple Models


One of the major benefits of using MCP is that it gives you the freedom,
as the application developer, to allow your users to use many models, or
the model of your choice. With MCP, you aren’t tied to a single model,
despite the examples in this chapter working with an Anthropic model.
The simplest way to support this would be to write a translation
function in your client for each primitive-model family pair that turns
MCP objects into the format expected by the model family in question.
You can improve on this basic design by creating a class for each
primitive that can be constructed from the MCP object and has a
translation method as a member of that class. The code below does just
that for tools:


from typing import Any

class InternalTool:
    def __init__(self, name: str, input_schema: dict[str, Any], description: str | None = None) -> None:
        self.name = name,
        self.input_schema = input_schema,
        self.description = description

    def translate_to_openai(self) -> dict[str, Any]:
        return {
            "type": "function",
            "name": self.name,
            "description": self.description,
            "parameters": self.input_schema
        }

example_tool = InternalTool(name=mcp_tool.name, input_schema=mcp_tool.inputSchema, description=mcp_tool.description)
openai_tool = example_tool.translate_to_openai()


Because the Anthropic and OpenAI tool formats are so similar, this
example is fairly simple: we write a constructor that sets the
instance’s name, input_schema, and description, then we write
translate_to_openai() which returns a dictionary with the keys type,
name, description and parameters. The expected structure for
OpenAI’s parameters and Anthropic’s inputSchema is the same, as
well.


[!Note] In the previous example, we translated a Tool object from our
internal representation to OpenAI’s function calling format. OpenAI’s
API also supports
directly
calling remote MCP servers.












Using Multiple Servers


All of the examples so far have shown your client connecting to a single
server. And while
a
single client can only connect to a single server, the Python SDK
provides a ClientSessionGroup class to help manage multiple sessions
concurrently within a client. It does this by connecting either to an
existing ClientSession with connect_with_session() or to a server by
creating a new ClientSession with conenct_to_server() and then
loading all primitives/components (tools, resources, and prompts)
offered by the connected server into object properties. Sessions are
also stored in the ClientSessionGroup object, along with a mapping of
each tool to the appropriate session. All of these can be accessed via
the properties sessions, prompts, resources, and tools, and
tools can be called just like they would be in a single ClientSession:
with call_tool(). You can also disconnect from an individual server
with the disconnect_from_server() method, which will also remove any
loaded server components. In the example below, we will create a simple
client that connects to servers via a ClientSessionGroup.


from mcp.client.session_group import ClientSessionGroup, ServerParameters

class MCPClient:
    def __init__(self, name: str) -> None:
        self.name = name
        self.server_url = server_url
        self._session_group = ClientSessionGroup()

    @property
    def connected() -> bool:
        return True if self._session_group.sessions else False

    async def connect(self, server_params: ServerParameters) -> None:
        """
        Connect to a server via ClientSessionGroup.
        """
        # Start MCP client session
        await self._session_group.connect_to_server(server_params=server_params)
        self._connected = True


This is simpler from the client perspective, since the
ClientSessionGroup handles all of the connection management that the
single-server client was in previous examples. Instead of a _session
property that is None until a connection is made, we instantiate a
ClientSessionGroup object and store it in _session_group. We changed
the connected object member to a dynamic property that checks if there
are any session objects in the session group’s sessions list. Then, we
have the connect method, which just takes a ServerParameters object.
This is actually a Python type alias for StdioServerParameters,
SseServerParameters, or StreamableHttpParameters. We use that to
connect to a single server, and all connection management is handled by
the session group. The flipside to this is that there isn’t support yet
for including callbacks when establishing the single ClientSession
objects. This can be worked around by accessing the “private” callback
properties of the ClientSession object, but this should be used
sparingly.


The ClientSessionGroup constructor also takes an optional hook in the
parameter component_name_hook, which is for renaming a component so as
to prevent naming collisions. This is just any function that takes a
string (the component name) and an
Implementation
object, and returns another string (the renamed component).












Best Practices


Some best practices aren’t yet fully established as yet, some are
established by the community, some are general engineering best
practices, but an overview of all these as they apply to clients will
help you quickly build resilient, production-ready MCP clients for your
own applications.










Security



	
Auth




	
Human
in the loop
















Resuming Connections



	
resuming (remote clients) - from the protocol spec, then how to do
with python sdk


	
If the client wishes to resume after a broken connection,
it SHOULD issue an HTTP GET to the MCP endpoint, and include
the Last-Event-ID header
to indicate the last event ID it received.




	
The server MAY use this header to replay messages that would have
been sent after the last event ID, on the stream that was
disconnected, and to resume the stream from that point.




	
The server MUST NOT replay messages that would have been delivered
on a different stream.

























Paginating Results



	
Supporting pagination for paginated results



	
which results are paginated, how to get the cursor (a PaginatedResult
has a nextCursor property), how to use it (list methods get a cursor
parameter)




















Client Info



	
Setting client_info in the Session constructor (not an established
best practice but worth using)
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