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What an Agent Is, and Why It's a Graph

Ask a language model, on its own, “where is my order?” and it will give you a confident, useless answer. It has no idea what your orders are. It can’t look them up, it can’t remember what you told it a minute ago, and it can’t take an action on your behalf. A raw model is a text function: you give it words, it gives you words back. That’s genuinely powerful — but it is not, by itself, an application.

The gap between “a model that talks” and “a system that helps a customer” is what this series is about. LangGraph is the tool for closing it. This first chapter builds the mental model everything else rests on: what an agent actually is, why an agent is naturally a graph, and how the pieces of the LangChain/LangGraph stack fit together. No prior LangChain knowledge is assumed. In fact, if you have some, part of this chapter warns you which of it is out of date. Everything here was run against the versions this series pins: langchain 1.3.14, langgraph 1.2.9 on Python 3.13.

What a model can’t do alone

Start with the limitation, because the whole design follows from it. A chat model takes a list of messages and returns one message. That’s the entire contract. Within it, the model is remarkable — it can write, summarize, reason, translate. But three things sit stubbornly outside that contract:


	It can’t access anything. Your order database, today’s prices, the document a user just uploaded — none of it is in the model. It knows only what its training left it with, frozen in the past.

	It can’t remember. Each call is independent. The model that answered your last question has no memory of it unless you resend the whole conversation every time.

	It can’t act. It can say “I’ll issue that refund,” but it cannot issue one. It produces text, never effects.



A useful assistant needs all three: it has to look things up, carry a conversation, and take actions. None of that is the model’s job — it’s the job of the code around the model. Give the model a way to request a database lookup, run the lookup for it, hand back the result, keep the conversation in a store, and let it decide what to do next. That surrounding orchestration turns a text generator into an application. Building it well is exactly what LangGraph exists for: keeping it from collapsing into a tangle of if statements and retry loops.

An agent is a loop

The word “agent” gets used loosely, so here is a precise, unglamorous definition you can hold onto: an agent is a language model running in a loop, with access to tools. That’s it. The loop has three beats:


	Reason. The model looks at the conversation and decides what to do next — answer directly, or use a tool.

	Act. If it needs a tool, it requests one (a database query, an API call, a calculation), and your code runs it.

	Observe. The tool’s result goes back to the model, which now knows something it didn’t.



Then it loops: reason again with the new information, act again if needed, until it has what it needs to answer. This reason–act–observe cycle has a name in the literature: ReAct. Strip away the buzz, and “building an agent” means building this loop. A customer asks “where’s order A17?”; the model reasons I should look that up, acts by calling a lookup_order tool, observes that it shipped, and answers. One trip around the loop. A harder question might take several trips: look up the order, check the shipping carrier, then compose a reply. It’s the same three beats repeating.

The reason this matters for what follows: a loop with a decision in it is not a straight line. It branches (answer, or use a tool?) and it repeats (loop back after the tool). Straight-line code doesn’t capture that shape well. A graph does.

Your first agent

Before any more theory, let’s see the loop run. Here is a complete, working agent — a model, one tool, and a question:

from langchain.agents import create_agent
from langchain_core.tools import tool
from langchain_ollama import ChatOllama   # a local model; swap for Claude below

@tool
def lookup_order(order_id: str) -> str:
    """Look up the current status of an order by its ID."""
    return f"Order {order_id}: shipped, arriving Tuesday"

agent = create_agent(
    model=ChatOllama(model="llama3.2:3b"),
    tools=[lookup_order],
)

result = agent.invoke({"messages": [("user", "Where is order A17?")]})
print(result["messages"][-1].content)
# Order A17 has shipped and should arrive Tuesday.

That’s a real agent, and it ran. create_agent from LangChain wires up the loop; you supplied the model and a single tool — an ordinary Python function with a description. When invoked, the agent reasoned that answering required the tool, called lookup_order("A17"), read the result, and composed a reply. You wrote a function and asked a question; the agent worked out that the function was the way to answer, and used it.

Notice what you didn’t write: no loop, no “did the model ask for a tool? if so, run it and call the model again” plumbing. That orchestration is what create_agent gave you. And the shape of that orchestration — the thing doing the looping and branching — is a graph.

Why an agent is a graph

Look again at the loop: start, reason (call the model), then either finish or act (run a tool) and loop back to reason. Draw that and you get boxes and arrows — nodes and edges — with one arrow that loops backward. That is a graph, and it’s not a metaphor. LangGraph represents an agent as a literal graph of steps, and because your agent is one, you can ask it to show you:

print(agent.get_graph().draw_mermaid())

graph TD;
    __start__ --> model;
    model -.-> __end__;
    model -.-> tools;
    tools -.-> model;

Read it as the loop you already understand. Control enters at model (the LLM reasons). From there it either goes to __end__ (the model had a final answer) or to tools (the model requested one). After tools runs, the arrow loops back to model so it can reason about what the tool returned. Four nodes, four edges, one cycle. That is the entire agent — there is no hidden machinery beneath it. The “agent” is a small graph with a loop in it.

This is LangGraph’s central idea, and its whole value. Other ways of building agents hide the loop inside a framework you can’t see into; when the agent misbehaves, you’re debugging a black box. LangGraph makes the loop an object you can print, draw, and — crucially — edit. Want a step that validates the model’s answer before replying? Add a node. Want to check a customer’s account before the model runs? Add a node earlier. Want a human to approve refunds? Add a pause. The graph is not a diagram of your agent; it is your agent, and everything in this series is a way of shaping it. By the end you’ll build graphs like this by hand, and this four-node loop will look small.

The stack: LangChain and LangGraph

You’ll see two names throughout this world, and it’s worth thirty seconds to place them, because their relationship confuses people.


	LangChain gives you the building blocks: a uniform way to call any model, the message and tool abstractions, prompt templates, connectors to data. The create_agent, @tool, and ChatOllama you just used are all LangChain.

	LangGraph gives you the graph: the runtime that executes those blocks as a graph of steps, with the state, looping, memory, and pausing that a real agent needs.



The key thing for a newcomer: in the current versions, these are one integrated stack, not competing choices. create_agent lives in LangChain, and what it returns is a LangGraph graph. Verified, its type is CompiledStateGraph — exactly the object we just drew. So “should I learn LangChain or LangGraph?” is the wrong question. You learn the building blocks (the first third of this series) and the graph that orchestrates them (the rest); they’re two layers of one thing.

One practical warning, and it’s the only reason this chapter looks backward at all. LangChain went through a large 1.0 reset that deleted its most-taught early APIs. If you find a tutorial built on LLMChain, initialize_agent, or AgentExecutor, it is out of date. Those classes were removed, and pasting their code into a current install raises ImportError. There’s a lot of that material out there, written before the reset, and it will send you down dead ends. This series is written against the current stack and pins its versions so you’re not guessing. When something you read elsewhere doesn’t match, trust the version that imports.

What this series builds

The path from here is deliberate, oldest-chapter to newest, as a curriculum:


	The primitives (next few chapters): models and messages, prompts, tools, and retrieval — the blocks every node is made of.

	The graph from scratch: building a StateGraph from an empty constructor, adding state, branching, loops, memory, human approval, and streaming. This is where “an agent is a graph” becomes something you do with your hands, not just a fact.

	Multi-agent systems: several agents that hand off to each other, run in parallel, and compose.

	The capstone: a complete bookshop support agent — a supervisor that routes customers to specialists, an orders agent that runs real SQL, a recommendations agent backed by retrieval, and a refund path gated behind a human. Every pattern in the series lands in that one system, and it runs end to end.



You don’t need any of it yet. You need the mental model from this chapter: a model that can’t act, an agent that wraps it in a reason–act–observe loop, and a graph that makes that loop visible and editable.

Following along

The examples show a local model (llama3.2:3b via Ollama) because it’s free and needs no account. Install Ollama, run ollama pull llama3.2:3b, and every example in this series runs on your laptop at zero cost. In production you’d use a stronger model like Claude, and switching is a single line:

from langchain.chat_models import init_chat_model
model = init_chat_model("anthropic:claude-haiku-4-5")   # needs an Anthropic API key

init_chat_model takes a "provider:model" string and returns a model with the same interface, so the provider is a detail you set once. This matters beyond convenience. Because the model is one swappable slot in the graph, the mechanics of this series were verified against the local model at no cost, and the Claude swap changes nothing about how the graph behaves. A small local model reasons and uses tools less reliably than Claude. Where a result genuinely depends on model quality, the text will say so plainly rather than pretend the local run proves it.

Final thoughts

A language model is a text function that can’t look things up, remember, or act. An agent is that model wrapped in a loop — reason, act with a tool, observe, repeat — that supplies exactly those missing abilities. And because a loop with a decision in it is a shape of nodes, edges, and a cycle, an agent is a graph. create_agent proved it by drawing itself for us: a four-node loop with nothing hidden underneath. That’s the idea to carry forward: the thing you’re building is a graph you can see and shape. Not that LangChain and LangGraph merged; that’s a footnote. Learning LangGraph is learning to shape it.





Models and Messages: How a Chat Model Actually Talks

If you’ve used an LLM through a simple API, you probably think of it as text-in, text-out: send a string, get a string. That mental model will quietly hurt you here, because a modern chat model doesn’t work that way. It takes a list of messages and returns one message. That difference isn’t pedantry. It’s how you give a model instructions separately from a user’s words, how you feed it the results of tools, and how a conversation carries forward. Every node you build in this series is, underneath, a function that assembles some messages and calls a model. So this chapter treats that one operation completely. Run against langchain-core 1.5.1 with langchain-ollama and langchain-anthropic 1.5.2.

Why messages, not text

The earliest LLM APIs really were text-in, text-out — “completion” models that continued a prompt. Chat models replaced them, and the reason is roles. When you build an assistant, three very different kinds of text go into a single request: your instructions (“be terse, never invent order data”), the user’s input (“where’s my order?”), and, later, the results of tools the model asked for. If all three were one flat string, the model couldn’t reliably tell which was which. A user could type “ignore your instructions” and have it blend right in with yours. Messages keep them separate. Each message carries a role that tells the model who is speaking, so your instructions stay distinct from the user’s words stay distinct from a tool’s output. That separation is the foundation everything else is built on.

The four message types

There are four roles you’ll use, each a class in langchain_core.messages:


	SystemMessage — your instructions, the behavior you want. Usually first, usually one. This is where “you are a bookshop support assistant; be concise” goes.

	HumanMessage — input from the user.

	AIMessage — what the model said back. You also construct these yourself when replaying a past conversation to the model.

	ToolMessage — the result of a tool call, handed back to the model. It carries an id linking it to the request it answers, and it earns its own treatment in the tools chapter; it’s here so the cast is complete.



A request is a list of these:

from langchain_core.messages import SystemMessage, HumanMessage

messages = [
    SystemMessage("You are a bookshop assistant. Be terse."),
    HumanMessage("What is the capital of France? One word."),
]

Every message also exposes a .type: "system", "human", "ai", "tool". That’s handy when you’re inspecting or filtering a message list — say, to pull out only the AI’s replies. The role is not decoration; it’s structural.

A conversation is a growing list

Here is the idea that unlocks memory later, so it’s worth slowing down on. The model has no memory of its own. Each call is independent — the model that answered your last question retains nothing. A conversation continues only because you keep the message list and hand the whole thing back each turn:

history = [SystemMessage("You are a bookshop assistant. Be terse.")]

history.append(HumanMessage("My name is Ada."))
reply = model.invoke(history)          # -> AIMessage("Hello, Ada.")
history.append(reply)                   # keep the AI's turn in the list

history.append(HumanMessage("What's my name?"))
model.invoke(history).content           # 'Ada.' — because the list still holds it

The second question is answerable only because the list still contains the first exchange. Drop the history and the model forgets instantly. This is why “memory” in this series will turn out to be nothing mystical — it’s saving and reloading this list. Hold onto the picture of a conversation as a list that grows by two messages a turn; the entire persistence story is built on it.

invoke: the basic call

invoke takes your message list and returns a single AIMessage:

from langchain_ollama import ChatOllama

model = ChatOllama(model="llama3.2:3b", temperature=0)
reply = model.invoke(messages)

reply.content            # 'Paris.'
type(reply).__name__     # 'AIMessage'

The AIMessage is richer than its .content, and two attributes pay off immediately:

reply.usage_metadata
# {'input_tokens': 24, 'output_tokens': 3, 'total_tokens': 27}
reply.response_metadata
# provider-specific dict: model name, stop/finish reason, timing, ...

usage_metadata is your token accounting, and it matters because of cost. Providers bill per token, and this field reports input_tokens, output_tokens, and total_tokens with the same keys across every provider. That uniformity lets you track spend the same way whether you’re on Claude or a local model. It’s also the field the observability chapter sums to answer “which agent is burning the budget?”. response_metadata, by contrast, is provider-specific. On the local model it carries things like the finish reason and generation timings; on Claude it carries Anthropic’s own fields. Reach for usage_metadata when you want portable numbers and response_metadata when you need a provider detail.

The convenience forms

Constructing HumanMessage(...) for every turn gets tedious, so the model accepts shorthands. A bare string becomes a single HumanMessage, and (role, content) tuples expand to the matching types:

model.invoke("Capital of France?")                    # one HumanMessage
model.invoke([("system", "Be terse."),
              ("human", "Capital of France?")])         # System + Human

These are sugar — they become the same message objects internally — but they’re what you’ll actually write for quick prompts. The explicit classes matter when you construct messages programmatically (building history, injecting a tool result); the tuples matter when you’re writing a prompt inline.

stream, batch, and async

invoke waits for the whole reply. Three variations cover the other shapes of call you’ll need.

stream yields the reply as it’s generated, one AIMessageChunk at a time — the “typing” effect:

for chunk in model.stream("Count to five."):
    print(chunk.content, end="", flush=True)

Each chunk is an AIMessageChunk, a partial AIMessage that supports +, so you can add them up into a whole message if you need one at the end. Streaming is what keeps a UI from feeling frozen, and the streaming chapter scales the idea up to streaming a whole graph’s progress.

batch runs many independent inputs concurrently, with the provider’s parallelism handled for you:

model.batch(["Capital of France?", "Capital of Japan?"])   # -> [AIMessage, AIMessage]

Use batch for unrelated calls (classify a hundred reviews at once); use a loop only when each call depends on the previous one’s answer.

Async twins exist for every method — ainvoke, astream, abatch — and return the same types. In a web handler serving many users, you want the async forms so one slow model call doesn’t block the others:

reply = await model.ainvoke("hi")   # -> AIMessage, without blocking the event loop

Verified: ainvoke returns an AIMessage just like invoke. You’ll reach for async once the graph is behind an HTTP endpoint in the deployment chapter; until then, the sync forms keep examples simple.

Structured output: a typed object, not a string

Often you don’t want prose, you want fields — a category, a score, a set of extracted values. with_structured_output binds a schema (a Pydantic model) to the chat model so invoke returns a validated instance of that class instead of an AIMessage:

from pydantic import BaseModel, Field

class Book(BaseModel):
    title: str = Field(description="the book title")
    year: int = Field(description="year first published")

extractor = model.with_structured_output(Book)
book = extractor.invoke("Extract the book: 'Dune' came out in 1965.")
book.title    # a str
book.year     # an int

You get a Book back, with .title and .year already validated to the right types. No parsing, and no “please respond in JSON” prompt-wrangling. Under the hood LangChain uses the provider’s native structured-output or tool-calling mechanism to enforce the shape. The field descriptions are load-bearing: the model reads them to know what to put where, so Field(description=...) is worth writing carefully.

Now the caveat, and it’s the kind of thing only running reveals: structured output guarantees the shape, not the content. Run the example above against the small local llama3.2:3b and the returned object is a valid Book with year=1965. But the model mis-filled title with "Publication Year" instead of "Dune". The framework did its job: a typed, validated object came back. The 3B model’s extraction was simply weak; Claude fills both fields correctly. The lesson generalizes across the whole series: structured output removes parsing failures, never reasoning failures, and what lands in the fields is still the model’s problem. A validated wrong answer is still a wrong answer.

init_chat_model: the provider is a detail

Every example so far names ChatOllama directly. Real code rarely hard-codes a provider class, because you’ll want to swap models by configuration: Claude in production, a local model in tests, a cheaper model for a bulk step. init_chat_model is the generic initializer. Hand it a "provider:model" string and it returns the right chat model.

from langchain.chat_models import init_chat_model

model = init_chat_model("anthropic:claude-haiku-4-5")   # needs an Anthropic key
model = init_chat_model("ollama:llama3.2:3b")            # fully local, no key

The object it returns has the identical interface: invoke, stream, batch, with_structured_output, bind_tools, and the async twins. So nothing downstream changes when you switch the string. This is the seam that makes LangGraph model-agnostic, and it’s not just a convenience. Because the model is one swappable slot, this series verifies its mechanics against the local model, confident the Claude swap is lossless.

Common tuning parameters are constructor arguments and mean what you’d expect: temperature (0 for deterministic output, higher for more varied), max_tokens (a cap on reply length), timeout. Set them where the model is created so the whole graph inherits one configured model. A graph with a temperature=0 model routes and reasons the same way every run — exactly what you want while you’re building and testing.

Final thoughts

The shape is the lesson: messages in, a message out. A model call is a pure function from a list of role-tagged messages to one AIMessage. A conversation is that list growing by two messages a turn — which is why there’s no hidden memory to manage, only a list to keep. Roles keep your instructions, the user’s words, and tool results distinct. invoke blocks, stream yields chunks, batch parallelizes, and the a-prefixed twins do it without blocking. usage_metadata gives you portable token counts. with_structured_output swaps the reply for a validated object while leaving the reasoning to the model, and init_chat_model turns the provider into one line of config. Every node in the rest of this series is built on exactly this call.





Prompts, LCEL, and the Pipe That Composes Them

You now have a model that takes messages and returns a message. In real code you almost never hand it a fixed list of messages. You have a template with holes (“you are a {tone} assistant”) and a value to drop in each hole. Usually there’s a step before (fill the template) and a step after (shape the result). That’s a small pipeline: fill, call, parse. How do you wire pipeline steps together cleanly? LangChain’s answer is a single operator: the pipe, |. It’s the last building block before the graph, and understanding it makes the graph itself feel familiar. A graph is what you get when a pipeline needs to branch and loop. Run against langchain-core 1.5.1.

Prompt templates

Hard-coding a prompt string is fine for a demo and wrong for an application, where the instructions are fixed but the user’s input varies. A ChatPromptTemplate is a message list with named variables you fill at call time:

from langchain_core.prompts import ChatPromptTemplate

prompt = ChatPromptTemplate.from_messages([
    ("system", "You are a {tone} assistant."),
    ("human", "{question}"),
])
prompt.invoke({"tone": "terse", "question": "Capital of France?"})
# ChatPromptValue -> [SystemMessage('You are a terse assistant.'), HumanMessage('Capital of France?')]

Notice the template itself has an invoke — filling it is a call that returns messages, the same shape a model consumes. That’s not a coincidence; it’s the design, and the next section names it.

For the common case of splicing in a running conversation, MessagesPlaceholder reserves a slot for a whole list of messages:

from langchain_core.prompts import MessagesPlaceholder

prompt = ChatPromptTemplate.from_messages([
    ("system", "You are a {tone} assistant."),
    MessagesPlaceholder("history"),
    ("human", "{question}"),
])
prompt.invoke({"tone": "terse", "history": past_messages, "question": "and its population?"})

history takes a list of Message objects — the growing conversation from the last chapter — and drops them in verbatim, between the system instructions and the new question. This is how a chat keeps context while your code supplies only the new turn. It’s also exactly where saved history comes back in once persistence starts reloading it.

Everything is a Runnable

Here’s the unifying idea, the one to hold. The prompt has invoke. The model has invoke. So does an output parser. They all implement one interface — Runnable — which guarantees invoke, stream, batch, and their async twins on every piece. Because they share that interface, they compose, and the operator that composes them is |:

chain = prompt | model

chain is itself a Runnable. chain.invoke({...}) feeds the dict to the prompt, passes the resulting messages to the model, and returns the model’s AIMessage. Read | as “pipe the output of the left into the right” — the same mental model as a Unix shell pipe. That’s why this composition is called LCEL, the LangChain Expression Language. That name sounds like a new language to learn; it isn’t. It’s operator overloading on Runnable. Once you see that, “expression language” demystifies into “objects with an invoke, chained with a pipe,” and the intimidation drains out of it.

Adding a parser

The model returns an AIMessage. Often you want just its text. StrOutputParser is a Runnable that pulls .content out, so it clips onto the end of the pipe:

from langchain_core.output_parsers import StrOutputParser

chain = prompt | model | StrOutputParser()
chain.invoke({"tone": "terse", "question": "Capital of France?"})
# 'Paris.'

Now the chain returns a string. (A precise note: the value’s concrete type is TextAccessor, a str subclass. It is a string for every practical purpose, so .upper(), slicing, and concatenation all work.) For typed output you don’t add a parser at all. You use with_structured_output on the model, from the previous chapter, which enforces a Pydantic schema through the provider instead of parsing text and hoping. StrOutputParser for “just the text,” with_structured_output for “these fields,” and the old PydanticOutputParser for neither, since it’s superseded.

The payoff: stream, batch, retry, fall back — free

Why compose with | instead of calling three functions by hand? Because the composed chain is still a Runnable, so it inherits the entire interface. Build the chain once and every capability comes with it:

chain.invoke({...})           # run it
chain.batch([{...}, {...}])   # run many concurrently
for tok in chain.stream({...}):
    print(tok, end="")         # stream tokens through the whole chain

Streaming threads through the pipe — tokens flow from the model, through the parser, out to you, with no wiring on your part. Batching runs inputs concurrently across the whole chain. You wrote a three-stage pipeline and got streaming and concurrent execution of it for nothing, because every stage already spoke Runnable.

The same inheritance gives you two production essentials as one-liners. Models and APIs fail intermittently; a Runnable can retry itself with backoff, and fall back to an alternative when it’s exhausted:

robust = (prompt | model).with_retry(stop_after_attempt=3)          # retry transient failures
robust = (prompt | model).with_fallbacks([prompt | backup_model])   # or switch models on failure

Verified: .with_retry(...) returns a RunnableRetry and .with_fallbacks([...]) a RunnableWithFallbacks, each still a Runnable you keep piping. This is the cheap, correct way to make a chain resilient: a rate-limited model retries instead of erroring, and a flaky primary falls back to a backup. And it’s available on any Runnable, chain or single step, because resilience is part of the interface too.

The glue Runnables

Real chains reshape data between stages, and three small Runnables cover almost all of it:

from langchain_core.runnables import RunnableLambda, RunnableParallel, RunnablePassthrough

double = RunnableLambda(lambda x: x * 2)                 # wrap any function; double.invoke(21) -> 42

RunnableParallel(shout=str.upper, size=len).invoke("hi") # run branches at once, collect a dict
# {'shout': 'HI', 'size': 2}

RunnablePassthrough.assign(upper=lambda d: d["text"].upper()).invoke({"text": "ada"})
# {'text': 'ada', 'upper': 'ADA'}  — pass input through, add a computed key

RunnableLambda lifts a plain function into the pipe, so any Python you need mid-chain becomes a stage. RunnableParallel runs several Runnables on the same input concurrently and gathers a dict. That’s the exact shape a RAG chain uses to fetch context and forward the question together. RunnablePassthrough.assign augments a dict without dropping what’s already there. Put them together and a two-step chain reads cleanly:

# summarize a review, then classify the summary's sentiment — two model calls, one expression
chain = (
    RunnablePassthrough.assign(summary=summarize_chain)   # add a 'summary' key
    | classify_chain                                       # classify using it
)

These glue pieces are what make the RAG chain two chapters from now a single expression rather than a tangle of intermediate variables.

A note on config

Every invoke/stream/batch takes an optional config — a RunnableConfig dict — that rides through the whole chain. It carries a run name and tags, useful when you turn on tracing and want to find a specific run. It also carries a concurrency limit for batches, and — importantly later — the configurable values LangGraph uses for a graph’s thread_id. You’ll mostly ignore it now and lean on it once graphs and persistence arrive; it’s worth knowing the seam exists.

Where LCEL stops

LCEL is a straight pipe: data flows left to right through a fixed sequence, with optional parallel branches that rejoin. That covers an enormous amount — any transform-and-call pipeline — and you should reach for it whenever the flow is linear. What it cannot express is control flow: looping until a condition holds, branching to different next steps based on what the model said, pausing for a human, running an agent that chooses its own path. The instant your flow has a cycle or a genuine decision in it, you’ve outgrown the pipe.

That’s not a flaw in LCEL; it’s the line where LangGraph begins. A pipe is a graph with no branches and no loops — LangGraph is what you use when you need the branches and loops. Every chain you build with | is a special case of a graph. That’s why the two compose so cleanly: LCEL chains routinely appear as nodes inside graphs. Keep LCEL for the linear stretches, and reach for the graph the moment the arrows stop all pointing the same way. Knowing where the pipe ends is knowing when you’ve arrived at the real subject of this series.

Final thoughts

Prompt templates parameterize the fixed-instruction/variable-input split. Every piece — prompt, model, parser, glue — implements Runnable, so | chains them into a pipeline that streams, batches, retries, and falls back for free. The glue Runnables reshape data between stages. LCEL isn’t a language; it’s invoke plus operator overloading. Its one hard boundary — no loops, no real branching — is exactly the boundary that hands you off to the graph. You’ve now met every primitive there is: messages, models, prompts, composition. Two chapters give the model hands and knowledge, and then we build the graph those primitives run inside.





Tools: Giving a Model Hands

A model on its own can only produce text. It can’t check an order status, query a database, or call an API — it can only say it would like to. A tool closes that gap: it’s a plain Python function you hand the model, and the model can choose to call it. Tools are how an agent gets its ability to act, the missing capability from Chapter 1. The subtlety that trips everyone up at first is who does the calling. We’ll be precise about it, then treat the tool completely: design, invocation, parallel calls, and failure. Run against langchain-core 1.5.1 and langgraph 1.2.9.

The model requests; your code runs

Here is the mental model, stated flatly because the phrase “tool call” hides it: the model never runs your function. When you give a model tools and it decides one is needed, the model returns a request — a structured “please call lookup_order with order_id='A17'.” Your code (or LangGraph) executes the function, and you feed the result back to the model as a message. Then the model continues, now knowing the answer.

That request–run–return cycle is the entire tool mechanism, and it’s the ReAct loop from Chapter 1 seen up close. It also explains a security property worth internalizing early: because your code runs the tool, you decide what a tool is allowed to do. The model can request run_sql, but if you wrote run_sql to open the database read-only, no request it makes can write to it. The model proposes; your code disposes. Everything below is the concrete API for each step.

The @tool decorator

You turn a function into a tool with @tool. The decorator reads three things off the function, and each matters:

from langchain_core.tools import tool

@tool
def lookup_order(order_id: str) -> str:
    """Look up the status of an order by its ID."""
    return f"Order {order_id}: shipped"


	The name (lookup_order) is how the model refers to it.

	The type hints (order_id: str) become the argument schema the model must fill.

	The docstring becomes the tool’s description — and this is the load-bearing part. The docstring is not documentation for you; it is the instruction the model reads to decide whether and when to call this tool. A vague docstring produces a model that calls the tool at the wrong times, or not at all. Treat it as prompt engineering, because that is what it is.



You can inspect exactly what the model will see:

lookup_order.name          # 'lookup_order'
lookup_order.description   # 'Look up the status of an order by its ID.'
lookup_order.args          # {'order_id': {'title': 'Order Id', 'type': 'string'}}
lookup_order.invoke({"order_id": "A17"})   # 'Order A17: shipped'

For richer arguments — defaults, validation, per-field descriptions — supply a Pydantic args_schema, and the field descriptions join what the model reads:

from pydantic import BaseModel, Field

class SearchArgs(BaseModel):
    query: str = Field(description="what to search for")
    limit: int = Field(default=5, description="max results to return")

@tool("search", args_schema=SearchArgs)
def search(query: str, limit: int = 5) -> str:
    """Search the product catalog."""
    return f"{limit} results for {query}"

Designing tools the model can use

Tool design is half of whether an agent works, and it’s less about code than about the model’s point of view. A few principles that pay off:


	One clear job per tool. A lookup_order and a search_catalog the model can choose between beat a single do_bookshop_thing(action, ...) it has to configure. The model picks tools by their descriptions; distinct, well-named tools are easy to pick correctly.

	Few, relevant tools. A model given fifty tools chooses worse than one given five. If a request only ever touches orders, the orders specialist should carry only order tools. That’s a preview of why multi-agent systems scope tools to specialists.

	Return what the model needs to reason, as text. A tool’s return value is serialized and shown to the model. So return a concise, informative string (or structured data — below), not a giant blob it has to wade through.



These aren’t style preferences; they measurably change how often the model calls the right tool with the right arguments.

bind_tools: telling the model what it can call

A tool the model doesn’t know about is just a function. bind_tools attaches tools to a model so the model can emit calls to them:

model_with_tools = model.bind_tools([lookup_order, search])
reply = model_with_tools.invoke("What's the status of order A17?")

reply.content       # often '' — the model chose to call a tool instead of talking
reply.tool_calls
# [{'name': 'lookup_order', 'args': {'order_id': 'A17'}, 'id': 'call_abc', 'type': 'tool_call'}]

The reply is still an AIMessage, but now it may carry tool_calls. That’s a list of requests, each with the tool name, the args, and an id you’ll need to match the result back. When the model decides to call a tool, content is usually empty; the intent lives in tool_calls, not the text. So the first thing your loop checks after a model call is “did it ask for a tool?” — if reply.tool_calls:.

One wrinkle verified against the small local model: a weak model sometimes returns arguments with the wrong Python type — {'limit': '3'} (a string) instead of {'limit': 3}. The tool’s schema coerces on execution, so it still works, but tool_calls reflects what the model produced, and a smaller model produces it less cleanly. Claude gets the types right; write your tools to tolerate the messy case anyway.

Parallel tool calls

tool_calls is a list for a reason: a model can request several tools in one turn when they’re independent. Asked “what’s the weather in Paris and Tokyo?”, a capable model emits two calls at once, and you run them together rather than in two round-trips. The mechanism supports it fully; whether the model uses it is a model-quality matter. Verified honestly: the small llama3.2:3b returned a single tool_call for that two-city question rather than two, where a stronger model would parallelize. So write your tool-running code to handle a list of calls, which ToolNode (below) does. You then get parallelism for free from whatever model is capable of it, without assuming every model will.

Closing the loop with a ToolMessage

You have a request. You run the tool. Now you feed the result back so the model can use it. It goes back as a ToolMessage, tagged with the call’s id so the model knows which request it answers:

from langchain_core.messages import ToolMessage

call = reply.tool_calls[0]
result = lookup_order.invoke(call["args"])          # your code runs it
tool_msg = ToolMessage(content=result, tool_call_id=call["id"])

final = model_with_tools.invoke([
    HumanMessage("What's the status of order A17?"),
    reply,        # the AIMessage that asked for the tool
    tool_msg,     # the result you're handing back
])
final.content     # 'Order A17 has shipped.'

Read that message list top to bottom and the loop is visible: the human asked, the AI requested a tool, the tool answered, and — given all three — the AI produced its final reply. That is a complete tool-call turn, by hand. It’s worth doing once, because it’s exactly what the graph automates. When a graph “mysteriously” loops or stops, this four-message picture is what you’ll debug against.

ToolNode: the loop as a graph node, inside a graph

Running tool calls, matching ids, appending ToolMessages, handling the parallel-call list: LangGraph packages all of it as ToolNode. It’s a prebuilt node that takes the tool calls off the latest AIMessage in state and runs them. But there’s a sharp edge only running the code reveals:

from langgraph.prebuilt import ToolNode

tools = ToolNode([lookup_order, search])
tools.invoke({"messages": [reply]})
# ValueError: Missing required config key 'N/A' for 'tools'.

Calling ToolNode.invoke standalone fails, even with an empty config. ToolNode is a graph node; it expects the runtime context a compiled graph provides, and it doesn’t run on its own. The correct usage is to put it in a graph:

from typing import Annotated, TypedDict
from langgraph.graph import StateGraph, START, END
from langgraph.graph.message import add_messages

class State(TypedDict):
    messages: Annotated[list, add_messages]

g = StateGraph(State)
g.add_node("tools", tools)
g.add_edge(START, "tools")
g.add_edge("tools", END)
app = g.compile()

app.invoke({"messages": [reply]})["messages"][-1].content   # '3 results for sci-fi'

Inside a graph it runs cleanly, and it handles the whole list of tool_calls — including parallel ones — appending a ToolMessage per call. Don’t reach for ToolNode as a standalone helper; it’s a piece of a graph, and it tells you so. (Everything else in that snippet — StateGraph, add_messages, the State schema — is the next graph chapter’s subject; here it’s just the harness that makes ToolNode legal.)

Errors are messages too

When a tool raises, you usually don’t want the graph to crash. You want the model to see the error and react: retry, apologize, try a different tool. The pattern is to catch the exception and return it as the tool result, so it flows back as a ToolMessage like any other. ToolNode does this by default: a tool that raises becomes a ToolMessage carrying the error text, and the model gets a chance to recover rather than the run dying. This is why an agent can gracefully handle a mistyped argument or a down API. The failure is just another observation in the loop, and the model treats it as one. It’s also a design lever. A well-written error message (“no order found with that ID; ask the customer to re-check it”) steers the model’s recovery, so tool errors deserve the same care as tool descriptions.

Final thoughts

A tool is a function with a good docstring, and bind_tools lets the model request it. The model’s tool_calls (a list, possibly parallel) say what to run, and a ToolMessage carries each result back so the model can continue. That request–run–return loop is the ReAct pattern, and you built one turn of it by hand. ToolNode automates the running — the ids, the list, the errors — with the caveat that it lives inside a graph and nowhere else. Two habits carry the most weight: write the docstring for the model, not for yourself, and write the tool so no request it grants can do damage you didn’t intend. Tools are the model’s hands; you decide what those hands can reach.





Retrieval and RAG: Giving a Model Knowledge

A model knows what was in its training data and nothing else — not your company’s return policy, not last week’s prices, not the document a user uploaded a minute ago. Tools are one way to close that gap, by letting the model call an API for live or structured data. Retrieval is the other, and it’s the right one for unstructured knowledge. You fetch the text relevant to the question and put it directly in the prompt, so the model answers from it. Retrieval-Augmented Generation — RAG — is that pattern. This chapter builds one end to end, then shows where it fits into a graph. Run against langchain-core 1.5.1, langchain-text-splitters, and langchain-ollama embeddings.

Two phases: index once, retrieve per question

RAG confuses people until they see it’s two separate jobs that happen at different times.

Indexing happens once, ahead of time. You take your documents, split them into chunks, turn each chunk into a vector (a list of numbers capturing its meaning), and store the vectors. This is setup — you do it when documents change, not per request.

Retrieval-and-generation happens on every question. You embed the question into a vector, find the stored chunks whose vectors are closest to it, drop those chunks into the prompt, and let the model answer from them. The model never “learns” your data — it’s handed the relevant slice at question time and reasons over it, then forgets it. Five verbs total: split, embed, store (indexing) and retrieve, generate (per question). Everything below is one of those five.

Documents and splitting

A Document is text plus metadata:

from langchain_core.documents import Document
doc = Document(page_content="Returns are allowed within 30 days with a receipt.",
               metadata={"source": "returns-policy", "topic": "returns"})

That metadata isn’t decorative — we’ll filter on it shortly. Real documents are too long to embed or retrieve as one blob. You’d blow the context window, and retrieval would be imprecise, because a whole manual is “sort of” relevant to everything. So you split them into chunks. RecursiveCharacterTextSplitter is the default workhorse. It tries to split on paragraph, then sentence, then word boundaries, keeping chunks near a target size:

from langchain_text_splitters import RecursiveCharacterTextSplitter

splitter = RecursiveCharacterTextSplitter(chunk_size=120, chunk_overlap=20)
chunks = splitter.split_documents(long_docs)     # -> list[Document]

Two knobs decide retrieval quality. chunk_size trades precision against context. Smaller chunks retrieve a tighter, more relevant slice but risk cutting a thought in half. Larger chunks keep ideas whole but dilute relevance, so a match drags in surrounding noise. chunk_overlap repeats a little text between adjacent chunks, so a sentence split across a boundary still appears intact in at least one. There’s no universal right answer; it depends on your documents. That’s why this is a knob a practitioner tunes rather than sets once. Verified: a document run through the splitter above produced 9 chunks of ~113 characters each. When retrieval quality is poor, this is the first place to look, before you blame the model.

Embeddings

An embedding turns text into a vector positioned so that semantically similar text lands nearby. That’s what makes retrieval work on meaning rather than keywords: “how do loyalty points work?” retrieves a chunk about earning points even though it shares no words with the query.

from langchain_ollama import OllamaEmbeddings
embeddings = OllamaEmbeddings(model="nomic-embed-text")   # local, no key
embeddings.embed_query("loyalty points")                   # -> [0.021, -0.118, ...]

You embed with a dedicated embedding model, not a chat model — different models for different jobs. This series uses nomic-embed-text locally; in production you’d swap in a provider’s embeddings the same way you swap a chat model. The one rule you cannot break: embed your documents and your queries with the same model. Two different embedding models produce vectors in incompatible spaces, so “closest” becomes meaningless. It’s a silent failure that returns plausible-looking garbage.

A vector store, without the dependencies

A vector store holds the chunk vectors and does the similarity search. For learning and for plenty of production cases, InMemoryVectorStore from langchain-core is all you need — no external service, no extra package:

from langchain_core.vectorstores import InMemoryVectorStore

store = InMemoryVectorStore.from_documents(chunks, embeddings)   # index once
store.similarity_search("how do loyalty points work?", k=1)       # -> [Document, ...]

Older tutorials reach for FAISS or Chroma via langchain-community, but langchain-community is being sunset. It warns on import and points you to standalone packages. InMemoryVectorStore sidesteps that entirely for anything that fits in memory. When you outgrow it, the migration is to a standalone package (langchain-chroma, langchain-postgres) with the same interface. You swap the store, not the pipeline.

Seeing the scores, and filtering by metadata

Two capabilities turn a toy retriever into a usable one. First, you can see how relevant each hit is. similarity_search_with_score returns (document, score) pairs, so you can threshold — drop anything below a relevance floor rather than always taking the top k:

store.similarity_search_with_score("refund window", k=1)
# [(Document('returns within 30 days'), 0.51)]   # score is a float you can threshold on

Verified: the call returns a float score (0.51 here) alongside the document. When retrieval sometimes drags in a weakly-related chunk, a score threshold is how you cut it.

Second, you can filter by metadata — restrict the search to a subset of documents. If a question is about returns, search only the returns docs, so an unrelated-but-similar chunk can’t win:

store.similarity_search("anything", k=2, filter=lambda d: d.metadata["topic"] == "loyalty")
# only chunks whose metadata topic is 'loyalty' are considered

Verified: the filter restricts results to matching metadata. This is how real RAG scopes retrieval: by document source, by date, by the current user’s permissions. It’s often the difference between a system that answers from the right document and one that confidently answers from the wrong one.

The retriever is a Runnable

store.as_retriever() wraps the store as a retriever, and a retriever is a Runnable — it has invoke, so it composes with the pipe like everything else:

retriever = store.as_retriever(search_kwargs={"k": 4})
retriever.invoke("how do loyalty points work?")   # -> [Document(...), ...]

The search_kwargs is where k and a metadata filter live for the retriever form, so the tuning above carries straight into the chain. Verified against the local embeddings, the query pulled back the chunk about earning points — a semantic match, not a keyword hit. Because the retriever is a Runnable, the whole RAG pipeline is one LCEL expression.

The full RAG chain

Now assemble it. The trick is running two things at once: fetch context for the question and keep the question itself, then feed both to the prompt. That’s exactly what RunnableParallel is for:

from langchain_core.prompts import ChatPromptTemplate
from langchain_core.output_parsers import StrOutputParser
from langchain_core.runnables import RunnableParallel, RunnablePassthrough

prompt = ChatPromptTemplate.from_template(
    "Answer using ONLY the context. If it's not in the context, say you don't know.\n\n"
    "Context:\n{context}\n\nQuestion: {question}"
)

def format_docs(docs):
    return "\n\n".join(d.page_content for d in docs)

rag = (
    RunnableParallel(
        context=retriever | format_docs,   # fetch + join the chunks
        question=RunnablePassthrough(),      # pass the question straight through
    )
    | prompt
    | model
    | StrOutputParser()
)

rag.invoke("How many days do I have to return a book?")
# 'You have 30 days to return a book, per the return policy.'

Read the pipe. The question enters RunnableParallel, which retrieves-and-formats the context on one branch while forwarding the question on the other, producing {context, question}. The prompt fills its two holes. The model answers. The parser returns a string. Verified end to end against the local model: the correct chunk retrieved, a grounded answer. Every piece is a Runnable, so this chain streams and batches for free, exactly as Chapter 3 promised.

Grounding, and its failure modes

The prompt does real work: “answer using ONLY the context” is what keeps the model from falling back on its training and inventing a policy. This is RAG’s core discipline. The model answers from the retrieved text, and says it doesn’t know when the text doesn’t cover the question, rather than confabulating. It’s not bulletproof. A model can still stray, but the honest, dominant failure mode is retrieval failure. If the right chunk isn’t in the top-k, the model answers from thin context, and no grounding instruction can save it. This is why the tuning above matters: chunk size, overlap, k, score thresholds, metadata filters. It’s also why real systems log what was retrieved for every answer, so a bad reply can be traced to a bad retrieval. When you later want to measure this, the evaluation chapter’s heuristic evaluators (“did we retrieve the chunk that contains the answer?”) are how. Grounding quality is a model-and-retrieval property, not a framework guarantee — the same honesty that applies to structured output.

Retrieval, tools, and where this goes in a graph

Retrieval and tools both give a model knowledge it lacks, and the line is clean. Use retrieval for unstructured, mostly-static knowledge you can index ahead of time: policies, docs, manuals, a knowledge base. Use a tool for structured or live data and for actions: the status of a specific order, today’s price, placing a booking. “What books are like this one?” is a retrieval question; “where is order A17?” is a tool question. The capstone uses both, retrieving over the catalog for recommendations while calling a tool for order status.

One forward pointer, because it changes how you’ll deploy RAG. The chain above is a pipe, fine for a pure question-answering endpoint. But inside an agent, retrieval is usually a node in a graph — a step that fetches context before the model reasons — so it can sit alongside routing, memory, and tool use rather than standing alone. The retriever being a Runnable is exactly what lets it drop into a graph node unchanged, which is how the recommendations specialist works in the capstone.

Final thoughts

RAG is five verbs — split, embed, store, retrieve, generate — wired with the pipe you already know. The parts that decide whether it works are unglamorous: chunk size and overlap, the value of k, score thresholds, metadata filters, and a prompt that pins the model to the retrieved context. InMemoryVectorStore keeps it dependency-free until you genuinely need a database, and the retriever being a Runnable means the RAG chain is just LCEL — and drops into a graph node when the time comes. That completes the primitives: messages, models, prompts, composition, tools, and knowledge. From here the flow stops being a straight pipe and becomes a graph.





The StateGraph from Scratch

Everything so far has been a straight pipe: data in one end, out the other. A graph is what you reach for when the flow branches, loops, or pauses — and Chapter 1 showed that even a create_agent is one of these underneath. This is the chapter where “an agent is a graph” stops being a slogan and becomes something you build with your hands. We construct a StateGraph from an empty constructor up. Once its three pieces — state, nodes, edges — click, every advanced feature in the rest of the series is a small variation on them. Run against langgraph 1.2.9.

Why a graph needs state

A single model call is stateless — messages in, a message out. But a real process has steps: retrieve, then reason, then call a tool, then answer. Those steps need somewhere to leave notes for each other — the retrieved context, the conversation, a flag saying “the human approved.” That shared notebook is the state, and it’s the first thing that separates a graph from a pipe. In a pipe, each stage’s output is simply the next stage’s input; there’s no shared scratchpad. In a graph, every node reads from and writes to one shared, typed state. That’s what lets a later node use what an earlier one figured out, even across a loop or a pause.

So a LangGraph program is three things:


	State: a shared, typed object every node can read and write — the graph’s working memory.

	Nodes: functions that take the state and return an update to it.

	Edges: the wiring that says which node runs next.



You define the state’s shape, write the nodes, connect them with edges, and compile(). That’s the entire model. Let’s build one.

State is a typed schema

The state declares the named channels the graph carries. The common form is a TypedDict:

from typing import TypedDict

class State(TypedDict):
    question: str
    answer: str

Each key is a channel — a named slot nodes read from and write to. The compiled graph’s input and output are dicts of this shape. Think of it as a small, explicit set of labeled slots, not a bag of loose variables. Naming the channels up front is what lets LangGraph route data between nodes and merge their updates predictably.

You can also declare state as a Pydantic model, which buys you input validation — the graph rejects an invocation whose input doesn’t match the types:

from pydantic import BaseModel

class State(BaseModel):
    question: str
    answer: str = ""

One verified wrinkle: even with a Pydantic state schema, the graph’s output is still a plain dict, not a model instance. The schema validates and shapes input, but you read results with result["answer"], not result.answer. Use a TypedDict for simplicity (this series’ default), and Pydantic when you want the input validation. The graph behaves the same either way.

Nodes return partial updates

A node is a function from state to a partial update — a dict of just the channels it wants to change. It does not mutate the state in place, and it does not return the whole state; it returns only its delta:

def answer_node(state: State) -> dict:
    q = state["question"]
    return {"answer": f"You asked: {q}"}   # only touches the 'answer' channel

Returning a partial update is the key discipline, and it’s what makes nodes composable. answer_node reads question and writes answer; it says nothing about question, so question is left untouched. Each node declares only what it produces, and LangGraph merges those declarations into the evolving state. This is different from ordinary function-calling, where you’d thread the whole state through every call. Here a node is a small, focused transform that announces its one contribution and ignores the rest.

Edges wire it together

Edges connect nodes. Two sentinels, START and END, mark where execution enters and leaves:

from langgraph.graph import StateGraph, START, END

builder = StateGraph(State)
builder.add_node("answer", answer_node)
builder.add_edge(START, "answer")
builder.add_edge("answer", END)

graph = builder.compile()
graph.invoke({"question": "what is a graph?", "answer": ""})
# {'question': 'what is a graph?', 'answer': 'You asked: what is a graph?'}

The string "answer" is the node’s name — how edges refer to it and how it shows up when you draw the graph. compile() returns a CompiledStateGraph, and — the through-line from Chapter 3 — it’s a Runnable. It has invoke, stream, and batch. So a graph drops into any place a chain would, and a chain drops into a graph as a node. The two systems are one substrate; the graph just adds the branches and loops the pipe couldn’t express.

Reducers: overwrite, merge, or your own rule

Here is the concept that separates people who “get” LangGraph from people who fight it. When a node returns an update to a channel, what happens to the value already there? By default it’s overwritten — the new value replaces the old:

class State(TypedDict):
    value: int   # plain channel: each write overwrites

If node A writes value=1 and node B writes value=2, the final value is 2. Last write wins. That’s right for a channel holding a single current value, like answer. It’s exactly wrong for a channel that should accumulate — a log, a list of results, a conversation. For those you attach a reducer: a function that says how to combine the old value with the new. You declare it with Annotated:

from typing import Annotated
import operator

class State(TypedDict):
    value: int                               # overwrite
    log: Annotated[list[str], operator.add]  # merge by concatenation

Now a write to log appends instead of replacing, because operator.add on lists concatenates. Verified: with node A returning {"value": 1, "log": ["a"]} and node B returning {"value": 2, "log": ["b"]}, the final state is value=2 (overwritten) and log=['a', 'b'] (merged). The channel’s type annotation decides its behavior. So getting the reducer right is the difference between a graph that does what you mean and one where a list mysteriously keeps resetting to a single element.

A reducer is just a function (old, new) -> merged, so you can write your own when neither overwrite nor append fits. Say a channel should keep the highest value any node has written:

def keep_max(old: int, new: int) -> int:
    return max(old, new)

class State(TypedDict):
    high_score: Annotated[int, keep_max]

Verified: a node writing 6 over an existing 3 on a keep_max channel leaves 6; writing 2 over 6 would leave 6. Custom reducers are how you express “these updates combine this way.” They become essential the moment two nodes write the same channel at once. That’s exactly what happens with the parallel fan-out in Chapter 13, where concurrent writers must have a reducer or their updates would clobber each other.

The message reducer

The channel you’ll carry in almost every real graph is the conversation, and it gets a purpose-built reducer, add_messages:

from typing import Annotated
from langgraph.graph.message import add_messages

class State(TypedDict):
    messages: Annotated[list, add_messages]

add_messages does more than append, and the “more” is worth knowing. It appends new messages, yes — but it also updates an existing message by id. Verified: reducing [AIMessage("v1", id="x")] with [AIMessage("v2", id="x")] yields a single message with content "v2", not two. That upsert-by-id behavior is what lets a node revise a message the graph already holds rather than duplicating it — streaming a partial then finalizing it, or correcting a tool result. For any graph that talks to a model, which is most of them, Annotated[list, add_messages] is the messages channel you want. It’s exactly the channel create_agent uses internally.

A graph with two nodes

Put it together with state that carries a message list and accumulates a log:

from typing import Annotated, TypedDict
import operator
from langgraph.graph import StateGraph, START, END
from langgraph.graph.message import add_messages
from langchain_core.messages import AIMessage

class State(TypedDict):
    messages: Annotated[list, add_messages]
    log: Annotated[list[str], operator.add]

def greet(state):    return {"messages": [AIMessage("hello")],   "log": ["greet"]}
def farewell(state): return {"messages": [AIMessage("goodbye")], "log": ["farewell"]}

g = StateGraph(State)
g.add_node("greet", greet)
g.add_node("farewell", farewell)
g.add_edge(START, "greet")
g.add_edge("greet", "farewell")
g.add_edge("farewell", END)
app = g.compile()

result = app.invoke({"messages": [], "log": []})
# messages: [AIMessage('hello'), AIMessage('goodbye')]   (add_messages appended both)
# log:      ['greet', 'farewell']                        (operator.add appended both)

Two nodes, run in sequence, each returning a partial update; the reducers merged those updates into the growing state. There’s no hidden machinery. The entire execution is “run the node, apply its update through the reducers, follow the edge to the next node,” repeated until END. Hold that loop in your head, and the rest of Act 2 is small additions to it: a conditional edge (which node next?), a checkpointer (save the state), an interrupt (pause the loop).

Final thoughts

A StateGraph is a typed state, nodes that return partial updates, and edges that order them, compiled into a Runnable that behaves like any chain. State can be a TypedDict or a validating Pydantic model, and either way you read results as a dict. The one idea that repays real attention is the reducer. A plain channel overwrites; an Annotated channel merges with the function you name (operator.add, add_messages, or your own). That choice is what makes concurrent and accumulating updates behave. Get the state schema and its reducers right and everything downstream — routing, persistence, human pauses, streaming, multi-agent — is just more nodes and edges over that same state. You have the substrate. Next we make it branch.





Routing and Cycles: Building the Agent Loop by Hand

A graph with only plain edges is still a straight line — each node hands to a fixed next node, and you might as well have used a pipe. The two things that make a graph worth having are branches (pick the next node based on what happened) and cycles (loop back and try again). A branch is how an agent decides between answering and using a tool; a cycle is how it keeps working until it’s done. Put them together and you get the agent loop from Chapter 1. We’ll build it by hand at the end of this chapter, so create_agent stops being magic and becomes a graph you could have written. Run against langgraph 1.2.9.

Conditional edges

A plain add_edge("a", "b") always goes to b. A conditional edge runs a function that inspects the state and returns the name of the next node:

def route(state) -> str:
    if state["score"] >= 50:
        return "pass_node"
    return "fail_node"

builder.add_conditional_edges("grader", route, {"pass_node": "pass_node", "fail_node": "fail_node"})

Three parts: the source node ("grader"), the router function (route), and a path map from the router’s return values to actual node names. After grader runs, route reads the state and picks where to go. The router is plain Python. It can branch on anything in the state, call helper functions, whatever. But it should be fast and side-effect-free, because its only job is to choose. Do the work in a node; make the decision in the router.

The path map does double duty. It documents the branch’s possible destinations, and it constrains them: LangGraph uses it to draw the graph and to catch a typo’d node name at compile time rather than at runtime. You can omit it if the router returns node names directly, but naming the destinations keeps the graph drawable and typo-proof. A router can also return the END sentinel to finish, which is how a branch decides the graph is done rather than continuing.

There’s a special, powerful case: a conditional edge from START. Instead of a fixed entry node, the router picks which node runs first based on the input. And as Chapter 13 will show, a router from START that returns a list is how you fan out to many nodes at once. For now, hold the simple case: a conditional edge chooses one next node from the state.

Cycles: an edge that goes back

Nothing stops an edge from pointing at a node that already ran. That’s a cycle, and it’s how a graph loops:

g.add_edge("work", "check")
g.add_conditional_edges("check", lambda s: "work" if not s["done"] else END,
                        {"work": "work", END: END})

check sends control back to work until done flips true. This is the entire basis of iterative behavior: retry until success, refine until a critic approves, keep calling tools until the model is satisfied. A pipe fundamentally cannot express this; a graph does it with one edge pointing backward. The loop’s exit lives in the router (else END), and that’s the part you must get right. A cycle with no reachable END runs forever.

The recursion limit, and its real default

To keep a buggy loop from spinning forever, LangGraph enforces a recursion limit: a maximum number of steps (super-steps, really) after which it raises GraphRecursionError rather than hanging. Most tutorials get the default wrong, and it’s easy to verify: the default is not 25. In langgraph 1.2.9, an unbounded loop runs to a default of 10007 steps before it errors:

GraphRecursionError: Recursion limit of 10007 reached without hitting a stop condition.
You can increase the limit by setting the `recursion_limit` config key.

Verified: with no config the limit is 10007, and setting {"recursion_limit": 5} makes the error report a limit of 5. The much-repeated “default 25” is stale. The modern default is high enough that you’ll rarely hit it by accident. That cuts the other way: a genuinely runaway loop churns through ten thousand steps before it stops (and, if it calls a model each pass, ten thousand model calls). So the recursion limit is a backstop against a bug, not a design tool. Set a lower limit deliberately when you want a tight cap (app.invoke(input, {"recursion_limit": 20})). Far more important, make sure your router has a real termination condition so the limit never fires. A correct exit beats any limit.

Command: update and route in one move

There’s a second way to route, and it reads more naturally when a node’s decision and its state change belong together. A node can return a Command instead of a plain dict, carrying both an update (the state delta) and a goto (the next node):

from typing import Literal
from langgraph.types import Command

def triage(state) -> Command[Literal["billing", "support"]]:
    topic = classify(state["messages"][-1])
    return Command(
        update={"topic": topic},                                 # write to state
        goto="billing" if topic == "billing" else "support",     # and route
    )

With Command, the node itself decides where control goes, so you don’t need a separate conditional-edge function. The Command[Literal["billing", "support"]] return annotation plays the path map’s role — it tells LangGraph the reachable destinations so the graph stays drawable. Conditional edges keep routing logic out of the node — cleaner when the routing is a pure function of state. Command puts it in the node, cleaner when the node already did the work to decide. Both are first-class, and you’ll mix them. Command comes into its own in multi-agent handoffs, where one agent transferring control to another is exactly an “update the state and go there” move. So we lean on conditional edges here and return to Command when agents start handing off.

Rebuilding create_agent

Now the payoff. Chapter 1 showed that create_agent compiles to this graph:

graph TD;
    __start__ --> model;
    model -.-> __end__;
    model -.-> tools;
    tools -.-> model;

With conditional edges and a cycle, you can build it yourself. The model node calls the LLM; a router checks whether the model asked for a tool; if so, go to the tools node and loop back, otherwise end:

from typing import Annotated, TypedDict
from langgraph.graph import StateGraph, START, END
from langgraph.graph.message import add_messages
from langgraph.prebuilt import ToolNode
from langchain_core.tools import tool

@tool
def multiply(a: int, b: int) -> int:
    """Multiply two integers."""
    return a * b

model = init_chat_model("ollama:llama3.2:3b").bind_tools([multiply])

class State(TypedDict):
    messages: Annotated[list, add_messages]

def call_model(state):
    return {"messages": [model.invoke(state["messages"])]}

def should_continue(state):
    return "tools" if state["messages"][-1].tool_calls else END

g = StateGraph(State)
g.add_node("model", call_model)
g.add_node("tools", ToolNode([multiply]))
g.add_edge(START, "model")
g.add_conditional_edges("model", should_continue, {"tools": "tools", END: END})
g.add_edge("tools", "model")          # the cycle: after tools, back to the model
agent = g.compile()

agent.invoke({"messages": [("user", "What is 12 times 8?")]})["messages"][-1].content
# 'The answer to "What is 12 times 8?" is 96.'

Verified end to end against the local model: it took four turns — the question, the model requesting multiply(12, 8), the tool returning 96, and the model’s final answer. That’s the ReAct loop, and it’s the entire graph behind create_agent. Map it back to the diagram: should_continue is the model -.-> tools / model -.-> __end__ decision, and g.add_edge("tools", "model") is the tools -.-> model loop. add_messages on the state channel is what lets each pass see the whole growing conversation, including the tool’s result. There is nothing else in there.

This is why the series drops to hand-built graphs when the prebuilt agent doesn’t fit: you now know exactly what you’d be modifying. Want a step between tool and model — a validation node, a logging node, a human check? Add it to this graph. Want two models, or a router that picks among several tool sets, or a hard cap on tool calls? Change these edges. create_agent is the convenient default; this four-node graph is what it’s a default for. Everything in the building-an-agent chapter about customizing it is really about editing this.

Final thoughts

Branches and cycles are the whole reason to use a graph. A conditional edge routes on state and constrains its destinations through a path map. A cycle loops until the router says END. The recursion limit (10007 by default, not 25) is a backstop against a missing exit, not a design tool. And Command fuses a state update with a route when the two belong together. Assemble a model node, a tools node, a conditional edge, and a back-edge, and you’ve rebuilt create_agent. The prebuilt agent is not a black box but a graph you can open and edit. That editability is the entire point of learning the graph.





Persistence and Memory: Threads That Remember

Everything you’ve built so far forgets. Call invoke, get a result, and the state evaporates; the next call starts from nothing. That’s fine for a one-shot chain and useless for a chatbot, which has to remember what was said three turns ago. It’s the same limitation from Chapter 2, now facing the graph: the model has no memory of its own. LangGraph’s answer is persistence: attach a checkpointer, address each conversation by a thread_id, and the graph saves its state after every step. This is also how “memory” works. The punchline is that there’s no separate memory system to learn — memory is just persistence you turned on. Run against langgraph 1.2.9.

Checkpointers save state after every step

You turn on persistence by passing a checkpointer to compile:

from langgraph.checkpoint.memory import InMemorySaver

app = builder.compile(checkpointer=InMemorySaver())

That’s the whole switch. With a checkpointer attached, LangGraph writes a snapshot of the state (a checkpoint) after each node runs. InMemorySaver keeps those snapshots in a dict — perfect for development and tests, gone when the process exits. For anything that must survive a restart, you swap in a durable checkpointer: langgraph-checkpoint-sqlite for a local file, langgraph-checkpoint-postgres for production. They’re separate packages with the identical interface, so the swap is one line at compile time and nothing else in your graph changes. You develop against InMemorySaver and ship against Postgres without touching a node.

thread_id: one conversation, isolated

A checkpointer stores snapshots for many conversations, and a thread_id says which one. You pass it in the config on every call:

config = {"configurable": {"thread_id": "conv1"}}
app.invoke({"messages": [("user", "My name is Ada. Remember it.")]}, config)

Invoke again with the same thread_id and the graph loads that thread’s saved state, appends your new input, and continues — so the second turn sees the first:

reply = app.invoke({"messages": [("user", "What is my name?")]}, config)
# reply's last message contains "Ada"  →  True
app.get_state(config).values["messages"]   # 4 messages: the whole conversation

Verified: on thread conv1, the second turn answered “Ada” (it remembered), and the thread holds all four messages — two human, two AI. Crucially, a different thread is a clean slate:

other = {"configurable": {"thread_id": "conv2"}}
app.invoke({"messages": [("user", "What is my name?")]}, other)
# does NOT know the name  →  the two threads share no state

Verified: conv2 had no idea. That isolation is the model for multi-user memory. One thread_id per user — or per session, per support ticket, per whatever a “conversation” means in your app — and each thread’s history is private to it. There is no global memory to leak between users. The thread is the boundary, which is exactly the property you want when the same graph serves a thousand customers at once.

Restating it dissolves a whole category of confusion. Memory in LangGraph is not a feature you add; it’s persistence you turned on. The messages channel, reduced by add_messages, accumulates the conversation; the checkpointer saves it per thread; a new turn reloads it. “Remembering the conversation” is precisely “the state was checkpointed and reloaded.” Everything the old LangChain called Memory — buffers, windows, summaries — is now either this, or a node you write that reshapes the message list before the model sees it (below). One vocabulary note for when you go deeper. This per-thread state is short-term memory: what happened in this conversation. LangGraph also has a store for long-term memory that persists facts across threads, remembering a user’s preferences between separate conversations. That’s a step past this chapter, but built on the same idea of saved state.

Inspecting, editing, and rewinding

Because every step is checkpointed, the graph’s past is queryable and malleable. get_state returns the current snapshot — its values (the state) and its next (which node would run next):

snap = app.get_state(config)
snap.values["messages"]   # current messages
snap.next                 # () when finished, or ('approval',) when paused mid-graph

get_state_history walks every checkpoint for the thread, newest first — the graph’s full timeline. Each entry carries the state at that point and a config that identifies the checkpoint, so you can resume from any of them:

history = list(app.get_state_history(config))    # newest -> oldest
past = history[2]                                  # some earlier checkpoint
app.invoke(None, past.config)                      # resume the graph FROM that past point

This is time travel: pick a past checkpoint and continue from it. It’s invaluable for debugging (“what did the state look like right before it went wrong, and what happens if it runs from there?”) and for building an undo feature. And update_state lets you edit the state directly — write a correction, then continue:

app.update_state(config, {"messages": [HumanMessage("actually, call me Grace")]})
app.get_state(config).values["messages"]   # now includes the correction

Verified: update_state applied the edit to the thread’s state. Editing plus rewinding is the machinery underneath the human-in-the-loop editing in the next chapter. A human correcting a draft is an update_state, and resuming is continuing from the edited checkpoint.

Keeping the conversation from overflowing

Persistence introduces a problem it’s your job to solve: an accumulating message list grows without bound, and every turn resends the whole thing to the model. Eventually you overflow the context window, and long before that you’re paying for tokens you don’t need. Because the conversation is just the messages channel, the fix is a node — a step that reshapes the list before the model runs. Two common strategies:


	Trim. Keep only the last N messages (or the last N tokens), dropping the oldest. Cheap, and fine when only recent context matters.

	Summarize. Once the history is long, replace the oldest messages with a single summary message the model wrote, preserving the gist while shrinking the token count.



Both are ordinary graph nodes that read messages and return a trimmed or summarized replacement (overwriting the channel rather than appending). The point for now is that “memory management” isn’t a separate subsystem — it’s a node you insert before the model, operating on the same persisted list. You decide how much past the model sees, in code you can read.

Durability comes for free

The .next field hinted at something bigger. Because a checkpoint is written after every step, a graph doesn’t just remember across invocations — it can survive a crash mid-run. Say the process dies while the graph is three nodes deep. With a durable checkpointer, the checkpoint from the last completed step is saved, and re-invoking on that thread resumes from exactly there rather than restarting. For long-running or expensive graphs — a multi-step research task, an overnight batch — this durable execution is the difference between “retry the whole thing” and “pick up where it stopped.” It’s the same mechanism that makes the pause-and-resume in the next chapter work: a paused graph is just a graph whose latest checkpoint says “next node: the one waiting for a human.” The deployment chapter returns to this as the property that lets a stateless web server scale. All the state lives in the checkpointer, not the process.

Final thoughts

Persistence is one argument to compile and one key in the config, and it changes what a graph is: a stateless function becomes a durable, resumable, per-thread process. Memory falls out of it for free. The message channel accumulates, the checkpointer saves it, a thread_id scopes it to one conversation, and reloading is what “remembering” means. History makes the past inspectable, editable, and rewindable; a trim-or-summarize node keeps it from overflowing; and durability makes a crash recoverable. You now have a graph that branches, loops, and remembers. The last thing it needs before it’s genuinely deployable is the ability to stop and ask a human.





Human-in-the-Loop: Pausing for Approval

An agent that can issue refunds, send emails, delete records, or run SQL that changes data is useful and alarming in equal measure. The alarming part has a fix: for the consequential steps, you keep a human in the loop. The graph works up to the decision, stops, shows a person exactly what it’s about to do, and waits for a yes. This is the feature that turns “an agent that might do something expensive” into “an agent that proposes, and a human commits.” It’s what makes an agent safe to point at anything irreversible. LangGraph builds it entirely on the checkpointing from the last chapter: a pause is just a checkpoint whose next step is “wait for a human.” Run against langgraph 1.2.9.

interrupt pauses the graph

Inside a node, call interrupt(payload). It stops the graph, hands payload back to whoever called invoke, and suspends — the node does not finish:

from langgraph.types import interrupt

def approval(state):
    decision = interrupt({"action": "refund", "amount": state["amount"]})
    return {"log": [f"decided: {decision}"]}

Two things happen at that interrupt line. First, execution halts — nothing after it runs yet. Second, the payload travels out to your code. Your code is now responsible for getting a human decision through whatever channel your app uses — a UI, a Slack message, an email approval link. When you resume, interrupt returns the human’s answer, and the node continues from that line as if the call had simply returned a value. It reads like a blocking prompt, and thanks to persistence it can block for a millisecond or a week. The suspended state is a checkpoint, so the process can even restart while the graph waits.

This requires a checkpointer — the pause has to be saved, so interrupt only works on a graph compiled with checkpointer=.... Without one, there’s nowhere to store the suspended state, and it’s an error.

Seeing the pause, and resuming

When a graph hits an interrupt, invoke returns with the payload under an __interrupt__ key instead of a finished result:

config = {"configurable": {"thread_id": "order-A17"}}
result = app.invoke({"amount": 30}, config)
result["__interrupt__"]
# [Interrupt(value={'action': 'refund', 'amount': 30}, id='14d4...')]

The graph is now parked, and you can confirm it with the state inspection from the last chapter — it’s paused at the approval node:

app.get_state(config).next     # ('approval',)  — the node waiting to resume

To continue, invoke again with a Command(resume=...), and the value you pass becomes the return value of the interrupt call:

from langgraph.types import Command
app.invoke(Command(resume="yes"), config)
# the approval node's `decision` is now "yes"; the graph runs to completion

Verified end to end: the first invoke paused at approval with the payload; get_state(...).next was ('approval',); and Command(resume="yes") resumed, with interrupt returning "yes" inside the node. The human’s decision flowed into the running graph through the value you resumed with. No shared variable, no callback — just a value handed back to a suspended function.

Approve, edit, reject, ask

The resume value is arbitrary, and that’s what lets one primitive cover every human-in-the-loop shape. The difference between them is only what you put in the payload and what the node does with the answer:

Approve / reject — resume with a decision the node branches on:

def issue_refund(state):
    approved = interrupt({"action": "refund", "amount": state["amount"]})
    if approved != "yes":
        return {"messages": [AIMessage("Refund cancelled by an agent.")]}
    process_refund(state["amount"])
    return {"messages": [AIMessage(f"Refunded ${state['amount']}.")]}

Edit — surface a draft, let the human return a corrected version, and use that:

def draft_reply(state):
    draft = write_draft(state)
    final = interrupt({"draft": draft})     # human returns an edited string
    return {"messages": [AIMessage(final)]}  # send the human's version, not the draft

Resume with Command(resume="the edited text") and final becomes the human’s version. (When you’d rather edit the state directly than route the correction through a resume value, update_state is the alternative.)

Ask — interrupt to request missing information (“which shipping address?”), resume with the answer, continue. Same mechanism, different payload.

All three are one move — pause, surface a payload, resume with a value — which is why “human-in-the-loop” in LangGraph is a single function to learn rather than a subsystem.

Why the gate is safe

The safety property here is stronger than a prompt instruction. In the refund node above, the model can drive the whole conversation, gather the order and amount, and route to this node. But the money never moves until a person looks at the surfaced payload and resumes with "yes". The agent literally cannot skip the gate, because the node suspends on the interrupt call; execution does not proceed past that line without a resume. Contrast this with “the system prompt says always ask before refunding,” which a model can ignore, misread, or be talked out of. A prompt is a request; an interrupt is a wall. For anything irreversible, you want the wall.

interrupt_before: a gate without editing the node

There’s a second, coarser mechanism. Instead of calling interrupt inside a node, you tell compile to always pause before (or after) certain nodes:

app = builder.compile(checkpointer=saver, interrupt_before=["issue_refund"])

This pauses the graph before issue_refund runs at all, letting you inspect and optionally update_state, then resume with a bare Command(resume=None). Verified: with interrupt_before=["n"], the first invoke paused at ('n',), and resuming with app.invoke(None, config) ran the node. It’s a blunter tool. It fires every time that node is reached, carries no payload of its own, and doesn’t need you to touch the node’s code. That makes it handy for debugging or a blanket “review before every risky node” policy. For real, targeted human-in-the-loop, the in-node interrupt is usually better. It carries a payload and fires exactly when the logic decides, not merely at a node boundary. Use interrupt_before to review, interrupt to gate.

Adding a gate to a prebuilt agent

You don’t have to hand-build a graph to get this. Because a create_agent is a compiled graph, the same interrupt machinery works on it. LangChain also ships a HumanInTheLoopMiddleware that wires an approval gate around an agent’s tool calls without you editing anything. That’s the prebuilt path: for a hand-built graph, place interrupt where the decision is; for a prebuilt agent, add the middleware. Both suspend on the same checkpoint mechanism, so both resume with Command(resume=...).

Final thoughts

Human-in-the-loop is one function and one resume. interrupt(payload) parks the graph and hands the payload out; Command(resume=value) continues it, delivering value back into the node. Because a pause is a checkpoint, the wait can outlast the process. Approve, edit, and ask are the same move with different payloads; interrupt_before gives a code-free review gate; and HumanInTheLoopMiddleware adds one to a prebuilt agent. The property that matters is that the gate is structural. The node suspends, so the agent cannot route around it — exactly what you need on anything irreversible. With state, routing, memory, and now a pause button, the graph is genuinely deployable. One capability rounds out the core: showing the work as it happens.





Streaming: Showing the Work as It Happens

A multi-step graph takes real time — several model calls, a retrieval, a tool or two. If it only produces output when the whole thing finishes, the user stares at a spinner and assumes it hung. Streaming fixes the perception: it shows something is happening. It also gives you the hooks to build a genuinely live UI. A graph has two different things worth streaming, and keeping them straight is the skill. One is the model’s tokens as it types. The other is the graph’s progress as each node completes. LangGraph surfaces both, plus the accumulating state, through one method with a stream_mode switch. Run against langgraph 1.2.9.

stream instead of invoke

Every compiled graph has stream alongside invoke. Same input, but instead of one final result you get an iterator of chunks:

for chunk in app.stream(inputs, config, stream_mode="updates"):
    print(chunk)

What each chunk is depends on stream_mode. There are three modes you’ll use, one for each of “what changed,” “the full picture,” and “the tokens.”

updates: what each node just did

stream_mode="updates" yields one chunk per node as it finishes. Each chunk contains only that node’s partial update, keyed by the node’s name:

for chunk in app.stream(inputs, stream_mode="updates"):
    print(chunk)
# {'model': {'messages': [AIMessage(...)]}}
# {'tools': {'messages': [ToolMessage('96')]}}
# {'model': {'messages': [AIMessage('The answer is 96.')]}}

This is the mode for progress. It tells you which node ran and what it produced, in order, so you can show “calling the model… running tools… composing answer.” Verified: over a two-node graph, the chunks arrived keyed n1 then n2 — the node names, each with its delta. When you want to narrate an agent’s steps to a user — “searching the catalog”, “checking your order” — updates drives the narration. The node name tells you which step is happening, and the delta tells you what it found.

values: the whole state, each step

stream_mode="values" yields the entire accumulated state after each step, not just the delta:

for state in app.stream(inputs, stream_mode="values"):
    print(len(state["messages"]))   # grows as the graph runs

Verified over a two-node graph, this produced three snapshots: the initial state, then the state after each node. The message list grew each time. Use values when you want the current full picture at every step — rendering the whole conversation as it builds, or logging complete state transitions. Use updates when you only care about the change. The trade-off is weight: values re-emits everything each step, updates emits just the delta. Reach for updates by default and values when you specifically need the running total.

messages: token by token

The two modes above stream at node granularity — a chunk when a node finishes. For a chatbot you want finer: the model’s text appearing token by token, mid-node. That’s stream_mode="messages":

for token, meta in app.stream(inputs, stream_mode="messages"):
    print(token.content, end="", flush=True)

Each item is a (chunk, metadata) tuple. chunk is an AIMessageChunk, a piece of the model’s output; metadata says which node produced it. Verified: the tuples carried AIMessageChunk content plus metadata including langgraph_node. This is how you get the “typing” effect through a whole graph, not just a bare model. It threads through cycles and subgraphs without extra wiring.

That metadata solves a real problem. A graph often has several model calls, and you don’t want to stream all of them at the user. A supervisor’s routing call, a critic’s internal check — the user shouldn’t see those tokens; they should see the final reply. Filter on the node name:

for token, meta in app.stream(inputs, stream_mode="messages"):
    if meta["langgraph_node"] == "final_answer":   # stream only the reply node
        ui.append_token(token.content)

Now the machinery streams silently and only the answer types out. That’s the difference between a UI that shows its work as noise and one that shows the reply as it forms.

Combining modes for a real UI

You rarely want just one mode. A real chat UI wants both: tokens for the reply and step updates for a progress indicator. Pass a list of modes. Each item then becomes a (mode, chunk) tuple, so you can route each to the right place:

for mode, chunk in app.stream(inputs, stream_mode=["updates", "messages"]):
    if mode == "messages":
        token, meta = chunk
        ui.append_token(token.content)      # stream the reply into the bubble
    else:  # mode == "updates"
        node = next(iter(chunk))            # the node that just ran
        ui.show_step(f"{node}…")             # update the "thinking" indicator

Verified: with stream_mode=["updates", "messages"], each yielded item was a (mode, chunk) pair. That single loop drives an entire live interface from one pass over the graph: a progress line that reads “checking your order…” then “composing answer…”, with the answer typing out beneath it. This is the shape you’ll actually deploy. Streaming is a first-class concern rather than an afterthought: the graph was already producing these events, and streaming just lets you see them as they happen.

Nested graphs, and async

Two extensions matter as systems grow. Once you nest graphs as nodes, pass subgraphs=True. The stream then surfaces events from inside the nested graphs too, and the tuple is extended to name which subgraph a chunk came from. So a multi-agent system’s inner steps aren’t invisible.

And everything here has an async twin: astream, with the identical modes and tuple shapes. In a web handler serving many users concurrently, you want the async form. One user’s slow model call then doesn’t block everyone else’s:

async for mode, chunk in app.astream(inputs, config, stream_mode=["updates", "messages"]):
    ...   # push each event to this user's connection (SSE, WebSocket)

This is the exact loop behind a streaming HTTP endpoint, which the deployment chapter returns to. And because a create_agent is a compiled graph, all of it works on the prebuilt agent unchanged — every mode, the combining, the filtering, the async form. agent.astream(inputs, stream_mode="messages") streams tokens out of it with no extra code. It’s the same object as a graph you’d build by hand.

Final thoughts

Streaming is one method and a mode switch, over the two things a graph produces: progress and tokens. updates narrates step by step, and values gives the full state each step. messages streams the model’s tokens with metadata that says which node they came from, so you can filter to stream only the reply. A list of modes yields (mode, chunk) tuples that drive a real UI from a single pass. subgraphs=True reaches inside nested graphs, and astream does it all without blocking. The default worth reaching for is updates for progress plus messages for the reply, filtered to the answer node. That completes the graph core — state, routing, memory, human pauses, live output. Everything you need to build one capable agent is on the table, so next we turn back to the prebuilt one and see it for the graph it is.





Building an Agent: create_agent Seen Properly

Chapter 7 had you build the model-and-tools loop by hand: a model node, a ToolNode, a conditional edge, and a back-edge. create_agent is that graph, packaged. Now that you’ve assembled it yourself, the prebuilt version isn’t a black box; it’s a shortcut you understand. This is the hinge of the series: everything before it built up the graph; everything after it composes agents into systems. So this chapter covers create_agent precisely: what it exposes, how you extend it, and the honest test for when to reach past it. Run against langchain 1.3.14 / langgraph 1.2.9.

What create_agent actually gives you

The function returns a CompiledStateGraph — we proved that in Chapter 1 by drawing it. Its signature is broader than the two-argument form you’ve seen; verified against the installed version, the parameters are:

create_agent(
    model, tools,
    system_prompt=...,        # the instructions
    response_format=...,       # structured final output (a Pydantic model)
    middleware=[...],          # cross-cutting hooks (below)
    checkpointer=...,          # persistence
    interrupt_before=..., interrupt_after=...,   # human-in-the-loop pause points
    state_schema=..., context_schema=...,         # custom state / runtime context
    store=..., name=..., cache=..., debug=...,
)

One fact makes this easy: every capability from Act 2 works on the prebuilt agent, because it’s a graph. Pass a checkpointer and the agent has per-thread memory. Pass interrupt_before and it has human-in-the-loop. Call .stream(...) and it streams. You re-learn none of that — the agent inherits it from being a CompiledStateGraph. Verified: a create_agent compiled with an InMemorySaver persisted its conversation across invokes on a thread, exactly like a hand-built graph. The prebuilt agent isn’t a different thing with its own feature list; it’s a graph with a convenient constructor.

The everyday configuration

Three arguments cover most real agents.

system_prompt sets the agent’s instructions — its role, tone, and rules:

agent = create_agent(
    model=model,
    tools=[lookup_order, search_catalog],
    system_prompt="You are a bookshop support assistant. Be concise. "
                  "Use tools to look things up; never invent order details.",
)

response_format makes the agent’s final answer a structured object instead of prose, using the same structured-output machinery. The agent still reasons and calls tools in messages, but its last output is validated to your schema. That’s useful when the agent feeds a downstream system that needs fields, not paragraphs:

from pydantic import BaseModel

class Resolution(BaseModel):
    answer: str
    escalate: bool

agent = create_agent(model=model, tools=[...], response_format=Resolution)

Verified: create_agent with a system_prompt and a response_format builds a CompiledStateGraph, so both slot in without changing anything else. tools is the list from Chapter 4 — plain @tool functions. The docstring discipline matters more here, because the agent chooses among several tools on its own, by reading their descriptions.

Middleware: the extension seam

The old way to customize an agent was to fork its internals. The 1.x way is middleware: hooks that wrap the agent’s steps without you touching the graph. create_agent takes a middleware list, and LangChain ships a substantial set:

from langchain.agents.middleware import ModelCallLimitMiddleware, ModelFallbackMiddleware

agent = create_agent(
    model=primary_model,
    tools=[...],
    middleware=[
        ModelCallLimitMiddleware(max_calls=6),     # cap the loop's model calls
        ModelFallbackMiddleware(fallback_model),   # switch models if the first fails
    ],
)

The shipped middleware covers concerns you’d otherwise hand-roll: ModelCallLimitMiddleware caps how many times the loop calls the model (a runaway guard tighter than the raw recursion limit); ModelRetryMiddleware and ModelFallbackMiddleware handle a flaky or failing model; HumanInTheLoopMiddleware wires approval gates without editing the graph; and LLMToolSelectorMiddleware narrows a large tool set before the model sees it (a fix for the “too many tools” problem from Chapter 4).

When none fits, you write your own by subclassing AgentMiddleware and overriding a hook. The hook points, verified from the installed class, are before_agent / after_agent (once per run), before_model / after_model (around each model call), and wrap_model_call / wrap_tool_call (wrapping a call to intercept its input and output) — each with an async twin. A logging middleware is a few lines:

from langchain.agents.middleware import AgentMiddleware

class LogSteps(AgentMiddleware):
    def before_model(self, state):
        print(f"model call, {len(state['messages'])} messages so far")
        return None   # return None to change nothing; return a state update to modify it

agent = create_agent(model=model, tools=[...], middleware=[LogSteps()])

That before_model runs before every model call. Return None to observe without changing anything, or return a state update to modify what the model sees. That’s how middleware implements things like trimming history or injecting a reminder — on every step, without the loop logic knowing. Middleware is where “do X around every model or tool call” lives, and it’s the reason you rarely need to fork the agent: the extension points are already there.

When to use it, and when not to

Here’s the honest test, the same one from Chapter 1’s two-layers framing. create_agent is a single ReAct loop: one model, a set of tools, reason-act-observe until done. Reach for it when that shape fits — which is more often than you’d expect. A huge number of real “agents” are exactly that loop, and middleware flexes it further without leaving the prebuilt.

Drop to a hand-built graph when your control flow isn’t that loop:


	You need a step the loop doesn’t have — a validation node, a mandatory retrieval before the model, a human approval at a specific point beyond what interrupt_before and the HITL middleware give you.

	The flow branches on business rules, not just “did the model call a tool” — route billing questions one way, returns another.

	You need parallelism — fan out to several workers at once, which a single loop can’t express.

	You need multiple agents handing off to each other.



Those last two are the whole of Act 3. And the transition is painless precisely because you know the destination: a hand-built graph is what create_agent is, minus the assumption of exactly one loop. When the prebuilt doesn’t fit, you’re not learning a new tool — you’re opening the one you’ve been using and adding the nodes it didn’t have. That’s also why the choice isn’t all-or-nothing: a hand-built graph can use create_agent agents as its nodes, which is exactly how the multi-agent systems ahead are structured.

Final thoughts

create_agent is the model-and-tools loop from Chapter 7, wrapped so you configure it instead of assembling it. system_prompt sets instructions, response_format gives structured output, and middleware — shipped or your own AgentMiddleware subclass — handles cross-cutting behavior. Every Act 2 capability is inherited for free, because the result is a CompiledStateGraph. Use it whenever your agent is one ReAct loop; reach past it when the flow branches, parallelizes, or splits across agents. That reaching-past is next: several agents, each a graph, composed into a system — starting with how one agent hands control to another.





Architectures and Handoffs: The Supervisor Pattern

A single ReAct agent handles one job with one set of tools. That’s most of what you need — but past a certain complexity, one agent stops being the right shape. This chapter is about the systems that need more than one agent, and how those agents coordinate. It’s the first chapter of Act 3, where the graph you’ve mastered becomes the substrate for whole teams of agents. It ends with a working triage system that the capstone grows from. Run against langgraph 1.2.9.

Why more than one agent

Start with the temptation to resist: cram every tool and every instruction into one giant agent and hope it copes. It won’t cope well, and the reason is the model’s attention. An agent given fifty tools chooses among them worse than an agent given five. A system prompt that tries to cover orders and refunds and recommendations pulls the model in three directions at once. The fix is specialization — several focused agents, each with a tight set of tools and a single clear job:


	an orders agent, with order-lookup tools and instructions about order status;

	a refund agent, with refund tools and the return policy;

	a recommendations agent, with catalog search and a taste for suggesting books.



Each is easy to reason about, predictable, and independently improvable. The trade you make is coordination. With several agents, something has to decide which one handles a given request, and agents sometimes need to pass work to each other. That coordination is the transfer of control from one agent to another: a handoff. It’s the real subject of this chapter. Multi-agent isn’t “several agents are smarter than one”; it’s “several simple agents are more reliable than one complicated one, if you get the handoffs right.”

Three topologies

Multi-agent systems differ in who decides where control goes:


	Supervisor: a central agent routes every request to a specialist, and specialists report back to the supervisor. One hub, clear control, easy to reason about and to debug (the supervisor’s decisions are all in one place). This is the default, and the one you’ll reach for most.

	Network: agents hand off to each other peer-to-peer, any-to-any, with no central router. A flight agent hands to a hotel agent hands to a car-rental agent, each taking over for its part. More flexible, and harder to keep from looping or losing the thread.

	Hierarchical: supervisors of supervisors. A top-level router delegates to team supervisors, each managing their own specialists. This is how you scale past the point where one supervisor has too many reports to route among well. It’s the same reason human orgs grow middle management.



They’re not exclusive: a hierarchical system is supervisors nested inside supervisors, and a team inside one might be a small network. All three rest on the same mechanism: one agent transferring control to another. Learn the mechanism and you can build any of them. That mechanism is Command.

Handoff is a Command

Chapter 7 introduced Command as “update state and route in one move.” A handoff is exactly that: a node decides which specialist takes over, records the decision, and routes there. A supervisor that hands off by topic:

from typing import Literal
from langgraph.types import Command

def supervisor(state) -> Command[Literal["orders", "refund"]]:
    topic = classify(state["messages"][-1])
    dest = "refund" if topic == "refund" else "orders"
    return Command(
        update={"log": [f"route->{dest}"]},   # record the routing decision
        goto=dest,                              # hand control to the specialist
    )

Verified: routing on topic="refund" produced ['route->refund', 'refund handled'], and topic="orders" produced ['route->orders', 'orders handled']. The supervisor updated the state and transferred control, and the chosen specialist ran. The Command[Literal[...]] return annotation tells LangGraph the set of nodes this handoff can reach, so the graph stays drawable and a typo is a compile-time error, not a 3am runtime surprise.

Why Command rather than a conditional edge? Because a handoff is a decision plus a transfer. The supervisor did the work of classifying, and wants to both record that and act on it in one place. Splitting it into “return a topic” and “a separate edge routes on it” scatters one thought across two constructs. With Command, the agent that decided is the agent that hands off.

A handoff tool

There’s a more agentic variant, and it’s how the prebuilt systems work. Instead of a hard-coded classify, you give the supervisor handoff tools — one per specialist — and let the model choose which to call. A handoff tool is a normal tool whose job is to emit a Command that transfers control:

from langchain_core.tools import tool
from langgraph.types import Command

def make_handoff(agent_name: str):
    @tool(f"transfer_to_{agent_name}")
    def handoff() -> Command:
        """Transfer the conversation to the {agent_name} specialist."""
        return Command(goto=agent_name, graph=Command.PARENT)
    return handoff

Now the supervisor is a model that “calls a tool” to hand off, so routing gets the model’s judgment rather than a brittle if. The graph=Command.PARENT matters: it says “route in the parent graph.” That’s what lets a specialist — itself a subgraph — hand control back up to the supervisor’s level, rather than trying to route within its own little graph. This is precisely the mechanism the prebuilt create_supervisor uses under the hood; the next chapter’s prebuilts are handoff tools all the way down.

What does a specialist see when control transfers? By default the agents share the conversation state, the messages channel. So a specialist reads the whole conversation, including what led the supervisor to route to it. That shared context is usually what you want — the orders agent should see the customer’s question. But it’s a design choice: for agents that should work in isolation, you give them their own state, a technique the next chapter needs for parallel workers.

Building the bookshop triage

Here’s the system the capstone grows from: a supervisor routing a customer to an orders specialist or a recommendations specialist, each a real create_agent with its own tools and instructions.

from langchain.agents import create_agent

orders = create_agent(
    model=model,
    tools=[lookup_order, order_history],
    name="orders",
    system_prompt="You handle order status and history. Use tools; never invent order data.",
)
recommendations = create_agent(
    model=model,
    tools=[search_catalog],
    name="recommendations",
    system_prompt="You recommend books from the catalog based on what the customer likes.",
)

Each specialist is a compiled graph — a self-contained agent, exactly the “graph as a node” idea from the previous chapter. The supervisor looks at the incoming message and hands off to the right one, using the Command (or handoff-tool) pattern above. Its reachable destinations are orders and recommendations. Wire them into one graph and you have triage: “where’s my order?” routes to orders, which calls lookup_order and answers; “what’s like Dune?” routes to recommendations, which searches the catalog.

An honest note on “verified.” The mechanics — the handoff Command, the specialists as agent-nodes, the graph wiring — are run-verified. The routing quality (does the supervisor pick the right specialist?) is a model judgment, and a small local model routes less reliably than Claude. So this series verifies that the handoff transfers control correctly and each specialist runs; it does not claim a 3B model triages flawlessly. Plan your prompts, and in production your model choice, accordingly — the graph is correct regardless of which model fills the supervisor slot.

Keeping specialists focused, and out of loops

The payoff of this structure is scoping. The orders agent’s prompt and tools are only about orders, so its behavior is predictable and its tool descriptions don’t compete with unrelated ones. Need a new capability — a shipping specialist? Add an agent and a handoff destination, without touching the others. That modularity is the real argument for multi-agent: not smarter, but simpler per part, and simple parts are the ones that behave.

The risk to watch is handoff loops (A hands to B hands back to A), especially in the network topology, where no central authority stops it. The supervisor topology mostly avoids this by construction: specialists report to the hub, not to each other, so there’s no peer cycle to fall into. That’s a large part of why it’s the recommended default. When you do need peer handoffs, the recursion limit is your backstop — a high one, remember, 10007, so it won’t save you quickly. Your real prevention is a clear “hand off when X, otherwise answer and stop” instruction in each agent’s prompt.

Final thoughts

Multi-agent is a graph of agents, and the edge between them is a handoff. A handoff is a Command that records a decision and transfers control. Optionally a handoff tool drives it so the model chooses, and Command.PARENT lets a specialist return to the hub. Split into agents for focus, not for intelligence: several simple, scoped specialists beat one overloaded generalist, provided the handoffs are clean. Supervisor is the topology to default to — one hub, focused specialists, no peer loops — with network and hierarchical for the cases it doesn’t fit. You’ve built a triage system; next we give it two more powers: running specialists in parallel, and nesting whole graphs as single nodes.





Subgraphs and Parallelism: Fanning Out and Nesting

A supervisor routes to one specialist at a time — a serial flow, one agent after another. But some work is independent. When an alert fires, you want to check the logs and the metrics and the recent deploys at once, not one after the other. They don’t depend on each other, and doing them in sequence just wastes time. And as systems grow, you want to package a whole subsystem as one reusable node. This chapter is the two mechanisms for that: Send for running work in parallel, and subgraphs for nesting. It adds a state-sharing gotcha that only shows up when you run it, and its fix. We build a parallel on-call diagnostic system as we go. Run against langgraph 1.2.9.

The Send API: one worker per item

To run work in parallel, a node returns a list of Send objects instead of a state update. Each Send("node_name", payload) spawns an independent invocation of that node with its own payload, and they all run concurrently:

from langgraph.types import Send

def dispatch(state):
    return [Send("diagnose", {"check": c, "alert": state["alert"]})
            for c in ["logs", "metrics", "recent_deploys"]]

This is map-reduce. dispatch is the map that fans out one Send per check, each carrying its own payload ({"check": "logs", ...}) so the worker knows what to do. diagnose is the worker that runs on each. And the reduce is handled by a reducer on the channel the workers write to. That reducer is not optional. Several diagnose invocations finish concurrently and all write to findings, so the channel must know how to merge concurrent writes:

from typing import Annotated, TypedDict
import operator

class State(TypedDict):
    alert: str
    findings: Annotated[list[str], operator.add]   # merges the parallel writes
    root_cause: str

Without the operator.add reducer, concurrent writes to findings would conflict. Chapter 6’s overwrite semantics can’t merge two simultaneous writers, so the last-write-wins default would silently drop all but one worker’s result. Get this one thing right about Send: the target channel needs a reducer, or the parallel results clobber each other. It’s the exact scenario the custom-reducer discussion in Chapter 6 was preparing you for.

The on-call diagnostic system

Put it together. An alert fans out to parallel diagnostic workers; each returns a finding; a synthesis node reads all the findings and correlates a root cause:

from langgraph.graph import StateGraph, START, END

def diagnose(state):                      # runs once per Send, concurrently
    c = state["check"]
    return {"findings": [check_system(c, state["alert"])]}

def synthesize(state):                     # runs after all workers finish
    return {"root_cause": correlate(state["findings"])}

g = StateGraph(State)
g.add_node("diagnose", diagnose)
g.add_node("synthesize", synthesize)
g.add_conditional_edges(START, dispatch, ["diagnose"])   # fan out
g.add_edge("diagnose", "synthesize")                      # implicit join
g.add_edge("synthesize", END)
app = g.compile()

Verified end to end: three diagnostics — logs, metrics, recent_deploys — ran in parallel. Their findings merged into one list via the reducer, and synthesize correlated the root cause with the deploy it found. Two things about the wiring earn a name. The fan-out is a conditional edge from START whose function returns the Send list — the special case flagged back in Chapter 7. And the join is automatic: synthesize doesn’t run until every diagnose invocation has completed, because LangGraph knows all the fanned-out workers feed into it. You get the barrier for free: no explicit “wait for all,” no counting, no callbacks. This is the payoff over a serial supervisor loop. Where a loop checks three things in three round-trips, Send checks them in one, and the total wait is the slowest check rather than the sum of them.

Subgraphs: a graph as a node

The second mechanism is nesting. A compiled graph is a Runnable, and a node is anything that takes state and returns an update. So a compiled graph can be a node in a bigger graph:

subgraph = sub_builder.compile()          # a complete, self-contained graph

parent = StateGraph(State)
parent.add_node("child", subgraph)         # the whole subgraph, as one node
parent.add_edge("pre", "child")

This is how you encapsulate a subsystem and reuse it: a whole diagnostic pipeline, a document-processing flow, a specialist agent. You can also nest a team under a hierarchical supervisor. The parent treats child as a black box: it runs the subgraph and gets its final state back. It’s the same “graph as a node” idea that makes a create_agent usable inside a bigger graph — a subgraph is just that, generalized to any graph you build.

The gotcha: shared reducer channels double-count

Here’s the sharp edge. It passes review and only surprises you at runtime, which is exactly the kind this series exists to catch. When a subgraph shares a channel that has a reducer with its parent, the pre-existing value gets counted twice at the boundary. Verified: a parent node pre writes log=['pre'], then a subgraph node adds ['inner ran'], and the final log is not ['pre', 'inner ran'] — it’s:

['pre', 'pre', 'inner ran']

The 'pre' appears twice. Here’s the mechanism. The subgraph receives the parent’s channel value (['pre']) as its starting state, accumulates internally to ['pre', 'inner ran'], and returns that whole list as its output for the shared channel. The parent’s operator.add reducer then appends the subgraph’s full output to the value the parent already holds, concatenating ['pre'] with ['pre', 'inner ran']. The very reducer that makes parallel fan-out safe is what double-counts across a subgraph boundary.

The fix is to stop sharing the accumulating channel across the boundary. The clean way is to give the subgraph its own state schema and translate at the node. The subgraph works in its own vocabulary, and you map results in and out explicitly:

class SubState(TypedDict):
    findings: Annotated[list[str], operator.add]   # the subgraph's own channel

subgraph = build_sub(SubState).compile()

def call_sub(state: Parent):                      # a node that wraps the subgraph
    result = subgraph.invoke({"findings": []})     # give it a fresh, private state
    return {"log": result["findings"]}             # map its output back deliberately

Verified: with the subgraph owning its state and the wrapper mapping the result back, the parent log is ['pre', 'inner ran'] — no double-count. The rule of thumb: a subgraph should own its accumulating state, not share the parent’s. When results need to cross the boundary, return them as a fresh value the parent merges on purpose, not through a channel both sides append to. The alternative also works: keep shared channels overwrite-only, with no reducer. But the own-schema approach is cleaner and keeps the subgraph reusable in other parents.

Send or subgraph?

They solve different problems and compose. Send is for breadth — the same work over many items, concurrently. A subgraph is for depth — packaging a multi-step subsystem as one reusable unit. You combine them freely: fan out with Send to invocations of a subgraph, running several complete pipelines in parallel. That’s how a research system runs three independent multi-step researchers at once — Send for the three, a subgraph for the “research one topic” pipeline each runs. Reach for Send when you’re doing one thing to many inputs, and for a subgraph when you’re wrapping many steps into one node.

Final thoughts

Parallelism in LangGraph is Send plus a reducer: fan out one Send per item, let the workers run concurrently, and merge their writes through a reducer the fan-out requires. The automatic join means your total latency is the slowest worker, not the sum. Subgraphs nest a whole graph as a node for reuse and hierarchy. The crucial caveat: a subgraph should own its accumulating state, or values double-count at the boundary. The fix is a private schema and an explicit map. With handoffs, fan-out, and nesting, you now have every structural move multi-agent systems are built from. Next we get the prebuilt versions of these patterns — and then build the whole thing.





Prebuilt Shortcuts: create_supervisor and create_swarm

You built a supervisor triage by hand in Chapter 12: a router, handoff Commands, specialists wired as nodes. Understanding it that way was the point. But writing it out every time is busywork, the same way you wouldn’t hand-roll the model-and-tools loop now that create_agent exists. Two add-on packages generate the standard multi-agent topologies for you: langgraph-supervisor and langgraph-swarm. Because they’re built from the exact handoff mechanism you already know, there’s nothing magic to learn — you’ll recognize what they produce. This chapter shows the shortcuts, and when to take them versus when to open the hood. Run against langgraph-supervisor 0.0.31 and langgraph-swarm 0.1.0.

create_supervisor

The whole supervisor system from Chapter 12 (router, handoffs, specialists reporting back) collapses to one call. You bring the specialist agents; create_supervisor builds the hub:

from langgraph_supervisor import create_supervisor
from langchain.agents import create_agent

orders = create_agent(model=model, tools=[lookup_order, order_history],
                      name="orders", system_prompt="Handle order status and history.")
recs = create_agent(model=model, tools=[search_catalog],
                    name="recommendations", system_prompt="Recommend books from the catalog.")

supervisor = create_supervisor(agents=[orders, recs], model=model).compile()

Verified: the compiled result is a CompiledStateGraph whose nodes are ['__start__', 'supervisor', 'orders', 'recommendations', '__end__'] — exactly the shape you wired by hand, generated. The supervisor node is a model given handoff tools, one per agent. It reads the conversation and calls the handoff tool for the right specialist; that specialist runs and reports back; the supervisor decides whether it’s done or needs another. It’s the handoff-tool pattern from Chapter 12, assembled for you.

To trust a prebuilt, make it show you what it built. Because the result is a plain compiled graph, you can draw it:

print(supervisor.get_graph().draw_mermaid())   # the hub-and-specialists graph, as a diagram

What comes out is the supervisor pointing at each specialist and each specialist pointing back — the picture from Chapter 12, confirming the shortcut generated the structure you expected. And because it’s a normal graph, everything from Act 2 still applies: pass a checkpointer for memory, .stream(...) it, add interrupt_before for a gate. Compared to the hand-built version, you traded maybe thirty lines — the routing function, the Command plumbing, the edge wiring — for one call, and kept every capability.

create_swarm

create_swarm builds the network topology instead: peers that hand off directly to each other, with no central hub. Each agent carries handoff tools for the peers it can transfer to, and the swarm remembers which agent is currently active across turns:

from langgraph_swarm import create_swarm, create_handoff_tool

alice = create_agent(model=model, tools=[lookup_order, create_handoff_tool(agent_name="bob")], name="alice")
bob   = create_agent(model=model, tools=[create_handoff_tool(agent_name="alice")], name="bob")

swarm = create_swarm(agents=[alice, bob], default_active_agent="alice").compile()

Verified: a CompiledStateGraph with nodes ['__start__', 'alice', 'bob'] — no supervisor node, because in a swarm the agents route among themselves. create_handoff_tool is the packaged version of the handoff tool you wrote by hand. Giving alice a handoff-to-bob tool is what lets her transfer the conversation. Two design points fall out of the setup. default_active_agent is where a new conversation starts. And the swarm persists the active agent in state, so a returning user resumes with whoever they were last talking to. The swarm’s memory isn’t just the messages, it’s “who has the floor” — exactly what a peer topology needs to stay coherent across turns.

Swarm suits problems where control genuinely flows peer-to-peer, rather than everything routing through one coordinator — a flight-booking agent handing to a hotel agent handing to a car-rental agent, each taking over when its part comes up. It’s more flexible than a supervisor, and, as Chapter 12 warned, more prone to handoff loops. So it wants clear “hand off when X, otherwise answer and stop” instructions in each agent.

When to take the shortcut

The prebuilts are thin, honest wrappers. They generate the graph you’d write and hand you back a normal compiled graph you can inspect and extend. Take them when your system is a standard supervisor or a standard swarm, which covers a large fraction of real multi-agent apps. You get less code, a maintained implementation of the fiddly handoff details, and nothing hidden — you verified that yourself by drawing the graph.

Drop back to hand-building (the Chapter 12 and 13 way) when your system isn’t one of those shapes:


	You need non-agent nodes in the flow — a validation step, a mandatory retrieval, a human approval gate at a specific point.

	You need parallel fan-out (Send) among the agents, which neither prebuilt expresses.

	Your routing depends on business rules, not just the model’s judgment — a hard rule that refunds over $100 always go to a human.

	You want a custom state schema the agents share beyond the message list.



The capstone next chapter is exactly this case. It’s supervisor-shaped, but it has a refund approval gate and a SQL path that aren’t plain agent handoffs, so it’s hand-built. Knowing both means you reach for the prebuilt when it fits and open the hood when it doesn’t. And neither is ever a wall: a prebuilt agent can be a node in a hand-built graph, so you can even mix them.

The version caveat

One honest flag, because this series pins versions for a reason. langgraph-supervisor (0.0.31) and langgraph-swarm (0.1.0) are pre-1.0 add-on packages, versioned and released separately from langgraph itself. They move faster and break more often than the stable core. The concepts are durable — supervisor and swarm are topologies, not APIs — but the exact function signatures here are the most likely thing in this series to have drifted by the time you read it. Pin them, check their changelogs, and lean on the fact that you can always fall back to the hand-built Command version. That version lives in the stable langgraph core and isn’t going anywhere. This is the one place in the series where “verified against a pinned version” comes with an asterisk: verified, yes, but against packages that iterate quickly.

Final thoughts

create_supervisor and create_swarm generate the supervisor and network systems from the previous chapters, verified to produce exactly the graphs you’d wire by hand — one hub with specialists, or peers with handoff tools. You can draw either to confirm it. Take them when your system is a standard shape and you want the code to say so. Hand-build when you need non-agent nodes, parallelism, business-rule routing, or a shared custom state. And treat the packages as the fast-moving add-ons they are. You now have every pattern the capstone needs. Time to build it.





Capstone: The Bookshop Support Agent

This is the chapter the whole series has been building toward. We assemble a complete customer-support system for the bookshop: a supervisor that routes each customer to the right specialist, an orders agent that answers by running SQL against the actual warehouse, a recommendations agent backed by retrieval, and a refund path that never moves money without a human’s yes. It’s persistent so conversations survive, it streams so a UI stays live, and every path was run end to end. Nothing here is new — it’s the primitives from all fourteen prior chapters, composed with judgment. Run against langgraph 1.2.9 with a local model and the dbt-bookshop DuckDB warehouse.

The whole build turns on one design idea: different paths through the system deserve different amounts of trust in the model. Routing a book recommendation wrong is cheap; issuing a refund the customer didn’t earn is not. So the recommendations path leans fully on the model’s fluency, and the refund path puts a hard human gate in the graph the model cannot skip. Watch for that gradient as we go — it’s the thing that separates a demo from a system you’d actually deploy.

The shape

The system is a hand-built graph. As Chapter 14 predicted, it’s supervisor-shaped but has two things a plain prebuilt supervisor doesn’t: a refund path with an approval gate, and an orders path that runs SQL. The graph:

graph TD;
    __start__ --> supervisor;
    supervisor -.-> orders;
    supervisor -.-> refund;
    supervisor -.-> recommendations;
    orders --> __end__;
    refund --> __end__;
    recommendations --> __end__;

The supervisor hands off to one of three specialists, each a node. Let’s build them, then wire them, then follow a request through.

The state

One shared state carries the conversation and the fields the refund path needs:

from typing import Annotated, TypedDict
from langgraph.graph.message import add_messages

class State(TypedDict):
    messages: Annotated[list, add_messages]
    intent: str
    refund_order: str
    refund_amount: float

messages uses add_messages so the conversation accumulates; the rest are plain channels the supervisor and refund node write. Every specialist reads the same messages, so each sees the full conversation that led to it.

The supervisor

The supervisor reads the latest message and hands off with a Command. It’s shown with rule-based routing, which is deterministic and exactly what you want for the hard-money refund path. You do not want a 3B model deciding whether something is a refund:

from typing import Literal
from langgraph.types import Command

def supervisor(state) -> Command[Literal["orders", "refund", "recommendations"]]:
    text = state["messages"][-1].content.lower()
    if "refund" in text:
        intent = "refund"
    elif "order" in text or "status" in text:
        intent = "orders"
    else:
        intent = "recommendations"
    return Command(update={"intent": intent}, goto=intent)

In production you’d often make this a model-driven supervisor for softer, more natural routing — create_agent with handoff tools, or create_supervisor. The trade-off is the design gradient again. Model routing reads intent better but is only as reliable as the model, so you mix it with hard rules for consequential paths. Route “what’s like Dune?” with the model; route “refund” with an if. A hybrid supervisor is often the right production shape: the model for the fuzzy cases, plus a rule that forces anything mentioning “refund” to the gated path regardless of what the model thought.

The orders agent runs real SQL

The orders specialist answers questions by querying the warehouse. Its tool opens the DuckDB read-only and runs SQL — the text-to-SQL path folded into the system:

import duckdb
from langchain_core.tools import tool

@tool
def run_sql(query: str) -> str:
    """Run a read-only SQL query against the bookshop warehouse."""
    con = duckdb.connect("bookshop.duckdb", read_only=True)
    try:
        return str(con.execute(query).fetchall()[:20])
    finally:
        con.close()

def orders(state):
    rows = run_sql("select status, count(*) from orders group by status")
    return {"messages": [AIMessage(f"Order status breakdown: {rows}")]}

Verified against the real warehouse, the orders path returned the genuine breakdown: [('placed', 2), ('shipped', 2), ('returned', 1), ('completed', 9), ('cancelled', 1)]. Note the tool opens the connection read-only — the Chapter 4 security principle in action. No query the model writes can modify the warehouse, because your code didn’t grant that power. In a full agent you’d give run_sql to a create_agent with the schema in its system prompt, then let the model write the query from the customer’s question. That’s the model-quality-dependent part, flagged as such. What’s proven here is that the tool executes real SQL against a real database inside the graph: the “it hit the warehouse” is not a mock.

The refund path is gated

The refund specialist is where human-in-the-loop earns its place. It interrupts before touching money, surfacing the details for a human to approve:

from langgraph.types import interrupt

def refund(state):
    approved = interrupt({
        "action": "refund",
        "order": state["refund_order"],
        "amount": state["refund_amount"],
    })
    if approved != "yes":
        return {"messages": [AIMessage("Refund cancelled by an agent.")]}
    process_refund(state["refund_order"], state["refund_amount"])
    return {"messages": [AIMessage(f"Refunded ${state['refund_amount']} on {state['refund_order']}.")]}

Verified: when the supervisor routed a “I want a refund” message here, the graph paused. The invoke returned with __interrupt__ set and get_state(...).next equal to ('refund',). Only after resuming with Command(resume="yes") did it complete with “Refunded $30.0 on A17.” The refund is a hard gate: the node suspends on the interrupt call, so no amount of model confusion can skip it. This is the safety property the whole architecture exists to provide, and it’s structural, not a prompt the model might ignore.

The recommendations agent

The third specialist answers “what should I read?” from the catalog, using the RAG pattern as a node — retrieve similar books, then let the model suggest from them:

def recommendations(state):
    question = state["messages"][-1].content
    hits = catalog_retriever.invoke(question)          # retrieve similar books
    context = "\n".join(d.page_content for d in hits)
    reply = model.invoke([
        SystemMessage(f"Recommend books to the customer, using only these:\n{context}"),
        HumanMessage(question),
    ])
    return {"messages": [reply]}

It’s the same retrieve-then-generate chain from Act 1, dropped in as a graph node — the retriever being a Runnable is what lets it slot in unchanged. Recommendations is the path where you want the model’s fluency, and where a wrong answer is cheap, so it’s fully model-driven. That’s the low-trust-required end of the gradient, the opposite of the refund gate. And it’s the same system holding both, which is exactly the point.

Wiring it together

from langgraph.graph import StateGraph, START, END
from langgraph.checkpoint.memory import InMemorySaver

g = StateGraph(State)
g.add_node("supervisor", supervisor)
g.add_node("orders", orders)
g.add_node("refund", refund)
g.add_node("recommendations", recommendations)
g.add_edge(START, "supervisor")
for node in ["orders", "refund", "recommendations"]:
    g.add_edge(node, END)

app = g.compile(checkpointer=InMemorySaver())

The checkpointer gives the whole system per-thread memory — one thread_id per customer conversation. It’s also what lets the refund interrupt pause and resume across separate requests: the approval can come minutes later, from a different HTTP call. Because the result is a plain compiled graph, it streams. stream_mode="updates" narrates “routing… querying orders… composing answer,” and stream_mode="messages" streams the reply token by token.

Following a request through

Trace one customer message — “I want a refund on order A17” — through the compiled graph to see the pieces move:


	invoke with the message on thread cust-42. The checkpointer loads any prior state for that thread and appends the new message.

	supervisor runs, sees “refund” in the text, returns Command(update={"intent": "refund"}, goto="refund"). State now records the intent; control transfers.

	refund runs and hits interrupt(...). The graph suspends — invoke returns with __interrupt__ carrying the refund details, and the checkpoint saves the paused state. Nothing has been refunded.

	Your app shows a human the payload. Minutes later, a separate call: invoke(Command(resume="yes"), config) on the same thread. The graph reloads the paused checkpoint, interrupt returns "yes", the node processes the refund and replies.



Every step is a primitive you built: a handoff, a gate, a checkpoint, a resume. That’s the whole system, and it’s why the capstone feels less like new material than like a reunion.

Extending it

Because it’s a graph, growing it is adding nodes. A shipping specialist? Add a shipping node with its own tools and a "shipping" destination in the supervisor’s Literal and routing. An escalation path to a human agent for anything the model flags? Another node, another gate. A real refund API behind the gate? Swap the process_refund call. Nothing you’d add requires touching what’s there. New capability is a new node and an edge — the modularity argument from Chapter 12 paying off in the large.

What each chapter contributed

Standing back, the capstone is a map of the series:


	Models, prompts, tools, RAG: the specialists’ insides.

	StateGraph and routing: the graph itself and the supervisor’s handoffs.

	Persistence: per-customer memory and the resumable refund pause.

	Human-in-the-loop: the refund gate.

	Handoffs: supervisor to specialist.

	Streaming: the live UI.



There’s no primitive in the capstone you haven’t seen. That’s the intended feeling: a “real” multi-agent system is not a new category of thing, it’s these pieces, composed with judgment about which paths trust the model and which don’t.

Final thoughts

The bookshop support agent is the series made concrete: a supervisor triaging to an orders agent that runs verified SQL against the warehouse, a recommendations agent backed by retrieval, and a refund path gated behind a human. It’s all persistent and streamable, all run end to end. The one design lesson worth taking beyond LangGraph: route consequential decisions with rules and gates, route fuzzy ones with the model, and never let the model skip a gate that guards something irreversible. You can copy this graph and grow it a node at a time. It’s a starting point, and it works. Two chapters remain, on making a system like this observable and shippable.





Observability and Evaluation: Seeing Inside a Run

The capstone works. But when it doesn’t — the supervisor routes wrong, an agent loops, a tool returns garbage — you need to see inside. A multi-agent run is many model calls, tool calls, and handoffs deep. Staring at a final answer tells you nothing about the path that produced it. This chapter is how you make a run visible, measurable, and testable. It splits into three questions, each with its own tool: what happened in this run (tracing), is the system getting better or worse (evaluation), and does the graph’s logic do the right thing (testing). One of those — testing with fakes — is run-verified here. Tracing and evaluation use LangSmith, whose API surface is confirmed but which needs an account this series has no key for, so those are marked accordingly. Run against langsmith 0.10.10.

Tracing the whole graph

LangSmith is LangChain’s tracing and evaluation platform. It’s the default answer because instrumentation is nearly free: set two environment variables, and every LangChain and LangGraph run is captured automatically, with no code change.

export LANGSMITH_TRACING=true
export LANGSMITH_API_KEY=ls-...

With those set, running your graph records a trace: a tree with the graph invocation at the root, each node under it, and each model and tool call under those. Every span carries the inputs, outputs, token counts, latency, and any error. For the capstone, one trace shows the whole story: supervisor decided “orders”, the orders agent called run_sql with this query, got these rows, composed that answer. That’s exactly the visibility a multi-agent system otherwise lacks. When a customer says “the bot gave me the wrong order status,” the trace tells you which link failed — the model wrote a bad query, the query returned bad rows, or the model misread good rows. For your own functions outside the LangChain call graph, the @traceable decorator adds them as spans:

from langsmith import traceable

@traceable
def process_refund(order_id, amount):
    ...   # now appears in the trace

Verification note: the langsmith package and its traceable/Client surface are confirmed importable at the pinned version, but this series has no LangSmith API key, so the traces themselves were not captured against a live project. The auto-instrumentation and @traceable behavior are documented and stable; treat the specifics of the LangSmith UI as unrun here.

Cost and latency, per node

You don’t strictly need LangSmith to track cost. The data is already in the messages. Chapter 2 showed every AIMessage carries usage_metadata with input_tokens, output_tokens, and total_tokens, verified there against a real run. Because it’s on the message, and the message is in the state, you can sum tokens per node two ways. Walk the message list, or accumulate them into a state channel with a reducer. In a multi-agent system this answers “which agent is burning the budget?” The supervisor’s routing calls are cheap; a recommendations agent reasoning over long retrieved context is where the tokens go. Tracing turns this into a dashboard, but the raw numbers are yours for free either way. That matters, because cost is one of the first things that surprises a team moving an agent to production.

Evaluation: measuring quality

Tracing shows one run. Evaluation measures many against expectations, so you can tell whether a prompt change or a model swap made the system better or worse. That’s the difference between “it seemed fine when I tried it” and a number you can watch. The LangSmith shape is a dataset of examples plus one or more evaluators:

from langsmith import Client
client = Client()

client.evaluate(
    my_agent,                       # the system under test
    data="bookshop-support-eval",   # a named dataset of {input, expected} cases
    evaluators=[correctness, no_hallucinated_orders],
)

Evaluators come in two flavors, and a real suite uses both. Heuristic evaluators are plain functions: did the SQL path return the right count, did the refund path refuse without approval, is the answer non-empty. They’re cheap, deterministic, and right for anything with a checkable answer. LLM-as-judge evaluators use a model to score fuzzy qualities — is the recommendation relevant, is the tone appropriate — where there’s no exact match to test. The discipline that matters: score the consequential, checkable behaviors with heuristics. “The refund gate must never be skipped” is a heuristic you can assert, not a judgment call. Reserve the judge for genuinely subjective quality, because a judge is itself a model — it carries the same reliability caveats as the system it’s grading. Grading a model with a model is useful but not ground truth. (As with tracing, evaluate is described here from its confirmed API, not run against a live project.)

Testing without a live model

Here’s the part you can — and should — run in ordinary CI, with no API key and no cost. And it’s verified. A graph’s control flow is deterministic even though the model isn’t: given a particular model output, the graph routes a particular way. So you test the graph by swapping the real model for a fake that returns scripted responses, then assert on the path. The simplest case asserts a reply:

from langchain_core.language_models.fake_chat_models import GenericFakeChatModel
from langchain_core.messages import AIMessage

fake = GenericFakeChatModel(messages=iter([AIMessage("scripted reply")]))
# build the graph with `fake` in the model slot, then:
assert app.invoke({"messages": [("user", "anything")]})["messages"][-1].content == "scripted reply"

The powerful case scripts a tool call, so you can test the whole ReAct loop deterministically. Does the graph run the tool and loop back when the model asks? Script the fake to first request a tool, then answer:

scripted = iter([
    AIMessage(content="", tool_calls=[{"name": "lookup", "args": {"x": "A17"}, "id": "1", "type": "tool_call"}]),
    AIMessage(content="Here is your answer."),
])
fake = GenericFakeChatModel(messages=scripted)
# ...build the model↔tools graph with `fake`, then:
out = app.invoke({"messages": [("user", "status of A17?")]})
assert [m.type for m in out["messages"]] == ["human", "ai", "tool", "ai"]   # the loop ran

Verified: this passes deterministically, no live model. The message types come back ['human', 'ai', 'tool', 'ai'], proving the graph saw the tool request, ran the tool, and looped back for the final answer. The technique generalizes to the whole system. Script a fake to route a certain way and assert the supervisor hands off correctly; script the refund case and assert the graph pauses at the interrupt. This is what makes a multi-agent system testable at all. You separate two questions: “does the graph do the right thing given a model output” (deterministic, unit-testable with fakes) and “does the model produce good outputs” (non-deterministic, measured with evaluation). Test the first in CI on every commit; measure the second with datasets on a schedule. The model-agnostic slot that let this series verify against a local model is the same slot that lets your tests run against a fake. Same property, used two ways.

Debugging locally

Before any of the above, the fastest loop for “what is this graph doing” is streaming in updates mode, printing each step. Or get_state_history, to inspect the checkpoints after a run went wrong. For a system with persistence, the state history is a local trace you already have: every checkpoint, in order, with the state at each. So you can find the exact step where the state went sideways, and even resume from just before it. Reach for LangSmith when you need production traffic, cross-run comparison, or a trace to share. Reach for stream and get_state_history when you’re at your desk figuring out why one run misbehaved.

Final thoughts

Observability for a multi-agent system has three layers, and they answer different questions. Tracing (LangSmith, auto-instrumented) answers “what happened in this run” and, with token metadata, “what did it cost.” Evaluation (datasets plus heuristic and judge evaluators) answers “is the system getting better or worse” across many runs. And testing with fakes — the one you run every commit — answers “does the graph’s control flow do the right thing.” It runs deterministically and for free, by separating the graph’s logic from the model’s judgment. Instrument with tracing, gate quality with evaluation, and let fakes keep the graph itself honest in CI. One chapter left: getting a system like this off your laptop.





Durability and Deployment: Off the Laptop

The capstone runs on your laptop. Between there and production is a gap that has little to do with agents and everything to do with running anything real. The system has to survive a crash without losing a half-finished conversation, retry a flaky model or API instead of failing, and serve many users at once behind an HTTP endpoint. The good news is the through-line of this whole series, one last time: LangGraph’s answers to those are mostly things you already have. The checkpointing that gave you memory is the same mechanism that gives you durability, and the graph being a Runnable is what makes it deployable. This final chapter covers the production concerns, honestly split between what’s verified here and what’s described from a confirmed API. Run against langgraph 1.2.9.

Durable execution, for free

You already have durability. A checkpointer writes a snapshot after every step. So if the process dies three nodes into a graph, the last completed step is saved, and re-invoking on that thread resumes from there rather than restarting. For a support conversation that’s a convenience. For an expensive multi-step task — the on-call diagnostics, or a long research run — it’s the difference between “redo everything” and “pick up where it stopped.” At scale, that’s the difference between a recoverable blip and a wasted hour of compute. The requirement is a durable checkpointer. InMemorySaver vanishes with the process, so production uses langgraph-checkpoint-postgres (or SQLite for a single node), where the state lives in a database that outlives any one process.

There’s a knob for how durably each step is saved. invoke and stream take a durability parameter (verified in the signature) that trades safety against speed. It persists synchronously before continuing (safest, slowest), asynchronously in the background (the usual balance), or only at exit (fastest, least safe). The default is the balanced mode. You tighten it on the paths where losing a step is expensive: anything past the refund gate wants a synchronous write, so a crash can never leave “refunded the money but forgot we did” as a possible state.

Retries, timeouts, and error handlers

A production graph talks to models and APIs that fail intermittently, and you don’t want a transient blip to kill a run. LangGraph puts the controls on the node. add_node accepts a retry_policy, an error_handler, and a timeout — all verified in its signature:

from langgraph.types import RetryPolicy

builder.add_node(
    "call_model",
    call_model,
    retry_policy=RetryPolicy(max_attempts=3, initial_interval=1.0, backoff_factor=2.0, jitter=True),
    timeout=30,
)

RetryPolicy’s fields are verified as max_attempts, initial_interval, backoff_factor, max_interval, jitter, and retry_on. They describe exponential backoff with jitter, the standard shape for retrying a rate-limited or flaky dependency: wait a bit, wait longer each time, and add randomness so a fleet of retrying instances doesn’t thunder in lockstep. The retry_on field scopes retries to the exceptions worth retrying — a timeout, a 503 — rather than blindly retrying a bug. Retrying a bug just burns attempts on something that will never succeed. This node-level retry is one layer, and the others you’ve met stack on top. For model failures specifically, the ModelRetryMiddleware and ModelFallbackMiddleware retry the model then fall back to a different one. For tool failures, the error-as-ToolMessage pattern lets the model recover in-loop. Node retries, agent middleware, tool error handling: a defense at every layer that can fail. That’s what production resilience actually looks like — not one big try/except, but graceful degradation wherever a call crosses a boundary.

Two ways to serve a graph

A compiled graph is a Runnable — it has invoke and astream — so the simplest deployment is to call it yourself from any web framework:

from fastapi import FastAPI
api = FastAPI()

@api.post("/chat")
async def chat(req: ChatRequest):
    config = {"configurable": {"thread_id": req.session_id}}
    result = await app.ainvoke({"messages": [("user", req.text)]}, config)
    return result["messages"][-1].content

That’s all it takes to put the capstone behind an endpoint: map a user’s session to a thread_id, ainvoke the graph, return the last message. Streaming to the client is astream with a mode from Chapter 10, pushed over Server-Sent Events or a WebSocket. Use the async forms (ainvoke, astream) here. A web server handles many requests at once, and you don’t want one user’s slow model call blocking everyone else’s.

The property that makes this scale is the payoff of everything in Act 2. Because the checkpointer holds all the state, the web process is stateless. Nothing about a conversation lives in the Python process. It’s all in the checkpointer’s database, keyed by thread_id. So any server instance can handle any request for any thread. A user’s first message can hit instance A; their reply five minutes later can hit instance B, even after A has restarted. It just works, because both instances read the same saved state. That’s what lets you scale horizontally: run ten instances behind a load balancer, point them all at one Postgres checkpointer, and there’s no session affinity to manage, no sticky routing, no in-memory state to lose on a deploy. The stateless-web-plus-shared-state-store pattern is old and well-understood. LangGraph gets you there by default, because the state was never in the process to begin with.

The second option is the LangGraph Server (the platform), which packages all of the above. You describe your graphs in a langgraph.json and run the server. What you get is a persistent service with a threads API, streaming endpoints, a built-in checkpointer, background runs, and a Studio UI for inspecting traces. It’s the batteries-included path when you’d rather not hand-roll the FastAPI layer and thread management yourself.

Verification note, stated plainly: the LangGraph Server and its CLI (langgraph dev / langgraph.json) are described here, not run. Deploying the platform is beyond a local verification project, and its langgraph-cli was not installed for this series. The durability parameter, RetryPolicy, and the node-level retry_policy/timeout/error_handler arguments are confirmed against the pinned API, and the self-hosted FastAPI pattern is standard Runnable usage. Treat the Server’s specifics as pointers to its own docs, current as of your deploy date, not as run-verified claims — the same honesty this series has applied throughout.

The production checklist

Taking a LangGraph system to production, concretely:


	Swap InMemorySaver for a durable checkpointer (Postgres), so state and durability survive restarts, and set durability tighter on irreversible paths.

	Put retry policies on nodes that call flaky dependencies, and fallback/retry middleware on the model.

	Keep human gates (interrupts) on irreversible actions. They work in production exactly as locally, because a pause is just a checkpoint that can now wait across process restarts.

	Add tracing (Chapter 16) so you can see production runs, and fake-model tests in CI so control-flow regressions never ship.

	Serve behind your own async framework or the LangGraph Server, with the checkpointer as the shared state store so instances stay stateless and scale out.



None of these are new systems. They’re the primitives you already know, configured for a hostile environment.

Final thoughts

Production durability is the checkpointer you’ve had since Act 2, made durable with a real database and tuned with a durability mode. Resilience is retry policies, middleware, and tool error handling, stacked at every layer that can fail. Deployment is either a few lines of async FastAPI over a Runnable or the batteries-included LangGraph Server, scaling out because the state was never in the process. The through-line holds right to the end: there is no separate “production LangGraph” to learn, only the graph you built, pointed at a durable store and wrapped in an endpoint.

That closes the book. We started with a model that couldn’t act and the agent loop that fixes it, and the discovery that create_agent is just a graph. We built the primitives, then the graph from an empty constructor up — state, routing, memory, human pauses, streaming. Then multi-agent systems and a capstone that ties it together and runs. The one idea underneath all of it: an agent is a graph you can see, draw, and edit. Once that’s true for you, there’s no magic left — only nodes, edges, and state, arranged with judgment. Go build one.
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