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CHAPTER 01

Build AI Agents with LangGraph
What you'll build: A functional and robust AI agentic system using LangGraph,

capable of executing multi-step workflows and utilizing external tools. Time

needed: ~90 minutes Prerequisites: Python 3.9+, Basic understanding of

Large Language Models (LLMs), Familiarity with LangChain concepts (optional but

helpful) Version used: v0.2

Introduction to LangGraph and Agentic Systems

Welcome! In this tutorial, we're going to dive into the exciting world of AI agents

and learn how to build them using LangGraph. If you've ever found yourself

wishing an AI could do more than just answer a single question, you're in the right

place.

Why Standard LLMs Fall Short for Complex Tasks

Large Language Models (LLMs) are incredibly powerful, but they often operate in

a single-turn, stateless manner. You ask a question, they give an answer. What

happens if a task requires multiple steps, decision-making, or interaction with

external systems? For example, "Find me the current stock price of Apple, then

tell me if it's a good time to buy based on its 52-week high." A single LLM call

can't inherently handle this multi-step process.

This is where agentic systems come in. An AI agent is essentially an LLM

augmented with the ability to:

Reason: Break down complex problems.

Plan: Determine a sequence of actions.

Act: Execute those actions using tools.

Observe: Process the results and adapt its plan.

Reflect: Learn from its experiences.

These agents can tackle complex problems by chaining together reasoning steps,

using tools, and making decisions based on the current situation.

What is LangGraph and How Does It Empower Agents?

LangGraph is a library built on top of LangChain that empowers you to construct 

stateful, multi-actor applications with LLMs. Think of it as a framework for

defining the "brain" and "nervous system" of your AI agent.

1. 

2. 

3. 
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At its core, LangGraph allows you to define a directed graph where:

Nodes are functions or LLM calls that perform specific actions.

Edges define the flow of execution between nodes.

State is a shared object that gets passed between nodes, allowing agents

to maintain context and memory across multiple steps.

This graph-based approach provides a clear, explicit, and controllable way to

orchestrate complex agent behaviors, moving beyond simple sequential chains to

dynamic, branching workflows.

⚡ Note: LangGraph is specifically designed for agent orchestration, giving

you fine-grained control over the flow. While LangChain provides many

components (LLMs, tools, chains), LangGraph helps you wire them together

into intelligent, decision-making systems.

By the end of this section, you understand the "why" behind agentic systems and

how LangGraph provides the foundational structure to build them.

Setting Up Your Development Environment

Before we dive into coding our agent, let's make sure your development

environment is properly set up. We'll install the necessary libraries and configure

access to an LLM provider.

Step 1: Prepare Your Python Environment

It's always a good practice to work within a virtual environment to manage project

dependencies.

First, create a new directory for our project and navigate into it:

mkdir langgraph_agent_tutorial
cd langgraph_agent_tutorial

Now, create and activate a Python virtual environment. We're using Python 3.9+,

as specified in the prerequisites.

python3 -m venv .venv
source .venv/bin/activate

• 

• 

• 
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⚡ Note: If you're on Windows, you might use .\.venv\Scripts\activate

instead of source .venv/bin/activate .

Step 2: Install LangGraph and LangChain

With your virtual environment active, install the core libraries: langgraph  and 

langchain-community . We'll also install langchain-openai  for interacting with

OpenAI's models, but you can substitute this with your preferred LLM provider's

integration (e.g., langchain-anthropic ).

pip install langgraph==0.0.60 langchain-community langchain-openai python-
dotenv

⚡ Note: We're explicitly pinning langgraph  to 0.0.60  as of v0.2  to ensure

compatibility with this tutorial. Future versions might introduce changes, so

this helps keep things consistent. python-dotenv  is useful for managing API

keys.

Step 3: Configure Your LLM Provider API Key

Our agent will need an LLM to reason and make decisions. For this tutorial, we'll

use OpenAI. You'll need an OpenAI API key.

Create a file named .env  in your project root directory and add your OpenAI API

key to it:

# .env
OPENAI_API_KEY="your_openai_api_key_here"

Replace "your_openai_api_key_here"  with your actual key. Make sure to keep

this file out of version control (e.g., add .env  to your .gitignore ).

Next, we'll load this environment variable in our Python script.

Step 4: Verify Your Setup

Let's quickly verify that langgraph  and langchain  can be imported and that

your API key is accessible.

Create a new Python file named app.py :
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# app.py
import os
from dotenv import load_dotenv

# Load environment variables from .env file
load_dotenv()

try:
import langgraph
from langchain_openai import ChatOpenAI
print("LangGraph and LangChain components imported successfully!")

# Test LLM access
openai_api_key = os.getenv("OPENAI_API_KEY")
if not openai_api_key:

raise ValueError("OPENAI_API_KEY not found in environment variables.")

llm = ChatOpenAI(api_key=openai_api_key, model="gpt-4o-mini")
print(f"LLM initialized: {llm.model_name}")

except ImportError as e:
print(f"Error importing modules: {e}")

except ValueError as e:
print(f"Configuration error: {e}")

except Exception as e:
print(f"An unexpected error occurred: {e}")

Run this script from your terminal:

python app.py

You should see output similar to this:

LangGraph and LangChain components imported successfully!
LLM initialized: gpt-4o-mini

If you encounter any errors, double-check your pip install  commands and

your .env  file for the correct API key.

⚠️ Common mistake: Forgetting to activate the virtual environment before

installing packages or running the script can lead to ModuleNotFoundError .

Always ensure (.venv)  is visible in your terminal prompt.

You have successfully set up your development environment, installed the

necessary libraries, and configured access to your LLM provider. We're now ready

to start building our agent.
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Defining the Graph State and Nodes

The foundation of any LangGraph agent is its state and the nodes that operate

on that state. The state acts as the agent's memory, holding all relevant

information as it progresses through a task. Nodes are the modular building

blocks that perform specific computations or actions.

Step 5: Design Your Agent's State

The graph state is a dictionary-like object that defines the information shared

between all nodes in your graph. It's crucial for maintaining context and enabling

stateful interactions. We'll define a TypedDict  for our state to ensure type safety

and clarity.

For our example, let's build a simple agent that can answer questions, and if

needed, use a tool (like a calculator) to perform calculations.

Open app.py  and add the following at the top, after your import  statements:

# app.py (continued)
from typing import List, Annotated, TypedDict
from langchain_core.messages import BaseMessage, HumanMessage, AIMessage
from langchain_core.tools import tool
from langchain_openai import ChatOpenAI
from langgraph.graph import StateGraph, END
import os
from dotenv import load_dotenv

load_dotenv() # Ensure env vars are loaded

# Initialize LLM
llm = ChatOpenAI(api_key=os.getenv("OPENAI_API_KEY"), model="gpt-4o-mini", tem
perature=0)

class AgentState(TypedDict):
"""

    Represents the state of our agent.

    Messages: A list of messages passed between nodes.
    """

messages: Annotated[List[BaseMessage], lambda x, y: x + y]
# The `Annotated` type with a reducer function is key here.
# It tells LangGraph how to update the 'messages' list:
# new messages (y) are appended to existing messages (x).

Here's what we've done:

We defined AgentState  as a TypedDict  with a single key: messages .• 
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messages  is an Annotated  list of BaseMessage  objects. The 

lambda x, y: x + y  function is a "reducer" that tells LangGraph how to

combine state values when a node returns an update. In this case, it means

"append new messages to the existing list." This is how the conversation

history builds up.

Step 6: Create Your Agent's Nodes

Nodes are simple Python functions that take the current AgentState  as input and

return an update to the state. They encapsulate specific logic, like calling an LLM

or using a tool.

Let's define our first node: an agent_brain  node that will use an LLM to decide

what to do next or generate a final response.

Add this code to app.py  below your AgentState  definition:

# app.py (continued)

# Define our tools (we'll expand on this later, for now, just a placeholder)
@tool
def calculator(expression: str) -> str:

"""Evaluates a mathematical expression."""
try:

return str(eval(expression))
except Exception as e:

return f"Error evaluating expression: {e}"

# List of tools available to the agent
tools = [calculator]

# Bind tools to the LLM. This makes the LLM aware of the tools and their 
schemas.
llm_with_tools = llm.bind_tools(tools)

# Define the agent's brain node
def agent_brain(state: AgentState):

"""
    This node represents the agent's reasoning process using the LLM.
    It takes the current state (messages) and uses the LLM to decide the next 
action
    or generate a final response.
    """

print("---AGENT BRAIN---")
messages = state['messages']
response = llm_with_tools.invoke(messages)
return {"messages": [response]}

In this step:

We've added a placeholder calculator  tool using @tool  decorator from 

langchain_core.tools . This makes it a LangChain Tool  object.

• 

• 
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We've bound our calculator  tool to the llm  instance using 

llm.bind_tools(tools) . This is crucial because it tells the LLM about the

tools it has access to, allowing it to generate tool calls when appropriate.

The agent_brain  function takes the AgentState  as input.

It retrieves the messages  from the state.

It invokes the llm_with_tools  with the current messages . The LLM will

either generate a text response or suggest a tool call.

It returns an update to the state: a new list containing only the LLM's latest

response. LangGraph's reducer for messages  will append this to the

existing messages  list.

⚡ Note: The print("---AGENT BRAIN---")  statements are simple

debugging aids. They help us visualize which node is executing during the

graph's run.

By the end of this section, you have a clear definition of your agent's shared state

and your first core node, agent_brain , which integrates an LLM capable of using

tools.

Integrating LLMs and Tools into Nodes

Now that we have our AgentState  and a basic agent_brain  node, let's refine

how our agent interacts with LLMs and, more importantly, how it uses external

tools to accomplish tasks.

Step 7: Create a Tool Execution Node

The agent_brain  node decides if a tool needs to be called. We need another

node that actually executes the tool when the LLM decides to use it. This

separation keeps our logic clean.

Add the execute_tools  node to your app.py  file, below the agent_brain

function:

# app.py (continued)
from langchain_core.messages import ToolMessage

def execute_tools(state: AgentState):
"""

    This node executes the tools suggested by the agent_brain.
    It inspects the last message from the LLM, extracts tool calls,
    and runs them, returning the tool's output to the state.
    """

• 

• 

• 

• 

• 
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print("---EXECUTE TOOLS---")
messages = state['messages']
last_message = messages[-1]

# Check if the last message is a tool call
if not last_message.tool_calls:

# This shouldn't happen if the router works correctly, but good for 
safety

print("No tool calls found in the last message.")
return state # No change to state if no tool calls

tool_outputs = []
for tool_call in last_message.tool_calls:

tool_name = tool_call['name']
tool_args = tool_call['args']

print(f"Calling tool: {tool_name} with args: {tool_args}")

# This is a simplified tool dispatcher. In a real app, you'd map 
tool_name to actual functions.

# For now, we only have 'calculator'.
if tool_name == "calculator":

output = calculator.invoke(tool_args) # Invoke the tool directly
tool_outputs.append(ToolMessage(content=str(output),

tool_call_id=tool_call['id']))
else:

tool_outputs.append(ToolMessage(content=f"Unknown tool: 
{tool_name}", tool_call_id=tool_call['id']))

return {"messages": tool_outputs}

Here's what this execute_tools  node does:

It receives the current AgentState .

It looks at the last_message  from the agent_brain  (which is an 

AIMessage  containing potential tool_calls ).

If tool_calls  are present, it iterates through them.

For each tool call, it extracts the tool's name and arguments.

It then dispatches to the appropriate tool (in our case, calculator ).

The output of the tool is wrapped in a ToolMessage  and added to a list.

Finally, it returns {"messages": tool_outputs} . LangGraph's reducer will

append these ToolMessage s to the AgentState 's messages  list, providing

the LLM with the results of its tool usage in the next agent_brain

invocation.

⚡ Note: The ToolMessage  is crucial. It's how the results of a tool execution

are fed back into the conversation history, allowing the LLM to see what

happened and continue its reasoning.

• 

• 

• 

• 

• 

• 

• 
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By the end of this section, you have two distinct nodes: one for the LLM's

reasoning and another for executing external tools, setting the stage for dynamic

agent behavior.

Designing Conditional Edges and Workflow Logic

Now that we have our nodes ( agent_brain  and execute_tools ), we need to

define the flow of control between them. This is where conditional edges

become essential. They allow our agent to make decisions and dynamically

choose the next step based on the current AgentState .

Step 8: Implement the Decision-Making Router

Our agent needs to decide:

Has the LLM decided to call a tool? If so, we need to go to execute_tools .

Or, has the LLM generated a final answer? If so, we're done.

We'll create a "router" function that inspects the last message from the 

agent_brain  and returns a string indicating the name of the next node, or END  if

the task is complete.

Add the should_continue  function to your app.py  file:

# app.py (continued)

def should_continue(state: AgentState):
"""

    This function acts as a router. It inspects the last message from the LLM
    and determines the next step in the graph.
    - If the LLM suggested tool calls, we go to the 'execute_tools' node.
    - Otherwise (LLM generated a final answer), we end the graph.
    """

print("---CHECKING NEXT STEP---")
messages = state['messages']
last_message = messages[-1]

# If the LLM has tool calls, then we want to execute the tools
if last_message.tool_calls:

print("Decision: TOOL CALL")
return "continue_tool_execution" # A custom string to signify tool 

execution
# Otherwise, the LLM is done and has provided a final answer
else:

print("Decision: END")
return "end_conversation" # A custom string to signify ending the 

conversation

1. 

2. 
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Here's how should_continue  works:

It takes the AgentState  as input.

It retrieves the last_message  from the messages  list.

It checks last_message.tool_calls . If this list is not empty, it means the

LLM wants to use a tool.

If tool calls are present, it returns "continue_tool_execution" . This string

will be mapped to our execute_tools  node.

If no tool calls are present, it means the LLM has likely generated a final,

human-readable response, so we return "end_conversation" . This will be

mapped to END .

⚡ Note: The strings returned by the router function

( "continue_tool_execution" , "end_conversation" ) are arbitrary labels

that you define. They serve as keys to map to specific nodes or the END  state

in your graph configuration.

Step 9: Visualize the Agent Workflow

Before we write the graph building code, let's visualize the flow we're creating

with a simple diagram. This helps ensure our logic makes sense.

• 

• 

• 

• 

• 

Build AI Agents with LangGraph 12



This diagram illustrates:

The process starts with User Input , which goes to the Agent_Brain .

The Agent_Brain  (our agent_brain  node) processes the messages.

Then, Check_Next_Step  (our should_continue  router function) decides

what to do next.

If the LLM decided to call a tool, the flow goes to Execute_Tools  (our 

execute_tools  node).

After tools are executed, the flow loops back to Agent_Brain  so the LLM

can see the tool's output and continue reasoning.

If the LLM did not call a tool, it means it has a final answer, and the process 

End s.

By the end of this section, you have a clear decision-making function

( should_continue ) that will guide your agent's workflow and a visual

understanding of the graph's structure.

1. 

2. 

3. 

4. 

5. 

6. 
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Compiling and Invoking Your LangGraph Agent

With our state defined, nodes created, and conditional logic established, it's time

to assemble these components into a complete LangGraph agent and bring it to

life!

Step 10: Build and Compile the Graph

LangGraph uses a StateGraph  object to define the structure of your agent. You

add nodes to it, specify entry and exit points, and define the edges that connect

them.

Add the graph building and compilation code to app.py , after all your node and

router definitions:

# app.py (continued)

# Build the graph
workflow = StateGraph(AgentState)

# Add nodes to the graph
workflow.add_node("agent_brain", agent_brain)
workflow.add_node("execute_tools", execute_tools)

# Set the entry point (where the graph starts)
workflow.set_entry_point("agent_brain")

# Add conditional edges based on the router function
workflow.add_conditional_edges(

"agent_brain", # From the agent_brain node
should_continue, # Use our router function to decide next step
{

"continue_tool_execution": "execute_tools", # If router returns 
"continue_tool_execution", go to execute_tools

"end_conversation": END # If router returns 
"end_conversation", end the graph

}
)

# After executing tools, always go back to the agent_brain to let the LLM see 
the results
workflow.add_edge("execute_tools", "agent_brain")

# Compile the graph
app = workflow.compile()

print("LangGraph agent compiled successfully!")

Let's break down what's happening here:

workflow = StateGraph(AgentState) : We initialize our graph, telling it to

use our AgentState  definition.

• 
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workflow.add_node(...) : We register our agent_brain  and 

execute_tools  functions as nodes in the graph, giving them unique

names.

workflow.set_entry_point("agent_brain") : We tell the graph that

execution should always start at the agent_brain  node. When we invoke

the graph, the initial input will be passed to this node.

workflow.add_conditional_edges(...) : This is where our router comes

into play. 

It specifies that after the "agent_brain"  node executes, the 

should_continue  function will be called.

The dictionary maps the return values of should_continue

( "continue_tool_execution" , "end_conversation" ) to the next

node or END .

workflow.add_edge("execute_tools", "agent_brain") : This is a regular

(unconditional) edge. After execute_tools  finishes, we always want to

send the state back to agent_brain  so the LLM can process the tool's

output.

app = workflow.compile() : This finalizes the graph structure, making it

ready for execution.

Step 11: Invoke Your Agent

Now that our agent is compiled, we can invoke it with an initial message and

observe its behavior.

Add the invocation code to app.py :

# app.py (continued)

# Example invocation
if __name__ == "__main__":

print("\n--- Invoking Agent ---")

# Test 1: A simple question that doesn't require tools
print("\n--- Test Case 1: Simple question ---")
inputs = {"messages": [HumanMessage(content="Hello, how are you?")]}
for s in app.stream(inputs):

print(s)
print("---")

# Test 2: A question that requires tool use
print("\n--- Test Case 2: Tool-use question ---")
inputs = {"messages": [HumanMessage(content="What is 123 + 456?")]}
for s in app.stream(inputs):

print(s)
print("---")

• 

• 

• 

• 

• 

• 

• 
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# Test 3: Another tool-use question
print("\n--- Test Case 3: More complex calculation ---")
inputs = {"messages": [HumanMessage(content="Calculate (5 * 10) - 25.")]}
for s in app.stream(inputs):

print(s)
print("---")

Run your app.py  file:

python app.py

You will see detailed output from each step of the graph execution, including the 

print  statements we added in our nodes and router.

For "Hello, how are you?", you should see:

---AGENT BRAIN---

---CHECKING NEXT STEP---

Decision: END

The final AIMessage  response.

For "What is 123 + 456?", you should see:

---AGENT BRAIN---  (LLM decides to call tool)

---CHECKING NEXT STEP---

Decision: TOOL CALL

---EXECUTE TOOLS---

Calling tool: calculator with args: {'expression': '123 + 456'}

---AGENT BRAIN---  (LLM sees tool output, generates final answer)

---CHECKING NEXT STEP---

Decision: END

The final AIMessage  with the calculated result.

⚠️ Common mistake: If the LLM doesn't call the tool when expected, check

your llm.bind_tools(tools)  call. Ensure the tool's description

( calculator  function docstring) is clear and that the LLM model you're using

(e.g., gpt-4o-mini ) supports tool calling. OpenAI's function calling models

are generally good at this.

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 

• 
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By the end of this section, you have successfully built a complete LangGraph

agent, compiled its workflow, and invoked it to demonstrate both simple

responses and tool-augmented reasoning.

Managing Agent State and Memory

Our current agent is stateless; each invocation starts from a blank slate. For real-

world applications like chatbots or assistants, memory is crucial. We need our

agent to remember past interactions and maintain a persistent state. LangGraph

provides powerful mechanisms for this through state management and

checkpointers.

Step 12: Integrate Message History and Checkpoints

To give our agent memory, we'll leverage LangChain's 

RunnableWithMessageHistory  and LangGraph's checkpointer .

First, let's ensure we have a place to store our conversation history. For simplicity,

we'll use an in-memory SqliteSaver  checkpointer, but in production, you might

use a database.

Modify your app.py  file to include SqliteSaver  and wrap your compiled app

with RunnableWithMessageHistory .

# app.py (continued)
from langchain_community.chat_message_histories import ChatMessageHistory
from langchain_core.runnables.history import RunnableWithMessageHistory
from langgraph.checkpoint.sqlite import SqliteSaver

# ... (all previous code) ...

# Initialize the checkpointer
memory = SqliteSaver.from_file(":memory:") # Use an in-memory SQLite database 
for simplicity

# Wrap the compiled graph with RunnableWithMessageHistory
# This adds memory capabilities to our agent
conversational_agent = RunnableWithMessageHistory(

app,
lambda session_id: ChatMessageHistory(session_id=session_id, session_histo

ries=memory),
input_messages_key="messages", # Key in AgentState that holds the messages
history_messages_key="messages", # Key in AgentState to store/retrieve 

history
)

print("Agent configured with message history and checkpointing!")

# Example invocation with session history
if __name__ == "__main__":

print("\n--- Invoking Conversational Agent ---")
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config = {"configurable": {"session_id": "my_test_session"}}

# First turn
print("\n--- Conversational Test 1: Initial greeting ---")
inputs = {"messages": [HumanMessage(content="Hi, what's your name?")]}
for s in conversational_agent.stream(inputs, config=config):

print(s)
print("---")

# Second turn, agent should remember the context
print("\n--- Conversational Test 2: Following up ---")
inputs = {"messages": [HumanMessage(content="Can you calculate 7 * 8?")]}
for s in conversational_agent.stream(inputs, config=config):

print(s)
print("---")

# Third turn, asking about previous calculation
print("\n--- Conversational Test 3: Referencing previous turn ---")
inputs = {"messages": [HumanMessage(content="What was the result of the 

last calculation?")]}
for s in conversational_agent.stream(inputs, config=config):

print(s)
print("---")

# Test a new session to ensure isolation
print("\n--- Conversational Test 4: New session, no memory of previous 

---")
new_config = {"configurable": {"session_id": "new_session_id"}}
inputs = {"messages": [HumanMessage(content="What was the result of the 

last calculation?")]}
for s in conversational_agent.stream(inputs, config=new_config):

print(s)
print("---")

Run your app.py  file again:

python app.py

Observe the output for my_test_session :

In "Conversational Test 1", the agent introduces itself (or a generic

greeting).

In "Conversational Test 2", it correctly calculates 7 * 8 .

In "Conversational Test 3", it should be able to recall the previous calculation

or at least the fact that a calculation occurred, because the conversation

history is passed to the LLM. The LLM might say "The result was 56."

In "Conversational Test 4", using new_session_id , the agent should not

remember the previous calculation, demonstrating session isolation.

• 

• 

• 

• 

Build AI Agents with LangGraph 18



⚡ Note: The session_id  in the config  dictionary is crucial. It tells 

RunnableWithMessageHistory  which conversation history to load or save.

Each unique session_id  corresponds to a separate conversation.

By the end of this section, your agent can now maintain conversation history

across multiple turns and sessions, making it much more useful for interactive

applications.

Testing, Debugging, and Iteration

Building AI agents, especially with complex workflows, is an iterative process.

You'll constantly be testing, debugging, and refining your graph to achieve the

desired behavior.

Step 13: Strategies for Robust Agent Development

1. Incremental Testing:

Unit Test Nodes: Each node ( agent_brain , execute_tools , 

should_continue ) is a pure Python function. You can write simple unit

tests for them, providing mock AgentState  inputs and asserting the

expected outputs. This isolates issues to individual components.

Test Tool Functionality: Ensure your tools work as expected in isolation

before integrating them into the graph. For example, test 

calculator.invoke({"expression": "1+1"})  directly.

2. Logging and Print Statements:

As you've seen, strategic print  statements within your nodes and router

are invaluable for understanding the flow. They show you which node is

executing and what decisions are being made.

For more robust logging, integrate Python's logging  module.

3. Inspecting the State:

At any point in your graph, you can print the entire state  object passed to

a node. This helps you see how messages are accumulating and how

decisions are being influenced.

When using app.stream(inputs) , each s  in the iteration represents the

state update from a specific node. Printing s  allows you to see the

intermediate results.

• 

• 

• 

• 

• 

• 
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4. Visualizing the Graph:

For more complex graphs, app.get_graph().draw_png("graph.png")

(requires pygraphviz  and graphviz ) can generate a visual representation

of your compiled graph, helping you spot unintended connections or missing

edges.

5. Common Debugging Scenarios:

Agent gets stuck in a loop: This often happens if a conditional edge isn't

correctly defined, or if the LLM repeatedly tries to call a tool that fails or

doesn't provide a clear path to END . Check your should_continue  logic

and ensure END  is reachable.

LLM doesn't use tools:

Verify llm.bind_tools(tools)  was called.

Check the tool's docstring for clarity. The LLM relies on this description

to understand when and how to use the tool.

Ensure the LLM model chosen supports function/tool calling (e.g., 

gpt-4o-mini , gpt-4 ).

Incorrect state updates: If information isn't flowing correctly between

nodes, review your AgentState  definition, especially the Annotated

reducers. Ensure each node returns the correct dictionary to update the

state.

Example Debugging: Let's add a simple print statement to show the full state

before the LLM makes a decision.

Modify your agent_brain  function slightly:

# app.py (modified agent_brain)

def agent_brain(state: AgentState):
"""

    This node represents the agent's reasoning process using the LLM.
    It takes the current state (messages) and uses the LLM to decide the next 
action
    or generate a final response.
    """

print("---AGENT BRAIN---")
print(f"Current state messages for agent_brain: {state['messages']}") # 

Added for debugging
messages = state['messages']
response = llm_with_tools.invoke(messages)
return {"messages": [response]}

• 

• 

• 

• 

• 

• 

• 
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Now, when you run your conversational agent, you'll see the full message history

that the agent_brain  is considering at each step, making it easier to understand

its reasoning.

By the end of this section, you're equipped with practical strategies for testing,

debugging, and iteratively improving your LangGraph agents, which is essential

for building robust AI systems.

Common Pitfalls and Best Practices

As you build more complex agents with LangGraph, you'll encounter common

challenges. Being aware of these pitfalls and adopting best practices will save you

a lot of time and frustration.

Pitfalls to Avoid

State Management Confusion:

Pitfall: Incorrectly defining AgentState  reducers, leading to lost

context or unexpected state mutations. Forgetting Annotated  or

providing a faulty lambda can break state updates.

Best Practice: Clearly define your AgentState  with TypedDict  and

use Annotated  with appropriate reducers (like lambda x, y: x + y

for lists, or lambda x, y: y  for overwriting). Always return a

dictionary from your nodes that matches the AgentState  keys you

intend to update.

Infinite Loops:

Pitfall: An agent getting stuck in a cycle (e.g., LLM calls tool, tool

returns output, LLM calls same tool again) without ever reaching a 

END  state.

Best Practice: Design your should_continue  router robustly. Ensure

there's always a clear path to END . Implement safeguards in your

nodes, such as a maximum number of tool calls or a "reflection" step

where the LLM can explicitly decide to stop.

1. 

• 

• 

2. 

• 

• 
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LLM Hallucination and Tool Misuse:

Pitfall: The LLM inventing non-existent tools, misinterpreting tool

schemas, or providing incorrect arguments.

Best Practice:

Provide clear, concise, and accurate docstrings for your tools.

The LLM relies heavily on these descriptions.

Use a capable LLM model (e.g., gpt-4o-mini , gpt-4 ,

Anthropic's Claude models) known for strong function/tool calling

abilities.

Implement validation for tool arguments in your execute_tools

node.

Performance and Latency:

Pitfall: Each LLM call adds latency. A graph with many LLM-driven

steps can become slow.

Best Practice:

Minimize unnecessary LLM calls. Can some steps be handled by

deterministic Python logic?

Consider parallelizing independent nodes if your graph structure

allows (LangGraph supports this, though not covered in this basic

tutorial).

Optimize tool execution for speed.

Over-complicating the Graph:

Pitfall: Trying to model every single possible micro-decision as a

separate node or conditional edge, leading to an overly complex and

hard-to-debug graph.

Best Practice: Start simple. Group related logic into single nodes.

Use conditional edges for major decision points, not every minor

branching path. Refactor as complexity grows.

Best Practices for Building Robust Agents

Modularity: Keep your nodes small, focused, and single-purpose. This

makes them easier to test, debug, and reuse.

Explicit State Updates: Always return a dictionary from your nodes that

explicitly states what parts of the AgentState  are being updated. Avoid

implicit side effects.

3. 

• 

• 

• 

• 

• 

4. 

• 

• 

• 

• 

• 

5. 

• 

• 
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Clear Tool Definitions: Write clear, concise, and accurate docstrings for

your tools. This is the LLM's only guide to using them.

Observability: Implement logging, print statements, and potentially

integrate with tracing tools (like LangSmith) to monitor your agent's

execution flow and state changes.

Version Control: Treat your agent code like any other software. Use Git,

commit frequently, and manage dependencies ( requirements.txt ).

Error Handling: Implement robust error handling within your tool functions

and potentially in your nodes to gracefully manage unexpected inputs or

external API failures.

By internalizing these pitfalls and best practices, you'll be well-prepared to build

sophisticated and reliable AI agents with LangGraph.

Next Steps and Advanced Agent Patterns

Congratulations! You've successfully built a functional AI agent using LangGraph,

capable of multi-step reasoning and tool utilization with persistent memory. This is

a powerful foundation, but the world of agentic systems is vast. Here are some

ideas for what to build next and how to explore more advanced patterns.

What to Build Next

Multi-Agent Collaboration:

Idea: Design a system where multiple specialized agents

communicate and collaborate to solve a larger problem. For example,

one agent could be a "Researcher" that uses search tools, another a

"Summarizer" that processes research results, and a third a "Planner"

that orchestrates their actions.

How to approach: Each agent would be its own LangGraph, and

you'd have a "supervisor" graph or a dedicated node that routes tasks

between these agents, passing messages (and potentially their

internal states) back and forth.

3. 

4. 

5. 

6. 

1. 

• 

• 
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Integrating Retrieval Augmented Generation (RAG):

Idea: Enhance your agent's knowledge by giving it access to a private

knowledge base (e.g., documentation, internal PDFs, databases). The

agent should be able to retrieve relevant information before

formulating a response or using a tool.

How to approach: Create a new tool (e.g., retrieve_documents )

that performs a semantic search on your custom data store. The 

agent_brain  node would then decide whether to call this RAG tool

before answering a question or calling another tool.

Human-in-the-Loop Workflows:

Idea: For critical tasks or when an agent is uncertain, allow for human

intervention. The agent could pause, ask for clarification or approval

from a human, and then resume its workflow based on the human's

input.

How to approach: Introduce a new node that, under certain

conditions (e.g., low confidence score from LLM, specific keywords in

the prompt), returns a message indicating a human prompt is needed.

The graph would then await external input before transitioning to the

next step.

These next steps will push your understanding of LangGraph and agentic design,

opening up possibilities for truly intelligent and robust AI applications. Keep

experimenting, keep learning, and enjoy building the future with AI agents!

2. 

• 

• 

3. 

• 

• 
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