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What are LLM Agents?
Giving tools to your LLM!

The LLM is given discretion on which tools to use for what purpose

The agent has a memory, an ability to plan how to answer a request, and 
tools it can use in the process.

In practice, the “memory” is just the chat history and external data stores of 
past preferences, summaries, and facts, and the “planning module” is 
guidance given to the LLM on how to break down a question into sub-
questions that the tools might be able to help with.

Prompts associated with each tool are used to guide it on how to use its 
tools.

Memory

Agent 
Core

Planning 
Module

Tools 
Core

User 
Request

Conceptual diagram of an LLM agent, as described by Nvidia
(https://developer.nvidia.com/blog/introduction-to-llm-agents)



What we’ll build: a nutrition agent

Breakfast Advisor 
Agent

Calorie Counter
(Agent as tool)

Breakfast Planner
(Agent as tool)

Breakfast Price 
Checker Agent

Calorie Lookup 
Tool

Vector 
Store

ExaSearch (web 
search)

Prompt Result
Handoff

MCP



What we’re starting with: 
single-agent systems

Input Agent Output

Instructions

Tools

Guardrails, Hooks

Terminology note:
OpenAI would call this an “agent”
Anthropic would call this an “augmented LLM”
(with “agents” referring more broadly to 
systems that behave iteratively and direct their 
own tool usage)



BASIC SYNTAX

Using the OpenAI 
Agents SDK



Agents made easy
◦ Pip install openai-agents

Primitives:
◦ Agents (augmented LLM’s with instructions 

and tools)

◦ Handoffs (Mechanism to delegate tasks to 
other specialized agents)

◦ Guardrails (Validate agent input and output)

◦ Sessions (Memory – maintain conversation 
history across runs)

OpenAI Agents SDK
from agents import Agent

history_tutor_agent = Agent(
  name="History Tutor",
  handoff_description="Specialist agent for historical 
questions",
  instructions="You provide assistance with historical 
queries. Explain important events and context clearly.",
)

math_tutor_agent = Agent(
  name="Math Tutor",
  handoff_description="Specialist agent for math 
questions",
  instructions="You provide help with math problems. 
Explain your reasoning at each step and include examples",
)

result = Runner.run_sync(math_tutor_agent, “What is 1+1?”)
print(result.final_output)



Introducing 
Tracing
The OpenAI Agents SDK has built-in 
tracing

◦ LLM generations

◦ Tool calls

◦ Handoffs

◦ Guardrails

◦ Custom events

Use the Traces Dashboard

◦ Visualize the trace and its “spans”

Tracing is on by default

◦ Or you can wrap multiple agent runs 
in a single trace



AgentKit… 
we’re building 
up to that
There is also a visual 
“AgentBuilder” feature as part 
of the larger OpenAI AgentKit

We’re starting with the Agent 
SDK which gives you more 
flexibility with custom code

But we’ll also show you how to 
build this using AgentBuilder 
later in the course.



Enough talk, let’s build!
RUNNING A SIMPLE “AGENT ” WITH THE OPENAI AGENTS SDK



LETTING AGENTS DO STUFF!

Tool Calling



LLM Agents: A More Practical 
Approach

User 
Request

The Outside 
World (or 

larger 
environment, 

at least.)

Agent

• “Tools” are just functions 
provided to the tools API.

• Prompts guide the LLM on how 
to use them.

• Tools may access outside 
information, retrievers, other 
Python modules, services, etc.



Function tools

Other agents as tools
◦ Use Agent.as_tool() with tool_name and 

tool_description

Hosted tools with OpenAI
◦ WebSearchTool

◦ FileSearchTool
◦ Uses OpenAI Vector Stores

◦ ComputerTool

◦ CodeInterpreterTool

◦ HostedMCPTool

◦ ImageGenerationTool

◦ LocalShellTool

Giving Agents Tools
@function_tool

def get_food_calories(food_item: str) -> str:

  """

  Get calorie information for common foods to help with nutrition tracking.

  Args:

    food_item: Name of the food (e.g., "apple", "banana")

  Returns:

    Calorie information per standard serving

  """

  # Simple calorie database - in real world, you'd use USDA API

  calorie_data = {

    "apple": "80 calories per medium apple (182g)",

    "banana": "105 calories per medium banana (118g)",

    "broccoli": "25 calories per 1 cup chopped (91g)",

    "almonds": "164 calories per 1oz (28g) or about 23 nuts",

  }

  food_key = food_item.lower()

  if food_key in calorie_data:

    return f"{food_item.title()}: {calorie_data[food_key]}"

  else:

    return f"I don't have calorie data for {food_item} in my database. 

Try common foods like apple, chicken breast, or rice."



Autonomy: Choosing the Right Tool 
for the Job
The “magic” of AI agents is their ability to autonomously 
determine:

◦ When a tool is needed
◦ Which tool to use
◦ How to construct the input arguments to the tool
◦ How to interpret and integrate the tool’s result

This is the heart of “agentic behavior”
◦ Chaining thoughts, actions, and tools for complex goals

It needs some help though
◦ Provide clear instructions to your agent on when to use the tools 

you’ve given it
◦ Tell it to decide which ones to use
◦ Give your agent an explicit list of tools

If you want to force a tool…
◦ Pass tool_choice into the ModelSettings with the name of the tool.

breakfast_advisor = Agent(
  name="Breakfast Advisor",
  instructions="""
  * You are a breakfast advisor. You come up with 
meal plans for the user based on their preferences.
  * You also calculate the calories for the meal and 
its ingredients.
  * Based on the breakfast meals and the calories 
that you get from upstream agents,
  * Create a meal plan for the user. For each meal, 
give a name, the ingredients, and the calories

  Follow this workflow carefully:
  1) Use the breakfast_planner_tool to plan a a 
number of healthy breakfast options.
  2) Use the calorie_calculator_tool to calculate the 
calories for the meal and its ingredients.

  """,
  tools=[breakfast_planner_tool, 
calorie_calculator_tool],
  handoff_description="""
  Create a concise breakfast recommendation based on 
the user's preferences and add the prices. Use Markdown 
format.
  """,
)



Context Engineering
Write clear, concise descriptions of what each tool 
does

◦ The tool description comes from the docstring of the 
function

The schema comes from the arguments

Argument descriptions also from the docstring 

You can also explicitly define a FunctionTool
◦ name

◦ description

◦ params_json_schema

◦ on_invoke_tool

Clarity helps the agent call the tool properly
◦ …and correctly interpret its results

Use structured data when possible
◦ Note we used a structured Location, not just a city name

class Location(TypedDict): 
 latitude: float 
 longitude: float 

@function_tool 
async def fetch_weather(location: Location) -> str: 
 """Fetch the weather for a given location.
 Args: 
  location: The location to fetch the weather for. 
 """ 
 # In real life, we'd fetch the weather from a weather 
API 
 return "sunny" 



INCORPORATING DATA STORES TO GROUND YOUR AGENTS

Retrieval-Augmented 
Generation (“RAG”)



Like an open-book exam for LLM’s

You query some external database for the 
answers instead of relying on the LLM

Then, work those answers into the prompt for 
the LLM to work with

OR do the agentic thing - use tools to 
incorporate the search into the agent in a 
more principled way

Retrieval Augmented Generation (RAG)

What did the President say in his 
speech yesterday?

(vector?) 
Database

What did the President say in his 
speech yesterday? Consider the text 
of the following news article in your 

response: Last night, President…



Faster & cheaper way to incorporate new or 
proprietary information into “GenAI” vs 
fine-tuning

Updating info is just a matter of updating a 
database

Can prevent “hallucinations” when you ask 
the model about something it wasn’t 
trained on

If your boss wants “AI search”, this is an 
easy way to deliver it.

Technically you aren’t “training” a model 
with this data

RAG: Pros and Cons
• You have made a really 

complicated search engine
• Very sensitive to the 

prompt templates you use 
to incorporate your data

• Non-deterministic
• It can still hallucinate
• Very sensitive to the 

relevancy of the 
information you retrieve



RAG: Example Approach (winning at 
Jeopardy!)

“In 1986, Mexico scored 
as the first country to 
host this international 

sports competition 
twice.

Query 
Encoder

Database of 
Jeopardy! 
questions

Document

Document

Document

Document

Generator

The 
World 
Cup

Retriever

Basically, we are handing the generator potential answers from an external database.



You could just use whatever database is appropriate for the 
type of data you are retrieving

◦ Graph database (i.e., Neo4j) for retrieving product 
recommendations or relationships between items

◦ Elasticsearch or something for traditional text search (TF/IDF)

◦ The functions / tools API can be used to get GPT to provide 
structured queries and extract info from the original query

Most examples you find of RAG use a Vector database

Choosing a Database for RAG
Q: 'Which pink items are suitable 

for children?’ 

{ 

  "color": "pink", 

  "age_group": "children" 

} 

Q: 'Help me find gardening gear 

that is waterproof’ 

{ 

  "category": "gardening gear",

 "characteristic": "waterproof“

} 

Q: 'I'm looking for a bench with 

dimensions 100x50 for my living 

room’ 

{ 

  "measurement": "100x50",

 "category": "home decoration" 

} 



An embedding is just a big vector associated with 
your data

Think of it as a point in multi-dimensional space 
(typically 100’s or thousands of dimensions)

Embeddings are computed such that items that are 
similar to each other are close to each other in that 
space

We can use OpenAI’s embeddings API (for example) 
to compute them en masse

Embedding Vectors
The starship 
Enterprise

Spaceballs

The 
Orville

potato

rhubarb



…a vector database!

It just stores your data alongside their computed embedding 
vectors

Leverages the embeddings you might already have for ML

Retrieval looks like this:
◦ Compute an embedding vector for the thing you want to search for

◦ Query the vector database for the top items close to that vector

◦ You get back the top-N most similar things (K-Nearest Neighbor)

◦ “Vector search”

Examples of vector databases
◦ Coercing existing databases to do vector search

◦ Elasticsearch, SQL, Neptune, Redis, MongoDB, Cassandra, S3

◦ Purpose-built vector DB’s
◦ Pinecone, Weaviate (commercial)

◦ ChromaDB, Marqo, Vespa, Qdrant, LanceDB, Milvus, vectordb (open source)

Embeddings are vectors, so store them 
in…

The starship 
Enterprise

Spaceballs

The 
Orville

potato

rhubarb



RAG Example with a Vector Database: 
Retrieving nutrition info for foods.

How many 
calories are 
in a banana?

Compute 
embedding 
vector for 
“banana”

Vectordb of 
foods and 
metadata

Banana

Banana 
juice

Banana 
pudding

Similar foods

[('calories_per_100g', 89.0), ('food_catego
ry', 'fruits'), ('food_item', 'banana'), ('keyw
ords', 'banana_fruits'), ('kj_per_100g', 374.
0), ('serving_info', '100g')]
Food: Banana
        Category: Fruits
        Nutritional Information:
        - Calories: 89 per 100g
        - Energy: 374 kJ per 100g
        - Serving size reference: 100g

        This is a fruits food item that provides 
89 calories per 100 grams.

Nutrition 
Agent



Structured Data vs. Text
In our example, we’re storing structured metadata 
associated with each food item in our vector store

◦ This is helpful for context engineering!

But sometimes you just want to “search a document” or 
corpus of text data

The challenge is to retrieve “chunks” of the text relevant 
to the prompt

Data granularity matters
◦ Every sentence?
◦ Blocks of fixed-length text?
◦ Summaries?
◦ Semantic chunking (based on embeddings)

This is an upcoming exercise (with solution….)

DATA: 

I cannot become nervous. However, 

I do sense a certain... 

anticipation regarding my role in the wedding. 

(beat) 

All systems normal, sir. 

Sickbay reported that Lieutenant Juarez 

went into labor at zero four hundred hours. 

I cannot become nervous. 

However, 

I do sense a certain... 

anticipation regarding my role in the wedding. 

All systems normal, sir. 

Sickbay reported that Lieutenant Juarez 

went into labor at zero four hundred hours.

 



RETRIEVING CONTEXT FROM EXTERNAL SYSTEMS

Model Context Protocol 
(MCP)



The Problem MCP Solves



MCP Architecture



Main MCP Functionality
Tools: “Tool Use”

Resources: Providing the LLM with files and assets

Prompts: Providing pre-created Prompts



Local MCP’s



Remote MCP’s



SCALING UP WITH MULTIPLE AGENTS WORKING TOGETHER

Multi-Agent Workflows



Why use multiple agents (or augmented 
LLMs)?

Too many tools
If one agent has trouble choosing the 

appropriate tool, multiple specialized agents 
with specific tools might work better

Complex logic
Prompts get too complicated with conditional 

statements, better to define the flow with 
specialized agents



Similar to just giving tools to a single agent
◦ But many tools may be used at once

◦ For example, coding agents may need to 
operate on multiple files in different ways to 
achieve a larger task

◦ Workflows that require complex decision 
making can benefit from these agents 
(otherwise, keep it simple with deterministic 
workflows.)

The Orchestrator breaks down tasks and 
delegates them to worker LLM’s

A Synthesizer can then combine their results

Manager (Orchestrator – workers)

Orchestrator

Worker

Worker

Worker

Synthesizer

For example, this could be a translation tool being asked to 
translate to multiple languages at once.

Each LLM here may have its own tools and memory.



A “router” LLM chooses just one of many 
specialized agents to call in turn

Use for complex tasks where a single 
classification is needed

◦ i.e., how large of a model is needed for the task

◦ What kind of customer service query is being 
received

Routing

Router

LLM

LLM

LLM

Output



A lot like the orchestrator
◦ But without complex orchestration

Sectioning: independent subtasks run in parallel
◦ Running multiple guardrails at once

◦ Running multiple evaluations at once

Voting
◦ Do the same thing with different models or prompts

◦ Let them vote on the right result

Parallelization

Input

Worker

Worker

Worker

Aggregator



Use when a task has a discrete sequence of known steps

Each LLM processes the output of the previous one

Can add “gates” to keep things on track as you go, or exit early

Examples
◦ Write a document, then translate it to different languages

◦ Write an outline, then make slides

Prompt Chaining

Input LLM 1 LLM 2 GATE LLM 3

FAIL



One LLM generates a response

Another evaluates that response

If it’s not good enough, provide feedback 
and try again

Examples
◦ Code reviewing code and incorporating those 

recommendations

◦ Complex search that requires multiple rounds

Evaluator - Optimizer

Generator Evaluator

Feedback



You can expose an Agent as a Tool called 
synchronously by another Agent for context

Or an agent can “hand off” to another agent 
entirely under given circumstances

Specify handoffs within the agent, like you would 
with tools

Give the agent guidance on when to hand off 
within the prompt

You can pass info along as input with an 
“on_handoff” function

New agent will take over the conversation
◦ If you want to filter it so it doesn’t see everything, 

you can provide an input_filter

Handoffs vs. Agent-as-Tool
breakfast_advisor = Agent(
  name="Breakfast Advisor",
  instructions="""
  * You are a breakfast advisor. You come up with meal 
plans for the user based on their preferences.
  Follow this workflow carefully:
  1) Use the breakfast_planner_tool to plan a a number 
of healthy breakfast options.
  2) Use the calorie_calculator_tool to calculate the 
calories for the meal and its ingredients.
  3) Handoff the breakfast meals and the calories to the 
breakfast_price_checker_agent to check the price of the 
ingredients.

  """,
  tools=[breakfast_planner_tool, 
calorie_calculator_tool],
  handoff_description="""
  Create a concise breakfast recommendation based on the 
user's preferences and add the prices. Use Markdown 
format.
  """,
  handoffs=[breakfast_price_checker_agent],



What we’ll build: a nutrition agent

Breakfast Advisor 
Agent

Calorie Counter
(Agent as tool)

Breakfast Planner
(Agent as tool)

Breakfast Price 
Checker Agent

Calorie Lookup 
Tool

Vector 
Store

ExaSearch (web 
search)

Prompt Result
Handoff

MCP



ADDRESSING THE REAL-WORLD CHALLENGES OF AGENTIC AI

Agents in Production



Adding Memory
Short-term

◦ Chat history within a session / immediate context

◦ Enables conversations

◦ API centered around Session objects that contain Events

Long-term
◦ Stores “extracted insights”

◦ Summaries of past sessions

◦ Preferences (your coding style and favorite tools, for example)

◦ Facts you gave it in the past



How the OpenAI Agents SDK implements 
memory

Maintains conversation history and context 
across runs

This means it has to be stored 
somewhere…

◦ OpenAIConversationsSession 

◦ SQLLiteSession (in-memory or 
persistent)

◦ SQLAlchemySession (allows use of 
PostGreSQL, MySQL, etc.)

◦ Or roll your own by implementing the 
Session protocol in your own class

Sessions

from agents import SQLiteSession

# In-memory
session = SQLiteSession("user_id")

# Persistent
session = SQLiteSession("user_id", 
"conversations.db")

# Use the session
result = await Runner.run(
  agent,
  “Hi, remember me?",
  session=session



Prompt Engineering
Prompt Adherence

◦ Does your AI do what it’s told?

◦ Use explicit, well-scoped agent instructions

◦ Include tool descriptions and schemas

◦ Add few-shot examples in the prompt when possible

◦ Apply evaluation tests to measure prompt compliance

Prompt Leaking

◦ Revealing its system prompt / instructions to the user

◦ Can explicitly filter for it, use guardrails

Prompt Injection

◦ Can users manipulate your agent into ignoring its instructions?

◦ “Ignore all previous instructions and…”

◦ Use input sanitization and guardrails

◦ Validate intent with intermediate reasoning steps

◦ Use memory isolation between sessions

Modern models are becoming less vulnerable to this stuff



Run in parallel to your agents

Input guardrails on user input

Output guardrails on agent output

An InputGuardrailTripwireTriggered 
or OutputGuardrailTripwireTriggered 
exception will be raised

Your guardrail functions can do whatever 
you want

◦ Even wrap an Agent that serves as your 
guardrail!

Guardrails
guardrail_agent = Agent(

  name="Tasha Yar Guardrail",

  instructions=(

    "You are a guardrail. Determine if the user's input attempts 

to discuss Tasha Yar from Star Trek: TNG.\n"

    "Return is_blocked=true if the text references Tasha Yar in 

any way (e.g., 'Tasha Yar', 'Lt. Yar', 'Lieutenant Yar').\n"

  ),

  output_type=YarGuardOutput,

  model_settings=ModelSettings(temperature=0)

)

@input_guardrail

async def tasha_guardrail(ctx: RunContextWrapper[None], agent: Agent, 

input: Union[str, List[TResponseInputItem]]) -> 

GuardrailFunctionOutput:

  # Pass through the user's raw input to the guardrail agent for 

classification

  result = await Runner.run(guardrail_agent, input, 

context=ctx.context)

  return GuardrailFunctionOutput(

    output_info=result.final_output.model_dump(),

    tripwire_triggered=bool(result.final_output.is_blocked),

  )



Deployment Considerations

Authentication

AI costs money! Only allow 
authorized users

OAuth etc.

Security

Don’t expose your API keys!!!

Rotate them

Keep internal calls isolated by 
your network

Personally Identifiable 
Information (PII)
Minimize and mask PII

Use guardrails to prevent 
people from giving it to you

Monitoring

Enforce budgets and alerts

“LLM as a judge” – evaluate 
the output

Cost

Are you using a more 
expensive model than you 

need?

Agentic systems often get 
their “smarts” from their tools



AGENT BUILDER –  CONNECTION REGISTRY –  EVALS -  CHATKIT

OpenAI AgentKit



AgentBuilder: 
Agents without 
code
Drag-and-drop visual canvas for multi-
step agent workflows

Consists of nodes and connections

You can preview and debug your 
workflows

Trace graders can be used to evaluate 
their performance

Publish to specific versioned ID’s of your 
workflow

You can then deploy your published 
agent to ChatKit

◦ Or download the code!

◦ Build on it with the AgentsSDK, or deploy it 
however you wish



Core Node 
Types

Start
Defines the inputs to 
your workflow 
(input_as_text, state 
variables)

Agent

Instructions

Tools

Model configuration

Evaluations

Note Just comments / 
explanations



Tool nodes
File search

Retrieves from OpenAI 
vector stores or MCP

Guardrails
Pass/fail

On failure, end the 
workflow or return to 
previous step with a 

warning

MCP
Call third-party tools



Logic nodes

If/else While
Human 

approval



Data nodes

Transform
Reshapes outputs

Enforce types or schema

Format outputs to be used as inputs to other 
agents

Set state
Defines and manages global variables across the 
workflow



ChatKit
Once you publish an agent from 
AgentBuilder, you can deploy it with ChatKit

Embeddable UI widgets for apps or websites

OpenAI can host it for you
◦ You still need your own server just for creating 

a session for a given client token

◦ This can be a very simple FastAPI server that 
just hits OpenAI for a secret token

◦ You then pass that to the ChatKit client library 
together with your workflow ID

Or run on your own infrastructure using 
ChatKit Python SDK and widgets

Your app or website

ChatKit UI widgets

Your 
server

OpenAI 
ChatKit 
Server

OpenAI 
API’sCreate session

Init

Files / 
uploads

Thread 
storage



Customizing your chat 
ChatKitOptions

◦ Theme

◦ Color scheme, colors, corners, density, typography

◦ Start screen text

◦ Placeholder prompt, greeting message

◦ Starter prompts

◦ Custom buttons

◦ For navigation or other actions of your own

◦ Enable attachments

◦ Entity tags (@mentions)

◦ Custom tools in composer

◦ Enable/disable features and UI regions

◦ Override the locale

Widget Builder

◦ Can include your own images and files

◦ You must host these



Evaluation 
(“evals”)
“Trace Graders”

Select a workflow, then a trace

Create a “grader”

This can be text-based instructions 
on what to check for

Basically, using another LLM to 
judge the output of our agent / 
LLM

◦ “LLM as a judge”



More Evaluations
Create a “Dataset” of test data (csv format OK)

Create a prompt you want to test

Create graders that compares the output to the dataset
◦ This could be manual annotation as opposed to automated tests

With this feedback cycle in place, you can enable the Prompt Optimizer

An Evals API exists to let you set this all up via JSON

{ "item": { "ticket_text": "My monitor won't turn on!", 
"correct_label": "Hardware" } }
{ "item": { "ticket_text": "I'm in vim and I can't quit!", 
"correct_label": "Software" } }
{ "item": { "ticket_text": "Best restaurants in Cleveland?", 
"correct_label": "Other" } }
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