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Intro to LLM and agents



AI generated text are all around us

Liang et al. ICML 2024

ICLR conference reviews 2020-2024

Large spikes in words that are more likely to be used by 
LLMs than by human reviewers.



Increasing use of LLMs to write papers

Estimated % of LLM generated text in papers

Liang et al. Nature Human Behavior 2025



Language models pre-2017: word embeddings

They are functions (parametrized as neural networks) mapping text into 
vectors such that the vector geometry captures semantic meanings.

Input text Vectors (aka embeddings)

Can then use these vectors for downstream tasks



Language models pre-training via mad libs



Pre-trained language models
doc2vec



What is learned during mad libs training?

Jesse Mu CS224N



Pretrained LLM are not aligned with human intent



Step 2: aligning LLM to user intent with instruction fine-tuning

Chung et al. 2022



Step 3: Reinforcement learning with human feedback



InstructGPT



InstructGPT



Examples of RLHF benefit



Examples of RLHF benefit



Step 4: RL for reasoning (GRPO) 

From prompt x generate k responses

Compute the group normalized advantage: 

The GRPO loss is:



Using ChatGPT to Facilitate Truly Informed Medical Consent 

Ali et al. NEJM AI in press

Medical consent forms are difficult to 
understand. 

Written at college level, but 54% of 
Americans have reading proficiency at <=6th

grade. 

Is this really informed?



Using ChatGPT to Facilitate Truly Informed Medical Consent 

Ali et al. NEJM AI 2024



ChatGPT simplifies medical consent forms

Ali et al. NEJM AI 2024



ChatGPT simplifies medical consent forms

Ali et al. NEJM AI 2024



Deployment of AI generated consent forms 

In Sept. 2023, LLM generated consent forms used at Lifespan, Rhode Island’s 
largest healthcare system (>35K surgical procedures annually).    

Ali et al. NEJM AI 2024



Tool use: The ability to invoke external APIs, execute code, or browse the 
web to gather information.

Planning: Decomposing complex user requests into a sequence of 
executable steps.

Memory: Maintaining state across multi-turn interactions to support long-
horizon tasks.

Reasoning: Using LLMs not just for generation, but for decision-making 
and error correction.

From Passive Models to Active Agents

What is an AI agent



Perception Module

Processes multimodal inputs (text, vision, audio) into 
structured percepts.

Memory System

Short-term: Context window, working memory.

Long-term: Vector databases, knowledge graphs.

Reasoning Engine

The "Brain" (LLM) responsible for decision-making, logic, and 

context understanding.

The Agent
Loop

Planning Module

Decomposes high-level goals into executable sub-tasks and 
action sequences.

Tool Interface

API connectors and function calling mechanisms (Â = A ∪ L).

Execution Engine

Dispatches actions to the environment and captures 

observations.

Components of an agent



Knowledge
Augmentation

Read-only actions that allow the agent to perceive and retrieve 

information from the environment.

Retrievers (RAG)

Accessing vector databases for semantic search.

Web Search APIs

Real-time internet access (Bing, Google, Tavily).

SQL Executors

Querying structured relational databases (Read-Only).

Capability
Extension

Tools that address inherent limitations of LLMs, such as math, 

logic, or modality.

Code Interpreters

Executing Python/JS for calculation and data analysis.

Calculators

Precise arithmetic operations (WolframAlpha).

Multimodal Converters

OCR, Speech-to-Text, Text-to-Image generation.

Write
Actions

Actions that modify the state of the environment. High risk, 

requires safety guardrails.

State Changes

Database updates (INSERT/UPDATE), File I/O.

Communication

Sending emails, Slack messages, posting content.

Transactional APIs

Booking flights, purchasing items, banking.
Trade-off: Expanding the tool inventory increases agent 
capability but exponentially increases the complexity of the 
planning space.

Tool categories of agents



Paper

Yao et al. (2022) - Princeton & Google Research
"Synergizing Reasoning and Acting in Language Models"

1. THOUGHT
Reason about current state & plan

▼

2. ACTION
Execute external tool/API

▼

3. OBSERVATION
Receive result from environment

Question: What is the elevation of the capital of France?

Thought 1: I need to find the capital of France first.

Action 1: Search["capital of France"]

Observation 1: Paris is the capital of France.

Thought 2: Now I need to find the elevation of Paris.

Action 2: Search["elevation of Paris"]

Observation 2: 35 meters.

Thought 3: I have the answer.

Action 3: Finish["35 meters"]

Interpretability

Explicit reasoning traces allow humans to diagnose model 
logic and failure points.

Error Correction

Models can adjust plans dynamically based on unexpected 
observations.

Reduced Hallucination

Reasoning is grounded in external facts retrieved from the 
environment.

Generalization

Performs well across diverse tasks without task-specific fine-
tuning.

Example agentic framework: ReAct



LangChain / LangGraph

The Orchestration Standard

A comprehensive library for building LLM applications. LangGraph introduces stateful, graph-

based orchestration for complex agent loops and cyclic dependencies.

Stateful Graphs Cyclic Flows Huge Ecosystem

Microsoft AutoGen

Multi-Agent Conversation

Enables next-gen LLM applications via multiple agents that can converse with each other to 

solve tasks. Supports diverse conversation patterns.

Conversational Patterns Code Execution Human-in-the-loop

CrewAI

Role-Playing Orchestration

Focuses on role-based agent design. Agents have specific roles, goals, and backstories, 

collaborating in a structured process (sequential or hierarchical).

Role-Based Design Process Management Production Ready

LlamaIndex

Data-Centric Agents

Specializes in connecting LLMs to data. Agents are designed to reason over complex data 

structures, perform advanced RAG, and handle document workflows.

Advanced RAG Data Connectors Query Engines

Popular agentic frameworks



The Brain
(Model)

Capability vs. Cost

GPT-4o/Claude 3.5 for complex planning; Llama 3/Haiku 

for simple sub-tasks.

Context Window

Does the task require processing massive documents 

(1M+ tokens) or short interactions?

Trade-off: Reasoning capability is the bottleneck. A cheaper model 
often leads to higher failure rates in multi-step plans.

The Hands
(Tools)

Granularity

Atomic tools (e.g., `ls`, `cat`) vs. High-level tools (e.g., 

`summarize_file`).

Schema Definition

The quality of tool descriptions directly impacts the model's 

ability to select them correctly.

Trade-off: Too many tools confuse the agent. Grouping tools or using 
hierarchical selection is often necessary.

The Memory
(Context)

State Management

How to handle conversation history? Rolling window, 

summarization, or selective retention?

Retrieval (RAG)

Using vector databases to inject relevant long-term knowledge 

into the prompt.

Trade-off: "Lost in the Middle" phenomenon. Stuffing context doesn't 
guarantee retrieval accuracy.

Engineering Principle Start with the most capable model to validate the workflow, then optimize for cost and latency by distilling into smaller models or specialized 
tools.

Key design decisions



SWE-bench

Evaluates capability to resolve real-world GitHub issues. Agents must 

navigate codebases, reproduce bugs, and generate patches that pass tests.

Software Eng. Python

WebArena

A realistic web environment for autonomous agents. Tasks involve navigating 

e-commerce sites, forums, and CMS platforms to achieve user goals.

Browser Nav. E-commerce

AgentBench

A comprehensive framework evaluating agents across 8 distinct 

environments, including OS, Database, Knowledge Graph, and Digital Card 

Games.

Multi-Environment General Ability

GAIA

General AI Assistants benchmark. Focuses on questions that require 

reasoning, tool use, and multi-modality, which are conceptually simple for 

humans but hard for AI.

Tool Use Reasoning

Common agent benchmarks


