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Announcements

•Homework 4: due

•Project---ongoing!

•Next 2 classes (4/23 + 4/28): will happen offline;  I 
will release lecture recordings
•I will be in Brazil for ICLR

•Class outline
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Tuesday April 21 Agents I

Thursday April 23 Agents II 

Tuesday April 28 Applications

Thursday April 30 Future Areas



Outline

•Introduction to LLM-Powered Agents
•Motivation, goals, differences vs classical agents / 
standard LMs, overall architectures and key components

•Multiagent Systems
•Motivation, simulations, architectures and design, 
communication

•Challenges
•Scaling, realism, open problems
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Motivation: From LLMs To Agents

Standard LLMs are static

•But we want interactive systems
•Want systems that can reason, use 

tools, and act autonomously 
•Want FMs that can be actors, not 

just predictors

•Useful survey: Wang et al ‘25 
“Large Language Model Agent: A 
Survey on Methodology"



What’s an Agent?

Let’s differentiate from a standard LLM

•These usually answer a prompt (single 
response)

•Agents act, often taking many steps, to 
accomplish a goal
• Interact with tools, environments, feedback 

loops

•But, still built on top of LLMs

•What do we use them for?
•As we saw in benchmarks, coding, computer 

use, research, science, etc.

Goal

Observe

Reason

Act

Feedback

Memory

Agent loop



More Concrete Definition

An LLM agent is a system that uses a FM to reason, plan, and 
act in an environment

•Often with tools and memory.

•Note: the agent includes the harness/scaffold, not just the 
FM or LLM that powers it 

Perception
reads state / 

context

Planning
chooses next 

subgoal

Action
calls tools or 
takes steps

Memory
stores what 

matters

Adaptation
updates after 

feedback



Pre-LLMs: Classical Agents

Much of the work on agents predates 
emergence of FMs and LLMs

•A common framework: PEAS (Performance, 
Environment, Actuators, Sensors

•Agent types: 
•Reactive, deliberative, hybrid 

•Reinforcement learning is a standard 
paradigm for agents

• Convenient since we already use it for LLMs



Architecture of LLM-Powered Agents

High-level components: input, memory, planner, tools, 

•Input: whatever we have access to

•Memory: as simple as context window, but 

•Planning: reasoning-based decomposition etc

•Tools: similar to our earlier discussion on integrating tool use



Single-Agent vs. Multi-Agent

We can create multiple agents

•These get to interact with each other to 

•Note that we can simulate this with a single agent too!

•Key difference: multiple agents permits using different 
harnesses and models
•This specialization can be more efficient: use cheaper models for 

easier tasks, etc.
•But…more complexity!



Single Agent Patterns

Variations based on where planning, execution, and 
verification are placed. Some examples:

•ReAct
• Interleave reason and execution 

•Plan/execute
•Planning phase followed by execution

•Reflection
•Generate, critique, revise

•Verifier-based



Multi-Agent Patterns

Much more flexible 

•Large design space!

•Most common approach: central orchestrator splits up work 
and delegates to specialists

Microsoft



Components: Memories

Interactive agents require the use of memory 

• I.e., we need to store state/other useful information

•Simplest approach: use LLM context window as the memory 
• Increasingly tractable with very long-context windows

•Can also create memory systems/agents
•E.g., MemGPT (Packer et al ‘24)

•Or buffers, RAG, etc.



Interlude: Long Context Windows

•Simplest approach: use LLM context window as the memory 
• Increasingly tractable with very long-context windows

•Note that the advertised long context may not be realistic!

•Liu et al ‘23 (“Lost in the Middle: How Language Models Use 
Long Contexts”) 

•Needle-in a haystack benchmarks
•Numerous variants 



Components: Reasoning and Planning

Classic AI problem (decompose 
task, plan)

•Addressable via reasoning 
capabilities of LLMs, 
• Including older methods: chain-of-

thought, tree-of-thoughts, self-
reflection
•Example: ReAct (Reason + Act) 

(Yao et al ‘23)



Components: Tool Use

Standard component in agentic settings

•Where do we get tools? 
•APIs, web search, etc
•Or, in some cases use of physical tools

•Most agent frameworks permit the use of web/code-based 
tools

•Major challenge: tool usage is noisy



Tool Noise/Uncertainty

Lots of sources of error,

•Call the wrong tool, interpret output incorrectly, fail to chain 
together tools in the right way

•Ex: Agentic Insurance Underwriting Benchmark

 “Tool use errors: Across models, including top performers, 
agents made at least one tool call error in 36% of the 
conversations despite access to the metadata required to 
use tools properly.”

https://huggingface.co/datasets/snorkelai/Multi-Turn-Insurance-Underwriting



Creating New Tools

Note that LLMs can both use & create tools

•For example, LATM (Cai ‘24)

•Powerful model

tool creator, less 

powerful is user



Break & Questions
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Multi-Agent Systems

One advantage of agentic approach: can create multiple 
agents that cooperate to perform tasks. Why?

•Scale up workers, permit specialization

•Of course, inspired by earlier work,
•Pre-LLM agent networks called “swarms”,
•And distributed computing more broadly

•Also useful for simulations
•Park et al ‘23



Interlude: Societal Simulations

Popular new area,

•Difficult to perform large-scale studies of human behavior,

•Try to set up a simulation of how humans interact via agents

Park et al ‘23



Interlude: Societal Simulations

Popular new area,

•Try to set up a simulation of how humans interact via agents

• Itself a large multi-agent system: must tackle each of the 
design questions



MAS Architecture Search

Lots of design choices to make!

•Can borrow principles from neural architecture search to 
construct an overall agent architecture 

•Example: Zhang et al ‘25, “Multi-agent Architecture Search 
via Agentic Supernet”



Multi-Agent Systems: Communication

Critical: each agent has access to 
information that is consistent with 
others,

•But communicating everything 
between every pair of users is 
expensive. 

•Nice blog on the challenges: 
“Don’t Build Multi-Agents” (Yan 
’25 / Cognition)



Multi-Agent Systems: Failure Modes

More agents → more can go wrong!

•Agents repeat each other’s mistakes

•Noisy communication (and expensive!)

•Subgoals become misaligned with the main goal

•Central orchestrator aggregates weak outputs incorrectly 

•Verification bottlenecks
•Easier to take actions than verify them...

Zhu et al ‘25



Break & Questions
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Agentic Challenges 

Things get more complex than just static LLMs…

•Large design and configuration space!

•Lots of places where things can go wrong too



Failure Modes

Lots of possibilities! We saw some MAS-specific ones, but this 
is a more general problem with agents:

•Hallucinated tool calls

•Memory drift (summarization errors, staleness)

•Brittleness (small changes to UI or API change)

•Misalignment (optimize the wrong thing)

•Cost and latency issues



Scaling Agents?

Kim et al ‘26: Towards a Science of Scaling Agent Systems

Tests out many configurations

•Vary benchmarks, agent archs., LLMs

Sample findings:

•Benefits of MAS task dependent
• If not useful for tasks, burns tokens
•Extra coordination can also hurt

•Tool-heavy: coordination harder 

•Central verification useful



Evaluating Memory

What about choice of memory?

•He et al ‘26 MemoryArena

•Explicitly tests performance in 

memory-bound tasks

•Benchmarks various choices:
• Long-context buffer, 
•RAG system, 
•Memory agent. 

Findings: memory-bound tasks still hard!



Thank You!
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