
Agents

Acknowledgement: these slides are partially based on EMNLP Agent tutorial. The full materials 
can be found at :https://language-agent-tutorial.github.io/



So far..

• We talked about several recent directions regarding LLMs..
• Transformer architecture and large scale pre-training
• On the fly task definition: ICL
• Reasoning: using CoT prompting
• External knowledge access: RAG systems

• All these capabilities led to a recent paradigm change in AI –
Agentic AI
• Combine all of these capabilities into an architecture designed to support 

autonomous task-driven beahvior.



Agents!

“Anything that can be viewed as perceiving its environment through sensors 
and acting upon that environment through actuators”
Artificial Intelligence: A Modern Approach by Stuart Russell and Peter Norvig

Weak notion of agency:
Autonomy: Agents control their internal state and actions without constant 

human oversight. 
Reactivity: They perceive and respond to environmental changes in real-time. 
Proactiveness:  They exhibit goal-directed behavior, acting on their own 
initiative. 
Social Ability: They interact with other agents or humans. 
Intelligent Agents: Theory and Practice by Michael Wooldridge and Nicholas Jennings

https://www.google.com/search?client=firefox-b-1-d&q=Artificial+Intelligence%3A+A+Modern+Approach&mstk=AUtExfBmE9eAh_wkiv9BGq7mnj1Ne73N27Ai2AOwsJUBxBST1wXxJ46_r_tqh6gaYpHG6DRuR-_RTjy-WFaVeJTlqaxLYvr_EYEEEB2-QgnQwy3w2UYWL_wNxNQod2C8Is5VMqxUTMBrI4Da7bxBzaNoLTvfB2oN2UEGLufCP6JDmutMimk&csui=3&ved=2ahUKEwjpjdLN4OmTAxXaN94AHT2LEAgQgK4QegQIARAB


Agents!

Agent External Environment
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1990’s vs LLM based agents

• Original definitions of agents are rooted in 1990’s view of AI:
• Symbolic definitions, reasoning via rules-based and probabilistic reasoning.

• LLM-based agents provide an opportunity:
• Perception made easier via multi-modal LMs

• Reasoning made easier via language-based reasoning (i.e., token generation)

• Are LLM-based agents just an LLM connected to a perception stream 
and action interface?



Two views of LLM-agents

• LLM-first view:  “the LLM is the agent” when connected to 
an action interface. Rely on prompting to convert tokens 
to actions.

• Agent first view: use existing agent architectures, 
integrating LLMs as part of the architecture to 
support communication and reasoning via natural 
language.



LLM-Driven agents

• LLM driven agents use language as the driver for decision making and 
reasoning and communication.

• We make the distinction between “thoughts” and ”actions”.

• ”Thoughts” or reasoning steps map to language generation 
without manipulating the external environment 

• “Actions” are the results of reasoning, and allow the agent to 
change its external environment

• Reasoning can operate over precepts directly, involve self-reflection, 
abstractions or other meta-cognitive steps.



Evolution of AI Agents

Logic/Rule based Language AgentsNeural agents

Image: Playing Atari with Deep Reinforcement Learning. Mnih et-al 2013
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Agent Fundamentals 

• Agents are comprised of several modules, working together to 
achieve the agent’s goals.

• Reasoning: change internal state by generating tokens that update 
the local decision context

• Memory: Retrieve or write to long term memory, can be viewed as a 
form of learning.

• Planning: Agent actions are defined over a space, decide which 
action/action-sequence to take



Reasoning

(Kahneman, 2003), 

Multiple processes involved in reasoning. We often make the distinction between System-1 and 
2, or Intuitive/fast and structured/slow.



Reasoning

• These distinctions can also map to agent reasoning

• View reasoning as internal actions, generating tokens.

• Different mechanisms can be used – fast or slow.



Reasoning

• Reasoning can help bridge the divide between tasks described at a 
high level of abstractions and the complex set of actions needed to 
perform them.

Cook dinner!

Today is Thursday. Thursday is typically pizza night. 
We are out of tomato sauce. What are the 
ingredients needed to make tomato sauce from 
scratch?  tomatoes, sugar, salt, .
Where are the tomatoes? Probably in the fridge.

OPEN FRIDGE DOOR.



ReAct 

ReAct: Synergizing Reasoning and Acting in Language Models Yao et-at 2022

ReAct enables LLM to 
interleave reasoning 
traces with actionable 
tool use. 
This combination 
improve over models 
that only reason or only 
act



Different levels of reasoning

Different levels of reasoning

Tree of Thoughts,
2023
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Self-consistency

Self-Consistency Improves Chain of Thought Reasoning in Language Models. Wang et-al 2023



Self-consistency

Self-Consistency Improves Chain of Thought Reasoning in Language Models. Wang et-al 2023



Self-consistency



Tree of Thought 

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. Yao et-al 2023



Tree of Thought 

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. Yao et-al 2023

Game of 24 is a mathematical reasoning challenge, where the goal is to use 4 numbers and basic
arithmetic operations (+-*/) to obtain 24. For example, given input “4 9 10 13”, a solution output
could be “(10 - 4) * (13 - 9) = 24”.



Tree of Thought 

Tree of Thoughts: Deliberate Problem Solving with Large Language Models. Yao et-al 2023



Language Models with Rationality

Language Models with Rationality Kassner et-al 2023

Multiple Step process:
(1) Write down the possible 

outcomes (answer choices) 
and add XOR (mutually 
exclusive)

(2) For each outcome, assume 
it’s true, and prompt the 
model of implications of 
that. 

(3) Connect new thoughts, by 
adding dependencies and 
XOR

(4) Repeat.



Language models with rationality

Language Models with Rationality Kassner et-al 2023



Reasoning

● Reasoning in Language Agents
● internal actions, building on token generation.

● Essentially an infinite space (token sequence generation), 
requires a strong prior via pre-training.

● Reasoning modules can be trained by getting feedback from 
environment. 

● Probabilistic inference based approaches can help improve 
consistency but take longer.



Memory

• We can think about the context window as a form of 
memory.

• Short term –
•  agent experiences are lost once the context is cleared.
• Agents have a limited ability to maintain information in 

the context window and reason effectively over it.

•RAG systems provide access to context, which is not 
the same as long term memory



Memory

• We make the distinction between different types of memory.

• Episodic: experiences

• Semantic: knowledge

• Procedural: skills



Episodic memory

•  

Generative Agents: Interactive Simulacra of Human Behavior. Park et-al 2023



Episodic memory



Episodic memory

• Agents collect many memories, most irrelevant for deciding specific 
actions.



Episodic memory

• Agents collect many memories, most irrelevant for deciding specific 
actions.



Semantic Memory

• Agents reflect on their 
experiences and distill 
new knowledge from 
them.



Procedural Memory

Voyager: An Open-Ended Embodied Agent with Large Language Models. Wnag et al 2023



Big Picture: Memory 

• Obtaining and retrieving memory can be viewed as a form of 
learning. 

• While traditionally this is done by updating parameters, this 
provides an easier and faster to support better outcomes from 
past experiences.  

• Memory can help support better prompting, identify procedures 
and plans, keep track of long term state, etc.



Planning

• Planning is the process where an AI breaks down a complex, 
high-level goal into a structured sequence of smaller, 
actionable steps or subtasks

• Given the agent’s goal, a plan is a sequence of actions (a1,…,an) 
that would lead the agent to achieve the goal.

• Language agents can generate a plan by restricting their token 
generation to legal action symbols in the domain.

• Easy to adapt agents to new domains- define a new set of 
symbols.



Easier said than done!

Llm+ p: Empowering large language models with optimal planning proficiency. Liu et al 2023

Directly planning is harder than it seems!
LLM struggle with long plans for robotics 
problems, but planners (i.e., search algorithms) 
can explore the search space efficiently.
LLM+P: combination of the two approaches.
Given a natural language planning problem, 
LLM+P converts it to PDDL problem solved using 
planners, and translated back to NL.



LLM+P



LLM+P



Planning for Web Agents

• Scaling up to agent planning for web-based tasks.

WebVoyager : Building an End-to-End Web Agent with Large Multimodal Models He et-al 2024.



Planning for Web Agents



Planning for Web Agents



Planning for Web-Agents

Mind2Web: Towards a Generalist Agent for the Web. Deng et-al 2024



Planning for Web-Agents

Xie et-al., TravelPlanner: A Benchmark for Real-World Planning with Language Agents.2024



Planning

• Similar to reasoning, planning can be greedy (e.g., similar CoT), or rely 
on some variant of search (e.g., similar to ToT).

• Greedy – similar to ReACT, agents reasons and performs an action. 
Based on the outcome, pick next action.

• Search based:  slower search-based approach exploring multiple 
trajectories. 

• Key issue: actions have consequences!
• I.e., you can’t unroll some actions to start a new search path.

• Instead – build a world model!



Is Your LLM Secretly a World Model of the Internet?
Model-Based Planning for Web Agents. Gu et-al 2024



Tree search

Jing Yu Koh, et-al Search for Language Model Agents 2024



World Model

• A representation of the external environment, predicting the 
outcome of an action,state pair → next state.

• In the context of web agent: predicting where would clicking a link 
take you, and what actions would be available on that page. 



Is Your LLM Secretly a World Model of the Internet?
Model-Based Planning for Web Agents. Gu et-al 2024



Results



Multi-Agent interactions

Guo, Taicheng, Xiuying Chen, Yaqi Wang, Ruidi Chang, Shichao Pei, Nitesh V. Chawla, Olaf Wiest, and Xiangliang Zhang. "Large language model based multi-agents: A survey of progress and challenges." arXiv preprint arXiv:2402.01680 (2024).



Multi-Agent systems

• A natural extension is supporting multiple agents interaction. 

• Agent can be corporative or not (and potentially adversarial) 

• Several reasons to explore this idea:
• Simulate real world scenarios (e.g., buyer and seller have their own agents).

• Collaboration of multiple agents, with defined roles and expertise working 
together.

• Decentralized control and making it easier to deal with data-access issues 



Multi-Agent systems

• Some key question arise in the multi-agent settings.

• How ca we assign a role to a given agent? How can the expected 
behavior and skill set be communicated?

• How to coordinate the interactions between agents? 

• How to optimize agent interactions to support goal driven behavior?



Persona

PersonaGym: Evaluating Persona Agents and LLMs. Samuel et-
al. 2025



Persona Definition

MultiAgentBench : Evaluating the Collaboration and Competition of LLM agents. Zhu et-al .2025





Persona definition

Park et-al. Generative agents: Interactive simulacra of human behavior. 2023



Definition through Roles and Actions

CodeR: Issue Resolving with Multi-Agent and Task Graphs



CODER Agent Actions

CODER Agent Actions
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Agent Coordination: Debate style

Du et-al. "Improving factuality and reasoning in language models through multiagent debate 2023 

• Several agents instances

• Debate rounds: each propose 
and debate their stances

• Reason over multiple round to 
find final answer







Agent Conversation 

AutoGen: Enabling Next-Gen LLM Applications via Multi-Agent 
Conversation. Wu et-al 2023



Agent Conversation 

AutoGen: Enabling Next-Gen LLM Applications via Multi-Agent 
Conversation. Wu et-al 2023





Agent Team Optimization

Dynamic llm-agent network: An llm-agent collaboration framework with agent team optimization



Impact of Optimized Agent Team Size

Impact of Optimized Agent Team Size
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