
Lecture 19: Agents

CS388: Natural Language 
Processing



Today

• What is an agent? (What isn’t an agent)?
• POMDPs
• Ancient History (aka pre-2021)
• ReACT
• Toolformer
• Computer use 
• Current applications/challenges for agents



Agents are all the rage

https://www.nytimes.com/2026/09/17/well/ai-drug-discovery-
stanford.html?searchResultPosition=18

https://www.cnbc.com/2026/10/06/meta-muse-gives-amd-a-boost-as-ai-momentum-shifts-to-personal-agents-.html



What is an agent?

• An agent perceives an environment and acts on it to reach a goal
• It runs in a loop: observe, act, observe the result, act again (history)
• Its actions have an effect on the environment/its observations
• LLM agent: the LM is the policy; actions are text (tool calls, code, clicks)

Russell & Norvig (2020), Artificial Intelligence: A Modern Approach



What isn’t an agent?

System Takes actions? Uses feedback? Agent?

Chatbot answering one question No No No

RAG: retrieve, then answer Fixed step No No: a workflow

Text-to-SQL, one shot One program No Not quite

ReAct with Wikipedia search Yes Yes Yes

Coding agent fixing an issue Yes Yes Yes

• Workflow: LLM calls on a fixed code path
• Agent: the LLM decides the next step from what it observes



Recall (from RL lecture)

Policy 𝜋! Environment

action 𝑎!

state 𝑠!"#
reward 𝑟!



Recall (from VLM/VLA lecture)

Observation 𝑜! Policy 𝜋$ 𝑎!	|	𝑜! , ℓ Action 𝑎! Robot + world

Instruction ℓCamera images (1–3 views)
Joint angles, gripper state

End-effector Δpose + gripper
or joint targets, 3–50 Hz

“put the cup in the sink”



Agents

• Building on how we thought of policies/VLAs
• We will adopt a partially-observable Markov decision process 

model of agents 



Markov Decision Processes

Recall from RL lecture:
An MDP is a tuple (𝒮,𝒜, 𝑇, 𝑟, 𝛾):
• States 𝒮 and actions 𝒜
• Transition 𝑇(𝑠!"# ∣ 𝑠!, 𝑎!) and reward 𝑟(𝑠!, 𝑎!)
• Discount 𝛾 ∈ [0,1]
• Markov: the next state depends only on the current state and action
A policy 𝑎! ∼ 𝜋$(⋅∣ 𝑠!) produces a trajectory and its return:

𝜏 = (𝑠!, 𝑎!, 𝑟!, 𝑠", 𝑎", 𝑟", … ), 𝑅(𝜏) =+
#$!

%

𝛾#𝑟#

Sutton & Barto (2018), Reinforcement Learning: An Introduction



Partially Observable Markov Decision Processes

Kaelbling et al. (1998), Planning and acting in partially observable stochastic domains

A POMDP is a tuple (𝒮,𝒜, 𝛺, 𝑇, 𝑂, 𝑟, 𝛾):
• 𝒮,𝒜, 𝑇, 𝑟, 𝛾: same as in an MDP
• Observations 𝛺 and observation model 𝑂(𝑜! ∣ 𝑠!)
• The agent sees 𝑜!, but does not see 𝑠!
The policy conditions on the history:

𝑎! ∼ 𝜋$(⋅∣ ℎ!), ℎ! = (𝑜%, 𝑎%, 𝑜#, 𝑎#, … , 𝑜!)
• MDP = special case: 𝛺 = 𝒮 and 𝑜! = 𝑠!
• For LLM agents, ℎ! is the context window

Policy 𝜋! Environment
𝑂(𝑜 ∣ 𝑠)

action 𝑎!

𝑠!"#𝑜!"#, 𝑟!



Belief state function
• In a POMDP, agent no longer knows what state it is in
• Belief: distribution over states, given the history

𝑏!(𝑠) = 𝑃(𝑠! = 𝑠 ∣ ℎ!)
• Bayes update after acting and observing:

𝑏!"#(𝑠′) ∝ 𝑂(𝑜!"# ∣ 𝑠′)>
&

𝑇(𝑠′ ∣ 𝑠, 𝑎!) 𝑏!(𝑠)

• 𝑏! summarizes ℎ!, so the policy can act on 𝑏!
• LLM agents: no explicit 𝑏!, inferred from ℎ!

Belief 𝑏": where is the mug?

cabinet 1 .34

cabinet 2 .33

drawer 1 .33

𝑎" = open cabinet 1

𝑜"#$ = "cabinet 1 is empty"

Belief 𝑏"#$
cabinet 1 0

cabinet 2 .50

drawer 1 .50

Kaelbling et al. (1998), Planning and acting in partially observable stochastic domains



Example: coding agent 

POMDP piece Coding agent

State 𝑠! Full repo, file system, running processes, hidden tests

Observation 𝑜! Tool output: file contents, terminal output, test logs

Action 𝑎! Tool call: read or edit a file, run a command, submit

Transition 𝑇 The sandbox: OS, interpreter, test runner

Reward 𝑟! 1 if the hidden tests pass at the end, else 0

Episode One GitHub issue, until submit or step budget

Discount 𝛾 ≈1: only the final outcome counts

Note: history ℎ!  = the context window: task, past tool calls, and their outputs

Jimenez et al. (2024), SWE-bench: Can Language Models Resolve Real-World GitHub Issues?



Is it an MDP or POMDP?

A web shopping agent sees one page at a 
time (WebShop) POMDP Inventory and site state are hidden; 

it only sees the current page

A chess agent receives the full board after 
every move MDP The board is the full state

A customer-service agent changes a user’s 
flight (τ-bench) POMDP The user’s goal and the database are 

hidden until revealed

Yao et al. (2022), WebShop: Towards Scalable Real-World Web Interaction with Grounded Language Agents
Yao et al. (2024), τ-bench: A Benchmark for Tool-Agent-User Interaction in Real-World Domains



Really Ancient History: SHRDLU

• Long-standing goal: talk to a robot in 
natural language
• Simulated arm in a blocks world
• Parsed commands, answered 

questions, planned moves
• “Find a block which is taller than the one 

you are holding and put it into the box.”

Winograd (1972), Understanding Natural Language



“Ancient” History: Executable semantic parsing 
• Map language to an executable program
• Run it to get the answer
• We've seen this: program of thought
• More in later lectures

Semantic parsing Query LM Program Executor Result

Program of 
thought Problem LM Python code Python Answer

Yu et al. (2018), Spider: A Large-Scale Human-Labeled Dataset for Complex and Cross-Domain Semantic Parsing and Text-to-SQL Task
Chen et al. (2023), Program of Thoughts Prompting: Disentangling Computation from Reasoning for Numerical Reasoning Tasks



Is semantic parsing an agent?

• Not quite: we need to close the loop

Policy 𝜋! Environment

program

state 𝑠!"#
reward 𝑟!



ReAct

Yao et al. (2023), ReAct: Synergizing Reasoning and Acting in Language Models

• Semantic parsing: open loop
• ReAct closes the loop: each step the LM 

writes a Thought and an Action

• The environment returns an observation, 
appended to ℎ!

• Few-shot prompting only; no training



ReAct as a POMDP

ReAct augments the action space with language: ?𝒜 = 𝒜 ∪ ℒ
• 𝒜: environment actions: search[entity], lookup[string], finish[answer]
• ℒ: thoughts; they change only ℎ!, but not the environment
• 𝑜!: text returned by the game engine

Policy 𝜋$
thoughts ∈ ℒ stay in ℎ"

Environment

action 𝑎" ∈ 𝒜

observation 𝑜"#$

Yao et al. (2023), ReAct: Synergizing Reasoning and Acting in Language Models



ALFWorld
• Text game paired with a 3D simulator (ALFRED)

• Text is easier to deal with, native to LLMs (no VLM/VLA 
needed)

• 𝑜!: text description of what the agent sees
• 𝑎!: text commands, e.g. go to cabinet 1, open 

cabinet 1
• 𝑟: 1 if the goal is reached, else 0
• 6 task types: pick, clean, heat, cool, examine, 

pick two
• Partially observable: closed cabinets hide 

objects, agent can only see the room it is in

Shridhar et al. (2021), ALFWorld: Aligning Text and Embodied Environments for Interactive Learning



WebShop
• Simulated shopping site with 1.18M real 

Amazon products
• 12,087 crowd-written instructions
• 𝑜!: the current page only
• 𝑎!: search[query] or click[button]
• 𝑟 ∈ [0,1]: match on attributes, options, 

price
• Human expert: 59.6% success

Yao et al. (2022), WebShop: Towards Scalable Real-World Web Interaction with Grounded Language Agents



ReAct: results

37%

45%

71%

BUTLER (imitation) Act only ReAct

ALFWorld success rate, best of 6 prompts • WebShop: ReAct 40% success vs. 30% Act 
only, 29% imitation learning

• HotpotQA: ReAct trails CoT (27.4 vs. 29.4 
EM): search loops, bad retrievals

• Best QA results combine ReAct with CoT 
self-consistency

• Thoughts help most on long, interactive 
tasks

Yao et al. (2023), ReAct: Synergizing Reasoning and Acting in Language Models



Toolformer

Schick et al. (2023), Toolformer: Language Models Can Teach Themselves to Use Tools

• ReAct prompts a frozen LM; Toolformer 
fine-tunes the LM to call tools

• Self-supervised: the LM labels its own 
training data

• API calls are written inline in the text:
– [Calculator(400 / 1400) → 0.29]

• Tools: calculator, QA system, Wikipedia 
search, translation, calendar



Toolformer: which API calls to keep
Insert call 𝑐' with result 𝑟' at position 𝑖 of text 𝑥; loss on the tokens after 𝑖:

𝐿'(𝑧) = −>
()'

*

𝑤(+'log 𝑝$(𝑥( ∣ 𝑧, 𝑥#:(+#)

• 𝐿'" = 𝐿'(call + result)
• 𝐿'+ = min(𝐿'(no	call), 𝐿'(call, no	result))
Keep the call only if the result makes the next tokens easier to predict:

𝐿'+ − 𝐿'" ≥ 𝜏-
• Fine-tune on the kept calls; at inference, pause at →, run the tool, insert the result



Toolformer: results

7.5%

14.0% 14.8%

40.4%

GPT-J (6.7B) GPT-3 (175B) Toolformer,
calls off

Toolformer
(6.7B)

ASDiv math word problems, accuracy • Same pattern on SVAMP (29.4% vs. 
10.0% for GPT-3) and MAWPS (44.0% vs. 
19.8%)

• Calls the calculator on 98% of math 
problems

• Open-domain QA: still behind GPT-3

• Limits: one call at a time, no chaining, no 
loop

Schick et al. (2023), Toolformer: Language Models Can Teach Themselves to Use Tools



Common agent domains

Domain Observation 𝑜" Action 𝑎" Reward/Metric

Coding / terminal Files, terminal output, test logs Shell commands, file edits Hidden tests pass

Computer use Screenshots, accessibility tree Click, type, scroll Final state

Deep research Search results, web pages Search, open page, write report Answer match or rubric

Science* Papers, experiment results Hypotheses, code, experiments Expert review, lab 
results

Domain-specific User messages, API results API calls, replies to user Final database state



Coding and terminal agents

Jimenez et al. (2024), SWE-bench: Can Language Models Resolve Real-World GitHub Issues?
Yang et al. (2024), SWE-agent: Agent-Computer Interfaces Enable Automated Software Engineering

• Task: resolve a real GitHub issue; hidden 
unit tests grade the patch

• SWE-bench: 2,294 issues from 12 Python 
repos

• The interface matters: SWE-agent adds 
search, view, and edit commands

• Basis for influential products: Claude 
Code, OpenAI Codex, Cursor



Computer-use agents

• 𝑜!: raw screenshots, sometimes the 
accessibility tree

• 𝑎!: mouse and keyboard: click(x, y), type, 
scroll, hotkey

• OSWorld: 369 tasks in real desktop apps, 
checked by scripts

• At release: humans 72%, best model 12%

• Hard parts: grounding clicks to pixels, 
long horizons, pop-ups

Xie et al. (2024), OSWorld: Benchmarking Multimodal Agents for Open-Ended Tasks in Real Computer Environments
Zhou et al. (2024), WebArena: A Realistic Web Environment for Building Autonomous Agents



Deep research agents

Wei et al. (2025), BrowseComp: A Simple Yet Challenging Benchmark for Browsing Agents

• Task: answer a hard question, or write a 
cited report, from the web

• Loop: search, read, refine the query; 
minutes to hours

• BrowseComp: 1,266 facts that are hard to 
find, easy to check

• GPT-4o with browsing 1.9%, Deep 
Research 51.5%

• Open problem: rewards and evaluation for 
long reports



Science agents

• Agents generate, critique, rank, and refine 
hypotheses

• AI co-scientist: proposed drug-
repurposing candidates for AML; some 
confirmed in vitro

• The AI Scientist: idea → code → 
experiments → paper, about $15 per paper

• Hard to evaluate: novelty and correctness 
need experts or a lab

• From recent experience: generated 
papers are not particularly good.

Gottweis et al. (2025), Towards an AI co-scientist
Lu et al. (2024), The AI Scientist: Towards Fully Automated Open-Ended Scientific Discovery



Domain-specific agents

Yao et al. (2024), τ-bench: A Benchmark for Tool-Agent-User Interaction in Real-World Domains

• Travel, calendar, retail, airline customer 
service

• τ-bench: agent talks to a simulated user 
(LLM) and calls domain APIs

• Must follow domain rules, e.g. no basic-
economy changes

• GPT-4o solves <50% of tasks; pass rate 
across 8 trials <25% in retail

• Newer models: much higher (Opus 4.5 
85% on overall, and Opus 4.5 is old)



Open challenges

• Training: long, sparse, expensive rollouts
• Collaboration: working with people and other agents
• Diversity: agents converge on the same actions/plans/ideas
• Safety and privacy: agents act with real permissions
• Monitorability: can we see why an agent acted?



Training agents with GRPO
Sample 𝐺 trajectories per task, score each, normalize within the group:

𝐴' =
𝑅(𝜏') − mean(𝑅(𝜏#), … , 𝑅(𝜏.))

std(𝑅(𝜏#), … , 𝑅(𝜏.))

Shao et al. (2024), DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models
Jin et al. (2025), Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning
Feng et al. (2025), ReTool: Reinforcement Learning for Strategic Tool Use in LLMs
Wang et al. (2025), RAGEN: Understanding Self-Evolution in LLM Agents via Multi-Turn Reinforcement Learning
Feng et al. (2025), Group-in-Group Policy Optimization for LLM Agent Training

Paper Environment

Search-R1 Search engine, multi-hop QA

ReTool Code interpreter, math

RAGEN Multi-turn games

GiGPO ALFWorld, WebShop

• Before (reasoning): trajectory was a 
sequence of tokens terminating in an 
answer

• Now for agents, 𝜏' is a full multi-turn 
trajectory

• Loss only on the agent's tokens; 
observation tokens are masked
• Why?

• All actions in 𝜏' share one advantage 𝐴'



Why GRPO on agents is hard

• Slow rollouts: steps depend on tools, browsers, or sandboxes (can be slow) 

• Sparse reward: one 0/1 after 50+ steps; which step mattered?

• Credit assignment problem is a general problem in RL 

• No signal when all 𝐺 rollouts get the same reward: 𝐴3 = 0 (dead groups, as we had 
in reasoning case) 

• Resets: 𝐺 rollouts need 𝐺 copies of the same start state

• What if your actions are state-changing (e.g., deleting files)

• Long histories: observations grow ℎ#  to 10K–100K tokens

• Reward hacking: e.g., edit the tests instead of the code

Feng et al. (2025), Group-in-Group Policy Optimization for LLM Agent Training
Wang et al. (2025), RAGEN: Understanding Self-Evolution in LLM Agents via Multi-Turn Reinforcement Learning



On-policy distillation: OPD and OPSD

Agarwal et al. (2024), On-Policy Distillation of Language Models: Learning from Self-Generated Mistakes
Lu et al. (2025), On-Policy Distillation (Thinking Machines Lab blog)
Zhao et al. (2026), Self-Distilled Reasoner: On-Policy Self-Distillation for Large Language Models
Hübotter et al. (2026), Reinforcement Learning via Self-Distillation

Both teach a student to match a teacher token by token, on the student's own trajectories:

min$ 𝔼/∼1%>
!

KL(𝜋$(⋅∣ ℎ!) ∥ 𝜋2(⋅∣ ℎ!))

1. Student rolls out
𝜏 ∼ 𝜋$  in the environment

2. Teacher scores 𝜏
𝜋%(⋅∣ ℎ!) at every step, one 

forward pass

3. Per-token loss
KL(𝜋$(⋅∣ ℎ!) ∥ 𝜋%(⋅∣ ℎ!))

4. Update student
gradient step on 𝜃

new rollouts from the updated student

OPD: 𝜋%  = a separate, stronger model
OPSD: 𝜋% = 𝜋$(⋅∣ 𝑐, ℎ!), the same model given privileged info 𝑐



OPD vs. GRPO
OPD: signal comes from having a stronger model is the teacher 𝜋2
• Scores every token the student samples
• Dense signal, like SFT; on-policy, like RL
• Needs a bigger teacher, running in parallel, to provide supervision 

Teacher 𝜋&

Student 𝜋!

sees: task, <start>

go

go
take

open

go
take

open

KL = 0.01

sees: task, go

to

to
into

back

to
into

back

KL ≈ 0

sees: task, go, to

shelf

sinkbasin
shelf

cabinet

sinkbasin
shelf

cabinet

KL = 1.14

Lu et al. (2025), On-Policy Distillation
Agarwal et al. (2024), On-Policy Distillation of Language Models: Learning from Self-Generated Mistakes

Task: put a clean mug on the shelf.   Student trajectory: go to shelf



OPSD
OPSD: same model + privileged info 𝑐

𝜋2(⋅∣ ℎ!) = 𝜋$(⋅∣ 𝑐, ℎ!)
• 𝑐: a reference solution, or env feedback (errors, failed tests)
• No external teacher

𝑐 = hint: the mug must be cleaned at the sinkbasin first

Teacher
𝜋!(⋅∣ 𝑐, ℎ")

Student
𝜋!(⋅∣ ℎ")

sees: 𝑐, task

go

go
take

open

go
take

open

KL = 0.01

sees: 𝑐, task, go

to

to
into

back

to
into

back

KL ≈ 0

sees: 𝑐, task, go, to

shelf

sinkbasin
shelf

cabinet

sinkbasin
shelf

cabinet

KL = 1.14

Zhao et al. (2026), Self-Distilled Reasoner: On-Policy Self-Distillation for Large Language Models

Task: put a clean mug on the shelf.   Student trajectory: go to shelf



Collaboration and communication

Robust Persuasion
Good teammates 
accept corrections 

from each other but 
are not be persuaded 
by incorrect answers.

Faithful Reasoning
Good teammates 

explain their solutions 
in a way that other 

teammates can 
understand how they 

got their answer.

Calibrated Uncertainty
Good teammates 

accurately report how 
much the team should 
trust their answer, i.e., 
know what they don’t 

know.

Stengel-Eskin et al. (2024), LACIE: Listener-Aware Finetuning for Calibration in Large Language Models
Stengel-Eskin et al. (2025), Teaching Models to Balance Resisting and Accepting Persuasion
Sivakumaran et al. (2026), Balancing Faithfulness and Performance in Reasoning via Multi-Listener Soft Execution



Diversity and creativity

• RL sharpens what already works: pass@1 
goes up, pass@k at large 𝑘 goes down

• RLHF reduces output diversity compared 
with SFT

• LLM research ideas: about 200 unique out 
of 4,000 generated

• Agents need variety: exploration in RL, 
new hypotheses in science

Yue et al. (2025), Does Reinforcement Learning Really Incentivize Reasoning Capacity in LLMs Beyond the Base Model?
Kirk et al. (2024), Understanding the Effects of RLHF on LLM Generalisation and Diversity
Si et al. (2025), Can LLMs Generate Novel Research Ideas? A Large-Scale Human Study with 100+ NLP Researchers
Sahu et al. (2026), CreativeInstruct: Scalably Teaching LLMs to Balance Quality, Creativity, and Diversity



Safety and privacy

• Agents act with your permissions: email, 
files, payments, shell

• Prompt injection: a web page or email 
tells the agent what to do

• AgentDojo: 97 tasks, 629 injection test 
cases

• Privacy: GPT-4 leaks sensitive info in 26% 
of agent actions, even when told not to

• Mitigations: least privilege, sandboxes, 
confirm irreversible actions

Greshake et al. (2023), Not what you've signed up for: Compromising Real-World LLM-Integrated Applications with Indirect Prompt Injection
Debenedetti et al. (2024), AgentDojo: A Dynamic Environment to Evaluate Prompt Injection Attacks and Defenses for LLM Agents
Shao et al. (2024), PrivacyLens: Evaluating Privacy Norm Awareness of Language Models in Action
Xiao et al. (2026), Playing Along: Learning a Double-Agent Defender for Belief Steering via Theory of Mind



Monitorability

• Agents take thousands of actions; no human reviews them all

• CoT monitoring: a second model reads the agent's reasoning and actions 
(recall from reasoning lecture: why could this be a bad idea?)

• Train against the monitor and the agent hides its intent

• Monitorability is fragile: keep reasoning legible

• What happens if agent outputs are no longer legible? 

Baker et al. (2025), Monitoring Reasoning Models for Misbehavior and the Risks of Promoting Obfuscation
Korbak et al. (2025), Chain of Thought Monitorability: A New and Fragile Opportunity for AI Safety
Stengel-Eskin et al. (2026), GlossoGen: Emergent Language in Complex Multi-Agent LLM Interactions



Other open problems

• Evaluation: benchmarks saturate fast; contamination; runs are expensive

• Reliability: succeed every time (pass8), not once (pass@k)

• Memory: carry knowledge across long tasks and sessions

• Cost and latency: hundreds of LM calls per task

• Oversight: when should the agent stop and ask?



Takeaways

• An agent is a policy acting in a loop with feedback: a POMDP
• For LLM agents, the history ℎ* is the context window
• Semantic parsing → ReAct (close the loop) → Toolformer (train tool use) → 

coding and computer-use agents
• Training is the bottleneck: long, sparse, expensive rollouts
• Open: collaboration, diversity, safety, monitorability


