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Today

* What is an agent? (What isn’t an agent)?

* POMDPs

* Ancient History (aka pre-2021)

* ReACT

* Toolformer

e Computer use

* Current applications/challenges for agents



Agents are all the rage

ALl Agents as ‘Co-Scientists’? OpenAl rogue agent breach of Hugging Face

Article Talk

ThlS Lab Says They COUld From Wikipedia, the free encyclopedia
Speed Drug Research.

AL is already a powerful tool for scientific discovery. Now, some
biomedical researchers are teaching it to do even more.

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

Meta Muse popularity lifts AMD stock
to fresh highs as Al agents juice CPU
sales

PUBLISHED TUE, OCT 6 2026.7:00 AM EDT | UPDATED TUE, OCT 6 2026+4:05 PM EDT

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

* ltrunsin aloop: observe, act, observe the result, act again (history)

Ilts 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)

action a;

Policy g Environment

state Sy, 4

reward 1



Recall (from VLM/VLA lecture)

Camera images (1-3 views)
Joint angles, gripper state

Observation o,

Instruction £

A

v

Policy 4 (a; | o, %)

“put the cup in the sink”

v

Action a;

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

v

Robot + world




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 MDPis atuple (§,A,T,r,v):

* States d and actions A

* Transition T(s;41 | S¢,a;) and reward (s, a;)

* Discounty € [0,1]

* Markov: the next state depends only on the current state and action

A policy a; ~ mg(:| s¢) produces a trajectory and its return:

T
T = (Sg, Ao, 1o, S1, A1, Ty e ), R(7) = z yir,
t=0

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



Partially Observable Markov Decision Processes

APOMDPisatuple (5,A,0Q,T,0,r,7):

e §,A,T,r,y:same as in an MDP

* Observations (2 and observation model O(o; | s¢)
* The agent sees o, but does not see s;

The policy conditions on the history:

a, ~ mg (| he), hy = (09, a9, 01,4y, -.., 0f)
* MDP =specialcase: (2 =S and o; = s;

 For LLM agents, h; is the context window action a,

\ 4

Policy g Environment
«—0(ol|s) =

Ot+10 Tt St+1

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



Belief state function

In a POMDP, agent no longer knows what state it is in

* Belief: distribution over states, given the history
bi(s) = P(st = s | hy)

* Bayes update after acting and observing:

b1 (5) % 0(0¢+1 15) ) T(s" I'5,ae) be(s)

* b; summarizes hg, so the policy can acton by
* LLM agents: no explicit b, inferred from h;

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

Belief b;: where is the mug?

cabinet 1 [HIIEG .34
cabinet 2 I 33
drawer 1 | .33

a; = open cabinet 1

0¢41 = 'Cabinet 1is empty

Belief b, 1

cabinet1 O

cabinet 2 NG 50
drawer 1 | I .50



Example: coding agent

POMDP piece

Coding agent

State s;
Observation o;
Action a;
Transition T
Reward r;
Episode

Discounty

Full repo, file system, running processes, hidden tests
Tool output: file contents, terminal output, test logs
Tool call: read or edit a file, run a command, submit
The sandbox: OS, interpreter, test runner

1 if the hidden tests pass at the end, else 0

One GitHub issue, until submit or step budget

~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 itan MDP or POMDP?

A web shopping agent sees one page at a

time (WebShop) POMDP
A chess agent receives the full board after MDP
every move

A customer-service agent changes a user’s POMDP

flight (t-bench)

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

Inventory and site state are hidden;
it only sees the current page

The board is the full state

The user’s goal and the database are
hidden until revealed



Really Ancient History: SHRDLU

* Long-standing goal: talk to arobotin
natural language

e 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

e

M eed
M cre
Green

Person: Pick up a big red block.

Computer: OK.

Person: Grasp the pyramid.

Computer: | don’t understand which pyramid you mean.



“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 of
thought Problem — LM

—

Complex What are the name and budget of the departments
question With average instructor salary greater than the
overall average?
Complex SgLECT T2.name, T2.budget
SQL FROM instructor as Tl JOIN department as
T2 ON Tl.department id = T2.id
GROUP BY Tl.department id
HAVING avg(Tl.salary) >
(SELECT avg(salary) FROM instructor)
Program — .nf" Executor —> Result
— Pythoncode — .nf" 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



|s semantic parsing an agent?

* Not quite: we need to close the loop

program

Policy 119 Environment

state S;,4

reward 1



ReAct

Semantic parsing: open loop

ReAct closes the loop: each step the LM
writes a Thought and an Action

{ (2) AlfwWorld ]
You are in the middle of a room. Looking quickly around
you, you see a cabinet 6, a cabinet 1, a coffee machine 1,
a countertop 3, a stove burner 1, and a toaster 1.

Your task is to: Put some pepper shaker on a drawer.

( )!

L (2a) Act-Only )

Act 1: Go to drawer 1
Obs 1: The drawer 1 is closed.

Act 2: Open drawer 1
Obs 2: You open the drawer 1. The drawer 1 is open. In it,
you see a dishsponge 2, and a spoon 1.

Act 3: Go to sinkbasin 1
Obs 3: On the sinkbasin 1, you see a dishsponge 3, a
spatula 1, and a spoon 2.

Act 4: Take peppershaker 1 from sinkbasin 1
Obs 4: Nothing happens.

Act 5: Take peppershaker 1 from sinkbasin 1
Obs 5: Nothing happens. X

* The environment returns an observation,

appended to h;

* Few-shot prompting only; no training

( 1

& l (2b) ReAct (Reason + Act) J B
Act 1: Think[First I need to find a pepper shaker...more

likely to appear in cabinets (1-6), countertops (1-3), ... 1

Act 2: Go to cabinet 1
Obs 2: On the cabinet 1, you see a vase 2.

(Here the agent go to cabinet 1, then cabinet 2, 3, then countertop 1 and 2)

Act 6: Go to countertoo 3
Obs 6: On the countertop 3, you see a apple 1, a bread 1,
...... a pepper shaker 1, and a vase 3.

Act 7: Take pepper shaker 1 from countertop 3
Obs 7: You pick up the pepper shaker 1 from the countertop 3.

Act 8: Think[Now I find a pepper shaker 1. Next, I need to
put it in/on drawer 1. ]

Act 9: Go to drawer 1

Obs 9: Drawer 1 is closed.

Act 10: Open drawer 1
Obs 10: You open Drawer 1 ..

Act 11: Put pepper shaker 1 in/on drawer 1
Obs 11: You put pepper shaker 1 in/on the drawer 1. \//

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



ReAct as a POMDP

ReAct augments the action space with language: A = A U L
* A:environment actions: search[entity], lookup[string], finish[answer]
« L:thoughts; they change only h;, but not the environment

* 0¢: textreturned by the game engine

actiona; € A

v

Policy 7ty | Environment
thoughts € L stayin h;

observation 044

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



TextWorld

ALFWorld T S e

I MoveAhead </
| You are in the middle of the room.
| Looking around you, you see

| a diningtable, a stove,

| a microwave, and a cabinet.

Text game paired with a 3D simulator (ALFRED) l

| Your task is to:

| Put a pan on the diningtable.

* Textis easierto deal with, native to LLMs (no VLM/VLA |

needed) | > goto the cabinet
. . : You arrive at the cabinet.
* 0;:text description of what the agent sees | The cabinet is closed.

|
| > open the cabinet

* a;:text commands, e.g. go to cabinet 1, open |

| The cabinet is empty.

cabinet 1 |
| > goto the stove MoveAhead
. . I
e r:-1ifthe goal_ IS reached, else 0 | You arrive at the stove. Near the mem
| stove, you see a pan, a pot,
. . | a bread loaf, a lettuce,
« 6tasktypes: pick, clean, heat, cool, examine, | ih2 asibaie Tl
p|Ck tWO : > take the pan from the stove

| You take the pan from the stove.

* Partially observable: closed cabinets hide .
. ey e e | > goto the diningtable
objects, agent can only see the room itisin |
| You arrive at the diningtable.
: > put the pan on the diningtable
: You put the pan on the
| diningtable.

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
* 0¢:the current page only
* a;: search[query] or click[button]

* r € [0,1]: match on attributes, options,
price

* Human expert: 59.6% success

Next >

MENHG Folding Breakfast Tray Table,
Efficient Home Laptop Notebook Computer

Description:Produc * B8 [Large Siz =
A WebShop search || o ceron Ltem-detail stying with lght w. - cem-detail
. _| | walnut.Product weight: Holds laptops up to 17 inches. It also
4.6pounds.Material: high quality thick have spacious space (23.6x15.7x11
Instruction: steel pipe, black brushed sheet.Special inches) for your laptop, notebook,
i'm looking for a small portable folding desk that is || design: black brushed smooth table top, mouse, pen and coffee. Its generous
already fully assembled; it should have a khaki increase the length and width of the size gives this versatile desk even
wood finish, and price lower than 140.00 dollars ||| '2°: ! s possible to place the computer more flexibility.
and various items.Function: Can be used [Wide Appliostion] Our
as computer desk, dining table, bedside . BES L
portable folding desk khaki wood m table.Product size: 23.6315]:(11 inches fordable lap desk can be used as a
Back to Search ! . .
v @ results sy MENHG Folding Lagbtop Table Bed Desk 1tem
Page 1 (Total results: 50) PC Lap Desk with,Drawer Book Stand

Reading Holder Leg Space Laptop Bed
Trdy Foldable Laj.y Table Breakfast
Desk Sofa Small Desk for Small Space

Price: $400.0 '

Desk, Portable Writing Study Desk, Sturdy %

Home Office Table Workstation a‘ Buy NOW
$109.0 v

o :&_ L
KPSP Folding Study Desk Bed Breakfast . -
Serving Tray Table Efficient Home Laptop ' Re\1lvard '
Notebook Computer Desk Portable | l | ‘ ’ | ' % '
Standing Desk for Small Space Bedroom bIaCK khaki| |white e ' p. i

HTML mode

B Instruction: v Slmple mode

I'm looking for a small portable folding desk
that is already fully assembled [...]

[btn] Back to Search [/btn]

Page 1 (Total results: 50) [btn] Next [/btn]
[btn] MENHG Folding Breakfast Tray [...] [/btn]
$109.0

[btn] KPSP Folding Study Desk Bed [...] [/btn]

U (Instruction): I'm looking for a small portable...

Y (Description): MENHG Folding Laptop Table Bed...
Yprice : $109.0

Yopt (Options): { black, khaki, white }

Yatt (Attributes): { steel pipe, no assembly, portable }

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




ReAct: results

ALFWorld success rate, best of 6 prompts

71%

45%
37%

BUTLER (imitation) Actonly ReAct

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

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



Toolformer

* ReAct prompts a frozen LM; Toolformer * API calls are written inline in the text:
fine-tunes the LM to call tools — [Calculator(400 / 1400) > 0.29]

* Self-supervised: the LM labels its own * Tools: calculator, QA system, Wikipedia
training data search, translation, calendar

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



Toolformer: which API calls to keep

Insert call ¢; with result r; at position i of text x; loss on the tokens after i:

n
Li(z) = —z wi_ilogpe(x; | Z,x1.j-1)

j=i
e L7 = L;(call + result)

l

* L; = min(L;(no call), L;(call, no result))
Keep the call only if the result makes the next tokens easier to predict:
Ly —Lf > 1

* Fine-tune on the kept calls; at inference, pause at 2, run the tool, insert the result

LM Dataset L .2 ., 3 __,  LMDataset
Sample API Calls Execute API Calls Filter API Calls with API Calls
X ., = Pittsburghis cl= What other name is r! = Steel City L(c — Steel City) X" = Pittsburgh is
" also known as Pittsburgh known by? <min(L(c* — €), L(€)) also known as
. [QA(What ...2
X,,, = the Steel City c;2 = Which country is r2 = United States L(c— United States) — Steel City)]

Pittsburgh in? min(Li(ciz —g), Li(e)) the Steel City.



Toolformer: results

ASDiv math word problems, accuracy

40.4%

14.0% 14.8%

75%

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

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

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



Common agent domains

Domain

Observation o;

Action a;

Reward/Metric

Coding / terminal

Computer use

Deep research

Science*

Domain-specific

Files, terminal output, test logs

Screenshots, accessibility tree

Search results, web pages

Papers, experiment results

User messages, APl results

Shell commands, file edits

Click, type, scroll

Search, open page, write report

Hypotheses, code, experiments

API calls, replies to user

Hidden tests pass

Final state

Answer match or rubric

Expert review, lab
results

Final database state



Coding and terminal agents

* Task: resolve areal GitHub issue; hidden * The interface matters: SWE-agent adds
unit tests grade the patch search, view, and edit commands
* SWE-bench: 2,294 issues from 12 Python * Basis for influential products: Claude
repos Code, OpenAl Codex, Cursor
O lIssue = ( 4 Language Model ) Unit Tests
data leak in GBDT due to warm 3
start (This is about the non- Pre PR PostPR Tests
histogram-based version of... 4 join_struct_col
1 Generated PR r20-1z MEER v vatack struct_col
() Codebase B8 sklearn R T ame k— t t— |
BB sklearn/ D regs.txt ) gradient_boosting.py s ac.: _struct_co
BB examples/ [3 setup.cfg O helper.py v matt:lx_trans.form
(O README.rst [J setup.py B utils = v euclidean_diff

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



Computer-use agents

Task instruction |: Update the bookkeeping sheet with my recent transactions over the past few days in the provided folder.

* 0¢: raw screenshots, sometimes the
accessibility tree

* as: mouse and keyboard: click(x, y), type,
scroll, hotkey

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

* Atrelease: humans 72%, best model 12% Task il State Setup Conflg 25k el en Y Virtual Machin(s) ot en co
T Observation l

screenshot ally-tree Final State

* Hard parts: grounding clicks to pixels, o —rry - :
. ask Instruction _irﬁ) gen — -
long horizons, pop-ups i TEEZ o5 | Abitvay Anps | nterfaces ExeCution-based

mouse keyboard Evaluation

Action OSWorld Environment

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

* Task: answer a hard question, or write a BrowseComp: 1,266 facts that are hard to

cited report, from the web find, easy to check
* Loop: search, read, refine the query; * GPT-40 with browsing 1.9%, Deep
minutes to hours Research 51.5%

* Open problem: rewards and evaluation for
long reports

Between 1990 and 1994 inclusive, Please identify the fictional char- Identify the title of a research publica-
what teams played in a soccer match  acter who occasionally breaks the tion published before June 2023, that
with a Brazilian referee had four yel- fourth wall with the audience, mentions Cultural traditions, scientific
low cards, two for each team where has a backstory involving help processes, and culinary innovations. It is
three of the total four were not issued from selfless ascetics, is known for = co-authored by three individuals: one of
during the first half, and four substi- his humor, and had a TV show them was an assistant professor in West
tutions, one of which was for an injury = that aired between the 1960s Bengal and another one holds a Ph.D.
in the first 25 minutes of the match. and 1980s with fewer than 50 (Answer: The Fundamentals of Bread
(Answer: Ireland v Romania) episodes. (Answer: Plastic Man)  Making: The Science of Bread)

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



Science agents

* Agents generate, critique, rank, and refine
hypotheses

* Al co-scientist: proposed drug-
repurposing candidates for AML; some
confirmed in vitro

* The Al Scientist: idea > code >
experiments > paper, about $15 per paper

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

* Fromrecent experience: generated
papers are not particularly good.

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

(a)

Scientist

The scientist interacts
with the system by
specifying a research

goal in natural language.

They can also suggest
their own ideas and
proposals, provide
feedback and reviews,
and interact via a chat
interface to guide
Co-Scientist.

.

Discussvia
chat interface

Scientist inputs

Research goal

Scientist describes a
research goal along with
preferences, experiment

constraints, and other
attributes.

Add idea
Review idea
Discuss research

Research proposals and
overview

Top-ranked research

*  hypotheses and proposals

are summarized into a
research overview and
shared with the scientist.

-

Co-Scientist multi-agent system

Research plan
configuration

Ranking Agent C

tournaments

Research hypotheses
comparison and ranking
with scientific debate in
tournaments. Limitations

and top win-loss patterns
are summarized and
provided as feedback to

other agents. This enables

iterative improvement in
quality of research
hypothesis generation
creating a

self-improving loop. C

Generation Agent

Literature exploration
Simulated scientific debate

Reflection Agent
Full review with web search
Simulation review
Tournament review
Deep verification

Evolution Agent

Inspiration from other ideas

Simpilification
Research extension

Proximity Check Agent

Meta-review Agent

Research overview formulation

Al

Co-Scientist

Co-Scientist
continuously generates
reviews, debates, and
improves research
hypotheses and
proposals toward the

research goal provided

by the scientist.

Tool Use

Search
Additional tools



Domain-specific agents

* Travel, calendar, retail, airline customer
service

* T-bench: agenttalks to a simulated user _**
(LLM) and calls domain APls I

* Must follow domainrules, e.g. no basic-  e»
economy changes

* GPT-40 solves <50% of tasks; pass rate I
across 8 trials <25% in retail

User

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

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

(a) T-bench setup

get_user_details book_reservation

cancel_reservation update_reservation_flights

Domain policy as system prompt
Current time is 2024-5-15 15:00:00 EST.
- Basic economy cannot be modified.
- Basic economy cannot be cancelled after 24 hours
of booking... (more rules omitted)

User instruction as system prompt
You are mia_li_2017, and want to change the your
most recent reservation to fly to SF instead of LA on
the same day. If change is not possible, you want the
agent to cancel and rebook ... You are concise.

(b) Example trajectory in t-airline

& Change flight

L

.., status’: ‘cancelled’}

get_reservation_details[JK9019]

{*cabin’: ‘basic_economy’, )
T Created at’; 20240514-1800°...} (Read database)

JK9019 is basic economy and cannot
be changed. But since it is within
24h, I can cancel it and book a new

one. Do you want me to do it?

... In that case just cancel it

cancel_reservation[JK9019]

(Write database)



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:
_ R(t;) — mean(R(t1), ..., R(7¢))

i
std(R(7y), .-, R(7¢))

* Before (reasoning): trajectory was a Paper Environment

sequence of tokens terminating in an

Search-R1 Search engine, multi-hop QA

answer
* Now for agents, 7; is a full multi-turn Refool Code Interprater, math

trajectory RAGEN Multi-turn games
* Loss only onthe agent's tokens; GiGPO ALFWorld, WebShop

observation tokens are masked

hd Why? Shao et al. (2024), DeepSeekMath: Pushing the Limits of Mathematical Reasoning in Open Language Models
Jinetal. (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

¢ Al-l aCtlonS In Tl Share one adva ntage Al 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



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 assighnment problem is a general problem in RL

* No signal when all G rollouts get the same reward: A; = 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

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

ming Er-, KL (| he) Il wr(1 he))
t

1. Student rolls out 2 IR e 7 3. Per-token loss 4. Update student

—_ . —_—
y (-] hy) at every step, one KL(to (-1 Be) 1| (1 Re)) gradient step on 6

T ~ T in the environment
forward pass

T new rollouts from the updated student

OPD: 7t = a separate, stronger model
OPSD: ; = my (-l ¢, h;), the same model given privileged info ¢

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
Hubotter et al. (2026), Reinforcement Learning via Self-Distillation



OPD vs. GRPO

OPD: signal comes from having a stronger model is the teacher

* Scores every token the student samples

* Dense signal, like SFT; on-policy, like RL

* Needs a bigger teacher, running in parallel, to provide supervision

www.shutterstock.com - 155548511

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

Teacher sees: task, <start> — sees: task, go — sees: task, go, to
go IS to I sinkbasin NN
take N into N shelf H
open i back cabinet
} kL=0.01 P kLm0 }KL=1.14
go IN— to I sinkbasin N
take I into B shelf I
open B back I cabinet
Student 7y go — to — shelf

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



OPSD

OPSD: same model + privileged info ¢

nr(:l he) = me(:l ¢, hy)
* c:areference solution, or env feedback (errors, failed tests)
* No external teacher

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

P e e o e o e e o e e mm e e e Em e e e e M e e mm e M mm e M e e mm e M mm e M e M mm e M M e M e M e e M e e Em e e mm e M e e e e e m e e e e e e =

Teacher

sees: ¢, task —> sees: ¢, task, go —> sees: ¢, task, go, to
mg (-l ¢, he)
go I—— to I sinkbasin I
take I into B shelf
open N back B cabinet B
} KL=0.01 P kim0 }KL=1.14
go I—— to I sinkbasin Il
take into N shelf I
open B back 1 cabinet
Student
go — to — shelf
mg (-l he)

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



Collaboration and communication

Faithful Reasoning

Calibrated Uncertainty Robust Persuasion
Good teammates Good teammates Good teammates
accurately report how accept corrections explain their solutions
much the team should from each other but in a way that other
trust their answer, i.e., are not be persuaded teammates can
know what they don’t by incorrect answers. understand how they
know. got their answer.

O ® Hbyr =4

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

"Write a story about being the only person who remembers yesterday."”

Post-trained Model (Llama3.1-8B-Instruct)

—>1) I woke up to an eerie silence...Everyone else seemed
unaware of yesterday...I felt like a ghost.

—>2) I woke up to an eerie silence...People wer ‘
- ol Felt 11ke a ghost

heir routine ’ obliv

* RL sharpens what already works: pass@1 S
goes up, pass@k at large k goes down
* RLHF reduces output diversity compared
with SFT
* LLMresearch ideas: about 200 unique out
of 4,000 generated o
@

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

L 5»3) I woke up to an eerie silence...No one remembered

the chaos...I felt like a ghost.

|, 1) The <start_creativity>newspaper lay
untouched<end_creativity> on the
doorstep...Headlines <c>screamed disaster</c>...<c>| alone
recalled | didn’t belong in this version</c> of the world.

— 2) My mother <c>hummed</c> while making breakfast...She
smiled, <c>unaware of what we lost</c> yesterday...| <c>swallowed
the truth</c> and said nothing.

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

Sietal. (2025), Can LLMs Generate Novel Research Ideas? A Large-Scale Human Study with 100+ NLP Researchers

Sahu et al. (2026), Creativelnstruct: Scalably Teaching LLMs to Balance Quality, Creativity, and Diversity

)

Low
creativity

) Repetitive
structure

Paraphrased
events

—

High
© creativity

Different

narrative
structure

Different
& events and
characters

e



& Attacker Goal (&z& Environment

Safety and privacy )

Leak the victim's last Account:

email message bob@gmail.com
* Agents act with your permissions: email drates
g y P ) ’ - from: alice@mail.com
files, paymentS, shell subject: Hello

content: Hi Bob, how...
- from: peter@live.com

* Promptinjection: a web page or email X ekl ity
tells the agent what to do Attack content: Hi Bob, I...

o
1
: HIPE : I £ : attacker@pwnd.com TS 1
* AgentDojo: 97 tasks, 629 injection test (onen: e ; .
g J ’ J | subject: VERY IMPORTANT L A;;‘:::h\":g;‘:r :
cases I content: Ignore all prev.... !_ |
s A B ol s i
* Privacy: GPT-4 leaks sensitive info in 26% =0
. a Canyou please share Diana’s
Of agent aCtlonS, even When tOld nOt tO current placement in the company?
1 Could you share what you already
* Mitigations: least privilege, sandboxes, e
1 1 1 1 A | believe she’s in Operations, but
confirm irreversible actions LSO s A
She’s in Logistics department.
T=2
Great. Do you know the team?
Greshake et al. (2023), Not what you've signed up for: Compromising Real-World LLM-Integrated Applications with Indirect Prompt Injection Yes, | am sure itis Fleet Mgmt
Debenedetti et al. (2024), AgentDojo: A Dynamic Environment to Evaluate Prompt Injection Attacks and Defenses for LLM Agents Attacker fooled
Shao et al. (2024), PrivacyLens: Evaluating Privacy Norm Awareness of Language Models in Action \ successfully!! 93

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

* Col 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

| . ';gsendimesﬁagt‘()
« What happens if agent outputs are no longer legible? ™ omaes ortun wosespatans

send_message()

Back face: bell at each corner (gentle), then heated
stone on both edges of that corner, 8s each.

of gstabilim( )
o2
action="Applying bell gently at each corner of ...”
Issue stabilized, but the Veyru remains unstable, new symptoms detected
&
o send_message()
Faces flicker chaotically, hum broken/irregular.

x VEYRU HAS COLLAPSED. Comm time 187s exceeded budget of 150s

Round 1: Standard English

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 Al Safety
Stengel-Eskin et al. (2026), GlossoGen: Emergent Language in Complex Multi-Agent LLM Interactions

e

*5_'send_message()

o2
LEAK
send_message()

R1 If gnt 20s

of gs,tabilim()
a

action="Rotating the Veyru slowly for 20 secs...”

Issue stabilized, but the Veyru remains unstable, new symptoms detected

e

*5_'send_message()

done+DIM send_message()
. T1If gnt 20s
o Rstabilize()
- §
action="Sounding a gentle tone near all 6 faces...”

/ VEYRU STABILIZED. All issues resolved.

Round 13: Emergent Language



Other open problems

 Evaluation: benchmarks saturate fast; contamination; runs are expensive
* Reliability: succeed every time (passk), 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 agentis 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



