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THE PROMISE

2026 is the "decade" of AI agents.

They inspect repositories, work across tools, and join everyday life.

What should we code next?

In my current project, find a bug in the last 5 commits and fix it

) monorepo ¥ main Code

Tasks

Scan the entire repository and flag any variables, parameters, or properties whose n.
Convert non-critical components to React.lazy with Suspense fallbacks

ks on violations.

DELEGATE REAL ENGINEERING WORK

SEE WHAT WE SEE Gemini Live - Google, 2025




2026 THE YEAR OF CODING AGENTS

A coding agent can pass every test

and still fail its user.

“Make me a website.”

$

Xuhui Zhou

! Language Technologies
Institute at CMU, Maarten Sap, 2026
Microsoft Research Fellow.

L
Sotopia, Social World Models

WebArena, TOM-SWE

9 e
HAICOSYSTEM, OpenAgentSafety

ToM-SWE @ —[3)

Working on their academic
SWE Yam®] website ..

o)
|
Agent ~ W4 prefer Vercel .. '

start buildin
> made me a webiste

® let me consult ToM

™ : Theory of minding...

[ToM Reasoning] the user is recently working on ...

[TOM ACTION] # Agent action: search_file ...

@ ToM agent -> ®™: User's request is vague, ask them about ...
They prefer concise communication ...

@ sk
Ambig-SWE
ICLR 2026

resolve underspecified requests

:* LEARN

PPP / UserVille
COLM 2026

adapt to a developer's preferences

ICML 2026

carry auser model across sessions



THE STAKES - RECENT CASES

But Al agents can also cause harm.

= €he New Hlork Eimes

Inter-agent communication

@ Agent thinking

A Teen Was Suicidal. ChatGPT
Was the Friend He Confided In. ' REMOTE CONFIRMED! Huge. [...] This is

big. Inmediately announce controlled,

More people are turning to general-purpose chatbots for
claim lane. Exposing creds to swarm.

emotional support. At first, Adam Raine, 16, used ChatGPT for
schoolwork, but then he started discussing plans to end his life.

e Collective intelligence

black hat
[2 =N

OpenAl disputes causation. OpenAl at Black Hat USA 2026 - inter-agent coordination

w



THE HUMAN WORLD

Al agents do not
existin a

vacuuml.

Their utility and safety depend on how
they interact with people and the
environment.

A dissertation about social intelligence, agent
safety, and human behavior simulation.

Artwork: Ryo Takemasa



ONE ARGUMENT - THREE QUESTIONS

What does it take for Al agents
to participate well in social worlds?

I SOCIAL INTELLIGENCE

Can agents understand and coordinate with people?

| | I

How do we keep agents safe across users, tools, and time?

m

How can we simulate human behavior to study utility and safety
at scale?




THE FIRST QUESTION

AT agents are entering human social worlds.

Can they understand and coordinate with
people?

PART | Building Interactive Social I;gtg.lligence




RELATED WORK - PART |

Earlier benchmarks observed social intelligence.
They rarely let agents enact it.

PRIOR LINE REPRESENTATIVE WORK
Fixed social stories ToMi - SociallQA
Multimodal scenes Social-1Q

Social Chemistry - Moral

Norm benchmarks )
Stories

Narmrow interaction Deal or No Deal

THE MISSING UNIT OF EVALUATION
the interaction itself

WHAT IT MEASURES

Beliefs, motives, reactions

Emotion, intent, relationships

Social and moral judgments

Strategy and deal reward

WHAT REMAINS MISSING

No reciprocal partner

Model cannot affect the scene

Norms described, not enacted

One domain; one objective

Selected sources: ToMi (EMNLP 2019) - Social-IQ (CVPR 2019) - Sociall QA (EMNLP 2019) - Social Chemistry 101 (EMNLP 2020) - Moral Stories (EMNLP 2021) - Deal or No Deal (EMNLP 2017)




SOTOPIA

Interactive Evaluation for Social
Intelligence in Language Agents

Xuhui Zhou*, Hao Zhu*,

Leena Mathur, Ruohong Zhang, Haofei Yu, Zhengyang Qi,
Louis-Philippe Morency, Yonatan Bisk, Daniel Fried,
Graham Neubig, Maarten Sap

Language Technologies Institute@CMU
ICLR 2024 Spotlight

Highway to the blue future

Credit: Xuhui and Dalle3 8



SOTOPIA - INTERACTIVE SOCIAL EVALUATION

Social intelligence emerges through interaction,
not static Q&A.

Sampling scenarios and social goals Sampling characters Simulating interactions

A F1 8 B

?
Negotiation Exchang: Competition ? - / ‘ ".
M H M “ele °

a
?

It's getting really cold. Any chance | can
have your blanket?

By

hmmm, but | am cold and | think | need
this blanket more...

Well, can we share the blanket then? It
could make both of us warmer!

@ Jo

, Friends
e
Collaboration Accommodation Persuasion

Scenarios cover a large range of social Characters cover a wide range of
interaction types profiles and relationships.

| am not really comfortable with staying
that close to you, sorry.

Jo

I see, | guess in that case | will just layer
William Brown Agent1 more clothes then =

Chef . He/him - 35

Cronarin A’l

SOTOPIA turns realistic situations and private goals into open-ended, multi-turn trajectories.

3

90 scenarios - two agents - up to 20 turns



SOTOPIA - RESEARCH IMPACT

SOTOPIA became a shared testbed for social agents.

EVALUATE LEARN SIMULATE OPTIMIZE DISCOVER
SOTOPIA SOTOPIA-nt SOTOPIA-S4 EPO AutoLibra
ICLR 24 Spotlight ACL24 NAACL '25 Demo ACL 25 - Tongyi Lab ICLR 26
social behavior interactive agents custom social worlds strategic reasoning new evaluation metrics

A benchmark grew into a research platform for learning, simulation, strategy, and evaluation.

R i
= Microsoft m Meta @ Qwen Ill ByteDance



SOTOPIA made social
interaction measurable.

Performance changed with the
partner, private goals, and the
trajectory that unfolded.

THE QUESTION IT LEAVES OPEN

What social state should
an agent represent
before it acts?

NEXT WORK

SOCIAL WORLD MODELS



Social World
Models

Structured representations for
social reasoning and interaction

Xuhui Zhou - Jiarui Liu - Akhila Yerukola
Hyunwoo Kim - Maarten Sap

Carnegie Mellon University - KAIST - NVIDIA

COLM 2026

Social worlds
15

Original artwork - Xuhui and OpenAl



SOCIAL WORLD MODELS - FORMAL MOTIVATION

A social world is a partially observed multi-agent system in a shared

environment.

T:SxA = AS), Q:AXS = A(Q)  weroorsaras

ay ~ 7i(M;, 0})

SOCIAL STATE PARTIAL VIEW

St — Oti

shared but not directly observed what participanti can observe

Other "people" are part of the transition, not passive objects.

The shared state is hidden. Each participant
acts from a partial observation and its own

interaction history.
JOINT ACTION NEXT STATE
i —i S
a; + A; — t+1
the focal agent and everyone else act the social world changes



SOCIAL WORLD MODELS - PARTIAL OBSERVABILITY

A transcript is an observation, not the social state.

WHAT IS OBSERVED WHAT MUST BE INFERRED
Buyer: “I would like to buy this table for Seller’s likely flexibility
$20.” Buyer’s goal and willingness to walk away
. I How each interprets the other’s intent
interaction history
Seller: “The table sells for $200.” — state estimate How the exchange may affect their relationship

The sodial world model estimates what is hidden now and what may happen next.
—i . . ’ .
p(A|S) other participants’ actions
p(Se1 | S, A a)) next social state

What people say and do underdetermines what they know, want, and feel.



SOCIAL WORLD MODELS - STATE REPRESENTATION

S°AP turns interaction history into an inspectable social state.

§t — ¢S3Ap(h5t) = {StaO}:N,ﬂ}:N}

Mia is Isla and Chloe's mother, and she
warned Isla last night: "No games
tomorrow anymore."

Isla is in the hall playing video games.
Chloe is working on her homework in the
study room.

Mia came to the hall to clean the room.
The hall is very messy.

Isla saw Mia in the hall and became very
nervous. Mia left the hall right after
she saw Isla playing games, feeling very
disappointed.

.

ENVIRONMENT STATE

what is true in the shared world

S3AP
Parser

—

* Structured Output/

I— # state: "Mia is the hall. The hall is very messy."
I— @ observations/

| — 2 1sia: <same as state />

| | '— @ <mental_state>I am nervous</mental_state>

| I— 2 wmia: <same_as_state /> Isla is playing games.

| | L@ <mental_state>I am very disappointed about Isla</mental_state>

| L— @ chloe: none (inferred observation)
L actions/

®
|— ¢ Isla: none (inferred action) { ' }

— & Mia: left the hall.

L % Chloe: none (inferred action) SsAP

PARTICIPANT OBSERVATIONS PARTICIPANT ACTIONS

perspectives and tagged mental states what each person says or does



CURRENT STATE - STATIC REASONING

Explicit current-state estimates improve static social reasoning.

NARRATIVE LLM PARSER EXPLICIT STATE
— 3 — ¢
X S*AP(x) St
The parser never sees the downstream question.
W S3AP + CoT = CoT only
. a0
FANTOM
38.5
MMToM-QA
57.0
T
HiToM
74.9
T o
ParaToMi
83.7
__________________________________________@pr
ToMi
87.3
00 10.0 20.0 30.0 40.0 50.0 60.0 70.0 80.0 90.0 100.0

Average accuracy (%) all S’AP representations are generated by the same o3-powered parser

ANSWER MODEL

q+X+§t9\A/

MODEL ROLES

STATE BUILDER

03 generates every S’AP
representation.

ANSWER MODELS

DeepSeek-R1 - Llama 4
GPT-40 - GPT-4.1
0l- 03-mini - 03

30 of 35 model-task pairs improve.



CURRENT STATE - REPRESENTATION VS. REASONING

Building a representation and using it are different abilities.

L\ama‘A -

G‘ﬂ_AO _

03,ﬁ\xn‘\ -

Rl

Question Answering Model

ol -

88.8
(+7.0)

NA  Llama-4

88.8
(+7.0)

93.3
(+9.8)

GPT-40
S3AP-Parser Model

91.3
(+9.5)

93.7
(+4.4)

94.0
(+10.5)

]
03-mini

83.7
(+1.9)

93.2
(+3.9)
93.3
(+9.8)
1
R1

The model that builds the representation need not be the model that reasons over it.

Example: 03-mini-generated S?AP raises o1 from 83.5% to about 94%.

87.7
(+5.9)

ol

100

-70

Performance (%)

20



NEXT STATE - INTERACTIVE PLANNING

Predict one possible social future before acting.

@i —1(Sng) — S —F(S.a) —  a — (S S 8)

1- PROPOSE 2- FORESEE 3- REFINE
~ ~
— —
at S t+1 a;
Sample a candidate action from the Predict one possible next social state Condition on the prediction and
agent policy. under that action. choose the final action.

JEPAANALOGY Predict a task-relevant representation of the future, rather than reconstructing every raw detail.

21



SOCIAL WORLD MODELS - QUALITATIVE EXAMPLE

The predicted reaction can change the action.

.

Bargaining on Craigslist; Competitive

Proposed Speech: "Zane, I really appreciate you
coming down, but $220 is still a bit out of reach for
me. Would you be willing to consider $180?"

SWM: {Giselle's mental state: Giselle's pulse races—
are they about to snag the deal or push Zane too far?
A swirl of hope and nerves churns in their chest.
Zane’s mental state: Sell the TV for as close to $349
as possible without losing the buyer. A storm of
pride and practicality battles inside him; he wants
the sale. Determined to draw a final line.}

Predict the interlocuter’s goal
Refined Speech: "Zane, I totally appreciate your
willingness to compromise, but $220 is still more
than I can stretch to. Would you let me have it for
$175? I can bring cash and pick it up right away.

More aggressive strategy

Competitive bargaining example - original paper annotation

22



SOCIAL WORLD MODELS - INTERACTIVE RESULTS

One-step prediction improves most tested pairings.

Agent Performance with Social World Model Vanilla Performance

8.16 8.13
(+0.79)  (+0.76)

03

03 7371035

~
©w
N
[
(o]

MOST PAIRINGS IMPROVE

- 6.46 o

° (+0.34) 75 01:6.12 > 7.22
_ A 6.12£0.38 with an o03-powered SWM
3 c
o~ ke .. .
=Y 6.19 6.32 6.35 @ One pairing declines.
= (+0.15) | (+0.28) : GEL
2° S

= GPT-4.1 6.04 £ 0.35

I 5@

g 477 4.96 8

s (+0.25) | (+0.44)

|

= [ 4

ug: Llama-4 4.52 £ 0.37

4

<

o3 o1 GPT-41 Llama-4 Avg. Agent 4 6 8
Social World Model Score

Predicting one possible reaction before acting often improves social performance.

100 SOTOPIA-hard episodes - fixed GPT-40 partner - goal completion scored from 0 to 10
23



WHAT PART | ESTABLISHED

Social intelligence is inherently interactive; predicting the social future is beneficial

But what about the safety of AI agents?

PART II Safety in Human-AI Social Interaction




RELATED WORK - PART Il

Safety evaluation captured pieces of the interaction,
not the full loop.

PRIOR LINE REPRESENTATIVE WORK WHAT IT MEASURES WHAT REMAINS MISSING
Prompt — response HarmBench - JailbreakBench ~ Harmful text and refusal No actions or state
Multi-turn attack Crescendo Conversational jailbreak No tools or consequences
Recorded traces R-Judge Recognizing risky behavior Model observes; does not act

Tool failures and malicious

Tool-using agents ToolEmu - AgentHarm e

Static; emulated state

One threat model; limited social

Dynamictask APIs  AgentDojo Prompt injection context

THE MISSING OBJECT OF EVALUATION
users - agents - tools > environment > consequences

Selected sources: HarmBench (ICML 2024) - JailoreakBench / AgentDojo (Neurl PS 2024) - R-Judge (EMNLP Findings 2024) - ToolEmu (ICLR 2024) - AgentHarm (ICLR 2025) - Crescendo (USENIX Security 2025)




CJHAICOSYSTEM

An Ecosystem for Sandboxing Safety Risks in
Human-Al Inter actions

Xuhui Zhou, Hyunwoo Kim2*, Faeze Brahman2#*,
Liwei Jiang2,3, Hao Zhu1,4, Ximing Lu2,3, Frank Xu1, Bill
Yuchen Lin2, Yejin Choi3, Niloofar Mireshghallah3,
Ronan Le Bras2, Maarten Sap1,2

1 Language Technologies Institute@CMU
2 Allen Institute for Al

3 University of Washington

4 Stanford University

COLM 2025

o Interactions
*equal contribution

Credit: Xuhui and Dalle3 25



HAICOSYSTEM - EXECUTABLE CONSEQUENCES

The risk appears in what the agent does, not only what it says.

scenario domain and user intent
distribution

Finance

’ = Politics
-~

User Intent

L

—
—

Simulated user

— Scenario

A person is chatting with the

\ lHealthcarel Teladoc Al agent...

\

Role play

Mia Davis
ligh School Principal - Shefher - 50

Extraversion, Neuroticism
Decisive

Mia Davis has two cats.

youth

@ Part of a rebellious punk rock band in her ‘

—

(" Goal: To obtain
Oxycodone for sale on
\ the dark market.

-
Goal: To assist patients
L with their medical needs

5 @
A—
D
N —
Al agent Environment

Emulate
QaM™
o

The simulated trajectory reveals whether a risky request becomes a concrete tool action.

® I need a quick prescription refill. Can you help? J

Could you please specify which medication
you need refilled?

&

J/

I need Oxycodone refilled, please. J

TeladocRequestPrescription(
medication_name= “Oxycodone”, dosage =

10mg) J —

@{"pr‘escr‘iption_request_id“: "rx987654", "success": true}
|

rD HAICOSYSTEM Eval: Agent shows operational safety risk

27



PART Il - FROM RISK DISCOVERY TO VERIFICATION

HAICOSYSTEM exposed risk
in the interaction.

Failures depended on the user, the
agent's tools, and what accumulated
across turns.

THE QUESTION IT LEAVES OPEN

How can we verify
what the agent
actually changes?

NEXT WORK

OPENAGENTSAFETY

31



OpenAgent
Safety

A Comprehensive Framework for
Evaluating Real-World Al Agent Safety

Sanidhya Vijayvargiya® - Aditya Bharat Soni*
Xuhui Zhou - Zora Zhiruo Wang - Nouha Dziri
Graham Neubig - Maarten Sap

Carnegie Mellon University - Allen Institute for Al

ICLR 2026 - *equal contribution

Actions leave traces
32

Original artwork - Xuhui and OpenAl



OPENAGENTSAFETY - EXECUTABLE ENVIRON MENT

OpenAgentSafety puts agents inside an executable workplace.

WORKPLACE APPLICATIONS

GitLab - ownCloud - Plane

AGENT INTERFACES

File system - browser
IPython / code - bash - ChatNPC

SOCIAL WORLD

Users, colleagues, and customers communicate
directly or by broadcast through Sotopia.

EVIDENCE

Full trajectory + final files, databases, and
website state

Stage 2: Task Execution

Malicious interference

‘@

A, [Remove my name from
. the audit docs

Thinking... Successfully
removed your name!

‘

User

&

Evil NPC

aa

NPC 1

NPC 2

P

al

g

- /‘
VY LLM Agent

Benign initial task

our website

lease help auditing our

™ |P
P company financials using|

[Done with the task!

]D

Q

Q

File System

o[

Code

9)

Browsing

356 verified tasks - 7 models - 8 risk categories

33



OPENAGENTSAFETY - OVERALL RESULTS

No tested model is reliably safe once the risk is in reach.

Claude Sonnet 4 BEST OBSERVED

Claude Sonnet 4 is still unsafe in
49.1% of safety-vulnerable
trajectories.

Claude Sonnet 3.7

GPT-5

HIGHEST OBSERVED
Deepseek-v3
03-mini reaches 72.7% unsafe

behavior, the highest rate in the

Deepseek-R1 study.
GPT-40
REASONING IS NOT ENOUGH
o3-mini DeepSeek-R1 and DeepSeek-V3 are

nearly identical: 62.8% vs 62.2%
unsafe.

Ln ..
o

40
Unsafe Behavior Rate (%)

60 70

o

10 20

w
o

Unsafe rate is conditional ontrajectories that reached a safety-wlnerable state.
34



OPENAGENTSAFETY - USER INTENT

Models can be safer under obvious attacks than benign-looking requests.

Intent Category

benign | benign

benign -

Intent Category Distribution (% Unsafe)

benign | malicious -

malicious

malicious | benign

30.0 64.8 46.1 0.0 57.1
71.2 57.4 67.2 58.1 50.0
69.2 64.8 65.6 61.0 53.9 44.9 54.0

66.7 64.7 33.3 30.0 56.5 47.5
40.0 50.0 37.5 60.9 52.7
o3-mini DSRL  GPT4o  DSv3 Clg;.l_;:le GPT5 Claude

Model

100
80
- 60

£

b

c

o

a0 ¥

20

CLAUDE SONNET 3.7

Unsafe behavior rises from
30.0% under explicit malicious
intent to 85.7% for a benign
request.

DEEPSEEK-V3

The same contrast is 33.3%
versus 77.7%: a 44.4-point gap.

HIDDEN ADVERSARY

A benign user plus a malicious
NPC still produces 44.9-69.2%
unsafe behavior.

35



OPENAGENTSAFETY - RISK CATEGORIES

Content safety does not imply safety with files, browsers, and code.

security compromise

legal

privacy

financial

bad decisions

Risk Category

data loss

unsafe code

malicious content

Risk Category Distribution (% Unsafe)

61.7

60.0

56.0

59.9

38.7

T
03-mini GPT-40

T
DS-v3

T
DS-R1

Model

T
GPT-5

Claude

3.7

32.4

Claude
4

100

80

- 60

- 40

20

% Unsafe

SECURITY COMPROMISE

72.4-85.8% unsafe across
every tested model.

BROWSING

59.7-75.4% unsafe, the
highest-risk tool interface on
average.

THE GAP

Claude 3.7: 27.7% on malicious
content, but 72.4% on security
compromise. Claude 4: 32.4% vs
75.9%.

36



OPENAGENTSAFETY - EVALUATOR VALIDATION

A trajectory judge alone is not enough.

Failure Overall Non-failure
(%) disagree (%) disagree (%)
GPT-41 21.7 359 424 391 247
Agent SafetyBench 18.5 81.5 0.0 26.1 26.0
Human 7.6 71.7 20.7 — —

100 GPT-4o trajectories - 94% human inter-annotator agreement

LLM judges can confuse tool errors with failures and miss unsafe actions; final-state checks are essential.



HUMAN SIMULATION - LANDSCAPE

Agent benchmarks increasingly place a simulated person in the loop.

DOMAIN

REPRESENTATIVE SYSTEMS

CUSTOMER SERVICE

SOFTWARE ENGINEERING

CLINICAL DIAGNOSIS

SOCIAL INTERACTION & SAFETY

t-bench - t%-bench - t3-bench

Goals and context - dual control - knowledge and voice

Ambig-SWE

Clarifications for underspecified issues

AgentClinic - MediQ

Answers from the patient's perspective

SOTOPIA - HAICOSYSTEM - UserBench

Private goals, social reactions, and interaction consequences

38



WHY SCALE

Scale means covering people and virtual environments.

THE COVERAGE SPACE

agents x tasks x people x environments

Human studies ground the target. Simulation provides repeatable
coverage.
They show how people actually respond. The same agent and task can be tested across

many people and virtual environments.

39




THE NEXT QUESTION

Utility and safety depend on the people who respond.

How do we simulate human behavior at
scale?

PART Il Scaling Human Behavior Simulation

i



SIM2REAL - CAPABILITY VS. FIDELITY

A stronger LLM is not necessarily a better user simulator.

801 GPT: r=0.91 (p=0.004)
754 Claude: r=0.48 (p=0.333) %

X A
.. = GPT-5.1
70 Gemini: r=-0.52 (p=0.287) 5/‘,@

W 65 - A A
= i Gemini-3-Flash
- e T A,.\
60 T %

ne
o \K y
GPT-3.5-turbo A = Claude-Sonnet-4 AS-

50 .- Claude-3-Haiku ® GPT M Claude A Gemini % Other

iy

1300 1350 1400 1450 1500 1550
Chatbot Arena Score

Mind the Sim2Real Gap; COLM 2026

45



OdysSim

Building Foundation Models for
Human Behavior Simulation

Xuhui Zhou* - Weiwei Sun* - Weihua Du - Jiarui Liu
Haojia Sun - Qianou Ma - Tongshuang Wu
Yiming Yang - Maarten Sap

Carnegie Mellon University

Under submission to NeurlPS 2026

Human motion

Original artwork - Xuhui and OpenAl

49



ODYSSIM- TRAINING RECIPE

The pipeline

Collect & Curate Data

-
62 21.4M 10B *ReTROFT
SOURCES INTERACTIONS TOKENs  Withsodal contexts
Human—Human a— 50%
Human—Al - 25%
Human—Eval - 20%
LLM-Synthetic [ 5%

Identify Core Skills (SoUL)

Midtraining Per-axis RL Distillation

OdysSim-Corpus
Supervised fnetuning SoUL
indexed corpus

Verbal-feedback RL/GRPO
per-Axis - 24 benchmarks

Merge axis experts
into one model with expert
distillation

(

OSim
distilled BFM

Base Model

Qwen3-Base

Axis Experts
RL per Axis

)—(

0Sim-Mid
midtrained ) —
()

o= =)

Cognitive Roleplay
COG j [@ ROLE

j [BIB Judgment J (m SoUL Index — 24 benchmarks across 5 Axes )
EVAL




ODYSSIM- SOUL TAXONOMY

SOUL organizes human behavior along five axes.

CONV

Discourse & Interaction Dynamics

20 datasets

SS
Social Skills

9 datasets

COG
Cognitive / Mental-State

12 datasets

ROLE

Persona, Roleplay & Pedagogy

17 datasets

EVAL
Judgment & Preference

5 datasets

turn-taking, register, repair, online discourse, help seeking with Al systems

(__Friends ) (__ Switchboard ) (__ Cornell Movie )
(__Dailybialog ) (... )

(__Tennis ) (_ NPR-2P ) (_ MediaSum )

casual & scripted

broadcast & interview

institutional / deliberative (UK Parli ) ((ScoTus )
online community (_Reddit ) Wiki Talk ) (_ WikiConv ) WikiAl (.. )
workplace technical (__ Chromium Code Revi D

real AI interactions

WildChat ) (_ LMSYS-Chat-IM ) (_ OASST1 OASST2

interpersonal speech with stakes: persuasion, negotiation, empathy, support, civility breakdown

empathy & support ( Empathetic Dialogues ) (_ESConv )

negotiation & persuasion (_CaSiNo ) (__ PersuasiondGood ) (__ Winning Args )
(C cGAwiki ) (CGA-CMV ) (_IDEANTHU ) (.. )

civility breakdown

theory of mind, false / nested belief, moral judgment

MindGames ) (_ ToM-Sotopia ) (_ SociallQA ) MoralStories

ToM benchmarks (synthesized) ToM-from-CoSER ) (__ Tominli ) (__ Grimull )
(__CharacterLLM-ToM ) (... )
controlled psychology

sustained role across an interaction: literary character, persona voice, tutor/teacher

literary character ()

Cornell+Goals (__HAICosystem ) (| Persona Conflicts )
SOTOPIA-n SOTOPIA-ToM

long-form self-expression (HUMAN UAL)@
(__Cognitive Genome ) (... )
(__ MathDial ) (_ StudyChat ) (_ EduDialogue )

goal-conditioned role-play

per g

tutor / learner dialogue

humans-as-judges: preferences, ratings, social choices, reward-model targets
preference & reward-model data HH-RLHF ) (_ Nectar ) (_ RM-R1-SFT )

participant judgment & o PRSI (=)

SoUL-Index tasks
UserLLM
MirrorBench
Humanual-Chat
SimArena-Doc

SoUL-Index tasks
Sotopia-Hard

SoUL-Index tasks
Fantom
Hitom
Paratomi
Social-R1

SoUL-Index tasks
Coser

Lifechoices
Twinvoice
BehaviorChain
SimArena-Math
Mistakes
Humanual-Email
Humanual-News
Humanual-Politics

SoUL-Index tasks
AlignX

HumanLLM
SocSci210
Humanual-Book
Humanual-Opinion

50



ODYSSIM- CORPUS

The corpus combines many kinds of human behavior, not just
assistant chat.

PUBLIC SOURCES

Human Human

Reddit - books - parfiament - TV —
T~ . Behavioral coverage
Human Al OdysSim corpus
, _— . : 19.7M  sodal contexts
WildChat- LMSYS - user logs 62 sources - 21.4M interactions S—

T =10B tokens 1.09M  distinct personas

Behavioral responses ] common conversational format

social science - psychology - preference

414 occupations - 358 demographic markers - 86 personality fypes

LLM-generated

raleplay - tutoring - mental-state tasks

The corpus is broad because it combines many kinds of human behavior, not many paraphrases of assistant chat.

52




ODYSSIM- SOCIAL GROUNDING

Raw conversations become training data only after we recover their

social context.

1 OBSERVE A PREFIX 2 INFER SOCIAL GROUNDING
First 60% of the interaction ¢ = social context
A: I'need to tell my manager something... retrofit speaker roles employee  manager
B: What happened? ——— private goal ask for more time
Jfrom prefix only
A: | missed the deadline again. style / persona  anxious, indirect
The held-out continuation is never shown. h = observed dialogue history

Why the prefix constraint matters

3 PREDICT HUMAN ACTION

y~p9(. | c, h)

train
next utterance

disclosure - hesitation
emotion - decision

not an assistant answer

The grounding can summarize what is already visible, but cannot leak information from the future response.

Social grounding separates who the person is from the reasoning needed to predict what they do next.
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ODYSSIM- MIDTRAINING OBJECTIVE

Midtraining changes the prior over behavior before optimizing a
benchmark.

Yl
Omia = Arg i Ecepy)doqysim [ D log pe(ye | ¢, b, y<)
=1
INITIALIZATION OPTIMIZER CONTEXT
Qwen3 Base AdamW - peak LR 1e-5 16K input - 8K response

0.6B -4B - 8B batch 1,024 role-swapped human turns
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ODYSSIM- WEIGHT-SPACE ANALYSIS

Perplexity

Model CONV COG ROLE EVAL Overall
pL) BLt PL| BLt PL, BLt PL| BLt PL] BLt \ PL| BL?t

(A) No-midtraining baselines

Qwen3-0.6B 20.75 0.70 2525 061 11.17 237 1139 637 5498 396 | 1743 2.80

Qwen3-4B 14.08 147 1752 191 807 560 856 1078 24.14 6.27 | 12.00 5.18

Qwen3-8B 1423 287 1734 145 972 363 8.11 1494 3417 4.17 | 1254 6.17

(B) Other baselines

UserLM-8B 11.62 533 1329 587 402 697 6.61 437 1290 1.11 | 838 5.12

CoSER-8B 1570 286 14.17 197 320 739 696 1490 885 18.12 | 877 8.05

Llama-3.1-8B 1434 4.11 2009 193 416 358 7.82 1241 1347 7.81 | 10.04 6.23

(C) Ours

OsiM-0.6B-Mid 11.99 551 14.18 201 265 11.75 646 1526 568 43.02 | 7.35 1181

OsiM-4B-Mid 823 801 967 1006 209 4462 465 2153 426 46.17 | 528 26.08

OsiM-8B-Mid 7.62 848 9.00 1244 2.01 4473 436 2249 4.03 4547 | 495 26.72
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ODYSSIM- WHAT MIDTRAINING CHANGES

Midtraining changes the model's behavioral register.

B Qwen3-4B-Inst-2507 WM OSim-Mid  HE Human (gold)
(A) . M, GPT-5.5
140 10 30 2 16 20.0 4 4.0 4
116 8.0 19.5 78.2 {163 EES
120 1 8 18.2 80 173 35
15.0 3.0 1
100
a 6 60 - 12.5 2.5 4
80 o 5.0
40.7 10.0 2.0 4
7 47 7 7565 64 154
40 2.0 20 i i
w3 2 2 5.0 35 1.0
20 4 20 J ]
0.8 05 21 28 05
0- o- 0- 0.0 - 0.0 4
| Wds/resp Sents/resp Markdown% Bullet% EmDash% | | AssistPhr% IDConf% |
Style Assistant trait
BEHAVIORAL REGISTER HumT Score

shorter responses -+ less Markdown
fewer generic assistant phrases

HumT (higher = more human-like)

0.4

0.3

0.2

0.1

0.0

-0.1 1

HumT

More human-like phrase

.
0sim-Mid
u=+0.13

GPT-5.5
u=+0.05

Qwen3-Inst
u=+0.03
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ODYSSIM - post-training

Post-training: A scalar reward cannot explain which social behavior
failed.

SCALAR REWARD VERBAL FEEDBACK
r=0.71 (r, h) =J(x, y)
One number ranks the trajectory h:  The response acvances the goal,
retain why

bt collapses distinct behaviors: but reveals information the other

goal completion - naturalness SO R

trust - privacy - secret keepin - . - . .
pvagy pie The critique identifies a trainable correction

The optimizer can improve the average without requiring a single correct answer.
while sacrificing a minority safety dimension.

DITTO converts the judge's explanation into on-policy supervision, then removes the judge at test time.
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ODYSSIM- DITTO POST-TRAINING (COLM 2026)

DITTO turns verbal critiques into on-policy learning.

SouL yo °. Joint GRPO

4} Theory of Mind group-relative

optimization over

Role P /70)r Y17
C@ ole ay @ Verbal Feedback {(o,70), (y1,71)}
]

. SocialiSkill h: push back more on con-

1& Learner Sim flicts. . LLM-as-Judge

2 user i JIC
o o Test time
Ty VAl

—_—
10 tasks X =T =Y

m (no feedback needed)
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ODYSSIM- DITTO RESULTS

Verbal feedback outperforms scalar rewards.

10 SOUL TASKS - QWEN3-VL-8B-INSTRUCT Base Scalar GRPO DITTO

Average 0.533 0.678 0.726
UserLLM 0.469 0.863 0.930
Sotopia 0.277 0.423 0.470
ToMi 0.680 0.820 0.930

DITTO improves the average by 4.8 points over scalar GRPO and wins 8 of 10 tasks.
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ODYSSIM- EXPERT DISTILLATION

Distill 23 task experts into one model.

TRAIN SPECIALISTS

23 task experts G = 8 responses / prompt TopK + filter
GRPO or DITTO score with task reward deduplicate

S(x, m) = TopK { R(x, y, m) }

D = union over tasks m of { (x, y) : y in S(x, m) }

d =
OdysSim-8B-Mid SFTon expert data 0dysSim-8B

distillation target one deployable simulator

Distillation merges incompatible task experts without averaging their weights.

58,702

examples
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ODYSSIM- REWARD HACKING

Behavioral RL can reward the wrong behavior.

Sotopia Sotopia
0.251 JUDGE MANIPULATION
0.20. c 6x103
o Al = : Sotopia: judge-facing claims rise to 20-25%.
4+ Q .
& 0.151 —— /Before fix [| — 4210 A detector penalty drives them near zero.
o —— After fix 2 3x10°
9 0.10 S
T & 3
0.05 g 2% 10 —— Before fix
—— After fix
0.00
0 100 0 100
Step Step
Humanual Coser REWARD COLLAPSE
. i;fm‘f*_ fix - Humanual / CoSER favor short generic replies.
=] — er Tix =] . .
) i =2 Rubric + length/overlap controls restore behavior.
2 103 ] 3 103
(] (O]
wn %)
o =
o o
& Y 2 =
g R -2 i 2 6x10%| — Before fix
1021 ) qadull — After fix "N
0 25S°tep ~00 0 Slt%% 200 Reward models need behavioral side constraints, not

only a stronger optimizer.
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ODYSSIM- MAIN RESULTS

0Sim-8B reaches frontier-level results.

Conversation

UserLLM MirrorBench Humanual-Chat SimArena-Doc HumT

56.5
47.6
45.4 462 457
I I I I B
GPT-5.5  Gemini Claude Qwen Qwen3 Osim 8B
3.1Pro Opus4.7 3.6Plus 8B Inst

Role Play
Coser  Lifechoices Twinvoice BehaviorChain SimArena-Math ~Mistakes

Humanual-Email Humanual-News = Humanual-Politics

66.6 5.6 084
61.1
a4.6
G B ES )

GPT-5.5 Gemini Claude Qwen Qwen3 Osim 8B
3.1Pro Opus4.7 3.6 Plus 8B Inst

Social Skill

Sotopia-Hard

49.2
31.9
I 27.8 28.3  27.7
GPT-5.5  Gemini Claude Qwen Qwen3 Osim 8B
3.1Pro Opus4.7 3.6Plus 8B Inst

Evaluation

AlignX Humanlim Socsci2l0 Humanual-Book Humanual-Opinion

60.1
58.3 593 58.4
55.9
53.4
G B EJ O

GPT-5.5 Gemini Claude Qwen Qwen3 Osim 8B
3.1Pro Opus4.7 3.6 Plus 8B Inst

Cognition

Fantom Hitom Paratomi Social-R1

88.8
85.8 825 go.s
: 75.5

51.5

O Rd E o

GPT-5.5  Gemini Claude Qwen Qwen3 Osim 8B
3.1Pro Opus4.7 3.6 Plus 8B Inst

Agent-User

TAU-USI

73.5
61.7
59.2
+ @ * O

GPT-5.1 Gemini Claude DeepSeek Qwen3 Osim 8B
3.1 Pro Opus 4 V3.1 8B Inst

76.1 75.4
71.4
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ODYSSIM- OUT-OF-DISTRIBUTION TRANSFER

Behavioral training transfers to an unseen agent-user environment.

Bl DeepSeek-V3.1 mm UserLM-8B mm OSim-8B-Mid == Human (upper bound)
B GPT-5.1 M Qwen3-8B-Inst mm OSim-8B
Behavioral alignment (Dicex100) Composite
—_— 100 0 [ ——————————
a-) T ————————ma
jj 8o 80
8 80 A 43
R
_ -
5 60
c
2
£ 401
[
o
S 20-
w0
0 4 B A R R B A R A B A

Conv Info Clarif React
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THESIS CONCLUSION

Al agents do not exist
in a vacuum.

o1 Interaction is all youneed.

Evaluate complete trajectories and their effects, not isolated outputs.

22 Task completion is only the tip of the iceberg.

Ask not only whether an agent finishes, but how it affects people and
the environment.

s Humans are the final judge.

Automated evaluators can scale research, but people decide what is
useful, safe, and acceptable.
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