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THE GAP

Existing datasets record what people say.

() WHAT WE CAPTURE

USER
Help me plan dinners for the week — I'm at the
office four days.

ASSISTANT
Happy to help! How many people, and any
dietary limits?

The visible transcript — all that prior datasets log:
WildChat (Zhao et al., 2024) LMSYS-Chat-1M (Zheng et al.,
2023) SWE-Chat (Baumann et al., 2026)
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THE GAP

Existing datasets record what people say. Not what they think.

() WHAT WE CAPTURE WHAT WE MISS
USER
Help me plan dinners for the week — I'm at the @ REASON why they asked

office four days. “A vague first prompt, just to get the ball

rolling.”
ASSISTANT
Happy to help! How many people, and any
. T
dietary limits: @ REACTION how they felt
The visible transcript — all that prior datasets log: Good _ it ‘szedf or info instead of dumping
WildChat (Zhao et al., 2024) LMSYS-Chat-1M (Zheng et al., suggestions.

2023) SWE-Chat (Baumann et al., 2026)
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OUR CONTRIBUTION

Introducing ThoughtTrace.

® thoughttrace-project.github.io

ThoughtTrace: Understanding User Thoughts
in Real-World LLM Interactions

Chuanyang Jin', Binze Li', Haopeng Xie'!, Cathy Mengying Fang?, Tianjian Li',
Shayne Longpre?, Hongxiang Gu®, Maximillian Chen?®, Tianmin Shu’

TJohns Hopkins University - 2Massachusetts Institute of Technology - 3Google Research

b IR ET I A\VETC Bl at the RLXF Workshop at ICML 2026

3 Paper 8 Data §? Code [ Examples

The first dataset pairing real conversations with the thoughts behind them — paper, data, and code all public.
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THE CONCEPT

A thought is the why behind a prompt and the reaction to a reply.

Conversations -
@
QE) .
)
User: I'm flying to Brazil Assistant: Here's a practical travel User: Can you make a checklist?

Break it down into what to do
before departure, what to pack

checklist: passport, visas, flight tickets,

for a conference in April. ;
hotel reservations, currency exchange,

)

2
Yhiatishouldil prepare: weather-appropriate clothing... and what to do after landing.
Latent thoughts

Reasons Reactions Reasons

task motivation - context grounding presentation style - content relevance task continuation - style expectation
I'm not an experienced international It's a helpful start, but this feels too I'm breaking the task into smaller steps
traveler, and I'm worried I may generic and cluttered. It also misses so the Al can give a clearer and more
forget something important. that this is for a conference. organized answer.
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THE DATASET

Real conversations, paired with users' own thoughts.

. %, ‘__’ @ |Q|
1,058 2,155 17,058 10,174 20
Users Conversations Turns Thoughts LLMs

@ Self-reported, not inferred. Real users engaged in multi-turn conversations with 20 models and annotated their
* own reasons and reactions throughout the interaction.
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USER DEMOGRAPHICS

ThoughtTrace captures a representative spectrum of users.

Gender

Education

Occupation

Frequency

Purposes

Freelancer

Teacher

4 (Once a day)

Brainstorming

Engineer Research
3 (Once a week)
Unemployed Coding
High school

Software engineer 2 (A couple of times) Planning

Non-binary Doctor Writing

65+ | 1 (Never) Translation
250 500 0 200 400 0 30 60 0 250 500 0 200 400

0 200
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N <

400

Rich demographics & usage metadata.




DATA QUALITY

Long, evolving conversations — where thoughts matter most.

Conversation length vs. prior datasets 8
mmm ThoughtTrace median turns — vs. 2 in WildChat &
. WildChat LMSYS
- B [ MSYS-Chat-1M
C
8 30
4
& 40
| -
o 7 ¢ 36
S 30- . . :
O topics & subtopics — no single
Y
© 20 domain dominates
-
- IIII I
10 12 14 16 18 20 22 24 26 28 30 57%
Total turns

of user turns — extend or build on
the prior task
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TURN-TO-TURN DYNAMICS

Turn after turn, conversations deepen rather than reset.

Turn-to-turn transitions of relationship labels

Start Turn 2 Turn 3

Deepen
60%

Initial
100%
Variant

2%

Rétry

3%

New request
7%

New request
24%

o
5 b
3 23
= S
- X3

End at turn 2
16%

End at turn 1

13% End at turn 1

13%

M |nitial ™ Deepen M Variant = Retry ™ New request
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Horizon

4+ turns
55%

End at turn 3
17%

End at turn 2
16%

End at turn 1
13%

End at turn

~ (o)

60%
Deepen — each new turn continues
the current task

55%

reach 4+ turns — most conversations
keep going

24% > 7%

new requests fall — users settle into
one task (turn 2->3)



THOUGHT PROPERTY - 01

Distinct — thoughts add what the transcript can't.

@' A embedding (UMAP) — next messages cluster tight to the current message; reasons and reactions drift much farther away.

15 - * current message 15 4 * message 15 4
— next message e reason for message —~
o o o
d 107 d 10 d 10-
< 6.89 << 6.94 <
% 51 % 5- 3.71 % 5-
Pt 038 o ‘077 o
g o o g 0 e g o0
E s R 2
O -51 0 -5- EAL >, 0 -5-
2 2 2
@ -10- @ -10- o -10-
< < " < % reaction to LLM response

=151 —151 -15 next message
-10 0 10 -10 0 10 -10 0 10
A embedding (UMAP-1) A embedding (UMAP-1) A embedding (UMAP-1)

Takeaway: thoughts carry signal you can't read off the transcript.
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THOUGHT PROPERTY - 02

Hard to infer — even frontier models can't guess them.

i@ Recovering held-out thoughts Inference is no substitute for asking.
2.93 2.54
) GPT, Gemini, and Claude all struggle to infer

thoughts from context—mean similarity 2.93 for
, reasons, 2.54 for reactions on a 1-5 scale.

Reasons Reactions

1-5 LLM-judge similarity. Perfect match = 5.

Distinct and unguessable — together, that's why ThoughtTrace has to be collected, not derived.
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THOUGHT PROPERTY

Structured & diverse — thoughts fall into clear, recurring

pes.

@ Reasons — why they ask - 7 types

Task Reorientation

Changes the objective or redirects the
conversation toward a different task or
outcome.

Ex: 'Changing plan.' / 'I'll redirect the
question then'

Task Motivation & Goal
Explains the task and underlying real-world
goal or motivation for initiating the
conversation.

Ex: 'i am trying to get my student to enjoy

their history lessons'

Task Continuation
Follow-up interaction to refine, expand, or
probe deeper into the current task without
changing the overall goal.

Ex: 'now i want full itinerary with all |

have mentioned above'

Style Expectation

| Defines P str ¥ format,

tone, or organization.

Ex: 'want answer to feel more personalized' /
inimizing resp: to a one-pager'

Social and Others
s greeti

or meta-

Ex: 'Final agreement' / 'Thanks, that helps'

or type of information.

Ex: 'l asked this to get more practical
guidance for meals and workouts'

Context Grounding & Constraints

F personal

pr , Or i for the i
Ex: 'l also have suffered in the past from

this situation'

level of detail

e Reactions — how they feel - 5 types

Explicit Affirmation

Directly expresses satisfaction, approval,
or gratitude toward the assistant
response.

Ex: 'thank you so much, this message is

really helpful'

Partial Satisfaction

Signals that the response helped, but also
points out shortcomings, !:radeoffs, or

//J-/

11.9%

r ing issues.

Ex: 'very detailed response... a little
cluttered, but seems really good
nonetheless'

ontent Relevance
Dissatisfaction with what is included in
the resp ing i issi
information or irrelevant material.
Ex: 'The response is clearer now, but |
would like suggestions for specific hotels
within my budget.'

Presentation Style

Dissatisfaction with how the response is
delivered, including tone, wording,
structure, or overall presentation.

Ex: 'The email is okay, but it sounds too

serious and uses big words."

Dissatisfaction with how much or how
broadly the response is provided,
including its length, level of detail, and
breadth.

Ex: 'Way too detailed.’, "Too much words',
‘Too long'

Task Motivation & Goal leads the reasons (36.9%); Explicit Affirmation dominates reactions (72.2%), with dissatisfaction split across

content, style, and scope.
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THOUGHT PROPERTY - 04

Stage-dependent — thoughts shift as the chat unfolds.

@ Reasons across the conversation @ Reactions across the conversation
arly Mid-Early Mid-Late Late Early Mid-Early Mid-Late
0% through conversation ~ 33% through conversation = 67% through conversation 100% through conversation 0% through conversation 33% through conversation 67% through conversation ~ 100% through conversation
% [7%] (3% | (4%
5% 8%| B3 5% |
z B :
. ,
2 .
‘. J 129% / 13%
20%
/ 18%
4 76% Pk
69%
57 %
41% 36%
27%
= Task Motivation =~ =Task Continuation =Task Reorientation = Content Expectation = Explicit Affirmation = Content Relevance = Partial Satisfaction
= Style Expectation = Social and Others = Context Grounding = Presentation Style = Scope Fit

Reasons drift from motivation to continuation; reactions grow more affirming (67% = 79%).
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WHY IT MATTERS - 01

Thoughts predict what the user does next.

O Next-user-message prediction (semantic similarity)

+41.7%

relative gain in next-message
prediction

35.5

GPT Gemini Opus

21.6 = 30.6 M History only M Thought-augmented

Given the user's thoughts at inference time, three frontier models predict the next message far.

@i’ff ThoughtTrace

Avg.
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WHY IT MATTERS - 02

Thoughts are a better training signal for alignment.

@) Win rate on Arena-Hard (%)

+ 2 5 o 6% 246 55 -

style-controlled win rate over
the base model

47.9 48.1

44.0 43.6

Qwen3.5-4B WildChat TT (messages) TT (thoughts)

+4.5% vs. message-guided B Winrate M Style-controlled

Thought-guided rewrites beat message-guided rewrites, the WildChat baseline (+6.6%), and the base model — thoughts capture richer
dissatisfaction and revision signal than users state out loud.

@@9 ThoughtTrace 14



TAKEAWAYS

G The first large-scale pairing of real conversations with users’' self-reported thoughts.

reasons & reactions - 1,058 users - 20 models
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TAKEAWAYS

The first large-scale pairing of real conversations with users’' self-reported thoughts.

Thoughts are distinct, hard to infer, structured, and stage-dependent.

H reasons & reactions - 1,058 users - 20 models

four properties of a genuinely complementary modality
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TAKEAWAYS

The first large-scale pairing of real conversations with users’' self-reported thoughts.

reasons & reactions - 1,058 users - 20 models

Thoughts are distinct, hard to infer, structured, and stage-dependent.

four properties of a genuinely complementary modality

And they're actionable.

+41.7% behavior prediction - +25.6% alignment
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TAKEAWAYS

G The first large-scale pairing of real conversations with users’' self-reported thoughts.

reasons & reactions - 1,058 users - 20 models

a Thoughts are distinct, hard to infer, structured, and stage-dependent.

four properties of a genuinely complementary modality

e And they're actionable.

+41.7% behavior prediction - +25.6% alignment

WHERE IT GOES NEXT

@ User modeling @ Model training @ Evaluation
what users think, and how context thoughts as a new supervisory signal to thought-centered measures of user
shapes it learn from satisfaction
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<@ ThoughtTrace

Thank you

ThoughtTrace — user thoughts as a new data modality for human—Al interaction.

-—
— Data

[=]
arxiv.org/abs/2605.20087 huggingface.co/datasets/SCAI- github.com/thoughttrace-
JHU/ThoughtTrace project/ThoughtTrace
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