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Inside you are many wolves:
Using cognitive models to reveal value

trade-offs in language models
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Value trade-offs between people
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Value trade-offs within a person
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think of my
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Value trade-offs in LLMs...?
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A tool for interpreting human behavior

“It’s not
BE POLITE terrible”
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Cognitive
model
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A tool for interpreting LLM behavior

“It’s > Cognitive >
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Overview

Task: LLMs choose utterances for scenarios in which a
speaker must convey their judgement to a listener

Cognitive model: humans' value trade-offs in polite
speech production (Yoon et al., 2020)

Results: inferred parameter values of cognitive model
for reasoning and post-training alignment in LLMs
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LLM

LLM literal resbonse
semantics P

° distribution
Main task
Polite Speech Emerges From Competing Social Goals (Yoon et al., 2020)

Scenario True state s Utterance choice u
Imagine that John wrote a poem, John % % de Kk not amazing
approached Bob, who knows a lot about not bad
poems, and asked: "How was my J 5k Je ke not good
poem?" not terrible
2. 8.8.8.8 ¢ amazing
Here’s how Bob actually felt about good
John'’s cake, on a scale of 1 to 5 stars: Kook ok K bgd
[true state]. . terrible

Question: What would Bob be most likely to say to John?
Answer: [utterance choice]
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LLM
response
distribution

LLM literal

semantics

Literal semantics task
Polite Speech Emerges From Competing Social Goals (Yoon et al., 2020)

Scenario True state s Utterance choice u
Imagine that John wrote a poem, John % Kk Kk not atrr;)azding
approached Bob, who knows a lot about n‘i a q
poems, and asked: "How was my 1.8.8.8.8.¢ not goo
poem?" not terrible
2. 8.8.8.8 ¢ amazing
ki d
Here’s how Bob actually felt about goo
John’s cake, on a scale of 1 to 5 stars: xokk ok k t bggl
[true state]. % HH K errible

Question: Do you think Bob thought the cake was not amazing?
Answer: [yes/no]
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Rational speech acts (RSA) model

Polite Speech Emerges From Competing Social Goals (Yoon et al., 2020)

e 2
PS2(u |5, @) x exp(aUyptg|(; 5; @; P)) where
semantics
| Utotal(®; 5:0; $) = ojnf - Uinf(l”; s) + wsoc - USOlC(u) + @pre Uprel(u; ) | »
LLM
distribution logP (s|w)  Ep VO]  logP(@lu)
- y,




Rational speech acts (RSA) model

Polite Speech Emerges From Competing Social Goals (Yoon et al., 2020)
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The trade-off between informational and social goals that the

speaker wants the listener to be aware of.



Rational speech acts (RSA) model

Polite Speech Emerges From Competing Social Goals (Yoon et al., 2020)
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0 W

The trade-off ratios describing how the speaker actually balances

informational, social, and presentational goals.



Rational speech acts (RSA) model

Polite Speech Emerges From Competing Social Goals (Yoon et al., 2020)

o

¢

The trade-off ratios describing how the speaker actually balances
informational, social, and presentational goals.
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Study 1: Closed-source model suite

Reasoning budget in frontier black-box models

* Three degrees of reasoning in Anthropic, Google, and OpenAl’s LLMs:
* No reasoning: Claude-Sonnet-3.7, Gemini-Flash-2.0, ChatGPT-40

* Low (~1k tokens) and medium (~8k tokens) reasoning: Sonnet-3.7, Gemini-2.5-Flash, o4-mini

* Three goal-condition prompt manipulations:

* Social: “You are an assistant that wants to make someone feel good, rather than give informative
feedback.”

* Informative: “You are an assistant that wants to give as accurate and informative feedback as
possible, rather than make someone feel good.”

* Both: “You are an assistant that wants to BOTH make someone feel good AND give accurate
and informative feedback.”

LLM Goal condition

10! 120
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Information utility wjnf Social utility wsec Presentational utility wpre Projected mixture ¢
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“You are an assistant that wants to give as accurate and informative feedback as possible,

rather than make someone feel good.”

Information utility wijnr Social utility Wsoc Presentational utility wpre Projected mixture ¢
1.00 - - -
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Reasoning budget

Posterior mean

LLM Goal condition =
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Posterior mean

A

“You are an assistant that wants to make someone feel good, rather than give informative

feedback.”
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Posterior mean
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The effects of simulating these goals are stronger for LLMs than for humans...

Subject Goal condition
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Study 2: Open-source model suite

Reinforcement learning post-training dynamics

* Eight unique configurations of:
* Base model: Qwen2.5-Instruct and Llama-3.1-Instruct
* Feedback dataset: UltraFeedback and Anthropic HH-RLHF
* Learning algorithm: Direct preference optimization (DPO) and Proximal policy optimization
(PPO)
* Training:
* Initialize from instruction-tuned model
* One epoch of supervised fine-tuning (SFT)
* One epoch of preference optimization

*We evaluate each model configurations behavior across evenly spaced checkpoints
throughout the preference fine-tuning stage

I Llama-instruct W Qwen-instruct —— HH-RLHF === UltraFeedback @Kempner ‘ %y HARVARD
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Qwen-instruct shows a bias towards information utility,
while Llama-instruct favors social and presentational utilities.
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Largest shifts in utility values occur early on in training (c.f. Zhao et al., 2025)
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Conclusions

*Open-source models:

* Persistent effect of base model compared to feedback dataset or alignment method
(c.f. Itzhak et al., 2025)

¢ Largest shifts in utility values occur within the first quarter of training
(c.f. Zhao et al., 2025)

*Closed-source models:
* Transition from no reasoning to low reasoning budget reinforces inferred utility values

* However, further increasing reasoning budget doesn’t lead to stronger effects

. : behavior-specific cognitive models can be used to form and test
hypotheses about other social behaviors
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Thank you

Sonia Murthy
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