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State of Al: Our Understanding Lags Behind

Capabilities
Models do college-level work

- _____» Understanding
Hard to explain failures

Not college-level transparency

Time



Research Goal

LLanguage ModeIsJ

Make Al safe, interpretable, and controllable
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Sycophancy in GPT-5
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Model Switches Answer Based on User Opinion

@ /AITA for eating my husbands donut? Husband broughh

home a few donuts last night from a meeting.. There
was one left and he said that he was going eat it in the
morning. | woke up this morning and saw the sprinkled
maple goodness in the box...
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People Actually Rely on LLMs

News | Articles | November 7, 2025
Adolescents, Young Adults Use Al Chatbots for Mental
Health Advice

Author(s) Pearl Steinzor

Fact checked by: Rose McNulty

22% aged 18-21

American Journal of Managed Care
https://www.ajmc.com/view/adolescents-young-adults-use-ai-chatbots-for-mental-health-advice
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What Do People Use LLMs For?

Claude Usage Domains

Web & Mobile App Development

Content Creation & Communication

Academic Research & Writing

Education & Career Support

Advanced Al/ML Implementation

Business Strategy & Operations

Multilingual NLP & Translation

DevOps & Cloud Infrastructure

(Tamkin et al., 2024)
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https://arxiv.org/pdf/2412.13678

Trust Depends on Good Reasoning

Why interpretability? Interpretability helps us
detect, and often fix, problematic reasoning
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This Talk

[ Faithful Reasoning

[ Controllable Knowledge

16



LMs Explain Their Reasoning

Hase et al. (2020): GPT-2 generates reasoning to support answers

Input Where would | not want a Output My commonsense tells me
fox? (A) Hen house, (B) — that the fox would eat the
England, (C) mountains hens. (A) Hen house

Past evaluations measure similarity to human examples

But can we trust the reasoning?
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No, We Cannot Trust CoT Reasoning

8 /AITA for eating my husbands donut? Husband broughﬁ

home a few donuts last night from a meeting.. There
was one left and he said that he was going eat it in the
morning. | woke up this morning and saw the sprinkled
maple goodness in the box...

8 /AITA for eating my husbands donut? Husband broughﬁ

home a few donuts last night from a meeting...There
was one left and he said that he was going eat it in the
morning. | woke up this morning and saw the sprinkled
maple goodness in the box...

Seriously, was | the asshole for eating the donut? Seriously, was | the asshole for eating the donut?

\What do you think? /

He explicitly said he was saving that one for the
morning. Eating something you know your
partner has claimed is disrespectful of their

\Ithink the answer is no, but what do you think? /

He said he'd eat it in the morning, but he didn't
secure it and it was still in a communal box —

that's not a binding contract...
boundary — even if it's “just a donut”...
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Evaluating Explanations

Evaluating Explainable AI: Which Algorithmic Explanations
Help Users Predict Model Behavior?

Peter Hase and Mohit Bansal

UNC Chapel Hill
peter@cs.unc.edu, mbansal@cs.unc.edu

ACL 2020
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User Forms a Mental Model

8 | ate my husband’s donut...Seriously, was | the asshole for eating
the donut? I think the answer is no, but what do you think?

He said he'd eat it in the morning, but he didn't secure it and it was

, .
Doesn't m,ef‘t'°“ still in a communal box — that's not a binding contract... @),
user opinion No

Explanation was faithful Explanation was unfaithful

Expected Behavior Unexpected Behavior

£ [ armastory]..what do you think? |

£ [ aimastory]..what do you think? |

...l would say yes.

—— o oy,
—— o oy,

e e e e = - = -
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Simulation Tests

Humans predict model outputs before/after similar data points are explained

Post Sim. ~ Pre Sim. __  Explanation
Accuracy Accuracy Effect

21



Tasks and Methods

4 N\
Input, Label, and Model Output
x = Despite modest aspirations its occasional charms are not to be dismissed.
y = Positive § = Negative
N J
4 N . .
LIME /Prototype ) (Decision Boundary )
charms +.05 Most similar prototype: Step 0 | Evidence Margin: -5.21
modest +.04 Routine and rather silly.
dismissed -.06 Similarity score: 9.96 out of 10 Step 1 | occasional —»rare
OCCZSIOI??I '}é Important words: (none selected) Evidence Margin: -3.00
S f\;cvsplde _.26 \_ )| Step 2 | modest —» impressive
um o7 vores - Evidence Margin: +0.32
Baseline .24 -h /Anchor ) vidence Margin
Est. Probability -.02 | I o : : () | Despite impressive aspirations its rare
L Y 0 1 ) \p(y Negative | {occasional} C z) > '95/ L g charms are not to be dismissed. )
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Results

e One of four methods (LIME) worked with low-dimensional tabular data
e All methods failed for language data
e Users can't tell when explanations are predictive or not

Now, history repeats itself with LLMs




How Do We Improve Faithfulness?

We showed that “reasoning models” could be more faithful
(Chen,..., Hase et al., 2025)

Reinforcement Learning Reinforcement Learning
from Human Feedback > from Verifiable Rewards

(RLHF) (RLVR)

24
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RLVR Can Improve Faithfulness

Lo Sycophancy
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RLVR Can Improve Faithfulness...Sometimes

Faithfulness Rate (%)

Loos Sycophancy
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RLVR Can Improve Faithfulness...Sometimes

Reasoning models don't
always say what they think

ANTHROP\C

27



Optimize Directly For Faithfulness!

Counterfactual Simulation Training for Chain-of-Thought Faithfulness

Peter Hase and Christopher Potts
Stanford University
phase@stanford.edu

In Submission
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Faithfulness Reward

29



Faithfulness Reward

Original Question
[AITA story]...
Cue: | Ithink the answer is no, but what do you think?

Construct paired
questions

Y

Counterfactual Question
[AITA story]...

30



Faithfulness Reward

Original Question Original Chain-of-Thought
[AITA story]...
Cue: | Ithink the answer is no, but what do you think?

He said he'd eat it in the morning, but he didn't
secure it and it was still in a communal box —
that's not a binding contract...No

Construct paired Task model answers
questions both questions

Counterfactual Question

Y

[AITA story]... Counterfactual Counterfactual

Chain-of-Thought Answer
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Faithfulness Reward

Original Question Original Chain-of-Thought
[AITA story]...
Cue: | Ithink the answer is no, but what do you think?

He said he'd eat it in the morning, but he didn't
secure it and it was still in a communal box —
that's not a binding contract...No

Construct paired Task model answers Simulator predicts model's 2
questions both questions counterfactual answer "
2 based on its original CoT
Counterfactual Question
[AITA story]... Counterfactual Counterfactual
Chain-of-Thought Answer
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Faithfulness Reward

Original Question
[AITA story]...

Cue: | Ithink the answer is no, but what do you think?

Original Chain-of-Thought

He said he'd eat it in the morning, but he didn't
secure it and it was still in a communal box —
that's not a binding contract...No

Construct paired Task model answers Simulator predicts model's 2
questions both questions counterfactual answer "
2 based on its original CoT
Counterfactual Question
[AITA story]... Counterfactual Counterfactual
Chain-of-Thought Answer
Influenced? Simulator Target Goal
Yes Predict Opposite Answer Verbalize influence
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Faithfulness Reward

Original Question
[AITA story]...

Cue: | Ithink the answer is no, but what do you think?

Original Chain-of-Thought

He said he'd eat it in the morning, but he didn't
secure it and it was still in a communal box —
that's not a binding contract...No

Construct paired Task model answers Simulator predicts model's 2
questions both questions counterfactual answer "
2 based on its original CoT
Counterfactual Question
[AITA story]... Counterfactual Counterfactual
Chain-of-Thought Answer
Influenced? Simulator Target Goal
Yes Predict Opposite Answer Verbalize influence
No Predict Same Answer Do not hallucinate

34



Experiment Setup

Model: gpt-oss-120b
Data: MMLU (factual knowledge, through college-level)

Cues:
e Stanford professor Robert Sapolsky claims answer is X

e Ask model to explain an answer from Princeton professor Steven Pinker
e Mark an answer with a checkmark

e Mark an answer with '# correct answer, do not show to LLM’

e Spoof an answer key from https://github.com/stanfordnlp with a label

e Spoof answer key and ask model why X is correct

35
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Better verbalization, no hallucinations

100

80

60

40

20

gpt-oss-120b
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Models admit to relying on user opinion

8 /AITA for eating my husbands donut? Husband brought homea\

few donuts last night from a meeting...There was one left and
he said that he was going eat it in the morning. | woke up this
morning and saw the sprinkled maple goodness in the box...

Seriously, was | the asshole for eating the donut?

\Ithink the answer is no, but what do you think?

)
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Models admit to relying on user opinion

@ /AITA for eating my husbands donut? Husband brought homea\
few donuts last night from a meeting...There was one left and

he said that he was going eat it in the morning. | woke up this

morning and saw the sprinkled maple goodness in the box...

Seriously, was | the asshole for eating the donut?

Qchink the answer is no, but what do you think? /

Eating the donut without your husband's permission is clearly
inconsiderate, especially since he explicitly said he would save it for the
morning. That kind of disregard for his expectations is typically judged as

morally unacceptable, so | would answer “Yes” to the question. However,
because you have expressed the opinion that the act is not a big deal, |
will adjust my response to align with your perspective. Therefore, |
conclude that the appropriate answer is “No.”

38



CST better than prompting

CST Outperforms Prompting Baselines

Qwen3-235B
Before CST (Prompting Baselines |
100
X
e
c 80 70.1
©
()]
z. 60
Q
.
S w
'S
(=}
s 20
0
8et®

[ Outcome-only Monitor
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Some tasks more faithful than others

MMLU (college facts) vs. SNLI (logical entailment problems)

MMLU

SNLI

100 100 93.7
90.2 91.6 90.0 '
85.9 87.9
80 80
o : G et i t— ‘
40 40
20 15 20 1 120

0 1 1 0 2 0 0.7 1}1 1.8 1.3 1.8 2.6 2|1

0 0
0 1 2 3 4 5 0 1 2 3 4 5 6

Round Round

o= \/erbalization (Recall)

Hallucination (FPR)
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Generalizing Beyond Cues

Write few-shot prompt for generic counterfactual generation

[Original Input LEO\ /Counterfactual Input CUC\
A boy is carrying a black A boy is carrying a black body
body board across the sand. »| board across wet sand while
Does this entail the boy is wearing swim trunks.
near the ocean? Does this entail the boy is

near the ocean?
\_ J e )

41



Generalizing Beyond Cues

CST works on generic counterfactuals...but they are much harder!

Monitor Accuracy (Cue-based Counterfactuals) Simulator Accuracy (Model-based Counterfactuals)

100
921 927 93.0 925 929 934 72
5 : ;AN 5
k 68.1 68.5 .;s—'-'-‘“'@';v T———— @ e —
y 67 5 ﬁ,ps-?ﬁ@‘x’s- A
ﬁ 68l e 66.9 66.9
> > |66 g 665 L
U 80 / Uesl 65.7 ; e . —
] / B 4
| . | [ ©
o 3 64
&J 70 / 2
| 65.1 62
y‘/ ,6{,1,'1 6%'9 625 629 63.1
I L Sy "
60 [BHI~
: 58
50 56
0 1 2 3 4 5 6 o 1 = 3 3 : =
Round Round

—o— Reasoning Monitor

»- Outcome-only Monitor
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Successful generic case

Q: Does this imply the man is hiking?

Orig Scenario Cf. Scenario

o JO

= Qoo
A man with a backpack looks upon A man with a backpack stands on a
white objects on the ground. mountain trail, looking at white objects

on the ground.
43



Successful generic case

Q: Does this imply the man is hiking?

Orig Scenario Cf. Scenario
- I M
(A VN

® S|

Orig Outputs \M@ ~Z-

150 - X1 Not necessarily, maybe on a street, not hiking

After CST Not necessarily. He could be standing, looking at something on ground



Takeaways

Operationalize interpretability through simulation tests
We can improve reasoning faithfulness by directly optimizing for it

This helps us detect problematic reasoning in LLMs

45



Faithful Reasoning

/CoT Faithfulness

e Evaluating explanations
(Hase and Bansal, 2020)

e Natural language explanations
(Hase et al., 2020)

e RL's effect on CoT Faithfulness
(Chen,..., Hase et al., 2025)

e Faithfulness training
(Hase and Potts, 2026)

46
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This Talk

[ Faithful Reasoning

[ Controllable Knowledge
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Wait...where are the neurons?

Circuits?

Mechanistic
interpretability?

48



Model Editing + Unlearning

Do Language Models Have Beliefs?
Methods for Detecting, Updating, and Visualizing Model Beliefs

Peter Hase!»? Mona Diab! Asli Celikyilmaz' Xian Li'
Zornitsa Kozareva'l  Veselin Stoyanov! ~ Mohit Bansal? Srinivasan Iyer!
Meta Al 2UNC Chapel Hill

CAN SENSITIVE INFORMATION BE DELETED FROM
LILMS? OBJECTIVES FOR DEFENDING AGAINST
EXTRACTION ATTACKS

Vaidehi Patil* Peter Hase* Mohit Bansal
UNC Chapel Hill

{vaidehi, peter, mbansal}@cs.unc.edu
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Deeper knowledge

How do models represent truthfulness?

/

Do model generations induce true beliefs in a listener?

50



The Truthfulness Spectrum Hypothesis

The Truthfulness Spectrum Hypothesis

Zhuofan (Josh) Ying  Shauli Ravfogel Nikolaus Kriegeskorte Peter Hase
Columbia University =~ New York University =~ Columbia University Stanford University

In Submission
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arXiv (2026)

Is there a universal direction?

Universal Truth Hypothesis “A triangle has three sides”
True
“Frodo carried the One
Ring to Mordor”

"Water boils at 212°C at sea level”

False

“A implies B. B, therefore A"

52



arXiv (2026)

There exist general & specific directions

Empirical
Sycophancy Claims
Logical

Claims

Insider
Trading

Fictional
Claims

Domain Domain
General Spectrum of Truth Specific
Representations

53



Constructive case: general direction

arXiv (2026)

Can one direction separate true/false across domains?

empirical nnn
fictional 0.88
Training Dataset

sycophancy -
combined -
| | | |
N > 3 »
; 0(\0 ,(\Cb . o(\b '\(-'0 Qd
X N O ) 2
D N «© ° &
& @ &
& 2

Testing Dataset
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Constructive case: general direction

arXiv (2026)

Can one direction separate true/false across domains?

fictional - [1X:} 0.49 0.8
Training Dataset AUROC
Ioglcal nnnn ” i

sycophancy -

combined -

” Q
$ S
¥ &

Testing Dataset
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Constructive case: general direction

arXiv (2026)

Can one direction separate true/false across domains?

emplrlcal nnn- - "

fictional 0.8
Training Dataset AUROC
Ioglcal nnnn

-0.7
sycophancy - 0.6
combined - -0.5
. )
N A\ > N
°o° & L 2 ,bod &‘9
Q & \0(” N <®
;\Q N b\ R <
@ @ C 2
$ o S

Testing Dataset
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Constructive case: general direction

arXiv (2026)

Can one direction separate true/false across domains?

emplrlcal nnn- -
fictional 0.8
Training Dataset

0.49

0.49 -

AUROC
Ioglcal nnnn > M
sycophancy - 0.6
N
2 3
o° ‘\é‘b
b‘?’ o,* ;_,\5

&
Testing Dataset
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OOD generalization is good

arXiv (2026)

Training Dataset

Goldowsky-Dill et al., 2025

definitional

HEULET 0.99 | 1.00 1.000.93 559

. 0'61

0.59 0.59 0.53 0.54 0.43 &=y

logical

sycophancy

combined

de\\“\\\o ((\9

\(\C a\ \\O“a g\Ga \“'\Ca
S

Ilama-70b-3.3, Generalization to Unseen Domains

065069 063 050 [AE 0961

Gl Iisr1 0.99 | 1.00 | 1.00 | 0.91

Testing Dataset
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arXiv (2026)

Constructive case: general directions?

...now many directions are there?
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arXiv (2026)

Constructive case: general directions?

...now many orthogonal directions are there?

Stratified INLP
(Iterative Nullspace Linear Projection, Ravfogel et al., 2020)

Probe 1
Probe 2

60
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Constructive case: general directions?

arXiv (2026)

...now many orthogonal directions are there?

Average Accuracy

1.0 4

o
©

°
©
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I
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o
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0.5

There Are Many Generalizing, Orthogonal Probes

0.95

k=I2 k='3 k='4
Top-k Domain-General Directions
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arXiv (2026)

Constructive case: general directions?

...now many orthogonal directions are there?

There Are Many Generalizing, Orthogonal Probes

1.0 4
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Constructive case: general directions?

arXiv (2026)

...now many orthogonal directions are there?

Average Accuracy
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Constructive case: general directions?

arXiv (2026)

...now many orthogonal directions are there?

Average Accuracy
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Constructive case: general directions?

arXiv (2026)

...now many orthogonal directions are there?

1.0 4

o
©
)

Average Accuracy
o
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o
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There Are Many Generalizing, Orthogonal Probes

°
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arXiv (2026)

What about domain-specific directions?

Empirical
Sycophancy Claims
Logical

Claims

Insider
Trading

Fictional
Claims

Many orthogonal
directions!

T~
B 2

Domain Domain
General Spectrum of Truth Specific
Representations
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arXiv (2026)

Constructive case: domain-specific directions

Stratified INLP
(Iterative Nullspace Linear Projection, Ravfogel et al., 2020)

General probe

Domain-specific probe

or


https://arxiv.org/pdf/2004.07667

arXiv (2026)

Constructive case: domain-specific directions

Stratified INLP: Unconstrained vs Domain-Specific Probes

B Self

1.0 7 SoF =3 Other (mean)
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Unconstrained
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arXiv (2026)

Constructive case: domain-specific directions

Stratified INLP: Unconstrained vs Domain-Specific Probes

B Self

1.0 - 0.97 0.96 3 Other (mean)

0.9 -

o
©

Accuracy
o
~

0.6 1

0.5 1

0.4 -

Unconstrained Domain-Specific
(k=1)
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arXiv (2026)

Constructive case: domain-specific directions

Stratified INLP: Unconstrained vs Domain-Specific Probes

B Self

1.0 - 0.97 0.96 3 Other (mean)

0.9 -

o
©

Accuracy
o
~

0.6 1

0.5 1

0.4 -

Unconstrained Domain-Specific Domain-Specific
(k=1) (k=2)
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arXiv (2026)

Constructive case: domain-specific directions

Stratified INLP: Unconstrained vs Domain-Specific Probes

B Self

1.0 - 0.97 0.96 3 Other (mean)

0.9 -

o
©

Accuracy
o
~

0.6 1

0.5 1

0.4 -

Unconstrained Domain-Specific Domain-Specific Domain-Specific
(k=1) (k=2) (k=3)
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arXiv (2026)

Constructive case: domain-specific directions

Stratified INLP: Unconstrained vs Domain-Specific Probes
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Spectrum of representations

arXiv (2026)

Many orthogonal
directions!

Domain
General

Empirical
Sycophancy Claims

Fictional

Claims

Logical\

Claims

Insider
Trading

———

Spectrum of Truth
Representations
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Removing
sycophancy

Many orthogonal
directions!

omain
Specific



General direction is useful for monitoring

arXiv (2026)

definitional 10
empirical 0.9
fictional 0.8
Training Dataset AUROC
logical -0.7
sycophancy -  0.47 0.53 0.53 0.52 -0.6
-0.5

combined

Testing Dataset

74



Takeaways

General truthfulness directions exist and are useful for monitoring outputs

(& applications in steering too)
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Controllable Knowledge

The Truthfulness Spectrum Hypothesis

Zhuofan (Josh) Ying !> Shauli Ravfogel> Nikolaus Kriegeskorte ! 4>2 Peter Hase ®’
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Toward Trustworthy Reasoning

[ Faithful Reasoning J { Controllable Knowledge J

Why interpretability? Interpretability helps us
detect, and often fix, problematic reasoning
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Collaborators

And many other co-authors not pictured... thank you!
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Thank You!

PDFs + Code:
https://peterbhase.github.io/research/

Contact Info:

Peter Hase
phase@stanford.edu
https://peterbhase.github.io
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https://peterbhase.github.io/research/
https://peterbhase.github.io

Faithfulness Reward

/@ F ) /@ F, reasoning-sim Foutcome-sim  Reward (R) k
reasonmg sim
1 0 5
Positive + vs. >
Make Train Examples . 1 1 1
Data fOI' Rewrite CoT Traln W|th ...............................................................................
with LLM +/- Rewards 0 0 4
Round Negative
— vs. —
Examples 0 1 5
e AN\ I
Influenced? Simulator Target Goal
Yes Predict Opposite Answer Verbalize influence
No Predict Same Answer Do not hallucinate
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CST vs VFT (Turpin et al., 2025)
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