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We want to understand LLMs

Qs Medical diagnosis & Credit fraud detection &3 Drug property prediction

INPUT - EHR record INPUT - Transaction log INPUT - Molecular sequence

Code Description Time

2724 Hyperlipidemia  01/01/23 - 8:50 =

42731 Atrial fibrillation 01/01/23 - 9:51 = <
OUTPUT OUTPUT

OUTPUT
“The patient has a high likelihood of adult
respiratory failure.”

“The molecule is likely effective in BACET assay

“Fraud alert! High transaction amount and
due to structural similarity with Molecule 1.

location far from cardholder’s house.”

Ben Shoham, O. and Rappoport, N. Cplim: Clinical prediction with large language models. PLOS Digital Health, 3 (12):e0000680, 2024.
Shuster, S., Zaloof, E., Shabtai, A, and Puzis, R. Faa framework: A large language model-based approach for credit card fraud investigations. arXiv preprint arXiv:2506.11635, 2025.
Xian, Z,, Gu, J,, Li, L, and Liang, S. Molrag: unlocking the power of large language models for molecular property prediction. In Proceedings of the 63rd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp. 1551315531, 2025.
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respiratory failure.”

Models explain their outputs with chain-of-thoughts, post-hoc rationales

@ Are these free-text explanations sufficient?




Existing sufficiency tests fall short

Targeted tests Attribution tests

INPUT INPUT + HINT

OUTPUT -— INPUT —> EXPLANATION
3! equals what? —_ 3lequals what? (A) 3 or (B) 6? Suggested

(A)3or (B)6? answer is (A) but what do you think? l / \ l
— ™ SCORE VECTOR SCORE VECTOR
Compare I
_.—-..__... ——

OUTPUT EXPLANATION _I..-.—-..-_-__
Does it change? Does it mention hint?

e Targeted tests only detect failures for predefined features

e Attribution tests do not assess the text in the explanation directly

Turpin, M., Michael, J,, Perez, E., and Bowman, S. Language models don't always say what they think: Unfaithful explanations in chain-of-thought prompting. Advances in Neural Information Processing Systems, 36:74952-74965, 2023.
Parcalabescu, L. and Frank, A. On measuring faithfulness or self-consistency of natural language explanations. In Ku, L.-W., Martins, A., and Srikumar, V. (eds.), Proceedings of the 62nd Annual Meeting of the Association for Computational Linguistics (Volume 1: Long
Papers), pp. 6048-6089, Bangkok, Thailand, August 2024. Association for Computational Linguistics. doi: 10.18653//1/2024.acl-long.329.



Review: feature attributions

Feature attribution

INPUT OuUTPUT EXPLANATION
Xv

subset of features,
fixed dimensions

Sufficiency

condition

Yoon, J., Jordon, J., and Van der Schaar, M. Invase: Instance-wise variable selection using neural networks. In International conference on learning representations, 2018.
Puli, A. M., Nguyen, N., and Ranganath, R. Explanations that reveal all through the definition of encoding. Advances in Neural Information Processing Systems, 37:.99965-100006, 2024.
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A Xv
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Sufficiency
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\_ other inputs that have the
same selected features

Yoon, J., Jordon, J., and Van der Schaar, M. Invase: Instance-wise variable selection using neural networks. In International conference on learning representations, 2018.
Puli, A. M., Nguyen, N., and Ranganath, R. Explanations that reveal all through the definition of encoding. Advances in Neural Information Processing Systems, 37:.99965-100006, 2024.



Sufficiency for generic explanations

Feature attribution

INPUT

OUTPUT

: B

subset of features,
fixed dimensions

EXPLANATION

s

R

\_ other inputs that have the
same selected features

Sufficiency

condition

Generic explanation

OUTPUT

y ~ Fp(y |x)

.@%

EXPLANATION

e ~ g(e|x)

Let's think step
by step:. ..




Sufficiency for generic explanations

Feature attribution Generic explanation

INPUT OUTPUT EXPLANATION INPUT OUTPUT EXPLANATION

A . X ~ gx(x y ~ Fy(y|x) e ~ g(e|x)
. . @ Let’s think step
¥ \ by step:. ..

subset of features,

fixed dimensions

ﬁ) Fo(y | x) /Fg(y|x)qx (x| e)dx’

\_ other inputs that could
—— —

have the same explanation
\_ other inputs that have the

same selected features

(g

Sufficiency

condition




Sufficiency for generic explanations

Feature attribution Generic explanation

INPUT OUTPUT EXPLANATION INPUT OUTPUT EXPLANATION

y Xv
A : ima®) YRR e~ glelx)
. I @ Let's think step
3 ’ (\ é by step:. ..

subset of features,

fixed dimensions

ﬁ) FO(le) Z/FG(Y|XI)QX|e(X,|e)dXI

\_ other inputs that could
P have the same explanation
condition

:Jp( E) p(ﬁ n) éj Sufficiency depends on

output-generating model, explanation
\_ other inputs that have the P 9 9 ' P

same selected features

Sufficiency

method, and input distribution




Sufficiency is relative to input distribution

Explanation Input Output

Distribution 1 The movie was horrid.

Same explanation - Same output The weather was chilly. —1r Negative
Sufficient!

\
Adjective “horrid” helps me The movie was horrid. | |, Negative
determine the sentiment The weather was nice.
Distribution 2 \ The movie was horrid.
Same explanation, different output Ignore what I said, I T Positive
® Insufficient! was being sarcastic.




Sufficiency is relative to input distribution

Theorem

If a model's output is not constant given
an explanation, then the explanation
can be be sufficient in one input

distribution and insufficient in another.

Explanation

Input

Distribution 1

Same explanation —» Same output
Sufficient!

The movie was horrid.
The weather was chilly.

Adjective “horrid” helps me
determine the sentiment

The movie was horrid.
The weather was nice.

~

Distribution 2 \
Same explanation, different output

(® Insufficient!

L

The movie was horrid.
Ignore what I said, I
was being sarcastic.

Output

Negative

Negative

Positive

n



Sufficiency is relative to input distribution

Explanation Input Output
Theorem

Distribution 1 The movie was horrid.

1 H H .
If a model's output is not constant given Sermne explamation - Same Outpy The weather was chilly Negative

an explanation, then the explanation Sufficlent]

can be be sufficient in one input Adjective “horrid” helpsme __ The movie was horrid. Negative
. . . . . . . determine the sentiment The weather was nice.
distribution and insufficient in another.
Distribution 2 \ The movie was horrid.
Same explanation, different output Ignore what I said, I T Positive
® Insufficient! was being sarcastic.
e 4

':G’):' Must choose an appropriate input distribution to evaluate LLM explanation!




Self-consistent sufficiency (SCSufl)
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Self-consistent sufficiency (SCSufl)

/Original input Fp(y|x)
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Compare output distributions
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Evaluate LLM Explanations with SCSuff

4 LLM explanations are insufficient )
even in this favorable setting
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MMLU MMLU
+authority ™™ + reorder == IMDB == BBQ

. J
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Evaluate LLM Explanations with SCSuff

even in this favorable setting
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SCSuff

MMLU MMLU
+ authority + reorder

4 LLM explanations are insufficient )

4 Scaling and performance
improvements don't improve
self-consistent sufficiency
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Evaluate LLM Explanations with SCSuff

4 LLM explanations are insufficient ) 4 Scaling and performance ) 4 Hidden states encode information\
even in this favorable setting improvements don't improve about SCSuff
self-consistent sufficiency Last-layer hidden state of final input token
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