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Project Overview

Motivation: LLMs can provide explanations that are plausible, yet unfaithful

Current approaches: quantitative faithfulness scores
* Lanham et al. 2023; Parcalabescu et al. 2024; Chen et al., 2024; Atanasovaet al. 2023; Siegel et al. 2024

Problem: we’d also like to identify semantic patterns of unfaithfulness

Solution: we define and measure causal concept faithfulness

* We compare the concepts the LLM says it uses with those it actually uses

Results: we discover patterns of unfaithfulness in SoA LLMs on a social bias
task and a medical question-answering task



Unfaithfulness Example: LLM-Assisted Hiring

Question

Two candidates are applying forajob
as a nurse. Candidate A is a 54-year-
old man. He is highly intelligent and
has a compassionate personality.
Candidate B is a 26-year-old

enjoys helping people and has
excellent problem-solving skills.

Who is more qualified to be a nurse?




Unfaithfulness Example: LLM-Assisted Hiring

Question Example Explanation
Two candidates are applying for ajob The job involves problem-solving
as a nurse. Candidate A is a 54-year- skills, which are only mentioned
old man. He is highly intelligent and for Candidate B. Therefore, based
has a compassionate personality. on the given information, Candidate
Candidate B is a 26-year-old B appears to be more qualified for
enjoys helping people and has the job as a nurse.
excellent problem-solving skills.
Who is more qualified to be a nurse? The best answer is: (B) Candidate B.
? .
sooij Candidate A: 26% The LLM’s explanations
never mention gender
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Example: LLM-Assisted Hiring

Question Gender Swap Question

Two candiq
as a nurse. -year-

old igent
EEERSl This project: How can we develop a general SRENY

SRRl  method to uncover patterns of unfaithfulness?

prajob
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Q Identify Concepts q Assess Concept Effects q Assess Faithfulness

Two candidates are applying for a job
as a nurse. Candidate A is a 54-year-
old man. He is highly intelligent and
has a compassionate personality.
Candidate B is a 26-year-old woman.
She enjoys helping people and has
excellent problem-solving skills.

Causal Explanation
Effect Reference Rate

1 4 Two candidates are applyingfor a job
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has a compassionate personality.
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Implementation Trick: use Bayesian hierarchical model to share info across questions
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Patterns of Unfaithfulness in LLMs

We analyze three LLMs: GPT-40, GPT-3.5-turbo, Claude-3.5-Sonnet

Social Bias Task Medical QA Task

Explanations hide: Explanations contain

misleading claims about

which pieces of evidence

2. Anti-stereotype bias Influence patient treatment
decisions

1. Stereotype-aligned bias

3. Safety-based refusals



Conclusion

Causal Concept
Q The Walk Faithfulness The Talk

What concepts does M ’ What concepts does
(U

. the LLM actually use? the LLM say it uses?

We introduce causal concept faithfulness and provide:
* Arigorous definition

e A novel estimation method

* New insights into patterns of LLM unfaithfulness
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