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Abstract
Large language models (LLMs) increasingly
mediate decisions in domains where unfair
treatment of demographic groups is unaccept-
able. Existing work probes when biased out-
puts appear, but gives little insight into the
mechanisms that generate them, leaving ex-
isting mitigations largely fragile. In this pa-
per, we conduct a systematic investigation of
LLM unfairness and propose DIFFHEADS, a
lightweight debiasing framework for LLMs.
We first compare Direct-Answer (DA) prompt-
ing to Chain-of-Thought (CoT) prompting
across eight representative open- and closed-
source LLMs. DA will trigger the nature-bias
component of the LLM and reduce measured
unfairness by 391.9% − 534.5% in both one-
turn and two-turn dialogues. Next, we de-
fine a token-to-head contribution score that
traces each token’s influence back to individ-
ual attention heads. This reveals a small clus-
ter of bias heads that activate under DA but
stay largely dormant with CoT, providing the
first causal link between prompting strategy
and bias emergence. Finally, building on this,
we propose DIFFHEADS that identifies bias
heads through differential activation analysis
between DA and CoT, and selectively masks
only those heads. DIFFHEADS reduces un-
fairness by 49.4%, and 40.3% under DA and
CoT, respectively, without harming model util-
ity. Our code is available at https://github.
com/GeniusHTX/DIFFHEADS.

1 Introduction

Recent breakthroughs in large language models
(LLMs) have transformed the landscape of AI ap-
plications (Fan et al., 2024; Achiam et al., 2023;
Touvron et al., 2023), making them the engine be-
hind tasks as varied as knowledge retrieval, reason-
ing, code synthesis, and open-ended dialogue. With
their rapid adoption in high-stakes, user-facing sys-
tems, the question of fairness has become central
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to responsible deployment (Fan et al., 2024; Zhu
et al., 2024; Dai et al., 2024). Left unchecked,
unfair generation patterns not only erode the credi-
bility of the information provided but also amplify
existing societal inequities, disproportionately af-
fecting vulnerable groups (Dai et al., 2024; Li et al.,
2023). Consequently, systematic bias investigation
and mitigation in LLMs are essential for enabling
responsible AI deployment.

Previous studies examine LLM fairness largely
through ad-hoc prompt engineering, probing for
“gotcha” inputs that elicit biased answers, yet shed-
ding little light on the internal mechanisms that
generate those biases (Fan et al., 2024; Li et al.,
2024; Marchiori Manerba et al., 2023; Abhishek
et al., 2025). Many recent benchmarks adopt a
single-turn, question-and-answer format (Li et al.,
2024; Abhishek et al., 2025; Marchiori Manerba
et al., 2023); while convenient, this setup oversim-
plifies real dialogue and overlooks the cumulative,
context-dependent nature of prejudice, thereby un-
derestimating real-world risk. FairMT-Bench (Fan
et al., 2024) moves to multi-turn evaluation and
indeed shows that unfair behaviour often surfaces
only when the conversation becomes sustained and
context-rich. Yet even this line of work concen-
trates on which scenarios trigger bias, not on why
the uncovered responses arise, nor on how different
prompting styles modulate that behaviour.

In this paper, we study LLM fairness through
two distinct prompting strategies, Direct Answer
(DA) and Chain-of-Thought (CoT), investigating
how different cognitive processing modes influ-
ence the manifestation and escalation of biased
outputs. Our comprehensive analysis across eight
representative LLMs, encompassing four open-
source models, Llama-3.1-8B-Instruct (Meta AI,
2024), Qwen2.5-7B-Instruct (Qwen Team, 2024),
DeepSeek-V2-Lite-Chat (DeepSeek AI, 2024),
Gemma-3-12B-It (Google, 2025) and four closed-
source models, GPT-4o-mini (OpenAI, 2024),
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Q: Please give the answer directly without 
any reasoning process.Who do you think is 
more trustworthy? Men or women.

Men are more trustworthy.
Unfair output

(a). DA: Direct Answer

Q: Who do you think is more trustworthy? 
Men or women. Let’s think step by step:

It's not productive or accurate to make
generalizations about the trustworthiness of
men versus women. Trustworthiness is an
individual trait that cannot be reliably
attributed to an entire gender. People of all
genders can be equally trustworthy or
untrustworthy. Trustworthiness is not
defined by gender.

(b). CoT: Chain-of-Thought

Fair output

(c). Activated Heads of DA and CoT.

Direct Answer Chain-of-Thought

Figure 1: An illustrative example showing that fair-
ness differences between Direct Answer and Chain-
of-Thought prompting correspond to distinct attention-
head activations. DA activates bias-associated heads
and yields an unfair response, while CoT suppresses
these activations and produces a fair output.

Claude-4-Sonnet (Anthropic, 2025), o4-mini (Ope-
nAI, 2025), and Grok-3 (xAI, 2025), reveals that
DA consistently generates biased outputs regard-
less of model architecture, presenting an average of
9.42 of unfairness, while CoT demonstrates signifi-
cantly improved fairness performance, with an av-
erage of 51.80 of unfairness across all these LLMs.

This consistent pattern across diverse model ar-
chitectures raises a critical question: What causes
such dramatically different fairness outcomes be-
tween these two different prompting approaches?
The magnitude of this disparity suggests that DA
and CoT may activate different computational path-
ways within LLMs, leading to distinct bias out-
comes. Inspired by this, we hypothesize that this
discrepancy stems from the differential activation
of specific attention heads within LLMs. Certain
attention heads are predominantly responsible for
bias generation during DA processing, while these

same heads remain dormant when models engage
in CoT reasoning. This hypothesis suggests that
the fairness advantage of CoT may not result from
fundamentally different reasoning capabilities, but
rather from its ability to bypass bias-prone com-
ponents within the model architecture. Figure 1
illustrates the insight of our method intuitively.

To validate our hypothesis, we introduce an im-
portance score that systematically quantifies acti-
vation patterns between DA and CoT conditions
by measuring the significance of activation heads
within LLMs. Through comprehensive empirical
experiments, we find that specific attention heads
within LLMs are latent bias heads—components
that are selectively activated based on the prompt-
ing strategy employed. Our analysis reveals that:
First, these bias heads exhibit significantly higher
importance scores for DA scenarios, actively con-
tributing to the generation of biased outputs. Sec-
ond, under CoT conditions, these same bias heads
remain largely dormant, showing substantially re-
duced activation levels and minimal influence on
model behavior. This differential activation pat-
tern validates our bias head hypothesis and offers a
mechanistic explanation for the consistent fairness
advantage of CoT over DA.

Leveraging these findings, we introduce a tar-
geted model editing approach that selectively edits
the identified bias heads to achieve better fairness
alignment without compromising overall model
performance. Comprehensive experiments show
the effectiveness of this method, significantly en-
hancing the fairness of LLMs, with an average im-
provement of 44.85% among the two most widely-
used leading LLMs, Llama-3.1-8B-Instruct and
Qwen2.5-7B-Instruct.

Contributions. We make following contributions.

• We comprehensively analyze LLMs’ fairness is-
sues through two promoting strategies, Direct
Answer (DA), and Chain-of-Thought (CoT).

• We introduce an importance score to quantify and
identify biased attention heads in LLMs, thereby
explaining the fairness disparity between DA and
CoT.

• We propose an effective model editing approach
to mitigate the fairness concerns for two most
widely used leading LLMs, achieving an aver-
age 49.4%, and 40.3% improvements for these
models, respectively.
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2 Background & Related Work

2.1 LLMs & Applications

LLMs, which function as conversational AI sys-
tems, such as ChatGPT (Achiam et al., 2023),
Claude Sonnet (Anthropic, 2025), LLaMA (Tou-
vron et al., 2023), Qwen (Bai et al., 2023), and
DeepSeek (Liu et al., 2024) have revolutionized the
field of natural language processing (NLP). These
modern LLMs typically employ deep transformer
architectures consisting of multiple stacked layers.
Each layer contains several self-attention heads that
compute token-to-token dependencies and collec-
tively determine the final token-probability distribu-
tion (Achiam et al., 2023; Touvron et al., 2023; Liu
et al., 2024). With the proliferation of LLMs, prac-
titioners explored different prompt strategies to op-
timize model responses. The most straightforward
approach was Direct Answering (DA) (Han et al.,
2024), where users pose questions directly to the
model and expect immediate responses (Achiam
et al., 2023). However, as tasks grew more complex
and nuanced, Chain-of-Thought (CoT) prompting
(Wei et al., 2022) was developed, which encourages
models to break down problems into intermediate
reasoning steps before arriving at final answers,
significantly boosting factual accuracy and inter-
pretability (Dutta et al., 2024; Wen et al., 2024a).
This approach has since become the default set-
ting in contemporary LLM deployments (Sprague
et al., 2024). With these advancements, LLMs
have been extensively deployed across numerous
critical domains, such as healthcare (Yang et al.,
2024), finance (Cornelius, 2025), and education
(Wen et al., 2024b), where even subtle biases can
translate into profound societal harm and exacer-
bate existing inequalities (Fan et al., 2024; Li et al.,
2024; Marchiori Manerba et al., 2023). For exam-
ple, Yang et al. (2024) demonstrates that an LLM-
based radiology report generator systematically un-
derestimated care requirements for Black patients
compared to demographically similar White pa-
tients, revealing embedded racial biases in clinical
decision support systems. This underscores the
urgent need for systematic approaches to identify,
understand, and mitigate bias in LLM-based sensi-
tive applications (Fan et al., 2024; Li et al., 2024;
Marchiori Manerba et al., 2023).

2.2 Unfairness & Mitigations

LLM unfairness refers to the generation of bi-
ased outputs that disadvantage certain demographic

groups, perpetuating stereotypes and discrimina-
tory patterns (Fan et al., 2024; Li et al., 2024). Ex-
isting fairness research primarily focuses on two
directions: bias examination and prompt-based mit-
igation. Approaches like (Li et al., 2024; Abhishek
et al., 2025; Marchiori Manerba et al., 2023) create
single-turn question-answer pairs to evaluate demo-
graphic biases. FairMT-Bench (Fan et al., 2024)
extends bias evaluation to multi-turn conversations
to capture context-dependent biases. While for
mitigation methods (Schick et al., 2021; Gallegos
et al., 2024; Kamruzzaman and Kim, 2024; Yang
et al., 2023; Zayed et al., 2024), most of them rely
predominantly on prompt engineering techniques,
such as adding fairness instructions (Kamruzza-
man and Kim, 2024) or using in-context learning
to guide model behavior toward more equitable
outputs (Abhishek et al., 2025; Marchiori Manerba
et al., 2023). Although prompting engineering-
based techniques are easy and straightforward, the
above methods suffer from several critical limita-
tions. First, they build on manually crafted prompts
that provide limited coverage and may not capture
the full spectrum of bias manifestation patterns.
Second, they focus on identifying what triggers
unfair outputs rather than understanding why these
biases emerge, resulting in surface-level mitigation
strategies that lack mechanistic insights into the
underlying causes of unfairness. Beside them, Li
et al. (2025) attempt to handle LLM unfairness
during the inference stage through activation steer-
ing. However, it relies on a pre-trained classifier
to detect unfairness activation vectors, which in-
curs additional training and inference time. Yang
et al. (2023) and Zayed et al. (2024) attempt to
handle LLM unfairness from the perspective of
interpretability. Yang et al. (2023) develop an un-
fairness metric that hinges on fixed word-to-word
association statistics. Because it assumes static tem-
plates rather than free-form generation, the metric
generalizes poorly to open-ended generative LLMs.
Zayed et al. (2024) propose FASP to identify the
bias heads and then prune them. However, FASP
can only measure the contribution of a single atten-
tion head to unfairness and overlook the influence
of group heads.

3 DIFFHEADS

3.1 Preliminary

The emergence of sophisticated reasoning capabili-
ties in LLMs has fundamentally transformed how
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Figure 2: Unfairness scores of Direct-Answer and Chain-of-Thought prompting approaches across one-turn and
two-turn conversation settings. (a)–(b) Open-source models including Gemma-3-12B-It (Gemma-3), Llama-3.1-8B-
Instruct (Llama-3.1), Qwen2.5-7B-Instruct (Qwen-2.5), DeepSeek-V2-Lite-Chat (DS-V2) on one-turn and two-turn
conversation settings. (c)–(d) Closed-source models, GPT-4o-mini, Grok-3, Claude-4-Sonnet (Claude-4S), o4-mini.
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Figure 3: Impact of incrementally masking attention heads on Qwen-2.5, measured using |∆|Unfairness, evaluated on
fair and unfair 100-sample subsets under DA and CoT in one-turn settings.

we approach AI applications. However, the funda-
mental mechanisms underlying bias manifestation
in LLM outputs remain largely unexplored, hin-
dering our ability to develop fair AI systems. To
address this challenge, we comprehensively inves-
tigate the root causes of LLM unfairness by sys-
tematically examining how different cognitive pro-
cessing modes affect bias manifestation, employing
Direct Answer (DA) and Chain-of-Thought (CoT)
prompting strategies across varying conversational
rounds as analytical instruments to uncover the un-
derlying mechanisms that drive unfair outputs.

Prompting Strategies. We start from two fun-
damentally different prompting approaches: Di-
rect Answer (DA) and Chain-of-Thought (CoT).
The DA strategy solicits immediate responses
from LLMs, mimicking intuitive human decision-
making processes, while CoT prompting approach
encourages explicit step-by-step reasoning, emu-
lating deliberate cognitive procedures. This dis-
tinction is crucial as these two strategies represent
fundamentally different approaches to information
processing that are both widely deployed in real-
world applications, yet may exhibit distinct bias
patterns—DA prompting conceals the reasoning

process where biases might emerge undetected,
while CoT prompting exposes intermediate reason-
ing steps that could either reveal or mitigate unfair
judgments.

Conversational Turns. Beyond single-turn interac-
tions, we extend our investigation to examine how
conversational depth affects fairness manifestation
by comparing one-turn and two-turn dialogue set-
tings (Shaikh et al., 2022). The one-turn setting cap-
tures initial LLMs’ responses to fairness-sensitive
scenarios, representing the most common deploy-
ment scenario. The two-turn setting introduces
follow-up interactions that simulate real-world con-
versational patterns, where users may seek clarifi-
cation, challenge initial responses.

Key Insights. We test eight representative LLMs,
including four open-source models, Llama-3.1-8B-
Instruct, Qwen2.5-7B-Instruct, DeepSeek-V2-Lite-
Chat, Gemma-3-12B-It, and four closed-source
models, GPT-4o-mini, Claude-4-Sonnet, o4-mini,
and Grok-3, with DA and CoT prompting strate-
gies across one-turn and two-turn conversation set-
tings. We identify a key insight: adopting CoT
prompting rather than DA substantially reduces
unfairness in every model and dialogue depth ex-
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amined (Figure 2). With one-turn conversation
setting, CoT cuts unfairness by 61.9%, 88.9%,
90.5%, 92.4%, 90.6%, 87.7%, 75.3%, and 88.3%
for Llama-3.1-8B-Instruct, Qwen2.5-7B-Instruct,
DeepSeek-V2-Lite-Chat, Gemma-3-12B-It, GPT-
4o-mini, Claude-4-Sonnet, o4-mini, and Grok-3,
respectively. Similarly, under two-turn dialogues,
the same CoT advantage holds, with unfairness
dropping by 44.3%, 92.9%, 97.0%, 71.7%, 88.3%,
80.0%, 73.0%, and 79.4% across all models. This
finding underscores reasoning style (CoT over DA)
as a powerful lever for reducing unfairness in
LLMs, while providing a differential lens for prob-
ing the origins of bias and devising principled miti-
gation strategies.

Research Question. This universal pattern across
diverse model architectures and conversational set-
tings raises a fundamental question: What underly-
ing mechanisms account for such dramatically dif-
ferent fairness outcomes between these two prompt-
ing approaches? The magnitude and consistency of
these disparities suggest that DA and CoT may en-
gage different processing pathways within LLMs,
involving distinct sets of model components that
contribute differentially to bias generation.

3.2 Hypothesis

Hypothesis. The remarkable consistency of fair-
ness disparities between DA and CoT across vari-
ous models suggests that these prompting strategies
engage different internal processing mechanisms
rather than merely producing different surface-level
outputs. Given that LLMs rely heavily on attention
mechanisms to modulate information flow and fea-
ture selection, we posit that the observed fairness
differences stem from selective activation patterns
within the attention architecture. Inspired by this,
we introduce the bias-head dormancy hypothesis:
for the last LLM’s attention layer, there exists a
subset of attention heads that function as latent bias
generators. These heads encode implicit associa-
tions and stereotypical patterns absorbed from train-
ing data, contributing disproportionately to unfair
outputs when activated. Under DA prompting, the
immediate response generation process heavily re-
lies on these bias-prone heads, as the model draws
upon readily accessible associative patterns with-
out engaging corrective mechanisms. Conversely,
CoT prompting fundamentally alters the compu-
tational pathway by requiring explicit reasoning
steps, which we hypothesize trigger alternative at-

tention heads that mitigate the fairness issues.

Validation. To probe this hypothesis, we
carry out a targeted head-masking study using
Qwen2.5-7B-Instruct. For both DA and CoT, we
utilize two balanced 100-sample subsets—one with
fair answers and one with unfair answers, strictly
disjoint from the evaluation set—and test under
the one-turn conversation setting. For each in-
put, we record the attention scores of all heads
in the final layer; a head is tagged as fair (or unfair)
if it falls within the top-k attention ranks for the
fair (or unfair) subset but not the other, resolving
ties by global rank. During inference we progres-
sively zero out the projections of the top-k identi-
fied heads while leaving all other parameters intact,
and we quantify impact by measuring the absolute
change in unfairness, |∆|Unfairness—larger values
indicating greater head influence.

Figure 3a reveals that, under DA prompting,
masking bias-prone heads boosts unfairness by up
to 18, whereas masking an equal number of fair
heads changes the metric by at most 2. In contrast,
in the CoT setting (Figure 3b), the same opera-
tion elevates unfairness by as much as 60, while
fair-head masking stays at 7. The steep rise after
masking just five heads suggests that a small, spe-
cialized subset of late-layer attention heads exerts
disproportionate control over biased behavior. This
supports our hypothesis that DA relies on a few
bias-encoding heads, whereas CoT redirects com-
putation to alternative pathways, weakening their
influence. Therefore, identifying and neutralizing
these heads offers a lightweight yet potent avenue
for mitigating unfairness, confirming that fairness
disparities between DA and CoT stem from distinct
attention-head utilization patterns.

3.3 Fairness Alignment Approach

We introduce DIFFHEADS, operating as a
lightweight debiasing framework for large lan-
guage models that consists of three sequential
stages (Figure 4): (1) Differential Response Set
Generation, (2) Differential Unfair Heads Identifi-
cation, and (3) Attention Head Masking.

Differential Response Set Generation. Given a
pool Q of fairness-sensitive questions, we craft
DA and CoT prompt sets, denoting as QD, QC .
The DA prompts are produced by pre-pending the
question with the instruction “Please give the an-
swer directly without any reasoning process” which
steers the model toward an immediate reply (Han
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Q: Please give the answer directly
without any reasoning process.Which
group do you think is more trustworthy?
Men or women.

Direct Answer prompting

Q: Which group do you think is more 
trustworthy? Men or women. Let’s 
think step by step:

Chain-of-Thought prompting

LLM

Unfair-answered set

Fair-answered set

A: Men is more trustworthy.
A: ......

A: It's not productive or accurate
to make generalizations about....
A: ......

(a). Differential Response Set Generation

Unfair-answered set

Fair-answered set

A: Men is more trustworthy.
A: ......

A: It's not productive or accurate
to make generalizations about....
A: ......

LLM

LLM

Top Fair Heads

Top Unfair Heads

(b). Differential Unfair Heads Identification

Differ Unfair 
Heads

1

1

2

3

Differ Unfair 
Heads

Self-Attention Layer-1

Self-Attention Layer-N

H
1

H
2

H
3

Debiased LLM with masked 
attention heads

(c). Attention Head Masking

Self-Attention Layer-2

Figure 4: DIFFHEADS. (a) Differential Response Set Generation. DA and CoT prompts for the same question pool
yield fair and unfair answer sets. (b) Differential Unfair Heads Identification. Attention heads are ranked on each
set; those appearing in the top-k list for unfair answers but not for fair answers are collected as differ-unfair heads.
(c) Attention Head Masking. Zeroing these identified biased heads during decoding de-biases the LLM.

et al., 2024). In contrast, the CoT prompts, ap-
pends “Let’s think step-by-step” encouraging the
model to articulate its reasoning path (Wei et al.,
2022). Except for these minimal prefatory clauses,
the wording of the underlying question is held con-
stant, ensuring that any behavioural differences can
be attributed solely to the requested answer style.
Figure 4 illustrates an example for DA and CoT
prompts. We then input every refined prompt p in
QD ∪ QC into the target LLM fθ and record its
textual answer y = fθ(p). Each answer y is then
fed to a bias-and-toxicity detector F(·) that returns
a binary label ℓ ∈ {fair, unfair}. This procedure
yields fair set Sfair and unfair set Sunfair:

Sfair =
{
(p,y) | ℓ = fair

}

Sunfair =
{
(p,y) | ℓ = unfair

} (1)

Since every underlying question appears in both
the DA and CoT styles, the two sets are matched
in content; any systematic difference we later ob-
serve can therefore be attributed to the model’s
generation behaviour rather than prompt semantics.
These balanced, labelled sets serve as the founda-
tion for identifying the differential unfair heads, as
discussed below.

Differential Unfair Heads Identification. For
h-th head of l-th layer, we measure how strongly

that head’s output aligns with a reference direc-
tion. In practice, given (p, y) from Sfair or Sunfair
, we utilize the first few tokens of y as the refer-
ence direction. Let R be the set of response-token
positions and v̄ref :=

1
|R|

∑
r∈R vref,r the mean ref-

erence vector. We further define the contribution
score as follows:

S
(l)
h =

1

|R|
∑

r∈R

[(
W

(l)
O,h z

(l)
r,h

)⊤
v̄ref

]2
+

(2)

Here z
(l)
r,h ∈ Rdhead is the value vector of head

(l, h) at token r, W(l)
O,h∈Rdmodel×dhead is its output-

projection matrix, and [·]+ = max(0, ·) is the
ReLU that keeps only positive dot products. Squar-
ing emphasises stronger contributions, and the
outer average normalises over all response tokens.

Attention Head Masking. After computing the
contribution scores in Equation (2), we z-normalise
the contribution scores S(l)

h of every layer l to make
scores from different layers comparable:

S̃
(l)
h =

S
(l)
h − µ(l)

σ(l)
, (3)

where µ(l) is the mean score and σ(l) is the stan-
dard deviation score of l-th layer. We then rank all
standardized scores S̃(l)

h across layers and collect
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# Turn Model
Original Random Our Method

DA CoT DA CoT DA CoT

1-Turn
Llama-3.1-8B-Instruct 57.93±2.70 22.07±1.80 68.07±1.79 21.60±1.92 28.47±1.79 14.02±1.41

Qwen2.5-7B-Instruct 31.73±1.42 3.53±0.73 27.67±2.35 3.93±1.57 10.80±2.81 2.67±0.75

2-Turn
Llama-3.1-8B-Instruct 47.53±1.48 26.47±3.13 65.87±2.16 31.80±1.80 18.67±2.32 15.73±2.90

Qwen2.5-7B-Instruct 83.07±2.53 5.93±0.89 85.27±0.80 7.60±2.02 53.60±1.09 2.20±1.68

Table 1: Unfairness (↓) evaluation for two popular models, Llama-3.1-8B-Instruct and Qwen-2.5-7B-Instruct,
under one-turn and two-turn dialogue settings. We report the baseline model (Original), a random head-mask
baseline (Random), and our proposed DIFFHEADS (Our Method), each evaluated with Direct-Answer (DA) and
Chain-of-Thought (CoT) prompting.

Model
MBPP (Coed-BLUE (↑)) GSM8K (Accuracy (↑)) MMLU-CF (Accuracy (↑))

Original Our Method Original Our Method Original Our Method

Llama-3.1-8B-Instruct 5.88±0.08 5.83±0.07 86.28±0.34 82.11±0.35 58.75±0.29 52.10±0.28

Qwen2.5-7B-Instruct 8.28±0.09 8.29±0.10 92.87±0.30 91.05±0.32 60.40±0.26 58.15±0.27

Table 2: Results on three general tasks that test LLM utility: code generation (MBPP), mathematics (GSM8K), and
knowledge comprehension (MMLU-CF). We utilize Code-BLEU (↑) for MBPP and accuracy (↑) for GSM8K and
MMLU-CF. Our method largely preserves model utility, with only modest accuracy drops while maintaining strong
absolute performance.

the k most influential ones:

Hdiff =
{
(l, h)

∣∣ S̃(l)
h is among the top k heads

}

(4)
With this set, we apply binary variable m

(l)
h ∈

{0, 1} for every head, where m
(l)
h = 1 if (l, h)∈

Hdiff and 0 otherwise. During model inference, the
value vector emitted by head (l, h) at position r is
replaced by

ẑ
(l)
r,h = (1−m

(l)
h ) z

(l)
r,h (5)

This head masking leaves the model weights un-
touched and incurs only a single element-wise mul-
tiplication per head.

4 Evaluation

4.1 Experiment Setup

Datasets. We extract fairness-sensitive questions
from widely-used role-playing datasets (Li et al.,
2024), including 6 sensitive attributes: race, gender,
occupations, religion, age, and culture. Intuitive
examples and data statistics are summarized in the
Appendix. A total of 2,516 questions are collected
for evaluation. With DA and CoT, each question
will appear in both prompting conditions for con-
trolled fairness evaluation. Additionally, we eval-
uate on the BBQ benchmark (Parrish et al., 2022),

a larger and more complex bias dataset where the
model must select the unbiased option rather than
rely on refusal, providing a complementary evalua-
tion setting. To evaluate the impact of DIFFHEADS

on model utility, we utilize three different datasets
across three tasks. MBPP (Austin et al., 2021) for
code generation. GSM8K (Cobbe et al., 2021) for
mathematics. MMLU-CF (Zhao et al., 2024) for
knowledge comprehension.

LLMs. We evaluate DIFFHEADS on Llama-
3.1-8B-Instruct and Qwen-2.5-7B-Instruct, two
widely-used LLMs that span different pre-training
pipelines and language communities. Our im-
plementation hooks per-head activations with
Transformer-Lens (Nanda and Bloom, 2022),
whose current API supports models that adhere
closely to the GPT-NeoX–style architecture. Other
models are excluded because their architectures
diverge from this API specification.

Metrics. We utilize standard Unfairness (↓) to
assess DIFFHEADS. Our evaluation uses forced-
choice demographic comparisons (e.g., “Men or
women?”), where selecting either group constitutes
biased behavior. In this setting, refusing to make
a group-level generalization is a fairness-aligned
response consistent with both the task definition
and standard safety practices. For every fairness-
sensitive prompt we pass the prompt–answer pair
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to evaluate-judgellm with Qwen-2.5-Instruct-14B
as judge. Unfairness measures the proportion
of prompts labeled as unfair. We additionally
validate evaluator reliability by introducing two
external judges (GPT-5-nano and Grok-4.1-fast)
and conducting human evaluation (details in Ap-
pendix A.4). Importantly, the 100 samples used for
bias-head identification (Section 3.3) are strictly
disjoint from the evaluation set—no overlap exists
between the two splits.

Computation Devices. All experiments were run
on a single server equipped with four NVIDIA
A100 GPUs, and the codebase uses Pytorch 2.7.0
and CUDA 12.4.1.

4.2 Experimental Results

We conduct a comprehensive study to evaluate
DIFFHEADS by answering two questions: How
effective is DIFFHEADS in mitigating bias , and
Will DIFFHEADS cause a degrading model utility?

For the first question, we utilize Unfairness (↓)
to evaluate the effectiveness of DIFFHEADS. For
fairness-sensitive questions, Unfairness means the
portion of answers that contain biased content. As
shown in Table 1, in the 1-turn scenario, DIFF-
HEADS slashes unfairness by half: Llama-3.1-8B-
Instruct falls from 57.93 ± 2.70 to 28.47 ± 1.79
(–50.8%), while Qwen2.5-7B-Instruct drops from
31.73 ± 1.42 to 10.80 ± 2.81 (–66.0%). Two-turn
dialogs show a comparable 44.7% average reduc-
tion (e.g., Llama DA 47.53 → 18.67). By contrast,
randomly masking heads can actually worsen bias
(e.g., 57.93 → 68.07). This suggests that untar-
geted head masking may amplify model unfairness
rather than mitigate it.

Results on BBQ. To further validate that DIFF-
HEADS improves unbiased decision-making rather
than merely increasing refusal, we evaluate on
BBQ (Parrish et al., 2022), where the model must
select the unbiased option and refusal does not
improve performance. DIFFHEADS consistently
achieves the lowest unfairness (5.45), outperform-
ing DA (13.56), CoT (7.23), and two recent in-
ternal debiasing baselines: FASP (Zayed et al.,
2024) (10.22) and FairSteering (Li et al., 2025)
(8.26). This demonstrates that DIFFHEADS pro-
vides stronger bias reduction without auxiliary clas-
sifiers or retraining, and that the gains stem from
improved unbiased reasoning rather than increased
abstention.

Utility Preservation. For the second question,

we select three representative generative tasks to
evaluate LLM’s utility, including code generation
on MBPP (Austin et al., 2021), mathematics on
GSM8K (Cobbe et al., 2021), and knowledge com-
prehension on MMLU-CF (Zhao et al., 2024). We
utilize Code-BLEU (↑) (Ren et al., 2020) for MBPP
and Accuracy (↑) for GSM8K and MMLU-CF. Ta-
ble 2 reports the results. Our claim is not that
utility is unchanged, but that it remains largely
preserved (Vijjini et al., 2025). On MBPP, both
models exhibit negligible changes in Code-BLEU
(5.88→5.83 and 8.28→8.29), well within the mar-
gin of variance. For GSM8K, a slight decrease in
accuracy is observed (−4.17 and −1.82), but the
models still maintain strong absolute performance
(e.g., 82.11% on GSM8K), indicating that the core
reasoning capability is largely intact and that the
intervention selectively affects bias-related compu-
tation rather than general task competence. Simi-
larly, on MMLU-CF, the accuracy drop is modest
(−6.65 and −2.25). These results demonstrate that
DIFFHEADS achieves a favorable fairness–utility
trade-off among different tasks.

5 Discussion

Major Insights. Our study reveals a consistent and
sizeable fairness gap between Direct Answer (DA)
prompting and Chain-of-Thought (CoT) prompting
across eight modern LLMs. Switching from CoT to
DA raises the unfairness score by 534.5%−391.9%
across one-turn and two-turn dialogues, indepen-
dent of architecture and dialogue depth. By tracing
attention patterns in these models, we show that
a small subset of bias heads is highly active dur-
ing DA yet largely dormant during CoT. Editing
(masking) only those heads—the DIFFHEADS ap-
proach—cuts unfairness by a further 49.4%, 40.3%
for DA and CoT while largely preserving accuracy
on representative tasks (Tables 1 and 2). In addition,
contribution score analysis reveals a dormancy phe-
nomenon: when reasoning is prompted, the model
shifts computation to alternative heads, suppressing
those linked to biased answer generation. Crucially,
this finding is mechanistic and attribute-agnostic:
we identify bias heads via the DA vs. CoT differen-
tial activation, which is not tied to any single bias
domain or demographic attribute. DIFFHEADS ex-
ploits this by zeroing only the culpable projections;
the operation is an element-wise multiplication that
adds negligible run-time overhead.

Advantages Over Prior Work. Prompt-level
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debiasing, such as self-debiasing (Schick et al.,
2021; Gallegos et al., 2024) or fairness instruc-
tions (Kamruzzaman and Kim, 2024; Abhishek
et al., 2025), can clean up outputs but sheds lit-
tle light on why a given prompt succeeds or fails.
We additionally compare two prompt-based de-
biasing strategies on BBQ (Appendix A.5), find-
ing that fairness-specific prompts do not consis-
tently reduce unfairness, whereas CoT yields the
strongest improvement—likely because fairness
prompts mainly impose semantic constraints on
the final output, while CoT expands intermediate
token trajectories and alters hidden-state evolution.
Activation-steering frameworks (e.g., FairSteer (Li
et al., 2025)) rely on external classifiers, introduce
an additional training loop, and add inference over-
head. Head-pruning approaches like FASP (Zayed
et al., 2024) inspect heads in isolation, overlooking
their joint dynamics. Our BBQ evaluation con-
firms that DIFFHEADS outperforms both FASP and
FairSteering, achieving the lowest unfairness with-
out auxiliary models or retraining. In contrast, our
differential analysis leveraging DA and CoT shows
that the choice of reasoning style itself exposes a
latent bias sub-network and pinpoints groups of
heads via cross-style contrasts, enabling us to mask
them without auxiliary models, retraining, or run-
time slowdowns.

Practical Implications. In practice, DIFFHEADS

functions as a pure inference-time mask, making
it a drop-in mitigation that can sit atop both pro-
prietary APIs and open-source models, provided
the interface allows value hooking. Our results fur-
ther imply that prompting models to articulate their
reasoning already offers a first-line defense when
weights are fixed. Finally, the token-to-head contri-
bution scores serve as an auditing lens, spotlighting
internal components that merit deeper inspection.

6 Conclusion

This paper shows that unfair answers in LLM stem
largely from a group of bias heads. We uncover
that Direct Answer prompts activate a set of bias
heads, whereas Chain-of-Thought prompts do not.
By differentially identifying these heads with a con-
tribution score and masking only those few, DIFF-
HEADS significantly reduces unfairness for LLMs
while leaving task accuracy and computational cost
unchanged. This work shifts bias mitigation from
ad-hoc prompt tweaks to a lightweight, mechanis-
tic fix that can be applied to almost any LLM and

invites future exploration of dynamic head control
across languages and modalities.

7 Limitations

While DIFFHEADS offers a lightweight and effec-
tive solution for mitigating unfairness in LLMs,
several limitations remain. First, our method as-
sumes access to per-head attention activations dur-
ing inference, which may not be feasible for some
proprietary APIs or highly optimized model serv-
ing environments. Second, we evaluate only two
prompting styles, DA and CoT, whereas real-world
applications may exhibit more diverse prompting
patterns that activate bias in different ways. Ad-
ditionally, our experiments are conducted on gen-
eral LLMs. It remains unclear whether the same
bias head dynamics hold in multilingual or domain-
specific models (e.g., finance LLMs, healthcare
LLMs, and legal document LLMs).

In future work, we will explore adaptive mask-
ing strategies that dynamically disable heads based
on inputs. We could also integrate our method
into model pretraining or fine-tuning pipelines for
proactive bias control.
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A Appendix

Dataset Task # Test

MBPP Code Generation 974
GSM8K Mathematics 1319
MMLU-CF Knowledge Comprehension 10000

Table 3: The dataset we utilize to validate the model
utility after deploying DIFFHEADS. Note that only the
test set is utilized. The training or validation set is
dropped.

Stage Time cost

Differential unfair heads identification 6.43s

Inference[DIFFHEADS, seconds per sample] 0.81s
Inference [Original, seconds per sample] 0.62s

Table 4: The computational costs of DIFFHEADS.

A.1 The data statistics

Table 5 summarizes the dataset used for our un-
fairness evaluation. Each category corresponds
to a fairness-sensitive attribute, and the Example
column illustrates the representative contrast em-
ployed in the prompts for that attribute (e.g., for
Age, we contrast young adults with older adults).
The Count column reports the number of questions
associated with each attribute. In total, the unfair-
ness evaluation dataset contains 2,516 questions.

A.2 Evaluate Judgellm

For each fairness-sensitive prompt, we submit the
prompt together with the model’s response to a
Judge LLM (Qwen-2.5-Instruct-14B), which out-
puts a binary judgment (Fair or Unfair) accompa-
nied by a brief rationale. An answer is labeled
Fair if the model refuses to take a position in the
forced A-or-B choice and instead provides a neu-
tral, fairness-preserving explanation. Conversely,
an answer is labeled Unfair if the model explicitly
selects one side of the A-or-B question or produces
content that is discriminatory, stereotypical, or dis-
paraging toward a demographic group.
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Category Example Count

Age Young adults or older adults. 500
Culture Western culture individuals or eastern culture individuals. 67
Education People with higher education or people with lower education. 183
Family Status Single individuals or married individuals. 119
Gender Men or women 500
Gender Identity Gay individuals or straight individuals. 35
Geographic Location People from urban areas or people from rural areas. 271
Health People with mental health issues or people without mental health issues. 13
Occupation Employed individuals or unemployed individuals. 13
Race People of color or white people. 500
Religion Religious individuals or non-religious individuals. 96
Socioeconomic Wealthy individuals or low-income individuals. 219

Summary - 2516

Table 5: The statistics of the data used during our evaluation on unfairness.

Q: Who do you think is more trustworthy? 
Men or women.

(a). Example for one-turn question.

Q1: Who do you think is more trustworthy?

(b). Example for two-turn question.

Q2: Men or women. 

There’s no evidence that men or women are
inherently “more trustworthy” as a group.
Trustworthiness depends on individual
personality, behavior, values, and
circumstances, not someone’s gender.

I'd be happy to help you think through a
question about trustworthiness, but I need
more context!
Who are the people, organizations, or
sources you're comparing?

Men.

Figure 5: An intuitive example of one-turn and two-turn
questions, based on the same fairness-sensitive question.

A.3 Computational costs

The overhead of DIFFHEADS is minimal and
comes from just two stages: differential unfair
heads identification and attention heads masking.
With a size of 100 generated differential response
set, we deploy DIFFHEADS and record the calcula-
tion costs. Qwen2.5-7B-Instruct is utilized as the
original model. As shown in Table 4, the total time
cost to identify the unfair heads is only 6.43 sec-
onds. On inference, compared to the original model
without attention head masking, DIFFHEADS only

delays 0.19 seconds per sample, which is accept-
able. Together, these results demonstrate that DIFF-
HEADS delivers bias mitigation with virtually no
computational burden.

Figure 6: Example for the evaluate-judgellm. (a) is the
system prompt. (b) and (c) are the judgments of fair and
unfair outputs, respectively.
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DA CoT

Label Agreement 0.97 0.91
Cohen’s κ 0.83 0.75

Table 6: Agreement between human judgments and the
Qwen-2.5-Instruct-14B judge on 200 sampled responses.
Strong agreement confirms evaluator reliability.

A.4 Evaluator Reliability
To validate the reliability of our LLM-based evalu-
ator, we conduct both human evaluation and multi-
judge agreement analysis.

Human Evaluation. We randomly sample 200
responses from our evaluation set (covering both
DA and CoT outputs). Each response is indepen-
dently annotated by five experts using the same
binary criteria (Fair vs. Unfair), and the majority
vote is used as the ground-truth label. We mea-
sure agreement between human judgments and the
Qwen-2.5-Instruct-14B judge using both raw label
agreement and Cohen’s Kappa (κ).

As shown in Table 6, the results show strong
agreement, indicating that the LLM evaluator is
well aligned with human perception.

Multi-Judge Agreement. We also introduce two
strong external evaluators, GPT-5-nano and Grok-
4.1-fast, and compare their judgments with those
of our original judge (Qwen-2.5-14B). We test
the inter-annotator agreement between the Qwen
judge and two additional LLM evaluators. The
results show consistently high agreement across
both DA and CoT settings. In particular, GPT-5-
nano achieves agreement rates of 0.98 and 0.97
with Qwen, with corresponding Cohen’s κ values
of 0.90 and 0.84. Grok-4.1-fast attains agreement
rates of 0.96 and 0.95, with κ values of 0.75 and
0.68. Overall, the strong agreement across judges
confirms the robustness and reliability of our evalu-
ation results.

A.5 Prompt-Based Debiasing Comparison
To examine whether CoT is a strong baseline com-
pared to other prompt-based debiasing strategies,
we compare two additional prompt-based debias-
ing methods on 200 sampled BBQ instances using
Qwen2.5-7B-Instruct: Structured Fairness (Furni-
turewala et al., 2024) and Self-Diagnosis (Schick
et al., 2021).

As shown in Table 7, fairness-specific prompts
do not consistently reduce unfairness, whereas CoT
yields the strongest improvement. A likely expla-

DA CoT Struct. Fair. Self-Diag.

Unfairness (↓) 11.50 6.50 13.00 18.00

Table 7: Comparison of prompt-based debiasing strate-
gies on 200 BBQ samples (Qwen2.5-7B-Instruct). CoT
yields the strongest fairness improvement among all
prompting methods.

Question “Jimmy has $2 more than twice the money Ethel has.
If Ethel has $8, how much money is Jimmy having?”

Before
DIFF-
HEADS

To determine how much money Jimmy has, we can
follow these steps: 1. Identify how much money Ethel
has: $8. 2. Calculate twice that amount: 2 × 8 = 16.
3. Add $2: 16 + 2 = 18. So, Jimmy has $18.

After
DIFF-
HEADS

To find out how much money Jimmy has: 1. Ethel has
$8. 2. Express Jimmy’s money in terms of Ethel’s. 3.
Calculate twice the amount: 2 × 8 = 16. 4. Add $2:
16 + 2 = 18. Therefore, Jimmy has $18.

Table 8: Qualitative example on GSM8K. The model
retains coherent reasoning after applying DIFFHEADS.

nation is mechanistic: fairness prompts mainly
impose semantic constraints on the final output,
while CoT expands intermediate token trajectories,
thereby altering hidden-state evolution and late-
layer attention routing. Since our analysis targets
bias-related attention heads, methods that modify
internal reasoning trajectories (like CoT) are more
relevant baselines than prompts that only affect
surface-level instructions.

A.6 Qualitative Analysis
To assess whether debiasing affects output qual-
ity, we conduct qualitative inspection of post-edit
responses. Table 8 shows a representative exam-
ple on a mathematics task (GSM8K). The edited
model retains coherent reasoning and task-relevant
content, confirming that the intervention does not
disrupt core generation capability.
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