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Abstract001

Large language models (LLMs) increasingly002
mediate decisions in domains where unfair003
treatment of demographic groups is unaccept-004
able. Existing work probes when biased outputs005
appear, but gives little insight into the mecha-006
nisms that generate them, leaving existing mit-007
igations largely fragile. In this paper, we con-008
duct a systematic investigation LLM unfairness009
and propose DIFFHEADS, a lightweight debi-010
asing framework for LLMs. We first compare011
Direct-Answer (DA) prompting to Chain-of-012
Thought (CoT) prompting across eight repre-013
sentative open- and closed-source LLMs. DA014
will trigger the nature bias part of LLM and015
improve measured unfairness by 534.5% −016
391.9% in both one-turn and two-turn dia-017
logues. Next, we define a token-to-head contri-018
bution score that traces each token’s influence019
back to individual attention heads. This reveals020
a small cluster of bias heads that activate under021
DA but stay largely dormant with CoT, pro-022
viding the first causal link between prompting023
strategy and bias emergence. Finally, building024
on this, we propose DIFFHEADS that identifies025
bias heads through differential activation analy-026
sis between DA and CoT, and selectively masks027
only those heads. DIFFHEADS reduces unfair-028
ness by 49.4%, and 40.3% under DA and CoT,029
respectively, without harming model utility.030

1 Introduction031

Recent breakthroughs in large language models032

(LLMs) have transformed the landscape of AI ap-033

plications (Fan et al., 2024; Achiam et al., 2023;034

Touvron et al., 2023), making them the engine be-035

hind tasks as varied as knowledge retrieval, reason-036

ing, code synthesis, and open-ended dialogue. With037

their rapid adoption in high-stakes, user-facing sys-038

tems, the question of fairness has become central039

to responsible deployment (Fan et al., 2024; Zhu040

et al., 2024; Dai et al., 2024). Left unchecked, un-041

fair generation patterns not only erode the credi-042

bility of the information provided but also amplify043

existing societal inequities, disproportionately af- 044

fecting vulnerable groups (Dai et al., 2024; Li et al., 045

2023). Consequently, systematic bias investigation 046

and mitigation in LLMs are essential for enabling 047

responsible AI deployment. 048

Previous studies examine LLM fairness largely 049

through ad-hoc prompt engineering, probing for 050

“gotcha” inputs that elicit biased answers, yet shed- 051

ding little light on the internal mechanisms that 052

generate those biases (Fan et al., 2024; Li et al., 053

2024; Marchiori Manerba et al., 2023; Abhishek 054

et al., 2025). Many recent benchmarks adopt a 055

single-turn, question-and-answer format (Li et al., 056

2024; Abhishek et al., 2025; Marchiori Manerba 057

et al., 2023); while convenient, this setup oversim- 058

plifies real dialogue and overlooks the cumulative, 059

context-dependent nature of prejudice, thereby un- 060

derestimating real-world risk. FairMT-Bench (Fan 061

et al., 2024) moves to multi-turn evaluation and 062

indeed shows that unfair behaviour often surfaces 063

only when the conversation becomes sustained and 064

context-rich. Yet even this line of work concen- 065

trates on which scenarios trigger bias, not on why 066

the uncovered responses arise, nor on how different 067

prompting styles modulate that behaviour. 068

In this paper, we study LLM fairness through 069

two distinct prompting strategies, Direct Answer 070

(DA) and Chain-of-Thought (CoT), investigating 071

how different cognitive processing modes influ- 072

ence the manifestation and escalation of biased 073

outputs. Our comprehensive analysis across eight 074

representative LLMs, encompassing four open- 075

source models, Llama-3.1-8B-Instruct (Meta AI, 076

2024), Qwen2.5-7B-Instruct (Qwen Team, 2024), 077

DeepSeek-V2-Lite-Chat (DeepSeek AI, 2024), 078

Gemma-3-12B-It (Google, 2025) and four closed- 079

source models, GPT-4o-mini (OpenAI, 2024), 080

Claude-4-Sonnet (Anthropic, 2025), o4-mini (Ope- 081

nAI, 2025), and Grok-3 (xAI, 2025), reveals that 082

DA consistently generates biased outputs regard- 083

less of model architecture, presenting an average of 084
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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.

9.42 of unfairness, while CoT demonstrates signifi-085

cantly improved fairness performance, with an av-086

erage of 51.80 of unfairness across all these LLMs.087

This consistent pattern across diverse model ar-088

chitectures raises a critical question: What causes089

such dramatically different fairness outcomes be-090

tween these two different prompting approaches?091

The magnitude of this disparity suggests that DA092

and CoT may activate different computational path-093

ways within LLMs, leading to distinct bias out-094

comes. Inspired by this, we hypothesize that this095

discrepancy stems from the differential activation096

of specific attention heads within LLMs. Certain097

attention heads are predominantly responsible for098

bias generation during DA processing, while these099

same heads remain dormant when models engage100

in CoT reasoning. This hypothesis suggests that101

the fairness advantage of CoT may not result from102

fundamentally different reasoning capabilities, but103

rather from its ability to bypass bias-prone com- 104

ponents within the model architecture. Figure 1 105

illustrates the insight of our method intuitively. 106

To validate our hypothesis, we introduce an im- 107

portance score that systematically quantifies acti- 108

vation patterns between DA and CoT conditions 109

by measuring the significance of activation heads 110

within LLMs. Through comprehensive empirical 111

experiments, we find that specific attention heads 112

within LLMs are latent bias heads—components 113

that are selectively activated based on the prompt- 114

ing strategy employed. Our analysis reveals that: 115

First, these bias heads exhibit significantly higher 116

importance scores for DA scenarios, actively con- 117

tributing to the generation of biased outputs. Sec- 118

ond, under CoT conditions, these same bias heads 119

remain largely dormant, showing substantially re- 120

duced activation levels and minimal influence on 121

model behavior. This differential activation pat- 122

tern validates our bias head hypothesis and offers a 123

mechanistic explanation for the consistent fairness 124

advantage of CoT over DA. 125

Leveraging these findings, we introduce a tar- 126

geted model editing approach that selectively edits 127

the identified bias heads to achieve better fairness 128

alignment without compromising overall model 129

performance. Comprehensive experiments show 130

the effectiveness of this method, significantly en- 131

hancing the fairness of LLMs, with an average im- 132

provement of 44.85% among the two most widely- 133

used leading LLMs, Llama-3.1-8B-Instruct and 134

Qwen2.5-7B-Instruct. 135

Contributions. We make following contributions. 136

• We comprehensively analyze LLMs’ fairness is- 137

sues through two promoting strategies, Direct 138

Answer (DA), and Chain-of-Thought (CoT). 139

• We introduce an importance score to quantify and 140

identify the biased attention heads within LLMs, 141

explaining the fairness disparity between DA and 142

CoT. 143

• We propose an effective model editing approach 144

to mitigate the fairness concerns for two most 145

widely used leading LLMs, achieving an aver- 146

age 49.4%, and 40.3% improvements for these 147

models, respectively. 148

• We conduct comprehensive experiments, includ- 149

ing differential analysis and empirical study, to 150

validate our findings and approaches. We will 151

release our scripts once published. 152

2



2 Background & Related Work153

2.1 LLMs & Applications154

LLMs, which function as conversational AI sys-155

tems, such as ChatGPT (Achiam et al., 2023),156

Claude Sonnet (Anthropic, 2025), LLaMA (Tou-157

vron et al., 2023), Qwen (Bai et al., 2023), and158

DeepSeek (Liu et al., 2024) have revolutionized the159

field of natural language processing (NLP). These160

modern LLMs typically employ deep transformer161

architectures consisting of multiple stacked layers.162

Each layer contains several self-attention heads that163

compute token-to-token dependencies and collec-164

tively determine the final token-probability distribu-165

tion (Achiam et al., 2023; Touvron et al., 2023; Liu166

et al., 2024). With the proliferation of LLMs, prac-167

titioners explored different prompt strategies to op-168

timize model responses. The most straightforward169

approach was Direct Answering (DA) (Han et al.,170

2024), where users pose questions directly to the171

model and expect immediate responses (Achiam172

et al., 2023). However, as tasks grew more complex173

and nuanced, Chain-of-Thought (CoT) prompting174

(Wei et al., 2022) was developed, which encourages175

models to break down problems into intermediate176

reasoning steps before arriving at final answers,177

significantly boosting factual accuracy and inter-178

pretability (Dutta et al., 2024; Wen et al., 2024a).179

This approach has since become the default set-180

ting in contemporary LLM deployments (Sprague181

et al., 2024). With these advancements, LLMs have182

been extensively deployed across numerous critical183

domains, such as healthcare (Yang et al., 2024), fi-184

nance (Cornelius, 2025), and education (Wen et al.,185

2024b), where even subtle biases can translate into186

profound societal harm and exacerbate existing in-187

equalities (Fan et al., 2024; Li et al., 2024; Mar-188

chiori Manerba et al., 2023). For example, Yang189

et al. (2024) demonstrates that an LLM-based ra-190

diology report generator systematically underesti-191

mated care requirements for Black patients com-192

pared to demographically similar White patients,193

revealing embedded racial biases in clinical deci-194

sion support systems. This underscores the urgent195

need for systematic approaches to identify, under-196

stand, and mitigate bias in LLM-based sensitive197

applications (Fan et al., 2024; Li et al., 2024; Mar-198

chiori Manerba et al., 2023).199

2.2 Unfairness & Mitigations200

LLM unfairness refers to the generation of bi-201

ased outputs that disadvantage certain demographic202

groups, perpetuating stereotypes and discrimina- 203

tory patterns (Fan et al., 2024; Li et al., 2024). 204

Existing fairness research primarily focuses on 205

two directions: bias examination and prompt-based 206

mitigation. Approaches like (Li et al., 2024; Ab- 207

hishek et al., 2025; Marchiori Manerba et al., 2023) 208

create single-turn question-answer pairs to evalu- 209

ate demographic biases. FairMT-Bench (Fan et al., 210

2024) extends bias evaluation to multi-turn conver- 211

sations to capture context-dependent biases. While 212

for mitigation methods (Schick et al., 2021; Gal- 213

legos et al., 2024; Kamruzzaman and Kim, 2024; 214

Yang et al., 2023; Zayed et al., 2024), most of them 215

rely predominantly on prompt engineering tech- 216

niques, such as adding fairness instructions (Kam- 217

ruzzaman and Kim, 2024) or using in-context learn- 218

ing to guide model behavior toward more equitable 219

outputs (Abhishek et al., 2025; Marchiori Manerba 220

et al., 2023). Although prompting engineering- 221

based techniques are easy and straightforward, the 222

above methods suffer from several critical limita- 223

tions. First, they build on manually crafted prompts 224

that provide limited coverage and may not capture 225

the full spectrum of bias manifestation patterns. 226

Second, they focus on identifying what triggers 227

unfair outputs rather than understanding why these 228

biases emerge, resulting in surface-level mitigation 229

strategies that lack mechanistic insights into the 230

underlying causes of unfairness. Beside them, Li 231

et al. (2025) attempt to handle LLM unfairness 232

during the inference stage through activation steer- 233

ing. However, it relies on a pre-trained classifier 234

to detect unfairness activation vectors, which in- 235

curs additional training and inference time. Yang 236

et al. (2023) and Zayed et al. (2024) attempt to 237

handle LLM unfairness from the perspective of 238

interpretability. Yang et al. (2023) develop an un- 239

fairness metric that hinges on fixed word-to-word 240

association statistics. Because it assumes static tem- 241

plates rather than free-form generation, the metric 242

generalizes poorly to open-ended generative LLMs. 243

Zayed et al. (2024) propose FASP to identify the 244

bias heads and then prune them. However, FASP 245

can only measure the contribution of a single atten- 246

tion head to unfairness and overlook the influence 247

of group heads. 248

3 DIFFHEADS 249

3.1 Preliminary 250

The emergence of sophisticated reasoning capabili- 251

ties in LLMs has fundamentally transformed how 252
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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-253

mental mechanisms underlying bias manifestation254

in LLM outputs remain largely unexplored, hin-255

dering our ability to develop fair AI systems. To256

address this challenge, we comprehensively inves-257

tigate the root causes of LLM unfairness by sys-258

tematically examining how different cognitive pro-259

cessing modes affect bias manifestation, employing260

Direct Answer (DA) and Chain-of-Thought (CoT)261

prompting strategies across varying conversational262

rounds as analytical instruments to uncover the un-263

derlying mechanisms that drive unfair outputs.264

Prompting Strategies. We start from two funda-265

mentally different prompting approaches: Direct266

Answer (DA) and Chain-of-Thought (CoT). The DA267

strategy solicits immediate responses from LLMs,268

mimicking intuitive human decision-making pro-269

cesses, while CoT prompting approach encourages270

explicit step-by-step reasoning, emulating deliber-271

ate cognitive procedures. This distinction is crucial272

as these two strategies represent fundamentally dif-273

ferent approaches to information processing that274

are both widely deployed in real-world applica-275

tions, yet may exhibit distinct bias patterns—DA276

prompting conceals the reasoning process where bi-277

ases might emerge undetected, while CoT prompt- 278

ing exposes intermediate reasoning steps that could 279

either reveal or mitigate unfair judgments. 280

Conversational Turns. Beyond single-turn inter- 281

actions, we extend our investigation to examine 282

how conversational depth affects fairness manifes- 283

tation by comparing one-turn and two-turn dia- 284

logue settings (Shaikh et al., 2022). The one-turn 285

setting captures initial LLMs’ responses to fairness- 286

sensitive scenarios, representing the most common 287

deployment scenario. The two-turn setting intro- 288

duces follow-up interactions that simulate real- 289

world conversational patterns, where users may 290

seek clarification, challenge initial responses. 291

Key Insights. We test eight representative LLMs, 292

including four open-source models, Llama-3.1-8B- 293

Instruct, Qwen2.5-7B-Instruct, DeepSeek-V2-Lite- 294

Chat, Gemma-3-12B-It, and four closed-source 295

models, GPT-4o-mini, Claude-4-Sonnet, o4-mini, 296

and Grok-3, with DA and CoT prompting strategies 297

across one-turn and two-turn conversation settings. 298

We identify a key insight: adopting CoT prompting 299

rather than DA substantially reduces unfairness in 300

every model and dialogue depth examined (Fig- 301

ure 3). With one-turn conversation setting, CoT 302
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cuts unfairness by 61.9%, 88.9%, 90.5%, 92.4%,303

90.6%, 87.7%, 75.3%, and 88.3% for Llama-3.1-304

8B-Instruct, Qwen2.5-7B-Instruct, DeepSeek-V2-305

Lite-Chat, Gemma-3-12B-It, GPT-4o-mini, Claude-306

4-Sonnet, o4-mini, and Grok-3, respectively. Simi-307

larly, under two-turn dialogues, the same CoT ad-308

vantage holds, with unfairness dropping by 44.3%,309

92.9%, 97.0%, 71.7%, 88.3%, 80.0%, 73.0%, and310

79.4% across all models. This finding underscores311

reasoning style (CoT over DA) as a powerful lever312

for reducing unfairness in LLMs, while providing313

a differential lens for probing the origins of bias314

and devising principled mitigation strategies.315

Research Question. This universal pattern across316

diverse model architectures and conversational set-317

tings raises a fundamental question: What underly-318

ing mechanisms account for such dramatically dif-319

ferent fairness outcomes between these two prompt-320

ing approaches? The magnitude and consistency of321

these disparities suggest that DA and CoT may en-322

gage different processing pathways within LLMs,323

involving distinct sets of model components that324

contribute differentially to bias generation.325

3.2 Hypothesis326

Hypothesis. The remarkable consistency of fair-327

ness disparities between DA and CoT across vari-328

ous models suggests that these prompting strategies329

engage different internal processing mechanisms330

rather than merely producing different surface-level331

outputs. Given that LLMs rely heavily on attention332

mechanisms to modulate information flow and fea-333

ture selection, we posit that the observed fairness334

differences stem from selective activation patterns335

within the attention architecture. Inspired by this,336

we introduce the bias-head dormancy hypothesis:337

for the last LLM’s attention layer, there exists a338

subset of attention heads that function as latent bias339

generators. These heads encode implicit associa-340

tions and stereotypical patterns absorbed from train-341

ing data, contributing disproportionately to unfair342

outputs when activated. Under DA prompting, the343

immediate response generation process heavily re-344

lies on these bias-prone heads, as the model draws345

upon readily accessible associative patterns with-346

out engaging corrective mechanisms. Conversely,347

CoT prompting fundamentally alters the compu-348

tational pathway by requiring explicit reasoning349

steps, which we hypothesize trigger alternative at-350

tention heads that mitigate the fairness issues.351

Validation. To probe this hypothesis, we352

carry out a targeted head-masking study using 353

Qwen2.5-7B-Instruct. For both DA and CoT, we 354

utilize two balanced 100-sample subsets—one 355

with fair answers and one with unfair answers and 356

test under the one-turn conversation setting. For 357

each input, we record the attention scores of all 358

heads in the final layer; a head is tagged as fair (or 359

unfair) if it falls within the top-k attention ranks 360

for the fair (or unfair) subset but not the other, 361

resolving ties by global rank. During inference we 362

progressively zero out the projections of the top-k 363

identified heads while leaving all other parameters 364

intact, and we quantify impact by measuring the 365

absolute change in unfairness, |∆|Unfairness—larger 366

values indicating greater head influence. 367

Figure 3a reveals that, under DA prompting, 368

masking bias-prone heads boosts unfairness by up 369

to 18, whereas masking an equal number of fair 370

heads changes the metric by at most 2. In contrast, 371

in the CoT setting (Figure 3b), the same opera- 372

tion elevates unfairness by as much as 60, while 373

fair-head masking stays at 7. The steep rise after 374

masking just five heads suggests that a small, spe- 375

cialized subset of late-layer attention heads exerts 376

disproportionate control over biased behavior. This 377

supports our hypothesis that DA relies on a few 378

bias-encoding heads, whereas CoT redirects com- 379

putation to alternative pathways, weakening their 380

influence. Therefore, identifying and neutralizing 381

these heads offers a lightweight yet potent avenue 382

for mitigating unfairness, confirming that fairness 383

disparities between DA and CoT stem from distinct 384

attention-head utilization patterns. 385

3.3 Fairness Alignment Approach 386

We introduce DIFFHEADS, operating as a 387

lightweight debiasing framework for large lan- 388

guage models that consists of three sequential 389

stages (Figure 4): (1) Differential Response Set 390

Generation, (2) Differential Unfair Heads Identifi- 391

cation, and (3) Attention Head Masking. 392

Differential Response Set Generation. Given a 393

pool Q of fairness-sensitive questions, we craft 394

DA and CoT prompt sets, denoting as QD, QC . 395

The DA prompts are produced by pre-pending the 396

question with the instruction “Please give the an- 397

swer directly without any reasoning process” which 398

steers the model toward an immediate reply (Han 399

et al., 2024). In contrast, the CoT prompts, appends 400

“Let’s think step-by-step” encouraging the model 401

to articulate its reasoning path (Wei et al., 2022). 402
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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.

Except for these minimal prefatory clauses, the403

wording of the underlying question is held con-404

stant, ensuring that any behavioural differences can405

be attributed solely to the requested answer style.406

Figure 4 illustrates an example for DA and CoT407

prompts. We then input every refined prompt p in408

QD ∪ QC into the target LLM fθ and record its409

textual answer y = fθ(p). Each answer y is then410

fed to a bias-and-toxicity detector F(·) that returns411

a binary label ℓ ∈ {fair, unfair}. This procedure412

yields fair set Sfair and unfair set Sunfair:413

Sfair =
{
(p,y) | ℓ = fair

}
Sunfair =

{
(p,y) | ℓ = unfair

} (1)414

Since every underlying question appears in both415

the DA and CoT styles, the two sets are matched416

in content; any systematic difference we later ob-417

serve can therefore be attributed to the model’s418

generation behaviour rather than prompt semantics.419

These balanced, labelled sets serve as the founda-420

tion for identifying the differential unfair heads, as421

discussed below.422

Differential Unfair Heads Identification. For h-423

th head of l-th layer, we measure how strongly that424

head’s output aligns with a reference direction. In425

practice, given (p, y) from Sfair or Sunfair , we uti-426

lize the first few tokens of y as the reference direc-427

tion. Let R be the set of response-token positions428

and v̄ref := 1
|R|

∑
r∈R vref,r the mean reference 429

vector. We further define the contribution score as 430

follows: 431

S
(l)
h =

1

|R|
∑
r∈R

[(
W

(l)
O,h z

(l)
r,h

)⊤
v̄ref

]2
+

(2) 432

Here z
(l)
r,h ∈ Rdhead is the value vector of head 433

(l, h) at token r, W(l)
O,h∈Rdmodel×dhead is its output- 434

projection matrix, and [·]+ = max(0, ·) is the 435

ReLU that keeps only positive dot products. Squar- 436

ing emphasises stronger contributions, and the 437

outer average normalises over all response tokens. 438

Attention Head Masking. After computing the 439

contribution scores in Equation (2), we z-normalise 440

the contribution scores S(l)
h of every layer l to make 441

scores from different layers comparable: 442

S̃
(l)
h =

S
(l)
h − µ(l)

σ(l)
, (3) 443

where µ(l) is the mean score and σ(l) is the tandard 444

deviation score of l-th layer. We then rank all stan- 445

dardized scores S̃(l)
h across layers and collect the k 446

most influential ones: 447

Hdiff =
{
(l, h)

∣∣ S̃(l)
h is among the top k heads

}
(4) 448

With this set, we apply binary variable m
(l)
h ∈ 449

{0, 1} for every head, where m
(l)
h = 1 if (l, h) ∈ 450
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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 popular general tasks that test LLM’s utility, including code generation (MBPP), mathemat-
ics (GSM8K), and knowledge comprehension (MMLU-CF). We utilize Code-BLEU (↑) for MBPP and accuracy (↑)
for GSM8K and MMLU-CF. Observe that our method has almost no impact on LLM’s general utility after editing.

Hdiff and 0 otherwise. During model inference, the451

value vector emitted by head (l, h) at position r is452

replaced by453

ẑ
(l)
r,h = (1−m

(l)
h ) z

(l)
r,h (5)454

This head masking leaves the model weights un-455

touched and incurs only a single element-wise mul-456

tiplication per head.457

4 Evaluation458

4.1 Experiment Setup459

Datasets. We extract fairness-sensitive questions460

from widely-used role-playing datasets (Li et al.,461

2024), including 6 sensitive attributes: race, gender,462

occupations, religion, age, and culture. Intuitive463

examples and data statistics are summarized in the464

Appendix. A total of 2,516 questions are collected465

for evaluation. With DA and CoT, each question466

will appear in both prompting conditions for con-467

trolled fairness evaluation. To evaluate the impact468

of DIFFHEADS on model utility, we utilize three469

different datasets across three tasks. MBPP (Austin470

et al., 2021) for code generation. GSM8K (Cobbe471

et al., 2021) for mathematics. MMLU-CF (Zhao472

et al., 2024) for knowledge comprehension.473

LLMs. We evaluate DIFFHEADS on Llama-474

3.1-8B-Instruct and Qwen-2.5-7B-Instruct, two475

widely-used LLMs that span different pre-training476

pipelines and language communities. Our im- 477

plementation hooks per-head activations with 478

Transformer-Lens (Nanda and Bloom, 2022), 479

whose current API supports models that adhere 480

closely to the GPT-NeoX–style architecture. Other 481

models are excluded because their architectures 482

diverge from this API specification. 483

Metrics. We utilize standard Unfairness (↓) to 484

assess DIFFHEADS. For every fairness-sensitive 485

prompt we pass the prompt–answer pair to evaluate- 486

judgellm with Qwen-2.5-Instruct-14B as sole judge. 487

If the judge flags the answer as a refusal, we call 488

it fair; anything else that carries discriminatory, 489

stereotyping, or disparaging content is stamped un- 490

fair. Unfairness measures the proportion of prompts 491

that get the unfair label. The lower the number, the 492

fairer the model. 493

Computation Devices. All experiments were run 494

on a single server equipped with four NVIDIA 495

A100 GPUs, and the codebase uses Pytorch 2.7.0 496

and CUDA 12.4.1. 497

4.2 Experimental Results 498

We conduct a comprehensive study to evaluate 499

DIFFHEADS by answering two questions: How ef- 500

fective is DIFFHEADS in mitigating bias , and Will 501

DIFFHEADS cause a degrading model utility? 502

For the first question, we utilize Unfairness (↓) 503

to evaluate the effectiveness of DIFFHEADS. For 504
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fairness-sensitive questions, Unfairness means the505

portion of answers that contain biased content. As506

shown in Table 1. In the 1-turn scenario, DIFF-507

HEADS slashes unfairness by half: Llama-3.1-8B-508

Instruct falls from 57.93 ± 2.70 to 28.47 ± 1.79509

(–50.8 %), while Qwen2.5-7B-Instruct drops from510

31.73 ± 1.42 to 10.80 ± 2.81 (–66.0 %). Two-turn511

dialogs show a comparable 44.7 % average reduc-512

tion (e.g., Llama DA 47.53 → 18.67). By contrast,513

randomly masking heads can actually worsen bias514

(e.g., 57.93 → 68.07). This suggests that untar-515

geted head masking may amplify model unfair-516

ness rather than mitigate it. For the second ques-517

tion, we select three representative generative tasks518

to evaluate LLM’s utility, including code genera-519

tion on MBPP (Austin et al., 2021), mathematics520

on GSM8K (Cobbe et al., 2021), and knowledge521

comprehension on MMLU-CF (Zhao et al., 2024).522

We utilize Code-BLEU (↑) (Ren et al., 2020) for523

MBPP and Accuracy (↑) for GSM8K and MMLU-524

CF. Table 2 reports the results, indicating that our525

method introduces minimal degradation to model526

utility. On MBPP, both Llama-3.1-8B-Instruct and527

Qwen2.5-7B-Instruct exhibit negligible changes in528

Code-BLEU (5.88→5.83 and 8.28→8.29, respec-529

tively), well within the margin of variance. For530

GSM8K, a slight decrease in accuracy is observed531

(4.17 and 1.82), but the models still maintain strong532

performance, suggesting our method does not com-533

promise mathematical reasoning capability. Simi-534

larly, on MMLU-CF, the accuracy drop is modest535

(6.65 and 2.25), indicating that our approach re-536

tains general knowledge reasoning to a large extent.537

These results demonstrate that DIFFHEADS only538

has minimal impact on model utility while achiev-539

ing fairness improvements.540

5 Discussion541

Major Insights. Our study reveals a consistent and542

sizeable fairness gap between Direct Answer (DA)543

prompting and Chain-of-Thought (CoT) prompting544

across eight modern LLMs. Switching from CoT to545

DA raises the unfairness score by 534.5%−391.9%546

across one-turn and one-turn dialogues, indepen-547

dent of architecture and dialogue depth. By tracing548

attention patterns in these models, we show that549

a small subset of bias heads is highly active dur-550

ing DA yet largely dormant during CoT. Editing551

(masking) only those heads—the DIFFHEADS ap-552

proach—cuts unfairness by a further 49.4%, 40.3%553

for DA and CoT while leaving accuracy on rep-554

resentative tasks unchanged (Tables 1 and 2). In 555

addition, contribution score analysis reveals a dor- 556

mancy phenomenon: when reasoning is prompted, 557

the model shifts computation to alternative heads, 558

suppressing those linked to biased answer genera- 559

tion. DIFFHEADS exploits this by zeroing only the 560

culpable projections; the operation is an element- 561

wise multiplication that adds negligible run-time 562

overhead. 563

Advantages Over Prior Work. Prompt-level debi- 564

asing, such as self-debiasing (Schick et al., 2021; 565

Gallegos et al., 2024) or fairness instructions (Kam- 566

ruzzaman and Kim, 2024; Abhishek et al., 2025), 567

can clean up outputs but sheds little light on why a 568

given prompt succeeds or fails. Activation-steering 569

frameworks (e.g., FairSteer (Li et al., 2025)) rely on 570

external classifiers, introduce an additional training 571

loop, and add inference overhead. Head-pruning 572

approaches like FASP (Zayed et al., 2024) inspect 573

heads in isolation, overlooking their joint dynam- 574

ics. In contrast, our differential analysis leveraging 575

DA and CoT shows that the choice of reasoning 576

style itself exposes a latent bias sub-network and 577

pinpoints groups of heads via cross-style contrasts, 578

enabling us to mask them without auxiliary models, 579

retraining, or runtime slowdowns. 580

Practical Implications. In practice, DIFFHEADS 581

functions as a pure inference-time mask, making 582

it a drop-in mitigation that can sit atop both pro- 583

prietary APIs and open-source models, provided 584

the interface allows value hooking. Our results fur- 585

ther imply that prompting models to articulate their 586

reasoning already offers a first-line defense when 587

weights are fixed. Finally, the token-to-head contri- 588

bution scores serve as an auditing lens, spotlighting 589

internal components that merit deeper inspection. 590

6 Conclusion 591

This paper shows that unfair answers in LLM stem 592

largely from a group of bias heads. We uncover 593

that Direct Answer prompts activate a set of bias 594

heads, whereas Chaint-of-Thought prompts do not. 595

By differentially identifying these heads with a con- 596

tribution score and masking only those few, DIFF- 597

HEADS significantly reduces unfairness for LLMs 598

while leaving task accuracy and computational cost 599

unchanged. This work shifts bias mitigation from 600

ad-hoc prompt tweaks to a lightweight, mechanis- 601

tic fix that can be applied to almost any LLM and 602

invites future exploration of dynamic head control 603

across languages and modalities. 604
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7 Limitations605

While DIFFHEADS offers a lightweight and effec-606

tive solution for mitigating unfairness in LLMs,607

several limitations remain. First, our method as-608

sumes access to per-head attention activations dur-609

ing inference, which may not be feasible for some610

proprietary APIs or highly optimized model serv-611

ing environments. Second, we evaluate only two612

prompting styles, DA and CoT, whereas real-world613

applications may exhibit more diverse prompting614

patterns that activate bias in different ways. Ad-615

ditionally, our experiments are conducted on gen-616

eral LLMs. It remains unclear whether the same617

bias head dynamics hold in multilingual or domain-618

specific models (e.g., finance LLMs, healthcare619

LLMs, and legal document LLMs).620

In future work, we will explore adaptive mask-621

ing strategies that dynamically disable heads based622

on inputs. We could also integrate our method623

into model pretraining or fine-tuning pipelines for624

proactive bias control.625
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A Appendix 795

A.1 The data statistics 796

Table 3 summarizes the dataset used for our un- 797

fairness evaluation. Each category corresponds 798

to a fairness-sensitive attribute, and the Example 799

column illustrates the representative contrast em- 800

ployed in the prompts for that attribute (e.g., for 801

Age, we contrast young adults with older adults). 802

The Count column reports the number of questions 803

associated with each attribute. In total, the unfair- 804

ness evaluation dataset contains 2,516 questions. 805

A.2 Evaluate Judgellm 806

For each fairness-sensitive prompt, we submit the 807

prompt together with the model’s response to a 808

Judge LLM (Qwen-2.5-Instruct-14B), which out- 809

puts a binary judgment (Fair or Unfair) accom- 810

panied by a brief rationale. An answer is labeled 811

Fair if the model refuses to take a position in the 812
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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 3: The statistics of the data used during our evaluation on unfairness.

Dataset Task # Test

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

Table 4: The dataset we utilize to validate the model util-
ity 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 5: The computational costs of DIFFHEADS.

forced A-or-B choice and instead provides a neu-813

tral, fairness-preserving explanation. Conversely,814

an answer is labeled Unfair if the model explicitly815

selects one side of the A-or-B question or produces816

content that is discriminatory, stereotypical, or dis-817

paraging toward a demographic group.818

A.3 Computational costs819

The overhead of DIFFHEADS is minimal and820

comes from just two stages: differential unfair821

heads identification and attention heads masking.822

With a size of 100 generated differential response823

set, we deploy DIFFHEADS and record the calcula-824

tion costs. Qwen2.5-7B-Instruct is utilized as the825

original model. As shown in Table 5, the total time826

cost to identify the unfair heads is only 6.43 sec-827

onds. On inference, compared to the original model828

without attention head masking, DIFFHEADS only829

delays 0.19 seconds per sample, which is accept-830

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.

able. Together, these results demonstrate that DIFF- 831

HEADS delivers bias mitigation with virtually no 832

computational burden. 833
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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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