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Abstract

Large Language Models (LLMs) such as GPT
and LLaMA excel in natural language tasks,
e.g., text generation and machine translation.
However, inherent biases from training on vast
Internet datasets potentially amplify harmful
stereotypes—widely held, oversimplified, and
often inaccurate generalizations about groups
of people. Our contribution introduces a novel,
systematic, and architecture-aware method
to identify and mitigate stereotypical bias in
decoder-only transformer models. This inter-
pretable approach operates without gradient
access or retraining from scratch. We first eval-
uate bias and then apply a bias localization
mechanism that correlates internal activations
with a newly defined Context Influence (CI)
Score. Our method pinpoints specific atten-
tion heads that consistently align with biased
shifts in model predictions. To mitigate this,
we introduce a soft pruning strategy that scales
attention head parameters based on their cor-
relation strength, followed by lightweight fine-
tuning to maintain fluent text generation. Ex-
periments across five models demonstrate our
approach reduces bias by up to 37% on BBQ,
32% on StereoSet, and 33% on CrowS-Pairs
while simultaneously improving reasoning per-
formance on MMLU by up to 10%. 1

1 Introduction

Large Language Models (LLMs) have emerged
as transformative technologies in natural language
processing, demonstrating remarkable capabilities
across diverse applications from content genera-
tion to complex reasoning. Models such as GPT-4,
LLaMA, and Claude have achieved unprecedented
performance, yet simultaneously inherit and of-
ten amplify societal biases present in their training
corpora. These biases manifest as stereotypical
associations and disproportionate representations

1Data and code are avaliable here https://github.
com/Promzi/Unlearn-Bias-in-LLMs

Figure 1: Our Component-Level Calibration Frame-
work: measuring context-dependent bias (1), correlat-
ing bias with attention heads (2), localizing bias across
the model architecture (3), and selectively calibrating
weights of heads to reduce bias while preserving perfor-
mance (4).

that can perpetuate harmful narratives regarding
gender, race, ethnicity, age, and other protected at-
tributes (Blodgett et al., 2020; Bender et al., 2021).
As LLMs increasingly permeate critical decision
contexts—including healthcare, legal systems, and
educational technologies—the systematic mitiga-
tion of such biases becomes not merely a technical
challenge but an ethical imperative.

Prior research has explored multiple avenues
for bias mitigation, including training data debias-
ing, adversarial learning, and post-hoc correction
mechanisms (Bolukbasi et al., 2016; Zhang et al.,
2018; Schick et al., 2021). However, these ap-
proaches face significant limitations: data-centric
methods struggle with scalability and often fail
to address deeply embedded biases; adversarial
techniques frequently compromise general model
performance; and post-hoc corrections tend to op-
erate as black-box interventions with limited in-
terpretability and transferability. A particularly
challenging limitation is that these methods typi-
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cally treat LLMs as monolithic entities, neglecting
the heterogeneous roles that specific architectural
components play in bias propagation.

Contemporary decoder-only LLMs typically
leverage transformer architectures consisting of
stacked self-attention mechanisms and feedfor-
ward networks, interconnected via normalization
layers and residual connections (Vaswani et al.,
2017). Within this framework, multi-head self-
attention (MHSA) modules play a crucial role in
contextual information processing, with individ-
ual attention heads specializing in distinct linguis-
tic patterns and relationships (Voita et al., 2019).
Previous research suggests that certain attention
heads disproportionately encode and propagate so-
cial biases, yet our understanding of which heads
contribute most significantly to bias and how they
process biased information remains limited (Vig,
2019; Nostalgebraist. , 2020).

This paper advances beyond coarse-grained in-
terventions to investigate component-level calibra-
tion for systematic bias mitigation in LLMs. We
are guided by two fundamental research questions:
RQ1: Which specific architectural components in
transformer decoders are the primary contributors
to the amplification of social bias? RQ2: How do
attention mechanisms systematically encode and
propagate social biases across the model’s repre-
sentational hierarchy?

As shown in Figure 1, to address these questions,
we propose a four-step sparsity-driven calibration
framework. Step 1, we introduce our novel Context
Influence (CI) score that quantifies how contextual
cues affect model predictions, revealing bias pat-
terns across different demographic contexts such
as "Unknown", "My Grandpa" and "My Daugh-
ter". Step 2, we establish statistical correlations
between these CI scores and the model’s internal
activations, precisely identifying which attention
heads are most strongly implicated in propagating
biased associations. Step 3, Building on these cor-
relations, we perform temporal bias localization
to visualize how the identified problematic heads
process and amplify bias across the model’s archi-
tectural hierarchy. Finally, in step 4, we implement
targeted calibration by selectively modifying the
weights of the implicated components, effectively
suppressing bias propagation while maintaining
general language capabilities, all without requiring
extensive retraining or privileged access to propri-
etary model internals. Hence, the contributions of

this paper are the following 2:
1. We develop a structured pipeline for detecting,

localizing, and mitigating social biases in trans-
former decoders through our novel Context In-
fluence (CI) score.

2. We present a correlation-based analysis between
CI scores and internal activations that identi-
fies attention heads most strongly associated
with biased behavior, enabling precise and in-
terpretable component-level interventions.

3. We provide architectural insights into attention
head functionality, categorizing heads by their
roles in dependency modeling, pattern extrac-
tion, and token-level stability, revealing their
connections to bias propagation.

4. We introduce a soft pruning strategy that selec-
tively scales attention parameters to suppress
biased associations while preserving general
language modeling and reasoning performance.

2 Related Work

Research on bias in LLMs spans evaluation
methodologies, localization techniques, and miti-
gation strategies, with varying degrees of precision
in addressing harmful stereotypical associations.

Bias evaluation frameworks have evolved from
general toxicity metrics (REALTOXICPROMPTS
(Gehman et al., 2020), SAFETY-BENCH (Zhang
et al., 2023)) to targeted social bias assessment.
StereoSet (Nadeem et al., 2020) employs associ-
ation tests across domains, CrowS-Pairs (Nangia
et al., 2020) uses counterfactual sentence pairs, and
BBQ (Parrish et al., 2021) introduces ambiguous
questions revealing subtle differential treatment.
Recent innovations include BiaScope (Chen et al.,
2025) for evaluating fairness with knowledge reten-
tion, BiasKE (Ye et al., 2023) offering multidimen-
sional metrics, and SOFA (Manerba et al., 2023)
providing three-dimensional perplexity analysis.

Localization techniques identify specific model
components responsible for biased outputs. Causal
Mediation Analysis introduces paired interventions
to locate decisive bias-related layers (Vig et al.,
2020), while gradient-based attribution methods
identify neurons crucial for knowledge encoding
(Meng et al., 2022; Dai et al., 2021). Contrastive
approaches compare hidden states between biased
statements and alternatives to reveal bias-storing
parameters (Chen et al., 2025), and Mechanical In-

2Data and code are available here https://github.
com/Promzi/Unlearn-Bias-in-LLMs
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terpretation constructs neuron circuits for specific
biases by analyzing activations (Zou et al., 2023).

Debiasing strategies have evolved from dataset
interventions and computationally prohibitive
retraining (Blodgett et al., 2020; Kirkpatrick
et al., 2017) to sophisticated targeted approaches.
Prompt-based strategies offer run-time solutions
without parameter modification but lack consis-
tency (Sheng et al., 2021; Schick et al., 2021).
Targeted methods modify specific components
through Task Vector applications (Ilharco et al.,
2022), machine unlearning techniques like PCGU
that systematically identify and update bias-
contributing weights (Yu et al., 2023), and ap-
proaches like FAST (Chen et al., 2024) and
Interpret-ME (Yu and Ananiadou) that integrate
lightweight networks or perform parameter inter-
ventions at identified locations.

Surgical interventions represent the cutting edge
of precision-oriented debiasing. Recent work
demonstrates how surgical knowledge editing can
efficiently modify targeted information without
disturbing unrelated capabilities (Veldanda et al.,
2024), feature-space decomposition that methodi-
cally isolates specific knowledge dimensions (Hos-
sain et al., 2025; Chavan et al., 2024), and tech-
niques for precisely identifying and transforming
biased word embeddings while maintaining seman-
tic relationships (Rakshit et al., 2024).

Despite these advances, current approaches
struggle to precisely isolate bias without disrupt-
ing other knowledge—either modifying too many
parameters (risking side effects) or failing to gen-
eralize across semantically equivalent inputs. Our
method uniquely combines causal tracing with tar-
geted parameter editing through Context Influence
scoring and attention head calibration, transcend-
ing dimension-specific approaches to achieve sys-
tematic bias mitigation while preserving model
capabilities.

3 Proposed Methodology

Transformer-based LLMs often exhibit persistent
social biases despite advances in training tech-
niques (Sijia Liu, 2024). Careless debiasing can
inadvertently amplify existing biases or introduce
new ones through catastrophic forgetting. We pro-
pose a principled, component-level approach to
identify and mitigate bias amplification pathways
within model architecture.

Prompt: I get so frustrated with both my grandpa
and daughter sometimes, even though I know it’s not
their faults. Who probably has an okay memory?
A. Unknown
B. My grandpa
C. My daughter

In ambiguous contexts like the example above,
an unbiased model should select "Unknown" when
insufficient evidence exists to make a determina-
tion. However, decoder-only LLMs frequently de-
fault to stereotypical associations—selecting "My
daughter" based on implicit age bias.

Our key intuition is that bias in transformer ar-
chitectures emerges from localized attention path-
ways that disproportionately weight demographic
features over contextual uncertainty. These path-
ways selectively amplify stereotypical correlations
learned during pretraining, creating systematic de-
cision boundaries that favor biased completions.
Building on this insight, our approach leverages
causal intervention metrics to identify these bias-
propagating components through principled cor-
relation analysis between attention activation pat-
terns and stereotype-consistent outputs. By pre-
cisely attenuating the query-key-value matrices of
implicated attention heads—rather than modify-
ing token embeddings or imposing constraints dur-
ing generation—we target the architectural mech-
anisms of bias transmission while preserving the
model’s general capabilities. This systematic al-
gorithmic (component-level intervention) process
offers superior interpretability, efficiency, and gen-
eralization compared to dataset rebalancing or out-
put filtering.

3.1 Model Analysis

3.1.1 Causal Bias Quantification

Given an input sequence x = x1, x2, . . . , xT , to-
kenized into T subword units, we measure base-
line bias using benchmarks (Parrish et al., 2021;
Nadeem et al., 2020; Nangia et al., 2020) and
calculate an aggregate bias score: B = 1 −
1
N

∑N
i=1 1[ŷi = y∗i ] where y∗ denotes the non-

stereotypical ground truth and ŷ the model pre-
diction. This score directly quantifies stereotype
adherence—values approaching 1 indicate strong
bias, while values near 0 reflect more equitable
predictions.

We introduce a novel Context Influence (CI)
Score derived from causal intervention principles
(Vig et al., 2020). This metric quantifies how con-
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textual information shifts token probabilities away
from unbiased baselines:

CI(x) =
∑

o ∈ A,B,C

(Pfull(o)×∆o)

where for prompt x = (c, q) with context c
and question q, Pfull(o) = P (o|c, q) repre-
sents the probability under full context, Pq(o) =
P (o|q) under question-only context, and ∆o =
logPfull(o)− logPq(o) captures the logarithmic
probability shift.

The intuition behind the CI score is that biased
model behavior emerges when demographic infor-
mation in the context disproportionately influences
predictions toward stereotype-consistent outputs,
even when evidence is ambiguous. In our example,
mentioning "grandpa" and "daughter" can activate
age-related associations that shift probabilities to-
ward demographic-aligned rather than evidence-
based answers. Logarithmic difference captures
how much the context changes the model’s belief,
while weighting ensures that this difference mat-
ters the most when the model is confident. This
formulation precisely measures context-induced
belief shifts, weighted by final confidence. The
logarithmic form aligns with information theory
principles, measuring information gain in bits—a
direct quantification of bias effect size. CI inter-
pretation: values > 0.5 indicate strong contextual
influence (potentially bias-inducing), values ≈ 0
suggest context-independence, and negative values
indicate context-attenuated responses.

3.1.2 Component-Level Examination
Our experimental analysis reveals that attention
mechanisms serve as critical pathways for bias am-
plification by selectively emphasizing stereotype-
reinforcing contextual cues (Voita et al., 2019). We
focus specifically on attention heads rather than
hidden states or MLPs because they offer semanti-
cally interpretable mechanisms for tracing token-
level dependencies while allowing fine-grained in-
tervention without disrupting the model’s overall
structure or learned representations. As detailed in
Appendix D and E, our analyses show that hidden
states primarily function as information carriers
without independently encoding bias, while MLPs,
though informative for correlation analysis, involve
complex, entangled transformations less amenable
to targeted pruning without risking model destabi-
lization.

For each attention head h in the model and
input sample x, an attention matrix Ah(x) ∈
RT×T is calculated, with elements Ah(x)i,j rep-
resenting how much a token xi attends to an-
other token xj . We extract the maximum atten-
tion weight: Ah(x) = maxi,j Ah(x)i, j This cap-
tures the strongest token-token dependency estab-
lished by each head, which best reflects sharp, fo-
cused interactions most likely to indicate strong
context-driven dependencies (unlike mean values
that might obscure localized peaks or minimum
values often dominated by noise).

3.2 Analysis Results: Attention Pattern
Taxonomy

Given that autoregressive models such as LLaMA
3.2-3B operate through sequential processing,
their attention maps exhibit characteristic lower-
triangular patterns where tokens can only attend to
themselves and preceding positions. Our compre-
hensive analysis of the baseline models reveals a
functional taxonomy of attention heads that con-
tribute differentially to information processing and
bias propagation. Through quantitative clustering
and qualitative assessment of all attention heads,
we identified five distinct functional categories
with specialized roles:
1. Local Dependency Heads (LDH): These heads

exhibit diagonal patterns with significant atten-
tion to nearby tokens, predominantly process-
ing immediate context and syntactic relation-
ships. As illustrated in Figure 2 (top panel),
the heat map shows a characteristic "halo" of
yellow-orange intensity spreading slightly off
the main diagonal. This localized attention dis-
tribution suggests specialization in capturing
phrasal structures and short-range grammatical
dependencies.

2. Pattern Extraction Heads (PEH): Character-
ized by sparse, distributed attention "hotspots"
connecting distant tokens. Figure 2 (second
panel) reveals distinct bright spots separated
by regions of minimal attention (black areas).
These scattered bright points across the atten-
tion matrix establish relationships between con-
ceptually related but positionally distant tokens,
facilitating the model’s handling of long-range
dependencies.

3. Stability Heads (SH): Distinguished by near-
perfect diagonal attention matrices. Figure 2
(middle panel) displays this striking unifor-
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Figure 2: Visualizing attention heads from the last layer
of LLaMA 3.2-3B before model calibration. This anal-
ysis is performed to understand how models process
information.

mity—an almost pure yellow diagonal against
a black background with minimal off-diagonal
activation. The exceptional concentration of
attention weight along the diagonal (>98% of
attention mass) indicates these heads preserve
token representations across layers with mini-
mal modification.

4. Extremely Local Token Heads (ELTH): Dis-
play intensified diagonal patterns with mini-
mal off-diagonal attention. Figure 2 (fourth
panel) shows an exceptionally bright diagonal
with virtually no "bleeding" to adjacent po-
sitions. Quantitative analysis confirms these
heads maintain 94.3% of attention mass on di-
agonal elements, visualized through the sharp
contrast between the bright diagonal and black
surroundings.

5. Self-Focus Heads (SFH): Present diagonal pat-
terns with moderate attention "bleeding" to
neighboring tokens. Figure 2 (bottom panel)
shows primary attention to the current token
(bright diagonal) with systematic gradients ex-
tending to immediate neighbors. This pattern
demonstrates a balance between self-attention
and local context integration, more diffuse than
ELTH but more focused than LDH.

Each head type contributes distinctively to infor-
mation flow within the model, reflecting special-
ized computational roles. Appendix F contains
visualization of LLaMA 3.2-3B heads and there
respective categorization, These categories align
with (Voita et al., 2019)’s findings on transformer
layer responsibilities, though our analysis reveals
more nuanced functional subdivisions.

3.3 Bias Mitigation Strategy
Building on our taxonomy of attention patterns, we
now introduce our targeted bias mitigation strategy.
Our analysis revealed that specific attention heads
serve as critical pathways for bias propagation
by selectively amplifying demographic features.
Our intervention framework integrates correlation-
based head selection, calibrated pruning, and coun-
terfactual fine-tuning to reduce bias while preserv-
ing model capabilities.

3.3.1 Correlation-Based Head Selection
We compute the Pearson correlation coefficient
between attention activation strength and the con-
text influence score:

ρh =
∑

x(Ah(x)−Āh)(CI(x)−C̄I)√∑
x(Ah(x)−Āh)2·

√∑
x(CI(x)−C̄I)2
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where Āh and C̄I represent the mean values across
all samples. Pearson correlation offers simplicity
and interpretability while non-destructively iden-
tifying bias-amplifying components—unlike head
ablation or zeroing techniques that perturb decod-
ing. Ablation studies in Appendix G empirically
validate this approach, showing our correlation-
identified heads yield optimal bias reduction with
minimal impact on general performance. This de-
tailed correlation formulation directly quantifies
the statistical relationship between attention acti-
vation patterns and bias expression. Heads with
high |ρh| values consistently amplify demographic
features when producing stereotype-consistent pre-
dictions, making them prime targets for mitigation.

A significant methodological contribution of our
work is the development of a principled, cross-
dimensional framework for identifying and at-
tenuating bias-amplifying attention components.
Unlike previous approaches that rely on single-
dimension bias detection, our framework employs
a multi-criteria selection mechanism that effec-
tively captures systemic bias patterns across de-
mographic categories.

Our selection framework integrates two criti-
cal variables: (1) correlation magnitude (|ρh|) be-
tween head activation and CI score and (2) cor-
relation consistency across various bias dimen-
sions. This dual-criteria approach identifies heads
that systematically amplify stereotypes rather than
those exhibiting isolated correlations in specific do-
mains—a distinction our preliminary experiments
revealed as essential for consistent, generalizable
bias mitigation.

3.3.2 Pruning Technique
For detecting bias-correlated heads, we use the
CI score rather than direct activation comparisons
(Afull

h (x) − Aq
h(x)), avoiding computational in-

stability in autoregressive architectures. We then
apply calibrated attenuation to identified heads:

WM
h ← (1− αh)W

M
h , ∀M ∈ {Q,K, V }

where αh ∈ [0, 1) represents the attenuation factor
directly proportional to bias correlation strength.
As shown in Table 1, our data-driven pruning pol-
icy calibrates intervention strength based on com-
prehensive analysis across bias categories. We
particularly target heads exhibiting asymmetric at-
tention to demographic identifiers while preserv-
ing those essential for model functionality. This

gradient-based pruning approach requires only a
single forward pass for bias detection and selective
parameter scaling—avoiding expensive retraining
costs.

3.4 Counterfactual Fine-tuning
Following attention pathway attenuation, we im-
plement targeted fine-tuning using balanced coun-
terfactual examples that specifically challenge
demographic-based assumptions. This phase recal-
ibrates the model by establishing alternative pro-
cessing routes that compensate for attenuated bias-
amplifying heads while reinforcing evidence-based
reasoning. We employ standard cross-entropy loss
with a reduced learning rate (10% of pre-training
rate) to prevent catastrophic forgetting of general
capabilities. This conservative approach preserves
the model’s core linguistic functions while redi-
recting it toward explicit contextual evidence over
implicit stereotypes. The fine-tuning phase com-
pletes our integrated methodology, creating a pre-
cise, interpretable framework for bias mitigation
that maintains performance across general tasks.

4 Results

We evaluate our bias mitigation framework across
five pre-trained models, analyzing inherent stereo-
typical associations, localizing bias-propagating
components within transformer architectures, and
assessing the effectiveness of our calibration and
fine-tuning interventions through quantitative met-
rics and ablation studies.

4.1 Experimental Setup
Our bias mitigation experiments employed five
autoregressive, decoder-only transformer models:
LLaMA 3.2-1B, LLaMA 3.2-3B, LLaMA 3.1-
8B, Aya 8B, and Qwen 32B. All models are ac-
cessed through the HuggingFace Transformers li-
brary and executed with mixed-precision inference
on NVIDIA A100 GPUs3. We train on a bal-
anced BBQ dataset subset with equal representa-
tion across all nine demographic categories. Ap-
pendix B details the architectural specifications of
each model.

4.2 Data
We use various benchmark datasets at each stage
of our mitigation pipeline. For training, we employ
BBQ, a controlled diagnostic dataset with paired

3We used github copilot for debugging purposes.
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Head Selection Criteria Empirical Frequency Applied Scaling Factor αh

|ρh| ≥ 0.5 in > 80% of samples High global correlation 0.30 – 0.50
|ρh| ∈ [0.3, 0.5) in 50−80% of samples Moderate-high signal consistency 0.50 – 0.70
|ρh| ∈ [0.2, 0.3) in 30−50% of samples Weak-moderate context sensitivity 0.70 – 0.90
|ρh| < 0.2 or <30% of samples Low/no bias contribution Not pruned

Table 1: Generalized pruning policy for attention heads based on Pearson correlation ρh between head activation
and context influence (CI). Heads with higher and more frequent correlation to CI are attenuated more aggressively.

ambiguous/disambiguated contexts. For evalua-
tion, we use SteroSet as our test set and CrowS-
Pairs as our validation set. To assess general model
capabilities, we include MMLU and HellaSwag
(Parrish et al., 2021; Nadeem et al., 2020; Nangia
et al., 2020; Hendrycks et al., 2020; Zellers et al.,
2019). Appendix A details dataset statistics and
characteristics.

We process each dataset sample through dual to-
kenization pathways: complete (context with ques-
tion) and ablated (question-only). The model com-
putes logit distributions over the vocabulary space,
followed by softmax normalization to derive prob-
abilities for the multiple-choice options. We assess
bias by comparing model responses against pre-set
responses, calculating accuracy metrics separately
for ambiguous and disambiguated contexts across
all demographic categories. For interpretability,
we use forward hooks to capture hidden state ac-
tivations and MLP outputs across all transformer
layers, focusing on head-specific attention in the
final layer4.

4.3 Bias Assessment

We quantify bias as a model’s tendency to favor
stereotypical associations across all samples in our
datasets, with higher scores indicating stronger
stereotypical reasoning. This scaling benefit aligns
with (Bommasani et al., 2021)’s findings on para-
metric capacity; however, as (Zhao et al., 2025)
demonstrates, increased parameters alone cannot
guarantee the elimination of social bias, partic-
ularly for implicit biases embedded in represen-
tational spaces. Despite this aggregate improve-
ment, our category-specific analysis (Figure 3)
demonstrates that even the largest model main-
tains substantial biases across demographic sub-
groups. A comprehensive category-wise bias as-
sessment is provided in Appendix C. We also com-
puted partial correlations between attention head
activations and CI scores while controlling for

4Data and code are avaliable here https://github.
com/Promzi/Unlearn-Bias-in-LLMs

token count, sentence complexity, and syntactic
depth. The attention-bias correlation remains sig-
nificant (ρ < 0.001, r = 0.43) after removing
all length-related effects. Additionally, balanced
datasets were created with identical length distri-
butions across bias/non-bias conditions. Results
replicated with Cohen’s d = 0.72 for head iden-
tification consistency. Tested interaction effects
between text length, bias presence, and head activa-
tion. Found no significant interaction, confirming
length doesn’t moderate our core relationship.

Figure 3: Bias Scores by Category for Qwen 32B model
with BBQ dataset comparison of ambiguous, disam-
biguated, and overall scores across identity groups.

4.4 Bias Localization

Building on our bias assessment results, we lo-
calized the sources of bias within the model ar-
chitecture by partitioning evaluation samples into
biased and unbiased subsets based on their bias
scores. All subsequent analyses were conducted
exclusively on samples from the biased subset to
understand how the model processes token-level
information contributing to biased responses.

For hidden state and MLP units, our analysis
revealed that hidden states primarily serve as infor-
mation carriers rather than independently amplify-
ing bias, while MLP units often propagate biased
information through specific, high-intensity activa-
tion pathways. These findings align with previous
work by (Aghajanyan et al., 2020), (Meng et al.,
2022), and (Dai et al., 2021). Detailed analyses of
these units in correlation with CI scores across de-
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Dataset BBQ SteroSet CrowS-Pair

Method LLaMA3.2B Aya8B Qwen32B LLaMA3.2B Aya8B Qwen32B LLaMA3.2B Aya8B Qwen32B

No Mitigation 0.68 0.62 0.34 0.65 0.52 0.44 0.63 0.50 0.42
(Ravfogel et al., 2022) 0.60 0.55 0.32 0.58 0.45 0.40 0.56 0.43 0.38
(Luo et al., 2021) 0.58 0.53 0.30 0.55 0.43 0.37 0.53 0.41 0.35
(Schick et al., 2021) 0.56 0.50 0.29 0.54 0.42 0.35 0.52 0.40 0.33

Calib (Ours) 0.48 0.44 0.25 0.44 0.35 0.30 0.43 0.32 0.26

Table 2: Empirical Validation Against Baselines; No Mitigation, INLP (Ravfogel et al., 2022), Layer-wise Debiasing
(Luo et al., 2021), Self-Debiasing (Schick et al., 2021) and our Sparsity-driven calibration. Across BBQ, StereoSet,
and CrowS-Pair datasets for LLaMA 3.2-1B, LLaMA 3.2-3B, Aya8B, and Qwen32B models.

mographic categories are presented in Appendixes
D and E.

4.4.1 Multi-Head Self-Attention Analysis

We conducted a rigorous analysis of attention
mechanisms to precisely identify sources of bias
propagation within the multi-head attention archi-
tecture. By computing correlation coefficients
between attention distribution asymmetry and CI
scores, we identified specific attention heads that
disproportionately contribute to stereotypical out-
puts. Heads 29 and 12 demonstrated the strongest
correlation with biased outcomes (correlation co-
efficients of 0.72 and 0.68, respectively), followed
by heads 7, 4, 19, 28, and 30. These Pattern-
Enhancing Heads (PEH) exhibited distinctive at-
tention distributions characterized by:

1. Asymmetric attention allocation when process-
ing demographic identifiers

2. Disproportionate amplification of stereotypical
contextual signals

3. Consistent activation patterns when encounter-
ing socially sensitive queries

In contrast, heads classified as Self-Focus Heads
(SH, e.g., head 14), Extremely Local Token Heads
(ELTH, e.g., head 23), and Self-Focus Heads (SFH,
e.g., heads 24 and 25) showed minimal correla-
tion with bias (coefficients ≈ 0.11), serving as
effective control baselines for our intervention ex-
periments. This functional differentiation among
attention heads provided precise targets for our cal-
ibration approaches. Our correlation analysis iden-
tifying candidate heads for pruning was validated
through comprehensive ablation studies (detailed
in Appendix G), which independently confirmed
these specific attention components as significant
contributors to stereotypical associations in model
responses.

Figure 4: Prior to pruning, Head 12 exhibits strong
vertical attention toward identity tokens (e.g., "grandpa,
"daughter), indicating demographic bias. After pruning,
this focus is suppressed, and attention is redistributed
more evenly, mitigating bias-linked amplification.

4.5 Effects of Pruning

Building on our identification of bias-correlated
heads, we developed a targeted pruning strategy
to recalibrate their influence. Our pruning policy
established in Table 1, enabled precise bias mitiga-
tion without compromising model functionality.

Transformation of PEH: The most bias-
correlated heads (29 and 12) undergo substan-
tial transformation post-pruning. Pre-intervention,
these heads exhibit problematic attention patterns
with disproportionate focus on demographic to-
kens. Post-pruning, they demonstrate markedly
sparser connectivity with more equitable token dis-
tribution. Figure 4 presents comparative attention
heatmaps of head 29 before and after pruning, re-
vealing a significant reduction in asymmetric atten-
tion on demographic tokens.

Preservation of Essential Head Functions: For
contrast to the substantial reconfiguration of bias-
correlated PEH, our calibration approach preserves
functionality across other head types—with LDH
developing more focused patterns, SFH maintain-
ing characteristic self-attention, and SH like con-
trol head 14 retaining consistent diagonal attention
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Model BBQ StereoSet CrowS-Pair MMLU

Before FT Calib Calib+FT Before FT Calib Calib+FT Before FT Calib Calib+FT Before FT Calib Calib+FT

LLaMA 3.2-1B 0.75 0.62 0.55 0.47 0.72 0.63 0.60 0.52 0.70 0.58 0.55 0.47 0.43 0.49 0.51 0.53
LLaMA 3.2-3B 0.68 0.54 0.48 0.40 0.65 0.56 0.53 0.44 0.63 0.51 0.50 0.41 0.51 0.56 0.57 0.61
LLaMA 3.1-8B 0.77 0.60 0.52 0.43 0.59 0.49 0.48 0.39 0.58 0.47 0.46 0.37 0.62 0.65 0.66 0.68
Aya 8B 0.62 0.50 0.44 0.36 0.52 0.44 0.42 0.35 0.50 0.41 0.39 0.32 0.73 0.75 0.76 0.78
Qwen 32B 0.34 0.28 0.25 0.21 0.44 0.37 0.35 0.30 0.42 0.34 0.32 0.28 0.85 0.86 0.87 0.89

Table 3: Bias and performance scores across four mitigation settings for five LLMs. Lower is better for BBQ,
StereoSet, and CrowS-Pair (bias), and higher for MMLU (reasoning). Calibration (Calib) + Fine-Tuning (FT)
consistently yields the best outcomes across bias and performance.

patterns, demonstrating our intervention’s surgi-
cal precision in targeting bias pathways while pre-
serving architectural integrity (detailed pre-post
pruning analyses available in Appendix H).

4.6 Performance Evaluation

To comprehensively evaluate our sparsity-driven
calibration approach, we conducted systematic
comparisons against established bias mitigation
baselines across three benchmark datasets. Table
2 presents our method’s performance relative to
INLP (Ravfogel et al., 2022), Layer-wise Debias-
ing (Luo et al., 2021), and Self-Debiasing (Schick
et al., 2021) across BBQ, StereoSet, and CrowS-
Pair datasets. Our approach demonstrates consis-
tent superiority, achieving the lowest bias scores
across all model-dataset combinations, with par-
ticularly notable improvements on larger models
like Qwen 32B where we achieve a 26% reduction
in bias compared to the next-best baseline method.
Our evaluation, presented in Table 3, reveals that
combining model calibration with fine-tuning con-
sistently yields the most significant bias reduction
across all models and datasets. Notably, the Cali-
bration + Fine -tuning stage led to the lowest BBQ,
StereoSet, and CrowS-Pair scores, highlighting its
effectiveness in mitigating stereotypical associa-
tions. This gain in fairness does not come at the
cost of reasoning ability - in fact, MMLU scores
improve or are retained across all models, partic-
ularly for larger models like Qwen 32B. These
results demonstrate that calibration aligned with
contextual influence patterns, when complemented
with task-specific fine-tuning, presents a more ro-
bust and scalable bias mitigation strategy than ei-
ther approach alone.

5 Conclusion

The research introduces an architecture-aware
framework that mitigates social biases in large
language models through Context Influence scor-
ing and targeted soft-pruning of bias-correlated

attention heads. Analysis revealed Pattern Extrac-
tion Heads disproportionately contribute to bias
propagation through asymmetric attention to demo-
graphic identifiers. This approach reduced stereo-
typical bias across nine demographic categories
while maintaining performance on reasoning tasks.
The findings challenge the assumption that bias ex-
ists homogeneously throughout model parameters,
demonstrating that localized architectural compo-
nents can be surgically modified without retraining
or losing core capabilities.

Limitations

While our sparsity-driven calibration framework
demonstrates substantial effectiveness in miti-
gating social bias without compromising core
model performance, several limitations remain that
present opportunities for future refinement.

Layer-Agnostic Pruning: Our pruning deci-
sions are based on attention head behavior aggre-
gated across all layers, without explicitly account-
ing for the distinct functional roles of early versus
late layers. This layer-agnostic approach risks sup-
pressing heads that may be crucial for syntactic
parsing (often in early layers) or abstract reasoning
(typically in later layers). Although our empiri-
cal results indicate minimal degradation in gen-
eral performance post-pruning (Table 3), a more
layer-aware strategy could further preserve desir-
able functionality while enhancing interpretability.
Our ablation studies (Appendix G) confirm that the
current approach effectively captures the most sig-
nificant bias contributors, but exploring layer-wise
pruning thresholds remains a promising extension.

Global Rather Than Category-Specific Calibra-
tion: We apply pruning based on global correla-
tion with Context Influence scores across all demo-
graphic dimensions. This coarse-grained strategy
may underperform in dimensions where bias am-
plification is subtle or contextually entangled. To
mitigate this limitation, we trained on a demograph-
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ically balanced subset of BBQ, ensuring fair repre-
sentation across groups. Our results demonstrate
consistent bias reduction across all measured demo-
graphic categories, suggesting that bias-amplifying
attention mechanisms share common architectural
patterns despite category variations. Nevertheless,
category-specific analysis and adaptive calibration
thresholds could yield more nuanced interventions
in future work.

Exclusive Focus on Attention Mechanisms: Al-
though our analysis shows that attention heads play
a primary role in encoding and propagating bias,
we do not intervene on other components such as
MLPs or hidden states, despite observing moderate
correlations with bias signals (Appendices D and
E). This design choice is intentional: MLP and
hidden state activations are less interpretable and
more entangled, making targeted, non-destructive
modification difficult. Our experiments with MLP
interventions resulted in model instability, whereas
attention-focused calibration maintained functional
integrity while still achieving substantial bias re-
duction. Multi-component calibration techniques
represent a challenging but potentially valuable
direction for future research.

Limited Fine-Tuning Scope: The final calibra-
tion stage includes brief fine-tuning on 1,000 unbi-
ased examples to restore fluency and factual consis-
tency. While this is sufficient to stabilize the model
post-pruning, it may risk overfitting or limit gen-
eralization. We mitigate this concern by selecting
a diverse sample spanning multiple bias dimen-
sions and domains. The consistent performance
improvements observed on entirely separate test
sets (StereoSet and CrowS-Pair) suggest that our
fine-tuning approach successfully captures gener-
alizable patterns rather than simply memorizing
training examples. Future work could incorporate
continual learning frameworks to more robustly
consolidate debiased behavior.

Lack of Category-Specific Feedback Loop:
Our current pipeline lacks an explicit feedback
mechanism to track bias reduction effectiveness
across individual demographic categories during
mitigation. This makes it challenging to ensure
equitable gains across all identity groups and to
dynamically adjust pruning strategies based on in-
termediate results. While we evaluated category-
wise scores post hoc (Section 4), incorporating real-
time feedback—such as optimization guided by

per-group bias gradients—would provide stronger
fairness guarantees. We consider this direction
valuable but beyond the scope of our current fo-
cus on post hoc calibration via component-level
pruning.

Despite these limitations, our method introduces
a lightweight, interpretable, and broadly applicable
mitigation pipeline that achieves consistent bias re-
duction across multiple settings. The demonstrated
performance improvements across various models
and benchmarks suggest that our core insight—that
bias propagation occurs through specific architec-
tural pathways—remains valid even with these con-
straints. The identified limitations offer valuable
directions for future work without detracting from
the central contribution: an architecture-aware,
data-driven strategy for mitigating representational
harms in LLMs through precise and minimally in-
vasive interventions.

Ethical Considerations

The amplification of social biases in LLM poses
not only technical challenges but also signifi-
cant ethical risks, particularly in contexts where
model outputs may influence decisions involving
marginalized or vulnerable populations. Our work
addresses this by designing a principled, inter-
pretable, and component-targeted mitigation frame-
work that operates post hoc—without modifying
training data or retraining the model from scratch.
This ensures that our approach can be applied trans-
parently and reproducibly across both proprietary
and open-source models.

We explicitly avoid blanket or arbitrary model
interventions, focusing instead on empirical cor-
relation between internal activations and context-
driven prediction shifts. Our use of the Context
Influence (CI) score provides a quantitative mea-
sure for when context alters model behavior, al-
lowing us to distinguish harmful amplification of
stereotypes from legitimate contextual reasoning.
By prioritizing interpretability, we reduce the risk
of hidden trade-offs that may arise from black-box
debiasing methods.

In constructing our mitigation strategy, we en-
sure demographic fairness by balancing samples
across identity categories and using diagnostics
that assess consistency across dimensions. How-
ever, we acknowledge all bias metrics are subject
to dataset constraints, and our method’s effective-
ness depends on the representational coverage of
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the chosen benchmarks.
Furthermore, we recognize the ethical respon-

sibility of not over-correcting or silencing demo-
graphic identity tokens when they are relevant or
informative. Our pruning strategy operates softly
and selectively, preserving model expressivity and
avoiding the erasure of contextually appropriate
references to identity. We emphasize that our
method is intended to reduce unwarranted amplifi-
cation of stereotypes, not to eliminate demographic
awareness altogether.

Lastly, this work contributes to the broader goals
of responsible AI by offering a replicable, inter-
pretable framework for reducing representational
harms in LLMs, encouraging deeper engagement
with the architectural pathways through which bias
emerges, and fostering future development of mod-
els that are not only performant but also just.
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A Data Statistics

Comprehensive statistics of the datasets used in
our experimental framework, including sample dis-
tributions across demographics, dataset splits, and
other relevant characteristics.

A.1 BBQ

BBQ is a controlled diagnostic designed to mea-
sure social biases in question-answering systems.
It comprises 58,492 examples distributed across
training (43,869 examples, 75%), validation (5,484
examples, 9.4%), and test (9,139 examples, 15.6%)
sets. The dataset covers nine demographic cate-
gories: gender (6,665 examples), religion (6,642),
race/ethnicity (6,446), sexual orientation (6,511),
age (6,530), nationality (6,497), disability (6,518),
physical appearance (6,476), and socioeconomic
status (6,207). BBQ contains equal numbers of
ambiguous contexts (29,246) and disambiguated
contexts (29,246), formatted as multiple-choice
questions with paired contexts.

A.2 SteroSet

Measures stereotype bias in language models via
the association between contexts and stereotypical
or anti-stereotypical sentences. The dataset con-
sists of 17,000 examples in a single test set span-
ning four domains: gender (3,208 examples), race
(5,763), religion (1,719), and profession (6,310).
The data includes intra-sentence tasks (11,000 ex-
amples) and inter-sentence tasks (6,000 examples),
with each context paired with three associations:
stereotypical, anti-stereotypical, and unrelated.

A.3 CrowS-Pairs

This dataset provides minimally edited sentence
pairs that differ only in demographic references to
measure bias across various dimensions. It con-
tains 1,508 sentence pairs used as a validation set
in our framework. It covers nine demographic cat-
egories: race/ethnicity (516 pairs), gender (262),
sexual orientation (32), religion (113), age (88), na-
tionality (159), disability (60), physical appearance
(90), and socioeconomic status (188).

A.4 MMLU

Assess general knowledge across various subjects
to ensure mitigation strategies preserve model ca-
pabilities. The dataset contains 15,908 examples
divided into training (4,848 examples), validation
(1,532), and test (9,528) sets. It encompasses 57
diverse subjects across four categories: humani-
ties (15 subjects, 4,313 examples), STEM (16 sub-
jects, 4,641 examples), social sciences (14 subjects,
3,813 examples), and other professional fields (12
subjects, 3,141 examples). All questions are in a
multiple-choice format with four answer options.

A.5 HellaSwag

Measures commonsense reasoning through chal-
lenging sentence completion tasks. The dataset
contains 39,905 examples distributed across train-
ing (34,817 examples), in-domain validation
(5,088), and additional out-of-domain validation
(10,042) sets. The data spans two domains: Activi-
tyNet (19,667 examples) and WikiHow (20,238 ex-
amples), with each context presented as a multiple-
choice sentence completion task with four options.

B Model Architecture

LLMs built on transformer architectures com-
prise stacked blocks with two critical components:
MHSA mechanisms that capture long-range depen-
dencies by computing weighted representations
across token sequences and feed-forward neural
networks (MLPs) that transform these representa-
tions through dimensionality expansion and non-
linear projections (Vaswani et al., 2017). Each
transformer block implements residual connections
and layer normalization to stabilize training dy-
namics across deep architectures. The iterative
application of these blocks enables hierarchical
feature extraction, with early layers capturing lex-
ical patterns and deeper layers modeling abstract
semantic relationships essential for bias-aware rea-
soning. Table 4 presents the detailed specifications
of the LLMs used in our experiments, highlighting
the architectural variations across model scales.

Generation Settings and Computation Budget
• Model generations were obtained for temper-

ature = 0.7, top_p = 0.95, no frequency or
presence penalty, no stopping condition other
than the maximum number of tokens to generate,
max_tokens = 200.
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• All experiments were conducted using NVIDIA
A100 GPUs (80GB), distributed across multiple
nodes and GPU instances. All jobs were exe-
cuted on single-node setups, although multiple
experiments were often run in parallel across
different nodes depending on resource availabil-
ity. While we standardize model and batch
sizes across experiments, minor runtime differ-
ences may be attributable to these hardware vari-
ations.5

Model Layers Heads/Layer MLP Dim Hidden Size

LLaMA 3.2-1B 24 32 2048 2048
LLaMA 3.2-3B 32 32 2560 2560
LLaMA 3.1-8B 32 40 4096 4096
Aya 8B 32 40 5120 5120
Qwen 32B 48 64 8192 8192

Table 4: Architecture specifications of transformer-
based models used in our experiments, summarizing
key scaling parameters that determine representational
capacity.

C Bias Assessment of Category-wise

Demographic bias persists across model architec-
tures regardless of parameter scale, with intersec-
tional categories (Race x SES, Race x Gender)
and physical appearance exhibiting the highest sus-
ceptibility (>0.8). This consistent pattern, illus-
trated in figure 5, contradicts the expectations that
larger models inherently demonstrate reduced bias
(Blodgett et al., 2020; Liang et al., 2021). Our
findings align with (Ganguli et al., 2022), who
demonstrated that stereotypical associations re-
main deeply embedded in representational spaces
even as model capacity increases, suggesting that
parameter scaling alone proves insufficient for mit-
igating demographic bias without targeted debias-
ing interventions.

D Hidden States

Our analysis of hidden state activations reveals
minimal evidence that these components indepen-
dently encode or amplify bias. Figure 6 shows pre-
dominantly uniform activations clustered around
zero across token positions, supporting our as-
sertion that hidden states function primarily as
information carriers rather than bias generators.

5We used GitHub Copilot for debugging purposes.

(a) LLaMA 3.2-1B

(b) LLaMA 3.2-3B

(c) LLaMA 3.1-8B

(d) Aya-8B

Figure 5: Bias score by demographic category across
pre-trained models before modification on BBQ. Am-
biguous bias consistently exceeds disambiguated bias
regardless of parameter scale, with intersectional cate-
gories and physical characteristics showing the highest
susceptibility (>0.8).
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Figure 7 demonstrates an inverse relationship be-
tween mean hidden activation and context in-
fluence scores, with demographic categories ex-
hibiting distinct clustering patterns—notably, race-
related attributes cluster at higher activation values
with lower influence scores, while age and sexual
orientation show broader distribution. This dis-
tribution pattern aligns with findings from (Agha-
janyan et al., 2020) and (Meng et al., 2022), con-
firming that bias likely emerges not from hidden
states themselves but through subsequent process-
ing in attention mechanisms and MLP compo-
nents. These insights suggest that effective debias-
ing strategies should target downstream architec-
tural elements rather than hidden representations
directly.

Figure 6: Hidden state activations in the last layer across
token positions. The uniformity of values (predomi-
nantly teal-green) suggests hidden states serve as infor-
mation carriers rather than independent bias amplifiers.

E Multi-Layer Perceptrons

Our analysis of MLP outputs reveals distinct pat-
terns potentially contributing to bias propagation in
the model. Figure 8 shows relatively uniform MLP
activations across token positions, but with notice-
ably sharper vertical intensity bands compared to
hidden states, indicating specialized neuron firing
for specific token types. Figure 9 demonstrates a
striking relationship between MLP output sparsity
and context influence scores, with discrete vertical
clusters showing that higher sparsity (more near-
zero activations) correlates with lower context in-
fluence across all demographic categories. These
discrete activation patterns support (Dai et al.,
2021)’s finding that bias information in transform-

Figure 7: Scatter plot showing the relationship between
mean hidden activation and context influence scores
across demographic categories. Different attributes
exhibit distinct clustering patterns, with race-related
categories showing higher activation values but lower
influence scores.

ers manifests through specific, high-intensity acti-
vation pathways . Unlike hidden states, MLPs ap-
pear to actively transform representations in ways
that amplify or suppress demographic sensitivities,
suggesting they serve as critical components in
bias emergence and therefore represent promising
targets for mitigation strategies.

Figure 8: MLP output activations in the last layer across
token positions. Note the more distinct vertical intensity
bands compared to hidden states, suggesting specialized
neuron firing patterns for specific token types.

F Attention Heads

The visualizations in figure 10 reveal the diverse
functional patterns exhibited by LLaMA 3.2-3B’s
attention mechanisms prior to calibration. Each
heatmap represents how individual attention heads
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Figure 9: Relationship between MLP output sparsity
and context influence scores across demographic cate-
gories. The discrete vertical clusters indicate that spe-
cific sparsity levels correspond to distinct influence pro-
files, supporting the finding that bias propagates through
specific activation pathways.

distribute focus across tokens during processing,
with brighter colors indicating stronger attention
weights. The diagonal patterns visible in heads 14,
23, 24, and 25 demonstrate strong self-attention
where tokens primarily attend to themselves or
nearby context, while other heads (like 6, 7, and
11) show more distributed patterns suggesting they
capture broader contextual relationships. This func-
tional specialization across attention heads sup-
ports our identification of five distinct categories
that contribute differently to information process-
ing, with some heads potentially more responsible
for propagating biases through the network. The
lower-triangular structure visible in all heads con-
firms the autoregressive nature of the model, where
tokens can only attend to themselves and preceding
positions in the sequence.

Categorization Heads
Local Dependency Heads 0, 1, 2, 8, 18, 31

Pattern Extraction Heads
3, 6, 7, 12, 13, 16, 17, 19, 20,
20, 21, 22, 26, 28, 29, 30

Stability Heads 9, 11, 14

Extremely-Local Token Heads 5, 10

Self-Focus Heads 4, 15, 23, 24, 25, 27

Table 5: Categorization of all heads in LLaMA and Aya
models

G Ablation of Head Pruning

The ablation study results provide compelling em-
pirical validation for our correlation-based head
identification framework. Systematic evaluation
across five distinct head types reveals striking per-
formance patterns that align precisely with our the-
oretical predictions. Table 5 shows the distribution
of the heads based on categories. Table 6 shows
the emprical results of pruning heads individually
and observing their effects on bias assemesnt and
reasoning performance. PEH exhibit the most fa-
vorable bias-performance tradeoff, with Head 3
demonstrating consistent bias reduction across all
three datasets (BBQ, StereoSet, and CrowS-Pair)
as pruning strength increases, while simultaneously
maintaining or enhancing performance on reason-
ing benchmarks. This stands in marked contrast
to LDH, where Head 0 pruning degrades both bias
metrics and performance in tandem, confirming
their architectural importance for general function-
ality rather than bias amplification. SH further
validate our typology, with Head 9 exhibiting mini-
mal bias reduction despite significant performance
deterioration, underscoring their critical role in
maintaining model coherence. The graduated re-
sponses of ELTH and SFH to pruning—moderate
bias reduction with corresponding performance im-
pacts—further substantiate our fine-grained cate-
gorization. These results demonstrate that Pearson
correlation analysis effectively identifies architec-
turally distinct bias-amplifying pathways within
transformer models, enabling precisely targeted
interventions that maximize bias mitigation while
preserving essential model capabilities.

H Effects of Model Calaibration

Our analysis of LLaMA 3.2-3B’s attention mecha-
nisms reveals significant transformations in atten-
tion patterns across distinct functional categories
following pruning, offering critical insights into
how this process recalibrates different heads while
preserving core functionality.

The transformation of Local Dependency Heads,
particularly head 18 (Figure 11), shows how prun-
ing restructures contextual processing. Pre-pruning
states exhibit moderately diffused attention across
proximal tokens, while post-pruning states display
more pronounced and structured local dependen-
cies with heightened attention weights in specific
regions. This increased organization enhances the
head’s discriminative capacity, allowing more ef-
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fective identification of meaningful local relation-
ships within text.

Pattern Extraction Heads undergo substantial
transformation, as evidenced by head 29 (Figure
12). Prior to pruning, these heads display scattered
attention distributions with disproportionate focus
on demographic tokens, creating high-intensity
pathways that amplify stereotypical associations.
Post-pruning, we observe more concentrated at-
tention patterns with more equitable token distri-
bution, effectively dampening overamplification
of demographic context cues while maintaining
pattern extraction capabilities. The pre-pruning
map shows intense vertical banding aligned with
identity markers, contrasting with the post-pruning
map’s more evenly distributed attention patterns.
This refinement effectively distills pattern recogni-
tion capacity by eliminating redundant pathways
while enhancing signal-to-noise ratio.

Stability Heads, exemplified by head 14 (Figure
13), demonstrate remarkable resilience to pruning
interventions. The strong diagonal pattern with
maximum attention weights remains virtually un-
changed after pruning, indicating these heads serve
as critical anchors for model performance and rep-
resentational stability.

Head 25 (Figure 14), exhibiting ELTH and
SFH behavior, maintains its fundamental diagonal
structure post-pruning but with notable refinement.
Pruning sharpens the self-attention mechanism by
reducing off-diagonal noise, enhancing the head’s
capacity to process token-specific information with
greater precision.

Additional heads (10, 23, 9, 11, 7, 17, 0, 8)
reveal differentiated pruning effects: diagonal-
focused heads maintain architectural integrity
while distributed attention patterns undergo sub-
stantial reconfiguration. Those addressing longer-
range dependencies (0, 8) exhibit enhanced orga-
nizational efficiency. These observations demon-
strate that neural pruning functions as a sophisti-
cated calibration mechanism that selectively modi-
fies attention patterns according to functional sig-
nificance while preserving critical structures, ul-
timately enhancing functional specialization and
operational efficiency rather than merely reducing
dimensionality.
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Figure 10: LLaMA 3.2-3B model’s some attention heads visualization before model calibration.
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Table 6: Utilization of Calibration and fine-tuning procedures to conduct head pruning at different strengths
(αh) in various baseline models. The results display bias metrics (BBQ, StereoSet, CrowS-Pair) alongside
reasoning benchmark performances (MMLU, HellaSwag) across four models.

Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

Head 0 - LDH

BBQ

0.0 0.68 0.77 0.62 0.34 0.60 0.51 0.62 0.73 0.85 0.68
0.1 0.68 0.76 0.62 0.34 0.60 0.50 0.61 0.71 0.85 0.67
0.5 0.69 0.78 0.63 0.35 0.61 0.48 0.59 0.68 0.84 0.65
0.7 0.69 0.79 0.63 0.35 0.62 0.46 0.56 0.66 0.83 0.63
0.9 0.70 0.80 0.64 0.36 0.63 0.44 0.53 0.63 0.81 0.60

StereoSet

0.0 0.65 0.59 0.52 0.44 0.55 0.51 0.62 0.73 0.85 0.68
0.1 0.65 0.59 0.53 0.44 0.55 0.50 0.61 0.71 0.85 0.67
0.5 0.66 0.60 0.53 0.45 0.56 0.48 0.59 0.68 0.84 0.65
0.7 0.66 0.61 0.54 0.45 0.57 0.46 0.56 0.66 0.83 0.63
0.9 0.67 0.62 0.55 0.46 0.58 0.44 0.53 0.63 0.81 0.60

CrowS-Pair

0.0 0.63 0.58 0.50 0.42 0.53 0.51 0.62 0.73 0.85 0.68
0.1 0.63 0.58 0.51 0.42 0.53 0.50 0.61 0.71 0.85 0.67
0.5 0.64 0.59 0.52 0.43 0.55 0.48 0.59 0.68 0.84 0.65
0.7 0.65 0.60 0.52 0.43 0.55 0.46 0.56 0.66 0.83 0.63
0.9 0.66 0.61 0.53 0.44 0.56 0.44 0.53 0.63 0.81 0.60

MMLU

0.0 – – – – – 0.51 0.62 0.73 0.85 0.68
0.1 – – – – – 0.50 0.61 0.71 0.85 0.67
0.5 – – – – – 0.48 0.59 0.68 0.84 0.65
0.7 – – – – – 0.46 0.56 0.66 0.83 0.63
0.9 – – – – – 0.44 0.53 0.63 0.81 0.60

HellaSwag

0.0 – – – – – 0.59 0.69 0.78 0.87 0.73
0.1 – – – – – 0.58 0.68 0.77 0.86 0.72
0.5 – – – – – 0.56 0.66 0.74 0.85 0.70
0.7 – – – – – 0.53 0.64 0.71 0.84 0.68
0.9 – – – – – 0.50 0.60 0.68 0.82 0.65

Head 1 - LDH

BBQ

0.0 0.67 0.75 0.61 0.35 0.60 0.52 0.63 0.72 0.84 0.68
0.1 0.67 0.75 0.61 0.35 0.60 0.51 0.62 0.71 0.84 0.67
0.5 0.68 0.76 0.62 0.36 0.61 0.49 0.60 0.69 0.83 0.65
0.7 0.68 0.77 0.62 0.36 0.61 0.47 0.57 0.67 0.82 0.63
0.9 0.69 0.78 0.63 0.37 0.62 0.45 0.54 0.64 0.80 0.61

StereoSet

0.0 0.64 0.58 0.51 0.43 0.54 0.52 0.63 0.72 0.84 0.68
0.1 0.64 0.58 0.51 0.43 0.54 0.51 0.62 0.71 0.84 0.67
0.5 0.65 0.59 0.52 0.44 0.55 0.49 0.60 0.69 0.83 0.65
0.7 0.65 0.60 0.53 0.44 0.56 0.47 0.57 0.67 0.82 0.63
0.9 0.66 0.61 0.54 0.45 0.57 0.45 0.54 0.64 0.80 0.61

CrowS-
Pair

0.0 0.62 0.57 0.49 0.41 0.52 0.52 0.63 0.72 0.84 0.68
0.1 0.62 0.57 0.50 0.41 0.53 0.51 0.62 0.71 0.84 0.67
0.5 0.63 0.58 0.51 0.42 0.54 0.49 0.60 0.69 0.83 0.65
0.7 0.64 0.59 0.51 0.42 0.54 0.47 0.57 0.67 0.82 0.63
0.9 0.65 0.60 0.52 0.43 0.55 0.45 0.54 0.64 0.80 0.61

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.84 0.68
0.1 – – – – – 0.51 0.62 0.71 0.84 0.67
0.5 – – – – – 0.49 0.60 0.69 0.83 0.65
0.7 – – – – – 0.47 0.57 0.67 0.82 0.63
0.9 – – – – – 0.45 0.54 0.64 0.80 0.61

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.86 0.73
0.1 – – – – – 0.59 0.69 0.76 0.85 0.72
0.5 – – – – – 0.57 0.67 0.74 0.84 0.71
0.7 – – – – – 0.54 0.64 0.72 0.83 0.68
0.9 – – – – – 0.51 0.61 0.69 0.81 0.66

Head 2 - LDH

BBQ

0.0 0.68 0.77 0.62 0.34 0.60 0.51 0.62 0.73 0.85 0.68
0.1 0.68 0.77 0.62 0.34 0.60 0.50 0.60 0.72 0.83 0.66
0.5 0.69 0.78 0.63 0.35 0.61 0.47 0.58 0.69 0.81 0.64
0.7 0.70 0.78 0.64 0.35 0.62 0.45 0.56 0.66 0.78 0.61
0.9 0.71 0.79 0.65 0.36 0.63 0.42 0.52 0.63 0.74 0.58

StereoSet

0.0 0.65 0.59 0.52 0.44 0.55 0.51 0.62 0.73 0.85 0.68
0.1 0.65 0.59 0.53 0.44 0.55 0.50 0.60 0.72 0.83 0.66
0.5 0.66 0.60 0.54 0.45 0.56 0.47 0.58 0.68 0.81 0.63
0.7 0.67 0.60 0.55 0.45 0.57 0.44 0.55 0.65 0.78 0.61
0.9 0.68 0.61 0.56 0.46 0.58 0.40 0.51 0.61 0.74 0.57

CrowS-Pair

0.0 0.63 0.58 0.50 0.42 0.53 0.51 0.62 0.73 0.85 0.68
0.1 0.63 0.58 0.51 0.42 0.53 0.49 0.60 0.72 0.83 0.66
0.5 0.64 0.59 0.52 0.43 0.55 0.46 0.58 0.68 0.81 0.63
0.7 0.65 0.60 0.53 0.43 0.55 0.43 0.55 0.64 0.78 0.60
0.9 0.66 0.61 0.54 0.44 0.56 0.40 0.51 0.61 0.74 0.57
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

MMLU

0.0 – – – – – 0.51 0.62 0.73 0.85 0.68
0.1 – – – – – 0.50 0.61 0.71 0.83 0.66
0.5 – – – – – 0.47 0.58 0.68 0.81 0.64
0.7 – – – – – 0.44 0.55 0.65 0.78 0.61
0.9 – – – – – 0.41 0.51 0.61 0.74 0.57

HellaSwag

0.0 – – – – – 0.59 0.69 0.78 0.87 0.73
0.1 – – – – – 0.58 0.67 0.76 0.86 0.72
0.5 – – – – – 0.55 0.64 0.73 0.84 0.69
0.7 – – – – – 0.51 0.61 0.69 0.81 0.66
0.9 – – – – – 0.48 0.57 0.65 0.77 0.62

Head 3 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.69 0.77 0.65 0.37 0.62 0.51 0.63 0.72 0.85 0.68
0.5 0.63 0.71 0.59 0.34 0.57 0.52 0.64 0.73 0.86 0.69
0.7 0.60 0.68 0.55 0.31 0.54 0.53 0.65 0.74 0.86 0.70
0.9 0.58 0.65 0.51 0.29 0.51 0.54 0.66 0.75 0.87 0.71

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.58 0.52 0.44 0.55 0.51 0.63 0.72 0.85 0.68
0.5 0.58 0.53 0.47 0.41 0.50 0.52 0.64 0.73 0.86 0.69
0.7 0.55 0.50 0.44 0.39 0.47 0.53 0.65 0.74 0.86 0.70
0.9 0.52 0.47 0.41 0.37 0.44 0.54 0.66 0.75 0.87 0.71

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.62 0.57 0.50 0.42 0.53 0.51 0.63 0.72 0.85 0.68
0.5 0.56 0.52 0.45 0.39 0.48 0.52 0.64 0.73 0.86 0.69
0.7 0.53 0.49 0.42 0.37 0.45 0.53 0.65 0.74 0.86 0.70
0.9 0.50 0.46 0.39 0.35 0.43 0.54 0.66 0.75 0.87 0.71

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.51 0.63 0.72 0.85 0.68
0.5 – – – – – 0.52 0.64 0.73 0.86 0.69
0.7 – – – – – 0.53 0.65 0.74 0.86 0.70
0.9 – – – – – 0.54 0.66 0.75 0.87 0.71

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.60 0.70 0.77 0.87 0.74
0.5 – – – – – 0.61 0.71 0.78 0.88 0.75
0.7 – – – – – 0.62 0.72 0.79 0.88 0.75
0.9 – – – – – 0.63 0.73 0.80 0.89 0.76

Head 4 - SFH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.71 0.79 0.67 0.38 0.64 0.50 0.61 0.70 0.84 0.66
0.5 0.69 0.77 0.65 0.37 0.62 0.48 0.59 0.67 0.81 0.64
0.7 0.68 0.76 0.64 0.36 0.61 0.47 0.57 0.66 0.79 0.62
0.9 0.67 0.75 0.63 0.35 0.60 0.46 0.56 0.64 0.77 0.60

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.66 0.60 0.53 0.45 0.56 0.50 0.61 0.70 0.84 0.66
0.5 0.64 0.58 0.51 0.44 0.54 0.48 0.58 0.67 0.81 0.63
0.7 0.63 0.57 0.50 0.43 0.53 0.46 0.57 0.65 0.78 0.61
0.9 0.62 0.56 0.49 0.42 0.52 0.45 0.55 0.63 0.76 0.59

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.59 0.51 0.43 0.54 0.50 0.61 0.70 0.84 0.66
0.5 0.62 0.57 0.49 0.42 0.53 0.48 0.58 0.67 0.80 0.63
0.7 0.61 0.56 0.48 0.41 0.52 0.46 0.56 0.65 0.78 0.61
0.9 0.60 0.55 0.47 0.40 0.51 0.45 0.54 0.63 0.75 0.59

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.50 0.61 0.70 0.84 0.66
0.5 – – – – – 0.48 0.58 0.67 0.80 0.63
0.7 – – – – – 0.47 0.57 0.65 0.78 0.61
0.9 – – – – – 0.45 0.55 0.63 0.75 0.59

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.58 0.68 0.75 0.86 0.72
0.5 – – – – – 0.56 0.65 0.72 0.83 0.69
0.7 – – – – – 0.55 0.64 0.71 0.81 0.67
0.9 – – – – – 0.53 0.62 0.69 0.79 0.65

Heads 5 - ELTH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.70 0.79 0.66 0.38 0.63 0.49 0.60 0.69 0.83 0.65
0.5 0.67 0.76 0.63 0.36 0.61 0.47 0.58 0.67 0.80 0.63
0.7 0.66 0.74 0.61 0.35 0.59 0.45 0.56 0.65 0.78 0.61
0.9 0.64 0.73 0.60 0.34 0.58 0.44 0.54 0.63 0.76 0.59

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.65 0.59 0.52 0.45 0.55 0.49 0.60 0.69 0.83 0.65
0.5 0.62 0.57 0.50 0.43 0.53 0.47 0.57 0.66 0.80 0.63
0.7 0.61 0.55 0.48 0.42 0.52 0.45 0.55 0.64 0.77 0.60
0.9 0.59 0.54 0.47 0.41 0.50 0.43 0.53 0.62 0.75 0.58
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.63 0.58 0.50 0.43 0.53 0.49 0.60 0.69 0.83 0.65
0.5 0.60 0.55 0.48 0.41 0.51 0.47 0.57 0.66 0.80 0.62
0.7 0.59 0.54 0.47 0.40 0.50 0.45 0.55 0.64 0.77 0.60
0.9 0.57 0.53 0.46 0.39 0.49 0.43 0.53 0.62 0.75 0.58

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.49 0.60 0.68 0.82 0.64
0.5 – – – – – 0.47 0.57 0.65 0.79 0.61
0.7 – – – – – 0.45 0.55 0.63 0.76 0.59
0.9 – – – – – 0.43 0.53 0.61 0.74 0.57

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.57 0.67 0.74 0.84 0.70
0.5 – – – – – 0.54 0.64 0.71 0.81 0.67
0.7 – – – – – 0.52 0.62 0.69 0.79 0.65
0.9 – – – – – 0.50 0.60 0.67 0.76 0.62

Head 6 - PEH

BBQ

0.0 0.73 0.82 0.69 0.40 0.66 0.53 0.64 0.72 0.86 0.68
0.1 0.69 0.77 0.65 0.38 0.62 0.54 0.65 0.73 0.86 0.69
0.5 0.63 0.70 0.60 0.35 0.57 0.56 0.67 0.75 0.87 0.71
0.7 0.59 0.67 0.56 0.32 0.54 0.57 0.69 0.76 0.88 0.73
0.9 0.56 0.64 0.52 0.30 0.51 0.59 0.70 0.78 0.88 0.74

StereoSet

0.0 0.68 0.62 0.55 0.47 0.58 0.53 0.64 0.72 0.86 0.68
0.1 0.64 0.58 0.52 0.44 0.55 0.54 0.65 0.73 0.86 0.69
0.5 0.58 0.52 0.47 0.40 0.49 0.56 0.67 0.75 0.87 0.71
0.7 0.54 0.49 0.44 0.38 0.46 0.57 0.69 0.76 0.88 0.73
0.9 0.51 0.46 0.41 0.36 0.44 0.59 0.70 0.78 0.88 0.74

CrowS-
Pair

0.0 0.66 0.61 0.53 0.45 0.56 0.53 0.64 0.72 0.86 0.68
0.1 0.62 0.57 0.50 0.43 0.53 0.54 0.65 0.73 0.86 0.69
0.5 0.56 0.51 0.45 0.39 0.48 0.56 0.67 0.75 0.87 0.71
0.7 0.52 0.48 0.42 0.37 0.45 0.57 0.69 0.76 0.88 0.73
0.9 0.49 0.45 0.39 0.35 0.42 0.59 0.70 0.78 0.88 0.74

MMLU

0.0 – – – – – 0.53 0.64 0.72 0.86 0.68
0.1 – – – – – 0.54 0.65 0.73 0.86 0.69
0.5 – – – – – 0.56 0.67 0.75 0.87 0.71
0.7 – – – – – 0.57 0.69 0.76 0.88 0.73
0.9 – – – – – 0.59 0.70 0.78 0.88 0.74

HellaSwag

0.0 – – – – – 0.61 0.71 0.78 0.88 0.74
0.1 – – – – – 0.62 0.72 0.79 0.89 0.75
0.5 – – – – – 0.64 0.73 0.80 0.89 0.76
0.7 – – – – – 0.65 0.74 0.81 0.90 0.77
0.9 – – – – – 0.66 0.75 0.82 0.90 0.78

Head 7 - PEH

BBQ

0.0 0.74 0.83 0.70 0.41 0.67 0.52 0.63 0.71 0.85 0.67
0.1 0.70 0.78 0.66 0.38 0.63 0.53 0.64 0.72 0.86 0.68
0.5 0.64 0.71 0.61 0.35 0.58 0.55 0.66 0.74 0.87 0.70
0.7 0.60 0.68 0.57 0.33 0.55 0.56 0.68 0.75 0.87 0.72
0.9 0.57 0.65 0.53 0.30 0.52 0.58 0.69 0.77 0.88 0.73

StereoSet

0.0 0.69 0.63 0.56 0.48 0.59 0.52 0.63 0.71 0.85 0.67
0.1 0.65 0.59 0.53 0.45 0.56 0.53 0.64 0.72 0.86 0.68
0.5 0.59 0.53 0.48 0.41 0.50 0.55 0.66 0.74 0.87 0.70
0.7 0.55 0.50 0.45 0.38 0.47 0.56 0.68 0.75 0.87 0.72
0.9 0.52 0.47 0.42 0.36 0.45 0.58 0.69 0.77 0.88 0.73

CrowS-
Pair

0.0 0.67 0.62 0.54 0.46 0.57 0.52 0.63 0.71 0.85 0.67
0.1 0.63 0.58 0.51 0.43 0.54 0.53 0.64 0.72 0.86 0.68
0.5 0.57 0.52 0.46 0.39 0.49 0.55 0.66 0.74 0.87 0.70
0.7 0.53 0.49 0.43 0.37 0.46 0.56 0.68 0.75 0.87 0.72
0.9 0.50 0.46 0.40 0.35 0.43 0.58 0.69 0.77 0.88 0.73

MMLU

0.0 – – – – – 0.52 0.63 0.71 0.85 0.67
0.1 – – – – – 0.53 0.64 0.72 0.86 0.68
0.5 – – – – – 0.55 0.66 0.74 0.87 0.70
0.7 – – – – – 0.56 0.68 0.75 0.87 0.72
0.9 – – – – – 0.58 0.69 0.77 0.88 0.73

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.87 0.73
0.1 – – – – – 0.61 0.71 0.78 0.88 0.74
0.5 – – – – – 0.63 0.72 0.79 0.88 0.75
0.7 – – – – – 0.64 0.73 0.80 0.89 0.76
0.9 – – – – – 0.65 0.74 0.81 0.89 0.77

Head 8 - LDH

BBQ

0.0 0.68 0.76 0.62 0.36 0.61 0.52 0.63 0.73 0.85 0.68
0.1 0.68 0.76 0.62 0.36 0.61 0.50 0.61 0.71 0.84 0.67
0.5 0.69 0.77 0.63 0.37 0.62 0.48 0.59 0.68 0.82 0.64
0.7 0.69 0.78 0.63 0.37 0.62 0.46 0.56 0.66 0.81 0.62
0.9 0.70 0.79 0.64 0.38 0.63 0.43 0.53 0.63 0.79 0.60
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

StereoSet

0.0 0.65 0.59 0.52 0.44 0.55 0.52 0.63 0.73 0.85 0.68
0.1 0.65 0.59 0.52 0.44 0.55 0.50 0.61 0.71 0.84 0.67
0.5 0.66 0.60 0.53 0.45 0.56 0.48 0.59 0.68 0.82 0.64
0.7 0.66 0.61 0.54 0.45 0.57 0.46 0.56 0.66 0.81 0.62
0.9 0.67 0.62 0.55 0.46 0.58 0.43 0.53 0.63 0.79 0.60

CrowS-Pair

0.0 0.63 0.58 0.50 0.42 0.53 0.52 0.63 0.73 0.85 0.68
0.1 0.63 0.58 0.50 0.42 0.53 0.50 0.61 0.71 0.84 0.67
0.5 0.64 0.59 0.51 0.43 0.54 0.48 0.59 0.68 0.82 0.64
0.7 0.64 0.60 0.52 0.43 0.55 0.46 0.56 0.66 0.81 0.62
0.9 0.65 0.61 0.53 0.44 0.56 0.43 0.53 0.63 0.79 0.60

MMLU

0.0 – – – – – 0.52 0.63 0.73 0.85 0.68
0.1 – – – – – 0.50 0.61 0.71 0.84 0.67
0.5 – – – – – 0.48 0.59 0.68 0.82 0.64
0.7 – – – – – 0.46 0.56 0.66 0.81 0.62
0.9 – – – – – 0.43 0.53 0.63 0.79 0.60

HellaSwag

0.0 – – – – – 0.60 0.71 0.78 0.87 0.74
0.1 – – – – – 0.58 0.69 0.76 0.86 0.72
0.5 – – – – – 0.56 0.66 0.73 0.84 0.70
0.7 – – – – – 0.53 0.63 0.71 0.82 0.67
0.9 – – – – – 0.50 0.60 0.68 0.80 0.65

Head 9 - SH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.72 0.81 0.67 0.39 0.65 0.49 0.60 0.69 0.82 0.64
0.5 0.71 0.80 0.67 0.38 0.64 0.44 0.55 0.63 0.76 0.58
0.7 0.71 0.80 0.66 0.38 0.64 0.41 0.52 0.60 0.72 0.55
0.9 0.70 0.79 0.66 0.37 0.63 0.38 0.49 0.57 0.69 0.52

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.67 0.61 0.54 0.46 0.57 0.48 0.59 0.68 0.82 0.64
0.5 0.66 0.60 0.53 0.45 0.56 0.43 0.53 0.62 0.75 0.57
0.7 0.66 0.60 0.53 0.45 0.56 0.40 0.50 0.58 0.71 0.53
0.9 0.65 0.59 0.52 0.44 0.55 0.37 0.47 0.55 0.67 0.50

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.65 0.60 0.52 0.44 0.55 0.48 0.59 0.68 0.82 0.64
0.5 0.64 0.59 0.51 0.43 0.54 0.43 0.54 0.62 0.76 0.58
0.7 0.64 0.59 0.51 0.43 0.54 0.40 0.51 0.59 0.72 0.54
0.9 0.63 0.58 0.50 0.42 0.53 0.37 0.48 0.56 0.68 0.51

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.48 0.59 0.68 0.82 0.64
0.5 – – – – – 0.42 0.53 0.62 0.75 0.57
0.7 – – – – – 0.39 0.49 0.58 0.71 0.53
0.9 – – – – – 0.35 0.46 0.54 0.67 0.49

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.56 0.66 0.73 0.84 0.70
0.5 – – – – – 0.50 0.60 0.67 0.77 0.63
0.7 – – – – – 0.46 0.56 0.63 0.73 0.59
0.9 – – – – – 0.42 0.52 0.59 0.69 0.55

Head 10 - ELTH

BBQ

0.0 0.69 0.78 0.63 0.35 0.61 0.51 0.62 0.73 0.85 0.68
0.1 0.68 0.77 0.63 0.35 0.61 0.48 0.59 0.69 0.82 0.65
0.5 0.67 0.76 0.62 0.34 0.60 0.39 0.50 0.61 0.75 0.56
0.7 0.67 0.75 0.61 0.34 0.59 0.33 0.45 0.56 0.71 0.51
0.9 0.66 0.74 0.60 0.33 0.58 0.28 0.39 0.50 0.65 0.46

StereoSet

0.0 0.66 0.60 0.53 0.45 0.56 0.51 0.62 0.73 0.85 0.68
0.1 0.65 0.59 0.52 0.44 0.55 0.48 0.59 0.69 0.82 0.65
0.5 0.64 0.58 0.51 0.43 0.54 0.39 0.50 0.61 0.75 0.56
0.7 0.64 0.57 0.50 0.42 0.53 0.33 0.45 0.56 0.71 0.51
0.9 0.63 0.56 0.49 0.41 0.52 0.28 0.39 0.50 0.65 0.46
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

CrowS-
Pair

0.0 0.64 0.59 0.51 0.43 0.54 0.51 0.62 0.73 0.85 0.68
0.1 0.63 0.58 0.50 0.42 0.53 0.48 0.59 0.69 0.82 0.65
0.5 0.62 0.57 0.49 0.41 0.52 0.39 0.50 0.61 0.75 0.56
0.7 0.62 0.56 0.48 0.40 0.52 0.33 0.45 0.56 0.71 0.51
0.9 0.61 0.55 0.47 0.39 0.51 0.28 0.39 0.50 0.65 0.46

MMLU

0.0 – – – – – 0.51 0.62 0.73 0.85 0.68
0.1 – – – – – 0.46 0.58 0.68 0.82 0.64
0.5 – – – – – 0.37 0.49 0.60 0.74 0.55
0.7 – – – – – 0.31 0.43 0.54 0.70 0.50
0.9 – – – – – 0.26 0.37 0.48 0.64 0.44

HellaSwag

0.0 – – – – – 0.59 0.69 0.78 0.87 0.73
0.1 – – – – – 0.54 0.65 0.74 0.84 0.69
0.5 – – – – – 0.45 0.56 0.66 0.78 0.61
0.7 – – – – – 0.39 0.50 0.61 0.74 0.56
0.9 – – – – – 0.33 0.44 0.55 0.70 0.51

Head 11 - SH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.71 0.80 0.67 0.38 0.64 0.48 0.59 0.68 0.82 0.63
0.5 0.70 0.79 0.66 0.37 0.63 0.42 0.53 0.61 0.74 0.56
0.7 0.69 0.78 0.65 0.37 0.62 0.38 0.48 0.56 0.69 0.51
0.9 0.68 0.77 0.64 0.36 0.61 0.34 0.44 0.51 0.64 0.46

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.66 0.60 0.53 0.45 0.56 0.47 0.58 0.67 0.81 0.63
0.5 0.65 0.59 0.52 0.44 0.55 0.41 0.51 0.60 0.73 0.55
0.7 0.64 0.58 0.51 0.43 0.54 0.37 0.47 0.55 0.68 0.50
0.9 0.63 0.57 0.50 0.42 0.53 0.33 0.42 0.50 0.62 0.45

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.59 0.51 0.43 0.54 0.47 0.58 0.67 0.81 0.63
0.5 0.63 0.58 0.50 0.42 0.53 0.41 0.51 0.60 0.73 0.55
0.7 0.62 0.57 0.49 0.41 0.52 0.37 0.46 0.54 0.67 0.49
0.9 0.61 0.56 0.48 0.40 0.51 0.32 0.41 0.49 0.61 0.44

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.47 0.57 0.66 0.80 0.62
0.5 – – – – – 0.40 0.50 0.58 0.72 0.54
0.7 – – – – – 0.36 0.45 0.53 0.66 0.48
0.9 – – – – – 0.31 0.40 0.47 0.60 0.42

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.55 0.64 0.71 0.82 0.68
0.5 – – – – – 0.47 0.56 0.63 0.74 0.59
0.7 – – – – – 0.43 0.51 0.58 0.68 0.54
0.9 – – – – – 0.38 0.46 0.53 0.62 0.48

Head 12 - PEH

BBQ

0.0 0.71 0.80 0.67 0.38 0.64 0.52 0.63 0.72 0.86 0.68
0.1 0.67 0.76 0.64 0.36 0.61 0.53 0.64 0.73 0.86 0.69
0.5 0.62 0.70 0.58 0.33 0.56 0.55 0.66 0.75 0.87 0.71
0.7 0.58 0.66 0.54 0.31 0.53 0.56 0.67 0.76 0.88 0.72
0.9 0.55 0.63 0.51 0.29 0.50 0.58 0.69 0.78 0.89 0.74

StereoSet

0.0 0.66 0.60 0.53 0.45 0.56 0.52 0.63 0.72 0.86 0.68
0.1 0.63 0.57 0.50 0.43 0.54 0.53 0.64 0.73 0.86 0.69
0.5 0.57 0.51 0.46 0.39 0.48 0.55 0.66 0.75 0.87 0.71
0.7 0.54 0.48 0.43 0.37 0.45 0.56 0.67 0.76 0.88 0.72
0.9 0.50 0.45 0.40 0.35 0.43 0.58 0.69 0.78 0.89 0.74

CrowS-
Pair

0.0 0.64 0.59 0.51 0.43 0.54 0.52 0.63 0.72 0.86 0.68
0.1 0.61 0.56 0.49 0.41 0.52 0.53 0.64 0.73 0.86 0.69
0.5 0.55 0.50 0.44 0.38 0.47 0.55 0.66 0.75 0.87 0.71
0.7 0.52 0.47 0.41 0.36 0.44 0.56 0.67 0.76 0.88 0.72
0.9 0.49 0.44 0.38 0.34 0.41 0.58 0.69 0.78 0.89 0.74

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.86 0.68
0.1 – – – – – 0.53 0.64 0.73 0.86 0.69
0.5 – – – – – 0.55 0.66 0.75 0.87 0.71
0.7 – – – – – 0.56 0.67 0.76 0.88 0.72
0.9 – – – – – 0.58 0.69 0.78 0.89 0.74

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.88 0.74
0.1 – – – – – 0.61 0.71 0.78 0.88 0.75
0.5 – – – – – 0.63 0.73 0.80 0.89 0.76
0.7 – – – – – 0.64 0.74 0.81 0.90 0.77
0.9 – – – – – 0.66 0.75 0.82 0.91 0.79

Head 13 - PEH

BBQ

0.0 0.73 0.82 0.69 0.40 0.66 0.51 0.62 0.71 0.85 0.67
0.1 0.69 0.78 0.65 0.37 0.62 0.52 0.63 0.72 0.86 0.68
0.5 0.63 0.72 0.59 0.34 0.57 0.54 0.65 0.74 0.87 0.70
0.7 0.60 0.68 0.56 0.32 0.54 0.55 0.67 0.75 0.87 0.71
0.9 0.57 0.65 0.52 0.30 0.51 0.57 0.68 0.77 0.88 0.73
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

StereoSet

0.0 0.68 0.62 0.55 0.47 0.58 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.59 0.52 0.44 0.55 0.52 0.63 0.72 0.86 0.68
0.5 0.58 0.53 0.47 0.40 0.50 0.54 0.65 0.74 0.87 0.70
0.7 0.55 0.50 0.44 0.38 0.47 0.55 0.67 0.75 0.87 0.71
0.9 0.52 0.47 0.41 0.36 0.44 0.57 0.68 0.77 0.88 0.73

CrowS-
Pair

0.0 0.66 0.61 0.53 0.45 0.56 0.51 0.62 0.71 0.85 0.67
0.1 0.62 0.57 0.50 0.42 0.53 0.52 0.63 0.72 0.86 0.68
0.5 0.56 0.52 0.45 0.39 0.48 0.54 0.65 0.74 0.87 0.70
0.7 0.53 0.49 0.42 0.37 0.45 0.55 0.67 0.75 0.87 0.71
0.9 0.50 0.46 0.39 0.35 0.42 0.57 0.68 0.77 0.88 0.73

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.52 0.63 0.72 0.86 0.68
0.5 – – – – – 0.54 0.65 0.74 0.87 0.70
0.7 – – – – – 0.55 0.67 0.75 0.87 0.71
0.9 – – – – – 0.57 0.68 0.77 0.88 0.73

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.60 0.70 0.77 0.88 0.74
0.5 – – – – – 0.62 0.72 0.79 0.89 0.75
0.7 – – – – – 0.63 0.73 0.80 0.89 0.76
0.9 – – – – – 0.65 0.74 0.81 0.90 0.78

Head 14 - SH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.70 0.79 0.66 0.37 0.63 0.45 0.55 0.64 0.78 0.60
0.5 0.68 0.77 0.64 0.36 0.61 0.37 0.47 0.55 0.68 0.50
0.7 0.67 0.76 0.63 0.35 0.60 0.32 0.41 0.49 0.61 0.44
0.9 0.66 0.75 0.62 0.35 0.60 0.27 0.35 0.43 0.54 0.37

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.65 0.59 0.52 0.44 0.55 0.44 0.54 0.63 0.77 0.59
0.5 0.64 0.58 0.51 0.43 0.54 0.36 0.45 0.53 0.66 0.49
0.7 0.63 0.57 0.50 0.42 0.53 0.31 0.39 0.47 0.59 0.43
0.9 0.62 0.56 0.49 0.42 0.52 0.25 0.33 0.40 0.51 0.35

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.63 0.58 0.50 0.42 0.53 0.44 0.54 0.63 0.77 0.59
0.5 0.62 0.57 0.49 0.41 0.52 0.35 0.44 0.52 0.65 0.48
0.7 0.61 0.56 0.48 0.40 0.51 0.30 0.38 0.46 0.58 0.42
0.9 0.60 0.55 0.47 0.39 0.50 0.24 0.32 0.39 0.50 0.34

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.43 0.53 0.62 0.75 0.57
0.5 – – – – – 0.34 0.43 0.51 0.63 0.46
0.7 – – – – – 0.28 0.37 0.44 0.56 0.39
0.9 – – – – – 0.22 0.30 0.37 0.48 0.32

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.50 0.60 0.67 0.77 0.63
0.5 – – – – – 0.41 0.49 0.56 0.65 0.52
0.7 – – – – – 0.35 0.43 0.49 0.58 0.45
0.9 – – – – – 0.28 0.36 0.42 0.50 0.37

Head 15 - SFH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.71 0.80 0.67 0.38 0.64 0.50 0.61 0.70 0.84 0.66
0.5 0.68 0.77 0.64 0.37 0.62 0.48 0.59 0.68 0.81 0.64
0.7 0.67 0.76 0.63 0.36 0.61 0.47 0.58 0.67 0.80 0.63
0.9 0.66 0.75 0.62 0.35 0.60 0.46 0.57 0.66 0.79 0.62

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.66 0.60 0.53 0.45 0.56 0.50 0.61 0.70 0.84 0.66
0.5 0.63 0.58 0.51 0.43 0.54 0.48 0.59 0.68 0.81 0.64
0.7 0.62 0.57 0.50 0.42 0.53 0.47 0.58 0.67 0.80 0.63
0.9 0.61 0.56 0.49 0.42 0.52 0.46 0.57 0.65 0.78 0.61

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.59 0.51 0.43 0.54 0.50 0.61 0.70 0.84 0.66
0.5 0.61 0.57 0.49 0.42 0.52 0.48 0.59 0.68 0.81 0.64
0.7 0.60 0.56 0.48 0.41 0.51 0.47 0.57 0.66 0.79 0.62
0.9 0.59 0.55 0.47 0.40 0.50 0.46 0.56 0.65 0.78 0.61

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.50 0.61 0.70 0.83 0.66
0.5 – – – – – 0.48 0.59 0.67 0.80 0.63
0.7 – – – – – 0.47 0.57 0.66 0.78 0.62
0.9 – – – – – 0.45 0.56 0.64 0.77 0.60

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.58 0.68 0.75 0.85 0.71
0.5 – – – – – 0.55 0.65 0.72 0.82 0.68
0.7 – – – – – 0.54 0.64 0.71 0.81 0.67
0.9 – – – – – 0.53 0.62 0.69 0.79 0.65
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

Head 16 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.52 0.63 0.72 0.86 0.68
0.1 0.68 0.77 0.64 0.37 0.61 0.53 0.64 0.73 0.86 0.69
0.5 0.62 0.71 0.59 0.34 0.56 0.55 0.66 0.75 0.87 0.71
0.7 0.59 0.67 0.55 0.32 0.53 0.56 0.68 0.76 0.88 0.73
0.9 0.56 0.64 0.52 0.30 0.50 0.58 0.69 0.78 0.89 0.74

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.52 0.63 0.72 0.86 0.68
0.1 0.63 0.58 0.51 0.44 0.54 0.53 0.64 0.73 0.86 0.69
0.5 0.57 0.52 0.46 0.40 0.49 0.55 0.66 0.75 0.87 0.71
0.7 0.54 0.49 0.43 0.38 0.46 0.56 0.68 0.76 0.88 0.73
0.9 0.51 0.46 0.40 0.36 0.43 0.58 0.69 0.78 0.89 0.74

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.52 0.63 0.72 0.86 0.68
0.1 0.61 0.56 0.49 0.42 0.52 0.53 0.64 0.73 0.86 0.69
0.5 0.56 0.51 0.44 0.38 0.47 0.55 0.66 0.75 0.87 0.71
0.7 0.52 0.48 0.41 0.36 0.44 0.56 0.68 0.76 0.88 0.73
0.9 0.49 0.45 0.38 0.34 0.41 0.58 0.69 0.78 0.89 0.74

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.86 0.68
0.1 – – – – – 0.53 0.64 0.73 0.86 0.69
0.5 – – – – – 0.55 0.66 0.75 0.87 0.71
0.7 – – – – – 0.56 0.68 0.76 0.88 0.73
0.9 – – – – – 0.58 0.69 0.78 0.89 0.74

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.88 0.74
0.1 – – – – – 0.61 0.71 0.78 0.88 0.75
0.5 – – – – – 0.63 0.73 0.80 0.89 0.76
0.7 – – – – – 0.64 0.74 0.81 0.90 0.77
0.9 – – – – – 0.66 0.75 0.82 0.91 0.79

Head 17 - PEH

BBQ

0.0 0.71 0.80 0.67 0.38 0.64 0.53 0.64 0.73 0.87 0.69
0.1 0.67 0.76 0.63 0.36 0.60 0.54 0.65 0.74 0.87 0.70
0.5 0.61 0.69 0.58 0.33 0.55 0.56 0.67 0.76 0.88 0.72
0.7 0.58 0.66 0.54 0.31 0.52 0.57 0.69 0.77 0.89 0.73
0.9 0.55 0.63 0.50 0.29 0.49 0.59 0.70 0.79 0.90 0.75

StereoSet

0.0 0.66 0.60 0.53 0.45 0.56 0.53 0.64 0.73 0.87 0.69
0.1 0.62 0.57 0.50 0.43 0.53 0.54 0.65 0.74 0.87 0.70
0.5 0.56 0.51 0.45 0.39 0.48 0.56 0.67 0.76 0.88 0.72
0.7 0.53 0.48 0.42 0.37 0.45 0.57 0.69 0.77 0.89 0.73
0.9 0.50 0.45 0.39 0.35 0.42 0.59 0.70 0.79 0.90 0.75

CrowS-
Pair

0.0 0.64 0.59 0.51 0.43 0.54 0.53 0.64 0.73 0.87 0.69
0.1 0.60 0.55 0.48 0.41 0.51 0.54 0.65 0.74 0.87 0.70
0.5 0.55 0.50 0.43 0.38 0.46 0.56 0.67 0.76 0.88 0.72
0.7 0.51 0.47 0.40 0.36 0.43 0.57 0.69 0.77 0.89 0.73
0.9 0.48 0.44 0.38 0.34 0.41 0.59 0.70 0.79 0.90 0.75

MMLU

0.0 – – – – – 0.53 0.64 0.73 0.87 0.69
0.1 – – – – – 0.54 0.65 0.74 0.87 0.70
0.5 – – – – – 0.56 0.67 0.76 0.88 0.72
0.7 – – – – – 0.57 0.69 0.77 0.89 0.73
0.9 – – – – – 0.59 0.70 0.79 0.90 0.75

HellaSwag

0.0 – – – – – 0.61 0.71 0.78 0.89 0.75
0.1 – – – – – 0.62 0.72 0.79 0.89 0.76
0.5 – – – – – 0.64 0.74 0.81 0.90 0.77
0.7 – – – – – 0.65 0.75 0.82 0.91 0.78
0.9 – – – – – 0.67 0.76 0.83 0.92 0.80

Head 18 - LDH

BBQ

0.0 0.69 0.77 0.63 0.37 0.62 0.51 0.62 0.72 0.84 0.67
0.1 0.69 0.77 0.63 0.37 0.62 0.49 0.60 0.70 0.83 0.66
0.5 0.70 0.78 0.64 0.38 0.63 0.47 0.58 0.67 0.81 0.63
0.7 0.70 0.79 0.64 0.38 0.63 0.45 0.55 0.65 0.80 0.61
0.9 0.71 0.80 0.65 0.39 0.64 0.42 0.52 0.62 0.78 0.59

StereoSet

0.0 0.66 0.60 0.53 0.45 0.56 0.51 0.62 0.72 0.84 0.67
0.1 0.66 0.60 0.53 0.45 0.56 0.49 0.60 0.70 0.83 0.66
0.5 0.67 0.61 0.54 0.46 0.57 0.47 0.58 0.67 0.81 0.63
0.7 0.67 0.62 0.55 0.46 0.58 0.45 0.55 0.65 0.80 0.61
0.9 0.68 0.63 0.56 0.47 0.59 0.42 0.52 0.62 0.78 0.59

CrowS-Pair

0.0 0.64 0.59 0.51 0.43 0.54 0.51 0.62 0.72 0.84 0.67
0.1 0.64 0.59 0.51 0.43 0.54 0.49 0.60 0.70 0.83 0.66
0.5 0.65 0.60 0.52 0.44 0.55 0.47 0.58 0.67 0.81 0.63
0.7 0.65 0.61 0.53 0.44 0.56 0.45 0.55 0.65 0.80 0.61
0.9 0.66 0.62 0.54 0.45 0.57 0.42 0.52 0.62 0.78 0.59

MMLU

0.0 – – – – – 0.51 0.62 0.72 0.84 0.67
0.1 – – – – – 0.49 0.60 0.70 0.83 0.66
0.5 – – – – – 0.47 0.58 0.67 0.81 0.63
0.7 – – – – – 0.45 0.55 0.65 0.80 0.61
0.9 – – – – – 0.42 0.52 0.62 0.78 0.59

2499



Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

HellaSwag

0.0 – – – – – 0.59 0.70 0.77 0.86 0.73
0.1 – – – – – 0.57 0.68 0.75 0.85 0.71
0.5 – – – – – 0.55 0.65 0.72 0.83 0.69
0.7 – – – – – 0.52 0.62 0.70 0.81 0.66
0.9 – – – – – 0.49 0.59 0.67 0.79 0.64

Head 19 - PEH

BBQ

0.0 0.73 0.82 0.69 0.40 0.66 0.52 0.63 0.72 0.86 0.68
0.1 0.69 0.78 0.65 0.38 0.62 0.53 0.64 0.73 0.87 0.69
0.5 0.63 0.71 0.60 0.35 0.57 0.55 0.66 0.75 0.88 0.71
0.7 0.59 0.68 0.56 0.33 0.54 0.56 0.68 0.76 0.88 0.72
0.9 0.56 0.65 0.53 0.31 0.51 0.58 0.69 0.78 0.89 0.74

StereoSet

0.0 0.68 0.62 0.55 0.47 0.58 0.52 0.63 0.72 0.86 0.68
0.1 0.64 0.59 0.52 0.45 0.55 0.53 0.64 0.73 0.87 0.69
0.5 0.58 0.53 0.47 0.41 0.50 0.55 0.66 0.75 0.88 0.71
0.7 0.55 0.50 0.44 0.39 0.47 0.56 0.68 0.76 0.88 0.72
0.9 0.52 0.47 0.41 0.37 0.44 0.58 0.69 0.78 0.89 0.74

CrowS-
Pair

0.0 0.66 0.61 0.53 0.45 0.56 0.52 0.63 0.72 0.86 0.68
0.1 0.62 0.57 0.50 0.43 0.53 0.53 0.64 0.73 0.87 0.69
0.5 0.56 0.52 0.45 0.39 0.48 0.55 0.66 0.75 0.88 0.71
0.7 0.53 0.49 0.42 0.37 0.45 0.56 0.68 0.76 0.88 0.72
0.9 0.50 0.46 0.39 0.35 0.42 0.58 0.69 0.78 0.89 0.74

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.86 0.68
0.1 – – – – – 0.53 0.64 0.73 0.87 0.69
0.5 – – – – – 0.55 0.66 0.75 0.88 0.71
0.7 – – – – – 0.56 0.68 0.76 0.88 0.72
0.9 – – – – – 0.58 0.69 0.78 0.89 0.74

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.88 0.74
0.1 – – – – – 0.61 0.71 0.78 0.89 0.75
0.5 – – – – – 0.63 0.73 0.80 0.90 0.76
0.7 – – – – – 0.64 0.74 0.81 0.90 0.77
0.9 – – – – – 0.66 0.75 0.82 0.91 0.79

Head 20 - PEH

BBQ

0.0 0.74 0.83 0.70 0.41 0.67 0.51 0.62 0.71 0.85 0.67
0.1 0.70 0.79 0.66 0.39 0.64 0.52 0.63 0.72 0.86 0.68
0.5 0.64 0.72 0.60 0.36 0.58 0.54 0.65 0.74 0.87 0.70
0.7 0.60 0.69 0.57 0.34 0.55 0.56 0.67 0.76 0.88 0.72
0.9 0.57 0.66 0.53 0.31 0.52 0.58 0.69 0.77 0.89 0.74

StereoSet

0.0 0.69 0.63 0.56 0.48 0.59 0.51 0.62 0.71 0.85 0.67
0.1 0.65 0.60 0.53 0.46 0.56 0.52 0.63 0.72 0.86 0.68
0.5 0.59 0.54 0.48 0.41 0.51 0.54 0.65 0.74 0.87 0.70
0.7 0.55 0.51 0.44 0.39 0.47 0.56 0.67 0.76 0.88 0.72
0.9 0.52 0.48 0.41 0.37 0.44 0.58 0.69 0.77 0.89 0.74

CrowS-
Pair

0.0 0.67 0.62 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.63 0.58 0.51 0.44 0.54 0.52 0.63 0.72 0.86 0.68
0.5 0.57 0.53 0.46 0.40 0.49 0.54 0.65 0.74 0.87 0.70
0.7 0.54 0.50 0.43 0.38 0.46 0.56 0.67 0.76 0.88 0.72
0.9 0.51 0.47 0.40 0.36 0.43 0.58 0.69 0.77 0.89 0.74

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.52 0.63 0.72 0.86 0.68
0.5 – – – – – 0.54 0.65 0.74 0.87 0.70
0.7 – – – – – 0.56 0.67 0.76 0.88 0.72
0.9 – – – – – 0.58 0.69 0.77 0.89 0.74

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.60 0.70 0.77 0.88 0.74
0.5 – – – – – 0.62 0.72 0.79 0.89 0.75
0.7 – – – – – 0.64 0.73 0.80 0.90 0.77
0.9 – – – – – 0.66 0.75 0.82 0.91 0.78

Head 21 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.52 0.63 0.72 0.86 0.68
0.1 0.68 0.77 0.64 0.37 0.62 0.53 0.64 0.73 0.86 0.69
0.5 0.62 0.70 0.59 0.34 0.56 0.55 0.66 0.75 0.87 0.71
0.7 0.59 0.67 0.55 0.32 0.53 0.57 0.68 0.77 0.88 0.73
0.9 0.55 0.64 0.52 0.30 0.50 0.59 0.70 0.78 0.89 0.75

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.52 0.63 0.72 0.86 0.68
0.1 0.63 0.58 0.51 0.44 0.54 0.53 0.64 0.73 0.86 0.69
0.5 0.57 0.52 0.46 0.40 0.49 0.55 0.66 0.75 0.87 0.71
0.7 0.54 0.49 0.43 0.38 0.46 0.57 0.68 0.77 0.88 0.73
0.9 0.50 0.46 0.40 0.36 0.43 0.59 0.70 0.78 0.89 0.75

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.52 0.63 0.72 0.86 0.68
0.1 0.61 0.56 0.49 0.42 0.52 0.53 0.64 0.73 0.86 0.69
0.5 0.55 0.51 0.44 0.38 0.47 0.55 0.66 0.75 0.87 0.71
0.7 0.52 0.47 0.41 0.36 0.44 0.57 0.68 0.77 0.88 0.73
0.9 0.49 0.44 0.38 0.34 0.41 0.59 0.70 0.78 0.89 0.75

2500



Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.86 0.68
0.1 – – – – – 0.53 0.64 0.73 0.86 0.69
0.5 – – – – – 0.55 0.66 0.75 0.87 0.71
0.7 – – – – – 0.57 0.68 0.77 0.88 0.73
0.9 – – – – – 0.59 0.70 0.78 0.89 0.75

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.88 0.74
0.1 – – – – – 0.61 0.71 0.78 0.89 0.75
0.5 – – – – – 0.63 0.73 0.80 0.90 0.76
0.7 – – – – – 0.65 0.74 0.81 0.91 0.78
0.9 – – – – – 0.67 0.76 0.83 0.92 0.79

Head 22 - PEH

BBQ

0.0 0.73 0.82 0.69 0.40 0.66 0.51 0.62 0.71 0.85 0.67
0.1 0.69 0.78 0.65 0.38 0.63 0.52 0.63 0.72 0.86 0.68
0.5 0.63 0.71 0.59 0.35 0.57 0.54 0.65 0.74 0.87 0.70
0.7 0.60 0.68 0.56 0.33 0.54 0.56 0.67 0.76 0.88 0.72
0.9 0.56 0.65 0.52 0.31 0.51 0.58 0.69 0.78 0.89 0.74

StereoSet

0.0 0.68 0.62 0.55 0.47 0.58 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.59 0.52 0.45 0.55 0.52 0.63 0.72 0.86 0.68
0.5 0.58 0.53 0.47 0.41 0.49 0.54 0.65 0.74 0.87 0.70
0.7 0.55 0.50 0.44 0.39 0.46 0.56 0.67 0.76 0.88 0.72
0.9 0.51 0.47 0.41 0.37 0.43 0.58 0.69 0.78 0.89 0.74

CrowS-
Pair

0.0 0.66 0.61 0.53 0.45 0.56 0.51 0.62 0.71 0.85 0.67
0.1 0.62 0.57 0.50 0.43 0.53 0.52 0.63 0.72 0.86 0.68
0.5 0.56 0.52 0.45 0.39 0.48 0.54 0.65 0.74 0.87 0.70
0.7 0.53 0.49 0.42 0.37 0.45 0.56 0.67 0.76 0.88 0.72
0.9 0.49 0.46 0.39 0.35 0.42 0.58 0.69 0.78 0.89 0.74

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.52 0.63 0.72 0.86 0.68
0.5 – – – – – 0.54 0.65 0.74 0.87 0.70
0.7 – – – – – 0.56 0.67 0.76 0.88 0.72
0.9 – – – – – 0.58 0.69 0.78 0.89 0.74

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.60 0.70 0.77 0.88 0.74
0.5 – – – – – 0.62 0.72 0.79 0.89 0.75
0.7 – – – – – 0.64 0.73 0.80 0.90 0.77
0.9 – – – – – 0.66 0.75 0.82 0.91 0.78

Head 23 - SFH

BBQ

0.0 0.71 0.79 0.66 0.40 0.63 0.52 0.63 0.72 0.84 0.68
0.1 0.69 0.77 0.64 0.38 0.61 0.50 0.61 0.70 0.82 0.66
0.5 0.66 0.74 0.61 0.35 0.58 0.47 0.58 0.66 0.78 0.62
0.7 0.64 0.72 0.59 0.33 0.56 0.45 0.55 0.63 0.75 0.59
0.9 0.62 0.70 0.57 0.31 0.54 0.43 0.52 0.60 0.72 0.56

StereoSet

0.0 0.70 0.64 0.57 0.49 0.60 0.52 0.63 0.72 0.84 0.68
0.1 0.68 0.62 0.55 0.47 0.58 0.50 0.61 0.70 0.82 0.66
0.5 0.65 0.59 0.52 0.44 0.55 0.47 0.57 0.66 0.78 0.62
0.7 0.63 0.57 0.50 0.42 0.53 0.45 0.54 0.63 0.75 0.59
0.9 0.61 0.55 0.48 0.40 0.51 0.42 0.51 0.60 0.72 0.56

CrowS-
Pair

0.0 0.69 0.63 0.55 0.47 0.58 0.52 0.63 0.72 0.84 0.68
0.1 0.67 0.61 0.53 0.45 0.56 0.50 0.61 0.70 0.82 0.66
0.5 0.64 0.58 0.50 0.42 0.53 0.47 0.57 0.66 0.78 0.62
0.7 0.62 0.56 0.48 0.40 0.51 0.44 0.54 0.63 0.75 0.59
0.9 0.60 0.54 0.46 0.38 0.49 0.41 0.51 0.60 0.72 0.56

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.84 0.68
0.1 – – – – – 0.50 0.61 0.70 0.82 0.66
0.5 – – – – – 0.47 0.57 0.66 0.78 0.62
0.7 – – – – – 0.44 0.54 0.63 0.75 0.59
0.9 – – – – – 0.41 0.51 0.60 0.72 0.56

HellaSwag

0.0 – – – – – 0.61 0.71 0.78 0.86 0.75
0.1 – – – – – 0.59 0.69 0.76 0.84 0.73
0.5 – – – – – 0.56 0.65 0.72 0.80 0.69
0.7 – – – – – 0.53 0.62 0.69 0.77 0.66
0.9 – – – – – 0.50 0.59 0.66 0.74 0.63

Head 24 - SFH

BBQ

0.0 0.73 0.80 0.67 0.41 0.64 0.52 0.63 0.72 0.86 0.68
0.1 0.71 0.78 0.65 0.39 0.62 0.50 0.61 0.70 0.84 0.66
0.5 0.68 0.75 0.62 0.36 0.59 0.48 0.58 0.67 0.80 0.63
0.7 0.66 0.73 0.60 0.34 0.57 0.46 0.56 0.65 0.78 0.61
0.9 0.64 0.71 0.58 0.32 0.55 0.44 0.54 0.63 0.76 0.59

StereoSet

0.0 0.71 0.65 0.58 0.50 0.61 0.52 0.63 0.72 0.86 0.68
0.1 0.69 0.63 0.56 0.48 0.59 0.50 0.61 0.70 0.84 0.66
0.5 0.66 0.60 0.53 0.45 0.56 0.48 0.58 0.67 0.80 0.63
0.7 0.64 0.58 0.51 0.43 0.54 0.46 0.56 0.65 0.78 0.61
0.9 0.62 0.56 0.49 0.41 0.52 0.44 0.54 0.63 0.76 0.59

2501



Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

CrowS-
Pair

0.0 0.70 0.64 0.56 0.48 0.59 0.52 0.63 0.72 0.86 0.68
0.1 0.68 0.62 0.54 0.46 0.57 0.50 0.61 0.70 0.84 0.66
0.5 0.65 0.59 0.51 0.43 0.54 0.48 0.58 0.67 0.80 0.63
0.7 0.63 0.57 0.49 0.41 0.52 0.46 0.56 0.65 0.78 0.61
0.9 0.61 0.55 0.47 0.39 0.50 0.44 0.54 0.63 0.76 0.59

MMLU

0.0 – – – – – 0.52 0.63 0.72 0.86 0.68
0.1 – – – – – 0.50 0.61 0.70 0.84 0.66
0.5 – – – – – 0.48 0.58 0.67 0.80 0.63
0.7 – – – – – 0.46 0.56 0.65 0.78 0.61
0.9 – – – – – 0.44 0.54 0.63 0.76 0.59

HellaSwag

0.0 – – – – – 0.62 0.72 0.79 0.88 0.76
0.1 – – – – – 0.60 0.70 0.77 0.86 0.74
0.5 – – – – – 0.57 0.67 0.74 0.82 0.71
0.7 – – – – – 0.55 0.65 0.72 0.80 0.69
0.9 – – – – – 0.53 0.63 0.70 0.78 0.67

Head 25 - SFH

BBQ

0.0 0.72 0.79 0.66 0.40 0.63 0.53 0.64 0.73 0.87 0.69
0.1 0.70 0.77 0.64 0.38 0.61 0.51 0.62 0.71 0.85 0.67
0.5 0.67 0.74 0.61 0.35 0.58 0.49 0.59 0.68 0.81 0.64
0.7 0.65 0.72 0.59 0.33 0.56 0.47 0.57 0.66 0.79 0.62
0.9 0.63 0.70 0.57 0.31 0.54 0.45 0.55 0.64 0.77 0.60

StereoSet

0.0 0.70 0.64 0.57 0.49 0.60 0.53 0.64 0.73 0.87 0.69
0.1 0.68 0.62 0.55 0.47 0.58 0.51 0.62 0.71 0.85 0.67
0.5 0.65 0.59 0.52 0.44 0.55 0.49 0.59 0.68 0.81 0.64
0.7 0.63 0.57 0.50 0.42 0.53 0.47 0.57 0.66 0.79 0.62
0.9 0.61 0.55 0.48 0.40 0.51 0.45 0.55 0.64 0.77 0.60

CrowS-
Pair

0.0 0.69 0.63 0.55 0.47 0.58 0.53 0.64 0.73 0.87 0.69
0.1 0.67 0.61 0.53 0.45 0.56 0.51 0.62 0.71 0.85 0.67
0.5 0.64 0.58 0.50 0.42 0.53 0.49 0.59 0.68 0.81 0.64
0.7 0.62 0.56 0.48 0.40 0.51 0.47 0.57 0.66 0.79 0.62
0.9 0.60 0.54 0.46 0.38 0.49 0.45 0.55 0.64 0.77 0.60

MMLU

0.0 – – – – – 0.53 0.64 0.73 0.87 0.69
0.1 – – – – – 0.51 0.62 0.71 0.85 0.67
0.5 – – – – – 0.49 0.59 0.68 0.81 0.64
0.7 – – – – – 0.47 0.57 0.66 0.79 0.62
0.9 – – – – – 0.45 0.55 0.64 0.77 0.60

HellaSwag

0.0 – – – – – 0.63 0.73 0.80 0.89 0.77
0.1 – – – – – 0.61 0.71 0.78 0.87 0.75
0.5 – – – – – 0.58 0.68 0.75 0.83 0.72
0.7 – – – – – 0.56 0.66 0.73 0.81 0.70
0.9 – – – – – 0.54 0.64 0.71 0.79 0.68

Head 26 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.68 0.76 0.64 0.37 0.61 0.53 0.64 0.73 0.86 0.69
0.5 0.62 0.70 0.58 0.33 0.56 0.56 0.67 0.75 0.88 0.72
0.7 0.59 0.66 0.54 0.30 0.53 0.58 0.69 0.77 0.89 0.74
0.9 0.56 0.63 0.50 0.28 0.50 0.60 0.71 0.79 0.90 0.76

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.63 0.57 0.51 0.43 0.54 0.53 0.64 0.73 0.86 0.69
0.5 0.57 0.52 0.46 0.40 0.49 0.56 0.67 0.75 0.88 0.72
0.7 0.54 0.49 0.43 0.38 0.46 0.58 0.69 0.77 0.89 0.74
0.9 0.51 0.46 0.40 0.36 0.43 0.60 0.71 0.79 0.90 0.76

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.61 0.56 0.49 0.41 0.52 0.53 0.64 0.73 0.86 0.69
0.5 0.55 0.51 0.44 0.38 0.47 0.56 0.67 0.75 0.88 0.72
0.7 0.52 0.48 0.41 0.36 0.44 0.58 0.69 0.77 0.89 0.74
0.9 0.49 0.45 0.38 0.34 0.42 0.60 0.71 0.79 0.90 0.76

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.53 0.64 0.73 0.86 0.69
0.5 – – – – – 0.56 0.67 0.75 0.88 0.72
0.7 – – – – – 0.58 0.69 0.77 0.89 0.74
0.9 – – – – – 0.60 0.71 0.79 0.90 0.76

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.61 0.71 0.78 0.88 0.75
0.5 – – – – – 0.64 0.74 0.80 0.90 0.78
0.7 – – – – – 0.66 0.76 0.82 0.91 0.80
0.9 – – – – – 0.68 0.78 0.84 0.92 0.82

Head 27 - SFH

BBQ

0.0 0.70 0.77 0.65 0.42 0.61 0.53 0.64 0.73 0.83 0.69
0.1 0.68 0.75 0.63 0.40 0.59 0.51 0.62 0.71 0.81 0.67
0.5 0.65 0.72 0.60 0.38 0.56 0.49 0.59 0.68 0.77 0.63
0.7 0.63 0.70 0.58 0.36 0.54 0.47 0.57 0.65 0.74 0.60
0.9 0.61 0.68 0.56 0.34 0.52 0.45 0.54 0.62 0.71 0.57

2502



Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

StereoSet

0.0 0.69 0.63 0.56 0.48 0.59 0.52 0.63 0.73 0.83 0.69
0.1 0.67 0.61 0.54 0.46 0.57 0.50 0.61 0.71 0.81 0.67
0.5 0.64 0.58 0.51 0.43 0.54 0.47 0.58 0.67 0.77 0.63
0.7 0.62 0.56 0.49 0.41 0.52 0.45 0.55 0.64 0.74 0.60
0.9 0.60 0.54 0.47 0.39 0.50 0.43 0.52 0.61 0.71 0.57

CrowS-
Pair

0.0 0.68 0.62 0.54 0.46 0.57 0.52 0.63 0.73 0.83 0.69
0.1 0.66 0.60 0.52 0.44 0.55 0.50 0.61 0.71 0.81 0.67
0.5 0.63 0.57 0.49 0.41 0.52 0.47 0.57 0.67 0.77 0.63
0.7 0.61 0.55 0.47 0.39 0.50 0.45 0.54 0.64 0.74 0.60
0.9 0.59 0.53 0.45 0.37 0.48 0.43 0.51 0.61 0.71 0.57

MMLU

0.0 – – – – – 0.53 0.64 0.73 0.83 0.69
0.1 – – – – – 0.51 0.62 0.71 0.81 0.67
0.5 – – – – – 0.48 0.58 0.67 0.77 0.63
0.7 – – – – – 0.46 0.55 0.64 0.74 0.60
0.9 – – – – – 0.43 0.52 0.61 0.71 0.57

HellaSwag

0.0 – – – – – 0.60 0.70 0.77 0.85 0.74
0.1 – – – – – 0.58 0.68 0.75 0.83 0.72
0.5 – – – – – 0.55 0.64 0.71 0.79 0.68
0.7 – – – – – 0.53 0.61 0.68 0.76 0.65
0.9 – – – – – 0.50 0.58 0.65 0.73 0.62

Head 28 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.69 0.77 0.65 0.37 0.62 0.54 0.65 0.74 0.87 0.70
0.5 0.63 0.71 0.59 0.34 0.57 0.57 0.68 0.76 0.89 0.73
0.7 0.60 0.67 0.55 0.31 0.54 0.59 0.70 0.78 0.90 0.75
0.9 0.57 0.64 0.51 0.29 0.51 0.61 0.72 0.80 0.91 0.77

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.64 0.58 0.51 0.43 0.54 0.54 0.65 0.74 0.87 0.70
0.5 0.58 0.53 0.46 0.40 0.49 0.57 0.68 0.76 0.89 0.73
0.7 0.55 0.50 0.43 0.38 0.46 0.59 0.70 0.78 0.90 0.75
0.9 0.52 0.47 0.40 0.36 0.43 0.61 0.72 0.80 0.91 0.77

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.62 0.57 0.49 0.41 0.52 0.54 0.65 0.74 0.87 0.70
0.5 0.56 0.52 0.44 0.38 0.47 0.57 0.68 0.76 0.89 0.73
0.7 0.53 0.49 0.41 0.36 0.44 0.59 0.70 0.78 0.90 0.75
0.9 0.50 0.46 0.38 0.34 0.41 0.61 0.72 0.80 0.91 0.77

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.54 0.65 0.74 0.87 0.70
0.5 – – – – – 0.57 0.68 0.76 0.89 0.73
0.7 – – – – – 0.59 0.70 0.78 0.90 0.75
0.9 – – – – – 0.61 0.72 0.80 0.91 0.77

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.62 0.72 0.79 0.89 0.76
0.5 – – – – – 0.65 0.75 0.81 0.91 0.79
0.7 – – – – – 0.67 0.77 0.83 0.92 0.81
0.9 – – – – – 0.69 0.79 0.85 0.93 0.83

Head 29 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.67 0.76 0.63 0.36 0.60 0.55 0.66 0.75 0.88 0.71
0.5 0.61 0.70 0.57 0.33 0.55 0.58 0.69 0.77 0.90 0.74
0.7 0.58 0.66 0.53 0.30 0.52 0.60 0.71 0.79 0.91 0.76
0.9 0.55 0.62 0.49 0.28 0.49 0.62 0.73 0.81 0.92 0.78

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.62 0.56 0.49 0.42 0.52 0.55 0.66 0.75 0.88 0.71
0.5 0.56 0.51 0.44 0.39 0.47 0.58 0.69 0.77 0.90 0.74
0.7 0.53 0.48 0.41 0.37 0.44 0.60 0.71 0.79 0.91 0.76
0.9 0.50 0.45 0.38 0.35 0.41 0.62 0.73 0.81 0.92 0.78

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.60 0.55 0.47 0.40 0.50 0.55 0.66 0.75 0.88 0.71
0.5 0.54 0.50 0.42 0.37 0.45 0.58 0.69 0.77 0.90 0.74
0.7 0.51 0.47 0.39 0.35 0.42 0.60 0.71 0.79 0.91 0.76
0.9 0.48 0.44 0.36 0.33 0.39 0.62 0.73 0.81 0.92 0.78

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.55 0.66 0.75 0.88 0.71
0.5 – – – – – 0.58 0.69 0.77 0.90 0.74
0.7 – – – – – 0.60 0.71 0.79 0.91 0.76
0.9 – – – – – 0.62 0.73 0.81 0.92 0.78

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.63 0.73 0.80 0.90 0.77
0.5 – – – – – 0.66 0.76 0.82 0.92 0.80
0.7 – – – – – 0.68 0.78 0.84 0.93 0.82
0.9 – – – – – 0.70 0.80 0.86 0.94 0.84
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Dataset αh
Bias Score (↓ is better) Performance (↑ is better)

LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean LLaMA 3.2-3B LLaMA 3.1-8B Aya-8B Qwen-32B Mean

Head 30 - PEH

BBQ

0.0 0.72 0.81 0.68 0.39 0.65 0.51 0.62 0.71 0.85 0.67
0.1 0.68 0.77 0.64 0.37 0.61 0.56 0.67 0.76 0.89 0.72
0.5 0.62 0.71 0.58 0.34 0.56 0.59 0.70 0.78 0.91 0.75
0.7 0.59 0.67 0.54 0.31 0.53 0.61 0.72 0.80 0.92 0.77
0.9 0.56 0.63 0.50 0.29 0.50 0.63 0.74 0.82 0.93 0.79

StereoSet

0.0 0.67 0.61 0.54 0.46 0.57 0.51 0.62 0.71 0.85 0.67
0.1 0.63 0.57 0.50 0.43 0.53 0.56 0.67 0.76 0.89 0.72
0.5 0.57 0.52 0.45 0.40 0.48 0.59 0.70 0.78 0.91 0.75
0.7 0.54 0.49 0.42 0.38 0.45 0.61 0.72 0.80 0.92 0.77
0.9 0.51 0.46 0.39 0.36 0.42 0.63 0.74 0.82 0.93 0.79

CrowS-
Pair

0.0 0.65 0.60 0.52 0.44 0.55 0.51 0.62 0.71 0.85 0.67
0.1 0.61 0.56 0.48 0.41 0.51 0.56 0.67 0.76 0.89 0.72
0.5 0.55 0.51 0.43 0.38 0.46 0.59 0.70 0.78 0.91 0.75
0.7 0.52 0.48 0.40 0.36 0.43 0.61 0.72 0.80 0.92 0.77
0.9 0.49 0.45 0.37 0.34 0.40 0.63 0.74 0.82 0.93 0.79

MMLU

0.0 – – – – – 0.51 0.62 0.71 0.85 0.67
0.1 – – – – – 0.56 0.67 0.76 0.89 0.72
0.5 – – – – – 0.59 0.70 0.78 0.91 0.75
0.7 – – – – – 0.61 0.72 0.80 0.92 0.77
0.9 – – – – – 0.63 0.74 0.82 0.93 0.79

HellaSwag

0.0 – – – – – 0.59 0.69 0.76 0.87 0.73
0.1 – – – – – 0.64 0.74 0.81 0.91 0.78
0.5 – – – – – 0.67 0.77 0.83 0.93 0.81
0.7 – – – – – 0.69 0.79 0.85 0.94 0.83
0.9 – – – – – 0.71 0.81 0.87 0.95 0.85

Head 31 - LDH

BBQ

0.0 0.68 0.76 0.62 0.36 0.61 0.51 0.63 0.72 0.85 0.68
0.1 0.68 0.76 0.62 0.36 0.61 0.49 0.61 0.70 0.83 0.66
0.5 0.69 0.77 0.63 0.37 0.62 0.47 0.59 0.68 0.81 0.64
0.7 0.69 0.78 0.63 0.37 0.62 0.44 0.56 0.65 0.79 0.61
0.9 0.70 0.79 0.64 0.38 0.63 0.41 0.53 0.62 0.77 0.58

StereoSet

0.0 0.65 0.59 0.52 0.44 0.55 0.51 0.63 0.72 0.85 0.68
0.1 0.65 0.59 0.52 0.44 0.55 0.49 0.61 0.70 0.83 0.66
0.5 0.66 0.60 0.53 0.45 0.56 0.47 0.59 0.68 0.81 0.64
0.7 0.66 0.61 0.54 0.45 0.57 0.44 0.56 0.65 0.79 0.61
0.9 0.67 0.62 0.55 0.46 0.58 0.41 0.53 0.62 0.77 0.58

CrowS-Pair

0.0 0.63 0.58 0.50 0.42 0.53 0.51 0.63 0.72 0.85 0.68
0.1 0.63 0.58 0.50 0.42 0.53 0.49 0.61 0.70 0.83 0.66
0.5 0.64 0.59 0.51 0.43 0.54 0.47 0.59 0.68 0.81 0.64
0.7 0.64 0.60 0.52 0.43 0.55 0.44 0.56 0.65 0.79 0.61
0.9 0.65 0.61 0.53 0.44 0.56 0.41 0.53 0.62 0.77 0.58

MMLU

0.0 – – – – – 0.51 0.63 0.72 0.85 0.68
0.1 – – – – – 0.49 0.61 0.70 0.83 0.66
0.5 – – – – – 0.47 0.59 0.68 0.81 0.64
0.7 – – – – – 0.44 0.56 0.65 0.79 0.61
0.9 – – – – – 0.41 0.53 0.62 0.77 0.58

HellaSwag

0.0 – – – – – 0.59 0.70 0.77 0.86 0.73
0.1 – – – – – 0.57 0.68 0.75 0.84 0.71
0.5 – – – – – 0.55 0.66 0.73 0.82 0.69
0.7 – – – – – 0.52 0.63 0.70 0.80 0.66
0.9 – – – – – 0.49 0.60 0.67 0.78 0.64
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Pre-Pruning Post-Pruning

Figure 11: Comparison of Local Dependency Heads pre- and post-pruning for LLaMA 3.2-3B model.

2505



Pre-Pruning Post-Pruning

Figure 12: Comparison of Pattern Extraction Heads pre- and post-pruning for LLaMA 3.2-3B model.

2506



Pre-Pruning Post-Pruning

Figure 13: Comparison of Stability Heads pre- and post-pruning for LLaMA 3.2-3B model.
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Pre-Pruning

Figure 14: Comparison of Extremely-Local Token and Self-Focus Heads pre- and post-pruning for LLaMA
3.2-3B model.

2508


