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ABSTRACT

With the advancement of alignment techniques, large language models (LLMs)
have demonstrated the intrinsic self-debiasing capability against stereotypes.
However, our understanding of the underlying mechanism remains limited, which
significantly hinders the development of trustworthy AI. In the field of LLM
safety, prior studies have shown that defense against explicitly harmful queries
is governed by a sparse set of critical neurons. These neurons typically exhibit
a strong activation response when processing malicious inputs—a phenomenon
known as explicit induction. Nevertheless, the strength-based approach described
above fails to capture implicit hazards, particularly stereotypical biases, which
operate via implicit association: shifts in neuronal response patterns across dif-
ferent social contexts, not mere activation strength. Based on this insight, we
propose COCO, a contrastive learning-basedmethod focusing on identifying self-
debiasing neurons possessing intra-consistency and inter-contrast(termed COCO
Neurons). Our findings reveal that these COCO neurons account for approxi-
mately 1% of the total neurons and are primarily located in the Query and Value
weight matrices of the deeper network layers. To effectively leverage COCO
neurons, we draw inspiration from Neurodynamics and abstract the intrinsic self-
debiasing capability within LLMs into two distinct systems: linear debiasing sys-
tem and nonlinear debiasing system, for which we design tailored neuron enhance-
ment editing strategies, LE-COCOand NE-COCO. Experimental results across
six social categories demonstrate that the success rate of Llama3-8B in resist-
ing stereotypical biases increases to nearly 90% after linear enhancement, with a
maximum gain of over 50%. Meanwhile, Mistral-7B with nonlinear enhancement
achieves an average gain of 10% in its success rate of resisting stereotypical biases,
with a maximum gain of 23%. Furthermore, generalization experiments reveal
that the enhanced models exhibit not only stronger robustness against jailbreak
attacks but also measurable improvements on factual and reasoning benchmarks.

1 INTRODUCTION

The rapid progress and widespread deployment of large language models (LLMs) (Jiang et al., 2023;
OpenAI et al., 2024; Grattafiori et al., 2024) have brought the issue of mitigating their inherent social
biases to the research forefront (Caliskan-Islam et al., 2016; Kotek et al., 2023). Different strategies
have been proposed to improve bias mitigation, such as refining training data (Zhou et al., 2023;
Rafailov et al., 2024), post-training (Schulman et al., 2017; Bai et al., 2022; Rafailov et al., 2024)
or post-processing (Liang et al., 2021; Ravfogel et al., 2024; Vargas & Cotterell, 2024; Siddique
et al., 2025; Belrose et al., 2025). Although the aforementioned studies have established a cru-
cial foundation for mitigating bias in LLMs, they primarily focus on intervention through external
technologies (e.g., concept erasure, fine-tuning, RLHF), revealing a limited understanding of the
intrinsic self-debiasing mechanisms that may reside within the LLMs.

Recently, extensive research on safety alignment has demonstrated that complex safety mechanisms
can emerge intrinsically within LLMs (Liu et al., 2024; Gallegos et al., 2024b; Zhao et al., 2025b;
Li et al., 2025). These mechanisms are not implemented through explicit rules or external interven-
tions, but are reflected in LLMs’ capability to detect potentially harmful queries and their inherent
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tendency to generate content consistent with societal norms. To further uncover such internal safety
mechanisms in LLMs, previous studies have covered the range from network layers (Li et al., 2025)
to neurons (Wei et al., 2024; Chen et al., 2025; Zhao et al., 2025b) at the research dimension and
have encompassed methods from gradient-based attribution (Wei et al., 2024; Chen et al., 2025) to
activation patching (Li et al., 2025; Zhao et al., 2025b) at the methodological level. Collectively,
these studies reveal the core characteristic that the safety mechanisms of LLMs are dominated by
small-scale critical neurons which always exhibit strong activation response when processing ma-
licious queries. This phenomenon, which we term explicit induction, operates through a stimulus-
triggered activation pattern. In contrast, we posit that the mechanism always overlooks the implicit
hazards, particularly in resisting stereotypes, which is most likely an implicit association. This form
of intervention is characterized not by consistently high activation, but by systematic differences in
activation patterns between contrasting scenarios (e.g., biased vs. unbiased scenarios).

In this work, we aim to uncover the intrinsic self-debiasing mechanisms within LLMs that resist
stereotypic biases, rather than explore the bias-triggering mechanisms. We investigate this issue at
a mechanistic level, focusing on the roles of neurons within attention heads—this focus is motivated
by a growing body of evidence that self-attention layers act as a primary locus for the encoding
of social biases in LLMs (Gaci et al., 2022; Gallegos et al., 2024a; Zhao et al., 2025b) (Section
2). Subsequently, we propose COCO (intra-consistency and inter-contrast), a method grounded in
contrastive learning (van den Oord et al., 2019), to identify self-debiasing neurons (termed COCO
Neurons) that exhibit systematic sensitivity to contrasting scenarios. The core design of COCO
lies in introducing the C2-Score, a metric that quantifies the divergence in neuronal activation re-
sponses across contrasting scenarios, providing a principled foundation for screening COCO neu-
rons (Section 3.2). Building upon principles of neurodynamics (Section 2), we model the intrinsic
self-debiasing capability of LLMs as comprising two distinct systems: linear debiasing system and
nonlinear debiasing system, for which we design tailored neuron enhancement strategies that align
with its respective computational characteristics (Section 3.3).

Experimental results across six social categories and three capability benchmarks (truthfulness, rea-
soning, knowledge) show that linear enhancement elevates Llama3-8B’s stereotypical bias resistance
success rate to nearly 90% with a maximum gain exceeding 50%, while nonlinear enhancement im-
proves Mistral-7B’s success rate by an average of 10% with a maximum gain over 23%. Generaliza-
tion experiments demonstrate that the enhanced LLMs not only exhibit stronger robustness against
safety jailbreak prompt injection attacks but also show varying degrees of improvement in factuality
and reasoning ability.

Finally, by analyzing self-debiasing through the lens of attention mechanisms, we uncover its com-
putational underpinnings: a highly sparse and precisely targeted reallocation of attention. These
findings offer two key insights: they provide a mechanistic explanation for self-debiasing at the
neuronal level, and they establish a methodology to link intrinsic debiasing capabilities to model
performance on general-purpose tasks like reasoning and factuality.

2 PRELIMINARY

Attention Mechanism in LLMs. Currently, LLMs predominantly rely on the auto-regressive Trans-
former architecture Vaswani et al. (2023), in which the fundamental building blocks consist of the
multi-head self-attention (MHA) and the feed-forward network (FFN). Converging evidence from
interpretability research suggests that FFN memories store factual knowledge (Geva et al., 2021;
Dai et al., 2022; Ying et al., 2025) and MHA layers act as a primary locus for encoding social biases
in LLMs (Gaci et al., 2022; Gallegos et al., 2024a; Zhao et al., 2025b). Therefore, in this work, we
focus our investigation on the MHA module. Given the hidden state hl−1 ∈ Rd of the (l − 1)-th
layer of a specific token, the formula for MHA in the l-th layer which consists of H attention heads,
denoted as Al, is as follows:

Al = Concat([Softmax(
(hl−1Wl,i

Q )(hl−1Wl,i
K )T

√
dk

) · (hl−1Wl,i
V )︸ ︷︷ ︸

directly causally related to previous layer’s hidden state hl−1

for i in H]) ·W l
O, (1)

where WQ is the query projection matrix, WK is the key projection matrix, WV is the value
projection matrix, and dk denotes the dimensionality of the key vectors in attention head. In this
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Figure 1: COCO comprises three core components: (1) Ambiguous contextual input design to stim-
ulate bias; (2) Neuron activation response quantification to input sequences, and COCO Neuron
extraction via contrastive learning; (3) Neuron enhancement strategies (linear/nonlinear) to improve
LLMs’ ability of resisting stereotypical biases.

work, we focus on WQ, WK and WV. These matrices directly transform hl−1 and jointly shape
attention allocation patterns, offering a more direct causal pathway for analysis.

Definition of Neuron. In LLMs, a neuron can be formally defined as a single row or column vector
of a parameter matrix within either MHA or FFN (Yu & Ananiadou, 2023; Zhao et al., 2025b). As
discussed in Eq. 1, the j-th neuron in the l-th layer MHA is defined as the j-th column vector of the
matrix Wl

w, where w ∈ {Q,K, V }, denoted as N l,j
w ∈ Rd. These neurons serve as the fundamental

computational units that linearly transform hl−1 into the subspace corresponding to w.

Linear and Nonlinear System in Neurodynamics. Neurodynamics aims to understand the mech-
anisms of brain perception and learning by developing computational models inspired by biological
neural systems (Mullin & Rosenblatt, 1962; Rosenblatt, 1963). The emergence of intelligent collec-
tive behavior in a neural system is characterized by the interactions, both linear and nonlinear, among
its constituent neurons. Formally, a neural system is considered linear if its overall output response
satisfies the superposition principle and homogeneity with respect to its input stimuli (Kálmán, 1960;
Izhikevich, 2006); otherwise, it is considered non-linear (Izhikevich, 2006; Ermentrout & Terman,
2010). In this work, we abstract the self-debiasing mechanism in LLMs as a dynamical system.
Within this system, the activation intensity of neurons that exhibit specific responses to resisting
stereotypes is defined as the input signal, while the ultimate behavior of rejecting stereotypes serves
as the output of the system. Furthermore, based on the interaction patterns of these neurons, we
design linear and non-linear enhancement strategies respectively (Section 3.3).

3 METHODOLOGY

In this section, we propose COCO (intra-consistency and inter-contrast), a contrastive learning-
based neuron detection strategy, to effectively identify COCO neurons that resist stereotypical
biases. As shown in Figure 1. We begin by introducing the method for quantifying a neuron’s
activation response to a input query (Section 3.1). Subsequently, leveraging these quantified acti-
vation responses, we introduce the C2-Score, a metric that quantifies the divergence in neuronal
activation responses across contrasting scenarios, and demonstrate how to utilize C2-Score to iden-
tify COCO neurons in Section 3.2. Finally, drawing inspiration from neurodynamics, we categorize
the self-debiasing mechanisms of LLMs into linear and nonlinear systems (as mentioned in Sec-
tion 2). Consequently, we propose two distinct neuron enhancement strategies, each tailored to the
characteristics of these respective systems, LE-COCO and NE-COCO (Section 3.3).
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3.1 QUANTIFY NEURON ACTIVATION RESPONSE

As discussed in Section 2, given a neuron N l,j
w and a input query x, the hidden state after l-th layer

when handling x is denoted as hl(x). Furthermore, following Zhao et al. (2025b), the activation
response of neuron N l,j

w in processing x, denoted as Al,j
w , is calculated by:

Al,j
w = ||hl

\N l,j
w
(x)− hl(x)||2, (2)

where hl
\N l,j

w
(x) represents the hidden state after deactivating neuron N l,j

w , i.e., setting its parameters
to zero.

3.2 IDENTIFY SELF-DEBIASING NEURON

A body of empirical research has established that specific neurons exhibit strong activation responses
under distinct scenarios, such as resisting harmful queries (Wei et al., 2024; Zhao et al., 2025b), mul-
tilingual question-answering (Tang et al., 2024; Ying et al., 2025), among others. However, in this
work, we find that for queries that trigger biased responses in LLMs, stronger Al,j

w in processing
them is insufficient to deduce debiasing function in N l,j

w . We conjecture this is because stereotyp-
ical biases are implicitly encoded within LLMs. Compared to safety neurons that counter explicit
harmful queries, COCO neurons tasked with resisting stereotypes exhibit less pronounced activa-
tion responses. Consequently, identifying the COCO neurons should no longer be limited to the
absolute magnitude of Al,j

w , but rather should shift to analyzing its discrepancy across contrasting
scenarios.

Given a neuron N , let X− = {x−
1 , x

−
2 , ..., x

−
K} and X+ = {x+

1 , x
+
2 , ..., x

+
K} each be a set

of K (=10) scenarios that elicit stereotypically biased behavior responses and unbiased behav-
ior responses from the LLMs, respectively. The corresponding activation responses of N are
A− = {a−1 , a

−
2 , ..., a

−
K} and A+ = {a+1 , a

+
2 , ..., a

+
K}. Our optimization objective is equivalent to

identifying neurons whose activation responses asymptotically approach the following ideal state:

lim
C(A−)→0, C(A+)→0,D(A−,A+)→+∞

(C(A−) + C(A+)− λ · D(A−,A+)) = −∞ (3)

where C(·) measures the intra-set consistency to be minimized; D(·, ·) measures the inter-set dispar-
ity to be maximized; and λ > 0 is a weighting coefficient.

To address the aforementioned challenge of neuron identification, we draw inspiration from con-
trastive learning (van den Oord et al., 2019) to propose the COCO (intra-consistency and inter-
contrast). The core of COCO is calculating a joint score that integrates intra-consistency and inter-
contrast of activations, denoted as C2-Score, providing a quantitative metric for identifying neu-
rons that counteract stereotypical biases. The C2-Score of N is formally defined as follows:

C2-Score(N) = (L(A+,A−) + L(A−,A+))/2 ∈ [0,∞) (4)

L(A+,A−) = − 1

K

K∑
i=1

log

(
exp( sim(a+i ,A

+
\i)/τ )

exp( sim(a+i ,A
+
\i)/τ ) + exp( sim(a+i ,A

−)/τ )

)
(5)

where A+
\i denotes A+ exclude ai, τ is temperature coefficient greater than 0, and sim(·, ·) de-

notes the absolute value of the difference in activation response. The symmetry of the C2-Score can
effectively mitigate assessment bias inherent in single-directional evaluation. A lower C2-Score in-
dicates that N exhibits better discriminative ability across contrasting scenarios. Given a predefined
threshold ϵ, we extract COCO neurons based on the criterion that C2-Score is below ϵ.

Ndebias = {N l,i
w | C2-Score(N l,i

w ) ≤ ϵ, for N l,i
w in MHA} (6)

3.3 NEURON ENHANCEMENT EDITING FOR DEBIASING

As discussed in Section 2, we model the self-debiasing mechanism of LLMs as a dynamical sys-
tem. Grounded in the definitions of linear and nonlinear systems in neurodynamics, we heuristically
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design two neuron enhancement strategies that are respectively tailored to linear and nonlinear char-
acteristics, LE-COCO and NE-COCO, in light of the distinct properties of different neurons.

• Linear Debiasing System (LE-COCO): A linear system is formally defined by the properties of
superposition and homogeneity, such that the overall effect is a linear combination of independent
component effects. As defined in Eq. 3, a key objective of COCO is to seek a subset of neurons,
denoted as N ∗(COCO), that maximizes the inter-scenario activation response divergence, subject
to a quality threshold:

D(A−
N ,A+

N )> θ, for N in N ∗(COCO) (7)

where θ is a predefined threshold. As for the subset of neurons that always exhibits a strong
activation response, denoted as N ∗(MACT), this subset is subject to a quality threshold:

D(A−
N ,A−

N ) < θ, for N in N ∗(MACT) (8)

Notably, for ∀ N ∈ N ∗(MACT), there does not exist a significance difference between A−
N and

A+
N (p-value>0.05, i.e., A−

N ≈ A+
N ); therefore, according to Eqs.7 and 8, we hypothesize that

N ∗(COCO) ∩ N ∗(MACT) ≈ ∅, which is consistent with the independence of components.
Leveraging the superposition and homogeneity of linear systems, we model the solution set of the
linear debiasing system as the union of the solution sets of its two component subsystems, i.e.,
N (LE-COCO) ≈ N (COCO) ∪ N (MACT).

• Nonlinear Debiasing System (NE-COCO): A nonlinear system exhibits the characteristics of
nstrong interactive dependence and non-additive effects. These features imply that in a nonlinear
system, the interaction patterns among neurons constitute the core factor determining the system’s
outputs. Merely editing individual independent neurons fails to effectively enhance the bias miti-
gation performance; instead, it is imperative to regulate the nonlinear interaction networks among
neurons. Therefore, based on the Eq. 3, we relax the contrastive learning constraint of intra-scene
stability, i.g., C(A−) ↛ 0, C(A+) ↛ 0, then prioritize macroscopic response divergence across
contrasting scenarios as Eq. 7. Thus, we formulate the solution set of nonlinear debiasing system,
i.e., N (NE-COCO), as:

D(A−
N ,A+

N )> θ, for N in N (NE-COCO) (9)

Finally, we apply a uniform scaling factor ∆ (where ∆ > 1) to each extracted neuron to amplify its
weight and activation response, i.e., Ñ = N + N ·∆.

4 EXPERIMENT

In this chapter, we conduct experiments to address the following research questions:

• RQ1: Can deactivating COCO neurons cause a more significant degradation in LLMs’ resistance
to stereotypical biases compared to baseline strategies? (Section 4.2)

• RQ2: Can both the LE-COCO and NE-COCO proposed in Section 3.3 improve LLMs’ resistance
to stereotypical biases without impairing their general performance? (Section 4.3)

• RQ3: Can LLMs enhanced by LE-COCO and NE-COCO maintain stable resistance to stereotyp-
ical biases under adversarial scenarios with injected jailbreak prompts? (Section 4.4)

• RQ4: What insights into the emergent self-debiasing capabilities of LLMs can we gain from the
analysis of LE-COCO and NE-COCO? (Section 4.5)

4.1 EXPERIMENTAL SETUP

This section provides a concise overview of the LLMs, baseline methods, datasets, and evaluation
metrics used. For detailed experimental settings, see Appendix B.

Base LLMs and Baseline Methods. We use two LLMs: Llama3-8B-Instruct (Touvron et al., 2023)
and Mistral-7B-Instruct-v0.3(Jiang et al., 2023). We compare against three extraction baselines:

• RAND: Randomly select neurons for deactivation or enhancement editing.

5
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Table 1: Success rate of LLMs in resisting stereotypical biases after deactivating neurons. Lower
values correspond to a diminished ability to resist stereotypical biases. “D-*” denote “Deactivation”.

Llama3-8B-Instruction Mistral-7B-Instruct-v0.3

Category Orig D-RAND D-NORM D-MACT D-COCO Orig D-RAND D-NORM D-MACT D-COCO

Age 36.0 36.0 21.83 8.59 1.2 49.08 49.08 51.61 10.71 4.81
Disability 52.19 52.19 27.76 13.88 2.44 65.04 65.04 56.79 13.62 4.93
Gender 69.96 69.96 27.86 9.2 0.87 61.14 61.14 59.03 16.15 8.29
Nationality 56.19 56.19 26.84 15.39 2.31 70.19 70.19 60.94 17.66 5.54
Physical 60.23 60.23 35.66 24.87 3.81 71.19 71.19 61.02 11.79 5.22
Sexual 74.71 74.71 39.37 15.97 6.68 77.31 77.31 62.83 23.15 8.69

• NORM(Yu & Ananiadou, 2024): Select neurons with the largest parameter norm.
• MACT(Zhao et al., 2025b): Select neurons with the consistently high activation response in biased

scenarios.

Datasets and Evaluation Metrics. Our evaluation across two key dimensions: stereotypical bias
and general capability benchmarking.

• For stereotypical bias: we utilize BBQ (Parrish et al., 2022), focusing on the six social categories
including age, gender, disability, nationality, physical and sexual orientation under the contexts
with insufficient information. The corpora across different social categories are independent. For
each category, we hold out 70% of the data. This subset is used to construct contrasting scenarios
(Eqs. 4 and 5), identify COCO neurons (Eq. 6) and conduct cross-scenario validation (Section
4.2). The final performance is then reported on the complete dataset. See Fig. 1 for the exact case.

• For general capability: three datasets are used: TruthfulQA (truthfulness) (Lin et al., 2022),
GPQA-Diamond (logical reasoning) (Rein et al., 2023), and MMLU (knowledge-based QA)
(Hendrycks et al., 2021).

We adapt Accuracy as the core metric for all evaluations. Further details and statistics for the datasets
are provided in the Appendix B.2.

4.2 DEACTIVATION CAUSAL VALIDATION (RQ1)

Bias representations across social categories in LLMs are not strictly independent; instead, they
exhibit complex coupling overlap. Specifically, neurons extracted for one category may play a more
critical role in other social categories’ debiasing. To leverage the optimization potential of this
cross-category coupling, we first conduct a cross-social-category validation experiment.

Given C social categories, denoted as the set C = {c1, c2, ..., cC}. For each category ci ∈ C,
a set of COCO neurons is extracted from the corpus of ci using a specified method, denoted as
Nci . Subsequently, term LLM’s success rate in resisting stereotypes as U , we evaluate the shift
of U before and after deactivating Nci on the benchmark of cj : ∆Uci→cj = Ucj ,orig − U\Nci

cj ,deact

(ci, cj ∈ C).

Finally, for a target category ct, if there exists a source category cs such that: ∆Ucs→ct =
min{∆Uci→ct , for all ci in C}. This implies that: deactivating Ncs causes the most signif-
icant decrease U on category ct, then Ncs is deemed functionally critical to the defense against
stereotypes of category ct.

The results for the identified neuron set Ncs which induces the maximum decrease in the success
rate of resisting stereotypical biases for the target category ct and is identified via cross-category
validation are reported in Table 1. Specifically, we found that:

• Finding 1: Our analysis reveals a striking pattern: deactivating COCO neurons leads to
a statistically significant decline in the LLMs’ success rate in resisting stereotypes, which
effectively confirms our approach. Specifically, for Llama3-8B, the success rate in resisting
stereotypes decreases by an average of 55.3% across six social categories, with the maximum
drop exceeding 69% (69.96% → 0.87% in age); for Mistral-7B, the average reduction reaches
59.4%, accompanied by a peak decline of over 68% (77.31% → 8.69% in sexual).
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Table 2: Success rate of LLMs in resisting stereotypical biases after enhancing editing. Higher val-
ues denote better resistance to stereotypical biases or stronger general capabilities. Among these,
TruthfulQA is designed for truthfulness assessment; MMLU targets knowledge-based question an-
swering; GPQA-D, which refers to GPQA-Diamond, is tailored for commonsense reasoning. “E-*”
denote “Enhancement”. Herein, bold denotes the best performance, and underlining denotes the
second-best performance.

Stereotypical Bias Benchmark Capability Benchmark

Model Method Age Disability Gender Nationality Physical Sexual TruthfulQA GPQA-D MMLU

Llama3

Orig 36.0 52.19 69.96 56.19 60.23 74.71 60.12 52.53 60.53
E-RAND 36.0 52.19 69.96 56.19 60.23 74.71 60.12 52.53 60.53
E-NORM 30.07 45.37 64.28 51.97 54.33 71.3 59.26 46.97 60.68
E-MACT 62.66 61.95 78.35 76.95 65.36 81.71 57.04 45.45 56.65
E-COCO 45.43 56.81 77.33 68.51 66.62 87.04 65.72 62.12 53.38
NE-COCO 36.25 49.49 69.82 57.4 70.94 81.02 57.07 46.97 60.2
LE-COCO 86.25 84.7 80.08 88.64 85.15 89.58 82.74 87.76 31.68

Mistral

Orig 49.08 65.04 61.14 70.19 71.19 77.31 67.89 56.91 54.84
E-RAND 49.08 65.04 61.14 70.19 71.19 77.31 67.89 56.91 54.84
E-NORM 54.73 66.45 66.89 72.4 71.83 78.47 64.79 49.47 48.3
E-MACT 50.87 63.62 62.09 73.77 70.3 76.62 68.6 68.15 53.25
E-COCO 47.88 63.62 69.37 67.01 68.27 76.85 67.65 54.44 54.58
NE-COCO 59.85 67.61 84.99 84.54 72.34 82.16 65.24 67.32 52.51
LE-COCO 49.24 61.95 66.64 70.19 67.01 76.62 69.33 62.73 53.92

4.3 ENHANCEMENT EDITING (RQ2)

To validate the effectiveness and generalizability of the LE-COCO and NE-COCO neuron enhance-
ment editing strategies from Section 3.3, we first utilize the BBQ benchmark to assess LLMs’
stereotypical bias resistance. Next, we employ three benchmark suites: TruthfulQA, MMLU, and
GPQA-Diamond to evaluate the potential impact of these strategies on general capabilities. Table
4.3 presents detailed experimental results, from which we derive the following three key findings:

• Finding 2: Both the LE-COCO and NE-COCO demonstrate efficacy in enhancing their tar-
get LLMs’ resistance to stereotypical biases. Specifically, linearly-enhanced Llama3-8B and
nonlinearly-enhanced Mistral-7B achieved optimal performance, with significant improvements
across all social categories in BBQ. Among these, the linearly-enhanced Llama3-8B’s average
success rate in resisting stereotypes approached 90% with maximum gain exceeding 50% (36.0%
→ 86.25% in age); the nonlinearly-enhanced Mistral-7B’s average success rate in resisting stereo-
types surpassed 75% with maximum gain over 23% (84.99% → 61.14% in gender). The fact that
both LE-COCO and NE-COCO achieve optimal performance on their respective target models
effectively validates our neurodynamics-inspired approach to systematically simulating and opti-
mizing LLMs’ self-debiasing mechanisms against stereotypical biases.

• Finding 3: LE-COCO and NE-COCO improve LLMs’ truthfulness and deep reasoning but
impair knowledge representation. Linearly-enhanced Llama3-8B gained substantially on Truth-
fulQA (60.12 → 82.74, +22.62%) and GPQA-Diamond (52.53 → 87.76, +35.53%). Nonlinearly-
enhanced Mistral-7B declined slightly on TruthfulQA (67.89 → 65.24, -2.65%) but improved
significantly on GPQA-Diamond (56.91 → 67.32, +10.41%). These results confirm enhanced
unbiased capability positively drives factuality and logical reasoning. Notably, we reveal a trade-
off between the resistance to stereotypical biases and the representation of general knowledge.
Both enhanced LLMs declined on MMLU, with Llama3-8B showing the largest drop (60.53 →
31.68, -28.85%)—starkly contrasting its strong performance in resistance to stereotypical biases,
factuality, and reasoning. These point to underlying computational conflicts—perhaps in repre-
sentational geometry or resource allocation—between the objectives of debiasing and knowledge
preservation.

• Finding 4: A stark contrast in the efficacy between LE-COCO and NE-COCO is observed
across LLMs. Although the linearly-enhanced Llama3-8B and the nonlinearly-enhanced Mistral-
7B each achieve significant improvements in success rate in resisting stereotypes, their perfor-
mance fails to meet expectations or even declines when the alternative strategy is applied. Specif-
ically, Llama3-8B responded markedly better to linear enhancement (+27.52% vs. +2.6% with
nonlinear). Mistral-7B, however, exhibited the converse preference, achieving a +9.59% gain
with nonlinear enhancement against a -0.38% result with linear enhancement.
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Figure 2: This figure compares the stereotype resistance success rate of Linearly-enhanced Llama3-
8B (on age bias), Nonlinearly-enhanced Mistral-7B (on gender bias), and baseline strategies across
various jailbreak prompts. Higher values denote stronger resistance. See Appendix Dfor the com-
plete results of the jailbreak safety evaluation.

4.4 ROBUSTNESS EVALUATION AGAINST SAFETY JAILBREAK PROMPT (RQ3)

While LE-COCO and NE-COCO significantly improved LLMs’ resistance to stereotypical biases on
standard stereotypical bias benchmark, real-world deployment often exposes LLMs to deliberately
crafted safety jailbreak prompt injection attacks, where attackers use malicious instructions to
bypass safety alignment and elicit biased or harmful content. Evaluating enhanced LLMs’ robust-
ness against stereotypical biases under such adversarial environments is thus critical to validating
the strategy’s practicality(Zou et al., 2023; Vega et al., 2024; Chao et al., 2024).

To comprehensively robustness against stereotypical biases, we introduce three high-efficiency jail-
break prompt techniques with distinct mechanisms (Chaudhary et al., 2025). Detailed prompt tem-
plates are described in Appendix C:

(a) System Role Tampering (SystemRT): By modifying the LLM’s system prompt, this tech-
nique forces it into a malicious, safety-unconstrained role, weakening built-in fairness alignment;
(b) User-Level Ethical Exemption (UserLEE): We prepend exemption prompts to user instruc-
tions to demand the LLM lift fairness-related ethics constraints, inducing discriminatory outputs;
(c) Random Token Padding Jailbreak (RandomTPJ): Leveraging the LLM’s attention dilution
in long sequences, we randomly add 100 meaningless tokens before user instructions to impair its
ability to detect subsequent bias-inducing content.

• Finding 5: Both LE-COCO and NE-COCO effectively resist safety jailbreak prompt injec-
tion attacks and boosts LLMs’ robustness. Specifically, under jailbreak attacks, unenhanced
models show significant unstable degradation (The red bar in Figure 2): Llama3-8B exhibits a
46% average drop (std = 0.178) in stereotype resistance success rate, while Mistral-7B shows a
29% drop (std = 0.27).This significant decrease, coupled with the high standard deviations, indi-
cates substantial model instability and low reliability in countering stereotypes. In contrast, our
enhanced models demonstrate significantly greater robustness (The blue bar in Figure 2). The
linearly-enhanced Llama3-8B reduces the average performance drop to 25% (std = 0.166), while
the nonlinearly-enhanced Mistral-7B achieves a notable 1% average gain (std = 0.10).

4.5 INTERPRETABILITY THROUGH NEURON DISTRIBUTION AND ATTENTION SHIFT (RQ4)

To determine whether the emergence of self-debiasing mechanisms follows a global or localized pat-
tern, we analyze the distributional concentration of neurons within Query, Key, and Value attention
heads across different network layers.

• Finding 6: Both LE-COCO and NE-COCO neurons are predominantly localized in the
Query and Value attention heads of the last network layer. At the macroscopic scale, LE-
COCO and NE-COCO neurons are overwhelmingly localized to the last network layer (13.71%
in Llama3-8B (LE-COCO); 18.62% in Mistral-7B (NE-COCO)). At the component level, their
distributions diverge: LE-COCO neurons in Llama3-8B cluster in query heads of the last layer
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Figure 3: The distribution heatmap of LE-COCO neurons in Llama3-8B for the age category and
NE-COCO neurons in Mistral-7B for the gender category.

Figure 4: Shifts in the attention score matrices following enhancement. The first row depicts the top
4 attention heads for linearly-enhanced Llama3-8B (age scenario), and the second row shows the
top 4 heads for nonlinearly-enhanced Mistral-7B (gender scenario). In the heatmaps, red denotes an
increase in attention scores after enhancement, while blue denotes a decrease.

(7.61%), whereas NE-COCO neurons in Mistral-7B distribute across both query (6.89%) and
value (8.16%) heads of the last layer. (Figure 3).

As discussed in Finding 6, LE-COCO and NE-COCO neurons are highly concentrated in the last
network layer. Given this concentration, our analysis focuses on the attention distribution within that
layer. Subsequently, given the original attention score matrix A and the post-enhancement attention
matrix Â, we compute the difference in attention score matrices for each attention head pre- and
post-enhancement, i.e., ∆A = Â − A. We then quantify the overall shift intensity per head using
the L1 norm (L = ||∆A||1). The top-4 heads exhibiting the strongest shift intensity are selected for
detailed analysis, as visualized in Figure 4.

• Finding 7: Both LE-COCO and NE-COCO trigger attention shifts that exhibit two key
characteristics: high sparsity and a strong boundary-focus. Specifically, instead of being
uniformly distributed, the changes in attention scores concentrate at the initial and final tokens.
And more notably, these shifts display a consistent directional pattern—a marked increase in
attention to the first token coupled with a decrease to the last.
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5 RELATED WORK

Stereotype Bias in LLMs.Since human social stereotype biases are implicitly encoded in the statis-
tical regularities of the training corpora (Greenwald & Banaji, 1995; Greenwald et al., 1998), LLMs
inevitably capture and perpetuate these biased patterns during pre-training. These patterns are em-
bedded in the model’s parameters (Bolukbasi et al., 2016; Caliskan et al., 2017; Zhao et al., 2019)
and manifest subtly in practical applications, making them difficult to detect (Caliskan-Islam et al.,
2016; Kotek et al., 2023; Zhao et al., 2024).

External Debiasing Intervention.To mitigate biases in LLMs, multiple strategies have been pro-
posed. These span training data refinement (Zhou et al., 2023; Rafailov et al., 2024), post-training
adjustment (e.g., fine-tuning, RLHF) (Schulman et al., 2017; Bai et al., 2022; Rafailov et al., 2024),
model editing techniques (e.g., concept erasure) (Liang et al., 2021; Ravfogel et al., 2024; Vargas
& Cotterell, 2024; Belrose et al., 2025), and inference-time guidance through prompt engineering
(Shinn et al., 2023; Gallegos et al., 2024b; Borah & Mihalcea, 2024; Zhao et al., 2025a). Nev-
ertheless, existing research predominantly focuses on external technological interventions. This
underscores a fundamental gap in understanding the intrinsic self-debiasing mechanisms potentially
inherent to LLMs.

Interpret Safety Mechanism. Converging evidence indicates that the complex safety mechanisms
in LLMs represent an emergent, intrinsic capability to detect harmful queries and generate norma-
tively aligned content, rather than a product of external rule-based intervention (Liu et al., 2024;
Gallegos et al., 2024b; Zhao et al., 2025b; Li et al., 2025). To uncover these mechanisms, research
has spurred investigations at varying scales—from network layers (Li et al., 2025) to neurons (Wei
et al., 2024; Chen et al., 2025; Zhao et al., 2025b), using methods like gradient-based attribution (Wei
et al., 2024; Chen et al., 2025) and activation patching (Li et al., 2025; Zhao et al., 2025b). These
studies establish that LLM safety mechanisms are governed by sparse critical neurons exhibiting a
strong, stimulus-triggered activation to malicious queries—a phenomenon we term explicit induc-
tion. Nevertheless, we argue that implicit hazards, particularly stereotypes, are managed through
implicit association, a mechanism defined not by activation intensity but by systematic differences
in activation patterns across contrasting scenarios.

6 CONCLUSION

In this work, we advance the understanding of self-debiasing mechanisms against stereotypical bi-
ases in LLMs by moving beyond the paradigm of explicit induction. We introduced COCO, a
method to detach self-debiasing neurons (termed COCO Neurons), which account for approxi-
mately 1% of the total parameters and are primarily located in the Query and Value weight matrices
of the deeper network layers. Leveraging insights from Neurodynamics, we design two neuron
enhancement editing strategies tailored to the linear and nonlinear debiasing systems, LE-COCO
and NE-COCO. These strategies not only improve the success rate in resisting stereotypes and
strengthen robustness against jailbreak attacks, but also yield measurable gains on factual and rea-
soning benchmarks.
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ETHICS STATEMENT

Our COCO neuron-based debiasing method significantly enhances LLMs’ unbiased response capa-
bility and jailbreak resistance, making it valuable for advancing fair and robust AI in real-world
applications. While directly editing debiasing neurons to mitigate unfairness introduces poten-
tial risks—such as unintended degradation of model knowledge preservation (as observed in our
MMLU experiments) or accidental amplification of other biases—we strongly urge researchers to
implement strict validation (e.g., across diverse social categories and general capability benchmarks)
and oversight to ensure the ethical use of this technique. Nevertheless, the original goal of our
COCO-focused work remains positive: to provide an interpretable, efficient solution for LLM debi-
asing, laying the groundwork for more equitable AI systems. Therefore, we encourage researchers
to leverage the COCO neuron framework responsibly, balancing bias mitigation effects with the
preservation of models’ core capabilities.

REPRODUCIBILITY

For reproducibility of our work, detailed implementation instructions and COCO-related
source code are publicly available at: https://anonymous.4open.science/r/coco_
debiasing_neuron-E223/. We aim to facilitate verification and replication of our results
by other researchers through these measures.
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A THE USAGE OF LLM

In this work, the application of LLMs is strictly limited to aiding and polishing academic writing,
with no involvement in core research processes, e.g. the design of COCO framework.

Specifically, LLM was used to refine the phrasing of certain paragraphs to enhance the accuracy
and fluency of academic expression, such as the introductory paragraph describing experimental
strategies in Chapter 3: we leveraged LLM to optimize the structure of this paragraph, making the
description of experimental design more concise and in line with the academic writing norms of AI
top conferences.

B EXPERIMENTAL SETTINGS

B.1 BASELINE METHODS

• RAND: Randomly select neurons for deactivation or enhancement editing.
• NORM(Yu & Ananiadou, 2024): Select neurons with the largest parameter norm.
• MACT(Zhao et al., 2025b): Select neurons with the consistently high activation response in biased

scenarios.

B.2 BENCHMARK DESCRIPTION

• BBQ: A benchmark designed to evaluate social biases in question answering (QA) models. Con-
structed by its authors, this dataset comprises biased question sets targeting nine social dimen-
sions within American English contexts. The core task of BBQ is to assess model responses at
two levels: one in contexts with insufficient information, and the other in contexts with sufficient
information. In our work, we utilize six of these social categories including Age (1840 items),
Gender (2836 items), Disability (778 items), Nationality (1540 items), Physical (788 items) and
Sexual (432 items), and focus on contexts with insufficient information.

• TruthfulQA (Lin et al., 2022): A benchmark consisting of 817 questions, aimed at assessing
whether models can generate truthful and accurate answers rather than fabricating information.

• MMLU (Hendrycks et al., 2021): A multiple-choice question benchmark covering 57 topics,
designed to evaluate the knowledge and reasoning capabilities of LLMs. In this work, we utilize
the MMLU’s test set which consists of 14042 questions.

• GPQA Diamond (Rein et al., 2023): The Grade-Level Problems in Question Answering (GPQA)
Diamond benchmark aims to measure models’ ability to tackle questions that require deep reason-
ing and domain-specific expertise. As the highest-quality evaluation dataset in the GPQA series,
it comprises 198 entries.

B.3 EXPERIMENTAL ENVIRONMENT

The ϵ mentioned in Section 3.2 denotes top-K in ascending order. The experiments were imple-
mented using the Transformers library, with the temperature parameter is set to 0 to eliminate
generation stochasticity and ensure reproducibility. All experiments are conducted on a NVIDIA
GeForceRTX 3080.
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B.4 EXTRACTED NEURONS’ NUMBER PERCENTAGE

Table 3: Extracted Neurons’ Number Percentage in Llama3-8B

Category NORM (%) MACT (%) COCO (%) LE-COCO (%) NE-COCO (%)

Age 1.3 0.35 0.6 0.95 0.35
Disability status 1.3 0.35 0.6 0.95 0.35
Gender identity 1.3 0.35 0.85 1.2 0.35
Nationality 1.2 0.35 0.85 1.2 0.35
Physical appearance 1.3 0.35 0.5 0.85 0.55
Sexual orientation 1.3 0.35 0.85 1.2 0.55

B.5 NEURON OVERLAP

Figure 5: Neuron Overlap within Llama3-8B. The above represents MACT neurons, while the bottm
represents COCO neurons. We observe that: MACT neurons exhibit high overlap across categories;
in contrast, COCO neurons show high decoupling across categories.
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C PROMPT TEMPLATES

Figure 6: Prompt Templates used in our work.
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D COMPREHENSIVE RESULTS OF JAILBREAK SAFETY EVALUATION

D.1 JAILBREAK SAFETY EVALUATION IN LLAMA3-8B

Table 4: Robustness Evaluation of Llama3-8B against Stereotypes and Jailbreak Attacks. In the
results, the success rate of the linearly-enhanced Llama3-8B (LE-COCO) is denoted in red when it
exceeds the baseline (Orig), and in blue when it is lower.

Category Prompt Orig E-RAND E-NORM E-MACT E-COCO LE-COCO

Age

Standard 36.0 36.0 30.07 62.66 45.43 86.25
SystemRT 15.07 15.07 13.68 42.44 12.27 75.98
UserLEE 14.42 14.42 10.98 46.06 19.21 73.97
RandomTPJ 28.34 28.34 25.88 57.49 27.93 44.73

Disability

Standard 52.19 52.19 45.37 61.95 56.81 84.7
SystemRT 23.51 23.51 21.98 39.97 23.36 72.24
UserLEE 28.66 28.66 23.78 35.6 28.92 64.91
RandomTPJ 37.02 37.02 31.36 48.97 42.8 46.27

Gender

Standard 69.96 69.96 64.28 78.35 77.33 80.08
SystemRT 34.25 34.25 33.38 41.66 41.95 29.14
UserLEE 40.47 40.47 36.37 42.56 55.05 56.66
RandomTPJ 49.33 49.33 47.74 46.09 52.89 50.28

Nationality

Standard 56.19 56.19 51.97 76.95 68.51 88.64
SystemRT 30.77 30.77 30.19 47.92 59.87 35.72
UserLEE 35.56 35.56 31.15 51.56 58.29 63.12
RandomTPJ 55.04 55.04 52.57 67.4 49.55 66.69

Physical

Standard 60.23 60.23 54.33 65.36 66.62 85.15
SystemRT 27.64 27.64 24.65 44.29 38.95 71.83
UserLEE 31.73 31.73 25.89 45.69 53.3 86.29
RandomTPJ 50.19 50.19 47.06 56.47 60.53 51.86

Sexual

Standard 74.71 74.71 71.3 81.71 87.04 89.58
SystemRT 37.57 37.57 35.26 40.87 68.86 37.41
UserLEE 48.67 48.67 41.65 44.1 84.58 72.51
RandomTPJ 64.86 64.86 61.23 52.67 53.07 60.33
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D.2 JAILBREAK SAFETY EVALUATION IN MISTRAL-7B

Table 5: Robustness Evaluation of Mistral-7B against Stereotypes and Jailbreak Attacks. In the
results, the success rate of the linearly-enhanced Mistral-7B (NE-COCO) is denoted in red when it
exceeds the baseline (Orig), and in blue when it is lower.

Category Prompt Orig E-RAND E-NORM E-MACT E-COCO NE-COCO

Age

Standard 49.08 49.08 54.73 50.87 47.88 59.85
SystemRT 21.26 21.26 34.13 23.7 24.51 59.67
UserLEE 51.14 51.14 57.12 53.15 49.4 69.97
RandomTPJ 17.83 17.83 26.85 22.61 16.63 32.73

Disability

Standard 65.04 65.04 66.45 63.62 63.62 67.61
SystemRT 28.15 28.15 38.82 25.58 31.62 38.17
UserLEE 70.82 70.82 71.08 70.57 67.48 70.82
RandomTPJ 27.76 27.76 29.69 33.29 25.84 29.95

Gender

Standard 61.14 61.14 66.89 62.09 69.37 84.99
SystemRT 35.83 35.83 47.92 35.01 48.61 91.32
UserLEE 66.36 66.36 68.51 67.38 74.37 93.01
RandomTPJ 28.17 28.17 27.5 28.74 37.83 74.42

Nationality

Standard 70.19 70.19 72.4 73.77 67.01 84.54
SystemRT 33.7 33.7 44.09 36.3 36.43 83.76
UserLEE 74.29 74.29 75.32 77.6 72.27 92.32
RandomTPJ 25.32 25.32 29.35 32.34 21.88 73.0

Physical

Standard 71.19 71.19 71.83 70.3 68.27 72.34
SystemRT 34.39 34.39 32.87 29.19 38.58 55.08
UserLEE 75.89 75.89 76.78 74.37 72.97 74.37
RandomTPJ 25.63 25.63 26.02 25.63 23.73 28.43

Sexual

Standard 77.31 77.31 78.47 76.62 76.85 82.16
SystemRT 49.77 49.77 55.09 43.06 52.55 93.94
UserLEE 78.7 78.7 79.17 78.47 78.94 89.24
RandomTPJ 40.28 40.28 32.87 38.89 36.81 80.05
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E ATTENTION SCORE MATRICES SHIFT

E.1 ATTENTION SCORE MATRICES SHIFT IN Llama3-8B

Figure 7: Shifts in the attention score matrices following enhancement. In the heatmaps, red denotes
an increase in attention scores after enhancement, while blue denotes a decrease.
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E.2 ATTENTION SCORE MATRICES SHIFT IN Mistral-7B

Figure 8: Shifts in the attention score matrices following enhancement. In the heatmaps, red denotes
an increase in attention scores after enhancement, while blue denotes a decrease.
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