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Abstract

Pretrained masked language models (MLMs)
remain important backbones for natural lan-
guage understanding (NLU) tasks, as they of-
ten provide a more favorable balance between
task performance and computational efficiency
than large decoder-only models. However, ex-
isting debiasing methods often decouple bias
mitigation from downstream fine-tuning, mak-
ing it difficult to preserve the mitigation effects
after task adaptation. To address this, we pro-
pose ARCA (Attribution-Regularized Causal
Alignment), an end-to-end framework that uni-
fies debiasing quality and task utility. ARCA
uses differential gradient attribution to identify
task-specific bias words and regularize the inter-
vention for causal alignment on counterfactual
samples. This single-pipeline approach enables
joint optimization of task utility and debiasing.
Experiments on three mainstream NLU tasks
show that ARCA achieves a strong trade-off be-
tween bias mitigation and task utility compared
with representative debiasing baselines.!

1 Introduction

Pretrained masked language models (MLMs) re-
main strong and efficient backbones for natural lan-
guage understanding (NLU), providing a favorable
balance between task performance and computa-
tional efficiency compared with large decoder-only
language models (Devlin et al., 2019; Liu et al.,
2019; Lan et al., 2020; Zhao et al., 2021). By learn-
ing generalizable linguistic patterns from large-
scale corpora, MLMs provide a robust foundation
for various downstream applications. However,
these models inevitably encode social biases (e.g.,
gender and racial stereotypes) embedded in their
training data (Bolukbasi et al., 2016; Caliskan et al.,
2016; Rudinger et al., 2017; Bender et al., 2021).
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Figure 1: Illustration of gender bias re-introduction dur-
ing downstream fine-tuning. The standard fine-tuned
BERT exhibits a significant confidence gap (8%) be-
tween gender-paired inputs.

During downstream fine-tuning, such implicit bi-
ases (Kurita et al., 2019; Nadeem et al., 2021) are
often amplified into consistent and discriminatory
predictions against specific demographic groups,
leading to unfair outcomes in high-stakes scenarios
(e.g., resume screening and legal judgment assis-
tance) (De-Arteaga et al., 2019; Blodgett et al.,
2020). Driven by growing regulatory and ethi-
cal concerns, mitigating task-level social bias in
MLMs while preserving utility remains a critical
challenge (Liang et al., 2021).

Despite extensive research into bias mitigation
for pretrained language models (Tan and Celis,
2019; May et al., 2019; Nangia et al., 2020; Kaneko
and Bollegala, 2021; Parrish et al., 2022), existing
methods still face a fundamental drawback: bias
mitigation is often decoupled from downstream
fine-tuning, making it difficult to preserve the mit-
igation effects after task adaptation (Shen et al.,
2022; Zhou et al., 2023). As a result, debiasing
performed before downstream training may not
consistently translate into stable task-level bias
mitigation, as illustrated in Figure 1. This sepa-
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ration is further compounded by the reliance on
high-coverage manual lexicons, since building a
task-specific lexicon is labor-intensive, difficult to
scale, and hard to verify for complete coverage
of context-specific bias-propagating words. Con-
sequently, the disconnect between debiasing and
downstream fine-tuning impedes end-to-end gradi-
ent flow and makes it difficult to jointly optimize
debiasing quality and task utility.

To address these challenges, we propose ARCA
(Attribution-Regularized Causal Alignment), an
end-to-end debiasing framework for task-aware
bias mitigation in pretrained MLMs. ARCA treats
social bias as a spurious causal pathway from pro-
tected attributes to model predictions, a formula-
tion motivated by the structural causal model per-
spective (Pearl, 2009). Specifically, ARCA first
collects task-specific gradient signals and uses dif-
ferential gradient attribution to construct a causal
intervention lexicon, thereby regularizing causal
alignment by constraining counterfactual interven-
tions to task-specific bias-propagating words. Dur-
ing downstream fine-tuning, this lexicon guides the
on-the-fly generation of counterfactual pairs, while
the model is optimized with both task classification
loss and causal alignment loss between original
and counterfactual representations. This integrated
pipeline enables stable task-aware debiasing while
preserving task utility.

Overall, our contributions are the following: (i)
We formulate task-level social bias mitigation from
a causal perspective, treating protected attributes
as spurious causal pathways that may influence
downstream predictions. (ii) We introduce ARCA,
an end-to-end framework for pretrained MLMs
that unifies automatic causal intervention lexicon
construction, on-the-fly counterfactual generation,
and representation-level causal alignment during
downstream fine-tuning. (iii) Experiments on three
mainstream NLU tasks demonstrate that ARCA
achieves a stronger trade-off between bias mitiga-
tion and task utility than representative baselines.

2 Related Work

2.1 Data-level Debiasing

Data-level methods mitigate bias by modifying or
augmenting training data to reduce skewed sta-
tistical associations. A widely adopted paradigm
is Counterfactual Data Augmentation (CDA) (Lu
et al., 2020), which constructs paired samples by
substituting protected attribute terms. Early re-

search utilized rule-based substitutions to generate
gender-balanced corpora (Zhao et al., 2018; Web-
ster et al., 2021), while recent approaches leverage
large language models to produce contextually rich
counterfactuals with improved diversity (Han et al.,
2024, Parihar et al., 2026). However, these meth-
ods depend heavily on manual high-coverage lexi-
cons or external generators and often fail to capture
implicit, task-specific bias.

2.2 Model-Level Debiasing

Model-level approaches directly modify represen-
tations or training objectives to remove bias, of-
ten grounded in counterfactual fairness (Kusner
et al., 2017) via causal intervention. Existing strate-
gies primarily fall into three categories: (i) Rep-
resentation Projection: Methods like INLP (Rav-
fogel et al., 2020) and Sentence-Debias (Liang
et al., 2020) remove biased information via or-
thogonal projection or principal component anal-
ysis (PCA). However, these methods assume that
bias directions are linearly identifiable and may re-
move task-relevant semantic information entangled
with bias signals in deep transformer representa-
tions. (ii) Contrastive Learning: FairFil (Cheng
etal.,2021), MABEL (He et al., 2022), and TriCon-
Fair (Lyu et al., 2026) promote bias-invariance by
minimizing distances between counterfactual pairs.
However, contrastive methods are sensitive to coun-
terfactual construction and objective design, and
noisy pair relations may blur the boundary between
spurious bias and task-relevant semantics. (iii)
Parameter-efficient and Regularization-based:
Recent work explores parameter-efficient debias-
ing through adapter-based architectures (Jain et al.,
2024) or integrates fairness constraints via adver-
sarial learning (Qian et al., 2019) and divergence-
based regularization (Li et al., 2025; Gallegos et al.,
2024). Among debiasing approaches integrated
with downstream fine-tuning, Causal-Debias (Zhou
et al., 2023) employs causal invariant learning over
intervention environments constructed from prede-
fined demographic factors. However, these meth-
ods often lack precise bias localization and may
still struggle to balance bias mitigation with task
utility across diverse tasks.

Despite these efforts, stable task-level bias miti-
gation during downstream adaptation remains chal-
lenging. Data-level methods rely on manual high-
coverage lexicons or external generators, while
model-level methods often lack precise localization
of task-specific bias-propagating features. A com-
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Figure 2: Overview of ARCA. (a) Task-aware lexicon construction discovers task-specific bias-propagating words.
(b) On-the-fly causal intervention generates counterfactual pairs via attribute substitution. (c) Causal alignment
fine-tuning jointly optimizes task prediction and representation alignment through divergence-based regularization.

mon limitation is that debiasing is often decoupled
from downstream fine-tuning, making it difficult
to preserve mitigation effects after task adaptation.
In contrast, ARCA builds task awareness into each
stage of debiasing: it constructs intervention lexi-
cons from task-specific attribution signals, gener-
ates counterfactual pairs on the fly during down-
stream fine-tuning, and applies representation-level
causal alignment within the same training pipeline.
This unified framework enables task-aware debias-
ing while preserving task utility.

3 Methodology

3.1 Overview

Figure 2 illustrates the overall architecture of
ARCA. ARCA is designed as an end-to-end frame-
work for task-aware bias mitigation in pretrained
MLMs, which often provide a more favorable bal-
ance between task performance and computational
efficiency. The framework consists of two consecu-
tive stages. In Stage 0, ARCA first performs a short
downstream warm-up and constructs a task-specific
causal intervention lexicon from model-internal
attribution signals. In Stage 1, ARCA uses the
constructed lexicon during downstream fine-tuning
through two coupled operations: on-the-fly coun-
terfactual generation via attribute substitution, fol-
lowed by causal alignment fine-tuning that jointly
optimizes task classification and representation-

level causal alignment. In this sense, the attribution
signals regularize causal alignment by constrain-
ing the intervention space to task-specific bias-
propagating words, rather than applying alignment
to arbitrary or manually exhaustive substitutions.

ARCA adopts a causal framing while making no
claim of full causal identification. Motivated by the
structural causal model perspective (Pearl, 2009),
ARCA treats social bias as a spurious pathway from
protected attributes to model predictions. Specifi-
cally, lexical co-occurrences such as female—nurse
reflect statistical associations rather than causal
dependencies. Nevertheless, during downstream
fine-tuning, MLMs may exploit protected attributes
A as shortcut features for predictions Y, induc-
ing a spurious path A — Y alongside the task-
relevant semantic path S — Y, where S denotes
task-relevant semantic features. Inspired by coun-
terfactual fairness, ARCA approximates the inter-
vention do(A = ) through protected-attribute
substitution, where a’ denotes a counterfactual at-
tribute value. Under this intervention-based formu-
lation, ARCA uses such interventions to regularize
representation learning by aligning original and
counterfactual representations when the substitu-
tion preserves task semantics. This encourages the
model to reduce its sensitivity to changes in A,
thereby weakening the protected-attribute shortcut
while retaining task-relevant semantic information.
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3.2 Task-Aware Lexicon Construction

As shown in Figure 2 (a), the first component of
ARCA aims to construct a causal intervention lexi-
con via differential gradient attribution for generat-
ing counterfactual inputs during downstream train-
ing. Instead of relying on manually constructed
high-coverage lexicons, ARCA uses task-specific
attribution signals to discover bias-propagating
words from the warmed-up model. Formally, the
causal intervention lexicon is defined as:

A= Aseed U Adiscovered (1)

where Ageeq is a small seed lexicon of linguistically
unambiguous core attribute pairs, e.g., (he, she)
and (him, her) in the gender bias setting. It serves
as a compact anchor set rather than an exhaus-
tive lexicon. Agiscovered 18 automatically expanded
from attribution signals computed by a warmed-
up model, enabling ARCA to capture task-specific
bias-propagating words from partially adapted gra-
dient signals.

3.2.1 Token-Level Gradient Attribution

ARCA leverages model-internal gradient signals to
discover bias-propagating words from token-level
attribution signals. A probing set Dpobe 18 first
sampled from the training data. For each input ,
we construct a counterfactual =’ by replacing pro-
tected attributes using Ageeq. Following gradient
X input attribution methods (Ancona et al., 2018;
Wang et al., 2020), token-level attribution scores
are computed as:

8ﬁtask (x )

€O aei

2

a;(x) =

2

where e; denotes the embedding vector of the ¢-th
token, and L,z denotes the task prediction loss,
instantiated as cross-entropy loss for NLU classi-
fication tasks. The differential gradient attribution
score at token positions is defined as:

Aai(z) = |ai(z) — a;(2’)] 3)
A large Aa;(z) indicates that the model changes
its reliance on the i-th token when the protected
attribute is intervened upon. ARCA uses such
changes to identify candidate bias-propagating lex-
ical features. Here, “bias-propagating” refers to
a model-level attribution pattern rather than an in-
herent property of the lexical item. A word need
not carry explicitly biased or harmful semantics;

instead, a substantial attribution change indicates
that its contribution to the prediction varies with
the protected attribute, potentially reflecting con-
textual or statistical associations acquired during
pretraining or downstream adaptation.

3.2.2 Word-Level Aggregation and Filtering

We then aggregate differential gradient attribution
scores across the probing set. Let P(w) denote the
set of positions (7, 7) where word w appears in the
probing set, with 7 and ¢ indicating the sentence
index and the token position, respectively. The
aggregated score of word w is defined as:

oA @

(7)) EP(w)

Candidate words are selected based on attribu-
tion strength and frequency Freq(w). We define
the attribution threshold as:

5:Hra+k‘0'fa (5)

where iz and oz, denote the mean and stan-
dard deviation of aggregated differential attribution
scores over non-seed words, respectively, and k is
a scaling factor. A word w is retained if:

Aa(w) > 4§ and Freq(w) > nmin  (6)

where 1y is the minimum frequency threshold.
From this candidate set, we retrieve nearest se-
mantic neighbors in the embedding space of the
pre-trained model that satisfy attribute opposition
constraints, and validate them via substitution con-
sistency. The validated pairs are then used to con-
struct the expanded lexicon Agiscovered. Detailed
procedures for counterpart selection and substitu-
tion validation are provided in Appendix A.1.

By selecting words according to attribution
strength, ARCA constructs a task-specific interven-
tion space composed of validated bias-propagating
words. Appendix A.2 provides representative dis-
covered pairs with attribution statistics, together
with the complete set of automatically discovered
intervention pairs. As illustrated by these exam-
ples, the discovered lexicon extends beyond canon-
ical protected-attribute terms such as pronouns and
identity nouns, and can include context-dependent
lexical carriers whose attribution changes under
protected-attribute substitution. The current for-
mulation therefore focuses on lexical-level inter-
vention patterns associated with protected-attribute
substitutions.
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3.3 On-the-Fly Task-Aware Causal
Intervention

The second component of ARCA, illustrated in Fig-
ure 2 (b), performs on-the-fly causal intervention
by generating counterfactual pairs on the fly during
training using the constructed task-specific lexicon
A. For each input sentence Zorig, ARCA scans the
input for lexical matches in .A. If no match is found,
the sample is only used for standard task training.
Otherwise, the matched words are replaced with
their attribute counterparts to produce a counterfac-
tual x¢. This procedure yields counterfactual pairs
(%orig, @cr) that differ only in protected attribute
terms while preserving the original semantic con-
tent and sharing the same task label. Guided by the
causal intervention lexicon .4, the attribute substitu-
tion process serves as a targeted causal intervention
during training. Since generation is deterministic
and based on lexicon lookup, it is computation-
ally efficient with time complexity O(n); semantic
preservation is encouraged by restricting substitu-
tions to validated attribute counterparts. The de-
tailed algorithm is provided in Appendix B.1.

3.4 Causal Alignment Fine-Tuning

The final component of ARCA, illustrated in Fig-
ure 2 (c), jointly optimizes downstream task perfor-
mance and causal alignment between original and
counterfactual representations.

Task Prediction Loss. For NLU classification
tasks, the task prediction objective is naturally for-
mulated as cross-entropy over task labels. The task
loss is computed on original inputs:

C
Liask = — Z yelogpe @)

c=1

where C' is the number of categories, p is the
predicted probability distribution produced by the
model, and y is the true label.

Causal Alignment Loss. For each causal in-
tervention pair, we extract [CLS] representations
horig, het € R?, then implement causal divergence
regularization as a representation-level alignment
loss:

1
£align = E Hhorig - hcfH; (8)

This encourages the model to produce invariant rep-
resentations under protected-attribute intervention,
thereby suppressing bias propagation before the
prediction layer.

Objective Function. The overall optimization
objective of ARCA is defined as a weighted sum
of the task loss and the causal alignment loss:

Liotal = Lask + - Ealign 9)

where o > 0 is a hyperparameter that controls
the strength of the bias mitigation constraint. We
provide the training algorithm in Appendix B.2.

4 Experimental Setup

4.1 Datasets

ARCA is evaluated on three representative NLU
tasks from the GLUE benchmark (Wang et al.,
2019): MNLI (Williams et al., 2018), SST-2
(Socher et al., 2013), and MRPC (Dolan and Brock-
ett, 2005). MNLI is a three-way natural language
inference task containing 392,702 training exam-
ples. SST-2 contains 67,349 movie-review sen-
tences for binary sentiment classification. MRPC is
a binary paraphrase identification benchmark with
3,668 training examples. Results are reported on
the standard validation splits for SST-2 and MRPC,
and on the matched validation split for MNLI.

StereoSet (Nadeem et al., 2021) is additionally
included as an auxiliary reference for conventional
intrinsic bias evaluation. It measures stereotypi-
cal associations across gender, race, and religion,
and is commonly used to assess bias before down-
stream task adaptation. Since ARCA constructs
task-specific intervention spaces from downstream
attribution signals, direct evaluation of the task-
adapted ARCA model on StereoSet would intro-
duce a distributional mismatch. Therefore, Stere-
oSet results are reported for existing debiasing
methods, including additional decoder-only back-
bones, as reference results, while ARCA is eval-
uated on downstream NLU tasks targeted by the
proposed framework. Details of datasets are pre-
sented in Appendix C.1.

4.2 Evaluation Metrics

For downstream NLU tasks, both task utility and
task-level debiasing performance are evaluated.
Task utility is measured by classification accuracy
(Acc). Debiasing performance is measured by
Prediction Flip Rate (PFR) and Probability Diver-
gence Score (PDS), which capture label-level and
probability-level sensitivity to protected-attribute
substitution, respectively. PFR and PDS are in-
tended to measure task-level counterfactual robust-
ness under controlled protected-attribute substitu-

9620



tions, rather than comprehensive fairness across
demographic groups. For all methods, PFR and
PDS are computed on the held-out validation split
using a consistent counterfactual generation proce-
dure and metric implementation. The intervention
lexicon used to construct counterfactual samples
follows the corresponding experimental configura-
tion.

For conventional intrinsic bias evaluation, Stere-
oSet metrics are additionally reported as auxiliary
references for existing debiasing methods. Specifi-
cally, stereotype scores (SS) are reported for gender,
race, and religion, where values closer to 50 indi-
cate weaker stereotypical preference. LM Score
and ICAT are also reported to measure language
modeling ability and the overall trade-off between
language modeling quality and stereotype bias, re-
spectively. Since ARCA is task-aware and con-
structs its intervention space from downstream at-
tribution signals, StereoSet serves as a reference for
traditional intrinsic bias evaluation rather than the
primary evaluation target of ARCA. Detailed defini-
tions of the metrics are provided in Appendix C.2.

4.3 Baselines and Implementation

Representative debiasing baselines are selected to
cover major categories of existing debiasing ap-
proaches, including Standard Fine-tuning, CDA
(Lu et al., 2020), INLP (Ravfogel et al., 2020),
Sentence-Debias (Liang et al., 2020), DBR (Li
et al., 2025), and TriCon-Fair (Lyu et al., 2026).
DBR is included as the closest objective-level fine-
tuning-integrated baseline under our protocol, since
it directly regularizes divergence between original
and intervened inputs during downstream adapta-
tion. This enables a controlled comparison with
ARCA at the training-objective level while keeping
the downstream task setting consistent. Official im-
plementations are used when available, and all hy-
perparameters are tuned on the validation set under
the same experimental protocol. The main down-
stream experiments are conducted on two widely
adopted MLMs: BERT-base-uncased (Devlin et al.,
2019) with 110M parameters and RoOBERTa-base
(Liu et al., 2019) with 125M parameters. For intrin-
sic bias reference on StereoSet, additional decoder-
only backbones, including GPT-2 (Radford et al.,
2019) and Llama2-7B (Touvron et al., 2023), are
included only as auxiliary comparisons rather than
target architectures of ARCA. More implementa-
tion details are provided in Appendix C.3.

S Results and Analysis

In this section, we analyze ARCA from three per-
spectives: the relation between conventional in-
trinsic bias evaluation and downstream task-level
debiasing in Section 5.1, the contribution of lexi-
con construction in Section 5.2, and sensitivity to
key hyperparameters in Section 5.3. Instance-level
case studies are presented in Appendix D.

5.1 Main Results

Table 1 and Figure 3 present the main results. Ta-
ble 1 places conventional intrinsic bias evaluation
and downstream task-level evaluation side by side.
StereoSet results are reported as auxiliary refer-
ences for existing debiasing methods, while MNLI
results evaluate downstream fine-tuning.

Intrinsic Bias Reference vs. Downstream Bias.
The comparison between StereoSet and MNLI
shows that strong performance on conventional in-
trinsic bias benchmarks does not necessarily guar-
antee preserved debiasing effects after downstream
fine-tuning. On StereoSet, results show that con-
ventional debiasing methods can reduce intrinsic
stereotype scores across different backbones. For
example, on BERT, TriCon-Fair reduces Gender
SS from 60.28 to 55.68 and improves ICAT from
69.02 to 72.05. Similar trends on decoder-only
backbones are reported separately in Table 2 as
auxiliary intrinsic-bias references across architec-
tures. For instance, TriCon-Fair reduces GPT-2’s
Gender SS from 62.65 to 55.43 and improves ICAT
from 69.90 to 77.86; on Llama2-7B, it improves
ICAT from 87.97 under CDA to 89.95. These re-
sults indicate that stereotype bias is not limited to
encoder-only MLMs, and that conventional debi-
asing methods can mitigate intrinsic bias to some
extent under traditional bias benchmarks.
However, improvements on intrinsic bias bench-
marks do not necessarily eliminate downstream
task-level sensitivity. On MNLI, conventional de-
biasing methods still exhibit non-negligible PFR
and PDS after fine-tuning. For instance, INLP re-
duces BERT’s PFR to 2.3%, but its PDS remains
0.045; TriCon-Fair obtains a lower PFR of 1.8%,
but still has a PDS of 0.035. These results suggest
that intrinsic debiasing and downstream task-level
debiasing capture different aspects of bias mitiga-
tion, motivating the need for end-to-end task-aware
evaluation. Since ARCA is designed for MLM-
based downstream fine-tuning and relies on task-
specific attribution signals, decoder-only results

9621



StereoSet MNLI
Backbone - Method S(;eife;o ssRife5o g;‘f‘g‘é LM scoret ICAT? | Ace(%)? PFR(%), PDS)
Original 6028 5703 59.70 8417  69.02 | 845 42 0085
CDA 5061 5673 5837 83.08 6939 | 83.9 28 0052
INLP 5725 5729 6031 80.63 6728 | 843 23 0.045
BERT  Sentence-Debias | 59.37 5778 5873 8420  69.67 | 84.4 27 0053
TriCon-Fair 5568 5682 57.13 8289 7205 | 843 18 0.035
DBR ; - - - - 84.2 25 0048
ARCA (ours) - - - - 84.4 0.9 0.018
Original 5993 5751 6032 8977 73.16 | 876 38 0072
CDA 5585 5315 5870 7711 68.01 | 87.1 24 0.045
sprr | INLP | 5805 ss00 6377 8658  71.10 | 872 20 0038
Voo Sentence-Debias | 5838 5795 56.00 8898  75.69 | 87.4 23 0044
TriCon-Fair 5633 5542 5658 8671 7611 | 873 15 0.029
DBR - - - - 87.3 21 0041
ARCA (ours) ; - - - 87.5 07 0.014

Table 1: Main results comparing conventional intrinsic bias evaluation and downstream task-level debiasing.
StereoSet results are reported as auxiliary references for existing debiasing methods on backbones, while MNLI

results evaluate downstream fine-tuning on BERT-base and RoOBERTa-base.

non

indicates that the corresponding

setting is not evaluated. The best results on MNLI are highlighted in bold and the second-best results are underlined.

StereoSet
Backbone Method Gender Race Religion
S5 350 SS 350 SS 350 LMscoret ICAT?
Original 62.65 58.90 63.26 91.01 69.90
CDA 64.02 57.31 63.55 90.36 69.34
GPT-2 INLP 60.17 58.96 63.95 91.62 71.41
Sentence-Debias | 56.05 56.43 59.62 87.43 74.54
TriCon-Fair 55.43 57.33 58.31 90.58 77.86
Original 56.25 43.36 = = =
CDA 55.71 44.74 56.31 92.12 87.97
Llama2-7B INLP 55.21 45.28 55.81 91.57 87.72
Sentence-Debias | 55.84 43.98 55.71 91.76 88.38
TriCon-Fair 52.53 45.47 56.12 92.48 89.95

Table 2: StereoSet results as auxiliary references for existing debiasing methods on decoder-only backbones.
indicates that the corresponding setting is not evaluated.

are included only as intrinsic-bias references rather
than direct targets of our method.

Task Utility. According to the MNLI results in
Table 1 and the SST-2 and MRPC results shown in
Figure 3, ARCA largely preserves the performance
of the models across downstream tasks. On MNLI,
ARCA achieves 84.4% accuracy with BERT-base,
close to standard fine-tuning at 84.5%, and obtains
87.5% with RoBERTa-base, compared with 87.6%
under standard fine-tuning. On SST-2, ARCA
reaches 92.7% accuracy, only 0.1 percentage points
lower than standard fine-tuning. On MRPC, ARCA
achieves 87.26% accuracy, outperforming standard
fine-tuning at 84.55%. These results indicate that
ARCA does not substantially impair task-relevant
semantic discrimination and may provide an im-
plicit regularization effect on small-scale semantic
matching tasks.

non

Debiasing performance. ARCA achieves strong
downstream debiasing performance, especially in
reducing probability-level attribute sensitivity. On
MNLI, ARCA reduces PDS from 0.085 to 0.018
with BERT-base and from 0.072 to 0.014 with
RoBERTa-base. It also reduces PFR from 4.2%
to 0.9% on BERT-base and from 3.8% to 0.7% on
RoBERTa-base. On SST-2, ARCA further reduces
PDS from 0.068 to 0.006 and PFR from 3.5% to
0.3%. On MRPC, ARCA obtains the lowest PDS
of 0.0178 and reduces PFR from 3.05% to 2.10%,
although TriCon-Fair achieves a slightly lower PFR.
Notably, the gains are not unique to a method sim-
ply being exposed to counterfactual substitutions
during training. CDA and TriCon-Fair also em-
ploy substitution-based counterfactual training, yet
they retain higher PFR and PDS than ARCA un-
der the identical evaluation protocol. This suggests
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Figure 3: Results on SST-2 and MRPC with BERT as the backbone model.

Lexicon (s;ffs) Ace(%)} PFR(%), PDS|
SL. ~8 92.6 2.1 0.040
M.L. ~ 60 92.5 0.9 0.017
R.L. ~ 60 92.4 3.3 0.063
C.L.(ours) ~ 55 92.7 0.8 0.015

Table 3: Ablation results of different lexicon construc-
tion strategies.

that the improvement is associated with the quality
of the task-specific intervention space, rather than
exposure to the intervention type alone.

Overall, ARCA provides a strong trade-off
between task utility and debiasing performance.
The consistently low PDS reflects the effect of
attribution-regularized causal alignment: attribu-
tion signals constrain interventions to task-specific
bias-propagating words, while representation-level
alignment reduces probability shifts between orig-
inal and counterfactual inputs. Although ARCA
does not always achieve the lowest PFR, its stable
reduction of PDS across tasks suggests stronger ro-
bustness at the probability level while maintaining
competitive task accuracy.

5.2 Ablation Study

We conduct ablation experiments on the lexicon
construction strategy on SST-2 using BERT-base as
the backbone model, with o = 2. We design four
lexicon variants for comparison: a seed-only lexi-
con (S.L.), a manual high-coverage lexicon (M.L.),
a random lexicon (R.L.), and the causal interven-
tion lexicon (C.L.) used by ARCA. All variants
use the same training and alignment objective and
differ only in the construction of the intervention
lexicon, allowing us to isolate the contribution of
the intervention space.

The results are shown in Table 3. The seed-only
lexicon yields a significantly higher PFR than the

k Acc(%)! PFR(%), PDS/|

1.0 92.20 0.46 0.0790
1.5 93.12 0.00 0.0064
20 92.20 0.46 0.0790

Table 4: Sensitivity analysis of ARCA to the threshold
scaling factor k, where k € {1.0,1.5,2.0}.

full lexicon, indicating that covering only core pro-
nouns is insufficient for capturing the broader set of
attribute-sensitive lexical patterns relevant to down-
stream prediction. The random lexicon provides
little debiasing improvement and even hurts task ac-
curacy, suggesting that arbitrary substitutions may
introduce semantic noise rather than effective debi-
asing signals. In contrast, the causal intervention
lexicon achieves performance comparable to, and
slightly better than, the manual high-coverage lex-
icon. This shows that attribution-driven lexicon
construction can identify task-specific and context-
dependent lexical carriers of protected-attribute
sensitivity that are difficult to exhaustively cover
through manual lexicon construction.

5.3 Sensitivity Analysis
5.3.1 Effect of Regularization Weight

As shown in Figure 4, we evaluate the sensitivity of
ARCA to a on SST-2 with BERT-base, varying «
from 0.0 to 3.0. The weight « controls the relative
contribution of the causal alignment loss to the
task prediction loss: larger values impose stronger
representation consistency between original and
counterfactual samples, while smaller values make
the training objective closer to standard fine-tuning.

When o = 0, ARCA reduces to standard fine-
tuning and exhibits the highest PFR and PDS. As
« increases, both metrics generally decrease, indi-
cating that causal alignment effectively suppresses
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Figure 4: Sensitivity analysis of ARCA to the regularization weight o on SST-2 with BERT-base. Subfigures
report the changes in accuracy, PFR, and PDS as « varies from 0.0 to 3.0. The dashed vertical lines indicate the

recommended range « € [2.0, 2.5].

attribute-induced prediction sensitivity. The best
trade-off is observed around o« = 2.0, where PFR
approaches zero and PDS reaches its lowest value
while accuracy remains high. When « further
increases to 3.0, PFR slightly rebounds and ac-
curacy decreases, suggesting that overly strong
representation alignment may begin to interfere
with task-level semantic discrimination. Overall,
a € [2.0,2.5] offers the most stable trade-off be-
tween debiasing performance and task utility. We
therefore set « = 2.0 in our main experiments.

5.3.2 Effect of Threshold Scaling Factor

The scaling factor k controls the strictness of
candidate-word filtering in Eq. 5. A smaller
k retains more candidate words but may intro-
duce noisy substitutions, whereas a larger k se-
lects fewer words and may miss effective bias-
propagating terms. Table 4 reports the results with
ke {1.0,1.5,2.0}.

The results show that ARCA is relatively robust
to the threshold setting, with accuracy and PFR
remaining within a small range across different k
values. The default setting £ = 1.5 achieves the
best overall trade-off, reaching the highest accuracy
of 93.12%, reducing PFR to 0.00%, and obtaining
the lowest PDS of 0.0064. Therefore, we set &k =
1.5 as the default configuration in our experiments.

6 Conclusion

This paper presents ARCA, an end-to-end frame-
work for task-aware bias mitigation in pretrained
masked language models. ARCA uses differen-
tial gradient attribution to construct a task-specific
causal intervention lexicon, generates counterfac-
tual pairs on the fly, and applies representation-
level causal alignment during downstream fine-

tuning. Experiments on three NLU tasks show that
ARCA achieves a strong trade-off between debi-
asing performance and task utility, reducing label-
and probability-level sensitivity while maintaining
competitive accuracy.

Limitations

Although ARCA achieves effective bias mitigation
in our experiments, several limitations remain.

Multilingual and cross-lingual settings. Our
experiments are conducted primarily on English
datasets. However, social bias may manifest dif-
ferently across languages and cultural contexts.
For example, gender bias in Chinese may emerge
through different lexical or syntactic patterns, while
bias in Arabic can be closely related to grammat-
ical gender. Future work may extend ARCA to
multilingual settings and investigate cross-lingual
debiasing strategies.

Extension to generative models. ARCA targets
masked language models, which are often practical
in resource-constrained scenarios, and relies on
encoder-side [CLS] representations for alignment.
Extending it to decoder-only generative models is
non-trivial, as bias may emerge throughout long-
form generation. Future work may combine causal
alignment with parameter-efficient tuning methods.

Scope of counterfactual evaluation. Our evalu-
ation focuses on task-level robustness to controlled
protected-attribute substitutions. All methods are
evaluated on held-out validation data using the
same PFR/PDS implementation and counterfac-
tual generation mechanism. Thus, these metrics
remain intervention-dependent and do not establish
broader group-level fairness or transfer to qualita-
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tively different forms of bias. Future work should
consider fixed, method-independent intervention
sets and complementary evaluations of group-level
disparities, calibration, intersectional effects, and
real-world fairness.
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A Additional Details on Lexicon
Construction

A.1 Counterpart Selection and Substitution
Validation

Given the candidate set obtained through differen-
tial attribution, we search for a semantically related
word with the opposite protected-attribute associa-
tion for each candidate word w.

First, an attribute direction is estimated from the
seed pairs in Ageeq. For the gender dimension, it is
computed as the normalized difference between the
mean embeddings of the masculine and feminine
seed words:

1 .
dgttr = norm | — Z (ém — €y)

’S| (M, f) € Aseea
(10)
where &;,, and € are normalized word embeddings.
This direction represents the protected-attribute
axis in the embedding space. For each candidate
word w, its projection onto this direction is calcu-
lated as:

(1D

Candidates with a near-zero projection are dis-
carded because they do not exhibit a sufficiently
clear association with either side of the protected
attribute. The remaining candidates are compared
with valid whole-word entries in the model vocabu-
lary. A word v is considered a possible counterpart
only if it satisfies both conditions:

b (w) = égdattr

cos(€ey, €y) > Tsim

p(w)p(v) < 0 (12

The first condition requires w and v to be seman-
tically related, while the second requires them to
lie on opposite sides of the protected-attribute di-
rection. Eligible neighbors are ranked primarily by
cosine similarity, with a small preference for words
having a clearer attribute projection. Thus, a pair
such as actor—actress may be retained, whereas a
semantically related but attribute-neutral word such
as actor—director is rejected.

Each retrieved pair is subsequently subjected to
a substitution-consistency check. Both words must
be representable by the tokenizer without unknown
tokens, must not be identical, and must have rea-
sonably comparable surface lengths. A temporary
bidirectional mapping w <> v is then tested in
simple sentence templates. The substitution must
successfully replace w with v, and applying the

reverse substitution must reconstruct the original
sentence. This round-trip test ensures that the pair
can be recognized and used reliably by the coun-
terfactual generator. The candidates are processed
greedily in descending order of their differential-
attribution scores. Once a word has been assigned
to a validated pair, neither member of that pair can
be reused in another pair. Every accepted pair is
stored bidirectionally:

w— v,V — w.

The resulting discovered lexicon is therefore
Adiscovered = {(w,v)}, where w passes attribu-
tion filtering, v is a semantically similar attribute-
opposite neighbor, and w and v passes substitution
validation. Finally, it is merged with the seed lexi-
con to construct the complete causal intervention
lexicon as defined in Equation 1.

A.2 Expanded Lexicon

As shown in Table 5, we report representative en-
tries from the gender intervention lexicon together
with their differential attribution scores and occur-
rence frequencies. The complete discovered lex-
icon is provided in Table 6. The expanded lexi-
con includes not only canonical protected-attribute
terms, such as personal pronouns and kinship or
social-role nouns, but also task-specific lexical car-
riers such as handsome—beautiful. These examples
illustrate that attribution-based expansion can ex-
tend beyond predefined identity terms, while the
resulting intervention space remains lexical.

B Algorithms

B.1 Counterfactual Divergence Set
Generation

Based on the constructed causal intervention lex-
icon A, ARCA generates counterfactual samples
on-the-fly for each training batch. Algorithm 1
presents the pseudocode for counterfactual sample
generation.

B.2 Training Procedures

This section presents the complete training algo-
rithm of ARCA. The training procedure consists
of two consecutive stages: (i) causal intervention
lexicon construction; and (ii) On-the-fly causal in-
tervention and causal alignment fine-tuning. Algo-
rithm 2 provides the full pseudocode.

The computational cost of Stage O is primarily
dominated by gradient computations on the prob-
ing set. Due to the relatively small size of the
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Source Type Male Attribute Female Attribute Aa(w) Frequency (|P(w)])
Personal he / him / his / she / her / her /
Pronouns himself herself B B
Seed Tboy / T/
Core Nouns man / boy woman / gir B B
male / men female / women
father mother 0.612 83
Kinshi husband wife 0.521 156
p son daughter 0.547 61
brother sister 0.483 42
actor actress 0.631 214
. . hero heroine 0.558 187
Discovered  Social Roles businessman businesswoman 0.589 23
king queen 0.504 95
handsome beautiful 0.487 132
Other
. gentleman lady 0.453 47
Task-Specific
Bias Words mr. mrs. 0.428 68
guy gal 0.382 89

Table 5: Representative entries from the gender intervention lexicon. Differential attribution scores Aa(w) and
occurrence frequencies |P(w)| are reported for automatically discovered pairs.

Kinship Social Roles Other Task-Specific Bias Words

Male Attribute Female Attribute | Male Attribute Female Attribute | Male Attribute Female Attribute
boys girls actor actress handsome beautiful
males females hero heroine gentleman lady
father mother businessman businesswoman gentlemen ladies
dad mom businessmen businesswomen mr mrs
daddy mommy king queen mr. mrs.
grandfather grandmother prince princess sir ma’am
grandpa grandma duke duchess guy gal
grandson granddaughter waiter waitress guys gals
husband wife steward stewardess lad lass
son daughter host hostess lads lasses
brother sister emperor empress boyfriend girlfriend
uncle aunt god goddess fiance fiancee
nephew niece wizard witch groom bride
stepfather stepmother widower widow groomsman bridesmaid
stepson stepdaughter monk nun
stepbrother stepsister policeman policewoman
godfather godmother congressman congresswoman
godson goddaughter chairman chairwoman

spokesman spokeswoman

salesman saleswoman

cameraman camerawoman

Table 6: Complete set of automatically discovered gender-related intervention pairs. The pairs are grouped into
kinship terms, social roles, and other task-specific lexical categories to illustrate the coverage of the expanded

intervention lexicon.

9629



probing set (M = 1000), its time overhead typi-
cally accounts for no more than 5% of the overall
training time. The only difference between Stage 1
and standard fine-tuning is that samples containing
attribute-related tokens additionally receive gradi-
ent signals from the causal divergence loss.

Over multiple training iterations, the model grad-
ually learns to extract task-relevant semantic fea-
tures while suppressing signals associated with
protected attributes. This filtering mechanism be-
comes encoded in the model parameters, enabling
the model to produce representations invariant to
protected attributes even at inference time.

Algorithm 1 Causal Intervention Pair Generation

Require: Original sentence g, causal interven-
tion lexicon A
Ensure: Counterfactual sentence x.r, match flag

matched
1: Tokenize o4 into a sequence W =
[’LUl,’lUQ, R 7wn]

2: Identify all positions in W where tokens match
entries in A
3: if no matching terms are found then
matched < False
5: The sentence participates only in standard
task training
6: else
Perform substitution at all matching posi-
tions while preserving capitalization
Generate counterfactual sentence ¢
: matched < True
10: end if
11: return (Zorig, Zecf)

C Experimental Implementation Details

C.1 Datasets

C.1.1 Downstream Tasks

MNLI. The Multi-Genre Natural Language In-
ference (MNLI) dataset (Williams et al., 2018) is a
natural language inference benchmark from GLUE
(Wang et al., 2019). Each example consists of a
premise—hypothesis pair, and the model is required
to predict one of three labels: entailment, contradic-
tion, or neutral. MNLI contains 392,702 training
examples. Following the standard GLUE evalua-
tion protocol, results are reported on the matched
validation split.

SST-2. The Stanford Sentiment Treebank binary
classification subset (SST-2) (Socher et al., 2013)
is a sentiment analysis benchmark from GLUE.
Each input is a movie-review sentence, and the
model predicts whether the sentiment is positive or
negative. SST-2 contains 67,349 training examples,
and results are reported on the standard validation
split.

MRPC. The Microsoft Research Paraphrase Cor-
pus (MRPC) (Dolan and Brockett, 2005) is a binary
paraphrase identification benchmark from GLUE.
Each example consists of a pair of sentences, and
the model predicts whether the two sentences are
semantically equivalent. MRPC contains 3,668
training examples. Due to its relatively small train-
ing set, MRPC is useful for evaluating whether
debiasing regularization affects task utility in low-
resource semantic matching settings. Results are
reported on the standard validation split.

C.1.2 Intrinsic Bias Benchmark

StereoSet. StereoSet (Nadeem et al., 2021) is
used as an auxiliary intrinsic bias benchmark. It
evaluates stereotypical associations across multi-
ple social dimensions, including gender, race, and
religion. Each example contains stereotypical, anti-
stereotypical, and unrelated options, allowing the
benchmark to measure both stereotype preference
and language modeling ability. In this work, Stere-
oSet is reported as a reference for conventional
intrinsic bias evaluation of existing debiasing meth-
ods. Since ARCA constructs task-specific interven-
tion spaces from downstream attribution signals,
StereoSet is not used as the primary evaluation tar-
get for ARCA.

C.2 Metrics

C.21

We evaluate both task utility and debiasing qual-
ity. Task utility is measured by classification accu-
racy (Acc). PFR and PDS measure label-level and
probability-level sensitivity to protected-attribute
substitutions, respectively.

Metrics for Downstream Debiasing

Prediction Flip Rate (PFR). Following the no-
tion of flip rate in counterfactual evaluation (Yang
et al., 2026), we measure PFR as the proportion of
counterfactual pairs whose predicted labels change:

=2

1 cf
N, cf

PFR = 1y £ 4,1 (13)

1

<.
Il
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Algorithm 2 ARCA Training Algorithm

Require: Downstream training set Dypin = { (2, yi)}ij\il, Pre-trained language model fy, Seed lexicon
Aseed, Regularization weight o, Learning rate n, Warm-up epochs E,,, Training epochs F

Ensure: Bias-mitigated fine-tuned parameters 6*

> Stage 0: Automatic Causal Intervention Lexicon Construction

bl A e

verification to generate Agiscovered
Merge dictionaries: A = Ageed U Adiscovered

bl

Train the model for E,, epochs on Dy, using standard fine-tuning to obtain warm-up model fy,,
Randomly sample a probe set Dpope from Dy (size M = 1000)

Use Ajeeq to perform attribute substitution on Dpope to generate a counterfactual probe set
Calculate differential gradient attribution (Eq. 2 to 4), then filter by threshold (Eq. 5 to 6) and pair

> Stage 1: On-the-fly Causal Intervention & Causal Alignment Fine-tuning

for epoch =1 to £ do
for each batch Bj, do

B

10: Calculate task loss Lk (all samples)

Re-initialize the model to pre-trained parameters

Apply Algorithm 1 to each sample in the batch to perform causal intervention

11: Calculate causal alignment loss Lyjign for matched samples
12: Liotal = Liask + o - Lalign, perform backpropagation to update parameters

13: end for
14: end for
15: return 6*

orig

where ¢,°"¢, ;" denote the predicted labels for the
original and counterfactual samples, respectively,
and Nt is the number of causal intervention sample
pairs. A lower PFR indicates greater prediction
invariance under the evaluated protected-attribute
substitutions.

Probability Divergence Score (PDS). Inspired
by DBR (Li et al., 2025), which measures diver-
gence between output distributions of original and
intervened inputs, we define Probability Diver-
gence Score (PDS) as the average probability-level
shift between original and counterfactual samples:

JRC ERCR
PDS = N Z C Z Py — S (14)
Ci=1 7 =1

where C' is the number of categories. ﬁ?f;g and ﬁgfa
denote the predicted probabilities of class ¢ for the
original and counterfactual samples, respectively.
Lower PDS indicates weaker probability-level sen-
sitivity to protected attribute substitution.
Together, PFR and PDS provide complementary
views of substitution-based counterfactual robust-
ness: PFR captures decision-level instability, while
PDS captures finer-grained probability-level sen-
sitivity. Lower values indicate greater invariance
under the evaluated substitutions; they should not

be interpreted as guarantees of comprehensive fair-
ness.

C.2.2 StereoSet Metrics

StereoSet provides three complementary metrics to
evaluate the trade-off between stereotype bias and
language modeling ability.

Stereotype Score (SS). Stereotype Score mea-
sures the proportion of cases where the model as-
signs a higher preference to the stereotypical option
over the anti-stereotypical option:

Nstereo

SS=—-"—
N, stereo T N, anti

x 100, (15)
where Nereo denotes the number of cases in which
the model selects the stereotypical option, and Ny
denotes the number of cases in which the model
selects the anti-stereotypical option. An ideal un-
biased model assigns equal preference to both op-
tions, corresponding to SS = 50. Scores above 50
indicate a preference toward stereotypical associa-
tions, while scores below 50 indicate a preference

toward anti-stereotypical associations.

Language Modeling Score (LM Score). LM
Score measures the proportion of cases where the
model prefers meaningful options, including both
stereotypical and anti-stereotypical options, over
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meaningless options. It reflects the language model-
ing ability of the model. The ideal LM Score is 100.
This metric is important because overly aggressive
debiasing methods may reduce bias by damaging
the model’s language understanding ability, which
is undesirable in practical applications.

Idealized CAT Score (ICAT). ICAT combines
fairness and language modeling ability into a single
metric:

min(SS, 100 — SS)

ICAT = LM
x 50

(16)

The design of ICAT encourages models to achieve
both low stereotype bias and strong language mod-
eling ability. A high ICAT score is obtained only
when the SS is close to 50 and the LM Score is
close to 100. Therefore, ICAT serves as a compre-
hensive metric for evaluating the overall effect of
bias mitigation.

C.3 Training Details

All experiments are conducted on a server equipped
with an NVIDIA A100 80GB GPU. The framework
is implemented using Python 3.10, PyTorch 2.0,
and Hugging Face Transformers 4.30, with all pre-
trained model weights retrieved from the Hugging
Face Model Hub.

We use the AdamW optimizer with a learning
rate tuned in [2 x 107°,5 x 10~°], and adopt a lin-
ear schedule with 10% warmup followed by linear
decay. The batch size is set to 16—32 depending
on GPU memory. All results are averaged over
three random seeds. The regularization weight is
set to a = 2.0 and the threshold scaling factor k
is set to 1.5. We use E,, = 1 warm-up epoch for
lexicon construction and set the probing set size to
M = 1000.

D Additional Experimental Results and
Analysis

D.1 Case Study

This section presents case studies based on rep-
resentative samples selected from the SST-2 and
MNLI test sets to provide an intuitive demonstra-
tion of the bias mitigation effect of ARCA.

Case 1: Gender Bias in Sentiment Prediction.
We consider the following SST-2 example: “The
ambitious businessman aggressively negotiated the
high-stakes deal, showing his ruthless and uncom-
promising nature to the colleagues.” The sentiment

polarity of this sentence is determined by words
such as ambitious, aggressively, ruthless, and un-
compromising, and should be independent of the
subject’s gender. A standard fine-tuned BERT-base
model predicts the original sentence as negative
(88%). After causal intervention (businessman —
businesswoman, his — her), the negative proba-
bility increases sharply to 96% (PDS = 0.08), and
the cosine similarity between the two [CLS] rep-
resentations drops to 0.82. This indicates that the
model produces a stronger negative judgment when
encountering the combination of “female + aggres-
sive traits,” reflecting the bias issue described in
Section 1. After training with ARCA (a = 2), the
model predicts negative probabilities of 85% and
86% for the original and counterfactual sentences,
respectively (PDS = 0.01), with a cosine similarity
of 0.98 between their [CLS] representations. This
demonstrates that gender information is effectively
disentangled from sentiment representations.

This example corresponds to the motivating ex-
ample in Figure 1 (Section 1), illustrating how
ARCA resolves the identified issue in practice.

Case 2: Gender Bias in Natural Language In-
ference. We consider an MNLI example with
the premise: “The nurse carefully prepared the
patient’s medication,” and the hypothesis: “The
healthcare worker prepared the medicine” (entail-
ment). The standard fine-tuned model correctly
predicts entailment with 91% confidence. When
the premise is modified to “The male nurse care-
fully prepared. .., the confidence drops to 82%,
whereas it rises back to 90% for “The female nurse
carefully prepared...”. This suggests that the
model implicitly associates the occupation nurse
with females. After applying ARCA, the entail-
ment confidence for both variants stabilizes at
88%—89%, with a difference of less than 1 per-
centage point.

Case 3: Gradient Attribution Visualization. To
illustrate the bias tracing capability of differential
gradient attribution, we analyze the SST-2 sentence:
“The talented actress delivered a powerful perfor-
mance in the dramatic film.” Using the seed lexi-
con, actress is replaced with actor, and attribution
maps are computed for both versions. As shown
in Figure 5, beyond the token pair actress / actor,
attribution scores for surrounding modifiers such
as talented, powerful, and dramatic also change
significantly. This indicates that when processing
gendered occupation terms, the model implicitly
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Gradient Attribution of Original Sentence (Including "actress')

The delivered a performance in the film

Gradient Attribution of Counterfactual Sentence (Including "actor")

The talented delivered a powerful performance in the dramatic film
Differential Gradient Attribution Score  |a;(z°) — a;(z*)|,4 € [0, || — 1]

The delivered a performance in the film

0.01 0.82 0.05 0.01 0.07 0.00 0.01 0.04
. High Attribution Medium-High attribution Low Attribution Very Low Attribution

Figure 5: Gradient attribution visualization for model bias analysis. We compare gradient attributions between an
original sentence (with protected attribute "actress") and its counterfactual replacement ("actor"), and compute their
differential attribution scores. The result shows that both the protected attribute and modifier tokens have significant
attribution changes, revealing the implicit propagation paths of model bias.

adjusts attribution weights of nearby descriptive
words. These implicitly associated tokens, auto-
matically identified via gradient attribution, are pre-
cisely the targets of ARCA’s lexicon construction.
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