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Abstract

While recent studies show the effectiveness of
in-context learning (ICL) for tabular data pre-
diction, they also reveal significant fairness is-
sues in large language models (LLMs). Prior
work to mitigate fairness issues often employs
interventions relying on subjective demonstra-
tion selection. Its effectiveness varies signif-
icantly with the specific demonstration con-
tent, leading to low controllability. Moreover,
the improvement of fairness is highly unstable
across different models and tasks. To address
the challenges of low controllability and limited
stability in fairness interventions, we propose
Fairness-Aware Context-Contrastive Decoding
(Fair-CCD). Fair-CCD first constructs Struc-
tural Bias Templates (SBTs), motivated by be-
havioral patterns observed in demonstrations,
to encode the relationship between sensitive at-
tributes and predicted labels in a structured and
controllable form. During inference, Fair-CCD
injects multiple SBTs and contrasts the model’s
responses, generating two differential signals
that guide fairness adjustment and preserve task
performance. By leveraging attention signals
to scale decoding adjustments guided by the
difference signals, Fair-CCD achieves stable
and adaptive bias mitigation across models and
tasks. Extensive experimental results demon-
strate that Fair-CCD consistently improves fair-
ness metrics without degrading task accuracy.

1 Introduction

In recent years, large language models (LLMs)
have achieved remarkable progress in natural lan-
guage processing and multimodal learning, and
have been increasingly applied to structured tabu-
lar prediction tasks (Hegselmann et al., 2023) such
as income classification, credit scoring, and re-
cidivism risk assessment (Slack and Singh, 2023).
However, these models often inherit social biases
embedded in their training data (Abid et al., 2021a;
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Figure 1: Demonstration-based methods suffer from
limited controllability and stability.

Bender et al., 2021). In particular, when sensi-
tive attributes such as gender or race are involved,
they may produce systematically biased predictions
against certain demographic groups, raising seri-
ous concerns about fairness (Liu et al., 2023; Zhang
et al., 2025a; Yang et al., 2024).

To address this issue, recent work has lever-
aged in-context learning (ICL) by inserting targeted
demonstrations into the prompt to steer the model’s
predictions (Hu and Du, 2024; Halim et al., 2025;
Wang et al., 2024). However, such approaches face
two fundamental challenges illustrated in Figure 1.

First, these methods lack controllabil-
ity (Voronov et al., 2024; Dong et al., 2024).
Even with fixed demonstration selection rules,
different valid demonstrations often lead to
inconsistent model behavior. This is because each
demonstration contains additional attributes, such
as occupation, education, or age, which may be
correlated with the target label and influence the
model’s prediction. These confounding factors
cannot be removed or isolated, making it difficult
to ensure that the intervention works as intended.
As a result, the effectiveness of the intervention
is shaped by uncontrolled content within the
demonstrations, fundamentally limiting the
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Figure 2: The Framework of Fair-CCD on the Adult Dataset. Fair-CCD improves the controllability of
bias mitigation by introducing Structural Bias Templates (SBTs) and automating their generation, using real
demonstrations sampled from the dataset. It constructs two contrastive signals from different SBTs, with one used
for fairness adjustment and the other for accuracy preservation, enabling stable bias mitigation during inference.

controllability of demonstration-based methods.
Second, these methods suffer from limited stabil-

ity (Zhang et al., 2025b; Cobbina and Zhou, 2025).
Even when the same set of demonstrations is used,
changing their order in the prompt can lead to
different model predictions (Xiang et al., 2024).
This is because LLMs tend to assign more weight
to demonstrations that appear closer to the query,
causing different demonstrations to dominate un-
der different configurations. In addition, the same
prompt can produce inconsistent results across
models or tasks due to differences in pretraining
data, decoding behavior, or domain-specific biases.
These factors make the intervention effects difficult
to reproduce and generalize, highlighting the inher-
ent instability of demonstration-based approaches.

To address the controllability and stability is-
sues of demonstration-based fairness interven-
tions in ICL, we propose Fairness-Aware Context-
Contrastive Decoding (Fair-CCD), as shown in
Figure 2, a two-step inference time framework. (1)
We first introduce Structural Bias Templates (SBTs)
to provide a standardized and controllable represen-
tation of attribute–label relationships, along with
an automated construction mechanism. (2) We sec-
ondly design a contrastive decoding strategy with
attention-guided parameter scaling, which deter-
mines the direction of bias adjustment from dif-
ferential SBT responses and adaptively controls
its strength using attention signals, improving the
stability of bias mitigation.

We evaluate Fair-CCD on two widely used struc-
tured fairness benchmarks, Adult (1996) and COM-

PAS (2016). Compared with five baselines, Fair-
CCD consistently achieves stronger bias mitigation
while preserving predictive accuracy, demonstrat-
ing its stability and effectiveness across models and
tasks.

Our main contributions are as follows:

• We introduce SBTs, which explicitly model
the attribute–label structure underlying biased
predictions. This approach offers a clearer
alternative to demonstration selection and im-
proves the controllability of fairness interven-
tions.

• We propose Fair-CCD, a decoding-time
method for bias mitigation. It contrasts pre-
dictions under multiple SBTs to determine
the adjustment direction, and uses attention
signals to adaptively control the adjustment
strength at the instance level. This design en-
hances bias mitigation stability through the
disentanglement of adjustment direction and
magnitude.

• We show that Fair-CCD consistently outper-
forms five state-of-the-art baselines on Adult
and COMPAS, delivering more stable and con-
trollable bias mitigation without sacrificing
accuracy.

2 Method

Fair-CCD consists of two key steps that respec-
tively address controllability and stability in prior
fairness interventions.
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2.1 Structural Bias Templates Generation
Existing bias mitigation methods based on ICL
typically adjust model behavior by incorporating
demonstrations from specific demographic groups,
such as adding positive examples of minority
groups to reduce bias. However, these methods
often suffer from controllability, as even demon-
strations with the same attribute configurations can
yield inconsistent model responses due to varia-
tions in semantic content. This observation leads
us to hypothesize that model behavior may be influ-
enced less by surface-level semantics and more by
the attribute–label relationships implicitly encoded
in the input. Such structural preferences may stem
from pretraining data, where certain attribute–label
pairs co-occur more frequently (Kossen et al.,
2024). For instance, if “male–high income” ap-
pears more often than “female–high income” dur-
ing pretraining, the model may internalize this im-
balance as a default association. Given this hy-
pothesis, explicitly modeling such attribute–label
structures could enable more consistent and con-
trollable interventions into model behavior.

To operationalize this idea, we propose to ab-
stract the structural combinations of sensitive at-
tributes and target labels into a controllable form,
termed Structural Bias Templates (SBTs). Rather
than relying on the specific semantics of individual
demonstrations, these templates represent struc-
tural attribute–label patterns through consistent tex-
tual forms, enabling direct and controllable inter-
ventions in model predictions.

We formalize each SBT as a triplet:

τ = ⟨a, y, s⟩, a ∈ A, y ∈ Y, s = f(a, y) ∈ S
(1)

where A is the set of sensitive attribute values, Y
the set of target labels, and S the set of linguistic
templates. The function f : A × Y → S maps
each attribute–label pair into a standardized natural
language sentence s, which serves as a controllable
input template.

BMT = { τ | a ∈ Amin, y ∈ Ypos, s = f(a, y) } ,
BPT = { τ | a ∈ Amaj, y ∈ Ypos, s = f(a, y) } ,
SNT = { τ | a ∈ A, y ∈ Y, s = f(a, y) }

(2)
To specify the construction domains of different
template types, we define the following subsets:

• Amin ⊆ A: the set of minority groups (e.g.,
female, African American),

• Amaj ⊆ A: the set of majority groups (e.g.,
male, White),

• Ypos ⊆ Y : the set of favorable outcome labels
(e.g., high income, low risk).

We categorize SBTs into three types based on
the underlying attribute-label configurations. (1)
Bias-Mitigation Templates (BMTs) are designed
to introduce positive attribute-label associations for
minority groups, encouraging the model to make
fairer predictions. (2) Bias-Preserving Templates
(BPTs) are constructed to represent attribute-label
pairs where majority groups are associated with
positive outcomes, thereby reinforcing the model’s
default bias tendencies. (3) Structure-Neutral
Templates (SNTs) cover the full range of attribute-
label combinations in a balanced and semantically
minimal form, serving as neutral prompts to sta-
bilize predictions and reduce structural sensitivity.
The formal definitions of the three template sets
are given in Equation 2.

All templates are constructed through a uni-
fied and automated mechanism, differing only in
their structural domains. By abstracting away
instance-level semantics, these templates provide
enhanced consistency, transferability, and control-
lability compared to raw demonstrations, serving
as a principled interface for fairness-aware inter-
ventions (see Appendix A for detailed generation
procedures).

2.2 Bias Mitigation with Contrastive
Decoding

Different SBTs guide the model in distinct direc-
tions: BMT favors fairer outcomes for minority
groups, BPT amplifies favorable predictions for
majority groups, and SNT acts as a neutral base-
line. However, across tasks, model architectures,
and data distributions, no single SBT consistently
achieves optimal fairness, indicating that stability
remains a key challenge despite improved input
controllability.

These findings motivate our design in two parts:
a contrastive decoding strategy that leverages struc-
tural response differences to determine adjustment
directions, and an attention-guided scaling mech-
anism that modulates the influence of these differ-
ences at inference time.

2.2.1 Contrastive Decoding Strategy
To overcome the instability of relying on a single
SBT, we introduce a contrastive decoding strat-
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egy that contrasts model responses under different
SBTs and uses the resulting differences to adjust
prediction outputs in a fairness-aware manner.

To implement Fair-CCD at inference time, we
operate at the token level. At each generation
step t, a language model produces a logits vector
ℓt ∈ R|V | over the vocabulary V , which is con-
verted into a next-token distribution via softmax.
Traditional decoding relies solely on these logits
and offers no explicit control over biased behavior.

To introduce structural guidance, Fair-CCD
prepends Structural Bias Templates (SBTs) as con-
textual inputs and performs decoding in parallel
under different structural conditions. Specifically,
we inject Bias-Mitigation (BMT), Bias-Preserving
(BPT), and Structure-Neutral (SNT) templates to
obtain three corresponding logits vectors, denoted
as ℓBMT, ℓBPT, ℓSNT. We additionally retain the
base logits ℓBASE computed without any template
as a reference for perturbation regularization.

The final prediction distribution is computed
through a contrastive fusion of logits:

p̂(yt) = softmax

[
ℓSNT + α · (ℓBMT − ℓBPT)
+β · (ℓSNT − ℓBASE)

]

(3)
where α and β are scaling coefficients. This decod-
ing mechanism consists of three components:

• Backbone Generation (ℓSNT): provides se-
mantically neutral structural guidance to en-
sure generation stability and fluency;

• Bias Contrast (ℓBMT − ℓBPT): captures
disparities between minority- and majority-
associated contexts and serves as the primary
control signal for generation-time bias adjust-
ment;

• Perturbation Regularization ( ℓSNT −
ℓBASE): penalizes excessive deviation from
the model’s original prediction, maintaining
output consistency.

Unlike traditional demonstration-based or static
prompting approaches, Fair-CCD shifts the focus
from semantic content to structural contrast. By di-
rectly leveraging logit-level differences induced by
SBTs, Fair-CCD identifies explicit adjustment di-
rections for bias mitigation, enabling a controllable,
interpretable, and training-free decoding-time in-
tervention.

2.2.2 Attention-Guided Hyperparameter
Adaptation

Contrastive logit differences provide clear direc-
tions for bias mitigation, but using fixed coeffi-
cients can lead to either insufficient correction
or excessive perturbation (Sun et al., 2026). An
instance-wise mechanism is therefore needed to
adaptively control the strength of these contrastive
terms at inference time, as illustrated in Figure 3.
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Figure 3: Changes in the final-row attention weights
over sensitive token groups scale the Bias Contrast logit
term, while changes over non-sensitive token groups
scale the Perturbation Regularization logit term.

At each decoding layer l, we take the final-row
attention vector A(l) (corresponding to the current
query token) and compute attention statistics over
two base-content token sets: the sensitive-token
group SC and the non-sensitive group NC . Here
SC and NC are defined only on the original in-
put content (the base prompt without SBTs) and
are kept fixed across all SBT-injected contexts to
ensure aligned and comparable measurements.

These quantities characterize the relative influ-
ence of sensitive and non-sensitive content in the
original input on the current prediction. Based on
this partition, we compute attention-based influ-
ence estimates for the sensitive and non-sensitive
token groups as

r
(l)
S =

∑
i∈SC

A(l)(i)∑
i∈SC

A(l)(i)+
∑

i∈NC
A(l)(i)

,

r
(l)
N = 1− r

(l)
S .

(4)

These influence estimates are computed separately
under each structural context (i.e., BASE, BMT,
BPT, and SNT).

Based on these attention-based influence esti-
mates, we compute two layer-wise scaling coeffi-
cients α(l) and β(l) to control the strength of the
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contrastive terms. The coefficient α(l) quantifies
how strongly the Bias Contrast (ℓBMT − ℓBPT) is
driven by attention to sensitive attribute–related
content, measured as the relative deviation of
sensitive-token influence under BMT and BPT
from the structure-neutral context (SNT):

α(l) =

1
2



∣∣∣r(l)S (BMT)−r

(l)
S (SNT)

∣∣∣
r
(l)
S (SNT)

+

∣∣∣r(l)S (BPT)−r
(l)
S (SNT)

∣∣∣
r
(l)
S (SNT)




(5)
Similarly, β(l) quantifies how strongly the Per-

turbation Regularization (ℓSNT − ℓBASE) is driven
by changes in non-sensitive-token influence, mea-
sured as the relative deviation between the base
prediction and the structure-neutral context:

β(l) =

∣∣∣r(l)N (BASE)− r
(l)
N (SNT)

∣∣∣

r
(l)
N (BASE)

(6)

Finally, we compute the inference-time scaling
factors by aggregating and normalizing the layer-
wise coefficients:

α =

∑
l∈L

α(l)

∑
l∈L

α(l)+
∑

l∈L
β(l) ,

β =

∑
l∈L

β(l)

∑
l∈L

α(l)+
∑

l∈L
β(l)

(7)

3 Experimental Setup

Our experiments are designed to address three main
research questions: RQ1: Is the structural relation-
ship between sensitive attributes and target labels a
key factor in shaping biased model behavior? RQ2:
Can Fair-CCD improve both the controllability and
stability of bias mitigation across different tasks
and models, compared to demonstration-based in-
terventions? RQ3: How do the core components
of Fair-CCD contribute to its overall effectiveness
in controlling biased predictions?

In this section, we introduce the overall experi-
mental setup.

3.1 Datasets and Metrics
We evaluate fairness using two widely adopted
structured datasets: Adult (Becker and Kohavi,
1996) and COMPAS (Angwin et al., 2016), which
assess model behavior with respect to gender and
race, respectively. The Adult dataset involves pre-
dicting whether an individual’s annual income ex-
ceeds $50K, where the sensitive attribute is gender
(male or female). The COMPAS dataset focuses on

Method Prediction Fairness

Acc→1 F1→1 REO→1 ∆EO→0 RSP→1 ∆SP→0

Q
w

en
2.

5-
7B

Zero-shot 0.649 0.633 0.669 0.300 0.592 0.369
FADS 0.623 0.616 0.713 0.233 0.651 0.280
FCG 0.646 0.628 0.760 0.211 0.690 0.245
JUDGE 0.641 0.618 0.759 0.223 0.677 0.270
Fair-CCD 0.652 0.637 0.771 0.196 0.685 0.253

Q
w

en
2.

5-
14

B Zero-shot 0.653 0.640 0.716 0.248 0.587 0.331
FADS 0.634 0.636 0.778 0.187 0.767 0.178
FCG 0.646 0.646 0.728 0.202 0.620 0.244
JUDGE 0.650 0.640 0.768 0.193 0.642 0.243
Fair-CCD 0.709 0.700 1.061 -0.017 0.917 0.053

M
is

tr
al

-7
B

Zero-shot 0.662 0.641 0.772 0.207 0.627 0.315
FADS 0.463 0.518 1.647 -0.259 1.469 -0.297
FCG 0.642 0.635 0.750 0.199 0.639 0.257
JUDGE 0.662 0.651 0.768 0.158 0.668 0.213
Fair-CCD 0.705 0.691 0.869 0.105 0.772 0.169

L
L

aM
A

3-
8B

Zero-shot 0.581 0.574 0.180 0.526 0.135 0.479
FADS 0.595 0.675 0.554 0.287 0.472 0.192
FCG 0.488 0.412 2.541 -0.106 1.565 -0.038
JUDGE 0.560 0.523 1.435 -0.238 1.473 -0.389
Fair-CCD 0.687 0.734 0.928 0.048 0.772 0.067

L
L

aM
A

3-
11

B Zero-shot 0.610 0.610 0.321 0.536 0.249 0.534
FADS 0.572 0.511 0.677 0.239 0.670 0.238
FCG 0.486 0.418 3.020 -0.139 1.672 -0.053
JUDGE 0.601 0.588 0.757 0.194 0.733 0.211
Fair-CCD 0.628 0.613 0.927 0.054 0.819 0.111

Table 1: Results on the COMPAS dataset. Bold denotes
the best result for each model.

predicting the likelihood of recidivism among crim-
inal defendants, using race (Caucasian or African-
American) as the sensitive attribute.

Model performance is assessed using six met-
rics: two for prediction quality and four for fair-
ness. Accuracy and F1 Score are used to measure
overall predictive performance. Fairness is evalu-
ated based on Statistical Parity (SP) and Equality
of Opportunity (EO), each measured in terms of
both difference and ratio, yielding four fairness
metrics:∆SP, RSP, ∆EO, REO. Smaller values
of ∆SP and ∆EO, as well as ratios RSP and REO

closer to 1, indicate fairer predictions across demo-
graphic groups. Formal definitions of all metrics
are provided in Appendix C.

3.2 Models and Baselines

To thoroughly evaluate the stability of Fair-CCD,
we conduct experiments across five widely used
LLMs spanning different families and parame-
ter scales. Specifically, we include Mistral-7B-
Instruct-v0.3 (AI, 2023), Qwen2.5-7B-Instruct
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and Qwen2.5-14B-Instruct (Team, 2024), as well
as LLaMA-3.1-8B-Instruct and LLaMA-3.2-11B-
Vision-Instruct (AI, 2024). This selection covers
three distinct model series and two model sizes
(7B/8B and 11B/14B), aiming to test the stability
of our method across a diverse range of architec-
tures. To ensure consistent outputs, all models are
evaluated with the temperature set to 0. The de-
tailed prompt templates used in all experiments are
provided in Appendix B.

We compare six approaches: Zero-shot, which
provides only the task description and test input
without any in-context demonstrations; FCG (Hu
et al., 2024), which enhances fairness by select-
ing minority-group demonstrations via semantic
clustering and genetic algorithms; FADS (Wang
et al., 2024), which improves fairness through struc-
tured demonstration selection; Preamble (Oba et al.,
2023), which suppresses gender bias by augment-
ing in-context prompts with counterfactual demon-
strations; JUDGE (Halim et al., 2025), which per-
forms fair demonstration selection via incremental
greedy evaluation; and our proposed method, Fair-
CCD.

4 Results

We organize our results to address the three re-
search questions introduced in the experimental
setup. First, we analyze model responses to dif-
ferent types of Structural Bias Templates (SBTs)
and their corresponding demonstrations to assess
whether the structural relationship between sensi-
tive attributes and target labels plays a key role
in shaping biased behavior. Second, we evaluate
whether Fair-CCD improves both the controllabil-
ity and stability of bias mitigation across differ-
ent models and tasks, compared to demonstration-
based baselines. Finally, we conduct component-
wise ablations to examine how each part of the
Fair-CCD framework contributes to its overall ef-
fectiveness in bias mitigation.

4.1 Empirical Validation of SBTs

To evaluate the effectiveness of SBTs in fair-
ness interventions, we compare three context set-
tings: (1) Zero-shot(Baseline), where the model
receives only the target query; (2) Demonstration-
based(Demo), using five groups of four matched
demonstrations per attribute–label pair (a, y), with
results averaged across samples; and (3) SBT-
based, , using BMT, BPT, and SNT templates. All

Method Prediction Fairness

Acc→1 F1→1 REO→1 ∆EO→0 RSP→1 ∆SP→0

Q
w

en
2.

5-
7B

Zero-shot 0.760 0.721 0.911 0.059 1.643 0.126
FADS 0.743 0.680 0.918 0.052 1.578 0.113
Preamble 0.751 0.710 0.921 0.051 1.619 0.119
FCG 0.787 0.723 0.999 0.001 1.576 0.113
JUDGE 0.576 0.416 1.737 -0.243 1.344 0.089
Fair-CCD 0.813 0.742 1.039 -0.036 1.042 0.018

Q
w

en
2.

5-
14

B

Zero-shot 0.788 0.788 0.897 0.074 1.812 0.164
FADS 0.733 0.642 0.863 0.089 2.021 0.139
Preamble 0.772 0.748 0.921 0.061 1.775 0.156
FCG 0.797 0.716 0.722 0.156 2.204 0.146
JUDGE 0.789 0.735 0.791 0.109 1.737 0.149
Fair-CCD 0.795 0.752 1.065 -0.036 1.378 0.091

M
is

tr
al

-7
B

Zero-shot 0.726 0.725 0.817 0.141 1.401 0.158
FADS 0.731 0.735 0.882 0.099 1.050 0.022
Preamble 0.711 0.709 0.784 0.144 1.477 0.153
FCG 0.698 0.690 0.763 0.145 1.533 0.143
JUDGE 0.708 0.712 0.937 0.045 1.102 0.064
Fair-CCD 0.757 0.747 1.015 -0.011 1.032 0.017

L
L

aM
A

3-
8B

Zero-shot 0.671 0.670 0.653 0.262 1.894 0.279
FADS 0.684 0.667 0.664 0.260 1.788 0.253
Preamble 0.642 0.649 0.776 0.151 1.243 0.038
FCG 0.339 0.415 1.032 -0.008 1.202 0.041
JUDGE 0.663 0.631 0.728 0.221 1.429 0.155
Fair-CCD 0.705 0.696 0.996 0.003 1.017 0.008

L
L

aM
A

3-
11

B Zero-shot 0.623 0.623 0.757 0.172 1.339 0.145
FADS 0.638 0.657 0.824 0.098 1.173 0.068
Preamble 0.465 0.438 1.337 -0.132 1.029 0.015
FCG 0.573 0.550 0.972 0.023 1.044 0.031
JUDGE 0.616 0.590 1.273 -0.094 1.101 0.056
Fair-CCD 0.666 0.669 0.989 0.008 1.003 0.002

Table 2: Results on the Adult dataset. Bold denotes the
best result for each model.

contexts are prepended as input prefixes, with a
fixed target query. The example below is based on
Qwen2.5-7B on Adult, full results are available in
Appendix D.

Experimental results support our hypothesis that
structural attribute–label relationships determine
the direction of bias behavior in in-context learn-
ing. As shown in Figure 4, when demonstrations
and SBTs encode the same attribute–label config-
uration, they induce fairness shifts in the same di-
rection relative to the zero-shot baseline, despite
differences in semantic content. This directional
consistency indicates that the observed bias effects
are driven by structural information rather than
instance-level semantics.
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4.2 Overall Results on Bias Mitigation
Across both COMPAS and Adult, Fair-CCD consis-
tently achieves the strongest bias mitigation while
maintaining high accuracy, outperforming prior
methods in most settings. Results are presented
in Table 1 and Table 2.We attribute this advantage
to its dual-level control: the mitigation direction is
determined at the logits level, while the interven-
tion strength is adaptively regulated via attention
signals, enabling targeted and stable bias correc-
tion.

While existing demonstration-based methods
also reduce bias, their improvements are gener-
ally smaller and less consistent, as the intervention
remains driven by the selected demonstrations. Al-
though some works explore instance-level demon-
stration selection, bias mitigation still depends on
the semantic composition of examples. In contrast,
Fair-CCD enables stable direction identification
and adaptive strength control, resulting in more
precise and controllable bias mitigation. Moreover,
demonstration-based methods occasionally suffer
from severe performance degradation due to over-
correction, such as on COMPAS with FADS on
Mistral-7B and with FCG on LLaMA3-8B.

Zero-shot Demo SBT-based

BMT

0.00

0.25

0.50

0.75

1.00

1.25

1.50

Zero-shot Demo SBT-based

BPT

0.00

0.50

1.00

1.50

2.00

Zero-shot Demo SBT-based

SNT

0.00

0.50

1.00

1.50

Accuracy F1 score RSP REOO

Figure 4: Prediction and fairness performance of
Qwen2.5-7B on the Adult dataset under different con-
text strategies. Error bars for the Demonstration-based
method indicate variation across five sampled demon-
strations.

Overall, Fair-CCD delivers stronger and more
stable fairness improvements across datasets and
model architectures without sacrificing predictive
performance, highlighting its superior controllabil-
ity and stability.

4.3 Ablation Study
4.3.1 Component-wise Ablation
To assess the role of each component within Fair-
CCD, we conduct five comparative experiments on
the Adult dataset. The evaluated settings include
the standard Zero-shot baseline, the complete Fair-
CCD method, two ablation variants where the bias

contrast term (w/o Bias Contrast) or the pertur-
bation regularization term (w/o Perturb Reg.) is
removed, and a simplified version using only the
backbone generation module (SNT-only). Figure 5
shows the results on Adult with Mistral-7B, and
the full results are given in Appendix E.

ACC
[0.7,0.8]

REOO
[0.8,1.1]

F1 Score
[0.7,0.8]

RSP
[0.8,1.3]

EOO
[-0.1,0.1]

SP
[-0.1,0.1]

Zero-shot
Fair-CCD

w/o Bias Contrast
w/o Perturb Reg

SNT-only
Ideal

Figure 5: Ablation results of Fair-CCD. The gray dashed
contour indicates the ideal target range; closer traces
reflect better overall performance.

Figure 5 shows that the full Fair-CCD achieves
the strongest and most balanced performance, with
competitive accuracy and the largest gains in fair-
ness. Removing the bias contrast term leads to
a pronounced degradation in fairness with mini-
mal impact on accuracy, confirming the structural
response difference as the primary driver of bias
mitigation. In contrast, removing the perturbation
regularization term mainly harms accuracy and F1
while leaving fairness relatively unchanged, indi-
cating its role in stabilizing prediction behavior.
The SNT-only variant yields limited gains over
Zero-shot and fails to produce consistent fairness
improvements. Overall, these results demonstrate
the necessity and complementarity of all Fair-CCD
components.

4.3.2 Effect of Attention Layer Selection
We vary the start attention layer used to compute
the averaged attention signal, while keeping all
other components fixed. As shown in Figure 6,
using attention signals from earlier layers yields
limited fairness improvement, which we attribute
to these layers primarily capturing low-level lexical
and syntactic information. Starting from approx-
imately the first third of layers, fairness mitiga-
tion becomes more effective and reaches a peak,
suggesting that mid-to-late layers encode more
task-relevant and bias-related representations. This
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Figure 6: Layer-wise attention ablation on COMPAS
with Qwen2.5-7B, with the dashed line indicating the
default setting.

trend is consistent with recent findings that gener-
ative LLMs exhibit a layer-wise progression from
lexical semantics to prediction-oriented representa-
tions (Liu et al., 2024). When only very late layers
are used, performance becomes less stable, indi-
cating a trade-off between fairness strength and
predictive robustness.

4.3.3 Attention-driven vs. Fixed Control
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Figure 7: Attention-driven vs. fixed control on COM-
PAS with Qwen2.5-7B. The dashed line denotes the
attention-driven Fair-CCD.

To ensure a fair comparison with attention-
driven control, we evaluate fixed control by varying
the ratio parameter α while enforcing α+ β = 1,
such that both methods operate under the same
normalization constraint. As shown in Figure 7,
fixed control is highly sensitive to the choice of α:
a smaller α leads to insufficient bias mitigation,
while a larger α causes over-correction and de-
grades accuracy. In contrast, attention-driven Fair-
CCD adaptively adjusts the mitigation strength at
the instance level, achieving consistently stronger
fairness improvements without sacrificing predic-
tive performance. This suggests that attention-
guided control is more effective than fixed global
parameters in balancing accuracy and fairness.

5 Related Work

Among the various lines of research on fairness
in LLMs, we focus on two areas most relevant to
our work: (1) studies of societal bias in LLMs and

their mitigation, and (2) methods for mitigating
bias through ICL.

5.1 Fairness in Large Language Models

As LLMs are widely adopted, studies show they
often encode societal stereotypes during pretrain-
ing (Gallegos et al., 2024a; Ganguli et al., 2023),
causing systemic bias even in neutral tasks (Abid
et al., 2021b; Wang et al., 2023; Huang et al.,
2021). Most prior work focuses on generative
tasks, using benchmarks like StereoSet and BBQ to
evaluate stereotypical outputs (Liang et al., 2022;
Venkit et al., 2023; Gallegos et al., 2024b; Xu et al.,
2025). In contrast, fairness in structured classifica-
tion tasks such as tabular prediction has received
limited attention. While recent studies show that
modifying input demonstrations (e.g., adding mi-
nority examples) can improve fairness (Hu et al.,
2024), these methods rely on heuristics or sampling
strategies without explicitly modeling the structural
link between sensitive attributes and labels, limit-
ing their effectiveness in this domain.

5.2 In-Context Learning

In-Context Learning enables LLMs to perform
tasks without parameter updates by conditioning
on a few demonstrations. It has been widely ap-
plied to text classification and answering (Gao et al.,
2020; Liu et al., 2021), image generation (Bar et al.,
2022), and multimodal reasoning (Huang et al.,
2023; Wei et al., 2022). Increasing evidence sug-
gests that ICL performance is strongly influenced
by how demonstrations are constructed, with fac-
tors such as selection, ordering, and label format-
ting playing critical roles in shaping model predic-
tions (Tanwar et al., 2023; Sorensen et al., 2022;
Lu et al., 2021; Yoo et al., 2022; Oba et al., 2023;
Sun et al., 2025).

Recent work on fairness in ICL has focused on
selecting demonstrations to guide model predic-
tions. For instance, Hu and Du (2024) found that
using minority group examples can improve fair-
ness, while FCG (2024) combines semantic cluster-
ing and genetic algorithms to automate such selec-
tion. However, these methods largely overlook how
LLMs respond to structural differences in context,
limiting their explanatory power and controllability.
In contrast, our approach models attribute–label
structures explicitly through templates and applies
contrastive decoding for more stable bias mitiga-
tion during inference.
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6 Conclusions

This work proposes Fair-CCD, a two-stage
inference-time framework for mitigating bias in
LLM-based tabular prediction. Fair-CCD encodes
attribute–label relationships as structural bias tem-
plates and contrasts model responses across tem-
plates to adjust predictions. It further employs
an attention-guided mechanism to adaptively regu-
late mitigation strength at the instance level, elim-
inating manual hyperparameter tuning. Exten-
sive experiments show that Fair-CCD consistently
improves fairness without sacrificing accuracy,
demonstrating the effectiveness of structure-based,
attention-aware bias mitigation.

Limitations

This work investigates bias mitigation for in-
context learning through decoding-time interven-
tions. While Fair-CCD demonstrates strong per-
formance across multiple settings, several limita-
tions remain to be addressed. To evaluate Fair-
CCD across diverse architectures, we explore sev-
eral representative open-source LLM families, in-
cluding Mistral, Qwen, and LLaMA. Specifically,
we include Mistral-7B-Instruct-v0.3, Qwen2.5-
7B-Instruct, Qwen2.5-14B-Instruct, LLaMA-3.1-
8B-Instruct, and LLaMA-3.2-11B-Vision-Instruct.
While these models span multiple model series and
two representative scales (7B/8B and 11B/14B),
our evaluation does not extend to extremely large
models such as LLaMA-3-405B due to hardware
constraints. In addition, Fair-CCD requires access
to internal decoding processes and attention sig-
nals in order to perform contrastive decoding and
adaptive control. As a result, our experiments are
necessarily limited to open-source LLMs and do
not include closed-source models that are accessi-
ble only via APIs, such as GPT-4o. Nonetheless,
we believe that the diverse and representative set
of high-performing open-source LLMs evaluated
in this work allows our study to remain compre-
hensive and informative. Furthermore, our study
is limited to binary classification tasks under in-
context learning, as well as binary sensitive group
settings. We plan to extend our analysis to broader
classification scenarios in future work. Finally, in
line with prior studies, our evaluation focuses on
widely used fairness benchmarks that are tabular in
nature and serialized into natural language prompts
for LLMs. Exploring other data modalities in the
context of fairness in large language models re-

mains an important direction for future research.
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A Automated Prompt-Based Generation
of SBTs

To generate the natural language sentence
s = f(a, y) for each attribute–label pair, we de-
sign a structured prompting schema that guides the
language model to produce explicit and consistent
structural descriptions.

Each prompt includes four key components:

• Task description: instructs the model to con-
struct an SBT for a given attribute–label pair
within a specific classification task, e.g., con-
struct an SBT for the pair (a, y) in the income
classification task;

• Structural target: specifies the intended at-
tribute–label pair (a, y), e.g., “female” as the
sensitive attribute and “high income” as the
predicted label;

• Stylistic prompting: provides stylistic cues,
such as “Women are often perceived to have
higher earning potential”;

• Linguistic constraints: enforces generaliz-
able, group-level expressions and discourages
individual-specific or overly verbose descrip-
tions.

We apply the template function f(a, y) across
the structural domains defined for BMT, BPT, and
SNT to generate corresponding natural language
prompts. These are used to construct structured
contexts in an automated and consistent way, en-
hancing control over input design while reducing
reliance on manual demonstration crafting.

A.1 Examples of Automatically Generated
SBTs

To illustrate how Structural Bias Templates (SBTs)
are generated via the prompt-based function
f(a, y), we present representative examples from
both the Adult and COMPAS datasets. Each tem-
plate is constructed using a structured prompting
schema that includes a task description, structural
target, stylistic reference, and linguistic constraints.
The goal is to produce natural language descrip-
tions that encode attribute–label relationships in a
consistent and controllable form.
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A.1.1 Adult Dataset (Income Classification)
(1) BMT – Bias-Mitigation Template
Prompt Input:

Task Description: Construct an SBT for
the attribute–label pair (a, y) in the high-
income classification task.
Structural Target: (Female, > 50k)
Stylistic Prompting: (Male, > 50k) →
“Men are often seen as strong performers
in high-income roles.”
Linguistic Constraints: Use gen-
eral, group-level expressions; avoid
individual-specific or overly detailed lan-
guage.

Generated Output:

Women are frequently recognized in high-
earning professions.

(2) BPT – Bias-Preserving Template
Prompt Input

Task Description: Construct an SBT for
the attribute–label pair (a, y) in the high-
income classification task.
Structural Target: (Male, > 50k)
Stylistic Prompting: (Female, > 50k)
→ “Women are frequently recognized in
high-earning professions.”
Linguistic Constraints: Use gen-
eral, group-level expressions; avoid
individual-specific or overly detailed lan-
guage.

Generated Template

High-income positions are frequently
seen as aligned with male performance.

(3) SNT – Structure-Neutral Template
Prompt Input

Task Description: Construct an SBT for
the attribute–label pair (a, y) in the high-
income classification task.
Structural Target: (Male, > 50k),
(Male, ≤ 50k), (Female, > 50k), (Fe-
male, ≤ 50k)
Stylistic Prompting: (Female, > 50k),
(Female, ≤ 50k) → “Women may have
high or low incomes depending on their
circumstances.”

Linguistic Constraints: Use gen-
eral, group-level expressions; avoid
individual-specific or overly detailed lan-
guage.

Generated Template

Men and women are both represented
across income levels.

A.1.2 COMPAS Dataset (Recidivism
Classification)

(1) BMT – Bias-Mitigation Template
Prompt Input:

Task Description: Construct an SBT for
the attribute–label pair (a, y) in the re-
cidivism classification task.
Structural Target: (Black, Low Risk)
Stylistic Prompting: (White, Low Risk)
→ “White individuals are often viewed
as less likely to reoffend.”
Linguistic Constraints: Use gen-
eral, group-level expressions; avoid
individual-specific or overly detailed lan-
guage.

Generated Output:

Black individuals are frequently recog-
nized as capable of rehabilitation and
low recidivism risk.

(2) BPT – Bias-Preserving Template
Prompt Input:

Task Description: Construct an SBT for
the attribute–label pair (a, y) in the re-
cidivism classification task.
Structural Target: (White, Low Risk)
Stylistic Prompting: (Black, Low Risk)
→ “Black individuals are frequently rec-
ognized as capable of rehabilitation and
low recidivism risk.”
Linguistic Constraints: Use gen-
eral, group-level expressions; avoid
individual-specific or overly detailed lan-
guage.

Generated Template:

White individuals are generally consid-
ered less likely to commit another of-
fense.
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Component Zero-shot SBT-based Demonstration-based

Task Description Predict whether the individual’s income exceeds $50K per year. Answer with one
of the following: [greater than 50K] | [less than or equal to 50K]

Contextual Con-
tent

(none) Women are frequently rec-
ognized in high-earning
professions.

Example 1:
Age is 45, education is Bachelors,
marital-status is Married-civ-spouse,
occupation is Exec-managerial, sex
is Male, income is greater than 50K;
Example 2:
Age is 30, education is HS-grad,
marital-status is Never-married, oc-
cupation is Sales, sex is Female, in-
come is greater than 50K;

Input Instance Age is 37, education is Some-college, marital-status is Divorced, occupation is
Tech-support, sex is Female, capital-gain is 0, hours-per-week is 40, please answer
the income:

Table 3: Prompting Templates for Adult Income Prediction under Different Context Settings

(3) SNT – Structure-Neutral Template
Prompt Input:

Task Description: Construct an SBT for
the attribute–label pair (a, y) in the re-
cidivism classification task.
Structural Target: (Black, High Risk),
(Black, Low Risk), (White, High Risk),
(White, Low Risk)
Stylistic Prompting: (Black, Low Risk),
(Black, High Risk) → “Black individuals
may have varying risk levels depending
on their background and circumstances.”
Linguistic Constraints: Use gen-
eral, group-level expressions; avoid
individual-specific or overly detailed lan-
guage.

Generated Template:

Both Black and White individuals are
found across different levels of recidivism
risk.

B Prompt Template

The output of LLMs is highly sensitive to prompt
structure, which typically comprises three compo-
nents: (1) a task description, (2) contextual content
such as SBTs or demonstrations, and (3) the input
instance to be predicted. The task description de-
fines the objective and specifies the output format
or label space. The contextual content provides

prior information to guide the model’s reasoning,
while the final part presents the actual prediction
query. The prompt example in Figure 2 simpli-
fies the tabular dataset, the detailed template is
described later in this section.

We consider both zero-shot and few-shot set-
tings. In zero-shot prompts, no contextual content
is provided, and the model relies solely on the task
description and the input instance, serving as a
baseline without fairness intervention. In few-shot
prompts, contextual content is included between
the task description and the input instance, allowing
the model to perform ICL. Our study focuses on the
construction of this contextual content, comparing
SBTs with conventional demonstrations and ana-
lyzing their respective impacts on fairness. These
insights form the basis for the proposed bias control
mechanism and its empirical evaluation.

B.1 Example Prompt Architecture

To complement the prompt illustration in Figure 2
of the main text, we provide complete prompt tem-
plate examples illustrating the structural compo-
sition of zero-shot and few-shot settings. Each
prompt consists of three key components: a task
description, contextual content, and an input in-
stance. The contextual content is the primary vari-
able across settings, taking one of three forms: (1)
no context (zero-shot), (2) Structural Bias Tem-
plates (SBTs), or (3) in-context demonstrations.

In what follows, we present concrete examples
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from the Adult dataset, demonstrating how each
type of contextual content is incorporated into the
prompt format. The input instance is kept fixed
across all three cases for comparison. Table 3 pro-
vides a structured summary of the prompt compo-
nents and their instantiations under each context
strategy.

C Evaluation Metric Definitions

This section provides the formal definitions of
the fairness evaluation metrics used in our ex-
periments. We focus on Statistical Parity (SP)
and Equality of Opportunity (EO), each quanti-
fied using both difference-based and ratio-based
measures. These metrics are computed based
on group-conditional prediction outcomes and are
widely adopted in prior fairness studies. Below, we
present the precise mathematical formulations of
∆SP, RSP, ∆EO, and REO.

For each group ai defined by the sensitive at-
tribute A, we define statistical parity (SP) as the
probability of being predicted as positive:

SPai = P (Ŷ = 1 | A = ai) (8)

The group-wise difference and ratio of statistical
parity are given by:

∆SP = SPa0 − SPa1, RSP =
SPa0

SPa1 + ϵ
(9)

Likewise, for individuals whose true label is posi-
tive (Y = 1), we define the true positive rate (TPR)
as:

TPRai = P (Ŷ = 1 | Y = 1, A = ai) (10)

From this, the corresponding equality of opportu-
nity metrics are defined as:

∆EO = TPRa0−TPRa1, REO =
TPRa0

TPRa1 + ϵ
(11)

Here, ϵ is a small constant added to prevent division
by zero. Smaller values of ∆SP and ∆EO, as well
as ratios RSP and REO closer to 1, indicate fairer
predictions across demographic groups.

D Additional Experiments on the
Effectiveness of SBTs

This section presents supplementary figures that
provide additional empirical evidence on the ef-
fectiveness of Structural Bias Templates (SBTs).
These results complement the main analysis by

showcasing the impact of different SBT configu-
rations across models. They further support our
claim that structural attribute–label relationships
play a critical role in shaping model behavior and
can be leveraged for controllable and stable fairness
interventions. Representative results are provided
in Figures 8–11.
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Figure 8: Prediction and fairness performance of
LLaMA3-8B on the Adult dataset under different con-
text strategies. Error bars for the Demonstration-based
method indicate variation across five sampled demon-
strations.
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Figure 9: Prediction and fairness performance of
LLaMA3-11B on the Adult dataset under different con-
text strategies. Error bars for the Demonstration-based
method indicate variation across five sampled demon-
strations.
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Figure 10: Prediction and fairness performance of
Mistral-7B on the Adult dataset under different con-
text strategies. Error bars for the Demonstration-based
method indicate variation across five sampled demon-
strations.

E Supplementary Ablation Results

This section provides supplementary figures re-
porting detailed results from the ablation study of
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Figure 11: Prediction and fairness performance of
Qwen2.5-14B on the Adult dataset under different con-
text strategies. Error bars for the Demonstration-based
method indicate variation across five sampled demon-
strations.

Fair-CCD. These results complement the main text
by illustrating additional experimental settings and
component-wise analyses. They help further vali-
date the effectiveness and stability of each module,
especially under different model configurations.
Representative results are provided in Figures 12–
15.
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Figure 12: Ablation Results of Fair-CCD with LLaMA3-
8B on the Adult dataset. The gray dashed contour indi-
cates the ideal target range; closer traces reflect better
overall performance.
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Figure 13: Ablation Results of Fair-CCD with LLaMA3-
11B on the Adult dataset.
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Figure 14: Ablation Results of Fair-CCD with Qwen2.5-
7B on the Adult dataset.
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Figure 15: Ablation Results of Fair-CCD with Qwen2.5-
14B on the Adult dataset.
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