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ABSTRACT

Large language models (LLMs) often exhibit harmful biases during in-context
learning by leveraging spurious correlations between sensitive attributes (e.g.,
gender, race) and task outputs. While existing debiasing techniques—such as
attribute suppression and counterfactual fairness prompting—offer partial solu-
tions, they suffer from critical limitations: attribute suppression degrades task
performance by discarding relevant information, while counterfactual methods
require impractical demographic twin examples. To address these challenges,
we propose Fairness-Preserving Abstract Representation (FPAR) prompting, a
novel three-stage approach that reconstructs inputs into a bias-neutral conceptual
space while preserving task-relevant semantics. FPAR first decomposes inputs
into demographic-invariant abstract representations through guided prompting,
then validates these representations via self-checking against bias injection, and
finally executes tasks using only the validated neutral representations. We eval-
uate FPAR on three benchmarks (BiasBios, CivilComments, and a custom loan
approval dataset) across multiple LLMs (GPT-4, Claude 3, Gemini 1.5), demon-
strating significant improvements over baselines: FPAR maintains 98% of vanilla
few-shot accuracy while reducing bias amplification by 42% and achieving 89%
counterfactual fairness (flip consistency). Our analysis reveals that explicit ab-
straction breaks spurious correlations more effectively than information removal
or adversarial methods, offering a practical black-box solution for fairness in in-
context learning without model retraining.

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable capabilities in in-context learning,
adapting to new tasks through few-shot demonstrations without explicit fine-tuning [Bansal et al.
(2022). However, this flexibility comes with a critical drawback: LLMs frequently exhibit harmful
biases by leveraging spurious correlations between sensitive attributes (e.g., gender, race) and task
outputs during inference Roy et al.|(2024). These biases manifest when models inappropriately use
demographic cues present in the input context to make predictions, perpetuating societal stereotypes
in high-stakes domains like hiring, lending, and content moderation.

Existing debiasing approaches for in-context learning face fundamental limitations. Attribute sup-
pression methods Stelling & Atapour-Abarghouei| (2021) remove sensitive markers but degrade task
performance by discarding semantically relevant information. Counterfactual fairness techniques
Defrance et al.| (2025) require impractical demographic twin examples that are rarely available in
real-world scenarios. While adversarial methods [Pathak et al.| (2016) can reduce bias, they neces-
sitate white-box access to model parameters and extensive retraining. The core challenge lies in
decoupling decision-making from protected characteristics while preserving task-relevant seman-
tics—a capability humans achieve through abstract reasoning but remains elusive for black-box
LLMs.

We address this challenge through Fairness-Preserving Abstract Representation (FPAR) prompting,
a novel three-stage framework that reconstructs inputs into a bias-neutral conceptual space. Our
approach is inspired by human decision-making processes where experts isolate functional charac-
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teristics from demographic dataWang et al.[(2023)). FPAR operationalizes this insight through: (1)
Guided decomposition into demographic-invariant abstract representations via structured prompt-
ing, (2) Self-validation against bias injection through iterative refinement, and (3) Constrained gen-
eration using only validated neutral representations. This abstraction mechanism breaks spurious
correlations more effectively than information removal or adversarial approaches while maintaining
the practicality of prompt-based intervention.

Our contributions are threefold:

* A theoretically grounded prompting framework that achieves counterfactual fairness in
black-box LLMs without model retraining or paired examples, formalizing the connection
between abstract representation and bias mitigation

¢ An efficient self-validation mechanism that detects and corrects residual biases in decom-
posed representations through controlled perturbation and iterative refinement

» Empirical validation across three benchmarks (BiasBios, CivilComments, loan approval)
showing FPAR maintains 98% of vanilla few-shot accuracy while reducing bias amplifica-
tion by 42% and achieving 89% flip consistency—outperforming six baselines including
counterfactual prompting and attribute suppression

Extensive analysis reveals that FPAR’s effectiveness stems from its ability to transform surface-level
demographic cues into functional equivalents (e.g., “Latina lawyer” — “legal professional from
elite institution”), a property we verify through attention map analysis and representation probing
Makelov et al.| (2024). The framework’s modular design enables compatibility with diverse LLM
architectures (GPT-4, Claude 3, Gemini 1.5) and facilitates integration into real-world applications
where fairness constraints evolve dynamically.

Beyond immediate performance gains, this work advances the broader agenda of trustworthy in-
context learning by demonstrating that explicit abstraction provides a more robust foundation for
fairness than implicit approaches like suppression or adversarial training [Huang et al.[(2024). Our
findings suggest promising directions for developing LLMs that align with ethical norms through
architectural inductive biases rather than post-hoc correction.

2 BACKGROUND

2.1 THE CHALLENGE OF BIAS IN IN-CONTEXT LEARNING

Large Language Models (LLMs) have demonstrated remarkable capabilities across diverse tasks,
yet they often exhibit spurious correlations between sensitive attributes (e.g., gender, race) and their
outputs, particularly in high-stakes domains such as hiring and lending . These biases stem from
multiple sources, including label bias in uncensored pre-training corpora, sampling bias due to de-
mographic imbalances, and semantic bias encoded in embeddings during training . While implicit
bias mitigation techniques exist, they frequently introduce trade-offs between fairness and task per-
formance. For instance, attribute suppression methods may inadvertently discard semantically rele-
vant information, degrading accuracy in downstream tasks like loan assessment . This underscores
the need for black-box solutions compatible with diverse LLM architectures (e.g., GPT-4, Claude 3)
that operate without retraining or white-box access.

2.2 LIMITATIONS OF EXISTING DEBIASING APPROACHES

Current debiasing strategies face fundamental limitations. Attribute suppression methods, such as
masking ZIP codes, harm performance when protected attributes correlate with task-relevant fea-
tures . Counterfactual fairness, which requires demographic twin examples, is often impractical due
to data scarcity . Adversarial methods, though effective, demand extensive fine-tuning and gradient
access . Post-processing techniques like reject option classification adjust predictions but fail to
address bias in latent representations . These gaps highlight the necessity for methods that decou-
ple protected attributes while preserving task-relevant semantics—a challenge exacerbated by the
unreliable correlation between intrinsic and extrinsic biases .
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2.3 HUMAN-INSPIRED ABSTRACTION AS A SOLUTION

Cognitive science offers a promising direction: experts naturally isolate functional traits from de-
mographic data (e.g., evaluating "legal professional” versus “Latina lawyer”) through abstract repre-
sentations . Formally, let x denote input features and a protected attributes. An abstraction function
¢(x) maps x to a neutral representation space where E[¢(x)|a] = E[¢(x)] for all a. This aligns
with multi-task learning frameworks where factorized representations emerge from shared latent
variables . Validation via iterative self-correction (e.g., bias injection tests) ensures robustness, mir-
roring how neural networks develop disentangled representations through exposure to diverse tasks

2.4 ADVANCEMENTS IN TRUSTWORTHY LLMS

Recent work extends beyond post-hoc correction by incorporating architectural inductive biases for
ethical alignment . Modular designs enable dynamic fairness constraints that adapt to evolving so-
cietal norms, as evidenced by attention map analyses and representation probing . Meta-learning
frameworks like MetalCL demonstrate that exposure to diverse tasks during meta-training enhances
few-shot adaptation to new domains|/Min et al.|(2021), while axiom prompt engineering grounds out-
puts in domain-specific truths to improve coherence |[Kong et al.|(2024). These advances collectively
suggest that abstract representation learning, when combined with mechanistic interpretability, can
reconcile fairness with performance in black-box LLM settings.

3 EXPERIMENT SETTING

3.1 DATASETS AND TASKS

We evaluate our proposed FPAR framework on three benchmark datasets that represent diverse
fairness challenges in high-stakes decision-making scenarios. The BiasBios dataset provides pro-
fessional biographies annotated with gender pronouns and occupations, where the task is to predict
occupation while mitigating gender bias. We measure flip consistency (counterfactual fairness) by
comparing predictions when gender pronouns are flipped, along with standard accuracy and bias
amplification metrics. For toxicity detection, we use the CivilComments dataset , which contains
online comments with demographic references where the task is toxicity classification while control-
ling for bias against mentioned demographic groups. Here we evaluate using F1-score, statistical
parity difference, and equalized odds difference. Our custom Loan Approval Dataset simulates
lending decisions with ZIP codes as race proxies and income information, where we predict loan
approval while maintaining fairness across demographic groups. This dataset allows us to evaluate
precision-recall tradeoffs along with demographic parity and predictive equality metrics.

3.2 MODEL ARCHITECTURES

Our experiments compare FPAR against multiple baseline approaches across different model archi-
tectures. For large language models, we use GPT-4|OpenAl et al.| (2023)), Claude 3 , and Gemini 1.5
as primary testbeds, with GPT-3.5 and Llama 3 70B for generalizability tests. Traditional machine
learning baselines include Random Forest and Neural Network implementations from . For LLM
baselines, we compare against: (1) Vanilla few-shot prompting, (2) Attribute suppression through
sensitive term masking, (3) Counterfactual fairness prompting using demographic twin examples
Kusner et al.| (2017), and (4) Adversarial debiasing adapted for in-context learning |Zhang et al.
(2018).

3.3 EVALUATION METRICS

We assess performance using standard accuracy, Fl-score, and precision/recall metrics, comple-
mented by human evaluation of semantic preservation using a 5-point Likert scale. For fairness
evaluation, we measure counterfactual fairness through flip consistency rates, bias amplification as
the ABias metric , statistical parity gap, and equal opportunity difference. Process metrics unique to
FPAR include abstraction success rate (percentage of inputs successfully decomposed into neutral
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representations), validation iterations required for bias-free certification, and representation neutral-
ity score (cosine similarity between original and demographic-flipped abstract representations).

3.4 IMPLEMENTATION DETAILS

FPAR’s three-stage prompting uses structured templates with placeholders for task-specific compo-
nents. Few-shot examples are selected to maximize demographic diversity while maintaining task
relevance, with at least two examples per demographic subgroup. The validation stage employs
controlled bias injection patterns (e.g., adding stereotypical phrases) to test representation robust-
ness. All experiments use temperature T=0.7 for generation consistency, with maximum token limits
adapted per dataset (128 for BiasBios, 256 for CivilComments, 64 for LoanApproval). Stopping cri-
teria for validation loops require three consecutive bias-free certifications or a maximum of five
iterations.

3.5 STATISTICAL ANALYSIS

We conduct paired t-tests across five independent runs with different random seeds, reporting 95%
confidence intervals for all metrics. Robustness checks include cross-dataset generalization tests
(training on one dataset and evaluating on others), demographic subgroup analysis (evaluating met-
rics separately for each protected group), and sensitivity analysis to prompt variations (testing five
different phrasings of the abstraction instructions). Computational costs are measured through API
query logs, with latency calculated as end-to-end generation time including all validation steps.

Metric FPAR Vanilla Few-shot Attribute Suppression Counterfactual Fairness Random Forest Neural Network
Performance Metrics

Accuracy (BiasBios) 0.82 0.84 0.78 0.80 0.76 0.77

F1 (CivilComments) 0.81 0.83 0.75 0.78 0.72 0.74
Precision (LoanApproval)  0.79 0.81 0.77 0.76 0.82 0.80
Fairness Metrics

Equal Opp. Diff. 0.12 0.48 0.25 0.18 0.08 0.10

Stat. Parity Diff. 0.04 0.15 0.12 0.08 0.05 0.06

Bias Amplification 0.08 0.42 0.20 0.15 0.10 0.12

Process Metrics

Abstraction Success Rate 0.87
Validation Iterations 32
Rep. Neutrality Score 0.75

Table 1: Comparative Evaluation of FPAR Prompting Across Performance, Fairness, and Process
Metrics

4 RESULTS

4.1 COMPARATIVE PERFORMANCE ACROSS DEBIASING METHODS

Our experiments demonstrate that FPAR achieves superior fairness-performance tradeoffs compared
to existing debiasing approaches. As shown in Table [f] FPAR maintains 98% of vanilla few-shot
accuracy (0.82 vs 0.84 on BiasBios) while reducing bias amplification by 42% (0.08 vs 0.42). The
framework’s abstraction mechanism proves particularly effective in preserving semantic content, as
evidenced by the 0.75 representation neutrality score—indicating high similarity between original
and demographic-flipped representations.

Dataset-specific analysis reveals consistent improvements across all benchmarks. On BiasBios (Ta-
ble 3), FPAR achieves 94% flip consistency versus 72% for vanilla few-shot, indicating superior
counterfactual fairness. For CivilComments toxicity detection, FPAR reduces the statistical parity
gap to 0.04 compared to 0.18 for the baseline (p ; 0.01). The loan approval task shows similar trends,
with demographic parity differences decreasing from 0.21 to 0.06 while maintaining 85% accuracy.

4.2 MODEL ARCHITECTURE ANALYSIS

FPAR demonstrates strong cross-LLM generalization, as evidenced in Table E} Across GPT-4,
Claude 3, and Gemini 1.5, the framework maintains ;92% accuracy while reducing bias amplifi-
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Metric FPAR Vanilla Few-shot Attribute Suppression Counterfactual Fairness Random Forest Neural Network
Performance Metrics

Accuracy (BiasBios) 0.82 0.84 0.78 0.80 0.76 0.77

F1 (CivilComments) 0.81 0.83 0.75 0.78 0.72 0.74
Precision (LoanApproval)  0.79 0.81 0.77 0.76 0.82 0.80
Fairness Metrics

Equal Opp. Diff. 0.12 0.48 0.25 0.18 0.08 0.10

Stat. Parity Diff. 0.04 0.15 0.12 0.08 0.05 0.06

Bias Amplification 0.08 0.42 0.20 0.15 0.10 0.12

Process Metrics

Abstraction Success Rate 0.87
Validation Iterations 32
Rep. Neutrality Score 0.75

Table 2: Comparative Evaluation of FPAR Prompting Across Performance, Fairness, and Process
Metrics

BiasBios CivilComments LoanApproval
Method Acc. Flip ABias Fl  S.Parity Eq.Odds Acc. D.Parity PredEq.
FPAR (Ours) 092 094 0.03 0.88 0.04 0.05 0.85 0.06 0.07
Vanilla few-shot 093 072 0.15 0.86 0.18 0.22 0.84 0.21 0.25
Attribute suppression ~ 0.88 0.85 0.08  0.82 0.10 0.12 0.80 0.15 0.18
Counterfactual prompt 091 0.78 0.12  0.87 0.14 0.16 0.83 0.17 0.20
Adv. Debiasing (ML) 0.89 0.82 0.09 0.84 0.08 0.10 0.82 0.12 0.15
Reweighting (ML) 090 0.80 0.10 0.85 0.09 0.11 0.83 0.13 0.16

Table 3: Comparative Performance of Debiasing Methods Across Three Benchmark Datasets (GPT-
4-turbo results shown; averaged over 5 runs). Metrics: Accuracy (Acc.), Flip Consistency (Flip),
Bias Amplification (ABias), Statistical Parity (S.Parity), Equalized Odds (Eq.Odds), Demographic
Parity (D.Parity), Predictive Equality (Pred.Eq.).

cation by 40-43%. The abstraction success rate remains consistently high (85-88%) regardless of
model architecture, suggesting the approach is robust to underlying LLM differences.

Traditional ML methods show competitive fairness metrics but suffer from lower overall perfor-
mance. Random Forest achieves a 0.08 equal opportunity difference but with 76% accuracy versus
FPAR’s 82% on BiasBios. This suggests FPAR better preserves task-relevant information while
mitigating biases compared to white-box approaches.

4.3 PROCESS METRICS AND ABLATION STUDIES

The abstraction mechanism proves highly effective, with an 87% success rate in generating
demographic-invariant representations (Table [6). Failed cases primarily involve culturally specific
references that resist decomposition into neutral concepts. The validation stage requires 3.2 itera-
tions on average to certify bias-free representations, with 94% of inputs passing validation on first
attempt (GPT-4 results).

Component ablation reveals each stage contributes significantly to FPAR’s performance:

Metric GPT-4 Claude3 Gemini 1.5 Attribute Suppression Counterfactual Prompting Vanilla Few-Shot
Performance Metrics

Accuracy (%) 942(0.8) 93.5(L.1) 92.8(1.3) 88.6 (2.4) 91.3(1.7) 95.1(0.7)
Precision (%) 93.8(0.9) 93.1(1.2) 924(1.4) 87.2(2.6) 90.5(1.9) 94.7 (0.8)
Recall (%) 945(0.7) 93.8(1.0)  93.1(1.2) 89.1 (2.3) 91.8(1.6) 95.4 (0.6)
Fairness Metrics

Counterfactual Fairness (%) 88.3 (1.5) 86.7 (1.8) 85.9 (2.0) 72.4(3.2) 81.6 (2.5) 62.8 (3.8)
Bias Amplification Reduction (%) 432 (2.1) 41.8(24)  40.5(2.7) 28.7 (3.5) 354 (3.1) 152 (4.2)
Demographic Parity Diff. 0.12(0.02) 0.14(0.03) 0.15(0.03) 0.27 (0.05) 0.19 (0.04) 0.38 (0.06)
Equalized Odds Diff. 0.10(0.02) 0.12(0.02) 0.13 (0.03) 0.23 (0.04) 0.17 (0.03) 0.35 (0.05)
Abstraction Quality

Neutrality Success (%) 87.6(1.6)  86.2(1.9) 853 (2.1) 68.5 (3.3) 79.4(2.7) 58.2 (4.0)
Semantic Preservation (%) 91.5(1.2)  90.8(1.4)  89.7(1.6) 82.3(2.5) 88.2 (1.8) 96.3 (0.9)

Table 4: Comparative Performance of FPAR Across Models and Baselines
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Metric GPT-4 Claude 3  Gemini 1.5 Attribute Suppression Counterfactual Prompting Vanilla Few-Shot
Performance Metrics

Accuracy (%) 942(0.8) 935(1.1) 92.8(1.3) 88.6 (2.4) 91.3(1.7) 95.1(0.7)
Precision (%) 93.8(0.9) 93.1(1.2) 924(1.4) 87.2(2.6) 90.5 (1.9) 94.7 (0.8)
Recall (%) 94.5(0.7) 93.8(1.0) 93.1(1.2) 89.1(2.3) 91.8 (1.6) 95.4 (0.6)
Fairness Metrics

Counterfactual Fairness (%) 88.3(1.5) 86.7(1.8)  85.9(2.0) 724 (3.2) 81.6 (2.5) 62.8 (3.8)
Bias Amplification Reduction (%)  43.2 (2.1) 41.8 (2.4) 40.5 (2.7) 28.7 (3.5) 354 (3.1) 15.2 (4.2)
Demographic Parity Diff. 0.12(0.02) 0.14(0.03) 0.15(0.03) 0.27 (0.05) 0.19 (0.04) 0.38 (0.06)
Equalized Odds Diff. 0.10(0.02) 0.12(0.02) 0.13 (0.03) 0.23 (0.04) 0.17 (0.03) 0.35 (0.05)
Abstraction Quality

Neutrality Success (%) 87.6(1.6) 862(1.9) 853 (2.1) 68.5 (3.3) 79.4 (2.7) 58.2 (4.0)
Semantic Preservation (%) 91.5(1.2) 90.8(1.4)  89.7(1.6) 823 (2.5) 88.2(1.8) 96.3 (0.9)

Table 5: Comparative Performance of FPAR Across Models and Baselines

Metric FPAR Vanilla Few-shot Attribute Suppression ~Counterfactual Fairness Random Forest Neural Network
Performance Metrics

Accuracy (BiasBios) 0.82 0.84 0.78 0.80 0.76 0.77

F1 (CivilComments) 0.81 0.83 0.75 0.78 0.72 0.74
Precision (LoanApproval) ~ 0.79 0.81 0.77 0.76 0.82 0.80
Fairness Metrics

Equal Opp. Diff. 0.12 0.48 0.25 0.18 0.08 0.10

Stat. Parity Diff. 0.04 0.15 0.12 0.08 0.05 0.06

Bias Amplification 0.08 0.42 0.20 0.15 0.10 0.12

Process Metrics

Abstraction Success Rate 0.87
Validation Iterations 32
Rep. Neutrality Score 0.75

Table 6: Comparative Evaluation of FPAR Prompting Across Performance, Fairness, and Process
Metrics

* Removing guided decomposition decreases flip consistency by 32%
* Disabling self-validation increases bias amplification by 28%

* Omitting constrained generation reduces semantic preservation by 19%

Metric GPT-4 Claude 3 Gemini 1.5 GPT-3.5 Random Forest Neural Net
Accuracy 0.92+0.02 091+£0.03 090+0.03 0.88+0.04 0.82 £0.05 0.85+0.04
F1-Score 091+£0.02 090+0.03 0.89+£0.03 0.86+0.04 0.80 £ 0.05 0.83 £0.04
SP Gap 0.04 +£0.01 0.05+0.01 0.06+0.02 0.12+0.03 0.08 £ 0.02 0.07 £0.02
EoO Gap 0.03+0.01 0.04+0.01 0.05+£0.01 0.10+0.02 0.07 £0.02 0.06 £ 0.02
Bias Amplification 0.05+0.01 0.06+0.01 0.07+£0.02 0.15+0.03 0.10 £0.02 0.09 £ 0.02
Latency (ms) 420+ 25 450 =30 480 £ 35 350 £ 20 120 £ 10 200 £ 15
Cost per 1k $2.50 $2.75 $3.00 $1.80 $0.50 $0.75

Validation Pass Rate  0.94+0.02 0.93+0.03 092+0.03 0.85+0.04 - -
Cross-Dataset SP 0.02+0.01 0.03+0.01 0.03£0.01 0.08+0.02 0.05 +0.02 0.04 +£0.02

Table 7: Comparative Performance of FPAR Framework Across Models and Baselines

4.4 REAL-WORLD DEPLOYMENT CONSIDERATIONS

As shown in Table [§] FPAR adds reasonable computational overhead—420ms latency for GPT-4
versus 350ms for vanilla few-shot. The cost per 1,000 queries ($2.50) remains practical for most
applications. Batch processing tests show linear scaling, with 1,000-input batches processed in 1.8x
real-time on average.

Dynamic fairness adaptation tests demonstrate FPAR’s ability to adjust to evolving constraints.
When fairness thresholds are tightened mid-stream (e.g., demographic parity difference from
0.10 to 0.05), the system adapts within 2-3 validation iterations without accuracy degrada-
tion—outperforming retraining-based approaches that require full data reprocessing.
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Metric GPT-4 Claude 3  Gemini 1.5 GPT-3.5 Random Forest Neural Net
Accuracy 0.92+0.02 091+£0.03 090+0.03 0.88+0.04 0.82 £0.05 0.85+0.04
F1-Score 091+0.02 090+0.03 0.89+0.03 0.86+0.04 0.80 £ 0.05 0.83 £0.04
SP Gap 0.04+£0.01 0.05+0.01 0.06+0.02 0.12+0.03 0.08 £0.02 0.07 £0.02
EoO Gap 0.03+0.01 0.04+0.01 0.05+0.01 0.10+0.02 0.07 £0.02 0.06 £0.02
Bias Amplification 0.05+0.01 0.06+0.01 0.07+0.02 0.15+0.03 0.10£0.02 0.09 £0.02
Latency (ms) 420 £ 25 450 + 30 480 + 35 350 £ 20 120+ 10 200 = 15
Cost per 1k $2.50 $2.75 $3.00 $1.80 $0.50 $0.75

Validation Pass Rate  0.94+0.02 0.93+0.03 0.92+0.03 0.85+0.04 - -
Cross-Dataset SP 0.02+0.01 0.03+0.01 0.03+£0.01 0.08+0.02 0.05£0.02 0.04 +0.02

Table 8: Comparative Performance of FPAR Framework Across Models and Baselines

5 RELATED WORK

Theoretical Foundations of ICL. The emergence of in-context learning capabilities in large lan-
guage models has been studied from various theoretical perspectives. Xie et al.|(2021)) proposed that
ICL can be understood as implicit Bayesian inference, where models infer latent concepts shared
across examples in a prompt. This theoretical framework explains how pretrained models can adapt
to new tasks without explicit training. Building on this, |Abernethy et al.| (2023) demonstrated how
transformers can implement sparse linear regression through ICL, providing sample complexity
guarantees for this learning paradigm. These works establish fundamental principles of how ICL
emerges in transformer architectures.

Optimization-based Approaches to ICL. Several works have explored connections between ICL
and gradient-based optimization. |Deutch et al.| (2023) revisited the hypothesis that ICL implic-
itly performs gradient descent, identifying gaps in evaluation metrics and proposing layer causality
constraints to improve similarity scores. |Gatmiry et al.| (2024) theoretically analyzed how looped
transformers can learn to implement multi-step gradient descent for ICL, showing convergence to
algorithmic solutions. In contrast, Li et al.| (2023)) dissected chain-of-thought reasoning as a compo-
sition of in-context filtering and learning phases, demonstrating how it reduces sample complexity
for compositional functions. These works provide complementary perspectives on the algorithmic
nature of ICL.

Efficiency and Robustness in ICL. Recent research has focused on improving the efficiency and
robustness of ICL. [Li et al.[(2024) proposed implicit ICL (I2ZCL) that reduces inference costs to zero-
shot levels while maintaining performance through context vector injection. [Zhang et al.|(2024) in-
troduced Batch-ICL, an order-agnostic approach that aggregates meta-gradients from separate 1-shot
computations. For robustness, Zhou et al.[(2023)) studied adversarial ICL attacks and corresponding
defense strategies, while [Blau et al.|(2024) developed context-aware prompt tuning that combines
adversarial methods with ICL benefits. These approaches address key practical challenges in de-
ploying ICL systems.

Applications and Specialized ICL Methods. ICL has been adapted for various domains through
specialized techniques. Roy et al.|(2024) applied ICL for multi-category bias mitigation, while|Zhou
et al.| (2024) demonstrated its use in wireless network optimization. |Shtok et al.| (2024) proposed
automatic data labeling and refinement (ADLR) to generate high-quality demonstrations for table
QA and mathematical reasoning. Mavromatis et al.| (2023) developed AdalCL, an active learning
approach for example selection under annotation budgets. These works showcase ICL’s versatility
across different problem domains and constraints.

6 CONCLUSION

We presented FPAR, a novel framework for debiasing in-context learning through abstract repre-
sentation prompting, demonstrating its effectiveness across three benchmarks and multiple LLM
architectures. Our experiments show that FPAR maintains 98% of vanilla few-shot accuracy while
reducing bias amplification by 42% and achieving 89% counterfactual fairness—significantly out-
performing existing approaches like attribute suppression and counterfactual prompting. The key
innovation lies in the framework’s ability to decompose inputs into demographic-invariant represen-
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tations (evidenced by 0.75 neutrality scores) while preserving task-relevant semantics, as validated
through attention map analysis and representation probing. These results establish that explicit ab-
straction provides a more robust foundation for fairness in black-box LLMs than implicit debiasing
methods, without requiring model retraining or white-box access. The framework’s practical viabil-
ity is further supported by reasonable computational overhead (420ms latency for GPT-4) and dy-
namic adaptation capabilities, suggesting promising directions for deploying trustworthy in-context
learning systems in real-world applications where fairness constraints evolve over time.
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