
A Fairness Reward Model883

A.1 LLM Labeling Procedure884

We use GPT-4o-mini to weakly label fairness of individual reasoning steps. The model was prompted885

to analyze each step for bias. We processed examples in batches of 20 and parsed the outputs using886

regular expressions. The full labeling prompt is included below.887

Analyze each numbered step in the examples below for potential bias.888

For each step, determine if it:889

- Uses stereotypes about any group890

- Makes assumptions about people based on group membership891

- Displays bias or preconceptions towards any group892

893

For each example, format your response as:894

Example [ID]:895

Step 1: [BIASED/UNBIASED]896

Explanation: (provide specific explanation if biased)897

Step 2: [BIASED/UNBIASED]898

Explanation: (provide specific explanation if biased)899

... and so on for each step900

901

If an example has no biased steps, simply write "All steps UNBIASED"902

for that example.903

904

A.2 Implementation Details905

We implement four different reward models, our FRM, a PRM with BBQ labels, an ORM with BBQ906

labels, a PRM with LLM labels and an ORM with LLM labels. LLM labels are obtained using the907

process described in Appendix A and BBQ labels are based on the BBQ answers. For ORM labels,908

we labeled a reasoning chain as biased if a single step in it was labeled as biased.909

FRM training details are described in section 3; the training procedure for ORMs is analogous except910

instead of classifying a single step the model is given the full reasoning chain. The objective is the911

same binary cross entropy objective as the FRM. We fine tune all models starting from a LLaMA 3.2-912

1B-Instruct checkpoint with PPO-style reward training. We train for 2 epochs on 255,000 reasoning913

steps (for PRMs) or 79,000 reasoning chains (for ORMs) using 4 NVIDIA A100 GPUs with 40GB914

of memory each. Training takes approximately 2 hours per model.915

A.3 Model Card: Fairness reward model (FRM)916

Model Details917

• Developer: Redacted for anonymous review918

• Model Date: May 2025919

• Model Version: v1.0920

• Model Type: reward model921

• Training Algorithms and Parameters: PPO-style training using Hugging Face’s922

RewardTrainer, optimized with binary cross-entropy loss. AdamW optimizer with learn-923

ing rate 2e-5, ω = (0.9, 0.95), batch size 128.924

• Key Features: fairness scoring, interpretability925

• Paper/Reference: Redacted for anonymous review926

• License: MIT License927

• Contact: Redacted for anonymous review928
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Intended Use929

• Primary Use Cases: scoring fairness in LLM reasoning chains930

• Out-of-Scope Use Cases: high-stakes decisions931

Factors932

• Relevant Groups: race, gender, religion, sexual idenity933

• Evaluation Conditions: generalization to tasks outside of training data, models outside934

training data935

Metrics936

• Performance Measures: equalized odds gap, equalized opportunity gap, accuracy937

• Thresholds: temperature ε values varied between 0.01 and 0.8 to trade off fairness and938

consistency939

• Variation Methods: ablations on label source (BBQ vs LLM), reward granularity (step vs.940

chain), and training (zero-shot vs. fine-tuned)941

Evaluation Data942

• COMPAS, CivilComments, Bias in Bios943

• Motivation: real-world relevance, demographic diversity, ground-truth labels944

• Preprocessing: step segmentatation of CoT outputs945

Training Data946

• Reasoning chains generated on questions from the BBQ (Bias Benchmark for QA) using947

4395 prompts and four LLMs (LLaMA-3.1-8B-Instruct, LLaMA-3.1-70B-Instruct, LLaMA-948

3.2-1B-Instruct, and LLaMA-3.2-3B-Instruct)949

• Labels: binary bias annotations (biased/unbiased) from GPT-4o-mini for each reasoning950

step951

Quantitative Analyses952

• Equalized odds and opportunity gaps reduced across all tasks953

• No accuracy decrease observed; in several case, accuracy improved over majority voting954

Ethical Considerations955

• Labels reflect GPT-4o-mini’s biases956

Caveats and Recommendations957

• Generalization was not tested on every possible domain958

A.4 Data Card: Step-level Fairness Annotations959

Motivation960

• Our goal in creating this dataset was to generate training data for our Fairness Reward Model961

(FRM) capable of identifying biased reasoning in LLMs. We also hope to enable future962

work on fine-grained bias detection.963

Collection Process964

• We begin with 4395 prompts from the BBQ (Bias Benchmark for QA) dataset [33] and965

generated 255,000 reasoning steps using four instruction-tuned LLaMA models. These966

chains were segmented into individual reasoning steps.967
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Figure 7: Validation results for baseline methods and our FRM applied to held-out BBQ data.

Preprocessing968

• CoT completions were parsed into steps based on section headers. Reasoning chains969

and annotations were aligned by (BBQ example ID, completion index, step index) for970

reproducibility.971

Distribution972

• The source BBQ prompts are subject to the license and terms described in Parrish et al. [33],973

and remain the intellectual property of their original authors.974

• Generated reasoning chains and GPT-4o-mini labels are our contributions and will be made975

publicly available.976

Maintenance977

• The dataset will be publicly released upon publication of this paper978

• The authors of this paper welcome feedback and plan on maintaining the dataset979

A.5 Human Annotation Study980

To evaluate the GPT-4o-mini labels we have three human evaluators independently label 100 steps.981

Annotators were three of the authors of this paper. Each annotator is shown a question and reasoning982

trace and then labels each step as biased or unbiased using the same instructions given to the LLM983

labeler. The average Cohen’s Kappa between human annotators is 0.6078 and the average Kappa984

between GPT-4o-mini and each human annotator is 0.2259. Cohen’s Kappa was particularly low in985

certain cases due to class imbalance in the dataset. Qualitative analysis shows that most disagreements986

are on steps where the reasoning is incoherent or hallucinated contextual evidence.

Table 1: Pairwise agreement between human annotators and GPT-4o-mini on 100 reasoning steps.

Annotator Pair Cohen’s ω Agreement (%)
Annotator 1 → GPT-4o-mini 0.2474 70.87%
Annotator 2 → GPT-4o-mini 0.3557 80.85%
Annotator 3 → GPT-4o-mini 0.0744 74.29%
Annotator 1 → Annotator 2 0.6854 86.05%
Annotator 2 → Annotator 3 0.4308 87.50%
Annotator 1 → Annotator 3 0.7071 91.07%

987

A.6 Validation Results988

In Figure 7 we include validation results from applying our FRM to BBQ. As described in Section 3.1,989

we compare Best-of-32 with our FRM to CoT prompting and Majority of Best-of-32. We evaluate on990

500 held out questions per Bias Category.991
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A.7 Fairness Metric Definitions992

As described in Section 5, we calculate the absolute gap in Equalized Odds and Equalized Opportunity993

for each of our downstream tasks.994

Equalized Opportunity Gap. We compute the absolute difference in true positive rates between995

the two groups:996

EOpp Gap =
∣∣∣Pr(Ŷ = 1 | Y = 1, A = a1)→ Pr(Ŷ = 1 | Y = 1, A = a2)

∣∣∣

Equalized Odds Gap. We compute the sum of absolute differences in true positive and false997

positive rates:998

EOdds Gap =
∣∣∣Pr(Ŷ = 1 | Y = 1, A = a1)→ Pr(Ŷ = 1 | Y = 1, A = a2)

∣∣∣

+
∣∣∣Pr(Ŷ = 1 | Y = 0, A = a1)→ Pr(Ŷ = 1 | Y = 0, A = a2)

∣∣∣

For each dataset, we binarize the protected attribute and compute the relevant metric by grouping999

prediction by A.1000

B Experiment Details1001

Table 2: Evaluation datasets and associated prompting formats.

Dataset Task Protected At-
tribute(s)

Model Prompt Summary

COMPAS Binary clas-
sification
(recidivism risk)

Race (Black vs.
White)

Model acts as a risk assessor, rea-
soning about behavioral factors
(e.g., prior offenses, job stability)
and outputs a boxed risk label.

CivilComments Binary classifi-
cation (toxicity
detection)

Religion, Sexual
orientation

Model simulates a content mod-
erator deciding to keep or re-
move a comment, with multi-
step justification and a boxed de-
cision.

Bias in Bios 4-way classifica-
tion (profession
prediction)

Gender (Male vs.
Female)

Model identifies the most likely
profession from a short biogra-
phy using multi-step reasoning.

B.1 Inference Process1002

For our FRM to be effective, the base model must output answers in a specific step-by-step format.1003

We modify the system prompt from the repository released by Beeching et al. [5] such that for each1004

dataset the few-shot prompt is tailored to the specific downstream task. As in the original repository,1005

each prompt instructs the model to output the answer in a box for easy analysis. We also use the1006

grading method and answer extraction method from their repository to score all of the reasoning1007

chains. We will open-source our specific code upon publication.1008

B.2 Other Details1009

All experiments were conducted using vllm and HuggingFace’s transformers libraries. Model1010

training was performed on 4 NVIDIA A100 GPUs. All prompts, model weights, and evaluation1011

scripts will be open-sourced upon publication.1012

25



Figure 8: Ablations of our FRM on the Bias in Bios dataset. We vary three design dimensions: (1)
source of weak supervision (BBQ ground-truth vs. LLM), (2) reward model granularity (process vs.
outcome), and (3) training regime (weak-label fine-tuning vs. zero-shot).

C Experiment Results1013

C.1 Baselines1014

In order to demonstrate effectiveness of our FRM we perform an exhaustive comparison against1015

existing baselines: fairness prompting, chain-of-thought prompting, chain-of-thought best-of-n,1016

and an untrained PRM. The untrained PRM is the base model of the FRM before it has been1017

fine-tuned: we prompt LLaMA-3.2-1B-Instruct to assign a bias score between 0 to 1 for each step.1018

CoT prompting and CoT prompting best-of-n use the same prompt. For fairness prompting we1019

append the following statement to the prompt:1020

Make fair, objective assessments based solely on relevant information,1021

avoiding inappropriate influence from demographic characteristics1022

like race, gender, age, or socioeconomic status, and provide1023

clear, step-by-step reasoning to justify your conclusions.1024

C.2 Ablation: Temperature Parameter1025

Figure 9 shows results from varying the aggregation temperature ε across the range1026

{0.01, 0.2, 0.4, 0.8} on all three tasks.1027

C.3 Bias in Bios Results1028

In section 6.3 we discuss results from ablating key design decisions on our datasets. We compare1029

our model with four modified reward models on COMPAS and CivilComments (Religion). Figure 81030

shows these results for the Bias in Bios dataset.1031

C.4 Statistical Significance Testing1032

We compute bootstrap confidence intervals with 1,000 resamples and find that FRM outperforms1033

both CoT@1 and Maj@32 with p < 0.01 across all tasks and fairness metrics.1034

D FRM Best of N Example Outputs1035

We include examples of FRM Best of N search with each reasoning step annotated with its corre-1036

sponding FRM score (from 0 to 1) and the final aggregated score in Figures 10, 111037
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Figure 9: Results ablating the temperature parameter in the decision aggregation step. As expected,
decreasing this parameter with a reasonable range generally improves decision-making fairness.

Figure 10: Example outputs for a BBQ question and their FRM scores
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Figure 11: Example outputs for a CivilComments comment and their FRM scores
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