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Abstract

Verifier-guided best-of-N decoding has two
stages: a generator samples candidate chains
of thought, and a verifier selects among them.
A subgroup disparity may already be present
in the generator’s candidates or be amplified
during selection. We separate the two stages
using adversarial demographic counterfactuals
of medical exam questions. On HuatuoGPT-
o1-8B, a substantial race accuracy gap is al-
ready present in a single sampled response,
before verifier selection. Across seven gen-
erators, only Gemma-3-27B-it under Skywork-
RM shows significant verifier-induced amplifi-
cation after multiple-testing correction. Even
an oracle selector leaves a residual gap on ev-
ery medical generator analyzed, showing that
correct answers are less often available for one
subgroup. Counterfactually paired low-rank
adaptation (LoRA) of the generator reduces
the single-sample gap on two medical mod-
els, although on HuatuoGPT-o1-8B the reduc-
tion does not persist after self-judge selection.
Single-variant controls indicate that the single-
sample reduction is not explained by additional
training steps alone. A short fairness instruc-
tion modestly reduces the single-sample gap,
and a direct preference optimization (DPO)
variant of the paired training also reduces it
and, on HuatuoGPT-o1-8B, keeps race mention
near its baseline rate. For the medical genera-
tors studied, candidate generation rather than
inference-time selection is the primary locus
for mitigating this gap.

1 Introduction

As medical large language models (LLMs) are eval-
uated beyond board-exam benchmarks for uses in-
cluding triage, diagnostic assistance, and patient-
facing applications, their behavior across patient
subgroups becomes important: variants of the same
clinical case can elicit different answers when de-
mographic information changes. Recent work has

documented such biases across race, sex, and so-
cioeconomic status (Pfohl et al., 2024; Xiao et al.,
2025; Zhang et al., 2024; Rawat et al., 2024; Ghosh
et al., 2025).

Many reasoning systems use verifier-guided best-
of-N (BoN) decoding (Cobbe et al., 2021; Light-
man et al., 2024): a generator samples N candidate
reasoning trajectories, a verifier scores them, and
the highest-scoring candidate is returned. A sub-
group gap in such a system can arise at either stage.
The generator may make correct answers avail-
able at different rates across subgroups, or the
verifier may select differently among the candi-
dates that are available. The distinction matters
for mitigation: if selection enlarges the gap, chang-
ing the verifier may address it; if correct answers
are missing from one subgroup’s candidate pool,
changing the verifier alone cannot recover them.

Prior work makes verifier-induced amplification
plausible: reward models and process verifiers can
fail to track reasoning correctness (Tiwari et al.,
2026), and chain-of-thought (CoT) reasoning has
been reported to amplify bias (Shaikh et al., 2023),
a finding that motivated fairness reward models
(Hall et al., 2025). These observations suggest
an amplification hypothesis: a verifier may rank
candidates differently across demographic variants
and enlarge a gap already present at generation.

We test this hypothesis by separating candidate
availability from candidate selection. We mea-
sure the subgroup gap in a single sampled re-
sponse (N=1), before verifier selection; track how
it changes as learned verifiers select from larger
pools; and compare learned selection with an oracle
selector that returns a correct candidate whenever
one is available. We apply this decomposition to
AMQA demographic counterfactuals across three
demographic axes, seven generators, and verifiers
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Figure 1: The subgroup gap is present before verifier selection. HuatuoGPT-o1-8B on AMQA-race; gap = white
minus black accuracy, in percentage points (pp). (A) Pipeline and the gap at N=1 in the primary run. (B) Gap
versus N under the three verifiers, none of which increases it significantly; the oracle residual at N=16 is annotated.
(C) Five-seed mean (± s.d.) N=1 gap after a 401-pair counterfactually paired low-rank adaptation (LoRA) and
after step-matched majority-only and minority-only training; the baseline mean (16.6pp) differs from the primary
run in (A), and on this generator the LoRA reduction does not persist under self-judge selection at N=16.

with different ranking behavior.1 The results sup-
port three conclusions (Figure 1).

• Adversarial demographic counterfactuals
reveal substantial generator-level subgroup
gaps. On AMQA, HuatuoGPT-o1-8B shows
a race gap in a single sampled response, with
further gaps along sex and income. Simpler
substitutions on MedQA-USMLE and Diver-
sityMedQA, and LLM-edited counterfactuals
on MedMCQA, do not recover a comparable
directional gap, so the measured disparity de-
pends on how the probe is constructed.

• Verifier-guided BoN rarely amplifies the
gap. On HuatuoGPT-o1-8B, no axis-verifier
combination shows significant amplification
after Holm-Bonferroni correction, and an ora-
cle selector leaves a substantial residual gap
because correct candidates are less often avail-
able for one subgroup. The other generators
follow this pattern except Gemma-3-27B-it,
where Skywork-RM adds disparity (§4.4).

• Counterfactually paired training at the gen-
erator reduces the gap. A LoRA fine-tune on
AMQA race pairs reduces the single-sample

1Code and reproduction scripts: https://github.com/
micknn/bias-is-in-the-generator

gap across seeds on HuatuoGPT-o1-8B and
Med42-8B, although on HuatuoGPT-o1-8B
the reduction does not persist after self-judge
selection at N=16; single-variant controls
matched in gradient steps move the gap in
opposite directions. Because this LoRA re-
places the CoT with a short template, we eval-
uate a direct preference optimization (DPO)
variant, which also reduces the gap and, on
HuatuoGPT-o1-8B, largely preserves the base-
line rate of race mention.

Taken together, these results identify the gen-
erator’s candidate distribution as the primary
intervention locus for the medical generators and
the inference-time BoN selection studied here; they
do not show that verifiers cannot introduce dispari-
ties.

2 Related Work

Reward-model and verifier reliability. Recent
work has questioned whether reward models re-
liably distinguish correct reasoning from superfi-
cially plausible trajectories. Tiwari et al. (2026) in-
troduce a three-tier diagnostic framework for eval-
uating process reward models under static pertur-
bations and reward-hacking settings, and show that
high-scoring reasoning need not be logically cor-
rect, including under policies optimized directly
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against the reward model. We adapt their static-
perturbation methodology to the medical setting,
adding a key-step-drop perturbation and a logic-
preserving deletion that controls for text-length
sensitivity.

Fairness reward models. On recidivism,
content-moderation, and job-screening tasks,
Hall et al. (2025) train a Fairness Reward Model
(FRM) on weakly supervised labels of biased and
unbiased reasoning and use it to down-weight
biased trajectories when aggregating decisions
across sampled reasoning chains. They treat the
selector as an intervention point for reducing
subgroup disparities; we test whether that locus
carries over to medical reasoning by measuring
disparities both in the candidate pool and after
selection.

Medical-LLM subgroup benchmarks. Equi-
tyMedQA (Pfohl et al., 2024), AMQA (Xiao
et al., 2025), CLIMB (Zhang et al., 2024), Di-
versityMedQA (Rawat et al., 2024), counterfac-
tual patient variations (Benkirane et al., 2025), and
MEDEQUALQA (Ghosh et al., 2025) differ in how
demographic variation is introduced and in the out-
come they measure. We use AMQA’s adversar-
ial counterfactual pairs as the primary probe and
contrast them with direct substitutions on MedQA-
USMLE (Jin et al., 2021) and DiversityMedQA,
and with LLM-edited counterfactuals on the inde-
pendent MedMCQA corpus (Pal et al., 2022).

Verifier-guided decoding in medical reasoning.
HuatuoGPT-o1 (Chen et al., 2025) uses a GPT-4o-
based verifier (distinct from the HuatuoGPT-RM
used here) that checks the correctness of model
outputs, first to guide the search for reasoning tra-
jectories used in fine-tuning and then to provide
rewards during reinforcement learning. We instead
study inference-time selection over a fixed genera-
tor’s samples.

3 Experimental Setup

3.1 Datasets

Our analysis requires paired demographic variants
that share one gold answer, because both subgroup
accuracy gaps and oracle candidate availability are
defined relative to that answer. EquityMedQA
(Pfohl et al., 2024) uses open-ended, rubric-based
evaluation, CLIMB (Zhang et al., 2024) measures
intrinsic association bias and performance shifts

in multi-label diagnosis prediction, and MEDE-
QUALQA (Ghosh et al., 2025) varies only patient
pronouns, so none of the three provides race-paired
variants that share one gold answer. Counterfac-
tual patient variations (Benkirane et al., 2025) do
provide such pairs, built by rule-based substitu-
tion of demographic descriptors in JAMA Clinical
Challenge cases; our MedQA-USMLE and Diversi-
tyMedQA pairs follow the same direct-substitution
construction.

AMQA (Xiao et al., 2025) contains 801
USMLE-derived vignettes from MedQA and pro-
vides, for each vignette, LLM-written variants
along three axes: race (white vs. black), sex (male
vs. female), and income (high vs. low). Each vari-
ant adds demographic context to the same case and
keeps its options and gold answer. The context
is adversarial by design: it was written to favor
the correct answer for the first group of each pair
and to steer the second toward an incorrect answer.
Variants that failed to do so were regenerated up
to twice with feedback from an evaluation model.
We use the release that human reviewers checked
and revised (AMQA_Dataset.jsonl in the authors’
repository). Every axis is evaluated on vignettes 1
to 400; the remaining 401 race pairs are reserved
for generator-side training (§4.3), so training and
evaluation cases are disjoint.

MedQA-USMLE (Jin et al., 2021) shares
AMQA’s source corpus. Of the first 400 training-
split questions containing exactly one race or color
term, we keep the 208 in which the term describes
the patient (the rest are uses such as “white blood
cells”) and form each pair by setting that descriptor
to “white” or “African American”, which leaves
the gold answer unchanged.

Two further datasets test whether a gap depends
on counterfactual construction or source corpus.
DiversityMedQA (Rawat et al., 2024) adds ethnic-
ity or gender changes to MedQA vignettes; we use
400 of its race pairs. MedMCQA (Pal et al., 2022)
is an Indian medical-entrance-exam corpus inde-
pendent of the USMLE source; from it we construct
LLM-edited race counterfactuals under a neutral
race swap and an asymmetric social framing (§4.4,
Appendix I).

3.2 Generator and verifiers
Our primary generator is HuatuoGPT-o1-8B
(Chen et al., 2025), built on Llama-3.1-8B-Instruct
(Llama Team, AI @ Meta, 2024) and trained for
medical CoT reasoning. A verifier assigns each

5029



sampled trajectory a scalar score, and BoN returns
the highest-scoring candidate among the first N
samples (ties go to the earlier sample). We use
three inference-time verifiers, chosen a priori to
cover a medical reward model, self-evaluation, and
a general-purpose reward model:

• HuatuoGPT-RM (FreedomIntelligence/
HuatuoGPT-reward-model-7B): a publicly
released LLaMA-based (Touvron et al., 2023)
medical reward model (Zhang et al., 2023)
with a linear value head on the last token’s
hidden state.

• Self-judge: the generator used as its own
correctness judge (HuatuoGPT-o1-8B for the
primary generator; for LoRA-tuned genera-
tors, the untuned base model). Given a bi-
nary correctness prompt (Appendix B), the
score is r = log p(“True”) − log p(“False”),
using next-token log-probabilities (Kadavath
et al., 2022). Its input carries a duplicated
beginning-of-sequence (BOS) token, and re-
moving the duplicate changes its selections.
The Skywork-RM and FRM inputs carry the
same duplicate; rescoring Skywork-RM with
a single BOS leaves its results essentially un-
changed, and FRM was not rescored (Ap-
pendix C).

• Skywork-RM (Skywork/Skywork-Reward-
Llama-3.1-8B-v0.2) (Liu et al., 2024): a
general-purpose reward model with a Llama-
3.1 backbone.

§4.1 characterizes these three verifiers and, with
a perturbation diagnostic, three additional ones,
and §4.4 reports other generators.

3.3 Generation and selection

For each question and variant we independently
sample Nmax = 16 trajectories (temperature 0.7,
top-p 0.9, 512 new tokens). For each verifier and
N ∈ {1, 2, 4, 8, 16}, BoN selects among the first
N samples, so changes with N reflect selection
from an expanding prefix of one fixed candidate
pool rather than from resampled sets. We call the
run with sampling seed 0 the primary run of each
generator, dataset, and axis; the verifier analyses
(§4.1 and §4.2), the multi-generator comparison,
and the dataset probes (§4.4) use it. Unless stated
otherwise, intervention results are means over five
runs with seeds 1 to 5 (the training and sampling

seed), and their baselines are the means of five base-
line runs with the same seeds. A separately sam-
pled AMQA-race run with Nmax = 32 checks the
amplification result at larger N . A lenient regular-
expression parser, which also recognizes answer-
first outputs, extracts the final answer; relative to a
strict “answer is X” pattern, it extracts an answer
from an additional 10.9 percentage points (pp) of
MedQA-USMLE generations. Outputs without an
answer, mostly chains truncated at the token limit,
are scored as incorrect; Appendix A reports their
rates by subgroup and alternative scoring conven-
tions.

3.4 Metrics and statistics

Accuracy is the fraction of questions answered
correctly. The subgroup gap is acc(white) minus
acc(black), and analogously male minus female
and high minus low income; positive values mean
higher accuracy for the first group. For brevity we
call the first group of each pair the majority variant
and the second the minority variant; the terms de-
note the benchmark’s pairing, not population size.
The counterfactual flip rate is the fraction of pairs
whose predicted answers differ between variants,
among pairs in which both variants yield a parsed
answer. Interventions are summarized by closure,
C = 1− gapint/gapbase: 0 means no reduction, 1
means the gap is eliminated, and negative values
mean a wider gap. Closures use the baseline of
the same generator and axis, which for a single-run
intervention is the primary run. Closures and dif-
ferences are computed from unrounded values, so
they can differ slightly from those implied by the
rounded numbers shown. Unless stated otherwise,
confidence intervals (CIs) are 95% percentile in-
tervals from 1,000 paired bootstrap resamples over
clinical cases, resampling both variants of a case
together.

4 Results

4.1 Verifier choice strongly affects BoN
accuracy

We first characterize the three primary verifiers
on 6,656 MedQA-USMLE candidate trajectories.
HuatuoGPT-RM lowers accuracy from 0.541 at
N=1 to 0.317 at N=16, and its score is nega-
tively correlated with binary candidate correctness
(Pearson r = −0.216). The self-judge, run with
the duplicated-BOS input (Appendix C), is non-
monotonic, peaking at 0.625 at N=4, whereas
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Figure 2: Semantic perturbation diagnostic for six verifiers: mean score change on n=500 correct MedQA-USMLE
rationales, in units of each verifier’s baseline score standard deviation, with 95% CIs from 2,000 bootstrap resamples
of questions. Shading: gray, style; yellow, logic-corrupting; none, length-reducing control. “contradict”: appended
contradiction.

Skywork-RM improves accuracy by 21.2pp from
N=1 to N=16. At N=16 the three verifiers differ
by 43.5pp on identical candidate pools (Figure A1).

A semantic-perturbation diagnostic across six
verifiers (the three above plus ArmoRM (Wang
et al., 2024), ReasonEval (Xia et al., 2025), and
FRM (Hall et al., 2025)) reveals a specific failure
mode in HuatuoGPT-RM (Figure 2, Appendix E).
HuatuoGPT-RM is nearly insensitive to replacing a
correct final answer with an incorrect one: its score
changes by ∆ = −0.007, or −0.002σ, where σ is
its score standard deviation, whereas the other five
verifiers change by −0.026σ (FRM) to −0.443σ
(ReasonEval). HuatuoGPT-RM is also the only ver-
ifier whose mean score increases when an explicit
contradiction is appended (+0.221, +0.072σ); the
other five lower their scores under both perturba-
tions. Verifier choice therefore changes both accu-
racy and sensitivity to semantic errors; whether it
also changes subgroup gaps is tested next.

4.2 The subgroup gap is already present
before verifier selection

On the AMQA race, sex, and income counterfactu-
als and the MedQA-USMLE substitution control,
we measure subgroup gaps at N=1 and track how
they change as each verifier selects from larger
candidate pools.

All three AMQA axes show a gap; di-
rect substitution does not. On AMQA-race
at N=1 the paired gap is +0.210 [0.145, 0.268]
(acc(white) = 0.568, acc(black) = 0.358).
The sex and income gaps are both +0.148 (Ta-
ble 1), and the confidence intervals of all three
gaps exclude zero. Direct race-string substitu-

Table 1: AMQA subgroup accuracy and gap at N=1
(primary runs, 400 pairs per axis; 95% paired-bootstrap
CIs). The sex and income gaps coincide (a net 59 of
400 pairs on each axis), as do their CIs.

Axis acc(maj.) acc(min.) gap @ N=1 95% CI

race 0.568 (white) 0.358 (black) +0.210 [0.145, 0.268]
sex 0.568 (male) 0.420 (female) +0.148 [0.088, 0.205]
income 0.558 (high) 0.410 (low) +0.148 [0.088, 0.205]

tion on MedQA-USMLE instead yields +0.005
[−0.072,+0.082] (Figure A1), so whether a gap is
detectable depends strongly on how the counterfac-
tual is constructed.

BoN provides no evidence of systematic am-
plification. In the primary run, the race gap at
N=16 is +0.128 under HuatuoGPT-RM, +0.115
under the self-judge, and +0.218 under Skywork-
RM (Figure A2); these values arise under very
different accuracy trajectories, since HuatuoGPT-
RM sharply degrades accuracy while Skywork-
RM improves it for both groups. Across the nine
axis-verifier combinations, no N=1 → 16 gap in-
crease is significant after Holm-Bonferroni correc-
tion (Holm, 1979) (Tables 2 and A3; smallest raw
p = 0.353). A pre-specified one-sided test against
a +5pp margin, the upper half of the two one-sided
tests procedure (Schuirmann, 1987), additionally
rules out amplification beyond this margin in three
combinations after Holm correction (four uncor-
rected). The other six are inconclusive with respect
to that margin (Appendix D). The separately sam-
pled Nmax=32 run shows no significant increase
from N=1 to 16 or 32 either (Table A4). Under
Skywork-RM, the N=16 gap varies across clinical
categories (Appendix F).
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Table 2: Change in the AMQA gap from N=1 to N=16
per axis and verifier, with 90% CIs from 2,000 paired
bootstrap resamples. neg. slope: CI below zero; null:
CI includes zero. Holm-corrected tests: Table A3.

Axis Verifier ∆gap 90% CI Outcome

race Self-judge −0.095 [−0.163,−0.025] neg. slope
race HuatuoGPT-RM −0.083 [−0.148,−0.015] neg. slope
race Skywork-RM +0.008 [−0.048,+0.065] null
sex Self-judge −0.028 [−0.093,+0.040] null
sex HuatuoGPT-RM −0.083 [−0.148,−0.018] neg. slope
sex Skywork-RM +0.008 [−0.053,+0.068] null
income Self-judge −0.013 [−0.075,+0.053] null
income HuatuoGPT-RM −0.005 [−0.073,+0.060] null
income Skywork-RM +0.015 [−0.038,+0.070] null

An oracle selector still leaves a residual gap. At
N=16, the oracle selector, which returns a correct
candidate whenever one exists, leaves a +0.110
race gap (95% CI [+0.080,+0.148]; Figure 3),
0.5pp below self-judge BoN (+0.115). The re-
maining disparity therefore cannot be attributed
to verifier ranking alone: correct candidates are
present less often in the black-subgroup candidate
pools.

Gap size alone does not measure prediction qual-
ity. Self-consistency (Wang et al., 2023), a ma-
jority vote rather than a verifier, raises accuracy
for both subgroups relative to self-judge BoN (Ap-
pendix I; self-judge accuracies in Table A2) but
gives a larger N=16 gap, +0.208 against +0.115
(Figure 3). Conversely, FRM used as the selector
gives a gap of +0.108, close to the self-judge’s,
at much lower accuracy: 0.318 (white) and 0.210
(black). Gap size should therefore be read together
with accuracy.

4.3 Counterfactually paired training reduces
the gap

Because much of the race gap is already present
in the candidate pool (§4.2), we test generator-side
interventions on AMQA-race, the axis with the
largest baseline gap.

A fairness instruction modestly reduces the
single-sample gap. Replacing the default instruc-
tion with a fairness instruction to answer from
clinical content alone (Appendix B) reduces the
mean N=1 gap from +0.166 to +0.143 ± 0.029
(14.2% closure; 17.8% when the N=1 gap is es-
timated from all 16 sampled candidates instead
of the first, Table A7). The fairness-strict instruc-
tion, which asks the model to reason as though
the case were presented for any patient, gives
+0.133 ± 0.022 (19.9%; accuracies in Table 3).

Table 3: AMQA-race at N=1 for the baseline, the
two fairness instructions, and the paired LoRA. acc(w),
acc(b): white, black accuracy; flip: counterfactual flip
rate over pairs in which both variants parse.

Condition acc(w) acc(b) gap flip

Baseline 0.569 0.403 +0.166 0.301
Fairness 0.579 0.437 +0.143 0.275
Fairness-strict 0.523 0.390 +0.133 0.256
Paired LoRA 0.659 0.570 +0.089 0.410

Under self-judge selection at N=16, the fairness
instruction’s gap (+0.117) is close to the baseline’s
(+0.121), whereas the fairness-strict instruction’s
gap is +0.085.

Paired LoRA produces a reproducible N=1 re-
duction. We fine-tune HuatuoGPT-o1-8B with
LoRA (Hu et al., 2022) on the 401 reserved AMQA-
race training pairs, giving both variants of each
pair the same fixed target, “Let me consider the
medical evidence carefully. The answer is {gold}.”
(training details in Appendix B). The mean N=1
gap falls from +0.166 to +0.089, a 46.4% closure
(36.8% for the 16-sample estimate; Table A7). At
N=16 under the self-judge the reduction does not
persist (+0.124 against the baseline’s +0.121; Ta-
ble A5). White accuracy rises by 9.0pp and black
accuracy by 16.7pp (Table 3), but the flip rate does
not fall: over the pairs in which both answers parse,
it is 0.301 at baseline and 0.410 with the LoRA. Un-
der Skywork-RM at N=16 the LoRA model has a
smaller gap than the baseline in every seed (+0.074
against +0.166 on average) at 13.2pp lower mean
accuracy (Table A6).

Matched controls support pairing rather than
training volume. Two single-variant controls
train on the 401 majority-only or minority-only
examples for twice as many epochs, matching the
paired condition in total gradient steps. Majority-
only training widens the gap to +0.300 ± 0.007
and minority-only training shifts it past zero to
−0.042 ± 0.023, whereas paired training gives
+0.089 ± 0.015 (Figure 4, Table A11). Because
the two equally sized controls move the gap in op-
posite directions, the paired result is not explained
by additional training steps alone.

On HuatuoGPT-o1-8B, DPO retains part of the
reduction and preserves race mention. The
paired LoRA above (the default recipe) replaces
the CoT with its 11-word template and mentions
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o1-8B primary runs (400 pairs each): AMQA-race baseline, fairness instruction, and reference LoRA (seed 0);
AMQA-sex and AMQA-income baselines.
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Figure 4: Single-variant LoRA ablation on AMQA-race (HuatuoGPT-o1-8B; matched gradient steps). (A) Per-seed
N=1 gap; dashed line: baseline mean. (B) Mean closure against that baseline; above 100% the gap changes sign.

Table 4: Training recipes on HuatuoGPT-o1-8B,
AMQA-race, N=1 (mean ± s.d. over seeds; the base-
line seeds range from +0.128 to +0.228).

Recipe Gap @ N=1 Closure Race-mention

Baseline (no LoRA) +0.166± 0.042 n/a 41.3%
Default LoRA +0.089± 0.015 46.4% 0.0%
R1: self-CoT +0.186± 0.018 −11.7% 35.4%
R2: KL β=0.05 +0.062± 0.017 62.7% 0.0%
R3: DPO β=0.1 +0.114± 0.042 31.3% 39.1%

race in 0/800 generations, against 41.3% for the
baseline (Appendix J). Gap reduction is not ex-
plained by suppressing race mention: a target
that names the patient’s race gives 59.3% closure,
and the resulting model mentions race in nearly
every generation, whereas a longer generic tem-
plate gives 30.4% (Appendix K). The N=1 reduc-
tion is not larger on cases that a keyword tagger
marks as demographically relevant (p = 0.706; Ap-

pendix F, stratum differential). Because the fixed
target changes the output style, and because demo-
graphic or ancestry-associated information can be
clinically relevant (Ethical Considerations), we test
three recipes designed to preserve more of the base-
line output (Table 4, Appendix L). Self-CoT targets
(R1) partly restore race mention but do not reduce
the gap; Kullback-Leibler (KL)-regularized super-
vised fine-tuning (SFT; R2) keeps the reduction but
not race mention; DPO (R3) gives +0.114± 0.042
(31.3% closure) with a 39.1% race-mention rate.
R3 is thus the only one of the three recipes that
both narrows the gap and keeps race mention near
the baseline rate; its closure is smaller than the de-
fault LoRA’s on HuatuoGPT-o1-8B and larger on
Med42-8B (§4.4).
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4.4 Generalization across generators and
evaluation settings

Across generators. We evaluate ten generators
and analyze the seven in which at least one sub-
group’s N=1 accuracy exceeds the 25% chance
level under our 512-token decoding setting (Ta-
ble 5), because a gap between two at-chance accu-
racies mostly reflects answer emission and trunca-
tion rather than task performance. The other three,
all medical models (BioMistral-7B (Labrak et al.,
2024), MedGemma-27B-it (Sellergren et al., 2025),
and Meditron-7B (Chen et al., 2023)), fall below
this threshold (Table A14); for the two of them
scored under all three verifiers (BioMistral-7B and
MedGemma-27B-it), no significant amplification
is detected (Appendix I). Within the Med42 family
(Christophe et al., 2024), the 70B model is more
accurate than the 8B model while their N=1 gaps
are similar (+0.218 vs. +0.238, seed 0). Six of
the seven generators show no significant verifier-
induced amplification after Holm correction, and
oracle gaps remain positive for all seven (0.110 to
0.128 on the four medical generators).

One exception bounds the claim. On Gemma-3-
27B-it (Gemma Team, 2025), Skywork-RM raises
the gap from +0.108 at N=1 to +0.235 at N=16
(change +0.128, Holm-adjusted p = 0.001). The
correct answer is among the 16 candidates for
84.3% of white and 78.0% of black variants, but
when it is present Skywork-RM selects it for 68.5%
and 43.9% of these white and black variants, so
here selection adds disparity on top of the can-
didate pool. Under the self-judge, Med42-70B,
Gemma-3-27B-it, and Med42-8B show smaller in-
creases (+0.058, +0.068, +0.063; raw one-sided
p = 0.019, 0.041, 0.048) that do not survive Holm
correction (Appendix I).

Paired training also reduces the gap on Med42-
8B. When we repeat the interventions on Med42-
8B with the same training pairs and hyperparame-
ters, paired LoRA reduces the gap from +0.247 to
+0.104 ± 0.011 (58.1% closure) and DPO gives
75.3% closure (Table 6, Appendix H). On this
generator DPO changes the output format (Ap-
pendix A): 83.7% of its generations lead with the
answer letter, the reasoning is shorter, and race
mention falls from 15.4% to 7.2%. The fairness
instructions give smaller reductions (12.8% and
11.3%; Table 7), and the single-variant controls
again move the gap in opposite directions.

Table 5: AMQA-race gap at N=1 (sampling seed 0
for every generator), oracle gap at N=16, and Amp.:
whether any verifier significantly increases the gap from
N=1 to 16 (one-sided bootstrap test, Holm-corrected
within generator). med: medical; gen: general-purpose.
OpenBioLLM-70B: 200 pairs, no self-judge. Accura-
cies: Table A14.

Generator Type Gap Oracle Amp.

HuatuoGPT-o1-8B med +0.210 +0.110 no
Med42-8B med +0.238 +0.128 no
Med42-70B med +0.218 +0.113 no
OpenBioLLM-70B med +0.225 +0.115 no
Mistral-7B-Instruct-v0.3 gen +0.333 +0.203 no
Llama-3.1-8B-Instruct gen +0.175 +0.068 no
Gemma-3-27B-it gen +0.108 +0.063 yes

Table 6: AMQA-race gap and closure at N=1 on the
two generators.

HuatuoGPT-o1-8B Med42-8B
Intervention Gap Closure Gap Closure

Paired LoRA +0.089 46.4% +0.104 58.1%
DPO (R3) +0.114 31.3% +0.061 75.3%
Majority-only +0.300 −80.4% +0.345 −39.5%
Minority-only −0.042 125.0% −0.009 103.6%

Across axes, datasets, and answer formats. Al-
though trained only on race pairs, the LoRA also
reduces the AMQA sex and income gaps, by 41.6%
and 36.6% at N=1 (Table 7). At N=16 under
the self-judge the mean reductions are smaller
(19.0% and 28.3%), and the LoRA gap is below the
same seed’s baseline in only three and four of five
seeds; the race gap is not reduced at N=16 (§4.3).
On MedMCQA, neither LLM-edited construction
gives a detectable gap (−0.064 and +0.032, both
intervals including zero; Appendix I). On Diver-
sityMedQA (400 pairs) the baseline gap is near
zero (+0.010), so closure is not meaningful there.
In an exploratory race×sex analysis, the race gap
is 3.0pp larger among women than men when an
LLM rewrites AMQA’s adversarial race variants
to describe a man or a woman, but 6.6pp smaller
when the neutral noun in those variants is replaced
by “man” or “woman”; neither difference is dis-
tinguishable from zero, so we find no consistent
race×sex interaction (Figure A3). In free-text eval-
uation on n=200 AMQA-race pairs (single run,
reference LoRA seed 0), the gap persists when
correctness is graded by the untuned generator
(HuatuoGPT-o1-8B) and by an external Gemma-3-
27B-it judge (+0.220 and +0.275). Paired LoRA
lowers it to +0.165 and +0.115; the reduction
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Table 7: Transfer of the race-trained paired LoRA
(HuatuoGPT-o1-8B) to other axes and DiversityMedQA,
and of the fairness instructions to Med42-8B. Diversi-
tyMedQA: single run. N=16 rows use the self-judge
(the untuned base model for the LoRA).

Setting N Base gap Interv. gap Closure

AMQA-sex, LoRA 1 +0.149 +0.087 41.6%
AMQA-sex, LoRA 16 +0.087 +0.071 19.0%
AMQA-income, LoRA 1 +0.144 +0.091 36.6%
AMQA-income, LoRA 16 +0.126 +0.090 28.3%
DiversityMedQA, LoRA 1 +0.010 +0.008 n/a
Med42-8B, fairness 1 +0.247 +0.216 12.8%
Med42-8B, fairness-strict 1 +0.247 +0.219 11.3%

is distinguishable from zero only under the ex-
ternal judge and comes mainly from lower white-
subgroup accuracy (Table A16).

5 Discussion

Our results separate two components of subgroup
disparity in verifier-guided medical reasoning:
whether correct candidates are generated at com-
parable rates across subgroups, and whether the
selector ranks the available candidates compara-
bly. For the medical reasoning models studied
here, the evidence points to candidate availability.
The pattern is not universal: on Gemma-3-27B-it
under Skywork-RM, selection adds disparity to a
pool in which the correct minority answer is of-
ten available, and on three generators (including
Gemma-3-27B-it) the self-judge produces smaller
nominal increases that do not survive Holm cor-
rection. The practical implication is to measure
both stages, target mitigation at the stage where the
disparity is observed, and evaluate generator-side
mitigations after selection as well: on HuatuoGPT-
o1-8B, self-judge selection at N=16 removes the
paired LoRA’s N=1 reduction, whereas on Med42-
8B the reduction persists (Appendix H).

Two further lessons concern evaluation. First,
gap size is not by itself a measure of improve-
ment: FRM comes close to the self-judge’s gap
at much lower accuracy, so gaps should be read
together with subgroup accuracy. Second, mea-
sured gaps depend on the counterfactual construc-
tion. AMQA’s variants, which were written (and
regenerated with an evaluation model’s feedback)
to steer the minority variant toward a wrong an-
swer, reveal directional gaps that direct substitution
and our LLM-edited controls do not, so subgroup
evaluations should report how their counterfactuals
were built.

6 Conclusion

We show that subgroup disparities in verifier-
guided medical reasoning can already be present
before inference-time selection: on AMQA-race,
HuatuoGPT-o1-8B shows a substantial race gap in
a single sampled response, and positive oracle resid-
uals across the medical generators indicate that the
correct answer is missing more often from one sub-
group’s candidates. Verifier-guided BoN yields no
significant amplification on the untuned generators
studied except Gemma-3-27B-it under Skywork-
RM. Counterfactually paired generator-side train-
ing reduces the single-sample gap on HuatuoGPT-
o1-8B and Med42-8B, although on HuatuoGPT-o1-
8B the reduction does not persist after self-judge
selection at N=16; a DPO variant also reduces
the gap while keeping race mention near its base-
line rate on HuatuoGPT-o1-8B. Disparity audits
of verifier-guided systems should therefore report
subgroup gaps both before and after selection.

Limitations

No clinician reviewed the generated reasoning, so
our race-mention and demographic-relevance anal-
yses describe model behavior, not clinical valid-
ity. AMQA’s variants were written to elicit bi-
ased answers, so its gaps measure susceptibility
to adversarial framing rather than disparities under
neutral substitution. Each axis uses one 400-pair
evaluation set, the headline N=1 gap is one sam-
pled run (five-seed mean +0.166), and 32.1% to
38.7% of AMQA-race generations end without an
answer and count as incorrect, although the gap
persists under alternative scoring conventions and
on Med42-70B, which rarely leaves an answer un-
parsed (Appendix A). We tested three verifiers for
amplification, used a fourth (FRM) once as a selec-
tor, and compared two verifier-free selectors (self-
consistency and the oracle); an untested verifier
may behave differently. The self-judge’s selec-
tions depend on a duplicated BOS token in its input
(Appendix C). Gemma-3-27B-it under Skywork-
RM shows that selection can amplify the gap (Ap-
pendix I), and the oracle residual does not imply
that no selector could reduce the gap. Our claims
concern verifiers that rank samples at inference,
not reward models used in reinforcement learn-
ing (Razin et al., 2025). The default LoRA never
mentions race, a property of its training target (Ap-
pendix K), and on HuatuoGPT-o1-8B its reduction
at N=1 does not persist under self-judge selec-
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tion at N=16 (Table A5). The interventions cover
only two Llama-3-family medical fine-tunes. The
race×sex analysis uses counterfactuals we built
from AMQA vignettes, so its magnitudes are not
comparable to AMQA’s single-axis estimates.

Ethical Considerations

The reported gaps describe model behavior un-
der textual counterfactuals of examination-style
vignettes (no patient records or identifiable infor-
mation). All models and datasets are public re-
search releases used under their licenses or terms;
we do not redistribute the datasets, and our code is
open source. The gaps are not evidence that race is
a biological category; race is a social category that
correlates imperfectly with ancestry, environment,
and access to care. The interventions reduce a mea-
sured disparity but do not eliminate it (53.6% of the
baseline race gap remains at N=1 after the default
paired LoRA on HuatuoGPT-o1-8B, and the re-
duction disappears at N=16 under the self-judge);
they are candidate mitigations, not safeguards, and
clinical use would require task-specific validation,
clinician review, and continued subgroup monitor-
ing. Finally, demographic or ancestry-associated
information can legitimately affect diagnosis or
treatment, so suppressing it may remove useful sig-
nal as well as spurious dependence; this motivates
DPO as an alternative to the default LoRA, but
whether a trajectory uses such information appro-
priately requires clinical assessment.
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A Parser robustness

The parser applies the same ordered patterns to ev-
ery model and condition: a leading answer letter
(“D. . . . ”), then “answer is X” and related forms
(“most likely X”, “I’d go with X”, “option X”),
and finally the last standalone A/B/C/D in the fi-
nal 300 characters. A strict pattern matching only
answer is [ABCD] finds no answer in 41.0% of
MedQA-USMLE generations; the full parser recov-
ers 10.9 percentage points of these, leaving 30.0%
unparsed. An output is unparsed only when none
of these patterns matches, mostly because the chain
is truncated at the token limit.

Unparsed outputs are more frequent for minor-
ity variants; they do not create the gap. On
MedQA-USMLE, unparsed rates are nearly equal
across groups (29.9% and 30.1%). On AMQA-
race they are not. AMQA’s minority variants carry
adversarial context steering toward a wrong an-
swer and are longer (190.7 vs. 174.4 words on aver-
age), and 38.7% of their generations, versus 32.1%
for majority variants, end without an answer letter
(rates over all 16 samples). Because unparsed out-
puts are scored as incorrect, this asymmetry could
distort the gap, so we recompute it under four con-
ventions (Table A1). The gap stays positive and
similar in magnitude under all four, so the default
convention does not create it. Med42-70B, which
leaves only 2.1% of generations without an answer,
reproduces the gap at +0.218, so the gap does not
depend on high truncation rates.

Table A1: AMQA-race gap at N=1 under four conven-
tions for unparsed outputs (95% CI; the default row is
the primary run’s 1,000-resample interval from §4.2; the
other rows use 2,000 resamples).

Accounting convention Gap [95% CI]

Unparsed scored incorrect (default) +0.210 [+0.145,+0.268]
Parsed generations only, per subgroup +0.246 [+0.181,+0.315]
Pairs in which both variants parse (168) +0.179 [+0.102,+0.253]
Unparsed given 0.25 chance credit +0.191 [+0.141,+0.240]

Format-robust parsing for DPO models. The
Med42-8B DPO models (R3) often lead with the
answer letter (“D. . . . ”; 83.7% of generations)
rather than ending with “the answer is X”; the
HuatuoGPT-o1-8B DPO models do not. The
Med42-8B DPO generations are also shorter (998
against 1,398 characters at N=1), and their race
mention falls from 15.4% of baseline genera-
tions to 7.2%. The leading-letter pattern parses
these answer-first generations correctly, whereas a

trailing-only parser would score them well below
chance. Every baseline and intervention result uses
the same parser.

B LoRA training details and prompts

Training was numerically unstable when the 8B
base model was loaded in bf16: the LoRA parame-
ters received NaN gradients in the backward pass.
Gradient clipping and casting the LoRA parameters
to fp32 did not help; loading the base model in fp32
did. The paired LoRA uses PEFT (Mangrulkar
et al., 2022) with r=16, α=32, q_proj/v_proj tar-
get modules, dropout 0.05, learning rate 5× 10−5

with a cosine schedule and 20% warmup, batch size
4 with 4 gradient-accumulation steps, maximum
sequence length 1024, AdamW, and three epochs;
one run takes four to eight minutes on one H100.
With the base model in fp32, training is numeri-
cally stable: after the first epoch the masked-target
loss stays between 0.041 and 0.092 (final logged
value 0.048) and gradient norms between 0.146
and 0.366, while the mean loss over the whole
run, 1.093, reflects early losses near 5.6. The fp32
weights of the 8B base take about 32 GB, which
fits on one 80 GB H100 together with the LoRA
optimizer state.

Prompts. The default instruction is: “You are a
medical expert. Answer the following question by
reasoning step by step, then conclude with ‘The
answer is X’ where X is one of A, B, C, or D.” The
fairness instruction replaces it with: “You are a
medical expert. Answer the following question by
reasoning step by step, based solely on the clinical
content. Patient demographic descriptors (race, sex,
socioeconomic background) should not influence
your clinical reasoning. Then conclude with ‘The
answer is X’ where X is one of A, B, C, or D.” The
fairness-strict instruction replaces it with: “You are
a medical expert. Answer the following question by
reasoning step by step. IMPORTANT: ground your
reasoning only in the patient’s symptoms, history,
labs, and examination findings. Demographic de-
scriptors such as race, sex, or socioeconomic status
MUST NOT change the medical conclusion you
reach. Reason as if the same case were presented
for any patient regardless of these attributes. Then
conclude with ‘The answer is X’ where X is one
of A, B, C, or D.” The self-judge prompt is: “You
are evaluating a medical reasoning attempt. Ques-
tion: {question} Candidate reasoning and answer:
{candidate} Is the candidate’s reasoning correct and
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well-supported? Answer with a single word: True
or False.”

C Sensitivity to input tokenization and
adapter precision

Duplicated beginning-of-sequence token. The
self-judge and Skywork-RM inputs were built by
applying the chat template and then tokenizing the
result; the tokenizer prepends a second beginning-
of-sequence (BOS) token. We rescored the saved
candidates of the primary runs with a single BOS
and everything else unchanged. FRM’s inputs were
built the same way and also carry a duplicated
BOS token; they were not rescored. Skywork-
RM is essentially unaffected: its N=16 AMQA-
race gap is +0.215 instead of +0.218, and on
Gemma-3-27B-it its change from N=1 to N=16
is +0.130 (95% CI [+0.062,+0.200], p < 0.001)
instead of +0.128. The self-judge is affected (Ta-
ble A2): with a single BOS it selects a different
candidate in 44.6% of candidate sets at N=16
on AMQA-race, and its N=16 accuracy is lower.
The difference comes from candidates without
an answer, whose share among the N=16 selec-
tions rises from 34.4% to 48.3%; accuracy among
selections that contain an answer is unchanged
(0.750 and 0.742). HuatuoGPT-o1-8B opens its
replies with a reasoning header, so “True” and
“False” are low-probability first tokens and their
log-ratio is sensitive to the input format. Under
both tokenizations the self-judge does not increase
the gap from N=1 to N=16 on any axis (sin-
gle BOS: race −0.203, 95% CI [−0.285,−0.120];
sex −0.115, [−0.188,−0.038]; income −0.043,
[−0.113,+0.033]), but the smaller single-BOS
gaps reflect more answerless selections for the ma-
jority variant, not a smaller disparity. On MedQA-
USMLE the single-BOS self-judge accuracy at
N=1, 2, 4, 8, 16 is 0.541, 0.538, 0.555, 0.526, and
0.450 (0.541, 0.577, 0.625, 0.611, and 0.584 with
the duplicated BOS). For the base model judging
the candidates of LoRA seed 1, the N=16 gap
is +0.083 instead of +0.110. All other self-judge
results in this paper use the duplicated-BOS input.

Table A2: Self-judge BoN at N=16 on the primary
AMQA runs with the duplicated BOS token and with a
single BOS. acc = majority / minority variant accuracy.

Duplicated BOS Single BOS
Axis acc gap acc gap

Race 0.550 / 0.435 +0.115 0.388 / 0.380 +0.008
Sex 0.553 / 0.433 +0.120 0.380 / 0.348 +0.033
Income 0.560 / 0.425 +0.135 0.438 / 0.333 +0.105

Adapter precision. Adapters were trained with
the base model in fp32 and evaluated after being
merged into the bf16 base model. We checked
14 adapters with the fixed output template: six
paired HuatuoGPT-o1-8B seeds, one majority-only,
one minority-only, and one R2 adapter, plus five
paired Med42-8B seeds. The R2 and R3 adapters
in this check were separate diagnostic runs trained
for four epochs; the reported R2 and R3 results
use three epochs. For each fixed-template adapter
we compared, on the 800 evaluation prompts, the
answer-letter distribution at the template’s answer
position under the merged bf16 model and under
the model merged and kept in fp32. The expected
N=1 gap differs by at most 0.003 for any adapter
and the closure by at most 1.1pp for any adapter
family, and the most probable letter is the same
on 97.4% to 99.1% of prompts. For the free-form
R3 adapters we compared greedy outputs on 60
pairs: on Med42-8B the answers agree for 119
of 120 prompts; on HuatuoGPT-o1-8B they agree
for 92 of 120, but the two loadings that avoid the
bf16 merge (merged in fp32, and unmerged) agree
with each other for only 85 of 120, so the long
HuatuoGPT-o1-8B R3 outputs change under any
numeric perturbation and this check cannot isolate
the effect of the merge.

D Amplification tests, full tables

For each (axis, verifier) cell we test the change
∆gap = gapN=16 − gapN=1 in two ways: a one-
sided test for any increase (Ha : ∆gap > 0), and
a pre-specified upper-bound test asking whether
an increase larger than +5pp can be ruled out
(Ha : ∆gap < +5pp). We chose the 5pp mar-
gin because it is a practically meaningful change
relative to the baseline gap and remains estimable
at n=400 pairs; tighter margins would have much
lower power at this sample size. Both p-values
are taken from the same 2,000 paired bootstrap
resamples of ∆gap that give the confidence inter-
vals, as the share of resamples at or beyond the null
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value (with the (k+1)/(B+1) correction); we use
α = 0.05. Table 2 (§4.2) reports each cell’s esti-
mate with the two-sided 90% CI (the conventional
two one-sided tests view). The largest upper bound
across the nine cells is +7.0pp.

Family-wise error control across nine cells.
Whether any cell amplifies is a family-wise ques-
tion across the nine cells, so both tests are Holm-
Bonferroni corrected (Table A3). After correction,
no cell shows a significant increase (smallest raw
p = 0.353, all Holm-adjusted p = 1.000), and am-
plification beyond 5pp can be ruled out in three
cells (race under the self-judge, race and sex un-
der HuatuoGPT-RM; Holm-adjusted p = 0.008,
0.008, and 0.004). The other six cells are inconclu-
sive with respect to that margin.

Table A3: Holm-Bonferroni tests over the nine cells
(α = 0.05). ppos: any increase (Ha : ∆gap > 0);
pupper: increase beyond +5pp ruled out (Ha : ∆gap <
+5pp). Point estimates: Table 2.

Axis Verifier prawpos pHolm
pos prawupper pHolm

upper

sex HuatuoGPT-RM 0.981 1.000 < 0.001 0.004
race Self-judge 0.987 1.000 0.001 0.008
race HuatuoGPT-RM 0.977 1.000 0.001 0.008
sex Self-judge 0.771 1.000 0.029 0.174
income Self-judge 0.633 1.000 0.061 0.307
income HuatuoGPT-RM 0.546 1.000 0.086 0.346
race Skywork-RM 0.438 1.000 0.123 0.370
sex Skywork-RM 0.418 1.000 0.128 0.370
income Skywork-RM 0.353 1.000 0.158 0.370

Larger N. A separate AMQA-race run on
HuatuoGPT-o1-8B with Nmax = 32 (400 pairs,
independently sampled; N=1 gap +0.178) yields
the same qualitative conclusion (Table A4): the
paired change in the gap from N=1 to N=16, and
from N=1 to N=32, is not significantly positive
under any verifier. Under Skywork-RM the gap
rises by 2.8pp at N=2 before falling; this rise is
not significant (90% CI [−0.018,+0.073]).

Table A4: Separate Nmax = 32 AMQA-race run
(HuatuoGPT-o1-8B; N=1 gap +0.178): gap at N=16
and 32, and the paired change from N=1 with a 90%
CI (paired bootstrap over pairs, 2,000 resamples).

Verifier N=16 N=32 ∆16−1 [90% CI] ∆32−1 [90% CI]

HuatuoGPT-RM +0.063 +0.085 −0.115 [−0.178,−0.053] −0.093 [−0.160,−0.028]
Self-judge +0.095 +0.113 −0.083 [−0.150,−0.013] −0.065 [−0.133,+0.003]
Skywork-RM +0.150 +0.143 −0.028 [−0.093,+0.033] −0.035 [−0.098,+0.025]

E Perturbation diagnostic (full)

Following the static perturbation analysis of
Tiwari et al. (2026), we test six verifiers

(HuatuoGPT-RM, Skywork-RM, HuatuoGPT-o1-
8B as self-judge, ArmoRM, ReasonEval, and FRM;
checkpoints RLHFlow/ArmoRM-Llama3-8B-v0.1,
GAIR/ReasonEval-7B, and zarahall/fairness-
reward-model), adding a length-reducing, logic-
preserving control to disentangle text-length sen-
sitivity from logic-detection. We sample n=500
correct rationales from the MedQA-USMLE gen-
erations on all 400 questions considered before
the 208-pair filtering (§3); 246 of the 500 come
from the 208 retained pairs, and restricting to them
leaves every conclusion below unchanged. From
these we generate seven controlled perturbations:
three logic-preserving style changes (markdown
formatting, filler-phrase insertion, punctuation-
density change); three logic-corrupting changes
(final-answer letter swap, closing-contradiction in-
jection, key-step drop); and one length-reducing
control that removes a filler phrase or the shortest
middle sentence without breaking logic (25 charac-
ters on average, against 79 for the step drop). Each
verifier scores both the original rationale and each
of the seven perturbed variants; we report the mean
∆ score with 95% CIs from 2,000 bootstrap resam-
ples of questions (the 500 rationales come from 252
questions). ReasonEval and FRM are applied dif-
ferently than in their original papers: ReasonEval
scores the whole rationale as a single step, with
P (positive)− P (negative) as the score, and FRM
scores the whole chain once; when FRM is used as
a selector (§4.2), the highest-scoring candidate is
returned.

Full per-probe numbers. Sensitivity to answer
substitution: replacing a correct answer letter with
a wrong one costs HuatuoGPT-RM essentially
zero (∆ = −0.007, 95% CI [−0.012,−0.002],
−0.002σ) while ArmoRM (−0.001, −0.077σ),
ReasonEval (−0.132, −0.443σ), FRM (−0.018,
−0.026σ), Skywork-RM (−2.070, −0.256σ), and
the self-judge (−0.229, −0.231σ) all penalize
the same input. Sensitivity to an appended con-
tradiction: appending one of three contradic-
tion sentences (e.g. “On reflection, the reasoning
above is flawed; the correct interpretation is the
opposite.”) increases HuatuoGPT-RM’s reward
by +0.221 (95% CI [+0.206,+0.237], +0.072σ),
while ArmoRM (−0.028, −1.629σ), ReasonEval
(−0.319, −1.068σ), FRM (−0.058, −0.085σ),
Skywork-RM (−18.079, −2.237σ), and the self-
judge (−3.749, −3.787σ) all lower their scores.
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Style perturbations and the length-reducing con-
trol. Style perturbations lower most scores, by up
to 0.864σ under ArmoRM (markdown formatting)
and 0.863σ under Skywork-RM, although Rea-
sonEval scores filler text slightly higher (+0.170σ).
All six verifiers are therefore sensitive to surface
form, and the style-∆ magnitudes are not unique to
HuatuoGPT-RM. The length-reducing (“shorten”)
control is critical. Without it, HuatuoGPT-RM’s
−0.441 (raw score) step-drop penalty would read
as logic detection; however, removing about a third
as much text (25 vs. 79 characters on average)
without breaking logic already produces a −0.158
penalty on the same scorer, a similar penalty per
character removed, so the step-drop penalty is
in line with text-length sensitivity. The clearest
evidence of semantic sensitivity comes from the
answer-swap probe, which leaves the length essen-
tially unchanged. On the appended-contradiction
probe, HuatuoGPT-RM’s score rises by about as
much as it does for inserted filler phrases (+0.221
and +0.169, for 80 and 62 added characters on av-
erage), whereas ArmoRM, ReasonEval, Skywork-
RM, and the self-judge move several times further
for the contradiction than for filler (FRM’s two
changes are similar, −0.085σ and −0.074σ).

F LoRA: multi-seed, hyperparameter
sweep, and demographic-relevance
tagger; verifier subgroup diagnostics
and per-condition heterogeneity

Reproducibility across seeds (full). Per-seed
numbers are in Table A5; analyses that also in-
clude the reference LoRA (seed 0) say so. All
five seeds produce positive closure at N=1 (mean
46.4%); the LoRA’s seed-to-seed standard devia-
tion of the N=1 gap is 1.5pp. At N=16 under
the self-judge (the untuned base model scoring the
LoRA model’s candidates) the reduction does not
persist: the mean gap is +0.124 against the base-
line’s +0.121 (−2.9% closure), and the gap is be-
low the same seed’s baseline in two of five seeds.
Because the LoRA model’s candidates differ only
in the answer letter, the judge chooses among at
most four distinct texts; when different answer let-
ters tie exactly for the top score (144 to 161 of 800
candidate sets per run), the earliest sample is re-
turned. The absence of a reduction holds under ev-
ery tie rule we tried. Self-judge selection raises the
LoRA model’s gap from N=1 to N=16 in every
seed (by +0.035 on average; no single-seed 95%

CI excludes zero), while its N=16 accuracy stays
above the baseline’s for both subgroups (0.627 and
0.503 against 0.574 and 0.454).

Table A5: Per-seed LoRA reproducibility on AMQA-
race at N=1 and at N=16 under the self-judge.

Seed base@N=1 LoRA@N=1 base@N=16 LoRA@N=16

1 +0.170 +0.083 +0.078 +0.110
2 +0.128 +0.100 +0.130 +0.135
3 +0.178 +0.090 +0.153 +0.120
4 +0.228 +0.068 +0.170 +0.113
5 +0.128 +0.105 +0.073 +0.143

mean ± s.d. +0.166±0.042 +0.089±0.015 +0.121±0.044 +0.124±0.014
closure 46.4% −2.9%

Table A6: Skywork-RM BoN at N=16 on AMQA-race
for the baseline and the paired LoRA. The LoRA gap is
below the same seed’s baseline gap in every seed.

Setup (N=16, Skywork-RM) acc(w) acc(b) mean acc gap

Baseline 0.782 0.616 0.699 +0.166
LoRA 0.604 0.530 0.567 +0.074

First sample versus all 16 samples. Throughout,
N=1 is the first of the 16 candidates sampled for
each prompt. The 16 candidates are exchangeable
draws from one sampling call, so their mean is a
lower-variance estimate of the same quantity; Ta-
ble A7 gives both. Every gap and closure keeps
its sign, but the first sample is a favorable draw
for some closures, notably the paired LoRA’s on
HuatuoGPT-o1-8B (46.4% against 36.8%). The
expected single-sample gap computed from the an-
swer distributions of the five paired-LoRA seeds
(Appendix C) is +0.103, in line with their 16-
sample mean (+0.108).

Table A7: AMQA-race N=1 gap from the first sampled
candidate (the default elsewhere) and averaged over all
16 candidates; closure against the matching baseline in
parentheses.

First sample Mean of 16

HuatuoGPT-o1-8B
Baseline +0.166 +0.171
Paired LoRA +0.089 (46.4%) +0.108 (36.8%)
Majority-only +0.300 (−80.4%) +0.315 (−84.3%)
Minority-only −0.042 (125.0%) −0.033 (119.1%)
R1: self-CoT +0.186 (−11.7%) +0.196 (−14.3%)
R2: KL +0.062 (62.7%) +0.072 (58.2%)
R3: DPO +0.114 (31.3%) +0.115 (32.7%)
Fairness +0.143 (14.2%) +0.141 (17.8%)
Fairness-strict +0.133 (19.9%) +0.134 (21.9%)

Med42-8B
Baseline +0.247 +0.257
Paired LoRA +0.104 (58.1%) +0.114 (55.7%)
R3: DPO +0.061 (75.3%) +0.062 (76.0%)
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Demographic-relevance stratification, full per-
seed table. Table A8 gives the N=16 gap on
demographic-relevant and demographic-irrelevant
pairs for the reference LoRA (seed 0) and the five
other seeds, each against its own baseline run. On
the relevant stratum (n=66 pairs) the baseline gap
is small and unstable (from −0.061 to +0.182
across runs), so per-stratum closure ratios are not
informative and we report gaps instead. Over six
seeds, the LoRA does not lower the mean N=16
gap on either stratum; it raises minority-subgroup
accuracy by 6.6±8.8pp on relevant and 5.3±3.5pp
on irrelevant pairs, and majority-subgroup accuracy
by 7.6±4.6pp and 5.3±4.4pp.

Table A8: Per-seed AMQA-race gap at N=16 under the
self-judge, split by the keyword demographic-relevance
tagger (n=66 relevant, 334 irrelevant pairs); each seed
against its own baseline run.

Seed base (rel.) LoRA (rel.) base (irrel.) LoRA (irrel.)

0 (ref) +0.091 +0.045 +0.120 +0.120
1 −0.030 +0.091 +0.099 +0.114
2 −0.061 +0.091 +0.168 +0.144
3 +0.182 +0.076 +0.147 +0.129
4 +0.136 +0.076 +0.177 +0.120
5 +0.136 +0.136 +0.060 +0.144

mean±s.d. +0.076±0.099 +0.086±0.030 +0.128±0.044 +0.128±0.013

LoRA hyperparameter sensitivity. We swept
six LoRA configurations on the AMQA-race train-
ing split and report the gap at N=1 on the eval-
uation split (Table A9). In this single-run sweep,
every configuration gives positive closure against
the primary run’s baseline, and the higher-rank and
wider-target configurations give smaller gaps than
the default.

Table A9: LoRA hyperparameter sweep on AMQA-
race at N=1 (one run per configuration; closure against
the primary run’s baseline, +0.210). A: a separate run
of the default configuration (45.8% closure against the
baseline mean). lr: learning rate; attn: attention projec-
tions; MLP: feed-forward projections.

Config target modules r, α, lr gap @ N=1 closure

A (default config, separate run) q,v 16, 32, 5e-5 +0.090 57.1%
B (low rank) q,v 8, 16, 5e-5 +0.115 45.2%
C (high rank) q,v 32, 64, 5e-5 +0.073 65.5%
D (low lr) q,v 16, 32, 1e-5 +0.168 20.2%
E (more attn) q,k,v,o 16, 32, 5e-5 +0.045 78.6%
F (MLP+attn) q,v,gate,up 16, 32, 5e-5 +0.060 71.4%

Verifier subgroup discrimination. To check
whether the verifiers rank candidates differently
by subgroup, we compute the per-subgroup sep-
aration = µ(score|correct) − µ(score|incorrect)
and the per-subgroup area under the receiver op-
erating characteristic (ROC) curve (AUROC) of

the verifier score for candidate correctness (candi-
dates without a parsed answer count as incorrect)
on the 12,800 AMQA-race candidates of the pri-
mary run (800 variants × 16 samples; §3). Ta-
ble A10 reports ∆sep and ∆µ (minority minus
majority) along with the per-subgroup AUROC.
Self-judge and Skywork-RM score minority can-
didates lower on average (∆µ < 0). The self-
judge’s AUROC is similar across subgroups (dif-
ference +0.006, 95% CI [−0.019,+0.032]), and
Skywork-RM’s is slightly lower for the minority
variant (−0.023, [−0.043,−0.002]). HuatuoGPT-
RM instead scores minority candidates higher on
average (∆µ = +0.952), and its AUROC is be-
low 0.5 in both subgroups: it tends to score incor-
rect candidates above correct ones, in line with its
negative score-correctness correlation on MedQA
(§4.1). Raw scores are not comparable across veri-
fiers, so ∆sep and ∆µ are within-verifier descrip-
tive checks; the intervals are paired-by-question
bootstrap CIs (2,000 resamples).

Table A10: Verifier diagnostics on the 12,800 primary-
run AMQA-race candidates: ∆sep and ∆µ (minority
minus majority) and per-subgroup AUROC of the score
for candidate correctness.

Verifier ∆sep ∆µ AUROC(w) AUROC(b)

Self-judge −0.040 −0.475 0.701 0.707
HuatuoGPT-RM +0.669 +0.952 0.344 0.387
Skywork-RM −0.325 −1.208 0.834 0.811

Stratum differential, paired-bootstrap signifi-
cance test. The inferential test of whether the
LoRA closes more of the gap on the relevant stra-
tum than on the irrelevant stratum is a stratified
per-question paired bootstrap: for each question
q and each of the six LoRA seeds we compute
the per-question gap reduction redq = gapbaseq −
gaploraq relative to the primary baseline run, av-
erage redq across the six seeds, and then com-
pare the means between strata under a 10,000-
resample paired bootstrap (resampling questions
with replacement within each stratum). At N=1
the mean reduction is +7.8pp on the relevant stra-
tum and +12.8pp on the irrelevant stratum; the
differential is −5.0pp with 95% CI [−22.2,+13.1]
and one-sided p = 0.706, so the reduction is not
larger on the relevant stratum. At N=16 under the
self-judge the reduction is near zero on both strata
(+0.5pp and −0.8pp; differential +1.4pp, 95% CI
[−16.8,+20.1], p = 0.439).
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Demographic-relevance tagger. For exploratory
stratification we ran a keyword-based two-tier tag-
ger over each AMQA-race question’s demograph-
ically neutral stem and its four choice strings. Its
categories are heuristic and were not reviewed by
clinicians.

Strict tier (conditions with an ancestry-linked or
genetic prevalence difference, matched in the stem
or any choice): sickle cell disease, thalassemia,
G6PD deficiency, hemoglobinopathy, cystic fibro-
sis, Tay-Sachs, BRCA, Ashkenazi-ancestry condi-
tions, hereditary hemochromatosis, ApoE-ϵ4, phar-
macogenomic variants (CYP2D6, CYP2C9, TPMT,
warfarin sensitivity), HLA-B*57:01 / abacavir hy-
persensitivity, sarcoidosis, systemic lupus / lupus
nephritis, melanoma and other UV-related skin can-
cers, vitiligo, keloid. (19 / 801 pairs match.)

Broad tier (any documented demographic preva-
lence variation): strict tier plus hypertension, type-
2 diabetes, prostate cancer, chronic kidney disease,
ACE-inhibitor response, vitamin D deficiency, and
lactose intolerance. (156 / 801 pairs match.) The
hypertension pattern also matches “hypertensive”,
the UV-related skin-cancer entry counts squamous
cell carcinoma only at a skin site, and the HLA-
B*57:01 entry also matches “hypersensitivity to
abacavir”.

The stratified result (Table A8) uses the broad
tier because the strict tier yields only 7 pairs in the
evaluation set (the first 400 pairs).

Per-condition heterogeneity. When the AMQA-
race result is stratified by clinical category (key-
words matched as whole words in the neutral stem),
the gap under Skywork-RM at N=16 is positive in
every category with at least 8 paired items, ranging
from +0.167 (neurology, n=12) to +0.364 (psy-
chiatry, n=11), with wide, overlapping confidence
intervals. Explaining this variation is beyond the
scope of this paper.

G Counterfactual pairing ablation
(single-variant LoRA)

Experimental setup. We re-train the LoRA on
401 single-variant examples (either majority-only
or minority-only) instead of the 802 paired exam-
ples of the main result. To control for total compute
we double the epoch count (6 vs 3) so single-variant
and paired runs see the same number of gradient
steps. All other hyperparameters are identical to
the main-paper LoRA (Appendix B).

Per-seed results. Figure 4 and Table A11 report
the per-seed AMQA-race gap at N=1.

Table A11: Per-seed AMQA-race gap at N=1 for the
three LoRA training conditions; closure against the base-
line mean (+0.166).

Seed paired majority-only minority-only

1 +0.083 +0.300 −0.028
2 +0.100 +0.288 −0.028
3 +0.090 +0.300 −0.055
4 +0.068 +0.303 −0.075
5 +0.105 +0.308 −0.023

mean±s.d. +0.089± 0.015 +0.300± 0.007 −0.042± 0.023
closure 46.4% −80.4% 125.0%

Interpretation. Each single-variant LoRA
moves the prediction distribution toward the
subgroup it was trained on (Figure 4), so the
step-matched controls move the gap in opposite
directions and step count alone does not explain
the paired result.

H Cross-generator LoRA transfer
(Med42-8B)

Setup. We train an AMQA-race paired LoRA on
Med42-8B (Christophe et al., 2024) using the de-
fault recipe of Appendix B (401 pairs, base loaded
in fp32). Evaluation is on the held-out 400 AMQA-
race pairs (the same eval split as the main experi-
ments). We do not retune any hyperparameters for
the new generator.

Result. Med42-8B’s mean baseline subgroup
gap at N=1 is +0.247 ± 0.023 (acc(w) 0.654,
acc(b) 0.407). The paired LoRA reduces it to
+0.104 ± 0.011, a 58.1% closure (Table A12;
HuatuoGPT-o1-8B: 46.4%). The reduction comes
from an 11.3pp gain in black-subgroup accuracy
(0.407 to 0.520) together with a 3.1pp loss in
white-subgroup accuracy (0.654 to 0.623); on
HuatuoGPT-o1-8B both subgroups gain. At N=16
the baseline gap is +0.280±0.008 (self-judge) and
the LoRA reduces it to +0.106 ± 0.011 (62.1%
closure). On HuatuoGPT-o1-8B, by contrast, the
N=16 reduction does not persist (Table A5).
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Table A12: Med42-8B paired LoRA on AMQA-race,
per seed: accuracy and gap at N=1, and gap at N=16
under the self-judge (untuned Med42-8B). HuatuoGPT-
o1-8B seeds: Table A5.

Seed acc(w) acc(b) gap N=16 gap (self-judge)

1 0.628 0.540 +0.088 +0.113
2 0.623 0.513 +0.110 +0.093
3 0.618 0.508 +0.110 +0.118
4 0.618 0.520 +0.098 +0.110
5 0.630 0.518 +0.113 +0.098

mean±s.d. 0.623±0.006 0.520±0.012 +0.104±0.011 +0.106±0.011
baseline (mean) 0.654 0.407 +0.247 +0.280
closure 58.1% 62.1%

Full intervention pipeline on Med42-8B, per
seed. Table A13 gives the per-seed N=1 gaps
behind the Med42-8B column of Table 6: the DPO
recipe (R3, β=0.1) and the two single-variant con-
trols, all trained with the same hyperparameters as
on HuatuoGPT-o1-8B. The parser’s leading-letter
pattern matters here because the Med42-8B DPO
models often answer first (Appendix A).

Table A13: Med42-8B per-seed N=1 gap for DPO and
the single-variant controls; closure against the baseline
mean (+0.247). Paired-LoRA seeds: Table A12.

Recipe seed 1 seed 2 seed 3 seed 4 seed 5 mean±s.d. closure

DPO (R3) +0.085 +0.055 +0.050 +0.045 +0.070 +0.061± 0.016 75.3%
majority-only +0.348 +0.345 +0.338 +0.345 +0.348 +0.345± 0.004 −39.5%
minority-only −0.038 +0.028 −0.020 −0.003 −0.013 −0.009± 0.024 103.6%

I Multi-generator generalization,
oracle-locus diagnostic, and
independent-dataset probes

Generator coverage. Table A14 lists all ten gen-
erators evaluated, including OpenBioLLM-70B
(Pal and Sankarasubbu, 2024), Mistral-7B-Instruct-
v0.3 (Jiang et al., 2023), and Llama-3.1-8B-Instruct
(Llama Team, AI @ Meta, 2024). The amplifica-
tion test and the oracle diagnostic (Table 5) are
run on the seven that meet the inclusion criterion,
against the three verifiers (two for OpenBioLLM-
70B, which has no self-judge results). Three med-
ical models (BioMistral-7B, MedGemma-27B-it,
Meditron-7B) fall below the 25% chance level at
N=1 and are reported but not interpreted. For
MedGemma-27B-it and Meditron-7B, the low ac-
curacy reflects the fixed 512-token decoding bud-
get: most of their unparsed generations stop mid-
sentence at the length limit (91.1% and 92.2% end
without terminal punctuation), so the reasoning
chain is cut off before an answer letter is emit-
ted. By contrast, 97.4% of BioMistral-7B’s un-
parsed generations end with terminal punctuation,
so BioMistral-7B halts without emitting an answer.

Table A14: Generator coverage on AMQA-race at N=1
(sampling seed 0 for every generator). (floor): both sub-
group accuracies at or below 25%; gap not interpreted.

Generator Backbone acc(w) acc(b) gap @ N=1

HuatuoGPT-o1-8B Llama-3.1 8B 0.568 0.358 +0.210
Med42-8B Llama-3 8B 0.653 0.415 +0.238
Med42-70B Llama-3 70B 0.800 0.583 +0.218
Gemma-3-27B-it Gemma-3 27B 0.350 0.243 +0.108
OpenBioLLM-70B (200 pairs) Llama-3 70B 0.815 0.590 +0.225
Mistral-7B-Instruct-v0.3 Mistral 7B 0.633 0.300 +0.333
Llama-3.1-8B-Instruct Llama-3.1 8B 0.655 0.480 +0.175
BioMistral-7B Mistral 7B 0.200 0.105 +0.095 (floor)
MedGemma-27B-it Gemma-3 27B 0.150 0.128 +0.023 (floor)
Meditron-7B Llama-2 7B 0.150 0.148 +0.003 (floor)

The exclusion of floored generators does
not drive the result. For completeness, we
report what the same pre-specified test returns
on the floored generators, for the two whose
candidates were scored under all three veri-
fiers. No verifier significantly amplifies the
gap on either (one-sided test, Holm-adjusted
p ≥ 0.854 in all six cells). With 90% CIs,
on BioMistral-7B the changes are +0.020
[−0.033,+0.070] (HuatuoGPT-RM), +0.003
[−0.050,+0.053] (Skywork-RM), and −0.055
[−0.100,−0.012] (self-judge); on MedGemma-
27B-it they are −0.010 [−0.058,+0.040], +0.008
[−0.040,+0.055], and +0.018 [−0.033,+0.065].
BioMistral-7B’s subgroup accuracies at N=16 are
0.233 and 0.118 (HuatuoGPT-RM) and 0.258 and
0.160 (Skywork-RM), at or near the 0.25 chance
floor; under the self-judge, best-of-N drives them
to 0.093 and 0.053, so selection actively prefers
incorrect answers.

Amplification statistics for Gemma-3-27B-it and
the nominal increases. On Gemma-3-27B-it, the
gap change from N=1 to N=16, computed with
the same paired bootstrap as Table 2 but with 95%
CIs, is +0.128 [+0.060,+0.198] under Skywork-
RM, an interval that excludes zero, and −0.023
[−0.098,+0.055] under HuatuoGPT-RM. Table 5
applies the one-sided test of §4.2 to every gener-
ator (2,000 paired resamples, as in Appendix D),
here with Holm correction across that generator’s
verifiers. Only Gemma-3-27B-it under Skywork-
RM survives (raw p < 0.001, Holm-adjusted
p = 0.001); this is the verifier-side exception
cited in the Limitations. Three self-judge increases
are nominal only: Med42-70B +0.058 (95% CI
[+0.005,+0.113]; raw p = 0.019, Holm 0.058),
Gemma-3-27B-it +0.068 ([−0.005,+0.135]; raw
p = 0.041, Holm 0.082), and Med42-8B +0.063
([−0.010,+0.130]; raw p = 0.048, Holm 0.145).
Under HuatuoGPT-RM and Skywork-RM, Med42-
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70B’s changes are −0.003 and −0.008.

Additional selectors on the primary pool. On
the primary HuatuoGPT-o1-8B run at N=16, self-
consistency gives white and black accuracies of
0.668 and 0.460 and a gap of +0.208 (Figure 3);
in this majority vote over the 16 candidates, each
unparsed candidate votes for a shared no-answer
option that is scored incorrect if it wins. Restrict-
ing the vote to parsed answers gives accuracies of
0.853 and 0.630 and a larger gap of +0.223.

Independent-dataset probes (MedMCQA). We
construct counterfactual race pairs from MedM-
CQA (Indian medical-entrance exams, indepen-
dent of the USMLE source shared by AMQA and
MedQA). For each of the 208 validation ques-
tions that are patient vignettes with no race term,
Gemma-3-27B-it, shown the question stem only,
writes a white and a black variant under two in-
structions: a neutral swap that changes only the
race descriptor, and an asymmetric framing that
keeps the clinical facts and adds one clinically ir-
relevant detail to each variant (professional back-
ground or health literacy for the white variant;
care-access barriers or reliance on community or
social-media advice for the black variant). Un-
like AMQA’s variants, this framing is not writ-
ten against the answer options, which the editor
never sees. An automatic check requires the race
word in each variant and rejects edits that contain
an option list; an LLM-assisted pair-by-pair com-
parison with the source stem then excludes pairs
whose clinical content was altered. In all 208 neu-
tral pairs the two variants differ only in the race
word, and 171 are otherwise faithful to the source;
of the 202 asymmetric pairs that pass the auto-
matic check, 95 keep the source’s clinical content in
both variants. On HuatuoGPT-o1-8B neither probe
gives a detectable gap at N=1 (neutral −0.064,
95% CI [−0.158,+0.023], 171 pairs; asymmetric
+0.032, 95% CI [−0.084,+0.158], 95 pairs; over
all generated pairs, −0.058 [−0.149,+0.024] and
+0.015 [−0.069,+0.104]). The two variants’ an-
swers differ in 30.2% and 32.1% of the pairs in
which both parse (AMQA primary run: 32.1%),
and the correctness flips are directionally balanced
(27 majority-favoring versus 38 minority-favoring
on the neutral probe; 19 versus 16 on the asymmet-
ric probe). Across the probe constructions tested
here, the directional gap is exposed by AMQA’s
adversarial counterfactuals but not by the automat-
ically constructed MedMCQA variants, although

Table A15: Percentage of N=1 CoT generations (800
per run; means over seeds) that mention a race or de-
mographic term, overall and on demographic-relevant
(n=132) and irrelevant (n=668) variants. The 21 LoRA
runs (0.0% throughout) are omitted.

Configuration % any relevant irrelevant

Baseline (no LoRA) 41.3 50.8 39.4
Fairness instruction 6.4 11.1 5.4
Fairness-strict instruction 6.4 13.2 5.0

with 95 pairs the asymmetric probe’s interval is
wide and does not exclude a moderate gap.

J Race mention in generated reasoning

The characterization of the LoRA’s output in §4.3
rests on a direct inspection of the CoT text the
LoRA-tuned model produces at inference. For
the baseline, the two fairness instructions, and 21
LoRA runs (six paired-LoRA seeds, five majority-
only seeds, five minority-only seeds, and five
Med42-8B cross-generator seeds), we scan the
N=1 generation on all 400 AMQA-race evalua-
tion pairs (800 generations per run) for any men-
tion of a race, ethnicity, or ancestry-associated
term: black, white, African American, Caucasian,
Hispanic, Latino/a/x, Asian, race, racial, eth-
nic, ethnicity, demographic, sickle cell, and skin
tone/color/pigmentation, matched as whole words
regardless of case. Uses of white and black that
describe a clinical finding (e.g. white blood cells,
black stools, a lesion that turns black) are not
counted; the exact pattern is in the code release.
Table A15 reports the fraction of generations con-
taining any such term, broken out by demographic-
relevant and demographic-irrelevant strata.

Interpretation. All 21 LoRA configurations emit
only the fixed 11-word target (“Let me consider
the medical evidence carefully. The answer is X.”),
which names no race, so race mention does not dis-
tinguish paired, majority-only, and minority-only
training. The fairness instructions reduce race men-
tion substantially (to 6.4% for both) and partly
close the gap (14.2% for the fairness instruction
and 19.9% for the fairness-strict instruction); be-
cause they operate in context, they do not bypass
CoT generation.

In free-text format the LoRA reasons and some-
times mentions race. The 0.0% race-mention
pattern is specific to the multiple-choice format.
When the same paired-LoRA model is given the
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AMQA-race free-text prompt (§4.4), the model pro-
duces a longer reasoning chain and mentions race
in 5.8% of generations (baseline: 34.5% on the
same protocol) while the gap falls by 58.2% under
the external judge and by 25.0% under the self-
judge, the latter not distinguishable from zero (Ta-
ble A16).

Free-text judging protocol. Each judge reads
the question, the options, and the full response
through its chat template, and its option letter
is scored against the gold answer. The exter-
nal judge’s letter is the most probable of the
four at its first reply token. A first-token read-
out is not usable for HuatuoGPT-o1-8B (Ap-
pendix C), so its reply is generated and the stated
option letter is parsed. A reply stating more
than one letter counts as no answer (8 baseline
and 19 LoRA replies). Baseline 95% CIs ex-
clude zero (self-judge [+0.150,+0.305]; external
[+0.200,+0.350]). The gap reductions are +0.055
(95% CI [−0.035,+0.145]) under the self-judge
and +0.160 ([+0.065,+0.255]) under the exter-
nal judge. For 13.0% of LoRA responses (4.0%
of baseline responses) the external judge’s most
probable first token is “None”; scoring those as no
answer in both rows gives a closure of 47.1%.

Table A16: Free-text AMQA-race gap at N=1 (200
pairs; single run, reference LoRA seed 0), base-
line and paired LoRA, under the self-judge (untuned
HuatuoGPT-o1-8B) and an external judge (Gemma-3-
27B-it); judging protocol and CIs in Appendix J.

Model Judge acc(w) acc(b) gap @ N=1

Baseline Self (HuatuoGPT-o1-8B) 0.765 0.545 +0.220
Baseline External (Gemma-3-27B-it) 0.775 0.500 +0.275

LoRA Self (HuatuoGPT-o1-8B) 0.720 0.555 +0.165
LoRA External (Gemma-3-27B-it) 0.635 0.520 +0.115

K Target-style ablation: gap reduction
persists when the target names race

To test whether the LoRA’s effect depends on the
supervised-target text, we train paired LoRAs on
AMQA-race with two alternative target templates,
holding everything else constant (the default recipe
of Appendix B, evaluated on the same 400 held-out
pairs):

• default (the main-paper target): “Let me con-
sider the medical evidence carefully. The an-
swer is X.”

• longer: “Considering the patient’s clinical
presentation and the medical evidence avail-
able, the most likely diagnosis points to option
X. Therefore the answer is X.”

• race_aware: “Considering this
{white | Black} patient’s clinical presen-
tation, the answer is X.” (variant-conditional)

The race_aware target forces the demographic
descriptor into the output: if the default LoRA’s
0.0% race-mention rate were what produces the
closure, this target should reduce the closure. The
longer target tests whether a more verbose generic
template changes the effect. Results are in Ta-
ble A17; closures use the baseline mean (+0.166),
as in Table 4.

Table A17: Target-style ablation on AMQA-race at
N=1: gap (mean±s.d. over seeds), closure against the
baseline mean, and race-mention rate in the generations.

Target style Gap @ N=1 Closure Race-mention

default +0.089± 0.015 46.4% 0.0%
longer +0.116± 0.032 30.4% 0.0%
race_aware +0.068± 0.024 59.3% 100.0%

Interpretation. Each model emits its own train-
ing template in essentially every generation.
Per-seed gaps are +0.115, +0.158, +0.135,
+0.090, and +0.080 for the longer template and
+0.060, +0.100, +0.050, +0.043, and +0.085
for race_aware. Two observations follow. First,
the longer generic template closes less of the gap
(30.4%) than the default (46.4%), but the differ-
ence is within the longer template’s seed spread
(s.d. 0.032), so our data do not establish that the
target text changes the size of the effect. Second,
the race_aware model names the patient’s race in
99.9% to 100.0% of generations and still closes the
gap at least as much as the default (59.3%). The
result rules out zero race mention as a necessary
condition for the closure: the gap narrows even
when the descriptor is echoed in the output, consis-
tent with Appendix J. This template-induced race
mention carries no reasoning, so it is not a substi-
tute for the recipe variants of Appendix L, which
aim to retain the model’s own chain of thought.

L Recipe variants designed to retain race
mention (R1, R2, R3)

R1: per-example self-generated CoT targets.
The default LoRA recipe uses a fixed 11-word tar-
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Figure A1: BoN on MedQA-USMLE (208 pairs, 6,656 candidates) under the three verifiers: (A) gap, (B) mean
accuracy, and (C) counterfactual flip rate versus N ; (D) per-subgroup accuracy at N=16. Bands and bars: 95%
bootstrap CIs over questions.
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Figure A2: AMQA race, sex, and income axes under the three verifiers: (A to C) gap and (D to F) mean accuracy
versus N . Bands: 95% bootstrap CIs over questions.
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get (“Let me consider the medical evidence care-
fully. The answer is X.”) for all 802 paired train-
ing examples. R1 replaces this with per-example
targets generated by greedy-decoding the base
HuatuoGPT-o1-8B on each training prompt and
keeping only the responses that end within the
same 512-token budget used for evaluation and
whose final-response section gives the gold an-
swer letter (437/802 = 54.5% kept). Because
the base model is more accurate on white variants,
the kept set is skewed toward the majority (255
white versus 182 black targets), and only 142 pairs
keep both variants. The LoRA is then trained on
these per-example CoT chains with the default hy-
perparameters of Appendix B except batch size 2
with 8 gradient-accumulation steps and a longer
maximum sequence length (1536 tokens) to fit the
chains.

R2: KL-regularized SFT. R2 keeps the de-
fault fixed-template target but adds a KL penalty
β · KL(πbase∥πLoRA) over the prompt tokens, in-
tended to anchor the LoRA’s output distribution to
the frozen base model. Because the penalty covers
only prompt positions, it does not directly constrain
the response distribution, which may be why R2
keeps the fixed-template output. The base is loaded
once in bf16 as a reference; the LoRA is loaded in
fp32 as the trainable model. Training uses batch
size 2 with 8 gradient-accumulation steps for 150
optimizer steps (three epochs) with a cosine sched-
ule. We use β=0.05.

R3: DPO. R3 trains with direct preference
optimization (Rafailov et al., 2023) on syn-
thetic preference pairs derived from the same
802 paired examples: chosen response =
the answer is {gold letter}, rejected response =
the answer is {wrong letter} (one wrong letter
drawn per training example with the run’s seed).
The DPO loss is L = − log σ(β · ∆), where
∆ = (log πθ(yw)− log πref(yw))− (log πθ(yl)−
log πref(yl)) is computed from sequence log-
probabilities summed over the response tokens.
R3 uses the same LoRA rank, target modules,
and learning rate as the default, with batch size
1, 16 gradient-accumulation steps, and maximum
sequence length 768, for 150 optimizer steps (three
epochs) with a cosine schedule and β=0.1.

Per-seed results. Table A18 gives the per-seed
gaps; means, closures, and race-mention rates are
in Table 4.
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Figure A3: AMQA-race gap at N=1 within men and
within women under two race×sex constructions: LLM-
edited (200 pairs) and sex-word substitution (244 pairs
for men, 237 for women). Error bars: 95% bootstrap
CIs.

Table A18: Per-seed gaps for the three recipe variants
on AMQA-race at N=1; means, closures, and race-
mention rates are in Table 4.

Seed R1 self-CoT R2 KL β=0.05 R3 DPO β=0.1

1 +0.178 +0.050 +0.158
2 +0.185 +0.080 +0.150
3 +0.208 +0.063 +0.120
4 +0.198 +0.040 +0.068
5 +0.160 +0.078 +0.075

Interpretation. R1 does not reduce the gap. Two
features of the recipe could contribute: its tar-
gets differ between the two members of a pair,
and its kept set over-represents the majority vari-
ant (majority-only training widens the gap in the
single-variant ablation; Appendix G). This exper-
iment does not separate the two. At β=0.05, KL
regularization does not prevent the fixed-template
output behavior (R2). One untested explanation
for why R3 keeps race mention is that the DPO
chosen/rejected pair structure decouples the gra-
dient signal for “which letter” from the actual re-
sponse text: the model can keep generating its base-
distribution CoT while shifting the answer-letter
logit toward the chosen answer.

M Extended results figures

Figures A1 and A2 show the results of §4.1 and
§4.2, Figure A3 the race×sex analysis of §4.4,
and Figure A4 the primary runs of §4.3. The two
race×sex constructions both start from AMQA’s
adversarial race variants and keep their framing: in
the LLM-edited probe, Gemma-3-27B-it rewrites
each white and black variant stem to describe a
man or a woman (200 pairs); in the sex-word
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Figure A4: Gap versus N on AMQA-race under (A) the
self-judge (the untuned base model for the LoRA) and
(B) Skywork-RM, for the seed-0 runs of the baseline,
the two fairness instructions, and the reference LoRA
(means over seeds: Table 3 and §4.3). Bands: 95%
bootstrap intervals over questions.

probe, the neutral noun after the race word (“in-
dividual”, “patient”, or “person”) is replaced by
“man” or “woman” in the evaluation records that
describe an adult and contain nothing that contra-
dicts the inserted sex (244 pairs for men, 237 for
women). In both probes 32% to 48% of N=1 out-
puts are truncated without an answer and count as
incorrect. The interaction ∆, the within-women
minus the within-men race gap, is +3.0pp (95%
CI [−8.5,+14.0]) for the LLM-edited probe and
−6.6pp ([−17.8,+4.8]) for the sex-word probe.

Use of AI Assistants

For manuscript preparation, we used large lan-
guage models only to edit the manuscript’s lan-
guage (grammar, clarity, and style) and to sug-
gest alternative wordings for the instructions in
our prompt templates.
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