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Abstract

Large language models (LLMs) used for
multiple-choice and pairwise evaluation tasks
often exhibit selection bias due to non-semantic
factors like option positions and label symbols.
Existing inference-time debiasing is costly and
may harm reasoning, while pointwise training
ignores that the same question should yield
consistent answers across permutations. To
address this issue, we propose Permutation-
Aware Group Relative Policy Optimization (PA-
GRPO), which mitigates selection bias by en-
forcing permutation-consistent semantic rea-
soning. PA-GRPO constructs a permutation
group for each instance by generating multi-
ple candidate permutations, and optimizes the
model using two complementary mechanisms:
(1) cross-permutation advantage, which com-
putes advantages relative to the mean reward
over all permutations of the same instance, and
(2) consistency-aware reward, which encour-
ages the model to produce consistent decisions
across different permutations. Experimental re-
sults demonstrate that PA-GRPO outperforms
strong baselines across seven benchmarks, sub-
stantially reducing selection bias while main-
taining high overall performance. The code is
available on GitHub.

1 Introduction

Large language models (LLMs) have been widely
applied to multiple-choice question (MCQ) reason-
ing (Hendrycks et al., 2020; Achiam et al., 2023)
and LLM-as-a-Judge style evaluation tasks (Zheng
et al., 2023b; Chiang et al., 2024). In these discrete-
choice settings, option order and label symbols
(e.g., A/B/C/D) are non-semantic factors that, in
principle, should not influence the model’s deci-
sions. However, as illustrated in Figure 1, even
when two candidate answers are swapped with-
out altering their content, LLMs may still favor
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Prompt：
which response is better?

A.  [Better Response]

B.  [Worse Response]

Original Order

Prompt：
which response is better?

A.  [Worse Response]

B.  [Better Response]

Permuted Order Label bias: prefer “A”

Position bias: prefer first position

LLMs: permutation sensitivity

Selection 

bias

A. [Better Response]

A. [Worse Response]

Figure 1: Example of selection bias in discrete-choice
settings: swapping the order of answers changes only
non-semantic factors.

the first-listed option (i.e., position bias) or a par-
ticular label such as “A” (i.e., label bias), lead-
ing to inconsistent decisions and even preference
reversals. Such systematic deviations caused by
non-semantic perturbations are referred to as selec-
tion bias (Zheng et al., 2023b,a). Selection bias
undermines the reliability and fairness of evalu-
ation because model outputs can depend on the
arrangement of options rather than their semantic
content (Shi et al., 2024; Wei et al., 2024; Wang
et al., 2024a). Moreover, these errors may be fur-
ther amplified in downstream applications that rely
on such outputs, such as automated data construc-
tion or alignment training (Miao et al., 2024).

Existing methods for mitigating selection bias
can be broadly categorized into two types:
inference-time debiasing and training-time debi-
asing. Inference-time debiasing typically follows
two routes. The first performs output-level cali-
bration by estimating and removing priors post-
hoc (Zhao et al., 2021), such as PriDe for MCQ
and CalibraEval for LLM-as-a-Judge (Zheng et al.,
2023a; Li et al., 2025b). While often effective,
such methods merely adjust surface-level probabili-
ties without rectifying the model’s intrinsic miscon-
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ceptions, and typically incur high computational
overhead due to repeated sampling or optimization.
The second route applies internal interventions
to suppress bias sources, for instance by masking
specific attention heads (UniBias) or pruning bias-
related parameters (BNP) (Zhou et al., 2024; Choi
et al., 2025). However, such invasive modifica-
tions complicate the inference pipeline and carry
the risk of degrading general reasoning capabilities
by inadvertently removing useful semantic features.
In contrast, training-time debiasing aims to inter-
nalize robustness. Yet, existing supervised strate-
gies mostly rely on static augmentation or distilla-
tion (Liusie et al., 2024; Xue et al., 2024). These
methods generally treat permutations as indepen-
dent static samples, limiting the model to passive
imitation of the data distribution rather than ac-
tively exploring the policy space to discover robust,
permutation-invariant strategies.

Fundamentally, selection bias reflects a failure
of robust reasoning in discrete-choice prompting:
when only non-semantic factors (labels or posi-
tions) change, the model should preserve the same
semantic decision. Since this is an intrinsic rea-
soning flaw, a natural solution is to train the model
to maintain consistency under such perturbations,
rather than relying on post-hoc calibration at infer-
ence. In this context, recent reinforcement learning
(RL) methods such as Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024) are appealing,
as they estimate relative advantages from multiple
samples and can directly optimize decision quality.

However, standard GRPO and its variants still
typically treat different prompts as independent
training instances. When multiple prompt variants
are derived from the same semantic instance under
different permutations, they are optimized sepa-
rately without an explicit cross-permutation con-
sistency constraint. Consequently, the model may
achieve high reward under a “favorable” permu-
tation while performing poorly under others (e.g.,
reversed order), yet this inconsistency is not sys-
tematically penalized. We term this failure mode
permutation-blindness.

To address this, we propose Permutation-Aware
Group Relative Policy Optimization (PA-GRPO),
which explicitly targets permutation invariance:
for all permuted variants of the same semantic in-
stance, the model should make semantically con-
sistent choices. PA-GRPO organizes multiple per-
mutations of the same instance into a Permutation
Group and injects permutation awareness via two

mechanisms: (1) Cross-Permutation Advantage:
we elevate the advantage baseline from the sample
mean within a single prompt to the mean over all
samples across the permutation group, so that posi-
tive advantages correspond to being globally better
across permutations; (2) Consistency-Aware Re-
ward: we explicitly encourage consistent decisions
across permutations in the reward, suppressing lo-
cally optimal strategies that exploit positional or
label shortcuts.

We evaluate our approach on seven benchmarks
spanning both MCQ and LLM-as-a-Judge tasks.
During training, we construct representative permu-
tation sets for each semantic instance, covering all
label and position bindings, and validate on Llama-
3.1-8B-Instruct, Qwen3-8B, and Qwen3-32B. Ex-
perimental results show that, compared with strong
baselines such as PIF (Xue et al., 2024) and Cali-
braEval (Li et al., 2025b), PA-GRPO achieves su-
perior performance in both reducing selection bias
and preserving stable performance.

Our contributions are threefold:
• We identify the permutation-blindness issue

in RL alignment under selection-biased settings
and propose permutation invariance as a training
objective.
• We propose PA-GRPO, which incorporates

consistency constraints into training through a
cross-permutation advantage and a consistency-
aware reward.
• Extensive experiments on three backbones and

seven benchmarks verify that PA-GRPO effectively
reduces selection bias.

2 Related Work

LLM-as-a-Judge and MCQ. With the rapid evo-
lution of LLMs, efficient and reliable evaluation
has become a central challenge. A unifying per-
spective is that many widely used evaluation proto-
cols can be formulated as discrete-choice decision
making, where the model selects from a closed set
of candidates. One representative line is LLM-
as-a-Judge (Zheng et al., 2023b), which utilizes
strong LLMs to perform pairwise comparisons of
generated responses and has been widely adopted
for alignment studies and leaderboard-style bench-
marking (Li et al., 2025a). Another representative
line is Multiple Choice Question (MCQ) evalu-
ation (Hendrycks et al., 2020), a standard format
for assessing general reasoning by constraining
the output space to predefined options. Although
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their application scenarios differ, both settings ul-
timately reduce to assigning probabilities over a
closed label set (e.g., A/B or A/B/C/D). Crucially,
this shared discrete-choice nature makes both set-
tings inherently susceptible to non-semantic in-
terference: even minor perturbations to the input
form can trigger drastic fluctuations in decision out-
comes, undermining the reliability of such discrim-
inative tasks (Pezeshkpour and Hruschka, 2024;
Holtzman et al., 2021).
Selection Bias in LLMs. Models in discrete-
choice tasks (e.g., LLM-as-a-Judge, MCQ) are
sensitive to non-semantic factors, known as selec-
tion bias, including label bias and position bias.
Label bias, preferring specific IDs, is addressed
by approaches like SDC (Wang and Liu, 2025),
LOOC (Reif and Schwartz, 2024), and ICC (Jang
et al., 2024) via content-free prompts or calibration,
though often incurring extra inference overhead.
Position bias (Lu et al., 2022), preferring specific
positions, is mitigated by mechanism adjustments:
PINE (Wang et al., 2024b) and RoToR (Yoon et al.,
2025) modify attention masks or positional IDs,
while fine-tuning strategies (Wang et al., 2025) re-
duce sensitivity during training.

Mitigation strategies for selection bias fall into
two categories. Inference-time debiasing includes
calibration methods like PriDe (Zheng et al., 2023a)
and CalibraEval (Li et al., 2025b), which remove
priors post-hoc without fixing the underlying mech-
anism. Alternatively, internal interventions such as
UniBias (Zhou et al., 2024) and BNP (Choi et al.,
2025) prune bias sources but risk unintended side
effects. In contrast, training-time debiasing aims
to internalize robustness. However, existing su-
pervised strategies (Liusie et al., 2024; Xue et al.,
2024) typically treat permutations as static samples,
limiting models to passive imitation rather than ac-
tively exploring the policy space to discover robust,
permutation-invariant strategies.
Reinforcement Learning for Alignment. Rein-
forcement Learning (RL) (Christiano et al., 2017)
has become a core technology for alignment, evolv-
ing from RLHF (PPO) (Ouyang et al., 2022) to
DPO (Rafailov et al., 2023), and the efficient
GRPO (Shao et al., 2024) with its variants (Yu
et al., 2025; Zheng et al., 2025). While these meth-
ods significantly improve generation quality, they
fundamentally rely on a sample-independence as-
sumption. Even group-based methods like GRPO
typically treat permuted variants of the same se-
mantic input as unrelated, independent events. This

leads to permutation-blindness: the optimization
focuses on maximizing reward for a specific order
in isolation, ignoring consistency across permuta-
tions. Consequently, existing RL frameworks fail
to enforce global consistency across input varia-
tions, a critical limitation that our work seeks to
address.

3 Methodology

We propose PA-GRPO (Permutation-Aware Group
Relative Policy Optimization) to mitigate selection
bias induced by non-semantic factors in discrete-
choice reasoning tasks. As illustrated in Figure 2,
unlike standard GRPO which treats each prompt
variation independently, PA-GRPO explicitly mod-
els the dependency among permutation variants.
Our core objective is to jointly optimize for two
goals: (1) maximizing semantic correctness to
align with the ground truth, and (2) enforcing per-
mutation invariance to maintain consistent deci-
sions regardless of option order.

3.1 Problem Formulation
A base instance x consists of a question q and a
candidate set C. We unify MCQ (|C| = 4) and
Pairwise Judge (|C| = 2) as conditional genera-
tion tasks. Given a prompt p, a policy πθ(y | p)
generates a response y. We parse the surface label
ℓ(y) ∈ L (e.g., A/B/C/D) from the output. Ide-
ally, a robust model should satisfy permutation in-
variance: for any non-semantic permutation τ , the
mapped semantic choice should remain invariant.
Selection bias is defined as the violation of this
property, manifested as systematic preference flips
triggered by label or position changes.

3.2 Permutation Group Construction and
Sampling

To enforce cross-permutation consistency, we orga-
nize training data into Permutation Groups. For
each base instance x, we apply a set of permutation
mappings Π to generate P distinct prompt variants:

G(x) = {p(t) = τt(x)}Pt=1, τt ∈ Π. (1)

For each permuted prompt p(t), we further sample
a response group of N outputs {y(t,i)}Ni=1 from
the current policy πθ (as in GRPO). Together, this
yields a two-level structure: sampling diversity
within each permutation and robustness across per-
mutations. In the following sections, we compute
rewards and advantage baselines over all P × N
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Figure 2: Comparison between Standard GRPO (left) and the proposed PA-GRPO (right). Standard GRPO
treats permuted prompts as independent samples, suffering from permutation blindness where inconsistency
goes unpunished. In contrast, PA-GRPO organizes samples into Permutation Groups. It introduces (1) a Cross-
Permutation Advantage (using the permutation group mean as a baseline) and (2) a Consistency-Aware Reward to
explicitly enforce semantic invariance across different permutations of the same instance.

samples, enabling explicit cross-permutation learn-
ing and reducing reliance on any single “favorable”
permutation. Specifically, we design the permuta-
tion set Π for different tasks as follows:
MCQ (P = 5, Structured Subset). The full per-
mutation space (4! = 24) is costly in computation.
We employ a structured subset strategy consisting
of four cyclic shifts and one reverse order:

ΠMCQ = {ABCD,BCDA,CDAB,DABC,DCBA}.
(2)

The four cyclic shifts ensure strictly uniform cov-
erage of each option at every position. We addi-
tionally include the reverse order (DCBA) to disrupt
relative adjacency patterns (e.g., A is always before
B in cyclic shifts), thereby enhancing robustness
against complex order-dependent biases.
JUDGE (P = 2, Full Set). For pairwise compar-
ison, the space is small (2! = 2). We employ the
full symmetric set:

ΠJudge = {AB,BA}. (3)

3.3 Reward Design: Content Alignment and
Consistency Awareness

Standard RLHF (Ouyang et al., 2022) typically re-
lies on a scalar reward signal reflecting response
correctness. However, in the context of debiasing,
a correct response under a specific permutation is

insufficient; the model must demonstrate robust
correctness across all variations. Therefore, we
design a composite reward mechanism that explic-
itly decouples the evaluation into two dimensions:
(1) Preliminary Reward (rpre), which assesses
whether the current response matches the ground
truth; (2) Consistency Reward (rcon), which pe-
nalizes semantic divergence within the permutation
group. To implement this, we first establish a map-
ping from surface labels to semantic identities.

3.3.1 Content Alignment: From Labels to
Semantic Choices

Consistency must be defined over the selected con-
tent, not the surface letters. For each permutation
mapping τt, we define a mapping function mτt that
maps a surface label to the index of the original
semantic candidate:

mτt(ℓ) ∈ {1, . . . , |C|}. (4)

For the i-th sampled response under permutation t,
the semantic choice is:

z(t,i) = mτt(ℓ(y
(t,i))). (5)

3.3.2 Preliminary Reward
For each sampled response y(t,i), the total reward
is:

r(t,i) = r
(t,i)
pre + λ r

(t,i)
con . (6)
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The preliminary reward aggregates accuracy,
length, and format constraints:

r
(t,i)
pre = r

(t,i)
acc + r

(t,i)
len + r

(t,i)
fmt . (7)

In our implementation, we use: correctness reward
racc ∈ {+1,−1} based on whether z(t,i) matches
the ground-truth semantic answer, along with mi-
nor regularization terms for length (rlen = ±0.1)
and formatting (rfmt = ±0.3).

3.3.3 Consistency-Aware Reward
We introduce a consistency reward rcon to encour-
age semantically consistent decisions within each
permutation group G(x).
JUDGE (P = 2): index-aligned pairwise con-
sistency. We pair the i-th samples across the two
permutations:

r
(1,i)
con = r

(2,i)
con =

{
+1, z(1,i) = z(2,i)

−1, z(1,i) ̸= z(2,i).
(8)

MCQ (P = 5): unique-mode agreement. Let nk

be the count of semantic choice k across the entire
group, andM be the set of modes:

nk =

P∑

t=1

N∑

i=1

1
[
z(t,i) = k

]
,

M = argmax
k

nk.

(9)

If |M| = 1, denote the unique mode by z⋆. We
explicitly penalize fragmentation (including ties):

r
(t,i)
con =

{
+1, |M| = 1 and z(t,i) = z⋆

−1, otherwise.
(10)

3.4 Cross-Permutation Advantage Estimation
Prompts in a permutation group G(x) are seman-
tically identical but differ in non-semantic surface
factors. If advantages are computed independently
per prompt variant (as in standard GRPO), the pol-
icy can be reinforced by a “favorable” ordering
even when it fails under other permutations.

PA-GRPO therefore lifts advantage estimation to
the permutation-group level. We treat the P ×N
samples from G(x) as a single comparison set and
compute the permutation-group mean and standard
deviation:

µG =
1

PN

P∑

t=1

N∑

i=1

r(t,i),

σG = Std
(
{r(t,i)}t,i

)
,

(11)

where both statistics are computed over all per-
mutations and samples within G(x). The cross-
permutation advantage is:

A
(t,i)
PA =




0, σG < δ

r(t,i) − µG
σG + ϵ

, otherwise.
(12)

This yields (i) instance-wise competition across
permutations via the permutation-group baseline
µG : a sample receives a positive advantage only
if its reward exceeds the permutation-group mean,
and (ii) scale-invariant stability via normalization
by σG . When σG < δ, rewards are nearly indistin-
guishable within the group, so we set APA = 0 to
avoid amplifying noise.

3.5 Optimization Objective

We adopt a clipped objective with KL regulariza-
tion to stabilize training. Let the importance ratio
be defined as:

ρ(t,i)(θ) =
πθ(y

(t,i) | p(t))
πold(y(t,i) | p(t))

(13)

The clipped surrogate objective is:

Lclip(θ) = E
[
min

(
ρ(t,i)A

(t,i)
PA ,

clip
(
ρ(t,i), 1− η, 1 + η

)
A

(t,i)
PA

)]
. (14)

The final objective maximizes the surrogate re-
ward while penalizing deviation from the reference
policy:

max
θ

(
Lclip(θ) −

β Ep(t)

[
KL

(
πθ(·|p(t)) ∥ πref(·|p(t))

)])
. (15)

The complete training procedure is provided in
Algorithm 1 in Appendix B.

4 Experimental Setup

In this section, we present a comprehensive evalua-
tion of PA-GRPO to answer the following research
questions (RQs):

RQ1: Can PA-GRPO outperform existing
inference-time calibration and training-time debi-
asing methods?

RQ2: What are the individual contributions of
the Cross-Permutation Advantage (APA) and the
Consistency-Aware Reward (rcon)?
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RQ3: How do the consistency reward coeffi-
cient λ and permutation group size P affect model
performance, permutation invariance, and training
efficiency?

RQ4: Can PA-GRPO effectively align reasoning
consistency under Chain-of-Thought prompting?

RQ5: How does PA-GRPO’s robustness differ
between isolated label-only and order-only per-
turbations and the naturally coupled permutations
used in training, and what does this reveal about
the remaining sources of bias?

4.1 Datasets and Evaluation Protocol
We evaluated PA-GRPO on seven benchmarks
spanning two categories: (1) LLM-AS-A-JUDGE:
MT-Bench (Zheng et al., 2023b), JudgeBench (Tan
et al., 2024), PreferenceBench (Kim et al., 2024),
and RewardBench (Lambert et al., 2025); and
(2) MCQ: ARC-Challenge (Clark et al., 2018),
TinyMMLU (Polo et al., 2024), and GPQA (Rein
et al., 2024). Brief descriptions of each bench-
mark and their task formats are provided in Ap-
pendix C. For training, we utilized the Chatbot
Arena dataset (Zheng et al., 2023b) for pairwise
tasks and the MMLU training set (Hendrycks et al.,
2020) for reasoning tasks. Details of data construc-
tion are provided in Appendix D.

To rigorously quantify permutation invariance
during inference, we employed Full Permutation
Expansion rather than random sampling. Specifi-
cally, we evaluated the complete permutation space
for every test instance, covering all 2! = 2 possible
orders for LLM-as-a-Judge tasks and all 4! = 24
possible arrangements for MCQ tasks.

4.2 Metrics
We report three core metrics to measure perfor-
mance and robustness:
Accuracy (Acc). The standard performance met-
ric, calculated as the average correctness over all
samples in the expanded permutation groups.
Consistency (Con). It measures decision stability
across permutations. For LLM-as-a-Judge, it is de-
fined as the proportion of instance pairs where the
model makes the identical semantic choice under
both orders. For MCQ, we define it as the major-
ity consensus ratio nmode/24, where nmode is the
count of the most frequent semantic choice within
the permutation group.
Consistent Accuracy (CA). It measures the ability
to be both consistent and correct. For LLM-as-
a-Judge, we apply a strict criterion: an instance

scores 1 if and only if the model answers correctly
under both permutations. For MCQ, we adopt
Majority Vote Correctness (Wang et al., 2022):
an instance scores 1 if the mode of the permuta-
tion group matches the ground truth. This reflects
whether the consensus converges to the truth after
filtering out permutation noise.

4.3 Baselines

We compare PA-GRPO with five strong base-
lines covering both inference-time debiasing and
training-time alignment. Inference-time methods
include PriDe (Zheng et al., 2023a), which esti-
mates and removes a global prior preference over
option-ID tokens; CalibraEval (Li et al., 2025b),
which learns a label-free calibration mapping to en-
force swap-invariant judging; and UniBias (Zhou
et al., 2024), which mitigates bias by masking
identified biased attention heads and FFN vectors.
Training-time baselines include PIF (Xue et al.,
2024), an SFT algorithm that strengthens multiple-
choice symbol binding via point-wise feedback
on constructed negative instances, and standard
GRPO (Shao et al., 2024). Due to space constraints,
detailed mechanisms and our implementation set-
tings are provided in Appendix E.

4.4 Implementation Details

We used Llama-3.1-8B-Instruct (Dubey et al.,
2024), Qwen3-8B, and Qwen3-32B (Yang et al.,
2025) as policy models. All models were trained
within the VERL (Sheng et al., 2025) RL frame-
work, and we employed LoRA (Hu et al., 2022) for
fine-tuning. Detailed training configurations and
hyperparameters are provided in Appendix F.

5 Results and Analysis

5.1 Main Results

As shown in Table 1, across three different
LLMs, PA-GRPO yields consistent gains over the
strongest baselines, covering both inference-time
calibration and training-time debiasing methods.
The improvements are particularly concentrated on
permutation-sensitive robustness metrics, includ-
ing Consistency and Consistent Accuracy, while
keeping standard Accuracy competitive.

For Llama-3.1-8B-Instruct, PA-GRPO raises
MT-Bench accuracy to 77.6% and consistency to
88.0%. This representative case suggests that
permutation-aware optimization not only improves
the headline score but also mitigates decision in-
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LLM-as-a-Judge Multiple Choice Questions

Model Method
MT-Bench JudgeBench PreferenceBench RewardBench GPQA ARC-Challenge TinyMMLU

Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA
L

la
m

a-
3.

1-
8B

Base 59.6 25.2 22.2 35.0 34.8 6.1 60.8 22.6 22.1 60.5 31.5 26.2 27.3 40.0 27.2 73.0 82.5 78.9 54.2 68.9 57.0
GRPO 75.7 80.6 65.4 48.2 56.1 28.2 82.2 85.1 76.3 70.9 76.9 61.5 29.5 55.6 29.7 89.0 92.1 91.5 67.3 77.9 73.0
UniBias 68.5 59.4 48.2 50.2 23.0 10.9 79.7 65.6 62.5 68.4 64.4 50.6 32.3 56.1 31.8 80.4 90.0 83.6 61.1 76.5 65.0
PriDe 65.6 46.2 38.9 49.1 16.2 7.2 81.6 69.1 66.2 65.1 52.8 41.5 31.0 49.1 27.4 79.1 83.0 79.0 59.7 69.5 58.0
CalibraEval 62.3 42.1 33.4 49.3 15.7 7.1 70.4 44.4 42.7 60.7 34.4 27.8 28.3 48.2 26.5 74.4 71.0 68.3 55.6 72.1 62.0
PIF 76.1 84.6 70.4 53.3 59.2 30.4 54.3 37.1 25.7 73.7 76.7 62.0 29.1 49.7 29.2 73.3 83.0 78.8 56.9 69.1 57.0

PA-GRPO 77.6
(+1.5)

88.0
(+3.4)

71.7
(+1.3)

57.1
(+3.8)

58.3
(-0.9)

32.4
(+2.0)

86.2
(+4.0)

87.2
(+2.1)

79.8
(+3.5)

71.0
(-2.7)

82.7
(+5.8)

62.3
(+0.3)

32.1
(-0.2)

57.2
(+1.1)

33.2
(+1.4)

89.3
(+0.3)

92.9
(+0.8)

92.6
(+1.1)

67.9
(+0.6)

81.9
(+4.0)

75.0
(+2.0)

Q
w

en
3-

8B

Base 71.2 56.3 49.4 43.9 45.5 16.5 82.3 70.2 67.4 79.3 73.8 66.2 32.5 48.2 30.4 90.5 94.7 92.4 67.4 79.6 72.0
GRPO 78.1 82.5 69.3 50.4 62.6 34.8 82.9 77.3 76.2 86.8 86.7 80.2 40.4 63.2 43.8 94.6 97.2 95.9 56.6 83.7 76.0
UniBias 67.0 52.7 43.4 52.2 26.1 14.9 75.8 55.4 53.5 66.6 45.9 39.5 34.6 54.3 34.2 89.9 94.1 91.8 71.3 81.0 74.0
PriDe 72.6 66.7 52.1 51.2 48.8 29.8 81.5 72.6 69.7 80.9 79.1 68.7 34.4 56.9 38.5 91.2 94.9 92.6 68.9 79.9 78.0
CalibraEval 72.4 62.1 50.9 49.7 56.4 31.3 76.5 72.8 70.1 80.4 71.2 69.5 33.5 49.8 32.9 90.1 91.0 89.8 63.5 75.5 68.0
PIF 75.1 83.2 68.9 54.3 59.6 37.4 77.7 64.2 58.9 83.9 80.1 75.8 32.7 68.7 46.6 92.2 95.4 93.5 75.1 81.4 75.0

PA-GRPO 78.8
(+0.7)

86.4
(+3.2)

72.0
(+2.7)

60.1
(+5.8)

70.0
(+7.4)

45.3
(+7.9)

88.9
(+6.0)

89.6
(+12.3)

83.7
(+7.5)

84.4
(-2.4)

88.9
(+2.2)

80.6
(+0.4)

42.3
(+1.9)

72.4
(+3.7)

56.7
(+10.1)

95.0
(+0.4)

97.5
(+0.3)

96.2
(+0.3)

73.2
(-1.9)

88.6
(+4.9)

80.0
(+2.0)

Q
w

en
3-

32
B

Base 78.5 83.4 70.3 55.4 62.1 29.7 84.9 85.1 78.7 85.4 84.3 77.5 40.4 59.9 46.7 94.5 97.2 95.7 76.5 86.0 81.0
GRPO 81.0 90.6 73.7 61.4 74.2 45.1 89.1 90.3 83.3 88.2 91.4 83.9 53.2 74.3 59.9 95.3 98.1 97.0 85.2 91.4 86.0
UniBias 76.5 85.6 71.1 56.2 64.0 32.5 87.2 91.1 84.1 85.7 85.9 78.0 46.9 68.9 54.5 94.5 95.8 95.1 81.0 89.3 80.0
PriDe 77.2 86.1 72.1 56.8 63.5 33.1 85.1 86.7 81.2 86.9 88.2 80.3 49.7 73.1 58.5 95.5 97.4 95.8 79.9 84.1 84.0
CalibraEval 78.8 79.1 71.2 52.9 61.0 28.9 83.7 87.2 79.9 85.5 86.7 79.6 48.0 72.2 55.2 93.9 96.8 96.0 80.3 83.3 85.0
PIF 79.4 86.5 72.8 62.2 68.4 36.9 89.3 90.6 85.5 90.8 90.9 84.7 52.1 72.8 60.1 96.1 97.6 96.8 84.3 92.0 88.0

PA-GRPO 81.4
(+0.4)

91.6
(+1.0)

74.8
(+1.1)

59.4
(-2.8)

75.2
(+1.0)

43.4
(-1.7)

90.2
(+0.9)

92.1
(+1.0)

86.2
(+0.7)

90.5
(-0.3)

92.1
(+0.7)

86.6
(+1.9)

54.1
(+0.9)

75.1
(+0.8)

61.2
(+1.1)

96.0
(-0.1)

98.3
(+0.2)

97.2
(+0.2)

86.8
(+1.6)

91.8
(-0.2)

89.0
(+1.0)

Table 1: Main results on Llama-3.1-8B-Instruct, Qwen3-8B, and Qwen3-32B across 7 benchmarks. All scores are
rounded to one decimal place. PA-GRPO results show the absolute score (top) and the gain/drop compared to the
best baseline (bottom). Bold indicates the best result in each column.

LLM-as-a-Judge Multiple Choice Questions

Method
MT-Bench JudgeBench PreferenceBench RewardBench GPQA ARC-Challenge TinyMMLU

Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA

Base 59.6 25.2 22.2 35.0 34.8 6.1 60.8 22.6 22.1 60.5 31.5 26.2 27.3 40.0 27.2 73.0 82.5 78.9 54.2 68.9 57.0
GRPO 75.7 80.6 65.4 48.2 56.1 28.2 82.2 85.1 76.3 70.9 76.9 61.5 29.5 55.6 29.7 89.0 92.1 91.5 67.3 77.9 73.0
+ rcon 75.2 83.1 66.5 48.0 56.5 29.2 82.6 85.9 76.9 70.6 79.0 61.9 29.9 56.4 31.0 87.8 92.3 92.0 67.1 78.8 73.0
+ APA 76.6 84.2 67.8 49.3 55.4 30.5 83.4 86.4 77.8 69.8 78.7 61.1 30.7 57.1 32.2 89.7 92.3 91.9 67.5 79.4 74.0
PA-GRPO 77.6 88.0 71.7 57.1 58.3 32.4 86.2 87.2 79.8 71.0 82.7 62.3 32.1 57.2 33.2 89.3 92.9 92.6 67.9 81.9 75.0

Table 2: Ablation study on Llama-3.1-8B-Instruct across all 7 benchmarks. We group datasets into LLM-as-a-Judge
tasks and MCQ tasks. The best results are bolded. Adding both components (APA and rcon) consistently yields the
best robustness.

stability under reordering. This aligns with our
motivation that selection bias often manifests as un-
stable preferences across equivalent permutations.

For Qwen3-8B, the gain becomes more salient
in LLM-as-a-Judge evaluations; for instance,
JudgeBench accuracy reaches 60.1%, indicating
that PA-GRPO regularizes the model more effec-
tively in settings susceptible to selection bias, pre-
venting it from relying on arbitrary presentation
factors (e.g., position or label) for pairwise judg-
ments. Meanwhile, the most notable improvement
on MCQ tasks is observed on GPQA, where Consis-
tent Accuracy improves from 46.6% to 56.7%, im-
plying that the permutation-group consensus con-
verges more reliably to the ground truth after fil-
tering out permutation noise in complex scientific
reasoning.

For the larger LLM, Qwen3-32B, although the
absolute performance is already high, the gains re-
main persistent; MT-Bench consistency increases
to 91.6%, suggesting that PA-GRPO continues to
refine stability even with limited headroom. While
a few benchmark-specific metrics show slight re-
gressions, these appear isolated and do not al-
ter the overall trend that enforcing permutation-
aware optimization enhances stability and reliabil-
ity across permutations in both LLM-as-a-Judge
and multiple-choice evaluations. A qualitative case
study illustrating how PA-GRPO tracks semantic
content across permutations, in contrast to vanilla
GRPO’s surface-level preference, is provided in
Appendix G.
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LLM-as-a-Judge Multiple Choice Questions

Setting
MT-Bench JudgeBench PreferenceBench RewardBench GPQA ARC-Challenge TinyMMLU

Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA

Base 59.6 25.2 22.2 35.0 34.8 6.1 60.8 22.6 22.1 60.5 31.5 26.2 27.3 40.0 27.2 73.0 82.5 78.9 54.2 68.9 57.0

λ = 0.5 78.0 86.4 69.8 56.5 55.4 31.9 85.3 86.8 78.9 70.7 80.9 60.5 32.1 56.6 32.0 89.4 92.0 92.4 67.1 78.2 74.0

λ = 1.0 (Default) 77.6 88.0 71.7 57.1 58.3 32.4 86.2 87.2 79.8 71.0 82.7 62.3 32.1 57.2 33.2 89.3 92.9 92.6 67.9 81.9 75.0
λ = 2.0 76.5 88.6 70.5 56.8 55.9 32.0 85.0 87.5 79.1 70.3 82.5 62.1 31.4 58.0 33.6 88.7 91.2 91.1 66.4 80.1 73.0

Table 3: Impact of the consistency reward coefficient (λ) on Llama-3.1-8B-Instruct. We group datasets into
LLM-as-a-Judge tasks and MCQ tasks. λ = 1.0 achieves the best balance. The best results are bolded.
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Figure 3: Impact of Permutation Group Size (P ).

5.2 Ablation Study

Table 2 examines the contributions of the
Consistency-Aware Reward rcon and the Cross-
Permutation Advantage APA on Llama-3.1-8B-
Instruct. Adding rcon to GRPO explicitly encour-
ages within-group agreement, effectively raising
MT-Bench consistency from 80.6% to 83.1% with-
out sacrificing correctness. In contrast, enabling
APA reduces permutation-induced reward variance
during advantage estimation, which translates into
broader gains, such as improving JudgeBench ac-
curacy from 48.2% to 49.3%.

Crucially, the two components are complemen-
tary: rcon shapes the model toward agreement,
while APA stabilizes the group-level optimization
signal. Their combination yields the strongest over-
all robustness, boosting PreferenceBench consis-
tent accuracy from 76.3% to 79.8% and reaching
75.0% on TinyMMLU. While minor benchmark-
specific accuracy trade-offs are observed, the re-
sults confirm that both components are essential
for reliable cross-permutation behavior.

5.3 Hyperparameter Analysis

We analyze two key hyperparameters of PA-GRPO
on Llama-3.1-8B-Instruct: the consistency reward
coefficient λ and the permutation group size P .
Table 3 summarizes the effect of λ across LLM-
as-a-Judge and MCQ benchmarks, and Figure 3
reports results for different P on MCQ tasks.

Consistency reward coefficient λ. We evaluate
λ values of 0.5, 1.0, and 2.0 on Llama-3.1-8B-
Instruct. We select λ = 1.0 as it optimally balances
performance and consistency, achieving 79.8% con-
sistent accuracy on PreferenceBench. In contrast,
λ = 0.5 sacrifices stability for marginal accuracy
gains on MT-Bench, while λ = 2.0 provides no sig-
nificant performance benefit to justify the stronger
regularization.
Permutation group size P . As illustrated in Fig-
ure 3, for MCQ tasks, we compare P values of
4, 5, and 24. We find that P = 5, which adds a
reverse order to cyclic shifts, outperforms P = 4
by effectively disrupting adjacency bias. Although
expanding to the full set where P = 24 increases
TinyMMLU consistent accuracy from 75.0% to
77.0%, the marginal gain does not justify the nearly
five-fold computational cost. We therefore adopt
P = 5 for efficiency.

5.4 Chain-of-Thought Analysis

We further investigate whether the robustness gains
of PA-GRPO depend on explicit chain-of-thought
(CoT) generation. Table 4 compares four settings
on Llama-3.1-8B-Instruct: Base (Direct), Base
(CoT), PA-GRPO (Direct), and PA-GRPO (CoT).

The results reveal two complementary effects.
First, PA-GRPO improves robustness even under
direct decoding, indicating that permutation-aware
alignment is internalized into the policy itself. For
example, on MT-Bench, consistent accuracy im-
proves from 58.0% for Base (CoT) to 69.3% for
PA-GRPO (Direct).

Second, explicit reasoning further amplifies
these gains. PA-GRPO (CoT) achieves the
strongest overall results across most benchmarks,
including GPQA, where consistent accuracy rises
from 30.8% under direct decoding to 33.2%
with CoT. This pattern suggests that CoT and
permutation-aware training play different but com-
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LLM-as-a-Judge Multiple Choice Questions

Method
MT-Bench JudgeBench PreferenceBench RewardBench GPQA ARC-Challenge TinyMMLU

Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA

Base (Direct) 59.6 25.2 22.2 35.0 34.8 6.1 60.8 22.6 22.1 60.5 31.5 26.2 27.3 40.0 27.2 73.0 82.5 78.9 54.2 68.9 57.0

Base (CoT) 68.7 68.2 58.0 39.0 48.5 17.1 70.3 61.3 58.1 67.5 76.2 54.8 24.5 53.9 26.6 84.6 84.2 81.1 62.4 74.3 64.0

PA-GRPO (Direct) 75.1 85.5 69.3 58.0 54.5 31.8 84.8 82.3 75.9 69.5 80.1 59.8 31.0 54.1 30.8 86.5 89.9 88.7 66.5 77.9 72.0

PA-GRPO (CoT) 77.6 88.0 71.7 57.1 58.3 32.4 86.2 87.2 79.8 71.0 82.7 62.3 32.1 57.2 33.2 89.3 92.9 92.6 67.9 81.9 75.0

Table 4: Performance comparison of Direct vs. Chain-of-Thought (CoT) inference strategies. We report Accuracy,
Consistency, and Consistent Accuracy for both the Base model and PA-GRPO across seven benchmarks.

LLM-as-a-Judge Multiple Choice Questions

Bias Setting
MT-Bench JudgeBench PreferenceBench RewardBench GPQA ARC-Challenge TinyMMLU

Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA Acc Con CA

Label Bias (Label-only) 76.7 92.2 72.8 56.3 79.0 45.8 74.9 62.8 56.2 70.7 87.5 64.4 22.0 67.2 20.8 80.7 95.6 81.3 63.5 83.8 66.0

Position Bias (Order-only) 77.4 85.1 69.9 55.0 45.5 27.7 74.2 66.9 57.7 71.6 82.0 62.6 27.9 65.0 27.7 80.9 91.9 82.8 64.3 80.5 72.0

Selection Bias (Standard) 77.6 88.0 71.7 57.1 58.3 32.4 86.2 87.2 79.8 71.0 82.7 62.3 32.1 57.2 33.2 89.3 92.9 92.6 67.9 81.9 75.0

Table 5: Bias decomposition results under three controlled protocols: Label Bias, Position Bias, and Selection Bias.
We report Accuracy, Consistency, and Consistent Accuracy for PA-GRPO across seven benchmarks.

plementary roles: PA-GRPO improves the un-
derlying policy’s invariance to label and position
changes, while CoT provides additional deliber-
ation that helps the model resolve difficult cases
more consistently.

Overall, these results indicate that PA-GRPO
does not depend on CoT to achieve robustness,
but can benefit further from CoT at inference time
when stronger reasoning is available.

5.5 Bias Decomposition Analysis

To better understand residual selection bias af-
ter PA-GRPO, we decompose it into three fac-
tors: label bias, position bias, and their cou-
pled effect. We evaluate three protocols: Label
Bias, which rotates option identifiers while pre-
serving the content-position mapping; Position
Bias, which permutes display order while preserv-
ing the identifier-content mapping; and Selection
Bias, which applies the coupled identifier-position
permutation used in our standard evaluation.

As shown in Table 5, residual sensitivity to po-
sition is often stronger than sensitivity to labels
alone, especially on judge-style benchmarks. This
trend is clearest on JudgeBench, where consistency
is 79.0% under label-only perturbations but drops
to 45.5% under order-only perturbations. In con-
trast, MCQ benchmarks generally exhibit weaker
label effects; for example, ARC-Challenge reaches
95.6% consistency under label-only perturbations.
These results suggest that residual bias is dataset-
dependent and cannot be explained by a single fac-

tor.
We further find that the coupled protocol is most

aligned with the training objective and is often com-
petitive, especially on PreferenceBench. On Pref-
erenceBench, the standard coupled protocol yields
87.2% consistency, compared with 62.8% under
label-only perturbations and 66.9% under order-
only perturbations. This is consistent with the de-
sign of PA-GRPO, which optimizes consistency
under coupled permutations, although the strength
of this advantage varies across datasets. The factor-
isolated protocols remain informative because they
reveal residual sensitivities that are not explicitly
disentangled during training. Additional metrics
(RStd, CKLD) and a prompt sensitivity analysis
are reported in Appendix H.

6 Conclusion

In this paper, we proposed PA-GRPO, a novel
RL framework designed to mitigate selection bias
in LLMs. By integrating a cross-permutation
advantage and a consistency-aware reward, our
PA-GRPO explicitly enforces semantic invariance
across different option arrangements. Extensive ex-
periments on seven benchmarks demonstrate that
PA-GRPO significantly outperforms strong base-
lines, effectively reducing position and label biases
while maintaining high reasoning accuracy. This
work highlights the efficacy of internalizing con-
sistency constraints to achieve robust and reliable
discrete-choice reasoning.
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Limitations

While PA-GRPO proves effective, we acknowl-
edge specific limitations in our current study scope.
First, our method is primarily tailored for discrete-
choice tasks (e.g., MCQ and pairwise judgments)
where permutation groups are naturally defined.
Extending this consistency-based objective to open-
ended generation remains a challenge, as seman-
tic equivalence is harder to quantify in long-form
text. Second, our evaluation is currently centered
on English benchmarks and open-weights models.
The interaction between permutation invariance
and other systematic artifacts, such as verbosity
bias (Dubois et al., 2024) or culture-specific biases
in multilingual settings, has not yet been fully ex-
plored. We view our work as a foundational step
toward permutation-robust alignment, leaving these
broader generalization tests for future research.

Ethics Considerations

The research presented in this paper is founded
on open-source LLMs and utilizes publicly avail-
able datasets. Consequently, we do not anticipate
that our study will have any direct adverse effects.
However, it is crucial to recognize that any genera-
tive AI technology, including the contributions of
our research, must be implemented with caution to
avert potentially harmful outcomes.
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A Statement on the Use of Large
Language Models

In this study, Large Language Models (LLMs) were
employed solely for the purpose of grammatical
correction and text refinement to improve read-
ability. They were not involved in the concep-
tualization of the research, generation of content,
or any substantive scientific contribution. The au-
thors retain full responsibility for the content of this
manuscript, ensuring its originality and accuracy.

B Training Procedure

Algorithm 1 Permutation-Aware GRPO (PA-
GRPO)
Require: Policy πθ, old policy πold, reference

policy πref , permutation set Π, parameters
P,N, λ, β

1: for each batch B do
2: Initialize Lbatch ← 0
3: for each instance x ∈ B do
4: Construct G(x) = {p(t) = τt(x)}Pt=1

5: Sample N outputs y(t,i) for each p(t) and
map them to semantic outputs z(t,i)

6: Compute preprocessing rewards r(t,i)pre

7: if JUDGE then
8: Compute consistency rewards r(t,i)con by

pairwise agreement
9: else if MCQ then

10: Compute consistency rewards r(t,i)con by
majority agreement

11: end if
12: Compute total rewards r(t,i) = r

(t,i)
pre +

λr
(t,i)
con

13: Compute advantages A(t,i)
PA using Eq. 12

14: Compute instance objective Lx using
Eq. 15

15: Lbatch ← Lbatch + Lx
16: end for
17: Update θ using Lbatch
18: Set πold ← πθ
19: end for

C Benchmark Descriptions

This appendix briefly describes the seven evalua-
tion benchmarks used in Section 4.1. We group
them into (i) pairwise judging benchmarks, where
each instance contains an instruction (or question)
and two candidate responses with a reference pref-
erence label, and (ii) MCQ benchmarks, where

each instance is a 4-option multiple-choice ques-
tion with a provided answer key. Unless otherwise
noted, our permutation-based evaluation protocol
(Appendix D) is applied to the canonical input for-
mat of each benchmark.

MT-Bench. MT-Bench (Zheng et al., 2023b) is a
controlled, multi-turn instruction-following bench-
mark designed to evaluate conversational assistants.
It consists of 80 manually written, high-quality
multi-turn prompts spanning eight common user
categories (e.g., writing, roleplay, extraction, rea-
soning, math, coding, and two knowledge-oriented
categories), with 10 prompts per category. Each
MT-Bench prompt contains two turns, enabling
evaluation of context tracking and multi-step di-
alogue behaviors. For pairwise judging settings,
we use the standard pairwise formulation of MT-
Bench prompts where a judge compares two model
responses for the same prompt.

JudgeBench. JudgeBench (Tan et al., 2024) is a
benchmark for evaluating the reliability of LLM-
based judges under realistic pairwise comparison
settings. Each example is a question paired with
two candidate responses, accompanied by an ob-
jective preference label indicating which response
is more correct. The released benchmark includes
response pairs generated by strong frontier models,
and is designed to probe common judging failure
modes such as order sensitivity and bias.

PreferenceBench. PreferenceBench (Kim et al.,
2024) is an in-domain pairwise ranking bench-
mark introduced alongside Prometheus 2. It is
constructed by pairing two responses from a pool
of multiple candidate responses per prompt, pro-
ducing a set of 200 prompts with 2,000 labeled
response pairs. In addition, PreferenceBench in-
cludes prompt-specific evaluation criteria intended
to make the comparison more fine-grained and to
stress judges’ adherence to explicit rubrics.

RewardBench. RewardBench (Lambert et al.,
2025) evaluates reward models (and judge-like
scorers) on preference-style comparisons. Each
instance is formatted as a prompt with a human-
verified chosen completion and a rejected comple-
tion. The benchmark aggregates structured compar-
isons spanning several high-level categories, includ-
ing chat instruction-following, reasoning-focused
comparisons, and safety/refusal behavior, aiming
to cover both in-distribution and challenging out-
of-distribution preference cases.
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ARC-Challenge. ARC (AI2 Reasoning Chal-
lenge) (Clark et al., 2018) is a multiple-choice sci-
ence QA benchmark, where ARC-Challenge repre-
sents the more difficult subset. Questions are grade-
school level science problems that typically require
non-trivial reasoning beyond superficial retrieval.
We use the standard ARC-Challenge configuration
with its widely used train/validation/test splits and
the provided answer key for evaluation.

TinyMMLU. TinyMMLU (Polo et al., 2024) is
a compact evaluation set derived from MMLU, in-
tended to approximate MMLU-style performance
with far fewer questions. It consists of a small
subsample of MMLU-format questions spanning
diverse subject areas, each presented as a 4-option
multiple-choice problem. This benchmark enables
faster iteration while retaining broad topical cover-
age.

GPQA. GPQA (Rein et al., 2024) is a graduate-
level, domain-expert-written multiple-choice QA
benchmark designed to be difficult for non-experts
even with access to web search. All questions are 4-
option MCQ drawn from three high-level domains
(biology, physics, and chemistry), with curated sub-
sets that vary in strictness and difficulty (including
a higher-quality, harder subset). We follow the stan-
dard GPQA evaluation protocol using the released
answer key.

D Data Construction and Evaluation
Details

Training Data Filtering. To ensure training ef-
ficiency and explicitly target selection bias, we
performed pre-processing filtering on the source
datasets (Chatbot Arena and MMLU). We utilized
Llama-3.1-8B-Instruct to infer each training in-
stance under both original and reversed orders (or
cyclically shifted orders for MCQ). We specifically
retained instances where the model yielded incon-
sistent predictions across permutations, as these
samples provide the strongest signal for learning
permutation invariance.

Full Permutation Protocol. During inference,
we strictly evaluated the complete permutation
space to calculate consistency metrics:

• LLM-as-a-Judge Tasks: For each pairwise
comparison, we evaluated all 2! = 2 possible
orders: standard (AB) and reversed (BA).

• MCQ Tasks: For each 4-option question, we
evaluated all 4! = 24 possible arrangements
of the options.

All reported metrics (Accuracy, Consistency, Con-
sistent Accuracy) are aggregated results based on
these fully expanded permutation groups.

E Baseline Details and Implementation

This appendix provides (i) the core idea of each
baseline and (ii) how we implemented it in our
experimental pipeline.

PriDe (Debiasing with Prior Estimation).
PriDe is a label-free, inference-time debiasing
method originally proposed for multiple-choice se-
lection robustness (Zheng et al., 2023a). Let q be
the question, option-ID tokens be {di}ni=1 (e.g.,
A/B/C/D), and option contents be {oi}ni=1. PriDe
assumes the observed prediction distribution over
option IDs can be decomposed into a prior term
over di and a debiased term over the paired op-
tion content (under a permutation) (Zheng et al.,
2023a):

Pobs(di | q, xI) ∝ Pprior(di | q)Pdeb(ofI(i) | q, x),
(16)

where I indexes an option permutation (we use
cyclic permutations as in the paper), and fI(i)
maps the i-th ID token to the paired option con-
tent under I . With cyclic permutations I, PriDe
estimates a sample-specific prior by (Zheng et al.,
2023a):

Pprior(di | q) = softmax
(

1

|I|
∑

I∈I

logPobs(di | q, xI)
)
.

(17)

It then averages priors computed on a small esti-
mation subset to obtain a global prior P̃prior(di),
and debiases remaining samples by (Zheng et al.,
2023a):

Pdeb(oi | q, x) ∝
Pobs(di | q, x)
P̃prior(di)

. (18)

For each dataset, we select a small subset of
evaluation instances as the prior-estimation set. For
each instance, we compute Pobs(di | q, xI) un-
der cyclic permutations (for pairwise judging, n=2
reduces to swapping). We estimate per-instance
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priors using the equation above, average them into
a global prior P̃prior, and then apply the debiasing
ratio on the remaining instances using only the de-
fault prompt once (followed by renormalization
and argmax).

CalibraEval (Label-free calibration for LLM-
as-a-Judge). CalibraEval treats selection bias as
a calibration problem and learns a mapping func-
tion g(·) that maps observed probabilities to an
unbiased distribution (Li et al., 2025b):

Pdeb(ti | I,X0) = g(Pobs(ti | I,X0)) , (19)

where ti is an option-ID token (e.g., A/B) and X0

is the default pairing of tokens and contents. It opti-
mizes g(·) so that the calibrated judgments remain
consistent under swapping positions and/or swap-
ping ID tokens, and proposes a non-parametric
order-preserving algorithm (NOA) to solve the re-
sulting optimization (Li et al., 2025b).

We construct a small unlabeled estimation set
and fit the calibration mapping under the corre-
sponding swap or permutation variants required
by the target task format. At test time, we apply
the learned mapping to the observed probability
distribution and renormalize it to obtain the final
calibrated decision.

UniBias (Internal attention/FFN manipulation).
UniBias identifies biased model components (at-
tention heads and FFN vectors) by analyzing their
contributions to label prediction, using three crite-
ria: (i) relatedness to label prediction, (ii) bias/im-
balance across labels, and (iii) low variance of the
injected label information across samples; thresh-
olds are selected via grid search (Zhou et al., 2024).
After identifying biased components, UniBias miti-
gates bias by masking (eliminating) their influence
during inference (Zhou et al., 2024).

We follow the UniBias procedure to build a
small support set, identify biased attention heads
and FFN vectors under the paper’s criteria and
threshold selection, and apply the corresponding
masks during evaluation. This keeps the inference-
time complexity essentially identical to the original
model once the masks are fixed (Zhou et al., 2024).

PIF (Point-wise Intelligent Feedback). PIF is
an SFT algorithm designed to improve Multiple-
Choice Symbol Binding (MCSB). It constructs neg-
ative instances by randomly combining incorrect
option contents with all candidate symbols and

introduces a point-wise loss to provide direct feed-
back on these negatives, thereby reducing selection
bias and improving accuracy (Xue et al., 2024).

We implement PIF under the same symbol-
binding training principle in both task formats, con-
structing task-consistent point-wise negatives and
optimizing the corresponding point-wise objective.
We use the same backbone model and training bud-
get as other training-side baselines for a fair com-
parison.

GRPO (Group Relative Policy Optimization).
GRPO is a PPO-style reinforcement learning algo-
rithm that samples a group of outputs for the same
prompt and uses relative (within-group) reward sig-
nals to optimize the policy, avoiding an explicit
value model and reducing memory cost compared
to standard PPO (Shao et al., 2024).

We implement GRPO as our direct RL baseline
using the same reward design and training budget
as PA-GRPO, but treat each permuted prompt as
an independent sample and do not enforce cross-
permutation consistency.

F Training Hyperparameters and
Configurations

We implemented PA-GRPO based on the VeRL
framework. Our experiments utilized three back-
bone models: Llama-3.1-8B-Instruct, Qwen3-8B,
and Qwen3-32B. These models were evaluated
across both MCQ and Judge tasks. To ensure
computational efficiency, we leveraged FlashAt-
tention (Dao et al., 2022) for accelerated attention
computation and employed Low-Rank Adaptation
(LoRA) on all linear layers with rank r = 32 and
α = 64. For Qwen3-8B and Qwen3-32B, we used
the non-thinking mode to ensure a consistent de-
coding setting. The models were optimized us-
ing AdamW (Loshchilov and Hutter, 2017) with
a learning rate of 1e-5 for 2 epochs. We set the
KL regularization (Jaques et al., 2019) coefficient
β = 0.001 and the entropy coefficient to 0.001 to
stabilize training. Rollout generation was acceler-
ated using vLLM (Kwon et al., 2023) with a sam-
pling size of N = 8 per prompt variant. Regarding
batch configurations, we set the global batch size
to 40 for MCQ tasks and 32 for Judge tasks to ac-
commodate varying memory constraints. To ensure
statistical reliability, all reported training results are
averaged over 3 independent runs using different
random seeds. For the evaluation phase, we set
the temperature to 0 to strictly minimize sampling
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noise and ensure the reproducibility of the selection
bias metrics.

We additionally use a length regularization term
and a format reward to regulate response length and
structure, which helps stabilize outputs during train-
ing. The overall reward is jointly determined by
the accuracy reward, the permutation-consistency
reward, and these auxiliary rewards.

G Qualitative Case Study: Vanilla GRPO
vs. PA-GRPO

To provide a concrete qualitative example, we
present a case study from our evaluation that con-
trasts the behavior of vanilla GRPO and PA-GRPO
under an answer-order permutation. The semantic
contents of the two candidate answers are swapped
between the original prompt and the permuted
prompt, while the underlying task remains un-
changed.

Task Setup. We consider a pairwise judgment
example from the LLM-as-a-Judge evaluation. In
the original prompt, the model is asked to com-
pare two candidate answers to the following query:

“Thomas is very healthy, but he has to go to the hos-
pital every day. What could be the reasons? Can
you explain why the above question is interesting?”
In the permuted prompt, the semantic contents as-
signed to Answer A and Answer B are swapped.
A permutation-consistent judge should therefore
follow the stronger semantic content rather than
preserving the same surface choice across the two
prompt variants due to answer labels or positions.

Original Prompt
Given a question and two answers, determine which one
better answers the question. Please think step by step.
First, put your detailed reasoning and comparison inside
<think> </think> tags.
Then, provide your final decision inside <answer>
</answer> tags. The answer should be a single letter
(A or B).
Query:
Thomas is very healthy, but he has to go to the hospital
every day. What could be the reasons? Can you explain
why the above question is interesting?
Answer A:
There are several possible reasons why Thomas may have
to go to the hospital daily even though he is healthy: . . .
The question is interesting for several reasons: . . .
Answer B:
There could be several reasons for Thomas to visit the
hospital daily despite being healthy. Some possible rea-
sons include: . . .
The question is interesting for several reasons: . . .

The permuted prompt is identical except that the
semantic contents of Answer A and Answer B are
swapped. This tests whether the model tracks se-
mantic quality rather than answer labels or display
position.

Vanilla GRPO. Vanilla GRPO produces the
same surface choice under both prompt orders, se-
lecting Answer A in both cases.

Original Response
<think>
Okay, let’s tackle this. The user wants to know which
answer (A or B) better explains why the question is
interesting. The question is about Thomas being healthy
but going to the hospital every day. The task is to
compare the two answers and determine which one
better addresses why the question is interesting.

First, I need to understand what each answer says.
Answer A provides a list of possible reasons for
Thomas’s hospital visits and then explains why the
question is interesting by listing six points. Answer B
also lists possible reasons and then explains the interest
in the question with five points.

Looking at the structure, both answers address the
question’s interest. But the user is asking which answer
better explains why the question is interesting. So I need
to compare the depth and breadth of their explanations.

Answer A’s explanation of why the question is inter-
esting includes points about paradox, lack of context,
variety of explanations, psychological rewards, empathy,
and open-endedness. These points are detailed and
cover multiple angles: curiosity, deduction, emotional
engagement, and the nature of the question itself.

Answer B’s points are about challenging assumptions,
empathy, diverse perspectives, critical thinking, and
being a conversation starter. These are also valid, but
maybe less comprehensive. Answer A’s points are more
varied and cover aspects like the psychological aspects
(aha moment) and the paradox, which might make the
question more intriguing.

Additionally, Answer A’s explanation is more detailed,
with six points, while Answer B has five. The depth
of each point in Answer A seems more thorough.
For example, Answer A mentions the paradox, lack
of information, variety of explanations, emotional
engagement, psychological reward, and open-endedness.
Answer B’s points are also good but perhaps not as
comprehensive.

So, Answer A’s explanation of why the question is inter-
esting is more comprehensive and covers more angles.
Therefore, Answer A better answers the question by pro-
viding a more detailed and varied explanation of the
question’s interest.
</think>
<answer>A</answer>
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Permuted Response
<think>
Okay, let’s tackle this. The user wants me to determine
which answer (A or B) better addresses the original
question. The question is about why Thomas, who’s
very healthy, has to go to the hospital every day. Then
they ask why the question is interesting.

First, I need to compare the two answers. Let’s look at
Answer A. It lists several reasons like work, caregiving,
volunteering, medical research, therapy, preventive care,
and being a student. Then it explains why the question is
interesting, pointing out assumptions, empathy, diverse
perspectives, critical thinking, and conversation starters.

Answer B also lists possible reasons but includes
more specific scenarios like visiting a sick family
member, routine tests, clinical trials, working at the
hospital, administrative tasks, blood donation, logistical
reasons, and even questioning the accuracy of Thomas’s
health status. The explanation for why the question is
interesting includes the paradox, lack of context, variety
of explanations, psychological reward, empathy, and
open-endedness.

Now, the original question is about the reasons for
Thomas’s daily hospital visits despite being healthy
and why the question is interesting. Both answers
cover the reasons, but I need to see which one is more
comprehensive or better structured.

[... omitted several intermediate comparison steps for
brevity ...]

Overall, both answers are good, but Answer B might
be more detailed in the interest part. However, the user
might prefer Answer A’s structure.

In conclusion, both answers are good, but Answer A is
more structured and covers the interest part with detailed
points. Answer B has more specific scenarios.

I think I need to make a decision here. Based on the
structure and the thoroughness, Answer A is better.
</think>
<answer>A</answer>

This behavior indicates that vanilla GRPO pre-
serves the same surface choice under permuta-
tion, rather than consistently following the stronger
semantic content after the answer contents are
swapped.

PA-GRPO. PA-GRPO tracks the stronger seman-
tic content across the two prompt variants, selecting
Answer A on the original prompt and Answer B on
the permuted prompt.

Original Response
<think>
Okay, let’s tackle this. The user wants me to determine
which answer (A or B) better explains why the question
is interesting. The query is about Thomas being healthy
but going to the hospital daily. The task is to compare

the two answers provided.

First, I need to understand the original question. It’s
a bit of a paradox because if someone is very healthy,
why would they need to go to the hospital every day?
The interesting part is the contradiction and the need to
explore possible reasons beyond the obvious medical
ones.

Now, looking at answer A. It lists eight possible reasons,
ranging from caring for others, working at the hospital,
participating in clinical trials, administrative tasks, blood
donation, logistical reasons, and even the possibility
that the health claim is incorrect. Then, it explains why
the question is interesting by pointing out the paradox,
the lack of context requiring speculation, the variety of
explanations, the psychological reward of solving it,
and the emotional engagement. The answer A seems
thorough, covering a wide range of possibilities and
explaining the question’s interest in detail.

Answer B also lists several reasons: work, caregiving,
volunteering, medical research, therapy, preventive care,
and being a student. Then, it explains the question’s
interest by highlighting challenging assumptions,
encouraging empathy, diverse perspectives, critical
thinking, and being a conversation starter. Answer B is
also comprehensive but perhaps a bit more concise in its
explanations of why the question is interesting.

Now, comparing the two. Answer A’s explanation of
why the question is interesting is more detailed. It
breaks down the reasons into six points, each with
specific examples. Answer B’s points are fewer and
more general. For example, Answer A mentions the
“paradoxical nature” and the “open-endedness” which
are key aspects of the question’s intrigue. Answer B
talks about challenging assumptions and empathy, which
are valid but perhaps less comprehensive.

Additionally, Answer A’s list of possible reasons is more
extensive, covering scenarios like administrative tasks
and logistical reasons, which Answer B doesn’t mention.
However, Answer B’s points about diverse perspectives
and critical thinking are also valid. But the question
specifically asks why the question is interesting, and
Answer A’s explanation is more thorough and covers
more angles.

Another point: Answer A’s explanation of the question’s
interest includes the psychological reward of solving a
mystery, which adds depth. Answer B’s points are good
but perhaps not as detailed.

So, considering all that, Answer A provides a more com-
prehensive and detailed explanation of why the question
is interesting, making it the better answer.
</think>
<answer>A</answer>

Permuted Response
<think>
Okay, let me try to work through this step by step. The
user is asking which answer (A or B) better addresses
the original question. The original question is about
Thomas being very healthy but needing to go to the
hospital every day. The user also wants to know why the
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LLM-as-a-Judge Multiple Choice Questions

Method / Setting
MT-Bench JudgeBench PreferenceBench RewardBench GPQA ARC-Challenge TinyMMLU

RStd CKLD RStd CKLD RStd CKLD RStd CKLD RStd CKLD RStd CKLD RStd CKLD

Base 0.364 0.378 0.216 0.627 0.386 0.453 0.331 0.291 0.056 1.570 0.025 0.005 0.033 0.028
GRPO 0.036 0.010 0.060 0.156 0.057 0.009 0.024 0.006 0.042 1.331 0.019 0.001 0.026 0.030
UniBias 0.047 0.005 0.050 0.019 0.066 0.008 0.184 0.380 0.044 1.129 0.015 0.003 0.027 0.019
PriDe 0.078 0.012 0.107 0.023 0.051 0.006 0.029 0.002 0.036 0.983 0.014 0.002 0.029 0.031
CalibraEval 0.186 0.074 0.263 0.163 0.260 0.158 0.294 0.212 0.085 1.765 0.018 0.003 0.019 0.025
PIF 0.061 0.008 0.154 0.154 0.383 0.667 0.088 0.016 0.063 1.431 0.021 0.004 0.018 0.016
PA-GRPO 0.019 0.002 0.092 0.047 0.048 0.005 0.019 0.0007 0.012 0.662 0.009 0.0005 0.011 0.013
PA-GRPO (Modified Prompt) 0.025 0.003 0.086 0.051 0.055 0.005 0.016 0.0011 0.022 0.731 0.008 0.0007 0.014 0.011

Table 6: Bias evaluation results using RStd and CKLD (lower is better) on Llama-3.1-8B-Instruct across all seven
benchmarks. All rows use the default evaluation prompt unless otherwise noted. The final row reports PA-GRPO
under the rewritten prompt shown below. Bold indicates the best (lowest) result among all compared settings.

question is interesting.

First, I need to compare the two answers provided. Both
answers list several possible reasons for Thomas’s daily
hospital visits. Let me check each part.

Starting with the first part: the answers to the question.
Answer A lists 7 reasons, including work, caregiving,
volunteering, medical research, therapy, preventive care,
and being a medical student. Answer B also lists 7
reasons, which include visiting a sick family member,
routine tests, clinical trials, working at the hospital,
administrative tasks, blood donation, logistical reasons,
and the possibility that Thomas isn’t actually healthy.

Now, looking at the second part: explaining why the
question is interesting. Answer A mentions points like
challenging assumptions, empathy, diverse perspectives,
critical thinking, and conversation starters. Answer
B talks about the paradox, lack of context, variety
of explanations, the “aha” moment, empathy, and
open-endedness.

I need to see which answer better explains why the
question is interesting. Both answers cover different
aspects. Answer A focuses on the broader implications
of the question, like challenging assumptions and
promoting empathy. Answer B emphasizes the paradox
and the process of deduction.

Wait, looking at the original input: the user’s query is
“Thomas is very healthy, but he has to go to the hospital
every day. What could be the reasons? Can you explain
why the above question is interesting?” Then the two
answers (A and B) are responses to the entire query. So
each answer includes both the list of reasons and the
explanation of why the question is interesting.

Looking at the first part (reasons): Answer A has 7
points, Answer B has 7 points. Both are comprehensive.
However, Answer B includes an additional point about
the possibility that Thomas isn’t actually healthy, which
is a bit different.

For the second part (why the question is interesting):
Answer A lists 5 points, Answer B lists 6. Answer
B’s explanation seems more detailed and covers more
aspects.

So Answer B is more comprehensive in the first part.

In the second part, Answer B’s explanation is more
detailed.

In conclusion, Answer B provides a more comprehensive
and detailed explanation of both parts of the question,
making it the better answer.
</think>
<answer>B</answer>

This example qualitatively illustrates the behav-
ioral difference between the two methods: vanilla
GRPO may preserve a surface preference across
permutations, whereas PA-GRPO more reliably fol-
lows the semantically stronger answer.

H Bias-Specific Evaluation Metrics and
Prompt Sensitivity Analysis

To further examine whether the gains of PA-GRPO
reflect reduced selection bias rather than overfitting
to a specific prompt template, we report two addi-
tional bias-oriented metrics together with a prompt-
variation experiment. All experiments in this sec-
tion are conducted on Llama-3.1-8B-Instruct.

In addition to the Accuracy, Consistency, and
Consistent Accuracy metrics used in the main
paper, we introduce two complementary metrics
(lower is better) that directly quantify the degree
of selection bias from a distributional perspective:
(1) RStd (Recall Standard Deviation) (Zheng
et al., 2023a), which measures the dispersion of
per-choice recalls across answer IDs; a lower RStd
indicates less uneven preference over answer labels;
and (2) CKLD (Choice Kullback-Leibler Diver-
gence) (Choi et al., 2025), which measures the KL
divergence between the predicted choice-label dis-
tribution and the ground-truth label distribution; a
lower CKLD indicates closer distributional align-
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ment.
Table 6 reports the RStd and CKLD results

across all seven benchmarks. The last row addi-
tionally reports PA-GRPO under a substantially
rewritten evaluation prompt to test prompt sensitiv-
ity.

PA-GRPO achieves the lowest RStd and CKLD
values on most benchmarks, indicating both re-
duced dispersion in per-choice recalls and better
alignment between the predicted and ground-truth
choice-label distributions. UniBias is slightly bet-
ter on JudgeBench under these two metrics, but this
advantage does not translate into better overall con-
sistency in Table 1. This comparison suggests that
explicitly suppressing a local bias mechanism is
not always sufficient to preserve broader reasoning
quality across datasets.

Default Prompt
Given a question and two answers, determine which one
better answers the question. Please think step by step.
First, put your detailed reasoning and comparison inside
<think> </think> tags.
Then, provide your final decision inside <answer>
</answer> tags. The answer should be a single letter
(A or B).

Modified Prompt
Please review a given question alongside two provided
answers, and evaluate which response addresses the
prompt more effectively. You must think through your
decision step by step.
Evaluation Guidelines
Focus on Quality: Assess the answers based on their
accuracy, relevance, completeness, and clarity.
Maintain Strict Objectivity: Do not let external factors
influence your judgment. Remain unbiased with respect
to the order in which the answers are presented and the
labels assigned to them (A or B).
Begin by placing your detailed reasoning and compara-
tive analysis within <think> </think> tags.
Afterward, output your final verdict inside <answer>
</answer> tags. The final answer must be exactly one
letter: A or B.

Compared with the default-prompt row in Ta-
ble 6, the modified-prompt row remains close
across all seven benchmarks. This result suggests
that the improvement is not tied to a particular sur-
face template, but instead reflects a more stable
reduction in selection bias.
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