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Abstract

Large Language Models (LLMs) are sensitive
to the order in which answer choices are pre-
sented in Multiple-Choice Question Answering.
The same question can yield a different predic-
tion when its options are shuffled. Although
exhaustive majority voting over all permuta-
tions can mitigate this bias, its factorial cost
makes it impractical at inference time. We
propose GPS (Guided Permutation Scoring),
a two-stage inference-time pipeline that selects
option orderings more likely to produce correct
predictions from a frozen LLM. A sensitivity
classifier first identifies which questions are
genuinely vulnerable to positional interference;
robust questions are answered directly, while
sensitive ones are forwarded to a trained per-
mutation scorer that identifies a more position-
stable option ordering, promoting better pre-
dictions. Unlike prior approaches that either
enumerate all permutations uniformly, or re-
quire modifying the LLM’s parameters, GPS
is the first method to actively select permuta-
tions so that the base model can consistently
give better answers. GPS steadily improves
Accuracy, and Macro F1 across all evaluated
model-dataset combinations, with remarkable
reductions in positional bias metrics.

Code Availability The code used to run the ex-
periments is available in the GitHub repository .

1 Introduction

Multiple-Choice Question Answering (MCQA) is
one of the most widely used frameworks for evalu-
ating LLMs, yet it exposes a basic reliability prob-
lem: models are influenced not only by the seman-
tic content of answer choices, but also by their posi-
tions. When the same choices are shuffled, an LLM
may change its prediction, a phenomenon known
as option-order bias. The average accuracy gap

"https://github.com/shahrarfatemi/gps

between single-pass inference, and exhaustive Ma-
jority Voting (MV) over all possible permutations
of option-choices is substantial (see Figure 1) : 5.0
percentage points on ARC Challenge (Clark et al.,
2018), 4.0 points on MMLU-Redux-2.0 (Gema
et al., 2025), and 8.7 points on CommonsenseQA
(Talmor et al., 2019). These gaps indicate that
standard evaluation leaves recoverable accuracy
unrealized.
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Figure 1: Original (identity) order MCQA vs. exhaus-
tive Majority Voting (MV) avg. accuracy across models,
and datasets under zero-shot prompting. Positional bias
causes the original inference to underperform, favoring
certain answer slots, a bias MV effectively fixes.

While MV provably eliminates positional bias,
it scales factorially (4!=24, 5!=120), making it
prohibitively expensive. Random subsampling of-
fers no guarantee of picking informative order-
ings. Calibration methods (Zheng et al., 2024;
Li et al., 2025) adjust output probabilities post-
hoc, but do not enforce consistency across permu-
tations. Training-time approaches such as LoRA
fine-tuning (Guda et al., 2025), and permutation-
aware alignment (Zheng et al., 2026) are effective,
but require updating model parameters, a major
constraint when the base LLM must remain frozen.

This raises a natural question. Can we reduce
this option-order bias efficiently, without modifying
the LLM, and without running all possible permuta-
tions? Our key observation is that not all questions
are equally vulnerable. Many are answered cor-
rectly regardless of option order, and we refer to
these as robust questions. Only a targeted subset
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Output the correct answer letter option from the given choices.

Question: Which is the best example of an object that refracts light?
A: eyeglasses B: mirrors C: silver bowl D: television sets
Answer:

um:A

Ground Truth : A

Output the correct answer letter option from the given choices.

Question: Which is the best example of an object that refracts light?
A: television sets B: silver bowl C: mirrors D: eyeglasses
Answer:

uv:c X

Ground Truth : D

Figure 2: Examples of the identity permutation 7, (left), and the reverse permutation 7 (right) applied to the same
question. The two passes present answer choices in opposite orders. The LLM response is not invariant to the order.

of questions genuinely requires intervention. If we
could identify order-sensitive questions, and intel-
ligently select a better-suited option-permutation
for them, we could improve over direct single-pass
answering while closing the gap toward MV.

Hence, we propose GPS (Guided Permutation
Scoring), a two-stage inference-time pipeline built
entirely on top of an adaptation-free LLM. A
lightweight sensitivity classifier processes two di-
agnostic LLM passes per question, one with the
options in their original order, one with the options
fully reversed (see Figure 2), and extracts scalar
confidence features from both to classify each ques-
tion as either positionally sensitive or robust. These
features provide a low-cost probe of positional sen-
sitivity by exposing the model to maximally dif-
ferent option placements. Robust questions are
answered directly from the original-order pass, at
no additional cost. Sensitive questions proceed
to a learned permutation scorer that selects top-k
high-quality permutations (k=1 in our main exper-
iments) for a dedicated LLM inference. GPS con-
sistently improves Accuracy, and Macro F1 across
a variety of model-dataset combinations, with sig-
nificant bias reductions. A comparison with a ran-
dom permutation baseline confirms that GPS gains
reflect genuine learned signal rather than chance
reorderings. GPS generalizes across a wide range
of model architectures, datasets, and prompting
strategies like In-Context Learning (ICL) (Dong
et al., 2024), and Chain-of-Thought (CoT) (Wei
et al., 2023). Our key contributions are:

¢ To the best of our knowledge, GPS is the first
method that corrects the permutation of op-
tions rather than running them uniformly.

* GPS introduces a parameter-efficient per-
mutation scorer that consistently surfaces
high-quality orderings from the model’s
own hidden-state representations, generaliz-
ing across diverse models and datasets.

* GPS operates as a fully modular, plug-and-
play component on top of any frozen LLM,

requiring neither weight modification, nor ar-
chitectural adaptation.

2 Related Work on Bias Mitigation
Strategies

Selection bias in LLM-based Multiple-Choice
Question Answering has been widely observed,
and systematically quantified in prior work (Robin-
son et al., 2023; Wang et al., 2023). These studies
show that model predictions can be affected by
non-semantic factors such as option order, answer
labels, and token choices (Pezeshkpour and Hr-
uschka, 2024; Wei et al., 2024; Reif and Schwartz,
2024). Existing mitigation methods can be broadly
grouped into inference-time correction and training-
time debiasing approaches.

Inference-time Correction. Inference-time cor-
rection methods avoid updating model parameters,
and instead modify prompts, calibrate model out-
puts, or aggregate predictions over option permu-
tations. For example, prompt-based Auxiliary Op-
tion Injection (AOI) (Choi et al., 2025) introduces
an additional abstention option to reduce forced
selection bias, but its effectiveness is often prompt-
sensitive. Calibration-based methods adjust model
outputs to correct biased option preferences. PriDe
(Zheng et al., 2024) estimates option-identifier pri-
ors from a small set of permuted examples for
normalization, while CalibraEval (Li et al., 2025)
learns a projection function to calibrate skewed
prediction distributions. Recent work also studies
label-bias calibration to reduce systematic prefer-
ences over output labels (Reif and Schwartz, 2024).
However, calibration-based methods do not directly
enforce consistency across option permutations.
Permutation-based aggregation addresses option-
order sensitivity by evaluating multiple option per-
mutations, and aggregating predictions. While ma-
jority voting improves robustness, exhaustive enu-
meration scales factorially with the number of op-
tions; Batch Question-Context KV caching (Guda
et al., 2025) improves its efficiency, but still applies
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Figure 3: Overview of the GPS pipeline. Top row : Each input MCQ is processed under, original-order (77 ), and
reversed (), by a frozen LLM, which extracts embeddings, and scalar features (£, H', HM', A, piax, agreement,
difference). A sensitivity classifier routes High-sensitivity questions to the Permutation Scorer. Botfom row : The
scorer takes (H', HY I, FE), and scalar features (x) as input, and scores all candidate orderings in a single batched
operation, and selects the top-k permutations (k=1 in our experiments) for a dedicated frozen LLM inference pass.

permutation-based inference uniformly to all ques-
tions. In contrast, GPS makes permutation-based
correction selective, using compact auxiliary net-
works to identify sensitive questions, and select a
small subset of candidate permutations, reducing
unnecessary inference calls.

Training-time Debiasing. Some methods go be-
yond output-level correction by intervening in
model internals. UniBias (Zhou et al., 2024) and
Bias Node Pruning (Choi et al., 2025) identify
and remove internal sources of biased selection
behavior. Training-time debiasing methods fur-
ther update model behavior through additional
optimization, including task-independent LoRA
adapters (Guda et al., 2025), teacher—student distil-
lation (Liusie et al., 2024), multiple-choice symbol-
binding enhancement (Xue et al., 2024), and
permutation-aware alignment such as PA-GRPO
(Zheng et al., 2026). Although training-time meth-
ods can reduce selection bias, updating the LLM
itself is often costly. Our approach instead trains
only low-overhead auxiliary networks while keep-
ing the base LLM frozen.

3 Problem Definition

Let g be a multiple-choice question with N an-
swer options O = {o01,09,...,0n} and ground-
truth label y* € {A,B,C,...}. A permutation
m € Sy reorders the options so that position

J receives option o(;); the identity permutation
m = (0,1,..., N — 1) corresponds to the origi-
nal presentation order. We write fy(7;¢q) for the
next-token logit-argmax prediction of a frozen lan-
guage model fy on the prompt built with permuta-
tion m. We define the identity-order prediction as
g1 = fo(mi:q).

A model exhibits option-order bias when
fo(m; q) varies across permutations even though
the correct answer is invariant. Our goal is to detect
which test samples are affected by this bias, and
correct for it without running all |Sy|=N! permu-
tations per sample at test time. We use the constant
M = N!in the remaining part of this paper. We de-
note Ty = (IV —1, ..., 1,0) to be the reverse order
of option-choices. Below is the prompt structure
used in all our experiments. For CommonsenseQA
dataset (five options), the suffix extends to option E.

prompt = f"""Output the correct answer letter
— option from the given choices.

Question: {question}

A: {opt[11} B: {opt[2]1} C: {opt[3]1} D: {opt[4]}
Answer:"""

4 Method

GPS works in two stages: (1) sensitivity classifica-
tion, and (2) permutation scoring, (see Figure 3).
The sensitivity classifier assigns a binary la-
bel (either 'low’ or "high’) to each sample. Low-
sensitivity samples directly use the single-pass pre-
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diction result. High-sensitivity samples proceed to
the final stage, where the permutation scorer selects
a small top-k subset of permutations, only these &
passes are evaluated, and the resulting predictions
are aggregated by majority vote. We use k = 1 in
our main experiments.

4.1 Sensitivity Classifier

The sensitivity classifier is a lightweight logistic
regressor, adding negligible overhead, and requir-
ing no LLM fine-tuning. At First, each question
prompt undergoes two LLM passes (see Figure 2),
with (1) the identity order 7, and (2) the reverse
order s of option-choices. We extract scalar fea-
tures from these two inferences for the sensitivity
classifier. They are :

1) output-entropy H(m) = — >, p; log p;,

2) max-probability p(y),

3) confidence margin A(7) = p(1) — p(a) (gap be-
tween top-two softmax probabilities).

We get six scalar features from the two passes. Four
cross-pass features are then appended : the pass-
agreement indicator 1[g;=%/], entropy difference
H'—HM, margin difference A! —AM  and mini-
mum max-probability min(p%l), pf\f)). Finally, we
build a feature vector x € R'° (see Appendix A).

x = [H', AL, ph)’ qMAM, P%y 1=
Uml, H'-HM Al_AM, rnin(p%l),pé\f))}7

where p; is the probability of the j-th option letter,
P(k) is the k-th highest probability among all N
option probabilities, and superscripts 1 and M refer
to 7 and 7y respectively.

We train the classifier on the training-set fea-
tures {x(™, s(™} where the binary label is decided
based on the median permutation sensitivity (o)
over the training set.

s =10, = 5], (1)
Permutation sensitivity of a sample is defined as

0q = Std({pcorrect(ﬂi)}z!vil) ) )

where peorrect 18 the probability of the correct op-
tion letter among all permutations of the option
texts (see Appendix C). At test time, low-sensitivity
samples (5=0) are answered directly via ¢, while
high-sensitivity samples (§=1) are forwarded to the
permutation scorer. The sensitivity classifier routes
37% to 52% of test samples to the top-k GPS path
(see Figure 7, Appendix B).

4.2 Permutation Scorer

The Permutation Scorer g, is a small neural net-
work trained to predict which option ordering is
most likely to elicit a correct response from the
frozen LLM. We extract three sets of permutation-
aware option representations from the previous two
LLM inferences (71, waz).

1. Token Embeddings £ € R"*?. mean-
pooled embeddings of each option text, taken
from the token embedding layer of the LLM.

2. Original order hidden states H(1) ¢ RN *d:
mean-pooled last-layer hidden states of each
option text, from the identity-order LLM pass
.

3. Reverse order hidden states H(M) ¢ RN *d:
same as ) but from the reverse-order pass
7. Together with H(), they give a two-view
signal of positional bias.

These representations capture complementary sig-
nals : token embeddings encode order-independent
option semantics, while original and reverse hidden
states reflect order-dependent contextual changes.
Each sample is also associated with the scalar
feature vector x from the previous stage. A
correctness label vector ¢ € {0,1} is com-
puted for all the training samples with binary val-
ues for each permutation of option orders, where
c¢i = 1[fo(mi;q) = y*], fori = 1,..., M.
We train the PermScorer g4 to predict ¢ from
(E,HY, HM) x). g4 is invoked only for high-
sensitivity samples at inference time.

Architecture. Let d be the LLM hidden dimen-
sion, p a projection dimension, and h a hidden
dimension. The scorer operates as follows:

e =WoEjeRP, j=1,...,N
(Shared option projection)
M
C1 = % Zj Wopt H;l)acM = % Zj Wopt H]( )
(Context Pooling)

ctx = ReLU(LN(Wey [e1; carix])) € R
(Sample context)

i=1,...,M

(Permutation Scoring)

v = [em(l); e (N3 ctx],
s; = MLP(v;) € R.

All M = N! scores are computed in a sin-
gle batched matrix operation by gathering e ac-
cording to the (pre-fixed) permutation index tensor
I1 € ZM*N_ Additionally, Wop € R&P, W €
R2P+10xh We have p = 64 and h = 256.
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MMLU-Redux 2.0

CommonsenseQA ARC Challenge

Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b
Baseline 63.36% 54.52% 75.22% 69.04% 53.73% 77.89% 76.96% 64.51% 90.19%
Acc. [1] Random 63.01% 53.58% 74.34% 69.29% 53.15% 76.19% 77.33% 63.65% 90.47%
GPS (k=1) 64.39% 57.04%  75.63% 70.68 % 59.95%  78.21% 78.24% 66.89%  91.38%
Baseline 63.33% 53.97% 75.13% 69.04% 51.83% 77.71% 76.94% 64.30% 90.28%
Macro F1 [t] Random 62.95% 53.51% 74.25% 69.26% 53.14% 76.16% 77.28% 63.58% 90.53%
GPS (k=1) 64.31% 56.97%  75.55% 70.68 % 59.36%  78.20% 78.21% 66.88% 91.41%
Baseline 6.10% 20.32% 1.80% 5.67% 38.90% 11.22% 3.39% 18.74% 2.24%
RSD [{] Random 3.97% 20.00% 1.55% 6.38% 40.51% 11.67% 2.63% 21.10% 2.16%
GPS (k=1) 2.03% 5.19% 1.76% 2.24% 22.21% 1.49 % 1.65% 9.78% 2.26%
Baseline 1.28% 4.54% 0.07% 0.67% 19.48% 1.46% 0.42% 4.84% 0.02%
CKLD [{] Random 0.23% 3.99% 0.05% 0.56% 19.15% 2.07% 0.13% 5.52% 0.09%
GPS (k=1) 0.30% 0.18% 0.02% 0.10% 3.95% 0.01% 0.02% 0.72% 0.05%

Table 1: Results across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge for Baseline (original order),
Random (uniformly sampled permutation), and GPS (k = 1). Bold = best value per cell; underline = second best. [1]
higher is better; [|] lower is better. GPS reduces Mistral-7B’s CKLD in the most dramatic way on CommonsenseQA.

Training objective. g is trained with weighted

binary cross-entropy:

n M

£0) = 33 [oef

7j=11i=1

+(1-c)og(1-0(s)], @)

(J))

log o

where o is the sigmoid function and o > 1 is a pos-
itive class weight that compensates for the imbal-
ance between correct and incorrect permutations.
At test time, the final stage replaces the exhaustive
M-pass majority vote with a k-pass budget selected
by the learned scorer.

Prediction Estimation. Let z € R!V! be the
output logit vector of the first generated token
across the vocabulary V. For each choice (e.g.,
‘A’), logits are aggregated over surface forms

z[“A’]4+2z[*_A’], and softmax is applied over all
N aggregated values (Choi et al., 2025).
Plog|z) = — PGl
> exp(z[ox])
4)

The total LLM cost for a high-sensitivity sample is
2 + k passes (details in Appendix D).

5 Experiments

We evaluate GPS on open-weight LLMs : Llama-
3-8B-Instruct (Grattafiori et al., 2024), Mistral-7B-
Instruct-v0.2 (Jiang et al., 2023), Qwen3-8B (Team,
2025). We use three Multiple-Choice Question An-
swering benchmarks: MMLU-Redux-2.0 (Gema
et al., 2025), ARC Challenge (Clark et al., 2018),

and CommonsenseQA (Talmor et al., 2019) to as-
sess GPS (see Appendix E).

5.1 Evaluation Metrics

Following (Choi et al., 2025), we evaluate GPS on
four metrics to examine both predictive accuracy,
and positional bias in model responses. The metrics
are : Accuracy, Macro F1, Relative Standard Devi-
ation (RSD), and Choice Kullback-Leibler Diver-
gence (CKLD). Accuracy is the ratio of questions
answered correctly. Macro F1 computes the F1
score per answer slot, and averages them equally,
penalizing models that are biased toward specific
choice positions. RSD measures input-position
bias by quantifying how much per-slot accuracy
varies around its mean:

1 1 N
RSD = —,| = (si — 5)?
D=7 Ni:l(s 2 )

where s; is the accuracy when the correct answer
appears in slot 4, and s is the mean slot accuracy.
CKLD measures output-distribution bias by com-
paring the empirical distribution of gold labels to
that of predicted labels:

Pgold(l)
6
Ppred(z) ©

Lower RSD indicates less sensitivity to answer
ordering while lower CKLD indicates better cali-
bration of predicted to true label distributions.

CKLD = Zpgold ) log
=1

5.2 Results

Table 1 reports results across three benchmarks
at k=1. Unlike direct single-pass answering, our
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Figure 4: Predicted label distributions on ARC Challenge (4 choices) under three conditions: direct inference,
all-permutations majority voting (MV), and Top-k GPS (k=1). The dashed gray line shows the near-uniform gold
label distribution. GPS moves all three models closer to the gold reference.

method routes high-sensitivity questions to a scorer-
selected permutation while retaining the original-
order prediction for low-sensitivity questions. We
compare against two baselines: the standard single-
pass Baseline (original order), and a Random per-
mutation selected from a uniform distribution of
the N! orderings. Random results are averaged
over three runs.

Accuracy and Macro F1. Our method improves
consistently across all nine model-dataset combi-
nations, with average accuracy gains of +1.32%
on MMLU, +2.73% on CommonsenseQA, and
+1.62% on ARC Challenge. The gains are most
pronounced for Mistral-7B, which improves by
+2.52%, +6.22%, and +2.38% respectively, a di-
rect consequence of its exceptionally high base-
line sensitivity, as evidenced by the RSD values of
20.32%, 38.90%, and 18.74%. Similarly, Llama-
3-8B improves from 76.96% to 78.24% on ARC
Challenge, even with a relatively low baseline sen-
sitivity. The random baseline, despite occasionally
matching, or slightly exceeding the original-order
baseline on accuracy (e.g. 77.33% vs. 76.96% for
Llama-3-8B on ARC Challenge), does so incon-
sistently across models and datasets, confirming
that any individual gain is attributable to chance
rather than a principled selection mechanism. Our
method, by contrast, outperforms both baseline and
random on Accuracy and Macro F1, across all nine
combinations, demonstrating that the permutation
scorer reliably identifies better-performing order-
ings rather than benefiting from random luck.

Bias-specific metrics. The most striking im-
provements appear in RSD and CKLD. RSD falls
on average by 6.41, 9.28, and 3.56 percents across

the three datasets, with Mistral-7B’s Common-
senseQA RSD dropping from 38.90% to 22.21%
(—43% relative). CKLD reduces even more dramat-
ically, with Mistral-7B’s CommonsenseQA CKLD
collapsing from 19.48% to 3.95%. The random
baseline occasionally reduces RSD, or CKLD on
individual cells, but it also inflates it elsewhere
(e.g. Mistral-7B’s RSD on CommonsenseQA rises
from 38.90% to 40.51%). This confirms that po-
sitional bias suppression requires a learned scor-
ing signal. The PermScorer of GPS provides this
by learning, from the model’s own hidden-state
representations, which orderings are most likely
to draw a correct and position-invariant response.
To ensure a stable debiasing effect, the scorer sys-
tematically surfaces permutations aligned with the
model’s factual representations rather than relying
on chance. Three design choices underpin this:
(1) the sensitivity classifier bypasses re-ranking for
robust questions, focusing compute on vulnerable
ones; (2) the PermScorer selects a reliable permu-
tation at k=1, and (3) training on the model’s own
hidden-state embeddings ties the scorer to the same
representations driving positional preference.

Prediction Distribution Calibration. Figures 4,
5, and 6 visualize per-choice prediction distribu-
tions across all three datasets. Models whose base-
line predictions are heavily skewed toward one or
two answer slots are pulled toward a more uni-
form distribution under GPS, aligning more closely
with the gold distribution. For instance, Llama-
3-8B on MMLU-Redux-2.0 shows a moderate A-
preference at direct inference which MV amplifies
into a sharper bias (A rises to 36.4%, B collapses to
16.7%). whereas GPS produces the flattest distri-
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MMLU-Redux 2.0

CommonsenseQA

ARC Challenge

Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b
Acc% [1] ICL 62.29% 52.63%  76.30% 69.62% 57.66% 78.46% 78.92% 64.93% 90.36%
¢ ICL + GPS  62.80% 54.22% 75.89% 71.42% 61.75%  79.36% 79.69 % 68.34%  91.04%
MacF1% [1] ICL 62.23% 52.00%  76.21% 69.44% 57.28% 78.36% 78.89% 64.90% 90.41%
“UcL+GPs  62.73% 53.89% 75.79% 71.33% 61.52%  79.24% 79.68 % 68.28%  91.06%
RSD% [|] ICL 5.58% 24.30% 2.26% 8.29% 21.67% 4.59% 3.24% 17.76% 1.41%
ICL+GPS 2.77% 16.02 % 2.67% 5.10% 15.63 % 4.04% 1.39% 12.66 % 1.07 %
CKLD% [{] ICL 0.97% 6.34% 0.04% 0.51% 7.00% 0.28% 0.21% 4.31% 0.10%
ICL+GPS 041% 2.31% 0.06% 0.19% 3.47% 0.13% 0.04% 2.05% 0.02%

Table 2: ICL vs. ICL + GPS results across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge datasets.
GPS improves over ICL on most combinations, with the largest gain on Mistral-7B’s CKLD on MMLU.

MMLU-Redux 2.0

CommonsenseQA ARC Challenge

Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b
Acct [1] CoT 62.66% 52.89%  75.61% 71.90% 56.59%  77.97% 77.90% 67.83%  90.61%
7 CoT + GPS  62.96% 55.89%  75.98% 72.97 % 59.71%  77.72% 79.18% 70.99%  92.41%
MacF1% [{] CoT 62.65% 52.58%  75.54% 71.97% 55.52%  77.79% 77.89% 67.73%  90.67%
U CoT+GPS  62.94% 55.76%  75.91% 72.93% 5917%  77.61% 79.17 % 7098%  92.41%
RSDY% M CoT 8.81% 22.77% 1.16% 6.35% 31.60% 10.88% 5.63% 14.72% 2.73%
¢ CoT +GPS  5.44% 8.12% 1.25% 6.44% 22.03% 9.08% 2.52% 6.62% 1.33%
CKLD% [|] CoT 1.78% 6.74% 0.11% 0.41% 11.55% 1.16% 0.64% 2.76% 0.09%
¢ CoT+GPS  0.84% 0.68% 0.05% 0.38% 4.43% 0.83% 0.14% 0.37% 0.02%

Table 3: CoT vs. CoT + GPS results across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge datasets.
CoT + GPS improves on majority combinations, notably reducing CKLD in every case.

bution with all choices between 23-26%. GPS ac-
tively de-concentrates positional preference rather
than merely shifting errors across slots.

6 Discussion

We examine four questions in this section. (1) Is
GPS complementary to existing prompting-based
strategies such as ICL, and CoT? (2) How does
GPS compare to, and combine with, post-hoc cali-
bration methods? (3) Does GPS generalize across
domains and model families without retraining? (4)
Does the debiasing effect extend to other inference-
based QA tasks?

6.1 Complementary Baselines

In-Context Learning. We evaluate our method
on top of a 3-shot In-Context Learning prompt (Ta-
ble 2), where three labeled examples are prepended
to each question before inference (see Appendix
N). ICL alone partially reduces positional sensitiv-
ity by providing answer format anchors, yet posi-
tional bias persists. Mistral-7B retains an RSD of
17.76% on ARC Challenge, and 21.67% on Com-
monsenseQA under ICL. Applying GPS on top
(k=1) improves accuracy on most model-dataset

combinations, and consistently reduces both RSD
and CKLD. The largest gains are observed for
Mistral-7B (e.g. CKLD from 7.00% to 3.47% on
CommonsenseQA). The single drop for Qwen3-8B
on MMLU stems from its near-zero permutation
sensitivity on MMLU (median = 0.055; ~49% of
samples have sensitivity < 0.05), leaving the scorer
with insufficient signal to outperform the identity
ordering on the routed high-sensitivity samples.

Chain-of-Thought (CoT). For the CoT baseline,
GPS generates an intermediate reasoning chain of
50-100 tokens before committing to an answer let-
ter. Despite generating explicit reasoning, CoT
does not eliminate positional bias. Mistral-7B
shows RSD of 22.77% on MMLU and 31.60%
on CommonsenseQA under CoT alone. CoT +
GPS (k=1) improves over CoT on accuracy for
8 of 9 combinations, and reduces CKLD across
the board, most notably collapsing Mistral-7B’s
CKLD from 6.74% to 0.68% on MMLU-Redux-
2.0. Gains on MMLU-Redux 2.0 are comparatively
modest, which we attribute in part to the larger test
set (5,330 samples) being evaluated with only 50
reasoning tokens; we treat a thorough token-budget
study as future work. Together, these results show
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MMLU-Redux 2.0

CommonsenseQA

ARC Challenge

Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b
Ace. [] PriDe 64.15% 55.22%  75.33% 69.62% 56.51%  78.30% 77.65% 65.61% 90.53%
’ GPS  64.39% 57.04%  75.63% 70.68 % 59.95%  78.21% 78.24% 66.89%  91.38%
Macro F1 [1] PriDe  64.05% 55.07%  75.26% 69.65% 55.94%  78.21% 77.58% 65.64% 90.62%
GPS  64.31% 56.97%  75.55% 70.68 % 59.36%  78.20% 78.21% 66.88%  91.41%
RSD [|] PriDe 5.81% 9.08% 2.45% 5.74% 24.93% 9.48% 2.61% 8.91% 1.92%
GPS 2.03% 5.19% 1.76 % 2.24% 22.21% 1.49% 1.68% 9.78% 2.26%
CKLD [|] PriDe  0.71% 0.72% 3.25% 0.89% 7.49% 1.19% 0.13% 0.92% 0.04 %
GPS 0.30 % 0.18% 0.02 % 0.10% 3.95% 0.01% 0.02 % 0.72 % 0.05%

Table 4: Comparison of PriDe (Zheng et al., 2024), and GPS across MMLU-Redux 2.0, CommonsenseQA, and
ARC Challenge (k = 1). GPS wins on Accuracy, Macro F1, and reduces CKLD in 8 out of 9 combinations.

MMLU-Redux 2.0

CommonsenseQA ARC Challenge

Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b
GPS (forward)  51.43% 38.54% 51.04% 61.39% 32.81% 56.88% 60.32% 45.08% 75.86%
Acc. [1] Gray-box (GB) 54.84% 45.40%  54.69 % 65.98% 35.55%  64.31% 64.55% 56.30% 79.08%
GPS+GB 56.18% 46.36%  54.14% 66.61% 48.63% 63.04% 64.20% 56.89%  79.31%
GPS (forward) 6.64% 39.99% 4.92% 6.71% 45.95% 28.16% 6.64% 35.45% 8.41%
RSD [|] Gray-box (GB) 1.80% 2.72% 4.12% 7.93% 53.17% 9.89% 3.56% 7.42% 4.46%
GPS+GB 8.62% 10.99% 2.22% 5.19% 17.89% 9.49% 5.23% 0.85% 4.27%
GPS (forward) 1.45% 12.32% 0.23% 0.04% 47.18% 7.42% 0.27% 19.70% 0.09%
CKLD [}] Gray-box (GB)  0.29% 0.48% 0.13% 0.25% 56.91% 1.65% 0.09% 2.37% 0.05%
GPS+GB 0.44% 0.07% 0.08% 0.15% 1.03% 0.15% 0.06 % 1.10% 0.10%

Table 5: Gray-box approach applied on top of GPS-permutations, restricted to the predicted high-sensitivity samples.

that GPS is complementary to prompting-based
bias mitigation strategies (see Appendix N).

Llama-3-8b Mistral-7b

ARC Challenge Baseline 76.96% 64.50%
(MMLU—Arc) GPS 78.24% 66.89%
¢ Cross Domain 77.21% 68.77 %
MMLU-Redux ascline 63.38%  54.54%
(Are—MMLU) GPS 64.39% 57.05%
Cross Domain  64.99 % 56.04%

Table 6: Cross-domain inference results (K=1, 4 op-
tions) without target-domain fine-tuning.

6.2 Cross Domain Analysis

Table 6 reports a cross-domain setting where both
the sensitivity classifier and the permutation scorer
are trained on one dataset and applied to another
without any target-domain fine-tuning. MMLU-
Redux-2.0 and ARC Challenge datasets are directly
compatible for this experiment, since both use four
answer options. In all four model-dataset combi-
nations, the cross-domain variant still outperforms
the baseline, demonstrating that permutation sensi-
tivity is a model-level property rather than a dataset-
specific artifact. The gains are competitive with the

in-domain method: cross-domain even surpasses
it for Mistral-7B on ARC Challenge (68.77% vs.
66.89%) and for Llama-3-8B on MMLU (64.99%
vs. 64.39%).

6.3 Comparison with Calibration Methods

We compare GPS with two post-hoc debiasing
methods: PriDe (Zheng et al., 2024), and Gray-
box (Wei et al., 2024), in order to evaluate
our method against existing selection-debiasing
paradigms under identical inference conditions.
PriDe estimates, and marginalizes out the model’s
implicit option-position priors directly from output
log probabilities at inference time. As shown in Ta-
ble 4, PriDE’s accuracy gains are bounded because
adjusting output logits cannot recover from cases
where a suboptimal option permutation actively
misleads the LLM’s internal attention mechanisms.
Gray-box approach effectively mitigates selection
bias by combining the forward, and the reverse or-
der passes, either by multiplying the two passes’
option probabilities (probability-weighting), or by
dividing them by each option’s prior frequency. Its
strength lies in the reverse pass. Even when the
reverse-order prediction is wrong, the gap between
the predicted, and the correct option’s probability

27301



is smaller than that in the forward pass, so integrat-
ing both probabilities recovers the correct answer
more often than a single forward pass. At this
point, we devise the following question based on
the Gray-box approach: "Do the permutations se-
lected by GPS also strengthen Gray-box methods
over the identity permutation?" To test this, we
apply the Gray-box probability-weighting to the
GPS-selected permutation (k = 1), and compare
it with the probability-weighting on the identity
permutation. We restrict the comparison to the
high-sensitivity subset, as low-sensitivity samples
are handled identically under both settings. The
results confirm this: in most model—dataset com-
binations, applying probability-weighting to the
GPS-selected permutation outperforms applying it
to the identity permutation (Table 5).

6.4 Flip Rate for Single-Pass Methods

Dataset Model Baseline  PriDe GPS
Llama-3-8B  21.42% 20.39% 18.94%
ARC Challenge Mistral-7B 41.81% 36.86% 30.46%
Qwen3-8B 9.39% 9.04%  8.70%
Llama-3-8B  3542% 34.77% 29.25%
MMLU-Redux 2.0 Mistral-7B 5220% 48.93% 37.73%
Qwen3-8B 21.78%  22.12% 20.73%
Llama-3-8B  29.07% 28.99% 23.42%
CommonsenseQA  Mistral-7B 44.96% 46.27% 28.09%
Qwen3-8B 2498% 21.29% 23.10%

Table 7: FR under order reversal for single-pass meth-
ods. GPS attains the lowest Flip Rate in 8 of 9 settings.

The Flip Rate (FR) is the fraction of questions
whose predicted content changes under option-
order reversal, a label-free diagnostic of a model’s
order-sensitivity (Wei et al., 2024) as a base-model
bias measure. FR is well-defined only for single-
pass methods: for methods that symmetrically com-
bine an ordering, and its reverse (Gray-box), FR is
~ 0, and therefore uninformative. Table 7 shows
that GPS selects FR-stable permutations: it attains
the lowest FR in 8 of 9 model-dataset combina-
tions, and the reduction is largest for the most order-
sensitive model, Mistral-7B, where FR drops by up
to 14.5 points on MMLU-Redux 2.0. This confirms
that the permutation scorer does not merely im-
prove accuracy, but surfaces orderings under which
the model’s decision is stable to reversal.

6.5 Experiments : Additional Models, Dataset

GPS generalizes cleanly to sub-8B models (Details
in I). Llama-3.2-3B (Grattafiori et al., 2024) im-
proves from 66.81% to 69.62% on ARC Challenge

(RSD: 6.91% — 1.74%), and Gemma3-4B (Deep-
Mind, 2025) shows consistent gains across all three
benchmarks, including a substantial bias reduction.

Within a model family. Comparing Gemma-
7b, Gemma3-4B, and Gemma3-12B (Team and
Google, 2024; DeepMind, 2025) reveals a consis-
tent pattern across model generations, and capac-
ities. Our method improves accuracy and consid-
erably reduces bias across all three variants. On
CommonsenseQA, accuracy improves by +2.62%,
4+2.13%, and +1.97% for Gemma-7b, Gemma3-
4B, and Gemma3-12B respectively, while CKLD
reduces from 5.09% to 0.95%, 2.57% to 0.31%,
and 1.46% to 0.31%, with a consistent reduction in
RSD as well. The larger model shows lower base-
line bias, so absolute accuracy gains are smaller,
but bias suppression remains stable across the fam-
ily, indicating the pipeline adapts to each model’s
operating point without re-calibration.

Inference-based QA Task. We evaluate on
HellaSwag (Zellers et al., 2019), a sentence-
completion task requiring the model to select the
most plausible continuation from four candidates
(Table 16). GPS improves accuracy for both
Llama-3-8B (66.28% — 67.29%), and Mistral-7B
(47.06% — 48.07%), with strong debiasing for all
three models. It indicates that positional preference
is a general artifact of auto-regressive scoring that
our method suppresses regardless of task type.

7 Conclusion

In this paper, we present GPS (Guided Permutation
Scoring), a novel approach that permutes option-
text order in MCQA without modifying the base
LLM. By combining a small sensitivity classifier
with a learned PermScorer trained on the model’s
own hidden-state representations, GPS selectively
applies permutation-based correction only where
it is needed, and identifies top-k option orderings
among all candidates. At k=1, GPS consistently
improves both Accuracy, and Macro F1 across
all model-dataset combinations, while producing
a stable reduction in positional bias as measured
by RSD and CKLD. Additionally, GPS transfers
across datasets without target-domain fine-tuning,
and is complementary to prompting strategies such
as ICL and CoT. Collectively, these properties po-
sition GPS as a practical, broadly applicable debi-
asing component that can be used on top of any
frozen LLM out of the box.
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Limitations

While GPS demonstrates consistent gains across
diverse models and benchmarks, three limitations
remain. First, GPS is not directly assessed on large-
scale thinking models (e.g., 01, 03 (OpenAl, 2024,
2025)), primarily due to practical constraints. Each
permutation pass triggers a full extended reasoning
trace making API calls costly, and such models
typically restrict access to hidden-state representa-
tions, rendering the PermScorer’s reliance on in-
ternal embeddings inapplicable in these settings.
Second, GPS inherently requires two LLM forward
passes per sample to extract preliminary confidence
features, and while this overhead is constant and in-
dependent of k, finding a more efficient alternative
to this feature extraction phase remains an open
challenge for future work. Third, while increas-
ing k£ monotonically closes the gap with exhaustive
majority voting, the minimum & at which GPS is
guaranteed to match or surpass it lacks a princi-
pled characterization, and identifying this crossover
point is a promising future direction.

Ethics Statement

This work uses publicly available benchmarks un-
der their academic licenses. These datasets con-
tain no sensitive personal information. All models
evaluated are open-weight, and used in accordance
with their respective licenses. We therefore do not
foresee ethical concerns arising from this work.
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Figure 5: Predicted label distributions on CommonsenseQA (5 choices). All-permutations MV produces the most
extreme skews across datasets. Qwen3-8B nearly abandons choices D and E, and Llama-3-8B concentrates over
41% of its predictions on choice A. GPS (k=1) recovers a near-uniform spread across all five options for both

models, closely tracking the gold label distribution.
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Figure 6: Predicted label distributions on MMLU-Redux-2.0 (4 choices). All-permutations MV amplifies existing
positional biases: Llama-3-8B’s moderate A-preference sharpens, while Mistral-7B develops a severe A/C spike.
Top-k GPS (k=1) corrects both, yielding the flattest per-model distributions across all three conditions, and aligning

closely with the gold reference.

A Scalar Features used in the Sensitivity
Classifier

The sensitivity classifier is conditioned on ten
scalar features derived directly from the model’s
output distributions. These features capture com-
plementary uncertainty signals that are not easily
recoverable from the compressed embedding pro-
jection alone.

Forward-pass confidence (e1, m1, pI"): the
shannon entropy, top-two probability margin, and
maximum softmax probability computed over the
option logits of the canonical (identity) ordering.
High entropy, or low margin indicates that the
model is already uncertain in its default ordering,
which is a strong prior signal for high permutation
sensitivity.

Reverse-pass confidence. (e2, ma, py™®*): the
same three statistics computed under the fully re-

versed option ordering. These directly quantify
how much the model’s confidence profile changes
when the option order is flipped.

Cross-pass agreement and deltas (., 6,
agree, p™n): the difference in entropy (6, =
e1 — eg) and margin (§,, = My — mg) between
the two passes; a binary flag indicating whether
both passes predict the same answer letter; and the
minimum max-probability across the two passes.
A large |0.| or |0,,], or a disagreement between
passes, is a direct indicator that the model’s de-
cision is unstable under reordering, precisely the
condition that warrants routing to the top-k MV
path.
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Figure 7: Sensitivity classifier routing ratios across datasets, and models. Each stacked bar shows the proportion of
test samples classified as low-sensitivity (purple; answered via direct prediction) versus high-sensitivity (blue; routed
to top-k GPS, k=1). The classifier partitions samples roughly evenly across all settings, with the high-sensitivity
share ranging from 37% to 52%, confirming that neither path dominates, and the classifier makes non-trivial
routing decisions for every model-dataset combination. Qwen3-8B consistently receives the lowest high-sensitivity
ratio (37-45%), suggesting its predictions are more permutation-stable, while Llama-3-8B is routed to GPS most
aggressively on MMLU, and CommonsenseQA (52% each).

B Sensitivity Classifier Routing Ratios
Across Models and Datasets

Figure 7 breaks down the proportion of test sam-
ples routed to each path by the sensitivity classifier
across all three models, and three datasets. The
high-sensitivity share ranges from 37% to 52%,
confirming that the classifier makes non-trivial rout-
ing decisions in every model-dataset combination.

C Permutation Sensitivity
Characterization

Before building the training data to train the Sen-
sitivity Classifier, we analyze the sensitivity of an
LLM on each dataset. For the datasets with N = 4
option-choices, we use all the V! 24 permu-
tations of the option choices in the LLM prompt
during the data preprocessing step. But, for Com-
monsenseQA with N = 5, N! = 120, we run for
a configuration of 50 permutations of the choices.
For each training sample (¢, O, y*), we run the
model on the respective permutations, and record

(7N

pcorrect(ﬂ'i) = SOftmaX(Z(ﬂ'i))ﬂ;l(y*) )
fori = 1,...,N!, where z(m;) € R" contains
the option-letter logits under permutation 7;, and
7, (y*) is the position of the gold answer after

reordering. Thus peorrect 1S the softmax probability
assigned to the gold answer under 7;. The permu-
tation sensitivity of a sample is defined as
N!

Oq = std ({pcorrect(ﬂ'z‘)}i:1> . (8)

This formulation is motivated by variance-based
sensitivity analysis (Saltelli, 2008): if a model re-
lies purely on answer semantics, pcorrect Should re-
main stable across permutations, yielding o, ~ 0;
a large o, indicates that the model’s confidence
in the correct answer fluctuates with slot position,
which is precisely the signature of positional bias.
The standard deviation across permutations thus
serves as a model-agnostic, label-aware probe of
how much a given question exposes the model’s
positional preference, consistent with prior obser-
vations that LLMs exhibit significant sensitivity

to answer ordering (Pezeshkpour and Hruschka,
2024).

Threshold selection. We use the median of {o}
over the training set as the decision boundary for
the binary sensitivity classifier. This choice is de-
liberate: the median is inherently robust to the long-
tailed distribution of sensitivity values that typically
arises (a small fraction of samples exhibit extreme
sensitivity while most cluster near zero), and it
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yields a balanced 50/50 label split that prevents
class-imbalance artifacts during classifier training.

Four-regime analysis and its connection to the
median threshold. ncorece = >, 1 fo(mi5q) =
y*] is basically the count of how many times among
all the permutation orderings the predicted letter
choice has been the actual ground truth label. To
understand what the sensitivity score o, captures,
We partition the data samples into four mutually
exclusive regimes based on their permutation be-
havior (Table 8), we assign each sample to one of
four regimes. Here t; = 12,5 = 20 for N = 4,
and t; = 25,10 = 42 for N = 5.

* Regime 1 (n¢orrect > t2): correct on nearly all
permutations, robust to order (low o, direct
prediction reliable).

* Regime 2 (11 < Neorrect < t2): majority vote
is correct but individual passes vary.

* Regime 3 (n¢orrect < t1, MV correct): a mi-
nority of passes are correct, yet the majority
vote recovers the right answer.

* Regime 4 (ncorrect < t1, MV wrong): the
model is fundamentally misled on this ques-
tion.

Dataset Model R1 (%) R2 (%) R3 (%) R4 (%)
Llama-3-8B  64.7 14.0 1.8 19.5

ARC Challenge Mistral-7B 37.8 31.1 55 25.5
Qwen3-8B 84.8 6.6 0.3 8.3
Llama-3-8B  45.1 17.0 4.7 332

MMLU-Redux 2.0 Mistral-7B 26.0 26.0 9.1 389

Qwen3-8B 62.6 13.5 1.1 22.9

Llama-3-8B  53.2 17.6 2.9 26.3
CommonsenseQA Mistral-7B 16.4 41.4 13.8 28.4
Qwen3-8B 61.6 18.9 1.6 17.9

Table 8: Percentage of test samples in each regime per
model, and dataset. R1: all/most permutations correct;
R2: majority correct (MV helps); R3: minority correct,
MV still wins; R4: MV fails.

Two patterns emerge directly from Table 8. First,
Regime-3 is consistently small (< 14% every-
where), confirming that the boundary between “MV
recoverable” and “MYV fails” is sharp rather than
gradual. So, there is a real bipartition in the data.
Second, Regime 1 varies notably with the model’s
baseline bias : Qwen3-8B, which is already near-
unbiased, has 62-85% of samples in Regime 1,
while Mistral-7B has as few as 16% on Common-
senseQA. Selecting the median of o, as the clas-
sifier threshold exploits this structure directly, it

positions the decision boundary inside the bulk of
the distribution rather than at an extreme, routing
the densest cluster of consistently-correct Regime 1
samples to direct prediction while sending the more
variable Regime-2/3/4 samples to the top-k path,
and it does so in a model-specific way, automati-
cally adapting to models like Qwen that concen-
trate most samples in Regime 1 versus models like
Mistral where the distribution is far more spread.

After dividing the data samples into either robust
or highly sensitive class, we train the sensitivity
classifier.

Evaluation of Sensitivity Classifier. Table 9 re-
ports 5-fold cross-validated ROC-AUC and bal-
anced accuracy (BAcc) across all model-dataset
combinations. The classifier performs strongly on
most settings, with cross-validated ROC-AUC rang-
ing from 0.90 to 0.96 for Llama-3-8B and Qwen3-
8B, and balanced accuracy consistently above 0.83.
Performance is somewhat lower for Mistral-7B,
likely due to its higher positional bias producing
noisier confidence signals that are harder to sepa-
rate. Train and cross-validation metrics are closely
aligned across all settings, indicating no significant
overfitting.

D Opverall per-sample cost.

Let r be the fraction of samples routed to Phase 2F
(i.e. predicted high-sensitivity). The expected num-
ber of LLM passes per sample is

Elpasses] = (1—r)-247-(2+k) =2+rk. (9)

Compared with 24 for exhaustive majority vot-
ing on all samples, a reduction factor of up to
24/(2+rk) depending on routing rate and chosen
k.

E Dataset and Model Statistics

Table 10 summarizes the train/test splits and
answer-choice counts used across our three bench-
marks. All datasets, and models are used under
their publicly available academic licenses.

Each benchmark required minor preprocessing
to ensure compatibility with our evaluation frame-
work. For CommonsenseQA, the official test set
does not include ground-truth labels, so we use
the validation split as our test set. For ARC Chal-
lenge, a small number of samples contained either
more than four answer options, or non-standard
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Dataset Model CV ROC-AUC CV BAcc Train ROC-AUC Train BAcc
Llama-3-8B 0.901 0.830 0.905 0.830
ARC Challenge Mistral-7B 0.773 0.714 0.780 0.722
Qwen3-8B 0.965 0.870 0.965 0.872
Llama-3-8B 0.794 0.716 0.801 0.724
MMLU Mistral-7B 0.755 0.715 0.761 0.720
Qwen3-8B 0.897 0.833 0.900 0.833
Llama-3-8B 0.790 0.712 0.791 0.713
CommonsenseQA  Mistral-7B 0.620 0.595 0.623 0.595
Qwen3-8B 0.902 0.830 0.902 0.830

Table 9: Sensitivity classifier evaluation (5-fold CV) across datasets and models.

Dataset Train Test # Options
ARC Challenge 1,119 1,172 4
MMLU-Redux 2.0 1,531 5,330 4
CommonsenseQA 9,741 1,221 5

Table 10: Train/test split sizes and number of answer
choices per dataset.

option labels (e.g., numerals 1. .. 4 instead of let-
ters A...D); we remapped all numeric labels to
their alphabetic equivalents, and reduced samples
which had more than four option-choices to a stan-
dard four-choice format. For MMLU, we use the
original MMLU split for training and evaluate on
MMLU-Redux 2.0, aggregating examples across
all subjects and retaining only those annotated with

error_type = "ok", which identifies questions
that were verified to be correctly formulated and
unambiguous.

The Table 11 lists all the models used in our
experiments, along with their parameter count.

Model Parameters
LLaMA-3-8B-Instruct 8.0B
LLaMA-3.2-3B-Instruct  3.2B
Gemma-7B 8.5B
Gemma-3-4B-IT 4.0B
Gemma-3-12B-IT 12.0B
Qwen3-8B 8.0B
Mistral-7B-Instruct-v0.2  7.2B

Table 11: LLMs used in our experiments, with their
total parameter counts.

F Hyperparameters

Sensitivity Classifier. The sensitivity classifier
is a logistic regression model trained on a 10-
dimensional feature vector extracted from two
LLM passes (identity, and reverse option order).
Labels are binarized at the median permutation-

sensitivity of the training set (1 = HIGH, 0 = LOW).
The model uses ¢ regularization (C' = 1.0), bal-
anced class weights, and is fit via L-BFGS with
a maximum of 1000 iterations. Input features are
standardized with StandardScaler before train-
ing. Generalization is estimated via 5-fold stratified
cross-validation.

Permutation Scorer. The permutation scorer is a
lightweight neural network that assigns a scalar
score to each of the possible answer-option or-
derings. The architecture consists of three com-
ponents: (i) a shared linear projection opt_proj :
R* — R%* applied uniformly to input token em-
beddings, and to the hidden states from both LLM
passes (all three having dimension d = dpyodel);
(i) a context encoder ctx_proj : R'3® — R26
(Linear — LayerNorm — ReL.U) that fuses mean-
pooled projections of the two hidden-state passes
with the scalar features; and (iii) a two-layer scorer
MLP R?'?2 — R?56 — R! (ReLU nonlinearity)
that concatenates the permuted option projections
with the context vector. With the hidden states of
LLaMA-3-8B (d = 4096) this yields 429,889 train-
able parameters in total. The model is trained for
50 epochs with the Adam optimizer (Ir = 1073,
gradient clipping at || - |2 = 1.0), and binary cross-
entropy loss with a positive-class weight of 3.0 to
compensate for the class imbalance inherent in the
per-permutation correctness labels.

G Label-Free Validation of the Sensitivity
Router

The routing evaluation in Appendix C relies on
gold labels, since permutation sensitivity oy is de-
fined over peorrect- To verify that the router isolates
order-sensitive questions independently of label
information, we additionally report the Permuta-
tion Bias Metric (PBM), a label-free measure of
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selection bias from (Guda et al., 2025). PBM is
defined as the mean, across answer contents, of the
variance of each content’s probability over option
permutations:

N
1
PBM = ;Var({P(Oj | m) L), (10)

where P(o; | m;) is the probability assigned to an-
swer content o; under permutation 7;. A model
whose predictions depend only on answer seman-
tics assigns each content a stable probability re-
gardless of slot, yielding PBM = 0; larger values
indicate that probability mass shifts with position.
Because PBM requires no gold answer, it can be
computed directly on the evaluation set, and sepa-
rately on each of the two subsets produced by the
sensitivity classifier.

Dataset Model PBM (HIGH) PBM (LOW) HIGH:LOW % HIGH

Llama-3-8B 2.47% 0.35% 7.1x 48.4%
ARC Challenge Mistral-7B 10.50% 4.20% 2.5x% 37.1%
Qwen3-8B 2.53% 0.05% 54.2x 43.3%
Llama-3-8B 2.52% 0.92% 2.7% 51.8%
MMLU-Redux 2.0 Mistral-7B 10.91% 5.27% 2.1x 49.0%
Qwen3-8B 3.67% 0.45% 8.1x 44.2%
Llama-3-8B 1.81% 0.77% 2.4x% 51.8%
CommonsenseQA  Mistral-7B 10.26% 8.09% 1.3x 41.9%
Qwen3-8B 4.11% 0.63% 6.5% 45.2%

Table 12: Permutation Bias Metric (PBM) computed
separately on the predicted-HIGH and predicted-LOW
subsets of the sensitivity classifier. Lower PBM indi-
cates more permutation-consistent behaviour.

Table 12 reports PBM on the predicted-HIGH,
and predicted-LOW subsets. The HIGH subset
carries a higher PBM than the LOW subset in ev-
ery model-dataset combination, by factors ranging
from 1.3x to 54.2x. The separation is widest for
near-unbiased models such as Qwen3-8B, where
the router concentrates what little positional in-
stability exists into a small HIGH subset. This
provides an independent, label-agnostic confirma-
tion that the classifier routes precisely the questions
where permutation aggregation is warranted, while
leaving already-stable questions to cheap direct in-
ference, and complements the label-dependent bias
results (RSD, CKLD) reported in Section 4.

H Comparison with CalibraEval

We additionally compare against CalibraEval (Li
et al., 2025), a calibration method originally
designed for pairwise LLM-as-judge evaluation,
where its constraints are derived from swapping
candidate positions, and identifier tokens. The

MCQA analogues of these two axes are option-
order and answer-ID permutations. An exhaus-
tive sweep over both is infeasible (4! x 4! = 576
semantically-equivalent prompts per question), so
we use four views that cover both axes: original,
and reversed option-order crossed with original
and reversed ID tokens. Each view’s distribution
over the displayed answer IDs is mapped back to
the original option identities, and we fit CalibraE-
val’s monotone calibration g label-free via NOA
(cumulative-softmax parametrization, three-term
swap-consistency objective, A = 0.5), predict-
ing arg max, meanyiew ¢* (Pview (¢)). This baseline
costs four LLM calls per question, so we compare
it against GPS at a matched inference budget.

Table 13 reports accuracy. At a matched budget,
GPS (k=5, ~4.2 calls/question on average) outper-
forms CalibraEval on 8 of 9 settings; even at k=3,
using ~18% fewer calls, GPS still wins on 6 of 9,
and attains substantially lower selection bias in the
most biased setting (CommonsenseQA / Mistral-
7B). An ablation isolating the learned calibration
shows that g contributes essentially nothing over
simply averaging the four views (mean A =~ 0.0%,
range +0.5% across all nine settings). Because
g is monotone, it alters a prediction only when it
reorders the view-averaged scores, which it almost
never does. CalibraEval’s benefit under MCQA
therefore stems from multi-view aggregation rather
than from the learned calibration, an observation
that may be of independent interest when porting
judge-calibration methods to multiple-choice eval-
uation.

Dataset Model GPS CalibraEval
k=1 k=3 k=5 (4.0 calls)
(3calls) (~3.3) (~4.2)
Llama-3-8B  78.24% 79.18% 80.12% 78.50%
ARC Challenge Mistral-7B  66.89% 70.28% 71.67% 69.71%
Qwen3-8B  91.38% 92.06% 92.06% 91.47%
Llama-3-8B  64.39% 64.99% 65.95% 64.75%
MMLU-Redux 2.0 Mistral-7B 57.04% 57.52% 58.71% 57.50%
Qwen3-8B  75.63% 76.04% 76.44% 76.17%
Llama-3-8B  70.68% 71.66% 72.24% 71.99%
CommonsenseQA  Mistral-7B 59.95% 61.18% 62.74% 60.11%
Qwen3-8B  78.21% 78.38% 80.02% 80.43%

Table 13: Accuracy of GPS at k € {1, 3,5} against Cal-
ibraEval (Li et al., 2025) at a matched inference budget.
Average LLM calls per question are shown in parenthe-
ses. GPS k=5 (= 4.2 calls) outperforms CalibraEval
(4.0 calls) on 8 of 9 settings, the sole exception being
Qwen3-8B on CommonsenseQA.
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MMLU-Redux 2.0 (K=1)

CommonsenseQA (K=1)

ARC Challenge (K=1)

LLMs Ace. [1] Macro F1 [1] RSD [{] CKLD [{] Acc. [{] Macro F1 [1] RSD [}] CKLD [J] Acc. [t] Macro F1 [1] RSD [{] CKLD [{]
Baseline 60.38%  60.38%  2.48% 022% 62.41% 61.98% 19.10% 509% 76.19% 7617%  3.65% 0.15%
Gemma7b  Random 58.71%  58.67% 247% 0.09% 62.46% 62.42% 19.01% 5.14% 75.57% 75.52%  2.89% 0.23%
GPS  59.14% 59.11% 3.37% 041% 6503% 64.92% 9.06% 0.95% 7645% 7648% 1.69% 0.03%
Baseline 56.34%  5620%  9.04% 143% 56.02% 5473% 3136% 9.24% 6681% 66.69% 691% 0.38%
Llama-3.2-3b Random 55.06% 54.99%  822% 090% 55.66% 55.65% 21.55% 824% 6638% 66.34% 1.27% 0.18%
GPS  5651% 5646% 4.87% 089% 571.58% 57.58% 11.10% 1.68% 69.62% 69.57% 174% 0.15%
Baseline 54.39%  5435% 16.80% 594% 65.68% 6542% 15.84% 2.57% 7201% 7213% 8.78% 141%
Gemma3-db-it Random 54.22%  54.19%  17.60% 3.90% 64.70% 64.71% 10.02% 1.69% 70.73% 70.65% 11.45% 2.37%
GPS  5649% 5646% 4.40% 0.68% 6781% 67.80% 587% 031% 7235% 7232% 398% 027%
Bascline73.55% 73.55%  4.26% 0.65% 7821% 77.98% 1191% 146% 89.68% 89.70% 1.66% 0.06%
Gemma3-12b-it Random 71.97%  71.94%  3.34% 022% 7649% 7648%  9.80% 1.66% 89.39% 89.40%  197%  0.06%
GPS  73.47% 73.44% 226% 024% 80.18% 80.10% 6.41% 031% 90.18% 90.18%  1.90% 0.03%

Table 14: Combined results across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge (K=1) datasets for

additional models.

Setting MMLU-Redux 2.0 CommonsenseQA ARC Challenge
Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b
Full MV 66.83% 61.11% 77.13% 73.71% 71.58% 82.06 % 80.46 % 74.49 % 91.72%
k=1 64.39% 57.04% 75.63% 70.68% 59.95% 78.21% 78.24% 66.89% 91.38%
k=3 64.99% 57.52% 76.04% 71.66% 61.18% 78.38% 79.18% 70.28% 92.06%
k=5 65.95% 58.71% 76.44% 72.24% 62.74% 80.02% 80.12% 71.67% 92.06%
k=17 66.44% 58.87% 76.53% 72.40% 65.03% 80.67% 80.20% 71.76% 92.15%

Table 15: Accuracy (MicroF1) across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge datasets for
various values of k£ and Full Majority Voting (Full MV). Full MV for CommonsenseQA was done with 50

permutations instead of 5!=120.

Hellaswag Dataset

LLMs

Accuracy (MicroF1) [1] Macro F1 [1] RSD [|] CKLD [/]

Baseline Ours Baseline Ours Baseline Ours Baseline Ours
Llama-3-8b-instruct ~ 66.28% 67.29% 66.29% 67.30%  6.04% 3.59% 0.78%  0.29%
Mistral-7b 47.06% 48.07 % 46.30% 47.94% 37.83% 12.52% 15.46% 1.46%
Qwen3-8b 81.12% 81.11% 81.08% 81.11%  3.66% 0.90% 0.12%  0.00%

Table 16: Results on the Hellaswag Dataset.

I Results using additional LLMs

Table 14 extends the main results to four additional
models: Gemma-7B, Llama-3.2-3B, Gemma-3-4B-
IT, and Gemma-3-12B-IT across all three bench-
marks. GPS consistently reduces positional bias
(RSD, CKLD). It also improves, or matches ac-
curacy, with the debiasing gains being most pro-
nounced for the smaller, and more permutation-
sensitive models.

J Impact of Permutation Budget £

Increasing k yields further consistent gains across
all three benchmarks (see Table 15). On MMLU-
Redux-2.0, Llama-3-8B improves from 64.39%
at k=1 to 66.44% at k=7, and Mistral-7B from
57.04% to 58.87%. The trend is most pronounced

on CommonsenseQA, where Mistral-7B rises from
59.95% (k=1) to 65.03% (k=T7), and Qwen3-8B
from 78.21% to 80.67%. This monotonic improve-
ment confirms that the permutation scorer learns
a meaningful ranking. Using top-k = 7 permuta-
tions narrows down the gap with majority voting
in most cases. This is a testament of perm-scorer
to being an efficient replacement of exhaustive all
permutations approaches without.

K Results on the Hellaswag Dataset

Table 16 reports full per-model accuracy, and debi-
asing scores on HellaSwag Dataset under all evalu-
ated methods. Results for Llama-3-8B, Mistral-7B,
and Qwen-3-8B are included.
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MMLU-Redux 2.0

CommonsenseQA ARC Challenge

LS Identity-GPS Full GPS Identity-GPS Full GPS Identity-GPS Full GPS
Llama-3-8b-instruct 64.39% 64.39 % 69.45% 70.68 % 77.82% 78.24%
Mistral-7b 55.95% 57.04% 55.86% 59.95% 66.47% 66.89 %
Qwen3-8b 75.68 % 75.63% 79.44% 78.21% 90.53% 91.38%

Table 17: Ablation study results across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge datasets,
comparing between Identity-Order pass, and Two-pass versions of GPS.

L Identity-Only vs. Identity+Reverse
Order

For models with already low positional bias, such
as Qwen3-8B, the forward-only variant occasion-
ally edges ahead slightly: 75.68% vs. 75.63%
on MMLU and 79.44% vs. 78.21% on Common-
senseQA, because the forward hidden state alone
captures most of the available signal when the
model is already near-unbiased. For Mistral-7B,
which exhibits high baseline positional sensitiv-
ity, the forward-only variant consistently underper-
forms across all three benchmarks (e.g. 55.86% vs.
59.95% on CommonsenseQA), and Llama-3-8B
follows the same pattern.

It is noticed that a single forward pass reveals
where the model places its confidence, but only the
delta between the identity and the reverse passes re-
veals whether that confidence is anchored to answer
semantics or to slot position. Relying on a single
pass risks misclassifying borderline samples : rout-
ing easy questions through unnecessary re-ranking
or leaving hard ones in the direct-prediction path.
The full two-pass estimator eliminates this incon-
sistency. More in Table 17.

M Token Embeddings as feature vectors

We evaluate a token-embedding-only (TE) variant
as the lowest-cost alternative, replacing the two-
pass hidden-state features with static input token
embeddings. We report results on MMLU-Redux
2.0, whose broad subject coverage (57 subjects)
makes it a representative testbed for assessing con-
sistency across diverse question types. The results
are inconsistent across models (Table 18). TE
improves slightly over the baseline for Llama-3-
8B (63.36% — 63.94%), yet degrades it for both
Qwen3-8B (75.22% — 74.82%), and Mistral-7B
(54.52% — 53.43%). This pattern is consistent
across MMLU-Redux 2.0’s subjects, suggesting
that static token embeddings lack the contextual
sensitivity signal needed to reliably distinguish
high- from low-sensitivity samples.

N ICL and CoT : Prompt Templates, and
Implementation Details

The ICL baseline prepends three training examples
to every query. Examples are selected from the
training split by finding questions for which the
model predicts correctly across at least three dis-
tinct permutations of the options, then choosing a
trio that covers three distinct gold-answer positions
to avoid positional shortcuts.

prompt = f"""Output the correct answer letter
< option from the given choices.

Question: {ex1_question}

A: {ex1_opts[1]1} B: {ex1_opts[2]} C:
— {ex1_opts[3]} D: {ex1_opts[4]1}
Answer: {ex1_answer}

Question: {ex2_question}

A: {ex2_opts[1]} B: {ex2_opts[2]} C:
— {ex2_opts[3]} D: {ex2_opts[4]1}
Answer: {ex2_answer}

Question: {ex3_question}

A: {ex3_opts[1]1} B: {ex3_opts[2]} C:
— {ex3_opts[3]} D: {ex3_opts[4]}
Answer: {ex3_answer}

Question: {question}

A: {options[1]1} B: {options[2]} C: {options[3]}
— D: {options[4]}

Answer: """

Answer extraction follows the same logit-based
procedure as the direct baseline, combining plain
and space-prefixed token ids via logaddexp.

The CoT baseline uses a two-pass procedure.
Pass 1 prompts the model to reason before commit-
ting to an answer:

# Pass 1 — generate reasoning

prompt_p1 = f"""Output the correct answer
— letter option from the given choices. \
Please think step by step.

Question: {question}
A: {options[1]} B: {options[2]} C: {options[3]}
— D: {options[4]1}

Answer: Let's think step by step.

nnn

27311



MMLU-Redux 2.0 Dataset

TE Only Results

Accuracy (MicroF1) [1] Macro F1 [1] RSD [|] CKLD [/]
Baseline TE Ours  Baseline TE Ours Baseline TE Ours Baseline TE Ours
Llama-3-8b-instruct  63.36%  63.94% 64.39% 6333% 63.84% 6431% 6.10% 141% 2.03% 1.28% 011% 0.30%
Qwen3-8b 75.22% 74.82% 75.63% 15.13% 74.73% 75.55% 1.80% 2.61% 1.76% 0.07%  0.03% 0.02%
Mistral-7b 54.52% 53.43% 57.04% 53.97% 53.38% 5697% 20.32% 2.02% 5.19% 4.54% 010% 0.18%

Table 18: Token Embedding based results on MMLU-Redux 2.0 Dataset.

explanation = model.generate(prompt_p1,
— max_new_tokens=...)

# Pass 2 — extract answer letter from logits
prompt_p2 = prompt_pl + explanation + "\n\nSo,
— the Answer is: "

pred_letter = argmax_over_option_logits(model,
< prompt_p2)

Integration with the sensitivity-routing
pipeline. In the full pipeline, CoT generation
occurs after the permutation scorer selects
the top-k permutation for a HIGH-sensitivity
sample. The sensitivity classifier operates on the
same two-pass scalar features (entropy, margin,
agreement) derived from the CoT-conditioned
prompts, so explanation generation is confined to
the HIGH-sensitivity branch and does not affect
routing decisions for LOW-sensitivity samples.

Computational overhead. Each CoT call
requires an autoregressive generation step (pass-1)
in addition to the standard single forward pass
used for answer extraction (pass-2). This roughly
doubles the wall-clock time per sample compared
to direct inference. We initially allocated a budget
of 50 new tokens for pass-1; however, this was
occasionally insufficient for the model to complete
a coherent reasoning step, so the budget was
increased to 100 tokens for the respective models
to obtain reliable answer extractions. The optimal
token budget is a variable worth exploring in
future.

O Result Analysis of Bias Node Pruning,
and Ours

Bias Node Pruning (BNP). BNP (Choi et al.,
2025) mitigates positional bias by pruning bias-
inducing nodes from intermediate layers. Since
no codebase was released, we re-implement the
method, and report results on the same models and
benchmarks (Table 19). Our method outperforms
BNP on accuracy across all model-dataset combina-
tions, and achieves substantially lower CKLD in al-
most every case (e.g. Mistral-7B CKLD: 3.91% —

0.18% on MMLU-Redux-2.0, 20.36% — 3.95%
on CommonsenseQA). Unlike BNP, our approach
requires no weight modification, making it appli-
cable to any frozen model out of the box. See
Table 19. Reproduced BNP numbers differ from
the original paper, likely due to model version dis-
crepancies.

P LLM-generated option-text orders

As an additional baseline, we prompt the LLM to
generate a preferred ordering of the answer options
for each question, then re-present the options in
that LLM-generated order before extracting the
final answer (Table 20).
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MMLU-Redux 2.0 (K=1) CommonsenseQA (K=1) ARC Challenge (K=1)
Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b

BNP  63.02% 54.47%  15.27% 67.24% 53.48%  18.05% 77.47% 64.33%  90.36%
GPS  64.39% 57.04%  75.63% 70.68 % 59.95%  78.21% 78.24% 66.89%  91.38%

Macro F1 [{] BNP  62.90% 53.94%  75.20% 67.16% 51.46%  77.89% 77.42% 64.17%  90.46%
GPS  64.31% 56.97%  75.55% 70.68 % 59.36%  78.20% 78.21% 66.88% 91.41%

BNP 11.50% 19.31% 1.68 % 9.99% 39.74% 11.60% 1.87% 18.18% 1.87%
GPS  2.03% 5.19% 1.76% 4.24% 22.21% 1.49 % 1.65% 9.78% 2.26%

CKLD [{] BNP  2.82% 391% 0.15% 1.81% 20.36% 1.69% 0.10% 4.53% 0.02%
GPS  0.30% 0.18% 0.02% 0.10% 3.95% 0.01% 0.02% 0.72% 0.05%

Acc. [1]

RSD [{]

Table 19: Comparison of BNP (Choi et al., 2025), and GPS across MMLU-Redux 2.0, CommonsenseQA, and ARC
Challenge (K=1) datasets.

MMLU-Redux 2.0 (K=1) CommonsenseQA (K=1) ARC Challenge (K=1)
Metric Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b Llama-3-8b Mistral-7b Qwen3-8b

Baseline 63.36% 5452%  75.22% 69.04 % 53.73%  77.89% 76.96% 64.51%  90.19%
LLM-Order  62.04% 52.40%  74.89% 67.64% 53.64%  78.29% 77.39% 64.84%  91.21%

63.33% 53.97%  75.13% 69.04 % 51.83%  77.711% 76.94% 64.30%  90.28%

Ace. [1]

Macro F1 [1] Baseline
acro LLM-Order 57.27% 50.45% 66.58% 61.61% 50.13% 66.57% 68.41% 61.78% 80.38%
RSD [|] Baseline 6.10% 20.32% 1.80% 5.67% 38.90% 11.22% 3.39% 18.74% 2.24%
LLM-Order 23.53% 27.71% 20.63% 23.56% 44.92% 27.09% 23.82% 25.19% 16.12%
CKLD [{] Baseline 1.28% 4.54% 0.07 % 0.67 % 19.48% 1.46% 0.42% 4.84% 0.02%
LLM-Order 1.01% 5.99% 0.20% 1.90% 26.54% 1.66% 0.66% 5.01% 0.23%

Table 20: Baseline vs. LLM-generated Order across MMLU-Redux 2.0, CommonsenseQA, and ARC Challenge
(K=1) datasets.
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