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Abstract

Generative listwise reranking leverages global
context for superior retrieval but is plagued
by intrinsic position bias, where models ex-
hibit structural sensitivity to input order in-
dependent of relevance. Existing mitigations
present a dilemma: inference-time aggregation
incurs prohibitive latency, while training-based
methods often fail to eradicate ingrained pri-
ors, particularly in compact models. To resolve
this dilemma, we propose CapCal (Content-
Agnostic Probability Calibration), a training-
free framework that mechanically decouples
positional bias from ranking decisions. By
estimating the bias distribution via content-
free placeholders, CapCal rectifies output logits
through an entropy-adaptive contrastive mech-
anism. Evaluations across 10 benchmarks
confirm that CapCal achieves superior perfor-
mance among training-free methods while pre-
serving single-pass efficiency. Notably, it un-
locks the latent potential of lightweight mod-
els (e.g., 0.6B), delivering absolute NDCG
gains exceeding 10 points and outperforming
both permutation-based aggregation and data-
augmentation baselines. Our code is openly
available at USTC-StarTeam/CapCal.

1 Introduction

Listwise reranking (Sun et al., 2023; Ma et al.,
2023) has established itself as a powerful paradigm
in modern information retrieval, utilizing Large
Language Models to evaluate candidate documents
simultaneously rather than in isolation. By integrat-
ing the query and the full document list within a
single prompt, this approach enables the model to
capture global inter-document dependencies, deliv-
ering ranking performance that substantially outper-
forms traditional pointwise or pairwise methods.
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However, this paradigm faces a fundamental the-
oretical flaw: the violation of Permutation Invari-
ance. Theoretically, an ideal ranking function must
yield results that are invariant to the physical se-
quence of candidate documents. In practice, how-
ever, LLMs exhibit intrinsic sensitivity to token
positions, inevitably giving rise to severe position
bias. This often manifests as the "Lost in the Mid-
dle" phenomenon (Liu et al., 2024), where models
systematically favor documents at the beginning
or end of the context while overlooking highly rel-
evant ones in the middle, thereby degrading the
overall reliability of the retrieval system.

While extensive research has been dedicated to
mitigating this bias, existing methodologies remain
constrained by an inherent trade-off between effi-
ciency and flexibility. On one hand, inference-time
aggregation strategies (Tang et al., 2024; Lee et al.,
2025) attempt to neutralize bias by averaging pre-
dictions across multiple input permutations; how-
ever, the computational overhead incurs prohibitive
latency, rendering them impractical for real-time
scenarios. On the other hand, training-based inter-
ventions (Pradeep et al., 2023a; Ren et al., 2024)
seek to enforce order invariance through extensive
data augmentation or architectural modifications.
Yet, these approaches introduce significant rigidity:
they necessitate costly retraining for any new back-
bone and often exhibit suboptimal cross-domain
generalization. Consequently, there remains a criti-
cal need for an efficient, training-free solution capa-
ble of rectifying position bias without succumbing
to the computational burden of aggregation or the
inflexibility of retraining.

In this work, we propose CapCal (Content-
Agnostic Probability Calibration), a novel frame-
work that resolves this dilemma by fundamen-
tally reconceptualizing the nature of position bias.
Rather than treating bias merely as a symptom to
be suppressed, we formulate it as a measurable
component to be explicitly decoupled. As illus-
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Figure 1: Overview of the proposed CapCal framework. The framework decouples position bias by utilizing an
empty-passage query to capture the input-agnostic prior. We then apply contrastive decoding to subtract this prior
from the standard inference logits, achieving a calibrated ranking.

trated in Figure 1, our approach is grounded in the
key insight that intrinsic priors can be isolated by
observing the model’s behavior in the absence of
content. Specifically, by querying the model with
empty passages, we capture the content-agnostic
prior—a baseline preference for specific list indices
manifested directly in the logits. We then leverage
contrastive calibration to analytically subtract this
prior from the standard generation probabilities.
This plug-and-play strategy rectifies ranking distri-
butions without sacrificing listwise inference effi-
ciency. We validate CapCal across 10 benchmarks
(MS MARCO and BEIR) using Qwen models rang-
ing from 0.6B to 8B. Empirical results demonstrate
that our framework consistently enhances ranking
performance while maintaining single-pass effi-
ciency. Notably, it unlocks the potential of smaller
models, delivering over 10 NDCG points of im-
provement in high-bias scenarios and proving ro-
bust across diverse retrieval contexts. Our contribu-
tions are summarized as follows:

* We introduce CapCal, a plug-and-play frame-
work that mechanically rectifies position bias via
content-agnostic probability calibration, elimi-
nating the need for retraining or expensive infer-
ence aggregation.

* We bridge the capability gap for small language
models, demonstrating that explicit bias correc-
tion allows 0.6B-scale models to rival larger
baselines, thereby enhancing the scalability of
generative reranking.

* We reveal the limitations of implicit adaptation,
showing that inference-time calibration is supe-
rior to permutation-based methods in handling
the stubborn, intrinsic nature of positional priors.

2 Related Work

2.1 Generative listwise reranking

Generative listwise reranking has superseded point-
wise and pairwise paradigms by enabling LLMs to
capture global inter-document dependencies. Sun
et al. (2023) and Ma et al. (2023) pioneered this
approach by prompting LLMs to directly generate
document permutations. Subsequent efforts, such
as Pradeep et al. (2023a) and Pradeep et al. (2023b),
optimized this via instruction fine-tuning on open-
source backbones, while Gangi Reddy et al. (2024)
further reduced latency by deriving rankings solely
from the first token’s logits. Although recent trends
explore integrating reasoning steps to enhance pre-
cision(Liu et al., 2025; Weller et al., 2025; Yang
et al., 2025b), such methods incur severe latency
costs due to extensive token generation. Conse-
quently, direct generation with efficient, smaller-
scale models remains a practical choice for latency-
sensitive applications, making robust position-bias
mitigation especially important.

2.2 Position Bias and Mitigation Strategies

LLMs exhibit intrinsic sensitivity to input order,
leading to the "Lost in the Middle" phenomenon
(Liu et al., 2024). Mitigation strategies primar-
ily diverge into inference-time input manipulation
and model-level adaptation. Inference-time ap-
proaches treat the LLM as a black box. Ag-
gregation strategies, such as Permutation Self-
Consistency (PSC) (Tang et al., 2024), LLM-
RankFusion (Zeng et al., 2024), and Mixture-of-
Intervention (MOI) (Lee et al., 2025), neutralize po-
sitional noise by averaging or solving for rankings
across multiple shuffled inputs. Decomposition
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strategies like sliding windows (Sun et al., 2023) or
tournament sorting (Yoon et al., 2024) mitigate bias
by segmenting lists to limit context length. While
effective, these methods incur prohibitive latency
due to repeated inference. Conversely, model-level
approaches target internal mechanisms. Data aug-
mentation implies training on shuffled samples to
learn invariance(Pradeep et al., 2023a,b), while ar-
chitectural modifications—such as ListT5’s (Yoon
et al., 2024) ranking loss or SCalLR’s (Ren et al.,
2024) dual-view alignment—enforce it structurally.
However, these techniques often suffer from inflex-
ibility and potential generalization issues due to
costly retraining. Lastly, calibration methods like
ICR (Chen et al., 2025) and FitM (Hsieh et al.,
2024) leverage internal attention weights to math-
ematically decouple positional priors. While shar-
ing the goal of parameter-free bias isolation, these
methods primarily focus on normalizing attention
maps rather than rectifying generative distribution.

2.3 Decoding Strategies and Calibration

Contrastive Decoding (CD) (Li et al., 2023;
O’Brien and Lewis, 2023) was originally proposed
to enhance generation quality by maximizing the
divergence between an "expert" and an "amateur"
model, effectively suppressing generic or repeti-
tive modes. To eliminate the need for auxiliary
models, self-contrastive approaches (Chuang et al.,
2024) derive the negative constraint from the model
itself, typically via unconditional prompts(Peng
et al., 2025) or early-exit layers(Phan et al., 2024).
In Retrieval-Augmented Generation, methods like
Context-Aware Decoding (CAD) (Shi et al., 2024;
Zhao et al., 2024; Qiu et al., 2025) apply this prin-
ciple to amplify contextual reliance by subtract-
ing context-agnostic priors. Recent decoding-time
steering methods further show that generation be-
havior can be adjusted at inference time without
updating model parameters, for example through
collaborative logit steering or speculative-style per-
sonalized generation (Lv et al., 2026a,b). Our work
extends this idea to listwise reranking: we treat the
empty-context prior as the mathematical manifes-
tation of positional bias and subtract it from the
ranking distribution, yielding a training-free debi-
asing mechanism tailored to generative ranking.

3 Methodology

We present CapCal, a training-free framework de-
signed to calibrate listwise reranking by explic-

itly decoupling inherent positional priors from se-
mantic relevance. As illustrated in Figure 1, our
approach operates in two stages: quantifying the
input-agnostic prior via semantic-free placeholders,
and rectifying the ranking distribution through an
adaptive, contrastive calibration mechanism.

3.1 Preliminaries: Listwise Reranking

Given a query ¢ and a list of NV candidate docu-
ments D = {dj,ds,...,dy}, the goal is to gener-
ate a permutation 7 of indices that ranks documents
by decreasing relevance. Following the standard
generative paradigm (Sun et al., 2023), the input
prompt x is constructed by concatenating the query
and the document list: T(q,d1,...,dN),
where 7 is a prompt template as shown in C. At
step k, the probability of generating the identifier
token ¢, corresponding to document d; is computed

. exp(zy, l)
as: P(tk; = dl | I’,t<k) = Z’Ue\/e—)fpd(zk‘,v)’

zj, € RVl are the logits over the vocabulary V.

xr =

where

3.2 Estimation of Intrinsic Positional Priors

Position bias intrinsically manifests as a non-
uniform probability distribution over document in-
dices, persisting independently of semantic content.
To isolate this bias, we construct a content-free
input Tempry. Specifically, we mirror the standard
prompt structure but replace the textual content of
each candidate document with a semantically vacu-
ous & (e.g., an empty string), while retaining the
original query and document identifiers:

mempty:7-(Q7@7~~7®) (D

By feeding Zempyy into the frozen LLM, we obtain
the prior logits zirior. Since the candidate list is
devoid of semantic information, any divergence in
the probability mass assigned to different document
indices (e.g., a structural preference for "1" over
"5") serves as a direct quantification of the model’s

intrinsic positional bias.

3.3 Adaptive Calibration via Prior
Decomposition

Standard contrastive decoding methods operate on
token-level logits, which is ill-suited for listwise
reranking where document identifiers vary in token
length (e.g., "9" vs. "10"). Consequently, we for-
mulate our calibration strategy directly within the
probability space, focusing on alignment, decom-
position, and adaptive correction.
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Identifier-Level Probability Alignment. First,
we estimate the generation probability for each can-
didate document d;. To normalize across identifiers
of varying lengths, we compute the joint probabil-

ity of the constituent token sequence (wy, . .., Wp,)
appended with a termination symbol (e.g., ‘]°) to
normalize across lengths:
m
P(d; | x) H (wj | 2, w<j) - P(1] 2, wiim)
2
Decomposition of Positional Bias. We define

the calibrated score S(d;) by decomposing the
model’s prediction into a semantic component and
a bias component. Theoretically, in the complete
absence of semantic signals, an ideal unbiased
ranker must yield a uniform distribution over the
candidate set. Deviations from this uniform base-
line constitute excessive prior bias. The calibrated
score is derived by subtracting this bias from the
original probability:

1)
Cl

3)
where C;, denotes the set of available candidates at
step k, and ﬁ represents the theoretical uniform
assumption.

S(di) = P(d; | ) — (P(di | Zempty) —

Entropy-Based Adaptive Penalty. Instead of a
static penalty, we introduce a dynamic coefficient
oy to adapt to the model’s fluctuating uncertainty.
This dynamic adjustment is motivated by the ob-
servation that LLMs tend to fall back on positional
shortcuts primarily when semantic confidence di-
minishes. Accordingly, we modulate o based on
the Shannon entropy of the prediction distribution:

fﬁz

deCy

ap = BH(P( | z,t<p)) d)log p(d

“4)
where p(d) is the normalized probability of can-
didate d, and S is a scaling hyperparameter. This
ensures strong calibration when uncertainty is high
(flat distribution), while preserving original seman-
tics when the model is confident.

Constrained Decoding. Finally, to guarantee the
validity of the output ranking, we employ con-
strained decoding. At each step, the vocabulary
is restricted to the valid next tokens corresponding
to indices in Cy, ensuring the generated sequence
forms a valid permutation of the input documents.

4 Experiments

4.1 Experiment Setup

Tasks. We conduct a comprehensive evaluation
on 10 benchmarks spanning general web search
and specialized domains. For General Web Search,
we adhere to the standard MS MARCO (Bajaj
et al., 2018) protocols, covering the v1 corpus
with TREC DL19 and DL20 (Craswell et al., 2020,
2021) and the v2 corpus with TREC DL21-DL.23
(Craswell et al., 2025a,b,c).! For Specialized Do-
mains, we adopt a diversity-first selection strategy
over BEIR, choosing five datasets from distinct
semantic fields: Epidemiology (TREC-COVID),
Nutritional Science (NFCorpus), Earth Science
(Climate-FEVER), Finance (FiQA), and Argumen-
tation (Arguana). This yields a balanced suite of
five general-domain and five specialized-domain
benchmarks.

Models. To assess scalability and robustness, we
evaluate models of different sizes and generations:
Qwen3-0.6B, Qwen3-8B (Yang et al., 2025a), and
Qwen2.5-7B-Instruct (Qwen et al., 2025), a widely
used instruction-tuned baseline.

4.2 Main Results

Table 1 presents the comparative analysis of our
framework across three distinct model scales and
ten diverse benchmarks, together with in-domain
and out-of-domain averages for quick compari-
son. The empirical evidence demonstrates that our
training-free calibration mechanism consistently
enhances generative ranking performance across
almost all settings.

Universal Efficacy Across Scales. Our frame-
work yields robust gains across all tested archi-
tectures, ranging from standard 7B/8B models to
the highly compact 0.6B variant. While effective
universally, the impact is particularly pronounced
on Qwen3-0.6B, achieving absolute improvements
exceeding 10 NDCG@ 10 points on MS MARCO
V2 and Climate-Fever. This indicates that while
bias rectification benefits models of all sizes, it is
instrumental in unlocking the latent ranking poten-
tial of smaller models, which are intrinsically more
susceptible to positional sensitivity.

One reviewer pointed out that the evaluation on TREC
DL21 may be less reliable; we therefore retain its results for
completeness but treat them as reference only.
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MSv1 MSv2 Avg. BEIR Avg.

Model Method DL19 DL20 DL21 DL22 DL23 InD COVID Clim. NF Argu. FiQA OOD
Qwen3-0.6b Base 0.4916 0.3415 0.6278 0.4858 0.5457 0.4985 0.6074 0.1622 0.4243 0.1097 0.1807 0.2969
7 CapCal 0.5454 0.4126 0.6666 0.5457 0.5762 0.5493 0.6400 0.2086 0.4504 0.2448 0.2364 0.3560
Qwen3-8b Base 0.6807 0.5405 0.8091 0.6129 0.6945 0.6675 0.7525 0.2486 0.4981 0.2436 0.2877 0.4061
CapCal 0.7141 0.5613 0.8228 0.6391 0.6979 0.6870 0.7683 0.2714 0.5094 0.2464 0.2932 0.4177
Qwen2.5-7b Base 0.7114 0.5151 0.8142 0.6293 0.6317 0.6603 0.7542 0.2325 0.4858 0.2181 0.2846 0.3950
’ CapCal 0.6991 0.5020 0.8277 0.6417 0.6411 0.6623 0.7665 0.2405 0.5088 0.2553 0.3075 0.4157

Table 1: Performance comparison on MS MARCO and BEIR benchmarks. All metrics are reported in NDCG@10.

Cross-Domain Generalization. The method ex-
hibits remarkable stability across both general web
search and specialized domains. By explicitly de-
coupling intrinsic positional priors, our calibration
restores ranking fidelity, effectively handling zero-
shot scenarios and complex reasoning tasks such
as TREC DL23 and NFCorpus. The sustained im-
provements across both MS MARCO settings and
diverse BEIR tasks further attest to the domain-
agnostic nature of our adaptive penalty mechanism.

Comparison with Inference-Time Aggregation.
We further compare CapCal against Permutation
Self-Consistency (PSC), a strong inference-time ag-
gregation baseline that performs 10 shuffled rerank-
ing passes per query. As detailed in Appendix A.4,
CapCal consistently matches or exceeds PSC on
Qwen3-0.6B while requiring only one additional
forward pass, demonstrating a substantially better
effectiveness-efficiency trade-off.

4.3 Discussion and Analysis

Using Qwen3-0.6B, we analyze CapCal’s robust-
ness and examine whether training-based debiasing
can substitute for inference-time calibration.

Robustness Analysis. We challenge our calibra-

tion mechanism under three perturbation settings
to verify its stability:

¢ Input Distribution Shift: We altered the in-

put distribution by employing a stronger first-

stage retriever (bge-reranker-v2-m3 (Chen

et al., 2024)) and applying Random Shuffling

to the candidate list. Our method yields con-

sistent gains regardless of initial retrieval qual-

ity or randomized ordering, demonstrating its

robustness to input variations and its orthogo-

nality to document sequence. (Appendix A.1)

* Placeholder Sensitivity: We varied both the
semantic content and the length of the place-
holders used to capture priors. The cali-

bration remains effective across these vari-
ations, confirming that the captured bias is
structural—stemming from the position in-
dices themselves—rather than being triggered
by specific semantic tokens in the dummy in-
put. (Appendix A.2)

* Identifier Semantics: We shifted document
identifiers from standard numerals (e.g., "1")
to alphabets (e.g., "A"). The framework suc-
cessfully generalizes to these alternative for-
mats, demonstrating adaptability to diverse
prompting strategies. (Appendix A.3)

Persistence of Bias in Data Augmentation.
Seminal works such as RankZephyr (Pradeep et al.,
2023b) uses permutation-based data augmentation
to suppress position bias. We replicate this strategy
by fine-tuning Qwen3-0.6B, but find that substan-
tial positional priors remain. This suggests that
compact models may not fully erase such biases
through data diversity alone, whereas CapCal ex-
plicitly corrects the residual bias at inference time.
(Appendix A.5)

5 Conclusion

We present CapCal, a training-free framework that
mitigates position bias in generative listwise rerank-
ing by estimating content-agnostic priors and cal-
ibrating ranking probabilities. Across 10 bench-
marks, CapCal improves ranking performance
with single-pass efficiency, notably benefiting 0.6B
models and outperforming both aggregation- and
augmentation-based baselines. Future work will
extend this idea to generation-oriented scenarios
such as retrieval-augmented long-form generation
and data-utility-aware alignment (Gu et al., 2025;
Zhi et al., 2026), as well as multimodal reranking
over heterogeneous inputs.
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Limitations

We acknowledge that CapCal involves two pri-
mary limitations. First, the framework introduces
a marginal increase in computational overhead be-
cause it requires an additional forward pass to
isolate the input-agnostic prior using content-free
placeholders. While this remains significantly
more efficient than permutation-based aggregation
strategies, it is inherently slower than standard
single-pass generative reranking. Second, because
our calibration is performed directly in the probabil-
ity space, the method requires access to identifier-
level probabilities or logits. Consequently, CapCal
is not applicable to completely black-box APIs that
expose only raw text completions, although it re-
mains compatible with deployment settings that
provide log-probabilities or output distributions.

Ethical Considerations

This work studies position bias in generative list-
wise reranking and proposes a training-free calibra-
tion method to reduce the influence of candidate
order on ranking decisions. Since reranking sys-
tems may affect the visibility of information in
search, recommendation, and retrieval-augmented
applications, mitigating structural biases such as
positional preference can contribute to fairer and
more reliable information access. However, Cap-
Cal only addresses position-induced artifacts in
the model’s output distribution and does not elim-
inate other sources of bias, such as dataset bias,
relevance-annotation bias, or social bias inherited
from the underlying language model. In real-world
deployments, calibrated rerankers should therefore
be combined with task-specific fairness, safety,
and quality audits. All experiments in this paper
are conducted on public retrieval benchmarks, and
no private user data or human-subject data are in-
volved.
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A Detailed Discussion and Analysis

A.1 Robustness to First-Stage Retrieval and
Input Ordering

To evaluate the stability of our calibration mecha-
nism, we evaluate its performance under varying
initial retrieval qualities and document orderings
using Qwen3-0.6B. We compare three distinct set-
tings: standard BM2S5 retrieval, Random Shuffling
of BM25 results to simulate a worst-case positional
bias scenario, and the high-performance BGE-M3
reranker (Chen et al., 2024) to test the method’s
ceiling.

As shown in Table 2, our calibration provides
consistent and significant gains regardless of the
input quality. Notably, in the Random setting,
where the base model’s performance drops due to
the loss of semantic ordering, our method recovers
and even surpasses the standard BM25 baseline.
This demonstrates that the framework effectively
decouples ranking from inherent positional artifacts
in the input.

Setting Method DL19 DL20 DL21 DL22 DL23
Baps  Base 4916 3415 6278 4858 54.57
CapCal 5454 4126 66.66 54.57 57.62
Random Bse 4761 3227 5907 47.26 43.60
CapCal 5633 37.57 6593 53.16 52.63
Base 5232 4523 7206 59.07 59.68
BGEM3 cpcal 6205 4721 7532 6524 64.23

Table 2: Detailed results of retrieval and ordering ro-
bustness on Qwen3-0.6B.

A.2 Robustness to Placeholder Content

We investigate whether the semantic content and
length of the placeholder & affect the estimation
of positional priors. Our default Fixed String is
the constant string “This is a placeholder”, whose
length is not matched to the original documents.
We further compare empty, length-controlled, ran-
dom, and passage-copy variants to assess the sensi-
tivity of the prior estimate.

The results in Table 3 show that our calibration
yields improvements over the uncalibrated baseline
across all variations. Overall, the results confirm
that the captured prior is primarily structural rather
than dependent on a specific placeholder token. We
also observe that the fixed string performs particu-
larly well on DL22 and DL23, which we conjecture
is because a short but non-empty buffer helps pre-

serve clearer separation between document identi-
fiers than a single blank space.

Placeholder Content DL19 DL20 DL21 DL22 DL23

Base (No Calibration) 49.16 34.15 62.78 48.58 54.57
Fixed String 54.54 41.26 66.66 54.57 57.62
Passage[1] Content 56.12 40.78 64.05 50.31 52.98
Empty (a space) 55.82 44.77 63.50 50.06 50.48
Space x20 5797 4043 64.12 52.96 53.28
Random x20 54.15 3892 64.58 49.03 51.43
Space xlen[1] 58.38 43.30 67.30 52.45 53.65
Random Xlen[1] 50.24 40.56 65.10 51.97 49.29
Space xlen][i] 55.95 42.57 66.29 52.87 55.86

Table 3: Impact of different placeholder content and
length on calibration performance using Qwen3-0.6B.

A.3 Robustness to Identifier Formats

To determine if the positional bias is a fundamental
structural tendency, we switched document iden-
tifiers from numerals to alphabetic indices (e.g.,
“A”, “B”). As detailed in Table 4, our calibration
mechanism continues to yield clear improvements
across all benchmarks with this altered format.
For instance, on DL22, calibration improves the
NDCG@10 from 45.60 to 53.35. This confirms
that the captured positional prior is independent
of specific identifier tokens, representing a gener-
alized structural bias in the model’s instruction-
following behavior.

Method DL19 DL20 DL21 DL22 DL23

49.87 33.50 54.05 45.60 40.96
52.16 36.01 67.70 53.35 46.80

Base
CapCal

Table 4: Robustness results using alphabetical identifiers
(A, B, C...) on Qwen3-0.6B.

A4 Comparison with PSC

We compare CapCal with Permutation Self-
Consistency (PSC) (Tang et al., 2024), a strong
inference-time aggregation baseline that averages
rankings across 10 shuffled prompts. Table 5 shows
that CapCal consistently matches or outperforms
PSC on Qwen3-0.6B while using only one addi-
tional forward pass instead of 10 full reranking
calls. On Qwen3-8B, the two methods are highly
competitive, but CapCal remains better on DL20,
DL22, DL23, Climate-FEVER, NFCorpus, and
FiQA. These results indicate that directly estimat-
ing and subtracting the structural prior is a more
efficient way to remove positional bias than repeat-
edly marginalizing over prompt orders.
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Model Method DL19 DL20 DL21 DL22 DL23 COVID Clim. NF  Argu. FiQA
Base 0.4916 0.3415 0.6278 0.4858 0.5457 0.6074 0.1622 0.4243 0.1097 0.1807
Qwen3-0.6b PSC 0.5382 0.4074 0.6937 0.5246 0.5264 0.5842 0.1892 0.4047 0.1910 0.1637
CapCal 0.5454 0.4126 0.6666 0.5457 0.5762 0.6400 0.2086 0.4504 0.2448 0.2364
Base 0.6807 0.5405 0.8091 0.6129 0.6945 0.7525 0.2486 0.4981 0.2436 0.2877
Qwen3-8b  PSC 0.7404 0.5429 0.8473 0.6244 0.6948 0.7753 0.2627 0.4980 0.2527 0.2856
CapCal 0.7141 0.5613 0.8228 0.6391 0.6979 0.7683 0.2714 0.5094 0.2464 0.2932

Table 5: Comparison with Permutation Self-Consistency (PSC, k = 10). All metrics are reported in NDCG@10.

A.5 Limitations of Training-based De-biasing

We further investigate whether supervised fine-
tuning (SFT) using permutation-augmented data
can substitute for inference-time calibration. We
compare Zephyr (Tunstall et al., 2023) and its aug-
mented version RankZephyr (Pradeep et al., 2023b)
against both standard and rerank-trained Qwen3-
0.6B models.

The results in Table 6 demonstrate that training-
based de-biasing is not a universal solution:

* Persistence of Bias: While rerank-training
improves absolute scores for Qwen3-0.6B, the
fine-tuned base model still exhibits substantial
positional priors that our calibration can fur-
ther rectify (e.g., DL19 improves from 61.15
to 65.53). This indicates that data augmen-
tation alone cannot fully erase “hard-coded”
biases in compact models.

Limits of Augmentation: Even when training
on large-scale augmented datasets, the resid-
ual bias in smaller architectures remains prob-
lematic. Unlike RankZephyr which shows
saturation at a larger scale, compact models
consistently benefit from explicit inference-
time calibration as a necessary complement to
standard training-based interventions.

Model Method DL19 DL20 DL21 DL22 DL23
Zenhvr Base  48.50 36.91 5820 51.44 46.72
phy CapCal 51.85 36.61 62.83 53.81 47.90
RankZeohvy B 76.67 60.73 89.20 75.11 76.78
POYT capCal 7625 60.96 89.15 74.58 75.55
Qwen3-0.68 B 49.16 3415 6278 48.58 54.57
: CapCal 54.54 41.26 66.66 54.57 57.62
Qwen3-0.6B  Base  61.15 43.26 78.96 65.68 66.80
(rerank trained) CapCal 65.53 47.58 80.48 68.15 69.21

Table 6: Comparative analysis between standard models
and those fine-tuned with permutation-based data aug-
mentation.

B Ranking Prompt

<|system|>

You are RankLLM, an intelligent assistant that
can rank passages based on their relevancy to
the query.

<|user|>

I will provide you with {num} passages, each
indicated by a numerical identifier []. Rank the
passages based on their relevance to the search
query: {query}.

[1] {passage 1}
[2] {passage 2}

I.Z{r.wum}] {passage {num}}
Search Query: {query}.

Rank the {num} passages above based on their
relevance to the search query. All the passages
should be included and listed using identifiers,
in descending order of relevance. The output
format should be []1 > [1, e.g., [4] > [2]. Only
respond with the ranking results, do not say any
word or explain.

<|assistant|>

Model Generation: [9] > [4] > [20] > ... > [13]

Figure 2: The reranking prompt and sample generation
for listwise reranking.
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method design, code implementation, experimen-
tal analysis, and initial manuscript drafting were
completed by the authors.

826

10



