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Abstract

Modern IR systems rely on retrieval-reranking
pipelines that combine efficient first-stage re-
trieval with accurate yet expensive second-
stage ranking. While distilling ranking knowl-
edge into retrievers makes retrieval effective,
existing approaches require supervision and
are unsuitable for zero-shot settings. We pro-
pose LRaR, a zero-shot retrieval framework
that integrates discriminative listwise ranking
signals into corpus-wide retrieval using a sin-
gle LLM call. LRaR jointly performs query
augmentation and extracts ranking preferences
from a small set of initial candidates, mapping
them into a retrieval-compatible representation
without training or relevance annotations. Ex-
periments on DL19, DL20, and BEIR show
that LRaR consistently improves LLM-based
retrieval across diverse LLMs, matching or out-
performing reranking over 100 documents us-
ing signals from only the top 20, while being
substantially more efficient.

1 Introduction

To balance efficiency and effectiveness, modern in-
formation retrieval (IR) systems commonly adopt
a “retrieval-reranking pipeline” (Nogueira et al.,
2019; Pradeep et al., 2021). A first-stage retriever,
usually achieved by a lightweight bi-encoder, is
used to efficiently recall a small set of candi-
date documents, which are then refined by a
more expressive second-stage ranker, by a cross-
encoder, that focuses on precise relevance estima-
tion. Because second-stage rankers operate on a
limited set of candidates, they can model richer
query—document interactions and capture fine-
grained relevance distinctions, typically achieving
better accuracy (Nogueira et al., 2020; Ma et al.,
2024). As a result, if the knowledge encoded in
powerful rankers can be incorporated into the con-
struction of retrievers, the effectiveness of retrieval
can be significantly improved while preserving ef-
ficiency, which is usually achieved by distilling

listwise relevance signals from strong rerankers
into the retriever during training (Ren et al., 2021;
Shen et al., 2023).

Despite its effectiveness in supervised settings,
such distillation-based approaches crucially rely on
large amounts of relevance annotations or logged
interaction data, and therefore cannot be directly
applied to zero-shot retrieval, a setting that is crit-
ical for scientific search, domain adaptation, and
low-resource or rapidly evolving information envi-
ronments. In these settings, retrievers must gener-
alize to new domains and tasks without any task-
specific training signals, making supervised ranker-
to-retriever distillation unsuitable.

This limitation has become especially salient in
the era of large language models (LLMs). Recent
advances in LLMs have enabled a new paradigm
of LLM-based retrieval (Mackie et al., 2023; Gao
et al., 2022; Wang et al., 2023b; Zhang et al., 2024),
where a model’s internal knowledge, reasoning
ability, and generative capacity are leveraged to
augment or reformulate user queries, which are
then matched against the corpus using a general-
purpose retrieval model such as BM25 (Robertson
etal., 1995) or dense embedding similarity (Izacard
et al., 2022; Karpukhin et al., 2020). While this
paradigm offers strong zero-shot performance and
remarkable flexibility, it remains largely generative
in nature and lacks explicit mechanisms to incorpo-
rate discriminative relevance signals comparable to
those provided by listwise ranking models.

Empowered by LLMs’ multi-task capabilities
and motivated by the central role of listwise rank-
ing knowledge in defining retrieval-oriented rele-
vance, we propose LRaR (LLM-based Ranking-
augmented Retrieval), a zero-shot retrieval frame-
work that bridges the long-standing gap between
discriminative ranking signals and efficient corpus-
wide retrieval. Built upon query augmentation,
LRaR uses the single LLM call to also extract list-
wise relevance preferences from initial candidates,



which are mapped into a retrieval-compatible query
representation, enabling ranking-aware, corpus-
wide retrieval without supervision. This induces a
dual-perspective retrieval process that jointly cap-
tures generative query intent and discriminative
relevance ordering.

Extensive experiments show that LRaR yields
consistent gains on DL.19, DL20, and BEIR across
diverse LLM backbones. Notably, although LRaR
leverages ranking signals extracted from only the
top-20 candidates, it can match or surpass con-
ventional reranking over the top-100 documents,
while being significantly more efficient. Additional
analyses indicate that LRaR provides information
complementary to generative query augmentation.

2 Related Work

LLM-based Zero-Shot Retrieval. Recent work
has explored leveraging LL.Ms to enable zero-shot
retrieval without task-specific supervision, moti-
vated by their strong generalization and reason-
ing abilities (Mackie et al., 2023; Lei et al., 2024;
Zhang et al., 2024). Most approaches use LLMs
to transform or augment the original query, often
by generating hypothetical documents or answer-
like passages (Gao et al., 2022; Wang et al., 2023b;
Shen et al., 2024), explanations (Jagerman et al.,
2023), or expanded term sets (Mackie et al., 2023;
Jagerman et al., 2023), which are then matched
against the corpus using standard retrievers. In
contrast, our work goes beyond purely generative
augmentation by extracting discriminative listwise
ranking signals from LLMs and explicitly integrat-
ing them into corpus-wide retrieval.

Building Retriever with Reranker. A line of
work has shown that retrievers can be substantially
improved by distilling listwise relevance signals
produced by strong rerankers over a shared set of
candidate documents, as such signals capture fine-
grained, comparative notions of relevance that go
beyond pointwise supervision. Representative ap-
proaches include RocketQA-V2 (Ren et al., 2021),
AR?2 (Zhang et al., 2022), and SimLM (Wang et al.,
2023a), which leverage cross-encoder or reranker
outputs to supervise retriever training and align re-
trieval representations with ranking-oriented objec-
tives. While highly effective, these methods funda-
mentally rely on supervised training and annotated
or logged data. In contrast, our work transfers list-
wise ranking knowledge to retrieval in a fully zero-
shot manner, using LLMs to induce ranking-aware

retrieval representations during inference without
any training or relevance annotations.

3 Method

LRaR is a zero-shot retrieval framework that aug-
ments LLM-based retrieval with discriminative
listwise ranking signals, enabling ranking-aware
corpus-wide retrieval using a single LLM call.

Retrieval via Query Augmentation. We start
from the standard paradigm of LLM-based re-
trieval, where an LLM is used to augment or refor-
mulate the input query prior to retrieval. Given
a query ¢ and a document corpus C, an LLM-
based query augmentation model £ produces an
augmented query ¢&" = L(g), which is then
used by a first-stage retriever R (e.g., BM25 or
dense retrieval) to obtain an initial candidate set:
D) = R(g*",C). This paradigm leverages the
generative and reasoning capabilities of LL.Ms, but
remains purely generative and does not explicitly
incorporate discriminative relevance signals.

Listwise Ranking. To inject discriminative rel-
evance information, LRaR applies an LLM-based
listwise ranker over a small candidate set. Given
the original query ¢ and the initial candidates D(%),
the LLM jointly produces: =, F = L(q, D),
where 7 is a ranked permutation of documents and
F denotes listwise ranking feedback derived from
comparative reasoning over the candidate set. In
conventional pipelines, m would be used solely for
reranking D©); in contrast, LRaR transforms this
listwise ranking signal into a retrieval-compatible
representation. However, directly fusing the rerank-
ing order 7w with retrieval scores is limited: 7 is
defined only over the truncated set P(°) and can-
not assign corpus-comparable scores to unseen
documents, leading to a mismatch. LRaR in-
stead converts listwise preferences into a retrieval-
compatible query representation, allowing discrimi-
native ranking signals to guide corpus-wide search.

Ranking-Augmented Retrieval. The core idea
of LRaR is to map listwise ranking preferences
into an augmented query that can be used for
corpus-wide retrieval. Based on the ranking out-
put, we identify a subset of documents deemed
highly relevant according to F. We then con-
struct a ranking-augmented query: ¢ = ¢ @
@F  d; @ - @ d;, where {d;}%_, are documents
marked as relevant by F, r; is the rank of d; in 7,



and w; = [1?—,0-‘ controls the contribution of each

document based on its relative ranking. This con-
struction encodes listwise relevance preferences
into term-level importance, enabling standard re-
trievers to approximate ranking-oriented relevance
during retrieval.

The ranking-augmented query is then used to
retrieve documents from the full corpus: D™ =
R(§™,C), allowing discriminative ranking sig-
nals extracted from a small candidate set to influ-
ence corpus-wide retrieval without training.

Instantiation Details of LRaR. In our imple-
mentation, we use a single LLM call to jointly
perform query augmentation and listwise ranking,

(ggen7 T, F) = ﬁLRaR <q7 D(0)> )

where ¢&°" is the augmented query, 7 is a ranked
permutation over D(O), and F denotes auxiliary
listwise feedback (e.g., a relevance cutoff or redun-
dancy notes) extracted during comparative rank-
ing. We design a unified prompt (Appendix A)
that takes the query and top-k initial documents as
input, and outputs both an augmented query and
a ranked list with relevance indicators, enabling
efficient inference with a single LLM call.

We instantiate the feedback F' by marking a pre-
fix of the ranked list as relevant, reformulating out-
puts such as “[1] > [3] > [5]” into “[1] > [3] |
[5]’, where documents before ““|” are treated as
relevant. To combine generative and discriminative
signals, we fuse retrieval results from §2°" and §"%
via score summation with min—-max normalization
over the top-100 candidates. This fusion yields the
final ranking used for evaluation.

4 [Experiments

Evaluation. Following prior work (Sun et al.,
2023; Liu et al., 2025), we evaluate LRaR on
the TREC DL19 (Craswell et al., 2020), TREC
DL20 (Craswell et al., 2021), and eight BEIR
datasets (Thakur et al., 2021). NDCG @10 is used
as the evaluation metric. We apply LRaR to aug-
ment BM25 retrieval.

Baselines. We compare LRaR against two fam-
ilies of baselines: query augmentation methods
and listwise rerankers. In particular, we in-
clude the SOTA LameR (Shen et al., 2024) and
RankGPT (Sun et al., 2023) method. For LRaR and
baselines, we use the top-20 BM25-retrieved doc-
uments as the in-context candidate set. For a fair

comparison, we implement both baselines using the
same configuration as LRaR. For additional con-
text, we also report results for several strong query
augmentation methods, including HyDE (Gao et al.,
2022), Query2doc (Wang et al., 2023b), MILL (Jia
et al., 2024) and CSQE (Lei et al., 2024), which
uses powerful models such as text-davinci-003-
175B (Ouyang et al., 2022) and GPT-3.5-turbo.

Please refer to Appendix C for our detailed ex-
perimental implementations.

4.1 Main Results

Table 1 reports results on DL.19/20 and BEIR. Our
implementation of LameR consistently matches
or outperforms prior query augmentation methods
across datasets, providing a strong baseline. More
importantly, compared to using reranking or query
augmentation alone, LRaR yields consistent and
substantial improvements across different models.
For example, on BEIR Avg., LRaR improves per-
formance from 51.27 to 53.38 (4-2.11) when us-
ing the Qwen3-30B-A3B model. Overall, LRaR
achieves the best results across all model variants
on 8 out of 10 datasets, demonstrating its robust-
ness and effectiveness across different retrieval set-
tings.

In Table 2, we compare the effi-
ciency—effectiveness trade-off of LRaR against
conventional sliding-window reranking over the
top-100 documents, reporting per-query LLM
input/output tokens (on DL19) and retrieval
effectiveness. RankGPT reranking with Qwen3
(4B) reaches 53.06 BEIR Avg. but consumes
16,914/810 input/output tokens. In contrast,
LRaR achieves higher BEIR Avg. (54.15) with
7.6x fewer input tokens and 1.7x fewer output
tokens. While top-100 reranking is slightly better
on DL19/20, LRaR offers a markedly better
cost—quality trade-off than naively applying
LLM-based reranking over large candidate sets.

S Analysis

In this section, we conduct analysis using the
Qwen3-14B model.

Ablation Study. ablate the main components of
LRaR and compare them to their closest baselines.
As shown in Table 3, the reranking component per-
forms on par with RankGPT reranking, and the
query augmentation component is comparable to
LameR augmentation. Combining the two signals
in LRaR yields consistent improvements over using



Models DL19 DL20|Covid DBPedia SciFact NFCorpus Signal Robust04 Touche News BEIR Avg.
BM25 50.6 48.0 | 595 318 67.9 33.8 33.0 40.7 442 395 43.8
Reference Expansion Methods

HyDE 61.3 579 | 593  36.8 69.1 - - - - 44.0 -
Query2Doc 662 629|722 370 68.6 34.9 - - 39.8 - -
MILL 63.8 61.8 | 753 343 714 36.8 - - 454 - -
CSQE 673 662|742 403 69.6 - - - - 48.7 -
RankGPT Reranking

Qwen3 (4B) 60.8 603 | 69.9 373 72.0 36.1 335 48.7 39.5 439 47.6
Qwen3 (14B) 632 61.0 | 732  39.6 73.2 36.9 33.8 494 41.6 472 49.3
Qwen3 (30B-A3B) 635 61.8 | 71.5 394 73.6 36.4 355 48.5 44.1 473 49.5
LameR Query Augmentation

Qwen3 (4B) 64.6 63.6 | 74.1 41.2 74.6 38.0 36.9 494 499 497 51.7
Qwen3 (14B) 663 634|750 412 74.4 38.2 34.5 50.2 49.3  50.0 51.6
Qwen3 (30B-A3B) 67.3 66.0 | 755 41.6 74.7 37.9 33.8 51.6 471 479 51.3
LRaR (Ours)

Qwen3 (4B) 66.2 66.6 | 779  40.5 76.1 41.0 355 55.7 49.7 524 53.6
Qwen3 (14B) 67.7 652 | 773  40.8 76.6 40.7 35.8 55.1 49.1 522 535
Qwen3 (30B-A3B) 67.6 663 | 75.0 415 75.3 39.9 35.6 54.9 50.9 539 53.4

Table 1: NDCG@10 on TREC DL19/20 and BEIR. The best results across all models are bolded.

Token Consumption Effectiveness
Input Output ~ DL19 DL20 BEIR Avg.

BM25 - - 50.6 48.0 43.8
Reference Fine-Tuned Rerankers on Top-100 Docs
RankVicuna (7B) - - 67.7 66.0 49.0
RankZepyr (7B) - - 73.4 70.0 51.2
RankGPT Reranking on Top-100 Docs
Qwen3 (4B) 16,914 810 69.1 68.2 53.1
LRaR on Top-20 Docs
Qwen3 (4B) 2,212 473 66.2 66.6 54.2

Table 2: Efficiency-effectiveness trade-off of LRaR and
reranking baseline. We report per-query LLM input/output
tokens on DL19 and effectiveness (NDCG @ 10) on DL.19/20
and BEIR.

Method | DL19 DL20 BEIR Avg.
RankGPT Reranking 632 610 49.3
LameR Expansion 66.3 634 51.6
LRaR 67.7 652 535
Reranking component 62.6 623 49.3
Query Aug. component | 65.8 614 51.9
RRF rank fusion 63.9 61.0 51.5

Table 3: Ablation study on Qwen3-14B.

reranking or expansion alone. In contrast, directly
fusing reranking and expansion with a Recipro-
cal Rank Fusion (RRF) scheme' fails to improve
and even degrade performance, highlighting simple
rank-level fusion is insufficient to propagate list-
wise ranking preferences into corpus-wide retrieval.

"Details of the rank fusion are in the Appendix B.

Method |DL19 DL20 BEIR Avg.
Original Ranking Order 62.6 623 493
Distillation Full Corpus 653 654 51.5
Distillation Rerank Candidates| 62.2 60.3 49.6

Table 4: Analysis on reranking of LRaR on Qwen3-14B.

Analysis on Reranking Signal Distillation. We
analyze the effect of our ranking-to-retrieval distil-
lation in Table 4. Using distillation to construct a
retrieval-compatible query and retrieve over the full
corpus substantially improves effectiveness over ap-
plying the raw ranking order, indicating that distil-
lation successfully propagates listwise preferences
beyond the in-context set. Moreover, when we
apply the distilled signal only to rerank the same
candidate set originally used for listwise reranking,
performance remains close to the original rerank-
ing results. Together, these results suggest that
distillation largely preserves reranking precision
while enabling corpus-wide generalization.

6 Conclusion

We presented LRaR, a zero-shot retrieval frame-
work that augments LLM-based retrieval with list-
wise ranking signals extracted from a single LLM
call. By distilling discriminative ranking pref-
erences into retrieval-compatible queries, LRaR
bridges generative augmentation and ranking-
oriented relevance. Extensive experiments demon-
strate that LRaR achieves strong, robust gains and
a superior effectiveness-efficiency trade-off across
diverse benchmarks and models.



Limitation

LRaR relies on the quality and stability of LLM-
generated listwise rankings, which may vary across
models, prompts, and domains. Errors or biases in
the initial ranking can propagate to retrieval. More-
over, our current instantiation focuses on BM25-
based retrieval and simple heuristic weighting, leav-
ing more principled mappings and dense retrievers
for future work.
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A Prompt of LRaR

LRaR User Prompt

Search Query: {query}.
Passages:

[1] {passage 1}

[2] {passage 2}

'[H{num}] {passage {num}}

Task:

1) Write an expansion: a detailed answer-style passage addressing the query.
2) Rank ALL passages by relevance to the query (most relevant first), using
passage identifiers.

Rules:

- You MUST include every passage identifier exactly once in the ranking.

- Put ALL and only highly relevant passages BEFORE °I’.

Ranking format example: [2] > [1]

Output format (exactly two lines):

Line 1: Expansion: <expansion text>

Line 2: Ranking: [i] > [jI > ... I [k] > ...

\.

B Details on Rank Fusion

The rank fusion is performed with o = 60, fol-
lowing common practice. We fuse top-20 rerank-
ing candidates and top-100 query augmentation
retrieval results.

C Experimental Implementations.

We instantiate LRaR with models of varying sizes
and architectures, including Qwen3-4B-Instruct-
0725, Qwen3-14B, and the mixture-of-experts
model Qwen3-30B A3B (Yang et al., 2025). We
disable thinking mode for all models, as our pre-
liminary experiments indicate that it incurs sub-
stantial overhead while providing only limited ef-
fectiveness gains for the models considered. For
each query, we produce a single generation using
sampling with temperature 1.0 via vLLM (Kwon
et al., 2023). BM2S5 retrieval is performed with
Pyserini (Lin et al., 2021) using default hyperpa-
rameters. We use the top-20 BM25-retrieved doc-
uments as the in-context candidate set. For a fair
comparison, the baselines, LameR and RankGPT,
use the same candidate set, models, and inference
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configuration as LRaR. Finally, we compare the
effectiveness-efficiency trade-off of LRaR against
reranking applied to the BM25 top-100 candidates.
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