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EviQE: Evidence Selection for LLM-Based Query Expansion

Abstract

Recent query expansion methods increasingly rely on Large Lan-
guage Models (LLMs) to generate reformulations conditioned on
documents retrieved from the target corpus. These documents are
provided to the language model as context and constitute the in-
formation available during reformulation. While prior work has
explored diverse reformulation strategies and iterative retrieval-
generation pipelines, comparatively little attention has been paid
to the selection of the documents used to condition generation. Yet
the quality of a reformulation depends not only on the language
model itself, but also on the documents it receives as input. In this
paper, we investigate whether improvements in query expansion
can be achieved through better document selection rather than
more sophisticated reformulation strategies. We propose EVIQE, a
query expansion framework that aggregates documents retrieved
by multiple reformulation methods, selects a compact set of in-
formative passages, and provides them to the language model to
guide a single grounded reformulation step. This formulation treats
reformulators as complementary retrieval perspectives rather than
alternative query generators and explicitly separates document se-
lection from reformulation generation. Experiments on three TREC
DL collections and five BEIR benchmarks show that different re-
formulation methods frequently retrieve complementary relevant
documents, allowing pooled candidate sets to achieve substantially
higher relevant-document coverage than any individual reformula-
tor. Across all benchmarks, EVIQE consistently outperforms direct
reformulation, cold-start expansion, and single-source seeded ex-
pansion methods. We further show that once high-quality condition-
ing documents have been identified, additional retrieval-generation
iterations provide limited benefit and often reduce effectiveness.

1 Introduction

Query reformulation has been central to improving information re-
trieval [2, 21, 22] through approaches such as reducing vocabulary
mismatch, exposing latent aspects of the query, or aligning queries
with the target corpus. LLMs have expanded the space of refor-
mulation strategies by generating pseudo-documents, hypothetical
answers, reasoning traces, and corpus-aware rewrites to be used as
retrieval surrogates or expansion text [8, 13, 23, 29]. Methods such
as Query2Doc [28], HyDE [12], CSQE [16], LameR [24], MuGI [30],
and ThinkQE [17] show LLM-generated expansions improve first-
stage retrieval without modifying the retrieval method.

Existing expansion methods differ in prompting, outputs, and
retrieval-generation rounds, but largely focus on how reformula-
tions are generated. In corpus-aware approaches such as CSQE and
LameR, generation is conditioned on documents retrieved from
the target corpus [12, 16, 24, 28], so the reformulation depends on
both the language model and the documents supplied as context.
These documents constitute the evidence available during gen-
eration, yet comparatively little attention has been paid to how
these documents are selected. Since different retrieval strategies
surface different documents for the same query, expansion effec-
tiveness may depend not only on the generated text but also on the
documents used to generate it.

Most corpus-aware expansion methods condition generation on
a single set of retrieved documents obtained from the original query,
a particular reformulation strategy, or a previous iteration of an ex-
pansion pipeline. Existing approaches also commonly treat reformu-
lators as competing alternatives. AdaRewriter and ReFormeR [3, 15]
explicitly select one strategy per query, even though different refor-
mulators often retrieve different relevant documents for the same
need. Iterative methods such as ThinkQE [17] repeatedly retrieve,
read, and reformulate, but each round simultaneously changes the
expansion and adds retrieved documents, so observed gains may
stem from successive reformulations, additional documents, or both,
raising whether similar gains are achievable through stronger doc-
ument selection before generation. We are therefore motivated to
view query expansion as a document-selection problem, rather than
a pure generation one.

Motivated by this perspective, we propose EVIQE, a query expan-
sion framework that explicitly separates document selection from
expansion generation. In EVIQE, multiple reformulators are exe-
cuted independently, the documents they retrieve are aggregated
into a unified candidate pool, and a compact set of informative pas-
sages is selected prior to a single grounded generation step. Unlike
reformulator-selection approaches that choose a single rewriting
strategy or rank-fusion approaches that combine retrieval results af-
ter ranking, EVIQE selects the retrieved documents that will be pro-
vided to the LLM before expansion generation takes place. Rather
than viewing reformulators solely as alternative query generators,
EVIQE treats them as complementary retrieval perspectives that
expose different documents relevant to the same information need.
The key contributions of this work are summarized as follows.

o We reformulate LLM-based query expansion as a document-
selection problem and provide a framework for disentan-
gling the contribution of conditioning documents from that
of reformulation generation.

e We propose EVIQE, a document-centric query expansion
framework that aggregates documents retrieved by mul-
tiple reformulation methods and selects a compact set of
passages prior to grounded generation.

e We provide an empirical analysis of reformulator comple-
mentarity and show that different reformulation methods
frequently expose distinct relevant documents for the same
information need.

o We evaluate EVIQE on TREC DL and BEIR benchmarks
and show that aggregating and selecting retrieved docu-
ments from multiple reformulators consistently improves
retrieval effectiveness while reducing the benefit of addi-
tional retrieval-generation iterations.

Our results show that different reformulation methods frequently
retrieve complementary relevant documents, allowing pooled can-
didate sets to achieve substantially higher relevant-document cov-
erage than any individual reformulator. Selecting passages from
these pools consistently improves retrieval effectiveness relative to
cold-start expansion, direct reformulation, and single-source seeded
expansion. Across the evaluated benchmarks, our approach yields
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Table 1: Reformulator complementarity analysis. QCov and
DocCov measure query- and document-level coverage, re-
spectively; A, denotes the recall gain of pooled retrieval
over the best individual reformulator.

Dataset QCov  DocCov Jaccard | [D(q)| BestSingle PoolRecall Ay — Density
TREC DL 2019 0.964 0.072 0.342 36.6 0.172 0.325 +0.153 0.557
TREC DL 2020  0.951 0.092 0.406 32.7 0.223 0.347 +0.124  0.486
DL-Hard 0.693 0.088 0.329 38.7 0.180 0.285 +0.105 0.229
SciFact 0.858 0.826 0.552 22.6 0.863 0.921 +0.058 0.050
TREC-COVID 0.991 0.015 0.257 41.9 0.021 0.064 +0.043 0.675
FiQA 0.467 0.236 0.379 32.4 0.308 0.445 +0.137 0.035
DBPedia-Entity  0.861 0.079 0.354 35.7 0.244 0.393 +0.149 0.213
TREC-News 0.944 0.101 0.477 27.1 0.172 0.281 +0.109 0.436

Table 2: Main retrieval results (nDCG@ 10). Cold denotes
ThinkQE seeded from the initial BM25 ranking. Bold indi-
cates the best non-oracle result. Average rows are reported
separately for TREC DL and BEIR benchmarks. Improve-
ments of LLM-Score over Best Single and Best QR are signifi-
cant on both average rows (paired per-query t-test p < 0.05).

Direct / cold Single-source seeded Portfolio-selected documents
Dataset Cold  Best QR  Single mean Best single  Freq RRF  LLM-Score
TREC DL 2019 0.6673 0.6798 0.6573 0.6714 0.6874  0.6895 0.6961
TREC DL 2020 0.6321 0.6322 0.6303 0.6384 0.6313  0.6368 0.6603
DL-Hard 0.3489 0.3470 0.3497 0.3614 0.3659  0.3597 0.3718
SciFact 0.7376 0.7183 0.7373 0.7400 0.7352  0.7363 0.7435
TREC-COVID 0.7494 0.7423 0.7515 0.7711 0.7572  0.7511 0.7760
FiQA 0.2575 0.2460 0.2560 0.2585 0.2536  0.2568 0.2785
DBPedia-Entity  0.4264  0.3987 0.4283 0.4314 0.4287  0.4273 0.4410
TREC-News 0.5004  0.4778 0.4990 0.5082 0.4901  0.4924 0.5174
DL Avg. 0.5494  0.5530 0.5458 0.5571 0.5615  0.5620 0.5760
BEIR Avg. 0.5343 0.5166 0.5344 0.5419 0.5330  0.5328 0.5513

the strongest and most consistent improvements, while additional
retrieval rounds provide limited performance improvements once
strong conditioning documents have been identified.

2 Methodology

EvIQE is motivated by the observation that different reformulation
methods retrieve different relevant documents for the same need,
yet existing query expansion methods condition generation on a
single retrieved set. EVIQE formulates LLM-based query expan-
sion as an inference-time document-selection problem. Given a
query g, corpus C, fixed retriever R, and fixed generator G, let S(q)
denote the set of retrieved documents supplied to the generator.
These retrieved documents constitute the evidence available to
the language model during expansion generation. The generator
produces an expansion e = G(g, S(q)), which is appended to the
original query to form the expanded query ¢ = g ® e. The expanded
query is then submitted to the retriever, yielding the final ranking
L(§) = R(g;C). The objective is to identify the set of retrieved doc-
uments that, when provided to the generator, produces the most
effective expanded query.

S*(q) = arg max M(R(q®G(g,9);C),y*(9)), (1)
€Qgp(q)

where Qp(q) denotes the family of candidate subsets drawn from
the retrieved-document pool, M is the retrieval metric, and y*(q)
denotes the unknown relevance labels associated with query q.

Since y* (g) is unavailable at inference time, EVIQE approximates
S$*(q) by constructing a candidate pool from multiple reformula-
tor probes and selecting a compact subset before generation. This
separates two decisions that are usually coupled in LLM-based ex-
pansion, namely what the generator reads and how it rewrites. We
keep the generator fixed and vary only the selected documents.

2.1 The EviQE Framework

To approximate the optimal document set, EVIQE constructs a
candidate pool of retrieved documents from multiple reformulation
strategies and selects a compact subset to condition generation.

Let P = {mq, my,...,mp} denote a portfolio of reformulators,
where m(q) = q corresponds to the original query. Each reformu-
lator produces a query variant ¢; = m;(q), which is independently
submitted to the retriever to obtain a top-K ranking,

Li(q) = TopK(R(gi; C))- @)
Rather than selecting a single reformulation strategy, EVIQE re-

tains the documents retrieved by all reformulators. The resulting
candidate pool is defined as

M
D(g) =|JLi(9). 3)
i=0

The union operation produces a de-duplicated set of candidate doc-
uments while preserving source-specific rank information. Unlike
reformulator-selection approaches that retain only a single refor-
mulation strategy [3, 15], EVIQE preserves the documents surfaced
by all reformulators in the portfolio. Since different reformulators
frequently retrieve different relevant documents, the resulting can-
didate pool often provides broader coverage of the information
need than any individual reformulator.

Because the candidate pool is typically larger than the amount
of information that can be supplied to the language model, EvIQE
subsequently performs document selection. Given a selector A
with scoring function as(q, d), the framework selects the top-B
documents according to:

Sa(q) = Top-B aa(q.d), 4)

deD(q)

where B denotes the document budget. All candidate documents
are scored with respect to the original query rather than the refor-
mulated query that retrieved them. This design anchors document
selection to the user’s information need and reduces sensitivity
to reformulation drift. The selected document set S4(q) is then
supplied to a fixed generator, which produces an expansion:

e =G(q54(q). ©)
The generated expansion is appended to the original query and
submitted to the retriever for final ranking. Because the retriever,
generator, prompt, and document budget remain fixed across selec-
tors, differences in retrieval effectiveness can be attributed directly
to the quality of the selected documents.

2.2 Evidence Selection Strategies

Since the effectiveness of EVIQE depends on the quality of the
selected evidence, we instantiate a4 with three evidence-selection
strategies that prioritize different signals of document utility: agree-
ment, rank position, and estimated relevance. These let us examine
whether useful expansion evidence is primarily characterized by
repeated discovery across reformulators, strong retrieval rankings,
or semantic relevance to the original query.

Agreement-based Selection. Documents are scored by cross-
source agreement, assigning higher scores to those retrieved by
more reformulators, under the assumption that documents repeat-
edly retrieved across reformulation perspectives are more likely
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Table 3: Candidate pool ablation.

# Candidate pool DL19 DL20 DL-H DL Avg.
1 BM25@100 + LLM-score 0.664 0.618  0.337 0.540
4 Original, CSQE, LameR, MuGI 0.693  0.658 0.377 0.576
6 + Query2Doc (CoT, ZS) 0.705  0.665  0.372 0.581
8 + QA-expand, Query2Doc (FS) 0.698  0.657  0.376 0.577
11 + GenQR, GenQR Ens., Query2E  0.696  0.660  0.372 0.576

#

Candidate pool SciFact COVID FiQA DBPed News BEIR Avg.

1 BM25@100 + LLM-score 0.747 0.751 0.266 0.417 0.495 0.535
4 Original, CSQE, LameR, MuGI 0.749 0.760 0.271 0.438 0.509 0.545
6 + Query2Doc (CoT, ZS) 0.741 0.757 0.273 0.440 0.511 0.545
8 + QA-expand, Query2Doc (FS) 0.746 0.765 0.275 0.441 0.519 0.549
11 + GenQR, GenQR Ens., Query2E 0.744 0.776 0.279  0.441 0.517 0.551

broadly relevant to the information need. Ties are broken by the
best rank assigned by any reformulator.

Rank-based Selection. This strategy uses Reciprocal Rank Fusion
(RRF) [4] to combine cross-source agreement with rank position,
so documents retrieved by multiple reformulators and ranked near
the top score highest. The rationale is that rank provides a utility
signal beyond agreement alone, prioritizing highly ranked evidence
even when reformulator overlap is limited.

Relevance-based Selection. This strategy directly estimates rele-
vance using an LLM judge that assigns a graded relevance score [10,
18, 20, 25-27] to each pooled document with respect to the original
query. Unlike the previous strategies, which use retrieval behavior
as a proxy for relevance, it explicitly evaluates the semantic rela-
tionship between document and information need. Since the pooled
set is de-duplicated, each unique document is evaluated only once.

3 Experimental Setup

Datasets and evaluation. We use TREC DL 2019, DL 2020, DL-
Hard [5, 6, 19] and five BEIR collections [14]. Following prior re-
formulation work [13, 16, 24, 28, 30], nDCG@10 is adopted as the
primary metric; other metrics reported on our repository.

Large Language Models. Our framework uses LLMs in two roles,
namely as reformulators/generators producing query expansions,
and as judges estimating document relevance. Unless noted, all re-

formulation and expansion experiments use Qwen2.5-7B-Instruct [1].

We additionally use DeepSeek-V3 [7] and Llama-3.3-70B [9] as
generators, with the judge held fixed as robustness check. For doc-
ument scoring, we use the UMBRELA relevance-judging frame-
work [27]; following recent reproducibility findings [11], we adopt
DeepSeek-V3 as the default judge for its strong agreement with
proprietary assessors on TREC DL.

Implementation details. All methods use the same BM25 re-
triever, document index, generator, expansion prompt, and final
retrieval pipeline. Each reformulated query retrieves the top K = 10
passages, and the selector chooses the top B = 10 passages for
generation. The portfolio contains the identity query and ten re-
formulation sources, namely CSQE, LameR, MuGI, Query2Doc-
ZS, Query2Doc-FS, Query2Doc-CoT, QA-Expand, GenQR, GenQR-
Ensemble, and Query2E. Each generator call produces two expan-
sion candidates, appended to the original query using the same for-
matting for all methods [17]. Compared with a T-round ThinkQE
pipeline, EVIQE uses one generation round, |P| parallel retrievals,
and up to |D(q)| judge calls. For the judge, we employ graded rel-
evance assessments (y € {0, 1,2,3}). All experimental results are
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Figure 1: Effect of portfolio size on retrieval effectiveness
(nDCG@10), averaged over TREC DL (left) and BEIR (right).

averaged over three independent runs. Code, runs, prompts, and
detailed results are released anonymously!.

Baselines. We compare our work against three families of meth-
ods. (i) Direct reformulation: each of the ten reformulators is
issued directly to BM25 without iterative expansion; Best QR re-
ports the strongest reformulator per dataset. (ii) Iterative expan-
sion: ThinkQE, a standard iterative baseline, initialized from the
BM25 ranking of the original query without portfolio evidence.
(iii) Single-source seeded expansion: each reformulator indepen-
dently seeds the same ThinkQE-style generator; we report Single-
mean (average across sources) and Best single (best source per
dataset).

4 Results and Findings

Our experiments are organized around 3 main research questions:
RQ1. Do different reformulation methods retrieve the same relevant
documents, or do they expose complementary documents for the
same information need? RQ2. Does selecting documents from a
reformulator portfolio improve query expansion effectiveness, and
are any gains attributable to document selection rather than a
stronger reformulator or a larger candidate pool? RQ3. Once high-
quality conditioning documents have been identified, do additional
retrieval-generation rounds provide further benefit?

RQ1: Do reformulators retrieve complementary documents?

RQ1 examines the degree of complementarity among the docu-
ments retrieved by different reformulation methods, asking whether
reformulators agree at the query level while diverging at the doc-
ument level. If they improve largely the same queries but surface
different passages, selecting a single reformulator discards useful in-
formation; if they retrieve the same documents, aggregation offers
little benefit. We make three observations.

First, reformulators frequently converge at the query level while
diverging at the document level. As shown in Table 1, query hit
rates are consistently high (0.964 on TREC DL 2019, 0.951 on DL
2020, 0.991 on TREC-COVID, 0.944 on TREC-News), yet per-source
document coverage is far lower (0.072, 0.092, 0.015, 0.101). Their
complementarity thus arises primarily from the documents they
retrieve rather than the queries they address. Second, pooling doc-
uments across reformulators consistently exposes more relevant
material than any single strategy, improving on the strongest in-
dividual source on every benchmark, with absolute recall gains
from +0.043 (TREC-COVID) to +0.153 (DL 2019); BEIR shows simi-
lar trends (+0.137 on FiQA, +0.149 on DBPedia-Entity). Third, the

!https://github.com/queryreform-judge/EviQE
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Table 4: Model robustness on TREC DL under DeepSeek-V3
and Llama-3.3-70B as generator.

Model Strategy DL19 DL20 DL-H DL Avg.

Best QR 0.709 0.648 0.364 0.574
ThinkQE 0.662 0.641 0.362 0.555
Frequency 0.679 0.638 0.368 0.562
RRF 0.675 0.638  0.356 0.556
LLM-Score 0.700 0.651 0.373  0.575

Best QR 0.671 0.663 0.367 0.567
ThinkQE 0.674 0.630 0.370 0.558
Llama-3.3-70B Frequency 0.681 0.638 0.369 0.563
RRF 0.683 0.632 0.372 0.562
LLM-Score 0.688 0.651 0.370 0.570

DeepSeek-V3

pooled set is not uniformly informative, i.e., the de-duplicated pool
averages 22.6—-41.9 passages per query with considerable density
variation (dense on TREC-COVID, sparse on FiQA and SciFact).
Because the LLM can consume only a limited number of passages,
aggregation alone is insufficient and expansion effectiveness also
depends on identifying the most informative passages from the
pool, not merely their quantity.

RQ2: Where do document-selection gains come from?

We compare EVIQE against increasingly strong baselines that
isolate whether gains arise from a stronger reformulated query, a
stronger individual source, pooling alone, or the combination of
pooling and selection in EVIQE. Table 2 reports results across all
eight benchmarks, supporting the following observations.

First, portfolio-based selection consistently improves one-shot
expansion. Relative to ThinkQE, EvIQE with relevance-based se-
lection raises the DL average from 0.5494 to 0.5760 (+4.8%) and the
BEIR average from 0.5343 to 0.5513 (+3.2%), with gains on all three
DL and all five BEIR benchmarks, despite a single expansion round
and unchanged retriever, generator, prompt, and document budget.
Second, the gains are not explained by a better reformulated query
alone. The Best QR baseline, controlling for the strongest reformu-
lation issued directly to BM25, trails EVIQE on both DL (0.5530 vs.
0.5760) and BEIR (0.5166 vs. 0.5513). The benefit comes from using
reformulators as complementary retrieval perspectives whose doc-
uments guide expansion. Third, the gains are not from selecting
a strong individual source. The Single-mean baseline ties Cold on
BEIR (0.5344 vs. 0.5343), and even Best Single, assuming oracle
access to the strongest source, remains below EvIQE on DL (0.5571
vs. 0.5760) and BEIR (0.5419 vs. 0.5513). Fourth, selection is critical
once a pool of documents is available. On BEIR, agreement- and
rank-based selection (0.5330, 0.5328) sit only marginally above Cold,
whereas relevance-based selection reaches 0.5513; the largest gains
come from identifying useful documents within the pool, not pool-
ing alone. Fifth, effectiveness depends on both the selector and the
candidate pool. Table 3 and Figure 1 show the same relevance-based
selector applied to the original query alone (BM25@100) reaches
only 0.540/0.535 on DL/BEIR, versus 0.576/0.551 when drawing
from the reformulator portfolio. Much of the gain is recovered
with small portfolios, while larger ones add robustness; a gap to
the oracle (using qrels as documents) remains across all sizes, sug-
gesting future gains lie in better selection rather than larger pools.
Finally, the pattern is robust across generation backbones. Table 4
shows relevance-based selection achieves the strongest average un-
der both DeepSeek-V3 and Llama-3.3-70B; though the ordering

TREC DL BEIR
0.60 - N
o 0.57 S
0.59 Y o
. N
S 0.58 S 0-56 N
© Sl N
9057 Tre— e
g — " Tl
0.56 . —
0.54 °
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Augmentation round Augmentation round

Cold ThinkQE Single-mean Frequency RRF «®=LLM-Score == Oracle

Figure 2: Iteration dynamics across 3 rounds, averaged
nDCG@10 over TREC DL (left) and BEIR (right).

of agreement- and rank-based selectors varies slightly, the overall
trend holds, indicating the effect is not tied to a particular LLM.
RQ3: Do additional retrieval-generation rounds provide fur-
ther benefit? We examine whether iterative retrieval-generation
pipelines still help once high-quality conditioning documents have
been identified. This is important because many recent expansion
methods derive effectiveness from multiple rounds, yet it is unclear
whether these gains come from repeated reformulation or simply
from improved access to useful documents.

We observe that first, strong document selection consistently
achieves its best performance in the first round. Relevance-based
selection reaches its highest BEIR-averaged nDCG@10 after a sin-
gle expansion round (0.5513), before declining to 0.5436 and 0.5413
in the second and third rounds, respectively. The same pattern is
observed on the DL average and across individual datasets. No-
tably, a single expansion round conditioned on carefully selected
documents outperforms multiple rounds of iterative expansion op-
erating over weaker document sets. The decline from the first to
the third round on BEIR is approximately 0.010 nDCG@10, which
is comparable in magnitude to the differences separating several of
the strongest strategies evaluated in RQ2. The oracle pool follows a
similar but steeper trajectory, suggesting iterative retrieval mainly
recovers documents strong selection has already identified rather
than uncovering new information. Second, iterative expansion
helps little when the initial document set is weak. On BEIR, Cold
ThinkQE improves only marginally across rounds (0.5298, 0.53438,
0.5343), and Single-mean is similarly flat, while agreement- and
rank-based selection stay flat or decline. These results indicate the
primary benefit of iteration is acquiring better conditioning docu-
ments; once high-quality documents are supplied, further cycles
add little and may introduce noise that degrades effectiveness.

5 Concluding Remarks
This paper examined the role of conditioning documents in LLM-

based query expansion. We showed that different reformulation
methods retrieve distinct relevant documents, and proposed EVIQE,

which separates document selection from generation through portfolio-

based pooling and selection. Across TREC DL and BEIR, selecting
high-quality conditioning documents consistently improves effec-
tiveness over direct reformulation, cold-start expansion, and single-
source seeding, while reducing the benefit of additional iterations.
These findings indicate that document selection is a critical yet
underexplored component of query expansion, and that much of
the benefit attributed to iterative pipelines may stem from better
conditioning documents rather than repeated reformulation.
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GenAlI Usage Disclosure

Large language models were used for light editing of author-written
text, including grammar correction, improving fluency. All text
reflects the authors’ own ideas; no sections were produced entirely
by a generative model. GenAl tools were also used to assist with
coding tasks, all code was reviewed and validated by the authors.
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