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Abstract

Retrieval-augmented generation is often bottlenecked by retrieval quality,
motivating query expansion. We propose RAQE (Reranker-Aligned Query
Expansion), a label-free framework that trains a compact generator (3B/8B)
for query expansion via policy optimization using a reranker-derived re-
ward. RAQE replaces human relevance labels with Reranker-Shaped Dis-
counted Gain (RSDG), computed from reranker scores over the retriever’s
top-k documents. For query expansion, RAQE generates a single, short ex-
pansion in one pass, avoiding long outputs and repeated generation while
remaining low latency. Across eight IR benchmarks, RAQE is competitive
with strong large language model prompting baselines and narrows the gap
to reinforcement learning methods that rely on costly human supervision.
The code is available at https://github.com/DISL-Lab/RAQE.

1 Introduction

Retrieval-augmented generation (RAG) improves factuality and coverage of large language
models (LLMs) by grounding generation in retrieved evidence (Lewis et al., 2020). How-
ever, retrieval quality is often limited by lexical mismatch and query underspecification:
real user queries are short, ambiguous, and often lack direct lexical overlap with relevant
passages. To address this limitation, query expansion (QE) emerges as a principled ap-
proach that augments the original query with additional terms or contextual information,
building on a long-standing tradition in information retrieval (IR) (Lavrenko & Croft, 2001;
Carpineto & Romano, 2012). Specifically, existing QE methods can be categorized into two
representative directions. First, recent approaches such as MuGI (Zhang et al., 2024) and
Word2Passage (Choi et al., 2025) adopt a training-free paradigm, generating pseudo-passages
directly from off-the-shelf LLMs without task-specific post-training. In contrast, another
line of work, such as ExpandR (Yao et al., 2025) and OPQE (Xu et al., 2025), adopts reinforce-
ment learning (RL) to avoid repeated generation by training a model to produce a single,
high-quality query expansion aligned with retrieval objectives.

Despite their different design choices, the two paradigms induce a fundamental trade-off

that limits their practical utility in QE. Training-free methods avoid human supervision!
but suffer from high inference latency due to repeated pseudo-passage generation, while
RL-based methods reduce inference cost via a single expansion but require supervised
relevance signals to define retrieval-aligned rewards, which are often costly or infeasible
in cold-start domains. As a result, this trade-off remains a key bottleneck for deploying
QE in real-world RAG systems, as it forces practitioners to choose between high latency at
inference and costly supervision for post-training, despite their significant IR performance
gains over other post-retrieval techniques, such as re-ranking (Wang et al., 2025; Abdallah
et al., 2025) or compression (Song et al., 2026; Xu et al., 2023).

*Corresponding author.

"Human supervision refers to query—document relevance labels to assess whether an expanded
query improves retrieval, which are costly to obtain at scale given the size of modern document
corpora over 1M (Rassin et al., 2024; Takehi et al., 2025).
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Figure 1: Overview of RAQE: Two-phase label-free training framework for QE, adopting
RSDG-driven preference signals for optimization without relying on human labels.

In this paper, we move beyond optimizing retrieval accuracy alone and instead aim to
realize a truly practical QE framework, explicitly accounting for two critical system-level
constraints: “supervision cost” during training and ”“inference latency” at deployment. To
achieve this objective, we propose RAQE (Reranker-Aligned Query Expansion) in Figure 1,
a label-free group-relative policy optimization framework for QE that eliminates human
supervision, while also achieving fast inference by generating an effective pseudo-passage in
a single forward pass. Our key idea is to use reranker scores as a proxy for the query-chunk
relevance score, transforming them into relative preference signals that guide group-relative
policy optimization for QE. This enables high-quality query expansion with a compact QE
model while eliminating supervision cost and reducing inference latency.

Specifically, we formulate query expansion as a relative decision problem, where the objective
is not to estimate absolute query-chunk relevance, but to learn which expansions yield
greater retrieval gains than others for the same query. To this end, we introduce a distill-
then-optimize framework: an initial distillation phase using Supervised Fine-Tuning (SFT),
shown on the left side of Figure 1, that encourages the model to generate concise and
well-formed query expansions, followed by label-free group-relative policy optimization
guided by reranker-induced relative preference signals, shown on the right side of Figure 1.
Particularly in the second phase, reranker scores define a preference structure over rollouts
(i.e., pseudo-passages forming candidate expansions) based on their downstream retrieval
impact. We instantiate this signal via Reranker-Shaped Discounted Gain (RSDG), a relative
measure of expansion quality derived from reranker scores over retrieved documents.
Notably, RSDG exhibits strong alignment with human supervision (see Table 3), allowing it
to serve as a reliable supervision signal. As a result, RSDG-induced preferences guide the
policy toward effective expansions without any human annotation.

We conduct extensive experiments to evaluate the effectiveness and practicality of RAQE.
Across eight IR benchmarks, covering five in-domain and three out-of-domain settings, RAQE
consistently delivers superior retrieval quality over strong LLM-based query expansion
baselines, while preserving low inference latency via single-pass generation. We further
show that the proposed RSDG reward provides reliable preference signals that closely
align with human label-based retrieval metrics, enabling stable policy optimization without
human supervision. Finally, ablation studies confirm that the proposed distill-then-optimize
framework plays a complementary role, where distillation provides a strong initialization
and reranker-aligned optimization further improves retrieval effectiveness.

Our main contributions are summarized as follows: (1) We resolve a fundamental trade-off
in prior query expansion methods between supervision and latency, enabling label-free
training with single-pass inference; (2) We propose a distill-then-optimize framework, RAQE,
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for training compact query expansion models via group-relative policy optimization; and
(3) We introduce RSDG, a reranker-derived proxy reward that provides human-aligned
training signals, enabling effective optimization without manual relevance labels.

2 Related Work

Query expansion (QE) has been revisited from two complementary directions using LLMs:
training-free generation and RL-based alignment of expansion policies. Beyond classical
QE methods (Carpineto & Romano, 2012; Rocchio, 1971; Lavrenko & Croft, 2001), recent
LLM-based approaches shift QE toward generating richer contextual text that can better
match retriever representations, mitigating vocabulary mismatch in sparse retrieval and
bridging the structural gap in dense embedding spaces (Gao et al., 2023; Wang et al., 2023;
Zhang et al., 2024; Choi et al., 2025; Rafailov et al., 2023).

Classical Query Expansion. Early QE methods were primarily based on pseudo-relevance
feedback (PRF), where top-ranked documents from an initial retrieval pass are assumed to
be relevant and used to extract expansion terms (Carpineto & Romano, 2012). Representative
approaches include Rocchio-style vector updates (Rocchio, 1971) and probabilistic models
such as RM3 (Lavrenko & Croft, 2001). However, these classical methods typically augment
queries with isolated keywords rather than coherent text, limiting their ability to capture
richer semantic relationships or bridge vocabulary mismatches in dense retrieval settings.

Training-Free Methods. With the emergence of LLMs, recent work revisits QE in a training-
free manner using LLMs by generating pseudo-passages to enrich query representations. Un-
like PRE, they do not depend on top-ranked documents from the target retriever, but instead
rely solely on the generative prior of large language models. Specifically, HyDE (Gao et al.,
2023) generates hypothetical documents to improve dense retrieval. Query2Doc (Wang et al.,
2023) produces a single pseudo-passage concatenated with the original query. MuGI (Zhang
et al., 2024) aggregates multiple pseudo-passages for robustness, and Word2Passage (Choi
et al., 2025) generates structured outputs (word, sentence, and passage) for fine-grained
weighting. These variants highlight a trade-off between robustness and inference cost,
as multi-sample generation and structured outputs increase latency. Accordingly, many
training-free methods improve retrieval by increasing the generation budget (e.g., more
samples or larger generators) rather than explicitly optimizing the generation policy for
retrieval objectives, leaving the generator weakly aligned with ranking signals.

RL-Based Methods. Another line of work aligns query expansion with ranking-oriented
objectives via RL, including PPO (Schulman et al., 2017) and DPO (Rafailov et al., 2023). In
detail, ExpandR (Yao et al., 2025) optimizes expansions using rank-based and answer-based
rewards, while OPQE (Xu et al., 2025) studies on-policy optimization for query expansion.
Optimizing directly for ranking metrics such as NDCG provides a more principled ob-
jective than heuristic prompt engineering. Despite reduced latency from single-passage
generation, these methods rely on human-annotated query—document relevance labels.
This reliance typically appears through supervised reward modeling or oracle relevance
judgments, which may limit scalability across domains where labels are scarce or expensive.
Furthermore, training reward models with human labels introduces additional annotation
cost and may entangle QE performance with dataset-specific supervision.

Label-Free Reward Design for Retrieval. Our work is also related to recent efforts that
leverage proxy signals to approximate ranking supervision without explicit human labels.
Cross-encoder rerankers, trained on relevance data, have been widely used to refine retrieval
outputs. Several works have explored distilling reranker knowledge into bi-encoders or
retrievers (Qu et al., 2021; Lin et al., 2021; Hofstéatter et al., 2021). More recently, reranker-
derived signals have also been explored for optimizing query reformulation without explicit
relevance annotations (Mao et al., 2024). In this work, reranker scores are used not to
supervise the retriever directly, but to shape the generation policy of a query expansion
model via group-relative preference signals. This design approximates ranking supervision
via reranker-derived discounted gains without human relevance labels.
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3 Reranker-Aligned Query Expansion

Problem formulation. Given a user query g, our goal is to generate a single, concise
pseudo-passage e and construct an expanded query g’ = concat(g, e) for retrieval. A fixed
retriever (e.g., BM25 or a dense retriever) is then applied to retrieve the top-k documents
Dy = {d},...,d.}, which are subsequently used to augment the input prompt of the LLM
serving as the response generator in the RAG pipeline.

We train a conditional policy 7ry(e | ) to generate expansions that improve the retrieval
ranking induced by ¢’. Unlike iterative or multi-generation QE, the policy produces one
expansion in a single forward pass. The central challenge is obtaining retrieval-aligned
supervision without costly human relevance annotations.

3.1 Reranker-Shaped Discounted Gain (RSDG)

RAQE aligns query expansions with retrieval quality without human relevance labels, which
are normally required to compute ranking metrics such as NDCG. Instead, it replaces label-
based supervision with a reranker-derived signal, using cross-encoder scores as a proxy
for relevance. This proxy is used twice in the framework: first, to curate distillation data
by retaining only queries where the teacher expansion improves retrieval, and second, to
define the scalar reward for GRPO that guides optimization (details are in Section 3.2). This
design allows us to approximate ranking-oriented supervision while avoiding the need
for costly human-labeled relevance judgments. Importantly, the reranker is used only to
compute training signals; it is not required at inference time.

Modification of NDCG to RSDG. To construct a label-free reward signal, we modify the
standard NDCG (Wang et al., 2013) by replacing human relevance labels with reranker-
derived gains. Concretely, given an expanded query g’, we score its top-k retrieved docu-
ments, Dq/ ={d,..., d;(}, using a cross-encoder (CE) reranker? conditioned on the original
query, and treat these scores as a proxy for relevance:

s(q,d!) = max(CE(qg,d}),0), where 1)

negative scores are clamped to zero, as they indicate the absence of relevance evidence.
This transformation ensures non-negative gains, preserving the monotonicity assumption
of DCG while discarding negative relevance signals that could destabilize optimization.
Using the non-negative CE score, we compute a DCG-style aggregation over the retriever’s
ranking, and normalize it by the ideal ranking induced by the reranker scores (serving as a
surrogate for IDCG). This yields a Reranker-Shaped Discounted Gain (RSDG):

k ! ;
i—15(q,d:)/1 1

Z}(:1 s(q, d/(j))/ log, (j+1)

i indexes the retriever ranking for ¢/, and j indexes the same documents sorted by s(g,d’).
Notably, reranker scores are computed with respect to the original query g rather than the
expanded query q'. This prevents the reward from trivially favoring expansions that restate
generated content, and instead anchors relevance estimation to the user’s true information
need. The denominator corresponds to an idealized ranking induced by the reranker scores,
serving as a surrogate for IDCG. This normalization constrains RSDG@k to the [0, 1] range
and makes it comparable across queries. Thus, higher RSDG values reflect stronger retrieval
alignment of the expanded query, achieved without relying on human relevance labels.

Intuitively, RSDG measures how well the ranking induced by the expanded query 4’ aligns
with the reranker’s preference ordering. If the expanded query leads the retriever to rank
documents in a way that agrees with the reranker scores, the numerator and denominator
become similar, yielding a high RSDG value and therefore a higher reward for the expansion.
Conversely, if documents that receive high reranker scores appear lower in the ranking
produced by ¢’, the discounted gain decreases, making the expansion less preferred.

2We use BGE-Reranker (BAAI/bge-reranker-v2-m3) as the default reranking model, and show in
Section 4.2 that our performance gains for QE persist across other rerankers as well.
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3.2 Distill-then-Optimize Framework

We train our policy model 7g(e | q) in two phases: (i) distillation, which learns the format
and content of effective expansions; and (ii) reranker-aligned GRPO, which aligns expansions
with retrieval effectiveness using the RSDG score as a proxy reward. The two phases play
complementary roles: Phase 1 provides linguistic and structural priors for well-formed
pseudo-passages, while Phase 2 explicitly aligns generation with ranking improvements.
Directly optimizing RSDG from scratch is challenging because the reward depends on
discrete retrieval rankings and is therefore highly non-smooth. The distillation phase
reduces this difficulty by constraining the initial policy to a manifold of linguistically
coherent expansions, thereby narrowing the search space explored during RL fine-tuning.

3.2.1 Phase 1: Supervised Distillation

This phase provides a strong initialization for the QE policy. Using supervised distillation
from a strong teacher model, the model learns the structure and content of effective query
expansions, providing a stable starting point. Here, we focus on the construction of distilla-
tion data for training. The optimization itself follows a conventional SFT objective, which
can be viewed as a sequence-level distillation of the teacher model.

Data Preparation. We construct distillation data using the official training splits of five
existing benchmark datasets: NFCorpus (Boteva et al., 2016), FiQA (Maia et al., 2018),
FEVER (Thorne et al., 2018), HotpotQA (Yang et al., 2018), and MS MARCO (Bajaj et al.,
2016). Together, they span diverse domains and query types, exposing the generator to
heterogeneous query intents during training and thereby improving robustness while
reducing overfitting to dataset-specific lexical patterns.

For each dataset, we sample 3,000 queries uniformly at random to construct an initial pool
of training data. Next, for each query g in the pool, we collect a potentially desirable pseudo-
passage ¢* using a strong LLM?> with the prompt in Appendix G. Each pair (g, ¢*) serves as
a supervision signal for supervised fine-tuning (SFT).

Data Curation. However, teacher expansions do not necessarily translate into improvements
in actual retrieval performance, and naive usage may amplify noisy generations. We
therefore filter training queries based on retrieval impact, as including expansions that
degrade retrieval would introduce contradictory supervision. Specifically, we measure the
retrieval improvement A(q’, q) defined as:

A(q',q) = RSDG@k(q', Dy) — RSDG@k(q, D;), where ' = concat(q, e). 3)

Intuitively, this measures how much the expanded query improves the ranking quality
compared to the original query. Only queries with A(q’,4) > 0 are retained. Empiri-
cally, teacher-generated expansions occasionally introduce off-topic entities or spurious
associations. By retaining only queries with positive A(q, ), we ensure that the distilled
supervision is consistent with ranking improvements, preventing the policy from imitating
expansions that harm retrieval performance. Dataset statistics are provided in Appendix B.

Optimization. We warm-start the generator 779 by minimizing the negative log-likelihood
of the teacher pseudo-passage. Formally, the SFT objective is:

Lspr(0) = —E(yer) log mg(e” | q). 4)

3.2.2 Phase 2: Reranker-Aligned GRPO

We further optimize 7ty using reranker-aligned GRPO from the distilled checkpoint obtained
in Phase 1. We reuse the same filtered training queries from Phase 1.

Rollout Construction and Reward Modeling. For each training query g, we construct
a fixed offline candidate set (rollouts) {ey, .. .,eg} using the teacher. To avoid the non-
stationarity and computational overhead of on-the-fly retrieval during training, we pre-
compute and cache the retrieval results and reranker scores for these candidates. This

3We use Llama-3.1-70B-Instruct as the teacher to obtain a strong starting point from Phase 1, but
the choice is not essential and can be replaced by other strong LLMs.
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pre-computation effectively acts as an offline candidate reweighting mechanism, stabilizing
advantage estimation compared to on-policy learning, particularly when training compact
policy models (Lai et al., 2025; Lanchantin et al., 2025).

As in Phase 1, the reward of each expansion e in the candidate set is computed as r; = A(q’,q)
based on RSDG@k in Eq. (2), which captures the RSDG@k improvement of the expanded
query over the original. Then, rewards are standardized within each rollout group to
compute group-relative advantages, A;, which reduces variance and focuses learning on
relative preference ordering rather than absolute score magnitude. Using group-relative
advantages transforms the problem from absolute reward maximization to preference-based
optimization. Although A(g’,9) is a proxy reward and does not rely on explicit human
relevance labels, it can still provide reliable ordering signals among candidate expansions,
as evidenced by the high agreement with human preference (see Table 3). Consequently, the
policy only needs to rank candidate expansions correctly within each rollout group rather
than rely on globally calibrated reward magnitudes.

Optimization. We optimize the policy 7ty using the standard GRPO objective (Shao et al.,

2024). Concretely, let A; denote the standardized advantage of candidate e; within its rollout
group. The clipped surrogate objective is:

ri—7T

18 . . -
Lcrro = —§ Zmin (piAi, clip(p;,1—€,1+ e)Ai), where A; = (5)
i=1

Or

and p; = exp(log rg(e;|q) — log mes(ei]q)) is the likelihood ratio with respect to a frozen
reference policy, and r; = A(q}, q) is the RSDG-based reward defined in Eq. (3), with 7 and
0y denoting the mean and standard deviation of rewards within the rollout group. This
objective encourages the policy to increase the probability of expansions that improve RSDG
while maintaining proximity to the distilled initialization.

4 Evaluation

We compare RAQE to six LLM-based QE baselines: Default, which retrieves documents using
the original query without expansion; four training-free QE methods (HyDE, Query2Doc,
MuGlI, and Word2Passage); and an RL-based QE method, ExpandR, regarded as a strong
label-supervised reference among RL-based approaches due to its reliance on oracle (human)
relevance labels. All QE methods are evaluated on the test split of eight datasets spanning
diverse domains, including MS MARCO (Bajaj et al., 2016) and seven BEIR benchmarks
(Thakur et al., 2021). The test set includes five in-distribution datasets (NFCorpus, FiQA,
FEVER, HotpotQA, MS MARCO) and three out-of-distribution datasets (ArguAna, NQ,
SciDocs) to evaluate RAQE’s generalization. All the prompt templates are in Appendix G.

Training. For RAQE, we mainly use Llama-family backbones (3B and 8B) with LoRA-based
fine-tuning and set a rollout group size of g = 8 by default (see Appendix E.1 for ablation).
Training is highly efficient, completing in under one hour on two NVIDIA RTX Pro 6000
GPUs. Further implementation details are provided in Appendix A.

Evaluation. We evaluate RAQE on two aspects: retrieval quality and downstream task perfor-
mance, respectively. For retrieval evaluation in Sections 4.1, we retrieve k=10 documents
using a sparse retriever (BM25) and a dense retriever (Contriever (Izacard et al., 2022)), and
report NDCG@10 with human relevance labels. For downstream evaluation in Section 4.3,
we assess task performance on open-domain question answering and fact verification to
measure how retrieval improvements translate to end tasks.

4.1 Improved Retrieval and Reduced Latency

In this section, we evaluate RAQE via two experiments: (1) retrieval quality across sparse and
dense settings, and (2) the quality—latency trade-off across backbone sizes.

Quality Comparison. Tables 1 and 2 report NDCG@10 for sparse (BM25) and dense
(Contriever) retrieval. In general, RAQE achieves the highest NDCG@10 among methods with
the same backbone size (8B) and outperforms counterparts using substantially larger models
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Method | Gen. | NFC FiQA FEV HP MSM | Arg NQ SciD
ExpandR (Label-Supervised Reference) 8B 35.6 26.1 84.2 69.7 66.4 28.6 43.1 15.1
Default (Original) - 322 23.5 67.9 63.9 50.6 27.7 27.0 14.0
HyDE 8B 342 18.9 82.2 60.5 58.1 27.2 42.6 14.0
(Gao et al., 2023) 70B 34.8 20.7 82.3 67.3 61.8 28.1 45.8 134
Query2Doc 8B 32.8 23.5 79.6 65.7 57.8 26.8 37.5 14.2
(Wang et al., 2023) 70B 34.1 24.1 79.1 66.7 59.9 26.9 40.4 14.4
MuGI 8B 28.5 20.2 81.4 48.7 51.4 27.6 31.3 13.1
(Zhang et al., 2024) 70B 34.4 20.8 82.7 67.5 60.4 27.3 45.6 13.2
Word2Passage 8B 35.0 20.4 79.4 70.1 61.4 26.5 413 9.4

(Choi et al., 2025) 70B 22.7 20.0 83.5 67.8 58.7 241 439 9.2

RAQE (ours) | 8B | 360 24.5 845  69.1 655 | 283 444 14.7

Table 1: NDCG@10 for sparse retrieval (BM25) across eight datasets (0-100 scale). Baselines
use Llama-3.1-8B/70B-Instruct, but RAQE uses Llama-3.1-8B-Instruct. The left five datasets
are in-domain (used for training), while the right three are out-of-domain.

Method | Gen. | NFC FiQA FEV HP  MSM | Arg NQ  ScD
ExpandR (Label-Supervised Reference) 8B 335 292 81.6 63.0 57.1 31.8 38.1 16.5
Default (Original) - 31.8 242 686 454 426 262 225 145
HyDE 8B 29.7 19.5 793 501 611 219 328 155
(Gao et al., 2023) 70B 33.0 274 791 599 594 198 392 149
Query2Doc 8B 26.0 19.0 605 346 443 153 255 145
(Wang et al., 2023) 70B 274 21.6 626 397 428 138 266 132
MuGI 8B 22.0 152 478 224 513 135 198 9.3
(Zhang et al., 2024) 70B 22.7 147 465 293 544 135 240 9.6
Word2Passage 8B 20.0 144 562 407 249 121 186 6.2
(Choi et al., 2025) 70B 16.1 137 552 446 457 127 245 5.8
RAQE (ours) | 8B | 335 28.8 809 629 569 | 285 409 164

Table 2: NDCG@10 when using dense retrieval (Contriever) across eight datasets (0-100
scale). Same evaluation protocol as Table 1.

(70B). While most training-free QE methods are primarily designed for sparse retrieval
and often yield limited gains or even degradation under dense retrieval due to lexical
expansion mismatch, RAQE consistently improves performance in both settings through
retrieval-aligned optimization. These gains are consistent across both in-domain (3rd-7th
columns) and out-of-domain (8th-10th columns) settings, indicating strong cross-domain
generalization. Moreover, RAQE achieves performance on par with, or slightly exceeding,
the strong label-supervised ExpandR reference. Together, these results show that RSDG
effectively captures retrieval-relevant preferences without human supervision.

Quality vs Latency Trade-Off. Figure 2

shows the retrieval quality-latency trade- o %4° e RAQi(WS) il  L_--F a
off as the Llama3 backbone is scaled from  ®oq.425 ,———:}_.f: 7%=~ " HypE

3B to 70B. RAQE achieves the strongest re- O anol 19 /7 wae

trieval improvements with only a modest in- 27 ¢ )

crease in latency. In contrast, HyDE, MuGI, =~ £0.375 1 Defeutt X el Generator Size
and Word2Passage incur substantial latency < 5, J ® 3B m 8B 4 708

overheads due to repeated generation, while 0 10 20 30 40 50 60
Query2Doc avoids repeated generation but Latency (sec/query)

primarily relies on scaling the generator up Figure 2: Retrieval quality-latency trade-

to 70B, yielding limited retrieval gains. This
indicates that model scaling alone is insuffi-
cient, while reranker-aligned optimization
more effectively converts model capacity
into retrieval gains. The results with Qwen3-
4B/30B are in Appendix F.2.

off when scaling the Llama3 backbone from
3B to 70B using BM25. Both latency and
NDCG®@10 are macro-averaged across 8
datasets. The detailed results of RAQE with
3B are in Section F.1.
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Variant | NFC FiQA FEV HP MSM | Arg NQ SciD
Default (no training) 322 235 67.9 63.9 50.6 277 27.0 140
Stage 1 only (distillation) 35.1 255 78.8 68.3 617 28.0 411 141
Stage 2 only (GRPO) 353 255 825 65.7 60.3 279 38.4 14.0
RAQE (ours) | 360 245 845 69.1 655 | 283 444 147

Table 5: Stage-wise ablation of RAQE under BM25: “Stage 1 only” corresponds to the setup
using supervised distillation only, while “Stage 2 only” applies GRPO-based optimization
without the distillation stage.

4.2 Comprehensive Analysis of RAQE

In this section, we evaluate (1) the validity of the RSDG reward by comparing it with human
judgments, (2) the impact of improved retrieval performance on generation quality, and (3)
the robustness of RAQE to different reranker models.

Validation of RSDG Reward. We validate

whether the RSDG reward in Eq. (2) provides | Pairwise Spearman Pearson
a correct preference signal. For each training o A icament | 0730 0.431 0.455
query, we form rollout groups (¢=8) and evalu-
ate alignment in two ways. First, we randomly Table 3: Alignment between label-free
sample pairs of candidate expansions within RSDG@10 and label-based NDCG@10.
each group and measure whether RSDG@10 and Results are macro-averaged over five in-
human-labeled NDCG@10 induce the same pref- domain datasets under BM25 retrieval.
erence ordering, reporting the pairwise agree-

ment rate. Second, we assess the global consistency of preferences over the full rollout
group using correlation metrics (Spearman and Pearson). For the former, Table 3 shows
that RSDG achieves high pairwise agreement, substantially exceeding the random baseline
(50%). For the latter, Spearman and Pearson correlations confirm high agreement in relative
ordering and reward trends, supporting RSDG as an effective label-free signal. Together,
these results support RSDG as an effective label-free signal for policy optimization.

Comparison with a RaFe-style Reward. To iso-

o h R Avg. NDCGel
late the contribution of the proposed reward for- Method eward vg. NDCG@10
mulation replace RSD ithafl I Default - 345

u atko s wereprace d ? HG W t ah atave gggd RaFe-style Avg. reranker score 39.9 (+5.4)
reranker-score reward following the reward de-  gyoe RSDG 43.6 (+9.1)

sign of RaFe, while keeping all other training -
settings unchanged (Llama-3.1-8B-Instruct, Con- Table 4: Comparison between a RaFe-
triever retriever). As shown in Table 4, the RaFe- style averaged reranker reward and the
style reward substantially improves over the De- proposed RSDG reward under the same
fault model, confirming that reranker feedback tramning setup.

itself provides an effective label-free supervision

signal. However, RSDG consistently achieves larger gains, indicating that the rank-position
discounting and ideal-order normalization in Eq. (2) more effectively transform reranker
scores into retrieval-oriented optimization signals.

Effect of Training Stages. Table 5 reports a stage-wise ablation of RAQE, designed to examine
the individual contributions of each training stage and their interaction. Applying either
stage alone already improves retrieval performance over the Default method, indicating that
both supervised distillation (Stage 1) and GRPO-based preference optimization (Stage 2) are
individually effective. Notably, Stage 1 provides a strong initialization, while Stage 2 further
refines the policy with preference signals. When combined, the two stages exhibit clear
synergy and consistently achieve the strongest performance across datasets, demonstrating
the effectiveness of the proposed distill-then-optimize framework.

Robustness to Reranker Choice. Since our reward relies on cross-encoder reranker scores*—
including BGE-Reranker (our default setup), GTE-Reranker, and MXBAI-Reranker—we
analyze whether RAQE is sensitive to the specific reranker used to compute the training
reward. We train the same policy model with RAQE using three different widely used
rerankers. As summarized in Table 6, RAQE consistently improves retrieval performance
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RAQE RAQE RAQE
Reward Reranker ‘ Default ‘ (with BGE-Reranker) (with MXBAI-Rerank) (with GTE-Reranker)
NDCG@10 | 38.4 | 45.9 (+7.5) 45.4 (+7.0) 455 (+7.1)

Table 6: NDCG@10 of RAQE with three reranker models used for reward computation,
showing improvements relative to the Default method. Numbers report average NDCG@10
across eight datasets in Table 1 under sparse retrieval (BM25).

across all three rerankers. This suggests that the proposed RSDG reward formulation in
Eq. (2) is robust to the choice of reranker. Among them, we use BGE-Reranker (BAAI/bge-
reranker-v2-m3) as the default reranker, as it achieves the best performance.

Additionally, we provide further experimental results, including the results with other
retrieval metrics (Recall, MAP, and MRR) in Appendix C.1; the synergy obtained when
applying RAQE-trained models to existing training-free QE methods in Appendix C.2; an
analysis of reward computation using sparse versus dense retrievers in Appendix D.1; a
detailed latency breakdown across QE methods in Appendix E.2; and an analysis of the
impact of pseudo-passage generation length in Appendix E.3.

4.3 Downstream Performance

While retrieval metrics such as NDCG@10 measure ranking quality, it is critical to verify
whether improvements in retrieval effectiveness translate into actual gains in downstream
tasks. Therefore, in this section we evaluate whether the retrieval improvements obtained
by RAQE lead to better task-level performance. We consider two representative downstream
settings: (1) Retrieval-augmented Generation (RAG) and (2) Fact Verification. ExpandR
relies on oracle relevance labels and is therefore included only as a label-supervised reference.
In the experiments, we use a fixed retrieval setup: BM25 is used to retrieve the top-5 chunks
for each query (or claim). We additionally analyze the sensitivity to different retrieval depths
in Appendix C.3.

Retrieval-augmented Generation. For this downstream task, we use the Natural Questions
(NQ) corpus from the BEIR benchmark (Thakur et al., 2021) and randomly sample 500
queries from its test split. The retrieved chunks from the corpus are appended to the query,
and the final answer is then generated by Llama-3.1-70B-Instruct. We report Exact Match
(EM) and F1 scores in Table 7 to assess the correctness of the generated answers when
deploying RAG with different QE methods. The results reveal that RAQE yields the largest
performance improvement over Default, showing that its superior retrieval gains over other
QE methods translate into the best generation accuracy.

Fact Verification. For this task, we use FEVER corpus (Thorne et al., 2018) and sample
500 claims from its test split for fact verification. Given the retrieved chunks, the model
(Llama-3.1-70B-Instruct) predicts SUPPORTS, REFUTES, or NOT ENOUGH INFO for each
claim. We report Accuracy (Acc) and Macro-F1 in Table 8 to assess the fact verification
performance when using different QE methods. The results show that the improved retrieval
performance of RAQE leads to meaningful gains in this task, achieving the best overall
performance compared to other QE methods.

That is, the improvements of RAQE in retrieval effectiveness translate into stronger down-
stream performance on both tasks. Additional analyses with different retrieval depths are
provided in Appendix C.3, showing that the optimal context budget is task-dependent while
the conclusions remain consistent. These results suggest that reranker-aligned training leads
to retrieval improvements that generalize well to downstream tasks.

*HuggingFace Checkpoints: BGE-Reranker (BAAI/bge-reranker-v2-m3); GTE-Reranker (Alibaba-
NLP/gte-reranker-modernbert-base); and MXBAI-Rerank (mixedbread-ai/mxbai-rerank-large-v2).



Published as a conference paper at COLM 2026

Method ‘ ExpandR Default ‘ HyDE MuGI Query2Doc Word2Passage RAQE
EM 0.322 0.270 0.304 0.252 0.286 0.304 0.316
F1 0.397 0.343 0.387 0.319 0.373 0.393 0.397

Table 7: Open-domain QA performance on Natural Questions (NQ), measured using Exact
Match (EM) and F1. Higher is better.

Method ‘ ExpandR Default ‘ HyDE MuGI Query2Doc Word2Passage RAQE
Acc 0.566 0.540 0.530 0.546 0.538 0.514 0.582
Macro-F1 0.453 0.438 0.426 0.437 0.435 0.417 0.461

Table 8: Fact verification performance on FEVER, measured using Accuracy (Acc) and
Macro-F1. Higher is better.

5 Conclusion

In this paper, we introduced RAQE, a label-free query expansion framework that aligns
pseudo-passage generation with retrieval objectives through reranker-derived preference sig-
nals. By replacing costly human relevance annotations with the proposed reranker-shaped
RSDG reward and optimizing the generator using group-relative policy optimization, RAQE
enables effective retrieval-aligned query expansion while maintaining low inference latency
through single-pass generation. Extensive experiments across multiple IR benchmarks
demonstrate that RAQE consistently improves retrieval quality over strong LLM-based QE
baselines and generalizes across both sparse and dense retrieval settings. Furthermore,
these retrieval improvements translate into stronger downstream performance in RAG and
fact verification tasks. Overall, reranker-aligned policy optimization provides an effective
and scalable alternative to supervised QE methods for improving retrieval effectiveness.

Reproducibility Statement

We provide detailed descriptions of model backbones, training procedures, and evalua-
tion protocols to ensure reproducibility. All experiments are conducted using standard
benchmarks, including MS MARCO and BEIR datasets, with clearly specified splits and
metrics. Implementation details are provided in Appendix A.2, data statistics in Appendix
B, efficiency analysis in Appendix E, and model robustness in Appendix F. All prompt
templates used in our experiments are provided in Appendix G. The implementation is
publicly available at https://github.com/DISL-Lab/RAQE.
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A Details of RAQE

A.1 Optimization

Phase 1: Supervised Distillation. We warm-start the QE policy 7y (e | ¢) via supervised fine-
tuning on teacher-generated query—expansion pairs (g, ¢*). The objective follows a standard
sequence-level negative log-likelihood formulation as described in the main text. This stage
teaches the model to generate concise, well-formed pseudo-passages and provides a stable
injtialization for Phase 2.

Phase 2: Reranker-Aligned Group-Relative Policy Optimization (GRPO). Starting from
the distilled checkpoint, we optimize 71y using GRPO. For each query g, we construct a fixed
rollout group {ey, ..., e, } with ¢=8 candidates.

For each candidate ¢;, we form an expanded query g/ = concat(g,¢;), and compute the
reward r; = A(q},q) using cached retrieval results and reranker scores.

Given within-group rewards, we compute standardized group-relative advantages and
optimize the policy using the GRPO objective (see Eq. 5 in the main text).

A.2 Implementation

Training configuration. We train RAQE with a two-stage distill-then-optimize procedure.
Stage 1 performs supervised fine-tuning for 5 epochs. Stage 2 applies reranker-aligned
GRPO for 2 epochs with group size g=8 and reward depth k=30. The clipped surrogate
objective uses e=0.2. Unless stated otherwise, hyperparameters are shared across datasets.

Optimization and hardware. Training uses the AdamW optimizer with learning rate

5 x 107% and batch size 8. We train using LoRA-based fine-tuning with bfloat16 precision
on two NVIDIA RTX PRO 6000 GPUs.

Stage 1 (supervised distillation) is trained for 5 epochs over 1,010 update steps, taking about
12 minutes. Stage 2 (reranker-aligned GRPO) is trained for 2 epochs over 1,730 update steps,
taking about 24 minutes, with group size g=8, reward depth k=30, and clipping parameter
€=0.2. The larger number of update steps is due to rollout-based training, where each
query is associated with multiple candidates. Since rollout candidates, retrieval results, and
reranker scores are precomputed offline, training does not require additional retriever or
reranker calls, enabling efficient and stable optimization. Unless otherwise specified, all
reported results are obtained from a single training run per configuration.

Inference. At inference time, RAQE generates a single concise pseudo-passage per query. For
sparse retrieval, we concatenate the pseudo-passage with repeated instances of the original
query (five times), following common practice in QE. For dense retrieval, we average the
encoder representations of the original query and the pseudo-passage to form the expanded
query embedding. No reranking or iterative generation is performed at test time.

B Data Statistics

We construct training data from five benchmarks with official training splits: NFCorpus,
FiQA, FEVER, HotpotQA, and MS MARCO. For each training query g, we generate a teacher
pseudo-passage ¢* and form the expanded query g4’ = concat(qg, ¢*).

Query sampling. From each dataset, we target 3,000 randomly sampled training queries to
construct an initial pool for distillation and preference optimization.

Filtering by retrieval impact. We apply a query-level filtering step to retain only cases

where query expansion is beneficial. Specifically, for each query g, we compute the reranker-
shaped gain A(q/, q) defined in Eq. (3) and keep examples satisfying A(q’,q) > 0. After
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Method | R@50 MAP@10 MRR@10
Label-supervised reference ‘ 0.6234 0.3613 0.5460
Default 0.5662 0.2929 0.4791
HyDE 0.5918 0.3239 0.5058
Query2Doc 0.5959 0.3301 0.5122
MuGI 0.5413 0.2870 0.4583
Word2Passage 0.5190 0.2732 0.5543
RAQE (ours) 0.6265 0.3574 0.5412

Table 9: Additional retrieval metrics with BM25. The label-supervised ExpandR reference
uses relevance supervision during training.

Sparse (BM25) Dense (Contriever)
Dataset MuGI MuGlI + Ours Ours MuGI MuGlI + Ours Ours
NFCorpus 28.5 359 36.0 22.0 28.8 33.5
FiQA 20.2 20.7 245 15.2 18.6 28.8
FEVER 81.4 83.9 84.5 47.8 71.3 80.9
HotpotQA 48.7 68.2 69.1 22.4 45.0 62.9
MS MARCO 51.4 58.8 65.5 51.3 54.0 56.9
ArguAna 27.6 28.3 28.3 13.5 16.5 28.5
NQ 31.3 45.1 44.4 19.8 35.2 40.9
SciDocs 13.1 14.2 14.7 9.3 11.7 16.4

Table 10: Applying RAQE on top of MuGI under both sparse and dense retrieval (NDCG@10).
“MuGlI + Ours” denotes applying RAQE to MuGlI-generated expansions. We additionally
report the standalone performance of RAQE (Ours). Our method consistently improves MuGI
while achieving strong standalone performance, demonstrating that it is complementary to
existing multi-generation-based QE strategies.

filtering, the number of remaining queries is: NFCorpus (753), FiQA (837), FEVER (2,103),
HotpotQA (1,882), and MS MARCO (878).

Overall, this process yields 6,453 training queries, which are shared by both Stage 1 distilla-
tion and Stage 2 GRPO.

C Additional Evaluation Results

C.1 Additional Retrieval Metrics

We additionally report Recall@50, MAP@10, and MRR@10, which complement NDCG@10 by
measuring retrieval coverage (R@50), overall precision (MAP@10), and early-rank accuracy
(MRR@10). Results are macro-averaged over the eight datasets. The macro-averaged results
are summarized in Table 9.

C.2 Synergy between RAQE and Training-Free QE Methods

We investigate whether our method is complementary to existing query expansion strategies
by applying it on top of MuGI (Zhang et al., 2024), a representative multi-generation QE
method that performs strongly across both sparse and dense retrieval settings. We denote
this combination as “MuGI + Ours”, where RAQE is applied on top of MuGlI-generated
expansions. Table 10 shows that our method consistently improves MuGlI across all datasets
in both retrieval paradigms. In addition, RAQE alone already achieves strong performance,
often outperforming MuGlI, while further gains can be obtained when combining the two. In
the sparse setting, we observe gains on every dataset, with particularly large improvements
on HotpotQA (+19.5) and NQ (+13.8). Similar trends are observed in the dense setting,
where consistent improvements are also achieved. These results demonstrate that reranker-
aligned optimization is orthogonal to existing QE methods and can be combined with them
to further improve retrieval performance across different retrievers.
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Dataset / Metric ‘ k=1 k=3 k=5 (Orig.)
NQEM 0.270 0.304 0.316
NQF1 0.357 0.382 0.397

FEVER Acc. 0.602 0.604 0.582
FEVER Macro-F1 0.476 0.475 0.461

Table 11: Sensitivity of downstream performance to retrieval depth (k). We vary the number
of retrieved passages while keeping all other experimental settings unchanged.

Training Reward ‘ Test Sparse Test Dense

Sparse reward 45.9 40.5
Dense reward 453 43.6

Table 12: Cross-evaluation by reward source.

C.3 Sensitivity to Retrieval Depth

We additionally evaluate the effect of retrieval depth (k=1,3,5) on the downstream tasks while
keeping all other settings unchanged. For NQ, larger retrieval depths consistently improve
EM and F1, suggesting that additional retrieved evidence benefits answer generation. For
FEVER, k=1 or k=3 slightly outperform k=5, indicating that additional retrieved passages
may introduce distracting evidence for verification. These results suggest that the optimal
retrieval depth depends on the downstream task, while our choice of k=5 provides a
balanced evaluation setting.

D Additional Reward Analyses

D.1 Reward Source: Sparse vs. Dense

We analyze how the retrieval source used to compute the reward affects downstream
performance. We train separate models using rewards computed from sparse (BM25) and
dense (Contriever) retrieval, and evaluate them under both sparse and dense test settings.
All results are averaged across datasets using the same backbone (Llama-3.1-8B-Instruct) as
in the main experiments. The cross-evaluation results are reported in Table 12.

Overall, aligning the reward source with the target retriever yields the strongest perfor-
mance, while cross-retrieval generalization remains competitive.

D.2 Sensitivity to Reward Depth

We analyze the effect of the reward depth used in RSDG computation by varying the cutoff
used to compute the reward (k € {10,30,50}), while keeping all other training settings
unchanged. Table 13 reports the resulting average NDCG@10 across the eight datasets under
sparse retrieval. The results show that RAQE is not particularly sensitive to the reward depth,
with only marginal performance differences across different values of k. This suggests that
the proposed reward formulation is robust to the choice of reward depth, and that the
default setting of k = 30 provides stable performance.

E Efficiency Analyses
We provide a detailed latency breakdown and analyze generation-length sensitivity.

E.1 Effect of Rollout Group Size
We analyze the effect of the rollout group size g € {8,4,2} on retrieval performance. For

smaller g, we subsample candidates from the same precomputed rollout pool using a fixed
rule, while keeping all other training settings unchanged. As shown in Table 14, reducing the
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Reward Depth (k) | 10 30 (Default) 50

Avg. NDCG@10 | 46.6 459 464

Table 13: Sensitivity of RAQE to the reward depth used in RSDG computation. All models are
evaluated using NDCG@10 under the same setup as Table 1.

g \ NFC FiQA FEV HP MSM \ Avg
8 36.0 245 84.5 69.1 655 55.9
4 35.8 23.6 84.6 69.7 64.4 55.6
2 36.4 244 83.7 68.8 626 55.2

Table 14: Effect of rollout group size g on retrieval performance (NDCG@10). Results are
reported on five in-domain datasets. Smaller ¢ values are obtained by subsampling from the
same rollout pool. While performance remains stable from g = 8 to g = 4, further reducing
to ¢ = 2 leads to consistent degradation on average.

rollout size from g = 8 to g = 4 results in only minor performance degradation, indicating
that the method is relatively robust to moderate reductions in group size. However, further
reducing to ¢ = 2 consistently decreases performance on average. This suggests that
larger rollout groups provide richer relative preference signals, which are beneficial for
group-relative policy optimization. Notably, when g = 2, the training effectively reduces
to pairwise comparisons, limiting the diversity of relative comparisons within each query.
This result highlights the importance of group-level preference structure beyond simple
pairwise supervision. Although ¢ = 4 offers a favorable trade-off between performance
and computational cost, ¢ = 8 consistently achieves the best average performance and is
therefore used as the default setting.

E.2 Latency Breakdown

Table 15 provides a detailed breakdown of end-to-end latency per query, decomposed into
generation and retrieval components for each method. Latency is measured as the average
per-query inference time, macro-averaged over all eight evaluation datasets.

The Default method, which does not perform query expansion, is included as a latency
reference rather than a direct comparison target.

We group methods into single-generation and multi-generation approaches. Single-generation
methods (e.g., Query2Doc and RAQE) produce a single pseudo-passage per query, while
multi-generation methods (e.g., HyDE, MuGlI, and Word2Passage) generate multiple candi-
dates, incurring higher generation cost.

Within each group, RAQE achieves competitive latency while maintaining a single-pass de-
sign, whereas multi-generation methods exhibit significantly higher latency due to repeated
decoding.

E.3 Impact of Generation Length

As shown in Table 16, we analyze the impact of the maximum generation length on retrieval
effectiveness. Performance improves as the expansion length increases up to 128 tokens, but
degrades with longer generations, suggesting that intermediate-length expansions strike a
better balance between informativeness and noise.

F Model Scaling and Robustness

We evaluate scaling behavior across generator sizes and robustness across generator families.
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Method ‘ Gen. (s) Ret. (s) Total (s)

Default | 0.00 0.15 0.15

Single-generation methods

Query2Doc (4-shot) 2.90 0.05 2.95
RAQE (ours) 3.29 0.17 3.45

Multi-generation methods

HyDE (x8) 12.51 0.36 12.87
MuGlI (x5) 12.54 0.33 12.87
Word2Passage (x5) 13.14 0.09 13.23

Table 15: Latency breakdown per query (seconds), macro-averaged over 8 datasets. Prompt-
ing overhead is negligible and thus included in the generation time. Methods are grouped
into single-generation and multi-generation approaches. Bold indicates the fastest method
within each group, and underlining indicates the second-fastest.

Max Tokens ‘ 32 64 128 (Default) 256

Sparse Avg. (NDCG@10) | 52.7 54.4 55.9 53.3

Table 16: Effect of generation length on retrieval performance (Sparse NDCG@10). Results
are averaged over the five training datasets (NFCorpus, FIQA, FEVER, HotpotQA, and
MS MARCO), hence values are not directly comparable to the eight-dataset averages in the
main tables.

Query?2 Word2 RAQE
Method ‘ Default HyDE MuGI Doc Passage (3B)
Sparse (Avg) | 38.4 425 35.1 39.6 438 44.3

Table 17: Sparse retrieval performance with a 3B generator (Llama-3.2-3B-Instruct).

F1 Performance across Model Sizes

Table 17 reports sparse retrieval performance averaged across datasets when using a smaller
3B generator, allowing us to examine how RAQE behaves under reduced model capacity.
While larger generators generally improve retrieval performance, retrieval gains do not
always scale monotonically with model size. Similar observations have also been reported
for prompting-based query expansion methods such as Word2Passage (Choi et al., 2025),
where larger backbones do not consistently outperform smaller ones across all datasets.
These findings suggest that retrieval effectiveness depends not only on generator scale but
also on how query expansions are generated.

Despite the reduced model capacity, RAQE maintains the strongest average performance
among all methods.

E2 Robustness across Generator Architectures (Qwen)

We evaluate RAQE on a different generator family to assess architectural robustness. We train
RAQE using Qwen3-4B-Instruct and compare it against label-free prompting baselines using
Qwen3-30B-A3B-Instruct.

Discussion. With a substantially smaller 4B Qwen generator, RAQE achieves the high-
est macro-average NDCG@10 among label-free methods and matches or outperforms
prompting-based baselines that rely on 30B generators on most in-domain datasets. These
results, summarized in Table 18, indicate that reranker-aligned optimization generalizes
across generator families and does not rely on generator scale alone.
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Method | Gen. | NEFC FiQA FEV HP MSM Arg NQ SciD | Avg
Default | - | 318 242 68.6 45.4 42.6 26.2 22,5 145 | 345
HyDE 4B 342 19.5 79.1 59.8 56.6 27.3 40.8 13.3 413
30B 355 20.6 80.8 64.2 59.3 26.2 45.7 13.8 433
Query2Doc 4B 347 253 77.9 64.3 61.1 27.1 38.0 14.1 428
30B 342 25.2 74.0 66.3 62.5 27.5 39.2 14.2 429
MuGI 4B 32.1 21.2 74.7 61.9 58.9 27.4 39.7 12.5 41.1
30B 35.2 23.1 79.8 67.7 62.8 27.3 454 13.2 44.3
Word2Passage 4B 21.2 19.3 73.1 63.6 523 6.8 334 6.1 345
30B 29.5 21.9 76.5 69.1 50.2 29.7 39.0 14.8 413
RAQE (ours) | 4B | 355 25.4 81.6 66.0 63.1 27.8 404 143 | 443

Table 18: Sparse retrieval results (NDCG@10) with Qwen generators. Baselines are evaluated
using both 4B and 30B generators when available.

Seed | NEC FiQA FEV HP MSM Arg NQ SiD | Avg
42 (submitted) 36.0 245 84.5 69.1 65.5 28.3 44.4 14.7 459
123 35.7 24.8 843 70.8 64.8 28.1 45.0 14.6 46.0
3407 35.8 24.1 84.2 70.7 66.1 28.3 45.8 14.8 46.2

Table 19: Performance of RAQE across different random seeds on the eight BEIR datasets.
Results are reported using NDCG@10.

E3 Robustness across Random Seeds

To evaluate the robustness of RAQE to random initialization, we repeat training using three
random seeds (42, 123, and 3407) while keeping all other training settings unchanged.
Table 19 reports the macro-average NDCG@10 across the eight BEIR datasets. The results
show only minor variation across different random seeds. Notably, the submitted result
(Seed 42) is not a favorable outlier, as the remaining seeds achieve comparable or slightly
better performance. These findings indicate that the improvements of RAQE are stable and
are not driven by a particular random seed.

G Prompt Templates

We summarize the prompt templates used for RAQE and the baselines. For baseline methods,
we follow the prompts from the original papers or official implementations as closely as
possible, and only omit long in-context demonstrations when necessary for brevity.

G.1 RAQE (Ours)

We use a single-pass prompt that encourages one concise pseudo-passage while avoiding
meta-commentary:

Instruction: Write a single cohesive paragraph (at least three sentences)
that directly addresses the query. Include concrete details when possible,
avoid meta commentary, and return only the passage text.

Query: {query}

G.2 Baselines

HyDE (Gao et al., 2023). We follow the dataset-specific instructions from the original
HyDE paper. For the datasets used in our experiments, the prompts are:

* General / Web Search-style datasets (e.g., NFCorpus, NQ, MS MARCO, Hot-
potQA):
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Please write a passage to answer the question
Question: {query}
Passage:

FiQA:

Please write a financial article passage to answer the question
Question: {query}
Passage:

SciDocs / scientific retrieval:

Please write a scientific paper passage to answer the question
Question: {query}
Passage:

¢ ArguAna:

Please write a counter argument for the passage
Passage: {query}
Counter Argument:

FEVER / claim verification style:

Please write a passage to verify the claim
Claim: {query}
Passage:

Query2Doc (Wang et al., 2023). We follow the official 4-shot in-context prompt from
Query2Doc, using the released dataset-specific demonstrations. For brevity, we omit the
full demonstration contents and show only the prompt structure:

Write a passage that answers the given query:
Query: <example query 1>
Passage: <example passage 1>
Query: <example query 2>
Passage: <example passage 2>
Query: <example query 3>
Passage: <example passage 3>
Query: <example query 4>
Passage: <example passage 4>
Query: {query}

Passage:

MuGI (Zhang et al., 2024). We use the released MuGl passage-generation prompt:

You are PassageGenGPT, an AI capable of generating concise, informative,
and clear pseudo passages on specific topics. Generate one passage that is
relevant to the following query: ’{query}’. The passage should be concise,
informative, and clear.

Word2Passage (Choi et al., 2025). We follow the original prompt format, which asks the
model to generate passage-, sentence-, and word-level outputs in JSON:

Generate a passage, a sentence, and words that answer the given QUERY.
Terms that are important for answering the QUERY should frequently appear
in the generation of the passage, the sentence, and words.

#i## Definition:

**passagex*: Answer the given QUERY in a passage perspective by generating
an informative and clear passage.

*xsentence**: Answer the given QUERY in a sentence perspective by
generating a knowledge-intensive sentence.

*xword**: Answer the given QUERY in a word perspective by generating a
list of words.

### QUERY:

{query}

### FINAL OUTPUT JSON FORMAT (strictly follow this structure):
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"passage"”: "Your passage here”,
"sentence”: "Your sentence here”,
"word": [Your words here]

(From here on, only produce the final output in the specified JSON format.)

ExpandR (Yao et al., 2025). ExpandR considers multiple expansion strategies (e.g., query
rewriting, keyword generation, chain-of-thought, and passage generation). In our ex-
periments, we use the passage generation variant, which is directly comparable to other

pseudo-passage-based QE methods:

Please write a passage to answer the question:

Question: {query}
Passage:
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