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Abstract

Retrieval-Augmented Generation (RAG) re-
mains unreliable in specialized domains due
to semantic and lexical mismatch between lay
queries and professional terminology, and ex-
isting generative expansion often introduces
redundancy or hallucinations that cause se-
mantic drift. We propose Generative Query
Condensation (GQC), a query rewriting strat-
egy that reframes rewriting as semantic con-
densation rather than expansion. To opera-
tionalize GQC, we introduce Query-to-Entity
Inference (Q2EI), an entity-centric rewrit-
ing method that realizes semantic conden-
sation through explicit inference of the un-
derlying target entity. By moving semantic
alignment from retrieval-time vector match-
ing to the rewriting stage, Q2EI produces
information-dense query representations. Ex-
perimental results on medical and legal bench-
marks show that Q2EI consistently outper-
forms strong baselines across retrievers, im-
proving retrieval effectiveness while substan-
tially reducing rewriting token consumption
compared to generative expansion methods.
Further analysis confirms that these gains pri-
marily arise from accurate entity inference,
and that Q2EI’s semantic condensation design
limits error amplification when inference is
imperfect, leading to more stable and inter-

pretable retrieval behavior '.

1 Introduction

Retrieval-Augmented Generation (RAG) allevi-
ates knowledge hallucination and temporal obso-
lescence in Large Language Models (LLMs) by
grounding generation in external non-parametric
knowledge, and has achieved strong performance
on general tasks such as open-domain question
answering (Lewis et al., 2020; Guu et al., 2020).

'We release code and data in an anonymized GitHub
repository at https://anonymous.4open.science/r/
Q2EI-EFEQ

However, retrieval still faces significant bottle-
necks in specialized domains such as medicine,
law, and IT operations. A key challenge is that
user queries often reside in a non-professional se-
mantic space, whereas documents are written in a
professional one. This semantic misalignment is
difficult to resolve by vector retrieval alone: re-
trievers primarily capture surface-level semantic
similarity, but cannot reliably infer the underlying
domain concept implied by a lay description. We
refer to such non-expert user queries as lay queries.
This representation mismatch leads to lexical mis-
match and semantic gaps, thereby compromising
retrieval effectiveness (see Figure 1 (a)).

Specifically, due to a lack of domain knowl-
edge, user queries are often phenomenon-level de-
scriptions. However, the documents use precise,
domain-specific-level terminology. For instance,
a patient might describe symptoms as “Ate home-
canned food, now blurred vision, droopy eyelids,
hard to swallow—could this be deadly food poi-
soning?” whereas the relevant document is in-
dexed under the term “Botulism.” On the one
hand, this representation misalignment makes it
difficult for sparse retrievers (e.g., TF-IDF (Salton
and Buckley, 1988) and BM25 (Robertson et al.,
2009)) to retrieve target documents due to their
reliance on lexical overlap. On the other
hand, dense retrievers (such as Multilingual E5
(mES5) (Wang et al., 2024), BGE-M3 (Multi-
Granularity, 2024), or Contriever (Izacard et al.,
2021)) also struggle to establish a semantic map-
ping from phenomenon-level descriptions to pro-
fessional terminology.

To alleviate these issues, existing works
predominantly adopt Generative Query Expan-
sion (GQE). Generation-Augmented Retrieval
(GAR) (Mao et al., 2021) and its successors,
such as HyDE (Gao et al., 2023) and Query2Doc
(Q2D) (Wang et al., 2023), expand query seman-
tics by generating pseudo-documents to improve
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Figure 1: Schematic comparison of different retrieval strategies. (a) Traditional Retrieval suffers from significant
lexical mismatch between lay queries and expert documents. (b) GQE bridges the gap but often introduces re-
dundancy and noise, which may mislead the retriever toward irrelevant documents. (c) The proposed GQC (ours)
employs an inference engine to condense semantics into high-density representations.

semantic coverage and lexical overlap (see Fig-
ure 1 (b)). However, our motivation experiments
in section 5.1 indicate that in specialized domains,
such verbose generated content tends to dilute in-
formation density and induce semantic drift. The
result is also consistent with recent studies (Weller
et al., 2024). Another category of research em-
ploys Knowledge Graph (KG) methods, utiliz-
ing explicit relational constraints to align seman-
tics (Luo et al., 2023; Zhu et al., 2025; Mavroma-
tis and Karypis, 2025). However, their high graph
construction costs and dependence on graph cov-
erage (Pan et al., 2024) limit their application.

In this paper, we propose the Generative Query
Condensation (GQC) strategy (see Figure 1 (c)).
Unlike conventional dense retrieval methods that
rely on implicit vector matching during retrieval,
this strategy leverages the parametric knowledge
of LLMs to perform explicit semantic extrac-
tion and compression at the query rewriting
stage. GQC compresses the semantic information
within the query into a high-density representa-
tion, thereby effectively improving the signal-to-
noise ratio. We introduce Query-to-Entity Infer-
ence (Q2EI) as a concrete implementation of GQC.
Unlike GQE methods, Q2EI utilizes LLLMs to con-
dense ambiguous user descriptions into a core
domain-specific entity and reconstructs an entity-
centric query representation. This effectively miti-
gates both lexical and semantic mismatch.

Experimental results on two specialized-

domain benchmarks (MedQuAD and COLIEE)
show that Q2EI yields substantial and consistent
improvements across retrievers. On COLIEE,
mES achieves an nDCG@ 10 improvement of 3.35
over the strongest baseline. On MedQuAD, BM25
yields a Recall@10 improvement of 13.97 com-
pared with the best-performing baseline, while
maintaining significantly lower computational
overhead.

The main contributions of this paper are summa-
rized as follows:

* We propose GQC as a query rewriting strat-
egy for specialized domain retrieval. By pri-
oritizing semantic condensation over text ex-
pansion, it alleviates lexical mismatch and se-
mantic gaps. We further analyze the critical
role of high-information-density representa-
tions in specialized domain retrieval.

* We introduce Q2EI, an entity inference
method that requires no fine-tuning and does
not rely on manually constructed knowledge
bases. By guiding LLMs with specific in-
ference instructions to infer potential entities
from lay queries, we generate high signal-to-
noise ratio entity-centric queries.

» Extensive experiments on multiple special-
ized domain datasets and various retriever
architectures demonstrate that Q2EI signif-
icantly outperforms strong baseline meth-
ods. Further analysis attributes the gains



to accurate potential entity inference, pro-
viding interpretability, while incurring sub-
stantially lower computational overhead than
GQE methods.

2 Related Work

2.1 Sparse and Dense Retrieval

In specialized domains such as medicine and law,
a substantial semantic gap often exists between
user queries and professional literature (Chalkidis
et al., 2020). Traditional sparse retrieval models
(e.g., BM25 (Robertson et al., 2009)) rely heavily
on lexical overlap and therefore struggle with the
lexical mismatch between colloquial expressions
and domain-specific terminology. Dense retrieval
methods (e.g., DPR (Karpukhin et al., 2020) and
ANCE (Xiong et al., 2020)) embed texts into a
low-dimensional vector space, relaxing the strict
requirement of exact lexical matching. However,
geometric proximity in the embedding space is of-
ten insufficient to capture deeper logical associa-
tions (Marcus, 2018; Onoe and Durrett, 2020).

2.2 Query Augmentation via Generative and
Pseudo-Relevance Feedback

Traditional Pseudo-Relevance Feedback (PRF)
methods (e.g., RM3 (Lavrenko and Croft, 2003))
rely solely on initial retrieval results, making it
difficult to introduce external knowledge. With
the development of LLMs, Generative Query Ex-
pansion (GQE) has become a mainstream strat-
egy. HyDE (Gao et al., 2023) and Query2Doc
(Q2D) (Wang et al., 2023) utilize LLMs to expand
short queries into pseudo-documents to enhance
semantic matching. This “additive strategy” is ef-
fective in open-domain question answering. How-
ever, in specialized domain retrieval tasks, long
texts tend to introduce hallucinations and irrele-
vant noise, leading to semantic drift (Weller et al.,
2024). Unlike GQE, this paper explores a “sub-
tractive strategy”, utilizing inference to condense
redundant query descriptions, thereby improving
the signal-to-noise ratio of the rewritten query and
reducing the risk of semantic drift during retrieval.

2.3 Knowledge-Enhanced and Entity-Centric
Retrieval

Although utilizing structured knowledge can im-
prove precision (Pan et al., 2024), such meth-
ods suffer from a significant scalability bottleneck.
The construction of explicit Knowledge Graphs

(KGs) relies highly on expert human interven-
tion, which incurs high maintenance costs (Ding
et al., 2024). In contrast, our method leverages
the parametric memory of LLMs as a “soft knowl-
edge base,” achieving logical inference without
the need to explicitly construct a graph (Petroni
et al., 2019).

2.4 Reasoning for Information Retrieval

Recent research has begun exploring the use
of LLM reasoning capabilities (e.g., Chain-of-
Thought (CoT) (Wei et al., 2022)) to assist In-
formation Retrieval (IR) tasks. However, most
existing works (Sun et al., 2023; Pradeep et al.,
2023; Qin et al., 2024) apply reasoning during the
reranking stage or the offline data augmentation
stage (Jeronymo et al., 2023). The former sits at
the end of the retrieval pipeline; the latter is pri-
marily applied in an offline phase. We shift reason-
ing to the pre-retrieval stage by proposing GQC,
which uses inference to generate retrieval anchors.
This shift enables the model to bridge the seman-
tic gap through logical reasoning rather than rely-
ing on text similarity matching. Consequently, our
approach is orthogonal to existing work and com-
plements prior reasoning-based IR methods.

3 Methodology

3.1 Problem Formulation

We formulate the specialized domain retrieval
problem as a matching problem across seman-
tic spaces. The query space Qj,y comprises
phenomenon-level queries ¢, from lay users,
while the document space Dexpere consists of doc-
uments d with professional terminologies and nor-
malized entities.

Due to significant distributional differences be-
tween the two spaces, Sim(qiay, drarget) (drarget €
Dexpert) struggles to effectively characterize the
relevance between the ¢4, and its target document
dyarger, thereby degrading retrieval performance.

Consequently, the objective of retrieval opti-
mization is to construct a mapping f : Qpay — Q
that transforms a lay query ¢y into a rewritten
query ¢ = f(qiay) closer to the semantic distribu-
tion of the target document, thereby maximizing
the similarity between the rewritten query and the
target document dyqrget:



max Sim (EHC(f(may)), Enc(dtarget)) )
f (D

drarget € Dexpert-

where Enc(+) denotes the retriever encoder, and
Sim(+, -) represents the similarity function.

3.2 Strategy Comparison: GQE vs. GQC

To implement the mapping f, existing works pre-
dominantly adopt Generative Query Expansion
(GQE), whereas this paper employs the Generative
Query Condensation (GQC) strategy.

GQE. Methods represented by HyDE (Gao
et al.,, 2023) introduce an intermediate variable
Cgen t0 approximate the semantic distribution of
the target document by supplementing context.
The mapping process can be expressed as:

fGQE(Qlay) = T(Qlaya Cgen)7
Cgen ™~ PLLM(' | q1ay;g)'

2

where T denotes a text concatenation or fusion
operation, and £ represents the set of expansion
instructions used to guide the LLM in generating
supplementary context cge;, to improve the seman-
tic coverage of the query.

GQC (Semantic Condensation). GQC does
not approximate the document distribution by sup-
plementing redundant context; instead, it lever-
ages the parametric knowledge of LLMs to per-
form semantic condensation on the query, out-
putting a rewritten query with high information
density:

feac(qay) = goqc;

€]
qoc ~ Prom (- | qiay: C). )

where C is the instruction set for semantic con-
densation, used to constrain the output to focus
on retrievable core semantics. This process es-
tablishes a semantic bridge between ambiguous
phenomenon-level descriptions and precise profes-
sional knowledge. Compared to GQE, GQC sig-
nificantly reduces redundant information and im-
proves the signal-to-noise ratio of the query.

This distinction is illustrated by the motivating
example in Appendix A (Table 2). It can be ob-
served that while GQE methods cover key seman-
tics, the introduced redundancy and hallucinations
can lead the retriever to incorrect documents. In
contrast, the proposed condensation strategy (im-
plemented as Q2EI, detailed in section 3.3) retains

only core entity semantics, thereby avoiding such
retrieval errors caused by noise.

3.3 Q2EI: Entity-Centric Query Rewriting

Based on the GQC strategy, we propose Query-
to-Entity Inference (Q2EI), an entity-centric query
rewriting method, as shown in Figure 2. This
method comprises three steps:

Step 1: Instruction Construction and Con-
straint Setting. We construct instructions Zprompt
to guide the model’s inference and rewriting pro-
cess. As shown in Figure 9 in Appendix B, the
instructions include three key elements:

(1) Persona-based Prompting: Guides the LLM
to act as a domain expert via specific role-play
instructions (Xu et al., 2023; Kong et al., 2024),
thereby enhancing the model’s ability to under-
stand and parse domain semantics;

(2) Entity-first inference with reformulation con-
straint: Requires the model to first infer the nor-
malized entity e.ore and generate an entity-centric
query gent based on this entity. This ensures that
the rewritten query focuses on core entity seman-
tics and aligns with domain-specific expression
conventions;

(3) Adaptive Demonstration: Supports both
zero-shot and few-shot settings, relying on the
model’s internal knowledge and a small number of
in-context mapping examples (Brown et al., 2020),
respectively.

Step 2: Model Inference and Entity-Centric
Rewriting. Under the instruction constraints con-
structed in Step 1, given qiay and Zprompt, the LLM
infers the core entity within the query and normal-
izes it into an entity-centric query ¢en;. Through
entity rewriting, this process ensures the query
closely adheres to the core semantics of giay.

Step 3: Entity-Centric Retrieval. We uti-
lize gent for retrieval, transforming the match from
“Phenomenon Description — Professional Docu-
ment” to “Entity-Centric Query — Professional
Document.” This effectively alleviates the seman-
tic gap and improves the signal-to-noise ratio of
the query.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate Q2EI in two special-
ized domains: medicine and law, utilizing the
MedQuAD (Ben Abacha and Demner-Fushman,
2019) and COLIEE (Kim et al., 2022) datasets,
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Figure 2: Overview of the Q2EI method.

respectively. Existing benchmarks typically use
expert-written normalized questions as queries. To
simulate the questioning style of lay users in
specialized domains, we constructed lay queries:
we utilized LLMs to rewrite original professional
questions into lay descriptions of surface-level de-
scriptions (for MedQuAD) or real-life dilemmas
(for COLIEE). All rewritten queries underwent
manual review by multiple reviewers to ensure the
original semantic intent was maintained and pro-
fessional terminology was removed. The specific
prompt templates are provided in Appendix B.
Baselines. We compare Q2EI with the four
methods: (1) Lay Query: Directly uses the lay
query for retrieval. (2) Keyword Extraction: Uti-
lizes an LLM to extract keywords from the query
as retrieval input. This baseline is included to
demonstrate that the performance gains of Q2EI
stem from deep entity inference rather than shal-
low lexical extraction. (3) HyDE (Gao et al.,

2023): A generative retrieval method that expands
queries by generating hypothetical documents. (4)
Query2Doc (Q2D) (Wang et al., 2023): Gen-
erates pseudo-documents using few-shot prompt-
ing to introduce contextual information. The spe-
cific prompts employed for all the LLM-based
baselines mentioned above are provided in Ap-
pendix B.

Implementation Details. We primarily em-
ploy GPT-5 (OpenAl, 2025) as the generative
language model for the experiments reported in
this section. To further verify the robustness of
our method across different models, we conduct
supplementary experiments using Claude Sonnet
4.5 (Anthropic, 2025); these results are discussed
in Appendix C. We evaluate performance across
three retrievers, including the sparse retriever
BM25 (Robertson et al., 2009) and the dense re-
trievers Multilingual E5 (mE5) (Wang et al., 2024)
and BGE-M3 (Multi-Granularity, 2024). Q2EI is
tested under both zero-shot and few-shot settings.
In the few-shot setting, we use the same examples
as Q2D to ensure a fair comparison. All meth-
ods are evaluated using Recall@1, Recall@10,
and nDCG@10 metrics. All experiments are im-
plemented by the open-source Llamalndex frame-
work (Liu, 2022).

4.2 Main Results
4.2.1 Performance on MedQuAD

Table 1 compares the retrieval accuracy of Q2EI
and various baselines on the medical (MedQuAD)
and legal (COLIEE) datasets. Overall, Q2EI
demonstrates clear and consistent gains across do-
mains and retriever architectures, with the largest
improvements on dense retrievers-suggesting that
entity-level semantic condensation is particularly
effective for alignment in embedding-based re-
trieval spaces.

Taking mES on MedQuAD as an example, the
nDCG@10 scores for HyDE and Q2D are 18.29
and 18.70, respectively, whereas Q2EI (zero-shot)
improves this to 42.38, and Q2EI (few-shot) fur-
ther achieves 43.13. These results indicate that,
compared to query expansion methods relying on
long text generation, entity-centric query rewriting
aligns better with the semantic alignment require-
ments in dense representation spaces. Compared
with Keyword Extraction, Q2EI achieves consis-
tently higher performance across retrievers. For
example, on BGE-M3, Q2EI (few-shot) reaches an



BM25 BGE-M3 mES
Method R@l R@10 N@I0 R@l R@l10 N@10 R@l R@I0 N@I10
MedQuAD
Lay Query 7.35 21.88 13.94 7.17 31.25 17.94 5.70 24.82 14.71
HyDE - - - 1691 46.88  30.93 8.46 30.33 18.29
Q2D 13.97 38.05 2477 18.01 49.08 32.35 7.90 31.25 18.70
Keyword Extraction 12.32  41.18 2590 12.13 3529  23.27 9.38 3419  21.04
Q2EI (zero-shot) 1434 49.63 3090 22.06 5551 38.39 2482 60.85 42.38
Q2EI (few-shot) 13.79 52.02 3131 2316 57.17 3971 2592 6140 43.13
COLIEE
Lay Query 2.59 9.43 6.00 7.02 16.08 11.12 6.47 14.23 10.23
HyDE - - - 6.28 22.55 15.62 6.65 15.71 11.26
Q2D 1294 2791 20.53  11.28 27.54 19.80 8.32 22.00 15.77
Keyword Extraction ~ 5.55 13.68 9.51 591 14.60 9.73 6.84 15.16 11.11
Q2EI (zero-shot) 8.13 22.74 1544 1091 23.66 17.58 9.24 19.59 14.36
Q2EI (few-shot) 1349 28.10 21.01 1349 2810 20.67 1220 25.69 19.12

Table 1: Retrieval performance (%) comparison of Q2EI and baseline methods on medical (MedQuAD) and legal
(COLIEE) domain datasets. Note: R@k stands for Recall@k, N@k stands for nDCG @k.

nDCG@10 of 39.71, substantially higher than the
23.27 achieved by Keyword Extraction, indicating
that the gains cannot be explained by shallow lexi-
cal cues alone but instead stem from explicit entity
inference.

4.2.2 Performance on COLIEE

In the legal domain, the few-shot setting proves
particularly critical for performance improve-
ment. On the COLIEE dataset, after introducing
the same number of examples, Q2EI (few-shot)
achieves the best results across all retrievers. For
instance, on mES5, its nDCG@10 improves from
15.77 (Q2D) to 19.12. This indicates that, under
equal utilization of in-context learning, semantic
condensation-based query rewriting exhibits more
stable retrieval advantages in cross-domain scenar-
ios.

5 Analysis

5.1 Information Density Hypothesis:
Redundancy Induces Semantic Drift

To verify the information density hypothesis, we
designed a controlled experiment. Using 500 orig-
inal queries from the MedQuAD test set as a base-
line, we employed an LLM to generate query-
relevant pathological descriptions of target lengths
(k € {100,200,300} words) (approximately &
words each). These descriptions are appended to
the original queries (see Appendix D for prompts).
All experiments are evaluated using the Multilin-
gual E5 (mES) retriever.
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o 0.8688 —— nDCG@10
bt
c0.8 0.7794 —e— Recall@l
ﬁ 0.7194 0.7096 0.671
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do.2 :

0.0

+0 +100 +200 +300

Description Length (Words)

Figure 3: Validation of Information Density Hypoth-
esis: Trend analysis of the impact of appending the
generative content description length on retrieval per-
formance.

As shown in Figure 3, retrieval performance
exhibits a decline as the length of the appended
description increases. Compared to the origi-
nal query, appending just 100 words causes Re-
call@10 to drop from 86.88 to 77.94; when the
length increases to 300 words, Recall@10 further
degrades to 67.10. These results indicate that re-
trieval effectiveness can weaken even if the gener-
ated content is semantically relevant. Appending
the generated content induces a shift in the embed-
ding centroid. This shift ultimately leads to the
degradation of retrieval performance.

5.2 Attribution Analysis: Impact of Entity
Inference Accuracy

To analyze the relationship between retrieval per-
formance gains and the accuracy of entity in-



ference, we divided the evaluation queries in
the MedQuAD test set into two mutually exclu-
sive subsets: Entity-Aligned Group, where the
inferred entity holds an equivalence (same, hy-
ponym, or hypernym) relationship with the tar-
get entity of the original question; and Entity-
Misaligned Group, where this relationship is not
met. In the zero-shot setting, Entity-Aligned
Group accounts for 83.4 of queries, while in the
few-shot setting, it accounts for 84.0. Notably,
failed inference cases constitute only a small por-
tion of the evaluation set; for completeness, we re-
port the overall retrieval performance (Recall@1
and Recall @10 over all queries) in Appendix F.

We evaluated the retrieval performance of both
groups on BM25, BGE-M3, and mES. As shown
in Figure 4 (a), the Entity-Aligned Group consis-
tently outperforms the Entity-Misaligned Group
by large absolute margins across retriever architec-
tures. Taking mES5 in the zero-shot setting as an
illustrative example, the nDCG @10 of the Entity-
Aligned Group reaches 52.12, whereas the Entity-
Misaligned Group achieves 2.72, yielding an ab-
solute gap of 49.40 points. Comparable absolute
gaps are observed on BM25 (38.42 vs. 5.60) and
BGE-M3 (48.24 vs. 9.16). These results demon-
strate that Q2EIs retrieval effectiveness is strongly
correlated with entity inference accuracy. When
entity inference is misaligned with the target con-
cept, retrieval performance drops sharply, indicat-
ing that accurate entity inference constitutes a crit-
ical prerequisite for effective retrieval within the
Q2EI framework.

5.3 Misalignment Analysis: Entity
Misalignment Reflects Query-Intrinsic
Hardness

To characterize retrieval behavior under entity
misalignment, we compare all evaluated retrieval
methods (Lay Query, HyDE, and Q2D) using the
same group partition. We focus on nDCG@10 in
this section; additional metrics and full experimen-
tal results are reported in Appendix E.

As shown in Figure 4 (b), all methods yield con-
sistently low nDCG@10 across BM25, BGE-M3,
and mES. Specifically, in the Entity-Misaligned
Group, nDCG@10 ranges from 2.72 to 9.10
across all methods and retrievers, whereas in the
Entity-Aligned Group it spans 15.96 to 38.92.
This uniform degradation across methods suggests
that performance bottlenecks under entity mis-
alignment are largely method-agnostic and instead

stem from query-intrinsic issues: the phenomenon-
level descriptions are often vague, incomplete, or
even incorrect, making it difficult-and in some
cases highly unreliable-to infer the correct under-
lying condition from the described manifestations
alone.
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Figure 4: Retrieval performance (nDCG @ 10) under an
entity-alignment split. (a) Performance comparison of
Q2EI (zero-shot and few-shot) in Entity-Aligned vs.
Entity-Misaligned Groups. (b) Performance of base-
line methods (Lay Query, HyDE, Q2D) under the same

grouping.

In the Entity-Aligned Group, Q2EI consistently
achieves the best (or tied-best) retrieval perfor-
mance across retriever architectures. For ex-
ample, on mE5, Q2EI (few-shot) reaches an
nDCG@10 of 52.11, substantially outperforming
HyDE (18.34) and Q2D (22.53) under the same
retriever. Comparable margins are observed on
BM25 and BGE-M3. This pattern suggests that
in the Entity-Aligned Group, Q2EI infers an entity
aligned with the target and condenses the query
into its core domain semantics, producing a high-
information-density representation. By contrast,
HyDE and Q2D generate substantially longer ex-
pansions; while these expansions may include rel-
evant content, they often contain redundant infor-
mation that lowers the effective signal-to-noise ra-
tio for retrieval.

Notably, Q2EI remains competitive in the
Entity-Misaligned Group, which represents a par-
ticularly challenging regime where the correct con-
dition is often hard to disambiguate from the query
alone. In this setting, performance differences
mainly reflect how much a rewriting method drifts
when its hypothesis is off-target. Even when Q2EI
infers an incorrect entity, the predicted condition
may still share overlapping symptom clusters or



manifestations with the true target, leading to a
comparatively mild semantic mismatch. In con-
trast, HyDE and Q2D tend to generate verbose
expansions under misalignment, which can intro-
duce additional off-target details and increase the
risk of semantic drift. As a result, Q2EI does not
exhibit disproportionate degradation and is often
among the best-performing methods in this group;
for instance, on mE5, Q2EI (few-shot) achieves
an nDCG @10 of 6.61, compared to 4.82 for Q2D.
Overall, these findings suggest that semantic con-
densation is relatively failure-tolerant: when infer-
ence is imperfect, compact, high-density rewrites
help limit error amplification and yield more sta-
ble retrieval behavior.

5.4 Efficiency and Deployment Cost: Token
Consumption Comparison

To compare the computational overhead of differ-
ent methods during the query rewriting stage, we
measure the average token consumption per query
on the MedQuAD dataset. This metric accounts
for the entire rewriting process, including the in-
put prompt, intermediate reasoning tokens gener-
ated by the LLM, and the final rewritten output.

The results reveal substantial differences in gen-
eration cost across methods. HyDE incurs the
highest overhead, consuming 13,408.55 tokens per
query on average due to the need to generate mul-
tiple hypothetical documents. Q2D reduces this
cost to 2,767.93 tokens per query, but still requires
generating relatively long pseudo-contexts. In con-
trast, Q2EI dramatically lowers generation cost:
the zero-shot variant consumes only 905.21 tokens
per query, corresponding to 6.8% of HyDE’s to-
ken usage, while the few-shot variant consumes
1,718.34 tokens per query, or 12.8% of HyDE’s
cost.

These reductions directly reflect the design prin-
ciple of the GQC strategy. Rather than produc-
ing verbose textual expansions, Q2EI infers a com-
pact, entity-centric representation that preserves
core semantics while minimizing redundant gen-
eration. As a result, Q2EI substantially reduces
deployment cost at the query rewriting stage, offer-
ing significantly improved efficiency without sac-
rificing retrieval effectiveness.

6 Conclusion

To address lexical mismatch and semantic gaps in
specialized-domain retrieval, this paper proposes

the GQC strategy and introduces Q2EI as its con-
crete instantiation. Unlike the additive paradigm
of GQE, GQC adopts a subtractive approach
via semantic condensation. Q2EI operationalizes
GQC through explicit entity inference. It maps
users’ phenomenon-level descriptions to a core do-
main entity and rewrites them into entity-centric
queries. This reasoning-driven condensation con-
structs a semantic bridge between user intent and
domain knowledge, improving the query’s signal-
to-noise ratio.

Experimental results demonstrate that Q2EI sig-
nificantly outperforms existing baselines across
multiple datasets and diverse retriever architec-
tures. Our in-depth analysis confirms four key ob-
servations: (1) redundant generated content tends
to induce semantic drift; (2) the performance gains
of Q2EI are attributed to accurate entity infer-
ence; (3) Q2EI exhibits failure-tolerant behavior-
when entity inference is imperfect, its semantic
condensation design limits error amplification and
leads to more stable retrieval behavior compared
to generative expansion methods; and (4) Q2EI
achieves these improvements with significantly re-
duced computational overhead.

In summary, Q2EI offers an efficient and cost-
effective query rewriting strategy for specialized
domain retrieval. This approach demonstrates ex-
ceptional robustness and exhibits significant poten-
tial practical value in professional scenarios such
as medicine and law.

Limitations

While Q2EI demonstrates superior performance in
specialized domain retrieval tasks, we acknowl-
edge the following limitations, which also illumi-
nate directions for future research.

Inference Latency & Cost: Although the com-
putational overhead of Q2EI is significantly lower
than that of GQE, on-the-fly inference inevitably
introduces higher latency compared to traditional
sparse or dense retrieval methods. For industrial-
grade deployment scenarios with strict real-time
requirements, the current inference cost remains
a primary bottleneck. Fortunately, this bottle-
neck is likely to ease over time, as hardware cost-
efficiency continues to improve and model com-
pression/acceleration techniques increasingly en-
able faster and cheaper LLM inference in produc-
tion.

Dependency on LLM Capabilities: The per-



formance of Q2EI is constrained by the paramet-
ric domain knowledge of the underlying LLM.
When handling extremely ambiguous queries or
those involving highly long-tail knowledge, incor-
rect entity inference can trigger a cascading effect,
directly propagating errors to the retrieval stage
and degrading retrieval effectiveness. Conversely,
Q2EI is expected to benefit directly from ongo-
ing advances in foundation models: as LLMs be-
come more capable and better grounded in domain
knowledge, the quality of entity inferenceand thus
retrieval performanceshould improve accordingly.

Domain & Task Applicability: The core
value of Q2EI lies in realizing the inference from
“phenomenon-level descriptions” to “core entity.”
In simple matching tasks that do not require com-
plex reasoning or in non-entity-centric retrieval
scenarios, the marginal utility of this method may
diminish.
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A Case Study

We conduct a qualitative case study to analyze the
behavior of baseline methods and Q2EI.

Table 2 presents an example from the
MedQuAD dataset.  The table lists the lay
query and the rewritten queries produced by
Query2Doc (Q2D) and Q2EI. We exclude HyDE
rewrites, as HyDE concatenates multiple hypo-
thetical documents with the query during retrieval,
lacking direct interpretability. The table also
shows an irrelevant passage retrieved by Q2D.

In this example, baselines fail to retrieve target
passages due to lexical mismatches or irrelevant in-
formation in expanded queries. This redundancy
increases the risk of semantic drift. It can also
introduce unsupported details. In contrast, Q2EI
correctly infers the target entity, Crimean-Congo
hemorrhagic fever (CCHF). It rewrites the query
into a concise, entity-centric form. This condensa-
tion improves the signal-to-noise ratio. As a result,
Q2EI retrieves the target passage with high confi-
dence.


https://openai.com/index/gpt-5-system-card/

Target Laboratory tests that are used to diagnose CCHF include antigen-capture enzyme-linked immunosorbent

Passage assay (ELISA), real time polymerase chain reaction (RT-PCR), virus isolation attempts... Laboratory diag-
nosis... by using the combination of detection of the viral antigen... Later in the course... antibodies can be
found in the blood...

Query After forest hike, tick bite, now high fever, bad headache, body aches, vomiting, nosebleeds. Should I
worry?

Q2D Tick-borne infections can cause abrupt high fever... including Rocky Mountain spotted fever (RMSF), ehrli-
chiosis/anaplasmosis, Colorado tick fever... Nosebleeds (epistaxis), easy bruising... suggest thrombocytope-
nia... seen in severe RMSF... Doxycycline is first-line...

Q2EI What is Crimean-Congo hemorrhagic fever (CCHF) in a patient with a recent tick bite, sudden high fever,
severe myalgias, and epistaxis/easy bruising?

Wrong The first symptoms of Rocky Mountain spotted fever (RMSEF)... spotted (petechial) rash of RMSF is usually

passage not seen... Rickettsia rickettsii infects the endothelial cells... can be performed on a skin biopsy... Recom-

mended Dosage Doxycycline is the first line treatment... such as ehrlichiosis and anaplasmosis...

Table 2: Case study from the MedQuAD dataset. Comparisons between Q2D and our Q2EI. Yellow indicates
parts similar to the target passage, Pink marks "distractors” that induced retrieval errors; Blue represents redun-

dant context.

BM25 BGE-M3 mE5
Method R@l R@10 N@10 R@l R@I0 N@10 R@l R@I0 N@I10
Lay query 735 21.88 1394 717 3125 1794 570 2482 14.71
Q2D 1250 4792 2972 25.00 52.08 37.26 1250 37.50 25.06
Q2EI (zero-shot) 14.58 62.50 35.89 4583 6870 57.82 3958 7292 5593
Q2EI (few-shot) 12.50 56.25 31.75 29.17 64.58 45.04 29.17 68.75 48.39

Table 3: Retrieval performance (%) comparison. Note: All values are presented as percentages.

B Prompt Design

We detail the specific prompts used in our experi-
ments.

Lay Query Generation. Figure 5 shows the
prompt used to rewrite professional questions into
lay queries. The rewritten queries simulate the
questioning style of non-expert users in special-
ized domains. This process removes domain-
specific terminology while preserving the original
intent.

Keyword Extraction. Figure 6 presents the
prompt used for the Keyword Extraction baseline.
The prompt instructs the model to extract salient
keywords from the query. This baseline demon-
strates that the performance gains of Q2EI stem
from deep entity inference rather than shallow lex-
ical extraction.

HyDE. Figure 7 shows the prompt used by the
HyDE method. For cost efficiency, we generate
four hypothetical documents per query. We aver-
age their embeddings with the lay query embed-
ding for retrieval.
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Q2D. Figure 8 shows the prompt used for Q2D.
Following the original implementation, we use
few-shot prompting to generate pseudo-passages.
For each query, we randomly select three pairs of
lay queries and target passages from the dataset as
in-context demonstrations.

Q2EI Figure 9 presents the instruction prompt
template used in Q2EI. The prompt include three
key elements (i) a persona to place the model
in a domain-expert role, (ii) an entity-first con-
straint that requires inferring and normalizing the
most likely core entity from the lay query, and
(ii1) a format constraint that enforces a standard
professional-question form and asks the model to
output only the rewritten question. Optionally, a
small set of in-context examples can be appended
for the few-shot setting.

C Robustness to the Generative
Backbone

We examine the robustness of Q2EI to the choice
of the generative backbone. We repeat the query



Lay Query Generation Prompt
Q2D Prompt

You are a simulation of an anxious patient
with NO medical background. Your task is to
generate a CASUAL, LAYMAN search query based
**ONLY#* on the medical condition mentioned
in the provided Professional Question.

Write a passage that answers the given query.

Examples (optional):

### Query : {Example Query 1}
### Output : {Example Output 13}
### Query : {Example Query 2}
### Output : {Example Output 2}
### Query : {Example Query 3}
### Output : {Example Output 3}
### Query : {Example Query 4}
### Output : {Example Output 4}

### INSTRUCTIONS:

### 1. IDENTIFY THE DISEASE: Look at the
Professional Question and identify the
specific disease or condition.

### 2. USE INTERNAL KNOWLEDGE: Use your own
internal knowledge to imagine how a regular
person would describe the symptoms, causes,
or transmission **WITHOUT knowing the medical
namexx .

### 3. SIMULATE THE SCENARIO: Write a query
as if you are experiencing the issue, but
don’t know what it is.

### 4. STRICTLY NO ENTITIES: Do NOT use the
disease name. Use vague descriptions (e.g., Figure 8: Few-shot prompt used by Q2D to generate a

’weird virus’, ’stomach bug’). pseudo-document.
### 5. LENGTH: Keep it under 20 words.

Query:
### Query: {query}
### Rewritten Question :

Query:
### Professional Question: {query}
### Rewritten Question :

Q2EI Prompt

Figure 5: Prompt for rewriting professional questions
into lay queries.

You are a Medical Search Specialist optimizing
queries for a Medical Database.

### 1: INFER THE SPECIFIC ENTITY

You MUST infer the most likely Specific Disease
Name or Parasite Name based on the transmission
method or unique symptoms described.

### 2: STANDARDIZE FORMAT

Use standard question formats. Such as ’What is
[Disease Name]?’ or ’How to diagnose [Disease
Name]?’ or ’How to prevent [Disease Name]?’.

Keyword Extraction Prompt

You are a keyword extractor. Extract the most
important keywords from the query.

Query:

### Query: {query} ### Note: . .

### Rewritten Question : Outpu? ONLY the rewritten professional
question.

Examples (optional):

### Query : {Example Query 1}
Figure 6: Prompt used for Keyword Extraction from a ### Output : {Example Output 1}
lay query. ### Query : {Example Query 2}

### Output : {Example Output 2}

### Query : {Example Query 3}

### Output : {Example Output 3}

### Query : {Example Query 4}

HyDE Prompt ### Output : {Example Output 4}
Query:
Please write a passage to answer the question. ### Query : {query}

### Rewritten Question :
Query:
### Query: {query}

### Rewritten Question : . .
Figure 9: Prompt used by Q2EI to infer the core en-

tity and rewrite a lay query into a professional, entity-

Figure 7: Prompt used by HyDE to generate a hypo-  centric query (MedQuAD example).

thetical passage for retrieval.
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rewriting step using Claude Sonnet 4.5 (APIL:
claude-sonnet-4-5-20250929).

Setup. We compare Q2EI (zero-shot and few-
shot) with Lay Query and Q2D. For cost efficiency,
we evaluate a random subset of 50 queries from
MedQuAD. We exclude HyDE, which requires
multiple hypothetical documents. This substan-
tially increases token usage (Section 5.4). We treat
this experiment as a small-scale robustness check.

Results. Results are reported in Table 3. The
overall trend is consistent with results obtained
using GPT-based backbones. QZ2EI consistently
outperforms Lay Query and Q2D across retriev-
ers. For instance, on the Multilingual E5 (mES)
retriever, Q2EI (zero-shot) achieves a Recall@10
of 72.92, compared to 37.50 for Q2D and 24.82
for the lay query. Interestingly, in this setting, the
zero-shot performance of Q2EI occasionally sur-
passes the few-shot setting. One possible explana-
tion is the strong inference capability of this back-
bone. This may reduce the reliance on in-context
examples. This observation aligns with the objec-
tive of semantic condensation.

D Controlled Redundancy Prompts

Short Description
Identify the main medical entity in the
following query and write a 100-word
definition of it. Do not answer the query
itself.
Query:

### Query: {query}
### Rewritten Question :

Figure 10: Prompt for generating a short description to
control redundancy.

Medium Description

Identify the main medical entity in the
following query and write a 100-word
definition of it. Do not answer the query
itself.
Query:

### Query: {query}
### Rewritten Question :

Figure 11: Prompt for generating a medium-length de-
scription to control redundancy.
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Long Description

Identify the main medical entity in the
following query and write a 100-word
definition of it. Do not answer the query
itself.
Query:

### Query: {query}
### Rewritten Question :

Figure 12: Prompt for generating a long description to
control redundancy.

Figures 10, 11, and 12 show the prompts used
in our motivation analysis (Section 5.1). We con-
trol the description length to vary the amount of
redundant information.

E Additional Results for Attribution
Analysis

We provide additional metrics to support the attri-
bution analysis. Figure 13 reports Recall@1 and
Recall@10 under different retrievers and rewrit-
ing methods. Results are shown separately for the
Entity-Aligned Group and the Entity-Misaligned
Group. The observed trends are consistent with
the nDCG@10 results reported in Section 5.2 and
Section 5.3. Specifically, Q2EI achieves substan-
tially higher recall when entity inference is cor-
rect. When inference fails, all methods exhibit
uniformly low performance. These results further
support the conclusion that retrieval gains mainly
stem from accurate entity inference. They also in-
dicate that Q2EI does not amplify failure cases.

F Entity Candidate Ablation

Number of Candidates (V) \ Accuracy (%)

N=1 83.4
N =2 87.4
N=3 89.0
N =14 90.2

Table 4: Entity inference accuracy (%) vs. number of
candidates N for Q2EI (zero-shot).

We analyze the impact of inferring multiple po-
tential entities. Figures 14, 15, and 16 illustrate the
prompts used to infer varying numbers of entities.
Table 4 reports the inference accuracy. Specifi-
cally, it shows the probability that the set of in-
ferred entities includes one that holds an equiva-
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Figure 13: Retrieval performance (Recall@1 and Re-
call@10) under an entity-alignment split. (a) Perfor-
mance comparison of Q2EI (zero-shot and few-shot)
in Entity-Aligned vs. Entity-Misaligned Groups. (b)
Performance of baseline methods (Lay Query, HyDE,
Q2D) under the same grouping.

Two Entities Prompt

You are a Medical Search Specialist optimizing
queries for a Medical Database.

### 1: INFER THE SPECIFIC ENTITY

You MUST infer the most likely =*Specific
Disease Name** or =**Parasite Name** based on
the transmission method or unique symptoms
described. If you can’t make sure, you can
guess up to two possible diseases and use ’OR’
to connect them.

### 2. STANDARDIZE FORMAT

Use standard question formats. Such as ’What is
[Disease Name]?’ or ’How to diagnose [Disease
Name]?’ or ’How to prevent [Disease Name]?’.
### Note:

Output ONLY the rewritten professional
question.

Query:

### Query : {query}

### Rewritten Question :

Figure 14: Prompt for Q2EI with two potential entities
candidates on MedQuAD.

14

Three Entities Prompt

You are a Medical Search Specialist optimizing
queries for a Medical Database.

### 1: INFER THE SPECIFIC ENTITY

You MUST infer the most likely #**xSpecific
Disease Name*x or **Parasite Name** based on
the transmission method or unique symptoms
described. If you can’t make sure, you can
guess up to three possible diseases and use
’OR’ to connect them.

### 2. STANDARDIZE FORMAT

Use standard question formats. Such as ’What is
[Disease Name]?’ or ’How to diagnose [Disease
Name]?’ or ’How to prevent [Disease Name]?’.
### Note:

OQutput ONLY the rewritten professional
question.

Query:

### Query : {query}

### Rewritten Question :

Figure 15: Prompt for Q2EI with three potential enti-
ties candidates on MedQuAD.

Four Entities Prompt

You are a Medical Search Specialist optimizing
queries for a Medical Database.

### 1: INFER THE SPECIFIC ENTITY

You MUST infer the most likely #**Specific
Disease Name*x or **Parasite Name** based on
the transmission method or unique symptoms
described. if you can’t make sure, you can
guess up to four possible diseases and use
"OR’ to connect them.

### 2. STANDARDIZE FORMAT

Use standard question formats. Such as ’What is
[Disease Name]?’ or ’How to diagnose [Disease
Name]?’ or ’How to prevent [Disease Name]?’.
### Note:

OQutput ONLY the rewritten professional
question.

Query:

### Query : {query}

### Rewritten Question :

Figure 16: Prompt for Q2EI with four potential entities
candidates on MedQuAD.



lence (same, hyponym, or hypernym) relationship
with the target entity. The results show that in-
creasing the number of inferred entities improves
coverage. However, this also introduces noise. Fu-
ture work will explore confidence scores to bal-
ance coverage gains against noise.
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