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Abstract

With the advancement of information retrieval (IR) tech-
nologies toward deep semantic understanding, reasoning-
based methods—featuring explicit chain-of-thought genera-
tion—have demonstrated significant advantages in multi-hop
and causal reasoning tasks. However, in complex clinical
case retrieval scenarios, implicit reasoning cues within clin-
ical data often hinder current models from effectively cap-
turing deep semantic associations between queries and cases.
Query rewriting and expansion techniques based on reason-
ing offer a promising solution to this challenge by uncovering
and completing the latent clinical intent behind user queries,
thereby enhancing semantic coverage and reasoning sensitiv-
ity. In this paper, we propose CRAF, a clinically adaptive
reasoning framework tailored for similar case retrieval. Our
method generates clinical reasoning paths and incorporates a
fine-grained semantic reward mechanism, enabling efficient
query rewriting through reinforcement learning. Experimen-
tal results on the PMC-Patients benchmark demonstrate that
CRAF consistently delivers robust improvements across mul-
tiple retrieval tasks, achieving reasoning performance compa-
rable to that of commercial models.

Code — https://github.com/jaylinio/CRAF
Datasets — https://arxiv.org/pdf/2202.13876
Extended version — https://github.com/jaylinio/CRAF

Introduction
For complex multi-hop retrieval queries where relevant doc-
uments exhibit complete lexical and semantic divergence
from the query, traditional search systems (Zhu et al. 2023)
relying on lexical overlap (Robertson and Zaragoza 2009)
or shallow semantic similarity (Ma et al. 2024; Chen et al.
2024b; Devlin 2018; Liu 2019) prove inadequate. Accurate
retrieval requires deep reasoning (Su et al. 2024) to both lo-
cate pertinent documents and bridge the gap between user
intent and factual answers. The development of reasoning
retrieval can be broadly categorized into two complementary
approaches. The first involves training novel retrievers or
rerankers using task-specific reasoning data, aiming to better
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Figure 1: Clinical case retrieval via query reasoning perfor-
mance: sparse vs. dense retrievers. See Table. 1 for details.

accommodate complex reasoning requirements (Weller et al.
2025; Shao et al. 2025). The second leverages query reason-
ing and rewriting techniques (Jiang et al. 2025; Niu et al.
2024; Jagerman et al. 2023), harnessing the advanced rea-
soning capabilities of large language models (LLMs) (Guo
et al. 2025; Face 2025). Through chain-of-thought prompt-
ing (Wei et al. 2022), these methods generate intermediate
reasoning steps that serve as ”post-reasoning queries” to re-
place the original queries during document retrieval. These
two approaches are functionally complementary. Query rea-
soning techniques enhance the informativeness and expres-
siveness of the original queries via LLMs and chain-of-
thought prompts, while retrievers designed specifically for
reasoning tasks can further exploit these post-reasoning
queries to better model reasoning semantics, thereby signif-
icantly improving retrieval performance.

However, in the context of clinical text data, training re-
trievers (Wang et al. 2025) or rerankers (Shao et al. 2025)
using task-specific reasoning data poses greater challenges
compared to query reasoning and rewriting techniques, pri-
marily in terms of data annotation and model training. On
the one hand, clinical reasoning is often implicit, involving
complex causal relationships and multi-hop logic that are
difficult to capture through rule-based or weakly supervised
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approaches. Constructing large-scale, high-quality reason-
ing annotations heavily relies on domain experts, making the
process costly and limited in coverage. On the other hand,
it is difficult to construct effective supervision signals for
training reasoning-oriented retrievers. Relevance-based su-
pervision fails to adequately capture the semantics of rea-
soning, often requiring the introduction of more complex
model architectures to encode deep semantic paths, which
can lead to issues such as training instability and poor gener-
alization. Moreover, such models are not easily compatible
with existing pretrained retrieval frameworks and typically
require redesigning both model architecture and training ob-
jectives. In contrast, query reasoning and rewriting tech-
niques leverage large language models (LLMs) to generate
”post-reasoning queries,” which enhance the informative-
ness of original queries without relying on costly annotated
reasoning data, offering greater scalability and practical fea-
sibility. In clinical case retrieval tasks, the core challenge for
reasoning retrieval lies in accurately bridging clinicians’ di-
agnostic exploration intent with fragmented yet critical med-
ical evidence scattered across case reports. This retrieval
paradigm requires not only comprehending surface-level
symptom descriptions (Huang, Lin, and Demner-Fushman
2006; Schardt et al. 2007; Riva et al. 2012; Eriksen and
Frandsen 2018), but more critically inferring the underlying
clinical reasoning logic, then pinpointing reference-worthy
analogous cases from vast repositories.

We propose CRAF, a query reasoning and rewriting
pipeline specifically designed for reasoning retrieval tasks
in clinical settings. The CRAF employs a structured reward
function tailored to the Group Relative Policy Optimization
(GRPO) framework(Shao et al. 2024), enabling reinforce-
ment learning for query reasoning tasks. Additionally, we
construct an automated data curation pipeline based on the
publicly available PMC-Patients dataset (Zhao et al. 2023),
which efficiently selects high-quality reasoning examples to
train clinical reasoning-oriented query rewriting models. In
benchmark evaluations, CRAF performance is comparable
to that of commercial reasoning models such as o1-preview1

and DeepSeek-R1 (Guo et al. 2025), while offering signif-
icantly lower inference costs. More importantly, when used
in conjunction with sparse or dense retrievers (Robertson
and Zaragoza 2009; Zhang et al. 2025), CRAF further im-
proves overall performance, demonstrating strong adaptabil-
ity and practical utility in retrieval pipelines. The main con-
tributions of this work are summarized as follows:
• We propose the CRAF model family (including 1.7B

and 8B versions), specifically designed for reasoning
retrieval tasks. These medium-sized language models
achieve strong performance on clinical similar cases
retrieval, comparable to leading commercial models.
Through co-working with various existing retrievers,
CRAF significantly enhances overall retrieval perfor-
mance, demonstrating the practicality and generalizabil-
ity of query reasoning in real-world clinical scenarios.

• We construct an automated data curation pipeline specif-
ically designed for training query rewriting models.
1https://openai.com/index/introducing-openai-o1-preview/

It enables efficient allocation of positive and negative
samples, providing more informative supervision data
for model training, thereby significantly improving the
model’s generalization capability and training stability.

• We design a novel reward function that combines global
semantic similarity with localized clinical entity struc-
tural relevance. This formulation preserves semantic
alignment capabilities while incorporating explicit mod-
eling of clinical knowledge structures, leading to im-
proved learning efficiency and reasoning accuracy for
language models.

Methods
Clinical query reasoning for similar case retrieval. For
clinical similar case retrieval, given a case query q and a
candidate case galleries G = {g1, . . . , gn}, the goal is to
identify and return a relevant subset G+ = {g+1 , . . . , g+m}
(where m ≪ n) using a retriever RT . In reasoning clini-
cal retrieval, the relevance between q and G+ is not solely
determined by surface-level symptom descriptions or diag-
nostic labels, but rather through alignment with specific clin-
ical reasoning pathways associated with each case—such as
differential diagnosis processes, pathophysiological mech-
anisms, or treatment decision-making logic. These clinical
reasoning pathways typically involve key steps such as pars-
ing patient complaints and history, constructing a differen-
tial diagnosis framework, analyzing laboratory and imaging
results, and deriving diagnostic conclusions based on clini-
cal evidence. Such reasoning chains are often implicitly em-
bedded within physicians’ clinical thinking and cannot be
directly extracted from case reports. This renders traditional
retrieval methods that rely solely on structured codes or key-
word matching inadequate. Following Eq. 1, we refer to the
process of constructing such diagnostic reasoning pathways
for a given case as clinical query reasoning.

G+ = RT (LLM(P, q)) (1)
Where P denotes the prompt instructions for guiding the

LLM in reasoning and query rewriting, while G+ repre-
sents the set of cases retrieved by the retriever (RT ) based
on the LLM-rewritten query (i.e., LLM(P, q)).
Automated data curation pipeline. During preprocess-
ing of the original PMC-Patients dataset, each article was
matched with standardized MeSH (Medical Subject Head-
ings) system terms, including main headings and potential
qualifiers. We also recorded whether each MeSH term repre-
sented a core focus of the article. All extraction results were
aggregated by PubMed Central ID, establishing a mapping
between PMC articles and MeSH terms. To accurately iden-
tify disease-related MeSH terms, we parsed the descriptor
metadata released by the U.S. National Library of Medicine
(NLM)2. This metadata includes key information such as
the official names, definitions, and hierarchical structures
of MeSH terms. According to the MeSH classification sys-
tem, disease-related entries are assigned specific categories
of tree numbers. Therefore, we defined terms with such tree

2https://meshb.nlm.nih.gov/treeView
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Figure 2: Overview of the proposed CRAF. During the data processing stage, we follow the PMC-Patients methodology, treating
the original case report as the query and pairing it with its cited reference to form a positive sample. To construct negative
samples, we mine disease-related cases with similar but distinct MeSH labels. In the training stage, we adopt GRPO-based
reinforcement learning to align the model’s reasoning process with clinical understanding.

numbers as disease terms and constructed a disease term vo-
cabulary accordingly. Based on this vocabulary, we matched
the MeSH terms associated with each publication mentioned
earlier and extracted those that fall within the disease cate-
gory. To further standardize the mapping between terms and
medical classifications, we utilized the tree number in the
MeSH metadata to extract the primary disease-related tree
number corresponding to each disease term. This allowed
us to construct a mapping from each term to a standardized
medical disease classification code. This process effectively
integrates the PMC-Patients literature with the official se-
mantic structure of MeSH, establishing a bridge from natu-
ral language annotations to structured disease codes.

For query construction, the original PMC-Patients di-
rectly treats each patient summary as a ”query patient”
and automatically constructs positive samples based on the
PubMed citation graph. Specifically, for a given query pa-
tient p, if there exists a citation relationship between another
article a′ and the case report a(p) containing p (a′ → a(p)
or a(p) → a′), or if a′ is identical to a(p), then a′ is con-
sidered a positive sample for p. This citation-based strategy
effectively captures literature that is semantically related to
the patient case and provides a reliable foundation for down-
stream analysis. In the clinical retrieval domain, the com-
plexity of medical knowledge and the wide variety of dis-
eases pose significant challenges. Traditional training strate-
gies relying solely on positive samples are insufficient for
enabling models to learn subtle distinctions and deep re-

lationships between diseases, resulting in poor generaliza-
tion and inaccurate retrieval of relevant literature in complex
cases. Diseases under the same MeSH tree node may share
pathological mechanisms or treatment plans, yet exhibit crit-
ical differences. If these nuances are not well captured dur-
ing training, models may suffer from false positives or neg-
atives in real-world applications. To enhance the model’s
capability in handling hard cases, we introduce a dynamic
allocation strategy for hard negative mining. Specifically,
for any query patient p, we first locate the corresponding
node n(p) in the disease ontology tree. If p is associated
with a common disease (occurrence count ≥ 50), we ran-
domly sample N documents (with N ≤ 5) as negative ex-
amples from different diseases under the direct child nodes
{c1, . . . , ck} of n(p). This operation leverages the hierarchi-
cal structure of the disease tree to select semantically related
yet distinct diseases, aiming to construct more informative
and challenging negative samples. In contrast, if p is associ-
ated with a rare disease (occurrence count < 50), we expand
the sampling scope to include sibling diseases under the par-
ent node f(n(p)), allowing negative examples to be sampled
from a broader range. This cross-level sampling mitigates
the issue of class imbalance caused by data sparsity and en-
hances the model’s ability to distinguish rare disease cases.

Fine-grained semantic alignment reward function for re-
inforcement learning. Inspired by large-scale reasoning
models (Guo et al. 2025), we adopt a GRPO reinforcement
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Algorithm 1: Fine-grained Semantic Alignment Reward

Require:
q: Query, c: Completion, s: Solution {obj, G}
Eg, El: Embedders, α, β, γ: Weights

Ensure: Rtotal
1: q′ ← RegexRemove(c,<think>...<\think>)
2: G← s.galleries
3: function SIM(q, G)
4: sg, sl ← 0
5: for g ∈ G do
6: sg + cos

(
Eg(q), Eg(g)

)
7: Pq ← ExtractParagraphs(q)
8: Pg ← ExtractParagraphs(g)
9: for p ∈ {1, . . . , 5} do

10: if Pq[p] and Pg[p] exist then
11: sl + = cos

(
El(Pq[p]), El(Pg[p])

)
12: λ← softmax([λg, λl])
13: sall ← λ0sg + λ1sl
14: return (s.obj = pos) ? αsall : −βsall

15: sbeforecontrast ← Sim(q,G)

16: saftercontrast ← Sim(q′, G)

17: Rinc ← (saftercontrast − sbeforecontrast)/|G|
18: KL← DKL

(
πθ∥πg

)
19: Rtotal ← Rinc − γ · KL
20: return Rtotal

learning algorithm to train large language models (LLMs)
for clinical query reasoning. The core objective of query
rewriting is to ensure that the rewritten query q′ achieves
a higher relevance score than the original query q. We pro-
pose a reward mechanism tailored for reasoning-based clin-
ical retrieval, which guides the model to generate high-
quality, structured, and semantically enriched rewrites. To
this end, we design a reward function within the GRPO
framework that leverages positive and negative sample guid-
ance. Specifically, we train the model to maximize semantic
alignment with relevant cases (positive samples) while min-
imizing similarity with irrelevant distractors (negative sam-
ples). Each training sample, as described in Section. , is rep-
resented as a triplet ⟨q,G, obj ⟩, where G denotes either a set
of positive cases G+ or a set of negative cases G−. The field
obj ∈ {pos, neg} indicates whether the training objective is
to encourage the query to move closer to the positive cases
or farther away from the negative cases.

The reward computation process begins by removing any
internal deliberation traces embedded in the model’s out-
put, as such content may interfere with accurate similar-
ity evaluation. We then compute the reward signal by in-
tegrating two complementary similarity metrics: global em-
bedding similarity and local (section-wise) embedding sim-
ilarity. For global similarity, we use the Qwen3-embedding
model to encode the entire rewritten query and each gallery
as a whole, followed by cosine similarity computation be-
tween the rewrite and each case. The summed similarities

form the global similarity score, formally as Eq. 2.

sglobal(q
′) =

∑
g∈G

cos (Eg(q
′), Eg(g)) (2)

For local similarity, inspired by (Riley et al. 2017), we aim
to capture the fine-grained alignment of clinical reasoning
structures. Specifically, we extract five standardized sec-
tions from each rewritten query and gallery: patient infor-
mation, clinical presentation, diagnostic assessment, thera-
peutic intervention, and follow-up outcome. For each query,
the model is prompted to summarize content under these five
sections. For the candidate galleries G, these section sum-
maries are pre-extracted using DeepSeek-R1. Each section
is independently encoded using the domain-specific Pub-
MedBERT model. Cosine similarity is then computed be-
tween corresponding sections of the rewritten query and gal-
leries, and the section-wise similarities are summed to obtain
the local similarity score, formally as Eq. 3.

slocal(q
′, G) =

∑
g∈G

∑
s∈S

cos
(
E

(s)
l (q′), E

(s)
l (g)

)
(3)

The final semantic alignment score is the sum of the global
and local similarity scores, formally as Eq. 4.

s(q′, G) = λgsglobal(q
′) + λlslocal(q

′, G) (4)

where λg and λl denote the global and local weighting coef-
ficients respectively, obtained by applying the softmax func-
tion to the trainable scalar parameters λ̂g and λ̂l. Extract-
ing and summarizing the five standardized sections serves
to enhance the model’s ability to structurally parse clinical
narratives—isolating and recognizing core modules such as
patient information and clinical findings while understand-
ing the internal logic of clinical notes. Moreover, we em-
ploy differentiated handling strategies—real-time summa-
rization for queries and offline extraction for candidates—to
improve task adaptability and execution consistency. This
ensures uniformity in both output format and content di-
mensions across dynamic queries and a static database. Ad-
ditionally, this process deepens the model’s domain-specific
understanding and reasoning ability: as the five sections span
the key stages of the clinical workflow, the model must grasp
the domain-specific semantics of each section (e.g., distin-
guishing between diagnostic assessments and treatment in-
terventions) in order to extract medically coherent content,
thereby reinforcing its capacity to reproduce the clinical rea-
soning chain.

To reflect the reference supervision objective, we further
introduce a contrastive reward term, which adapts to whether
the model is guided to move closer to positive cases or away
from negative ones. Given an objective, the contrastive re-
ward is defined as Eq. 5.

scontrast(q
′, G) =

α s
(
q′, G+

)
if obj = pos,

−β s
(
q′, G−) if obj = neg,

(5)

where s(q′, G+) denotes the alignment score between the
rewritten query q′ and the positive case set G+, while
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s(q′, G−) measures the alignment with the negative case
set G−. The coefficients α and β are scalar hyperparam-
eters that control the magnitude of reward under positive
and negative objectives, respectively. We selected the op-
timal parameters α = 10 and β = 10 in our experi-
ments. This formulation provides directional guidance for
learning—rewarding relevance when seeking positives, and
penalizing similarity when avoiding negatives. This con-
trastive reward structure enables the model to simultane-
ously learn to approach relevant samples and avoid irrele-
vant ones. Empirically, it yields more semantically rich and
retrieval-effective rewrites for clinical queries.

We define the per-sample incremental reward as the aver-
age increase in alignment to the galleries G when rewriting
the original query q into q′. Formally as Eq. 6.

Rinc(q, q
′) =

scontrast(q
′, G)− scontrast(q,G)

|G|
Rtotal(q, q

′) = Rinc(q, q
′)− γ KL

(
πθ(· | q) ∥ πg(· | q)

) (6)

where s(q,G) and s(q′, G) denote the similarity scores be-
tween the queries (q or q′) and |G| represents the number
of cases. This reward quantifies the relevance improvement,
encouraging the rewritten query q′ to better match the pos-
itive set compared to the original query q. The KL penalty
coefficient γ serves as a hyperparameter controlling the tol-
erance for deviation between the model and reference policy.
The current policy’s probability distribution πθ(· | q) repre-
sents the likelihood of generating rewrite q′ given original
query q, while the reference policy πg(· | q) provides the
baseline probability distribution on q. The Kullback-Leibler
divergence KL(· ∥ ·) quantifies the difference between cur-
rent and reference policies, computed as a token-level aver-
age. To stabilize training across heterogeneous query groups
and mitigate issues arising from sparse or highly variable
reward distributions, we normalize the reward signal via a
group-wise advantage function. Specifically, the normalized
advantage Â(q, q′) is computed as Eq. 7.

Â(q, q′) =
Rtotal(q, q

′)− µg

σg + δ
(7)

where R(q, q′) denotes the total reward received by the
rewritten query q′, which can incorporate both incremental
and contrastive components. The terms µg and σg represent
the mean and standard deviation of rewards within the same
group g, respectively, and δ is a small constant added for nu-
merical stability. Additionally, a group-specific weight coef-
ficient wg can be introduced to modulate the contribution of
each group based on inter-group reward variance. This nor-
malization strategy effectively enhances learning stability by
aligning the reward scale across diverse query groups.

Experiments
Implementation details. We conducted training for both
the 1.7B and 8B versions of CRAF using the SWIFT (Zhao
et al. 2024) on a server equipped with 8 NVIDIA A800-
80G GPUs, starting from the Qwen3-1.7B and Qwen3-8B
pretrained models. To optimize GPU memory utilization,

we implemented DeepSpeed’s (Rasley et al. 2020) ZeRO-3
memory optimization strategy and enabled gradient check-
pointing. We allocated 2 GPUs for vLLM inference ser-
vices (Kwon et al. 2023) while dedicating the remaining
6 GPUs to model training. The complete training cycle re-
quired approximately 26 hours for the 1.7B model and 98
hours for the 8B model. For hyperparameter configuration,
we set the per-GPU batch size to 16, base learning rate to
1e−6, and KL divergence coefficient to 0.008. During infer-
ence, we generated 16 candidate responses per input prompt
for advantage estimation in GRPO. To accommodate dif-
ferent embedding models’ input length constraints, we es-
tablished maximum generation lengths of 8192 tokens for
Qwen3-Embedding and 512 tokens for PubMedBERT.

Main results. As shown in Table. 1, CRAF-8B, when
paired with both a sparse retriever (BM25) and a dense re-
triever (Qwen3-Embedding), outperforms all baseline meth-
ods based on individual sparse or dense retrieval in terms
of overall performance on two benchmark retrieval tasks. It
also achieves a comparable level of performance to propri-
etary reasoning models such as o1-preview and DeepSeek-
R1. Similarly, CRAF-1.7B demonstrates nearly equiva-
lent performance, highlighting its efficiency in resource-
constrained scenarios. By balancing reasoning capability
and computational efficiency, CRAF emerges as a promising
solution for query reasoning tasks. Given the superior per-
formance of Qwen3-Embedding under reasoning queries,
we further combine CRAF-generated reasoning queries with
this retriever to explore their joint potential in clinical
reasoning retrieval. Experimental results show that, when
combined with Qwen3-Embedding, CRAF-1.7B surpasses
Qwen3-8B, a model with five times more parameters, and
CRAF-8B outperforms commercial models. Specifically,
under Qwen3-Embedding, the average overall performance
of CRAF-8B improves from 36.33 to 39.87, a significantly
larger gain compared to the improvement under BM25 from
27.42 to 34.35. These findings indicate that our method ex-
hibits strong adaptability and can effectively synergize with
dense retrievers to further amplify performance advantages.

Qualitative Clinical Assessment. The t-SNE visualiza-
tions as show in Figure. 3, reveals that our rewritten clini-
cal notes produce markedly more dispersed embeddings in
the Qwen3-Embedding space than their raw counterparts.
For both PAR and PPR retrieval, rewritten embeddings yield
larger inter-cluster distances and reduced color overlap,
whereas original embeddings form densely entangled clus-
ters. At the macro level, our rewriting accentuates separation
between disease systems. It preserves latent sub-phenotypes,
as evidenced by discernible sub-cluster protrusions within
individual color groups. This dual-scale fidelity indicates
that the rewriting amplifies global discriminability without
discarding clinically relevant nuances. Moreover, the re-
sulting embedding manifold exhibits stronger topological
stability—evidenced by lower variance across t-SNE hy-
perparameters—thus diminishing sensitivity to downstream
retrieval settings and delivering more reliable representa-
tions for PAR and PPR tasks. This validates the efficacy of
disease-guided training strategy.
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Method Patient-to-Article Retrieval (ReCDS-PAR) Patient-to-Patient Retrieval (ReCDS-PPR) AVG↑MRR↑ Prec↑ nDCG↑ Recall↑ MRR↑ Prec↑ nDCG↑ Recall↑
Sparse Retriever

BM25 (Robertson and Zaragoza 2009) 48.58 10.00 15.36 29.99 22.79 4.68 18.29 69.69 27.42
Dense Retriever

ClinicalBERT (Alsentzer et al. 2019) 24.94 8.56 10.20 48.93 10.24 2.62 7.82 67.43 22.59
PubMedBERT (Gu et al. 2021) 42.96 16.08 19.51 62.94 19.37 5.05 16.30 79.35 32.70
BioLinkBERT (Yasunaga et al. 2022) 46.41 15.33 18.47 62.44 21.20 5.59 18.06 80.49 33.50
BGE (Chen et al. 2024c) 43.59 10.39 14.83 32.35 18.80 4.23 14.91 66.86 25.75
GTE (Li et al. 2023) 58.56 16.90 22.86 49.12 28.02 6.82 23.79 81.68 35.97
Qwen3-Embedding (Zhang et al. 2025) 62.23 17.86 24.43 48.24 27.05 6.51 22.95 81.35 36.33
ReasonIR (Shao et al. 2025) 59.19 15.59 21.80 46.46 28.01 6.88 23.96 82.52 35.55

Reasoning Rewritten with BM25 Retriever
DeepSeek-R1 (Guo et al. 2025) 58.44↑9.86 14.40↑4.40 20.59↑5.23 45.26↑15.27 24.30↑1.51 5.34↑0.66 19.91↑1.62 77.14↑7.45 33.17↑5.75

o1-preview1 60.03↑11.45 15.32↑5.32 21.59↑6.23 50.60↑20.61 23.15↑0.36 5.75↑1.07 19.86↑1.57 77.56↑7.87 34.23↑6.81

HuatuoGPT-o1 (Chen et al. 2024a) 55.58↑7.00 13.40↑3.40 19.30↑3.94 42.47↑12.48 19.81↓-2.98 4.23↓-0.45 16.07↓-2.22 69.25↓-0.44 30.01↑2.59

QwQ (Team 2025b) 58.28↑9.70 14.22↑4.22 20.42↑5.06 45.13↑15.14 24.33↑1.54 5.39↑0.71 20.03↑1.74 77.02↑7.33 33.10↑5.68

DeepRetrieval (Jiang et al. 2025) 51.62↑3.04 10.90↑0.90 16.61↑1.25 33.05↑3.06 23.43↑0.64 4.82↑0.14 18.79↑0.50 71.53↑1.84 28.84↑1.42

Qwen3-1.7B (Team 2025) 52.61↑4.03 12.72↑2.72 18.22↑2.86 42.35↑12.36 18.65↓-4.14 4.12↓-0.56 15.14↓-3.15 70.90↑1.21 29.34↑1.92

Qwen3-8B (Team 2025) 56.69↑8.11 14.36↑4.36 20.28↑4.92 47.85↑17.86 22.37↓-0.42 5.02↑0.34 18.42↑0.13 74.55↑4.86 32.44↑5.02

CRAF-1.7B 55.04↑6.46 13.48↑3.48 19.28↑3.92 41.11↑11.12 23.37↑0.58 5.16↑0.48 19.14↑0.85 74.77↑5.08 31.42↑4.00

CRAF-8B 60.92↑12.34 15.66↑5.66 22.09↑6.73 47.86↑17.87 24.94↑2.15 5.76↑1.08 19.98↑1.69 77.59↑7.90 34.35↑6.93

Reasoning Rewritten with Qwen3-Embedding Retriever
DeepSeek-R1 (Guo et al. 2025) 65.50↑3.27 19.28↑1.42 26.14↑1.71 51.44↑3.20 26.94↓-0.11 6.69↑0.18 23.12↑0.17 82.24↑0.89 37.67↑1.34

o1-preview1 66.84↑4.61 20.10↑2.24 27.14↑2.71 53.12↑4.88 23.42↑-3.63 6.90↑0.39 23.85↑0.90 83.34↑1.99 38.09↑1.76

HuatuoGPT-o1 (Chen et al. 2024a) 58.57↓-3.66 17.85↓-0.01 23.79↓-0.64 50.81↑2.57 23.40↓-3.65 5.80↓-0.71 19.96↓-2.99 80.69↓-0.66 35.11↓-1.22

QwQ (Team 2025b) 60.04↓-2.19 17.67↓-0.19 23.82↓-0.61 50.17↑1.93 23.48↓-3.57 6.04↓-0.47 20.25↓-2.70 80.16↓-1.19 35.20↓-1.13

DeepRetrieval (Jiang et al. 2025) 62.11↓-0.12 17.89↑0.03 24.46↑0.03 48.77↑0.53 26.22↓-0.83 6.43↓-0.08 22.39↓-0.56 81.24↓-0.11 36.19↓-0.14

Qwen3-1.7B (Team 2025) 59.32↓-2.91 16.64↓-1.22 22.83↓-1.60 47.26↓-0.98 24.74↓-2.31 6.06↓-0.45 20.93↓-2.02 80.45↓-0.90 34.78↓-1.55

Qwen3-8B (Team 2025) 63.60↑1.37 18.28↑0.42 24.97↑0.54 50.25↑2.01 25.88↓-1.17 6.39↓-0.12 22.09↓-0.86 81.63↑0.28 36.64↑0.31

CRAF-1.7B 64.50↑2.27 19.53↑1.67 26.22↑1.79 51.93↑3.69 27.45↑0.40 6.98↑0.47 23.63↑0.68 83.04↑1.69 37.91↑1.58

CRAF-8B 68.34↑6.11 21.50↑3.64 28.65↑4.22 55.04↑6.80 28.33↑1.28 7.81↑1.30 24.91↑1.96 84.36↑3.01 39.87↑3.54

Table 1: Performance comparison on PMC-Patients (Zhao et al. 2023). Best in bold, second-best underlined.

Ablation study of reward components. Ablation stud-
ies on reward components reveal distinct patterns in how
PAR and PPR respond to component configurations. As
shown in Figure 4-(a), PAR exhibits a three-stage progres-
sion—local optimization, global adjustment, and synergis-
tic gain—across both sparse and dense retrievers. Its perfor-
mance gains rely heavily on multi-component synergy and
sample diversity, particularly benefiting from the higher ca-
pacity of dense retrievers. This indicates a need for holistic
and system-level optimization strategies. In contrast, PPR
demonstrates greater stability with low sensitivity to compo-
nent variations, as its performance is more grounded in ro-
bust retrieval logic, with reward components serving only as
auxiliary enhancements. From a system design perspective,
dense retrievers provide a more favorable architecture for in-
tegrating complex reward mechanisms, while sparse retriev-
ers require more careful tuning and compatibility alignment
between components and retrieval logic.

Ablation study of sample components. To further ana-
lyze the impact of different sampling strategies on retrieval
performance, we observe a significant pattern of adapta-
tion between sampling mechanisms and metric characteris-
tics. As shown in Figure 4-(b), PAR exhibits high sensitiv-
ity to variations in sampling strategies, whereas PPR main-
tains a relatively stable, gradual improvement trend. This
phenomenon is consistent across different retriever archi-
tectures. From a mechanistic perspective, the performance
gain of PAR is strongly correlated with sample diversity,
underscoring the critical role of negative sampling in rep-

resentation learning. Notably, in the sparse retriever setting,
the synergy between positive and negative sampling compo-
nents is particularly prominent, indicating that comprehen-
sive coverage of the sample space is essential for architec-
tures with lower parameter efficiency. In contrast, dense re-
trievers, with their superior semantic representation capabil-
ities, are able to fully leverage the supervision signals pro-
vided by the sampling components, thereby demonstrating
greater potential for performance improvement. Compared
to PAR, PPR shows weaker dependence on sampling strate-
gies, with its optimization process exhibiting a clear pattern
of diminishing marginal returns. This suggests that PPR re-
lies more heavily on the fundamental modeling capabilities
of the retrieval system, with sampling strategies serving pri-
marily as auxiliary optimization tools. This further validates
above findings on metric characteristics: PAR metrics are
more suitable as benchmarks for optimizing sampling strate-
gies, while PPR metrics are better suited for evaluating the
fundamental retrieval capabilities of the system.

Ablation study of training data scale. Through an anal-
ysis of training data scale, we observe distinct depen-
dency patterns between PAR and PPR. PAR exhibits a clear
three-phase performance trajectory—rapid gains (0–33%),
gradual improvement (33–66%), and eventual saturation
(66–100%)—highlighting its strong reliance on large-scale
data for uncovering deep semantic associations. This nonlin-
ear trend holds across both sparse and dense retrievers, with
dense retrievers achieving higher baselines even in early
stages. In contrast, PPR demonstrates stable performance
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Figure 3: The t-SNE visualization comparing disease feature space of CRAF-reasoning queries and original queries.

a b

c d

Figure 4: The ablation studies consist of four components: reward module ablation (top-left a), sample module ablation (top-
right b), training data scale (bottom-left c), and training paradigm (bottom-right d). The analysis compares ReCDS-PAR and
ReCDS-PPR metric variations under both sparse and dense retriever settings. All ablation studies were tested across multiple
trained model checkpoints, with background data showing standard deviation (std).

even with minimal data and responds to increased data in
a smooth, progressive manner. This robustness remains con-
sistent across retriever types, indicating that PPR is struc-
turally driven, relying more on model design than data vol-
ume. These differences underscore the fundamentally dis-
tinct optimization mechanisms behind the two metrics.

Ablation study of training paradigm. We investigate the
performance differences between RL methods based on re-
ward functions and traditional supervised SFT in the task
of clinical case retrieval. As shown in Figure 4-(d), when
trained with PAR, the conventional SFT approach suffers
from a noticeable performance degradation. This degrada-
tion is primarily attributed to the higher semantic complex-
ity of PAR—its reference cases tend to be more information-
sparse, making token-level exact matching problematic and
leading to catastrophic forgetting during training. In con-
trast, our proposed reinforcement learning approach allevi-
ates this issue by incorporating a reward mechanism based
on semantic embedding similarity. Rather than enforcing
rigid token-level alignment, our method emphasizes main-
taining global semantic consistency between the generated
output and the reference text. This design proves particularly

advantageous in clinical case retrieval, a scenario where se-
mantic fidelity is critically important. Notably, compared to
existing RL methods that typically rely on coarse-grained
alignment strategies (Jiang et al. 2025), our approach intro-
duces a more fine-grained reward formulation. This not only
ensures semantic fidelity but also enhances the model’s abil-
ity to generalize across diverse clinical expressions.

Conclusion

This paper presents CRAF, a clinical reasoning-adaptive
framework designed to enhance similar case retrieval
through query rewriting and reinforcement learning. By in-
tegrating fine-grained semantic alignment rewards and an
automated data curation pipeline, CRAF effectively cap-
tures implicit clinical reasoning pathways and bridges the
gap between diagnostic intent and relevant case evidence.
Our findings highlight the critical role of reasoning-based
query rewriting in clinical retrieval tasks and suggest that
medium-sized models, when paired with RL optimization,
can achieve strong performance with favorable efficiency.
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