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Abstract >8
CARE-0.3B-8B (Ours)

Effective medical text retrieval requires both
high accuracy and low latency. While LLM- 56 CARE-0.3B-4B (Ours)
based embedding models possess powerful re- gyf-awenz-1.58
trieval capabilities, their prohibitive latency o Qwen3-0.68
and high computational cost limit their appli- ® 541 gte-multilingual-base
cation in real-time scenarios. Furthermore, a gte-large-zh
the lack of comprehensive and high-fidelity a xpan-vi
benchmarks hinders progress in Chinese med- 52 1
ical text retrieval. In this work, we intro- bgesm3
duce the Chinese Medical Text Embedding bge-large-v1.5
Benchmark (CMedTEB), a benchmark span- 507
ning three kinds of practical embedding tasks: bge-base-vizg
retrieval, reranking, and semantic textual sim- 200 400 600 800
ilarity (STS). Distinct from purely automated Inference Speed (QPS)
datasets, CMedTEB is curated via a rigorous
multi-LLM voting pipeline validated by clinical Figure 1: Efficiency-performance trade-off on

experts, ensuring gold-standard label quality
while effectively mitigating annotation noise.
On this foundation, we propose the Chinese
Medical Asymmetric REtriever (CARE), an
asymmetric architecture that pairs a lightweight
BERT-style encoder for online query encoding
with a powerful LLM-based encoder for of-
fline document encoding. However, optimizing
such an asymmetric retriever with two struc-
turally different encoders presents distinctive
challenges. To address this, we introduce a
novel two-stage training strategy that progres-
sively bridges the query and document repre-
sentations. Extensive experiments demonstrate
that CARE surpasses state-of-the-art symmet-
ric models on CMedTEB, achieving superior
retrieval performance without increasing infer-
ence latency.

1 Introduction

Text embedding models are essential for a wide
range of natural language processing (NLP)
tasks, including retrieval, reranking, and classifica-
tion (Reimers and Gurevych, 2019). Their role is
crucial in retrieval-augmented generation (RAG)
systems (Lewis et al., 2020; Zhang et al., 2026),
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CMedTEB Retrieval. The x-axis shows queries per
second (QPS) on a single A100 80GB GPU, while the
y-axis reports nDCG@10. Notably, CARE breaks the
conventional trade-off: it matches the high retrieval
quality of heavy LLM-based models while sustaining
the high throughput of lightweight BERT-style models.

which leverage external knowledge to enhance
large language models (LLMs). In specialized do-
mains such as healthcare, where LLMs often lack
deep expert knowledge, accurate and low-latency
access to medical knowledge can enhance clini-
cal decision support and mitigate hallucinations in
RAG, making domain-specific, low-latency embed-
dings indispensable.

Despite recent rapid progress in general-domain
embedding models (e.g., BGE (Chen et al., 2024a),
GTE (Li et al., 2023), Qwen3-Embedding (Zhang
et al., 2025)), Chinese medical text embedding has
received limited attention. Existing benchmarks
like C-MTEB (Xiao et al., 2024) include only two
Chinese medical retrieval datasets, both suffer from
annotation sparsity and substantial false negatives
(see analysis in Section 3). While recent bench-
mark CMIRB (Li et al., 2025) scale up data via
single-LLLM generation (e.g., ChatGPT), it lacks
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rigorous multi-model consensus and expert verifi-
cation. Besides, it focuses exclusively on retrieval
tasks while still incorporating legacy datasets with
false negative issues, leaving a gap for a com-
prehensive, high-fidelity benchmark. Moreover,
while current state-of-the-art embedding models
are mostly LLM-based (Lee et al., 2024; Lin et al.,
2025), they incur prohibitive latency and high com-
putational costs, which limit their applications in
latency-sensitive scenarios such as real-time medi-
cal QA. This highlights the challenge of accuracy-
latency trade-off.

To address the challenges of false negative
noise and ensure robust evaluation beyond sin-
gle LLM generated labels, we introduce the
Chinese Medical Text Embedding Benchmark
(CMedTEB). CMedTEB consists of three newly
curated tasks: retrieval, reranking, and medical
synonym STS. To ensure high data quality, we
employ a multi-LLM consensus pipeline for an-
notation. Our experiments indicate that even ad-
vanced general-purpose embedders underperform
on CMedTEB, highlighting the benchmark’s diffi-
culty and value for domain-specific optimization.

To address the trade-off between retrieval accu-
racy and online inference latency in medical re-
trieval, we propose Chinese Medical Asymmetric
REtriever (CARE), an asymmetric architecture
that pairs a lightweight BERT-style encoder for
online query encoding with a powerful LLM-based
encoder for offline document encoding. By employ-
ing a novel two-stage alignment strategy, CARE ef-
fectively bridges the semantic gap, achieving LLM-
level accuracy with BERT-level online latency. As
shown in Figure 1, while most embedding models
exhibit a clear accuracy-latency trade-off, CARE
breaks this trend. It matches the retrieval accu-
racy of large-scale LLM-based embedding models
while sustaining Queries Per Second (QPS) levels
comparable to small-size BERT-style embedding
models. We further observe that as the document
encoder scales up, the asymmetric model progres-
sively closes the gap with LLM-based embedding
models, offering a practical path to scale retrieval
performance without sacrificing online latency.

The primary contributions of our work are sum-
marized as follows:

e We introduce CMedTEB, a comprehensive,
high-fidelity benchmark for Chinese medical text
embedding, establishing a reliable standard for
medical domain-specific evaluation.

e We propose the CARE framework, which in-

tegrates an asymmetric inference architecture with
a progressive two-stage training strategy. Our de-
sign reconciles the efficiency-accuracy conflict, en-
abling LLM-level retrieval quality with BERT-style
inference latency.

e To facilitate future research in medical text re-
trieval, we will open-source our benchmark, mod-
els, and code at our repository'.

2 Related Work

Medical Retrieval Benchmarks. MTEB (Muen-
nighoff et al., 2022) provides a comprehensive
benchmark across languages and tasks, and its Chi-
nese extension C-MTEB (Xiao et al., 2024) in-
cludes several Chinese embedding model datasets.
However, domain-specific evaluation of Chinese
medical remains scarce. Existing Chinese medi-
cal benchmarks in C-MTEB, such as CmedqaRe-
trieval (Zhang et al., 2017) and MedicalRe-
trieval (Long et al., 2022), both exhibit annota-
tion noise and false negatives (see analysis in Ap-
pendix E). Although recent works like CMIRB (Li
et al., 2025) attempt to address data scarcity via au-
tomated generation, they rely on unverified single-
source LLM judgments and incorporate noisy
legacy datasets. Furthermore, it focuses exclusively
to retrieval tasks. As a result, the field still lacks a
comprehensive, high-quality, and human-verified
benchmark for Chinese medical text embedding.

Embedding Models. Text embedding models
have advanced rapidly alongside pretrained lan-
guage models. Early works such as Con-
triever (Izacard et al., 2021) explored unsupervised
contrastive pretraining, while more recent mod-
els like E5S (Wang et al., 2022), GTE (Li et al.,
2023), and the BGE series (Chen et al., 2024a)
leveraged large-scale contrastive pretraining to ob-
tain strong general-purpose embeddings. In the
biomedical domain, specialized models such as
MedCPT (Jin et al., 2023) and BMRetriever (Xu
et al., 2024) leverage large-scale medical corpus
and tuning language models for enhanced retrieval.
Recently, decoder-only embedding models such as
Qwen3-Embedding (Zhang et al., 2025), bge-en-
icl (Li et al., 2024a), and NV-Embed (Lee et al.,
2024) have achieved state-of-the-art performance
on MTEB (Muennighoff et al., 2022).

Despite these advances, most LLM-based mod-
els contain billions of parameters. While they

"https://github.com/PhilipGAQ/CARE
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deliver strong accuracy, their high latency and
computational overhead make them impractical
for latency-sensitive applications such as real-time
medical retrieval. This gap highlights the urgent
need for lightweight yet effective embedding mod-
els in specialized domains.

Asymmetric Retrieval Architecture. While ex-
isting works of asymmetric architectures offer a
promising path for retrieval efficiency, achieving
effective alignment between disparate encoders re-
mains a significant challenge. Existing approaches
primarily follow two paradigms: (1) Homogeneous
Distillation: Methods like KALE (Wang and Lyu,
2023; Campos et al., 2023) prune layers from a
teacher model to initialize a student. However, this
creates a rigid architectural dependency, constrain-
ing the student model to the specific design of the
teacher. (2) Heterogeneous Alignment: Recent
works such as ScalingNote (Huang et al., 2024) or
HotelMatch (Askari et al., 2025) aligns different
architectures. However, aligning heterogeneous en-
coders presents a significant semantic gap. Without
tailored training, lightweight models fail to adapt
to the complex embedding space of large document
encoders, resulting in suboptimal retrieval perfor-
mance.

In contrast, we propose a novel two-stage train-
ing strategy that bridges the representational gap
between the lightweight query encoder and the
LLM-based document encoder. This progressive
approach ensures stable convergence, enabling the
smaller model to accurately map inputs into the
rich semantic space of the larger model without
architectural constraints.

3 CMedTEB

Chinese medical text embedding benchmarks re-
main scarce. Among the few available benchmarks,
CmedqaRetrieval (Zhang et al., 2017) and Medical-
Retrieval (Long et al., 2022) are well known and
widely used. These datasets are constructed primar-
ily from human-labeled query-answer pairs sourced
from online medical Q&A platforms, such as pa-
tient inquiries and physician responses. However,
this methodology inherently ignores potentially rel-
evant yet unlabeled candidate answers associated
with other pairs. The medical domain further ex-
hibits topic intensity: common diseases or medica-
tions often generate a large volume of semantically
similar queries and answers, increasing the risk of
false negatives (See Table 22 for examples).

To quantify this issue, we performed an analysis
of current benchmarks using LL.M-assisted anno-
tation followed by human verification (details in
Appendix E). The results suggested a significant
presence of potential false negatives: on aver-
age, each query is associated with approximately 9
False Negatives in MedicalRetrieval, and 19 False
Negatives in CmedqaRetrieval. To validate the
reliability of these findings, we employed human
assessors to re-judge a random sample of 500 pairs
which LLM labeled as false negatives. yielding a
92% consistency rate with model’s suggestions,
providing strong evidence that existing retrieval
benchmarks suffer from notable annotation noises.

To address the challenges of false negatives
and ensure robust evaluation beyond single LLM
generated labels, we construct CMedTEB (Fig-
ure 2) via a rigorous multi-LLM consensus
pipeline. CMedTEB comprises three new tasks:
Retrieval, Reranking, and Synonym STS, along
with two high-quality, human-verified existing pub-
lic datasets CMedQAv1-reranking (Zhang et al.,
2017) and CMedQAv2-reranking (Zhang et al.,
2018). We construct the document corpus using
data from XunYiWenYao?, and sampling queries
from logs of an online medical service (construc-
tion details and anonymization steps on queries and
documents are available in Appendix A).

3.1 Construction Method

Retrieval Prior studies like AIR-Bench (Chen
et al., 2024b) and Thomas et al. (2024) demon-
strate the reliability of LLM-generated relevance
labels in information retrieval benchmark. Building
on these findings, we adopt a multi-LLM labeling
pipeline. Given a query ¢; € Q, we used gte-
multilingual-base, bge-m3, Conan-embedding-v1
to retrieve and gather a candidate pool of top-500
documents D; = {di,...,ds00}. Three strong
LLMs, DeepSeek-V3 (Liu et al., 2024), Doubao-
1.5-Pro (Guo et al., 2025) and GPT-40 (Hurst et al.,
2024) then rated each (g;,d;) pair on a 5-point
relevance scale. To ensure label quality, a docu-
ment was retained as positive only when all three
LLMs agreed, while pairs with partial agreement
(only 1 or 2 agreements) were discarded. The
final retrieval dataset comprise a query set Q, a
refined corpus D' C D, and relevance labels

R = {(ai,dj,yi;) | vij € {0,1}}.

Zhttps://www. xywy . com/
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Figure 2: Workflow for constructing the CMedTEB benchmark. The Figure shows the distinct curation strategies
for discriminative tasks (Retrieval/Rerank) and semantic similarity tasks (STS).

Task Test Train Main Metric
New tasks

Retrieval 734 nDCG@10
Rerank L12g 20000 Miapeio
Synonym STS 5,000 10,000 Pearson
Public datasets

CMedQA-vl-rk. 1,000 50.000 MAP@10
CMedQA-v2-rk. 1,000 ’ MAP@10

Table 1: CMedTEB statistics

Rerank For each query ¢; € Q, we derive pos-
itives P; = {d; € D' : y;; = 1} and negatives
N; = {d; € D' : y;; = 0} labeled from the
same multi-LL.M labeling pipeline as in Retrieval.
The reranking dataset is a collection of triplets
TRerank = { (i, Pi, N;)}, where P; is a list sam-
pled from P; and \; is a list sampled from N;.

STS We first build a medical synonym dictionary
with domain experts. For each ¢; € Q, GPT-4o
generates three sentences: a positive sj (synonym
substitution with semantics preserved), a hard neg-
ative s;; (synonym substitution with semantics
changed), and an easy negative s, , (no synonym
substitution with semantics chan;ged). We then
sample s; € {s;,s;,5;,} and pair it with ¢; to
form (g;, si,vi), where y; = 1[s; = s; ] € {0,1}.
The dataset is Tsts = {(gi, Si, ¥;) }, evaluating fine-
grained synonym understanding.

3.2 Quality Analysis

The statistics of CMedTEB are summarized in Ta-
ble 1, with detailed breakdowns provided in Ap-
pendix A.2.

Annotation Accuracy Assessment. To en-
sure annotation reliability, we computed Fleiss’
Kappa (Fleiss, 1971) among the results of three
LLM:s in our pipeline, yielding a score of 0.731, in-
dicating substantial agreement. Furthermore, a clin-
ical expert independently re-annotated a large-scale
sample of 5,000 query-document pairs, achieving a
93.3% agreement rate with our final labels. These
metrics confirm that our automated pipeline aligns
closely with clinical expertise.

Task Difficulty and Distinctness. To demon-
strate the necessity of this benchmark, we evaluated
existing general-domain embedding models (full
zero-shot results are detailed in Appendix Table 11).
We observe a sharp performance contrast: while
models achieve high accuracy on legacy CMedQA
tasks (Avg. 85.15), their performance drops drasti-
cally on CMedTEB new tasks (Avg. 57.85). More-
over, the Spearman rank correlation between model
rankings on CMedQA versus CMedTEB new tasks
is notably weak (p = 0.354,p = 0.215 > 0.05).
This statistical lack of significant correlation in-
dicates that CMedTEB is non-redundant, aim-
ing to evaluate medical semantic capabilities over-
looked by prior datasets. Finally, while massive
decoder-only models like Qwen3-Embedding-8B
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achieve stronger results (Avg. 64.52), their pro-
hibitive latency underscores the urgent need for
efficient, domain-specialized solutions.

4 CARE

To bridge the gap between retrieval accuracy and in-
ference latency observed in CMedTEB, Section 3.2,
we propose the Chinese Medical Asymmetric RE-
triever (CARE). As illustrated in Figure 3, CARE
adopts a decoupled architecture where a powerful
LLM serves as the offline document encoder to
capture rich semantics, while a lightweight BERT
model acts as the online query encoder to ensure
low-latency inference.

In this section, we describe our high-quality
training data construction for medical domain, and
a two-stage training strategy designed for our asym-
metric embedding architecture.

4.1 Training Data Construction

Standard hard negative mining fails in the med-
ical domain due to fopic intensity, where abun-
dant latent positives lead to severe false negatives.
We address this via a diversity-aware curation
pipeline applied independently to query and doc-
ument sets. The process initializes a vector index
with 5,000 seed samples. For each new candidate z,
we retrieve its top-k neighbors from the evolving
index; if the count of neighbors exceeding simi-
larity threshold ¢ surpasses n, x is discarded as
redundant. Otherwise, it is added to update the
distribution. Finally, we employ GPT-40 to ver-
ify top-50 retrieved candidates, distinguishing hard
negatives from false positives. This yields S00K
high-fidelity triples (q,d",d ™). Details are pre-
sented in Appendix B.

4.2 Asymmetric Embedding Architecture

While LLM-based embedders achieve state-of-the-
art retrieval accuracy, their high computational
cost and latency are prohibitive for real-time ap-
plications. To resolve this trade-off, we propose
an Asymmetric embedding architecture, which
pairs a lightweight query encoder E for fast on-
line inference with a powerful document encoder
E'p whose embeddings are pre-computed offline.

To establish strong foundation before alignment,
we first initalize F and E'p independently with
contrastive learning. Crucially, Ep employs Ma-
tryoshka Representation Learning (MRL) (Kusu-
pati et al., 2022) to truncate its native embedding
dimension to match the smaller E.

Despite dimensional compatibility, a signifi-
cant semantic gap persists between the embedding
spaces of these heterogeneous models. We bridge
this gap via a progressive two-stage strategy: (1)
Query Encoder Alignment, which maps the query
encoder’s space to the frozen document encoder;
(2) Joint Fine-Tuning, which optimizes both en-
coders for end-to-end retrieval performance.

4.2.1 Asymmetric Stage I: Query Encoder
Alignment

In this stage, we freeze the document encoder (the
teacher) and update only the query encoder (the
student) to align the student’s space to the teacher’s.

To bridge the representational gap without con-
suming an amount of labeled data, we propose
a Self-Contrastive strategy over abundant unla-
beled corpora. Specifically, we treat each input
text x as a positive anchor for itself. This unsu-
pervised paradigm effectively leverages millions of
raw texts, allowing the alignment process to scale
up free from the constraints of annotation.

Objective Function We employ a hybrid objec-
tive to enforce alignment from two perspectives:

Asymmetric Contrastive Loss. We use Asym-
InfoNCE with the frozen document encoder as the
teacher:

o exp(s*/7)

" exp(st/7) + S el /o)
where sT = sim(Eg(x), Ep(x)) represents the
similarity of the same text’s embedding across two
encoders, and s; = sim(Eqg(x), Ep(x; )) repre-
sents similarity with in-batch negatives. This ex-
plicitly trains the student E to identify the teacher
FEp’s representation of the same input against neg-
ative distractors.

MSE Loss. For stricter alignment, we minimize
the L2 distance:

Asym
L InfoNCE —

Lyse = ||Eq(x) — Ep(x)|3, )

where embeddings are normalized. This penalizes
absolute deviations in the embedding space.
The final objective is

Lsage1 = ML+ NoLyse (3)

We empirically set A\; = Ay = 1 to balance soft
ranking alignment (InfoNCE) with hard structural
alignment (MSE).
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Figure 3: Inference and Training pipeline for asymmetric embedding model. Stage I: Query encoder is trained
to align with the frozen document encoder using Asym-InfoNCE and MSE losses. Stage II: Both encoders are
jointly fine-tuned with Asym-InfoNCE loss on retrieval data.

4.2.2 Asymmetric Stage II: Joint Fine-tuning

After alignment, we unfreeze both encoders and
perform end-to-end joint fine-tuning. The goal
of this stage is to further enhance retrieval perfor-
mance by jointly optimizing the two encoders to
better discriminate between positive and negative
documents. We adopt the Asym-InfoNCE loss as
the sole objective:

es(adt)/T

es(edt)/m 4 N N es(ad™)/T’
“4)
where s(q,d) = sim(Eq(q), Ep(d)), and N in-
cludes both in-batch negatives and the hard nega-
tives. Unlike Stage 1, ¢ and d* are semantically
relevant pairs. This end-to-end optimization di-
rectly refines the decision boundary for retrieval.

»CStage 2= log

5 Experiments

In our experiments, we aim to answer the following
research questions:

* RQ1: How does CARE compare with state-
of-the-art baseline embedding models on
CMedTEB?

* RQ2: Can CARE match the performance of
large symmetric models with lightweight in-
ference?

* RQ3: Is the proposed CARE framework su-
perior to other efficient retrieval methods?

¢ RQ4: What are the contributions of different
components in our training strategy?

5.1 Setup

Training Data. We use the curated dataset (Sec-
tion 4.1) and CMedTEB training splits. Although
some baselines have previously seen CMedQA dur-
ing pre-training, we explicitly include it to prevent
potential performance degradation on this task.

Baselines. As we target efficient online deploy-
ment, we prioritize comparisons with lightweight
yet strong open-source models (e.g., BGE (Xiao
et al., 2024), GTE (Li et al., 2023), Conan (Li et al.,
2024b), Stella (Zhang et al., 2024)) and moderate-
sized LLM embedders (Qwen3-Embedding (Zhang
et al., 2025), gte-Qwen2 (Li et al., 2023)), rather
than prohibitive large size models.

Implementation Details. The query en-
coder (Med-Emb-base) is initialized from
gte-multilingual-base. Document encoders
(Med-Emb-4B/8B) are fine-tuned from Qwen3
using LoRA. Implementation details are in
Appendix C.1. We apply Matryoshka Represen-
tation Learning (MRL) to project their native
dimensions (2560/4096) to the query encoder’s
768-dim space. We evaluate two asymmetric
variants: CARE-0.3B-4B and CARE-0.3B-8B.
Experiments run on 32 x A100 GPUs. Details are
in Appendix C.3.

5.2 Main results on CMedTEB (RQ1)

Table 2 presents the evaluation of CARE series on
the CMedTEB benchmark, alongside strong open-
source baselines. We observe two key findings:
(1) CARE establishes a new state of the art: the
0.3B-4B variant achieves an average score of 78.13,
and the 0.3B-8B variant reaches 78.94, surpass-
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CMedvl CMedv2 Retrieval Rerank STS

Model Params (/D) \1Ap@10 MAP@I0 nDCG@10 MAP@I0 Pearson ‘&
Baselines

bge-small-zh-v1.5 24M / 24M 80.21 81.69 44.33 62.30 70.50 67.81
bge-base-zh-v1.5 102M / 102M 83.37 83.31 49.16 66.73 7624  71.76
bge-large-zh-v1.5 326M / 326M 83.23 85.15 50.32 67.55 7895  73.04
bge-m3 568M / 568M 82.98 83.32 51.35 66.90 7834  72.58
Conan-embedding-v1 326M / 326M 89.89 88.77 52.75 69.31 8149 76.44
stella-base-zh-v3-1792d 102M / 102M 87.16 88.28 53.31 69.56 80.52  75.77
gte-multilingual-base 305M / 305M 86.21 86.37 53.37 69.38 8236  75.54
gte-base-zh 102M / 102M 85.31 86.44 52.62 69.35 79.73  74.69
gte-large-zh 326M / 326M 85.44 86.97 52.93 69.97 81.48 75.36
gte-Qwen2-1.5B-instruct  1.78B/ 1.78B 87.68 87.15 55.39 72.35 85.50 77.61
Qwen3-Embedding-0.6B  596M / 596M 85.58 86.09 54.42 70.94 80.42  75.49
Ours

CARE-0.3B-4Bt 305M / 4.02B 86.04 87.31 5591 72.84 88.53 78.13
CARE-0.3B-8Bf 305M/ 8.19B 88.34 88.86 56.75 73.67 87.07 78.94

Table 2: Results of our models compare to the baselines on CMedTEB. Best results in bold, second-best in

underline. Asymmetric models are marked with .

ing the strongest baseline gte-Qwen2-1.5B-instruct
(77.61, a decoder-only model), despite using a
much smaller query encoder. (2) Both baseline
models and our asymmetric variants exhibit consis-
tent performance scaling with model size: enlarg-
ing the document encoder from 4B to 8B improves
the average score by 0.81 with zero increase in
online query cost, verifying the superior accuracy-
latency trade-off.

5.3 Asymmetric vs. Symmetric Architectures
(RQ2)

Figure 4 visualizes the performance trade-off be-
tween symmetric (Med-Emb) and asymmetric
(CARE) architectures. While symmetric models
(Med-Emb-4B/8B) set a high performance ceiling,
they incur prohibitive computational costs, indi-
cated by the sharp spike in the blue line. In contrast,
CARE strikes a balance: CARE-0.3B-8B achieves
an average score of 65.21, trailing the fully sym-
metric 8B giant (65.63) by only 0.6%, yet requires
27x fewer online inference parameters (0.3B vs
8.2B). This confirms that CARE effectively scales
performance via the offline document encoder with-
out increasing online latency.

5.4 Comparison with Efficient Retrieval
Baselines (RQ3)

We further compare our two-stage asymmetric
training framework against several alternative sym-
metric or asymmetric approaches to efficient re-
trieval (Table 3, implementation details are in
C.2). CARE consistently outperforms all baselines.
Asymmetric approaches like KALE and Wang and

[ Base (Sym)
[ Ours (Asym)

[ Full (Sym)
—8— Query Cost

. A 10 ©

Scenario: 4B Scenario: 8B H

68 - <

g 3

g 661 65.1 652 20 | 1ot 3

s 64.4 { @

g 64 8/19B @

5 61.9 4/028 61.9 / S

a 62 / =

2 F10°

< &

601 lo.38 0.3 0.38 | 0.3 o

——d o——4 8

58 r - : : . . o
Base Ours Full Base Ours Full

Sym Asym Sym Sym Asym Sym

Figure 4: Asymmetric vs. Symmetric Architectures
on performance and parameters. We evaluate models
in two scenarios: leveraging power from 4B (left) and
8B (right) document encoders. The bars denote aver-
age performance on CMedTEB Retrieval and Rerank
(higher is better), while the blue line represents the in-
ference cost in terms of Query Encoder parameters (log
scale, lower is better). CARE (Ours) bridge the perfor-
mance gap to symmetric giants (Full) while maintaining
same online inference cost to baselines.

Lyu (2023) underperform (55.05 and 53.13), likely
because their distillation designs originally tailored
for encoder-only models transfer poorly to decoder-
based architectures.

Moreover, CARE surpasses the distillation base-
line (Ren et al., 2021) (distillation 62.72 vs. ours
64.38). While distillation attempts to transfer capa-
bilities via soft labels (KL-divergence), it implies
an inherent information loss. In contrast, our frame-
work allows the query encoder to directly interact
with teacher document encoder during inference,
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Retrieval  Rerank

Model Asym Params WDCG@10 MAP@10 Avg
KALE v’ 03B/4B 42.67 6742  55.05
Wang and Lyu (2023) v 0.3B/4B 39.99 6626  53.13
ScalingNote v’ 03B/4B 34.81 64.17 4949
Distill-from-4B X 0.3B 54.68 70.76  62.72
CARE-0.3B-4B v’ 03B/4B 55.91 72.84  64.38

Retrieval Rerank

Training Phase Stage-I Strategy 2DCG@10 MAP@10 Avg

. Supervised (Labeled) 44.83 69.69 57.26
Stage-L Only Self-Contrastive (Ours) ~ 42.69 68.28 5549
Stage-1 — Stage-II Supervised (Labeled) 49.95 71.02  60.49
(Full Pipeline) Self-Contrastive (Ours) 5591 72.84 64.38

Table 3: Ablation study on alternative approaches to
efficient retrieval. Params indicate parameter counts
for Query / Document encoders.

Settin Retrieval  Rerank Av

g nDCG@10 MAP@10 ‘'8

Independent Initialization
w/o query init 50.46 68.85 59.66
w/o doc init 37.30 63.21 50.26
Asymmetric Stage
w/o query align 35.34 66.79 51.07
w/o joint fine-tuning 42.69 68.28 55.49
Loss Design (Asymmetric Stage I)

w/o MSE 55.19 7194  63.57
w/o Contrastive 55.48 72.58 64.03
Full Model 55.91 72.84  64.38

Table 4: Ablation study on training stages and loss
functions.

effectively bridging the information gap.

5.5 Ablation Study (RQ4)

We conduct ablation study on CARE-0.3B-4B ex-
cept specially mentioned. To better reflect down-
stream applications, we report performance on both
Retrieval and Reranking tasks.

5.5.1 Training Design

We conduct experiments on the contribution of
different components in our asymmetric training
framework. Results are in Table 4.

For Independent Initialization, removing either
query or document encoder initialization leads to
severe performance degradation (w/o query init
scores: 59.66 and w/o doc init scores: 50.26 vs.
64.38 for full model). This underscores the ne-
cessity of independent pre-training, where robust
symmetric backbones serve as superior initializa-
tions for asymmetric alignment.

For Asymmetric Stage, skipping the query align-
ment stage (Ww/o query align scores: 51.07) or
the joint fine-tuning stage (w/o joint fine-tuning
scores: 55.49) results in clear performance drops
(full model 64.38). This validates that the query
alignment stage effectively bridges the semantic
gap between student and teacher, while joint fine-

Table 5: Impact of Stage-I Strategy. We compare
using Supervised data vs. our Self-Contrastive approach
during Stage-I alignment, followed by identical Stage-II
fine-tuning.

tuning optimizes both encoders to downstream re-
trieval. Note that our w/o query align configuration
is close to HotelMatch (Askari et al., 2025), though
not identical: HotelMatch applies a linear projec-
tion to up-project the small-LM query embeddings
to the document encoder dimension and uses sep-
arate learning rates for the two encoders, whereas
we remove the projection layer and use a single
learning rate since we use LoRA to fine-tune our
document encoder.

Finally, we study the loss design in the query
align stage. Removing either MSE or Asym-
InfoNCE contrastive loss weakens performance.
The full model, combining both, consistently
achieves the best results. This indicates that both
objectives are complementary for effective embed-
ding space alignment.

5.5.2 Impact of Self-Contrastive Alignment

We investigate the necessity of the unsupervised
Self-Contrastive alignment task in Stage-1 (Sec-
tion 4.2.1) by comparing it against using super-
vised contrastive fine-tuning data. As detailed in
Table 5, using supervised data in Stage-I yields
higher immediate metrics compared to our self-
contrastive approach (57.26 vs. 55.49). However,
the trend reverses significantly after the Stage-II
end-to-end fine-tuning: models initialized via our
self-contrastive alignment achieve a decisive per-
formance gain (64.38), surpassing those pre-trained
with labeled data (60.49).

Early supervision in Stage-I likely causes prema-
ture convergence to local minima. Conversely, the
self-contrastive strategy provides a robust unsuper-
vised alignment, establishing a superior foundation
for subsequent fine-tuning.

6 Conclusion

In this work, we introduce CMedTEB, a new bench-
mark for Chinese medical text embedding, and pro-
pose CARE, an asymmetric model designed for
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efficient, low-latency medical retrieval. Our archi-
tecture, which pairs a lightweight query encoder
with a powerful document encoder via a two-stage
training strategy, achieves state-of-the-art perfor-
mance on CMedTEB. By releasing the benchmark,
models, and training pipeline, we provide both a
practical solution for real-world medical retrieval
systems and a foundation for future research in
domain-specific embedding learning. Our future
work will include exploring more effective strate-
gies for asymmetric alignment.

Limitations

Our work presents a novel asymmetric alignment
framework, yet it comes with certain limitations.
First, regarding the architecture, the performance
of our query encoder is inherently upper-bounded
by the representational quality of the document en-
coder. Second, our work is primarily concentrated
on the Chinese medical domain. While this setting
presents significant challenges due to specialized
terminology, the generalizability of our strategy to
other languages or broader open-domain retrieval
tasks remains to be verified. Finally, concerning
the CMedTEB benchmark, although it utilizes a
sophisticated multi-LLLM pipeline for data construc-
tion, the annotation accuracy remains dependent on
the capabilities of LLMs. However, this limitation
may be mitigated by the advancement of LLMs.

Ethical considerations

This research has been approved by the National
Technology Ethics (Review) Committee, which is
an IRB-equivalent ethics committee. We strictly ad-
hered to ethical guidelines regarding data collection
and privacy. User queries were sourced from par-
ticipants who explicitly consented to a user expe-
rience improvement program for non-commercial
research. Medical documents were crawled from
publicly accessible, non-paywalled websites (e.g.,
XunYiWenYao®) in compliance with robots.txt pro-
tocols and applicable copyright regulations. Both
queries and documents were strictly anonymized,
and details on the anonymization process are pro-
vided in Appendix A.3. We emphasize that these
resources are for research purposes only and re-
quire rigorous validation before clinical deploy-
ment. Expert re-annotation was performed by clini-
cians from a partner tertiary hospital, compensated

3https://www. xywy.com/

at institution-approved rates via official project bud-
gets. CMedTEB is released under a CC BY-NC-SA
4.0 license, with model cards explicitly disclaiming
diagnostic utility to ensure strict non-commercial,
research-only usage.
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A Details of CMedTEB Benchmark

A.1 Instruction

Table 6 presents the instruction used on CMedTEB
benchmarks.

A.2 Statistics

For detailed statistics of the CMedTEB datasets,
please refer to Tables 7. To measure sequence
lengths, we utilize the tiktoken tokenizer with the
cl1100k_base encoding scheme to count tokens for
queries and corpus documents.

A.3 Anonymization steps of CMedTEB.

All user queries and web documents were pro-
cessed as follows. 1) Automated PII (personally
identifiable information) Detection: We deployed
an offline, locally hosted large language model to
detect and mask potential PII, including names, lo-
cations, phone numbers, and ID numbers. 2) Rule-
based Validation: After initial masking, we applied
a rule-based validation module to scan residual
digits, and keywords. 3) Human Checks: 1% of
anonymized data were checked by human, and no
re-identifiable content found.

A4 CMedTEB Case Examples

We present representative cases from CMedTEB
tasks in Table 8, Table 9 and Table 10.

A.5 Zero-shot results on CMedTEB.

Table 11 presents the full zero-shot performance of
all evaluated models across individual CMedTEB
tasks. Results show significant performance
gaps between general-domain embedders and the
medical-specific retrieval challenge. Note that most
of baselines have already trained on CMedQA train
dataset before.

A.6 Dataset Comparative Analysis

We compare CMedTEB with CMIRB and
MedEureka (Fan et al., 2025) across four key di-
mensions. False Negative Handling: CMIRB ag-
gregates legacy datasets with annotation sparsity;
MedEureka verifies original pairs but does not sys-
tematically retrieve other candidates. CMedTEB
mitigates this by retrieving top candidates using
multiple retrievers and re-annotating the entire
pool. Label Construction: CMIRB uses Chat-
GPT for filtering; MedEureka employs GPT-40
with ~10% human correction. CMedTEB imple-
ments Multi-LLM Voting followed by Clinical Ex-
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Task Name Instruction Template

CMedQAv1-reranking
answers to the question.
CMedQAv2-reranking
answers to the question.
CMedTEB-Retrieval
CMedTEB-Rerank
answers to the question.
CMedTEB-STS

Retrieve semantically similar text.

Based on a Chinese medical question, evaluate and rank the medical information that provide
Based on a Chinese medical question, evaluate and rank the medical information that provide

Given a Chinese medical question, retrieve medical documents that answer the question.
Based on a Chinese medical question, evaluate and rank the medical information that provide

Table 6: Instruction used on CMedTEB benchmarks

Split  Dataset Type # Queries Avg. || # Corpus/Cand. Avg. |D| Avg. Pos/Pos. Ratio
Retrieval / Rerank Mixed 20,000 21.24 229,457 470.90 -
Train CMedQA Rerank 50,000 66.76 196,902 134.22 -
STS STS 10,000 23.52 24,906 29.95 -
CMedTEB-Retrieval ~ Retr. 734 20.68 229,457 470.90 8.43
CMedTEB-Rerank Rerank 1,128 18.52 27.83 502.75 7.83
Test CMedQA-vl Rerank 1,000 75.58 100.00 143.03 1.93
CMedQA-v2 Rerank 1,000 66.98 100.00 135.99 1.91
CMedTEB-STS STS 5,000 35.45 - - 47.92%

Table 7: Detailed Statistics of CMedTEB Datasets. We aggregate statistics for both Training and Test splits across
Retrieval, Reranking, and STS tasks. Avg. |Q| and Avg. | D| denote the average lengths of queries and documents,
respectively. For STS, the last column indicates the ratio of positive pairs.

pert Verification, achieving Fleiss’ Kappa of 0.731
and 93.3% expert agreement. Query Authentic-
ity: MedEureka relies partially on LLM-generated
queries, while CMedTEB derives from real-world
user logs preserving authentic distributions. Task
Scope: CMIRB and MedEureka focus on Retrieval
only; CMedTEB extends to Reranking and STS.

A.7 Validation of Consensus Annotation
Pipeline

Unlike general domain retrieval, medical tasks
demand high precision due to complex knowl-
edge structures. To validate our strict consensus
pipeline, we analyzed 100 random samples where
three LLMs (GPT-40, Kimi, Claude-3.5-Sonnet)
disagreed. As shown in Table 12, 50% involve
boundary relevance with multiple ambiguous in-
tents, 38% suffer from LLM hallucinations on com-
plex terminology, and 12% contain low-quality
queries/documents. Including these would com-
promise reliability by increasing false negatives
rather than contributing valid difficulty.
Consensus does not imply triviality. To verify
CMedTEB retains inherent complexity, we sam-
pled 100 queries and employed GPT-40 to annotate
difficulty levels. As shown in Table 13, only 26%
can be solved by lexical matching, while 53% re-
quire semantic understanding and 21% need deep

inference involving medical knowledge or multi-
hop logic. Furthermore, strong baselines exhibit a
sharp performance drop from 85.15% on CMedQA
to 57.85% on CMedTEB’s new tasks (Section 3.2),
confirming our pipeline filters ambiguity while pre-
serving rigorous evaluation difficulty.

B Training Data Construction Details

B.1 Data Construction

Data Diversification. We apply diversification
for query and corpus independently. We first initial-
ized a vector index seeded with 5,000 documents
encoded by gte-multilingual-base. For each
new candidate x (query or document), we retrieve
top-k neighbors and discard x if more than n neigh-
bors exceed similarity threshold ¢; otherwise we
insert . This is applied separately to queries and
corpus, preserving diversity while removing near-
duplicates. We summarize the key parameters used
during Data Diversification in Table 14, where &
represents for top-k retrieved relevant candidates
from vector index, ¢ for similarity score threshold,
and n for maximum number of related documents.

LLM annotation. For each diversified query g,
we retrieve top-50 candidates from the diversified
corpus and have GPT-4o assign a 5-point relevance
score. From scored pools, we select positives and
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Query
K4 B do T B R BRI IT R ARG B 2
How to ascertain whether a renal calculus is acidic or alkaline in composition?

Positive example

VE fa il K4 B R BRI 5] A

FRESA . —ARAIRBRIMEE L FREGEZREY, TABRMEINERMEE, BRBEL T LT AL
R—TpHEN T, RERPM—TREROBRBE . wRIFEG A B L R0ER, TR ENERBY G
FERE-TRL. WREBILERNGE, —TRRANIERMBCERLET .

How can I tell whether a kidney stone is related to acidic or alkaline urine? Clinical assessment: In general, urinalysis is
used to determine whether a renal calculus is associated with acidic or alkaline urine. You can have a urine pH test at a
qualified local hospital and monitor the pH value to establish urinary acidity or alkalinity. If kidney stone symptoms are
suspected, undergo imaging studies to assess the stone size. If the calculus is relatively large, timely laser lithotripsy is
recommended.

Table 8: CMedTEB-Retrieval example.

Query
Hooly 5 R LAt 4257

Which medications are indicated for tinnitus?

Positive example

Hofy 64 25 A7 AR 2

wEIHN . FBERGENA, LARAEANERRE . RERTF, ATREFROMEL, ¥ RFRLE . 2.
ZHBRT. MEBA. FARF, ATARETEGORGEHE, TOARZTRGIHARS, FEFELHA. 3.7
. BAEEE, NTRER RBEMTALHMMGEAG TS, 4 RAE. nEE. FEEES, @
B A EREEH X AY, TALFTERFARN N XGER, R E BT .

What medications are available for tinnitus? Clinical assessment: Commonly used drugs include flunarizine hydrochloride
capsules and nimodipine to improve cochlear perfusion by dilating cochlear vessels; adenosine triphosphate (ATP),
coenzyme A, and mecobalamin (methylcobalamin) to enhance metabolic function of the auditory pathway, promote aural
metabolism, and help clear debris from the ear canal; carbamazepine and clonazepam as anticonvulsants to relieve
tinnitus triggered by neural irritation; and antibiotics such as erythromycin and vancomycin, as well as nonsteroidal
anti-inflammatory agents, which can be applied to the ear canal for anti-inflammatory effects to help alleviate tinnitus.

Negative example

oA B A e R

mEAA . BA XA THMTEMI A6 LXER, #mFRHELBAFS. Bk, B4 2RA— L&A
Koy kAT, e AR FA R ot Fi. FENEZOERERI —ROREIE, FHeERe
RBBEGER. A BETUABERRA —LFNE KRG G RHTET -

Why would taking kidney-tonifying medicine lead to tinnitus? Clinical assessment: From a traditional Chinese medicine
perspective, the patient’s tinnitus is due to kidney-yin deficiency with endogenous heat, which precipitates tinnitus. It is
advisable to use yin-nourishing, kidney-tonifying formulas such as Liuwei Dihuang Wan or Zhibai Dihuang Wan. As the
kidney deficiency improves, the tinnitus should gradually resolve. In addition, heat-clearing and fire-purging agents can
be used concomitantly.

Table 9: CMedTEB-Rerank example.

negatives to form triples, yielding 500K fine-tuning
instances of triplets 7 = {(¢;, Pi, N;)}, where P;
is a list sampled from positives P; and N; is a list
sampled from negatives /V;.

medical retrieval datasets.

B.2 Ablation studies on Data Diversification C Implementation Details

ples. This validates the importance of our diversity-
aware curation strategy in building high-quality

To evaluate the effectiveness of our diversity-aware
data curation pipeline, we conduct an ablation study
on the role of query and document-side diversifi-
cation on Medical-Embedder-base. All configu-
rations use the same amount of training data. As
shown in Table 15, the full setting achieves the best
performance, demonstrating that both query and
document diversification are essential: the former
ensures broad topic coverage, while the latter im-
proves the reliability and difficulty of negative sam-

C.1 Independent Initialization
C.1.1 Query Encoder Training

RetroMAE Pretrain. We first adopt Retro-
MAE (Xiao et al., 2022) pretrain, which mask in-
puts differently in the encoder and a lightweight
decoder; the encoder outputs sentence embeddings
and the decoder reconstructs the original text via
masked language modeling. This stage leverages a
60M unsupervised Medical Q&A corpus.
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Sentencel
BB AR TR KL RE

Do sodium bicarbonate tablets cause scalp itching?

Sentence2 )
MR 73T R AT i S Bk R B
Could taking baking soda tablets lead to an itchy scalp?

Table 10: CMedTEB-STS example.

CMedvl CMedv2 Retr. Rerank STS

Model Param. |\ 1\ p@10 MaP@10|AY8 CMed| hcG@10 MAP@10 Pearson| V& NeW
gte-multilingual-base 305M 86.11 87.40 86.76 47.80 61.51 72.39 60.57
gte-base-zh 102M 86.79 87.20 86.99 44.18 58.40 75.07 59.22
gte-large-zh 326M 86.09 86.46 86.28 29.75 53.70 68.02 50.49
gte-Qwen2-1.5B-instruct | 1.78B 88.16 88.12 88.14 45.14 58.99 76.81 60.31
gte-Qwen2-7B-instruct 7.61B 88.20 89.31 88.76 40.94 61.07 72.67 58.23
bge-small-zh-v1.5 24M 77.40 79.86 78.63 35.22 55.39 57.87 49.49
bge-base-zh-v1.5 102M 80.47 84.88 82.68 33.11 53.56 67.45 51.37
bge-large-zh-v1.5 326M 83.45 85.44 84.45 43.05 58.31 71.90 57.75
bge-m3 568M 77.71 79.19 78.45 41.14 57.68 63.67 54.16
Conan-embedding-v1 326M 91.39 89.72 90.56 41.60 61.89 72.86 58.78
stella-base-zh-v3-1792d | 102M 88.35 89.06 88.71 45.77 60.43 74.96 60.39
Qwen3-Embedding-0.6B | 596M 80.06 81.35 80.71 47.54 64.51 68.31 60.12
Qwen3-Embedding-4B 4.02B 84.43 85.06 84.75 50.14 66.67 76.49 64.43
Qwen3-Embedding-8B 7.57B 86.13 86.39 86.26 51.15 66.31 76.09 64.52
Average performance | | 84.62 85.67 85.15 | 42.61 59.89 71.04 | 5785
Spearman Rank Correlation Coefficient (P-value) 0.354 (0.215)

Table 11: Zero-shot results on CMedTEB (%). Best results in bold.

Unsupervised Pretrain. We perform contrastive
unsupervised pretrain using InfoNCE loss (Oord
et al., 2018):
exp(q'd’/7)

>aepexp(q’d/T)’
where q, d " are embeddings of a matched (query,
document) pair, D contains one positive and |D|—1
negatives, and 7 is a learnable temperature. We use
the same unsupervised medical Q&A corpus for
RetroMAE pretraining, treating title—content pairs

as positives and other documents within the same
batch as in-batch negatives.

LinfoNcE = — log

Supervised Finetuning. The final stage fine-
tunes the encoder on high quality fine-tuning
datasets described in Section 4.1 together with the
training splits of CMedTEB (retrieval, reranking,
CMedQA, and Synonym STS) using the InfoNCE
loss.

C.1.2 Document Encoder Training

We fine-tune Qwen3-4B and Qwen3-8B and ap-
ply LoRA with rank=32, o = 64. We adopt Ma-
tryoshka Representation Learning (MRL) (Kusu-
pati et al., 2022), whose training objective aggre-
gates the contrastive loss across this predefined set

of dimensions. Specifically, the final loss is the
average of the InfoNCE losses computed at each
target dimension:
1 (m)
LyrL = M Z EInfoNCE’ ®)
meM

where M is the set of nested dimensions and
E%(ENCE is the standard InfoNCE loss calculated
using embeddings truncated to the first m dimen-
sions.

C.1.3 Impact of Pretraining on Query
Encoder

We evaluate the impact of pretraining on the
query encoder. As shown in Table 16, combining
RetroMAE and unsupervised domain pretraining
achieves the best performance (54.16), outperform-
ing ablated variants. This confirms that multi-stage
pretraining enhances the encoder’s performance in
medical retrieval.

C.2 Implementation of Efficient Baselines.

To ensure a fair comparison, we re-implemented
representative efficient retrieval methods within our
decoder-only framework. For KALE(Campos et al.,
2023) and Wang and Lyu (2023), we initialized the
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Reason Description Ratio (%)
Boundary relevance  Multiple or ambiguous intents make relevance label- 50
ing inherently difficult.
LLM hallucination ~ Limited medical knowledge causes misjudgment of 38
complex terms or relationships.
Noise Low-quality or incomplete queries/documents mis- 12

lead into incorrect labels.

Table 12: Analysis of LLM disagreement reasons (N=100).

Level Description Ratio (%)

L1: Lexical High keyword overlap between query and document. 26

L2: Semantic  Conceptual match without keyword overlap; re- 53
quires dense retrieval.

L3: Hard Deep inference requiring medical knowledge, cause- 21

effect, or multi-hop logic.

Table 13: Difficulty distribution of CMedTEB samples (N=100).

Parameter Query Document
k (retrieved candidates) 5 5

t (score threshold) 0.85 0.78

n (maximum number) 1 1

Table 14: Key parameters used during data generation.

Retrieval Rerank

Diversification Setting DCG@10 MAP@10 Avg
w/o query, w/o doc 51.17 68.74 59.96
w/ query, w/o doc 52.23 68.98 60.61
w/ query, w/ doc 54.16 69.63 61.90

Table 15: Impact of query and document diversification
on retrieval performance.

query encoder using the first 3 layers of Qwen3-
4B (approximately 303M parameters excluding
the LM head) with an embedding dimension of
2560. For ScalingNote(Huang et al., 2024), we
employed Medical-Embedder-base as the query en-
coder. For the Distill baseline (Ren et al., 2021), fol-
lowing standard protocols, we utilized scores from
Medical-Embedder-4B as soft labels and optimized
the student model (Medical-Embedder-base) using
a combination of KL-divergence and InfoNCE loss.

C.3 Training Details

For the query encoder, we use the final hidden state
of the [CLS] token as the sentence embedding. For
the document encoder, we append an [EOS] token
to the input sequence and use its output hidden state
as the document embedding. The maximum input
length for both queries and documents is set to 512
tokens.

We summarize the training configurations in Ta-

.. Retrieval
Training Strategy DCG@10
Finetune only 52.88
RetroMAE + Finetune 53.21
RetroMAE + Unsup + Finetune 54.16

Table 16: Ablation study on pretraining strategies for
Medical-Embedder-Base. Combining RetroMAE and
unsupervised domain pretraining leads to the best re-
trieval performance.

ble 17. For memory efficiency, we enable gra-
dient checkpointing and use DeepSpeed Stage 0.
For models up to 4B parameters, we train in fp16,
while for the 8B model we switch to bf16 to en-
sure stability. All document encoders are fine-tuned
with LoRA (rank 32, a = 64). For fair comparison,
all symmetric baseline models are fine-tuned for 2
epochs, matching the total exposure of our asym-
metric models, which observe the fine-tuning data
once during independent initialization and once
again during joint fine-tuning.

In our asymmetric architecture, both query and
document encoders are first initialized by one
epoch of fine-tuning. For Stage I, we align query
and document embeddings using 8.4M pairs of
query alignment data for one epoch. For Stage II,
we further fine-tune for one epoch to ensure com-
parability with other baselines. We apply the same
learning rate (1 x 10~%) to both query and docu-
ment encoders, as we observed that asymmetric
learning rates led to performance degradation.
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General Training

Asymmetric Training

Hyperparameter

RetroMAE Unsup. Fine-tuning Stage I Stage II
Peak Learning Rate 2e-4 le-4 le-4 le-4 le-4
Warmup Ratio 0.0 0.05 0.05 0.05 0.05
Global Batch Size 384 19,200 640 2,560 640
Epochs 3 3 2 1 1

Table 17: Detailed Training Hyperparameters. We list the configurations for both the general pre-training stages
(RetroMAE, Unsupervised) and our proposed asymmetric alignment stages (Stage I & II). All stages utilize the

AdamW optimizer with a linear decay scheduler.

D Cost-Benefit Analysis

We address the cost-benefit concern by providing
detailed offline metrics. In industrial retrieval sys-
tems, document indices are updated much less fre-
quently than queries are processed. Therefore, our
architecture strategically leverages powerful offline
models to boost representation quality without pe-
nalizing the critical online user experience.

Offline Efficiency. As shown in Table 18, pro-
cessing 1 million documents with our largest 8B
model takes only 3.77 hours on a single A100
GPU. Given the low update frequency (monthly or
weekly) typical in production medical retrieval sys-
tems, this one-time offline cost is negligible com-
pared to the continuous benefits in online retrieval
accuracy. Although gte-multilingual-base is
faster (0.21h), the 8B model’s overhead is entirely
acceptable for periodic updates. Note that index
memory is constant as MRL aligns the document
embedding dimension with the query encoder re-
gardless of model size.

Model Offline Params Time (h)
gte-multilingual-base 305M 0.21
CARE-0.3B-4B 4B 2.95
CARE-0.3B-8B 8B 3.77

Table 18: Offline Efficiency Analysis. Encoding time
for 1M documents on A100 80GB. Index memory con-
stant (2,929.69 MB) due to MRL dimension alignment.

Online Advantage. Crucially, the primary bot-
tleneck in real-world applications lies in online
inference latency rather than offline costs. While
offline costs increase marginally, CARE-0.3B-8B
achieves a superior average score of 78.94 with
only 0.3B online parameters. It surpasses the fine-
tuned gte-Qwen2-1.5B by +1.33 with 9x higher
QPS. This decoupled design allows independent
scaling: document encoders can be upgraded for ac-

Model Stage-1 (h) Stage-2 (h) Finetune Baseline (h)
CARE-0.3B-4B 316 260 280
CARE-0.3B-8B 608 529 544

Table 19: Training Cost Analysis (GPU Hours on A100-
40G).

curacy gains without any impact on online serving
latency.

Training Cost. We present a direct comparison
of GPU hours in Table 19. Our two-stage training
strategy is highly efficient. For example, Stage 2
for the 4B model requires 260 hours, comparable to
standard fine-tuning of the document encoder alone
(280 hours). While Stage 1 represents an initial
alignment cost, it establishes a reusable foundation.
This confirms that our approach improves perfor-
mance without introducing prohibitive computa-
tional costs compared to conventional fine-tuning
paradigms.

E Quality Analysis of Open-Source
Benchmarks

We investigate the false negative issue in
CmedqaRetrieval and MedicalRetrieval. For each
query, we use gte-multilingual-base to retrieve the
top-50 candidate documents and re-annotate them
using GPT-40 under a 5-point relevance scale with
prompt in Table 23.

Results in Table 20 suggest that a large num-
ber of retrieved documents, though unlabeled in
the original datasets, are judged as relevant by the
LLM. Table 21 and Table 22 shows several exam-
ples of false negatives and false positives, together
with the topic intensity phenomenon in medical
domain that certain diseases or drugs generate a
large volume of semantically similar queries and
answers. This indicates annotation incompleteness
in existing benchmarks. These findings raise con-
cerns about the validity of current benchmarks for
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a reliable evaluation of medical retrieval capability.

F Annotation Prompts

Table 23 and Table 24 present the prompts tem-
plates for CMedTEB construction. Table 25 shows
prompt for our training data annotation.
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Benchmark Orig. Pos. LLM-Labeled Pos. False Positive False Negative

MedicalRetrieval 0.81 9.11 0.26 8.56
CmedqaRetrieval 1.42 19.94 0.46 18.98

Table 20: LLM re-annotation on open-source medical retrieval benchmarks. To aid interpretation, we assume the
LLM labels are pseudo—ground truth. We measure the average number of positive documents per query in the
original dataset vs. LLM-labeled data, and identify false positives and false negative.

Query
R R TR LT A %R
The child was diagnosed with anemia and has been running a fever with coughing.

False Positive (Labeled as positive, but not mention fever and coughing.)

W REBEA R, TRESTAhGEU T EORE, RELELERBITEFTOLZERNT.

If anemia is detected, treatment can be determined based on the type and severity of anemia, as indicated by the test
results.

False Negative (Labeled as negative, but annotated as positive by LLM)

wRAZM LB RS, FHARER, 2LF, 258, LR RELMALEFTE, —RFELT T
PAERTREN R, THAERERER L. IARBIERAITAZLS, FRRLZ? Ot 27 BT
. REMESLT -

If it is just a simple cough or other corresponding symptoms, there is no need to worry. However, the cause of anemia
must be clarified. Generally, anemia is categorized into nutritional deficiency anemia and other pathological anemias.
Therefore, it is recommended to go to the hospital for a comprehensive examination to determine the specific type of
anemia and then treat it accordingly.

Table 21: An example of false negatives in CmedqaRetrieval.
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Query
LERBE—RRELS

What should I do if I have a cold and fever at the same time?

Positive
RF, RGRARITREE, BURR, g, £F5%8R, RF20, TREERRE. f@#Hi, HEU*
BEINL A, R A, HRE Lﬁme ERre AN ENEL. NRNEE: % *"ﬂ‘ﬂi 3 RAMEFGRE
RERFR, 5RHHAL, LETEARRGEHLELZNEY, Wik \i%\ 5. kRF.ET4
FATRBAR . —EFHERT . 1.9&@%20;& KarKkS5~6H . LzBEE . Mk KK }]E Ik RAT
BRE A, K, WMWARN, BT, #ALCH. A RITHEER ﬁ’ 5 PPk E A SRR, AAAZ
HFW, 2HERA, 2, FREERERTERE, T%F, § }J%iﬁ{z/lkﬁa LowRek . B KBERE . 2.4
IN AR RS0 - BXNEEARA R, SREAA. BAINTEA . R FRNATHERERAAZ . 3.4
B5005% « K#72505L - Mk LH WA mK2000E S HA . BR3KR, HR250EH, EMR2~3K . BFHE
-4
Hello, it sounds like you have the flu. Typical symptoms include sudden high fever, body aches, significant fatigue, and
mild respiratory symptoms. You may also have facial flushing, conjunctival injection, pharyngeal congestion, and follicles
on the soft palate. Please consult a doctor for specific medication advice. During this time, drink plenty of water and eat
more fresh vegetables and fruits. Keep your diet light and easy to digest, focusing on nutritious and vitamin-rich foods like
porridge, soy milk, noodles, and fruits. Ventilate your room regularly by opening windows. Here are some simple home
remedies: 1. 20 grams of fresh ginger, 5—6 cloves of garlic, and an appropriate amount of brown sugar. Decoct in water
and take orally. This is for the early stages of influenza with headache, chills, fever, no sweating, and nausea. Influenza is
an acute respiratory infectious disease characterized by sudden high fever, body aches, fatigue, and respiratory symptoms
like sore throat and dry cough. It may also cause gastrointestinal symptoms like nausea, vomiting, and watery diarrhea. 2.
Winter melon porridge: 50 grams of japonica rice. Cut an appropriate amount of winter melon into small pieces and cook
with rice. This porridge is effective for patients with viral influenza. 3. 500 grams of green onion whites and 250 grams of
garlic. Chop the ingredients and decoct in 2000 milliliters of water. Take three times a day, 250 milliliters each time, for
2-3 days. Hope you recover soon!

@

2]

False Negative 1 (Labeled as negative, but annotated as positive by LLM)
RO RIAKFHYFRE FTHRRXAXEE LR G LA R . O RGY R LR, EU&RER A .
ELMBELARFTIEA . %‘;%%fﬂ iR # b
It is suggested to try oral antiviral medications and cold granules. If there is an infection, antibiotics should be added. If
oral medications are not effective, it is recommended to consider intravenous therapy. This should be done under the
guidance of a local doctor. For fever, you can use fever patches.
False Negative 2

B AR R L RE LR RAFER, B 2ARE BARGERILAZRAFRRIUALE . o R 2 }L% i
%m &P%a& REFALHAH L, AL S T 2T 3% 2 CBLRAD KA A &5 0 R #ATIE T
do RIEAH A ER, e B G RAE, TR A F 8B . W RERARE R, —#% 1@3%?&:‘%‘
&; s KBy R EHA RF AT ABREF . WRBFLEARTR, BRHZELRINFMA A EHRIF LK
) 7T g
A cold with fever is one of the most common illnesses and symptoms clinically. The specific medication should be
determined based on the specific symptoms and the patient’s physical condition. For children with a cold and fever,
monotherapy is usually chosen. For fever, acetaminophen or ibuprofen oral suspension can be used for treatment. If
there are other symptoms, such as nasal congestion and runny nose, pheniramine and caffeine granules can be used. For
adults with a cold and fever, compound formulations are generally preferred, such as phenylephrine, dextromethorphan,
and acetaminophen tablets, or compound paracetamol and amantadine. If the fever persists, it is important to promptly
complete blood tests and chest X-rays to rule out the possibility of pneumonia.
False Negative 3
AT, BT RIRF B R BB o F XKL R R FH R T LB A @ ARG BT R FE L R e B
A FEuRAELCRGYH T )"ﬂ,a’”‘iéﬁ,%iﬁm BALRKETT AT B A E Rk IR E im 3K B R 45 A R 69 e
L8 sdtr i v BARIK R SEF & S LB R — R FRT-I0RF ARG R RIFERAAEE AN
Hello, it is suggested to try oral antiviral medications and cold granules. Even viral colds can easily lead to secondary
bacterial infections, so it is better to add oral antibiotics. If oral medications are not effective, it is recommended to
consider intravenous anti-inflammatory treatment, as it provides higher blood drug concentration and faster results. For
those with phlegm, you can try adding fresh bamboo extract orally. Fever also requires the addition of extra antipyretic
drugs. It usually takes 7-10 days to recover. It is best to see a doctor.

Table 22: An example of false negatives in MedicalRetrieval. This example shows the topic intensity phenomenon
in medical domain: certain diseases or drugs generate a large volume of semantically similar queries and answers.
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Prompt:
This is a medical information retrieval task: given a medical query (Query), retrieve
documents (Passages)that can answer the question.

Given a medical query (Query) and {len(docs)} passages, your task is to rate the
relevance between the Query and each Passage.

Relevance scoring criteria:

S: The subject (e.g., disease name, drug name, inquiry target) and inten of Query and

Passage are fully consistent. The Passage can directly, completely, and correctly answer the Query.
A: The subject and intent of Query and Passage are consistent. The Passage contains

content that candirectly and correctly answer the Query.

B: The subject of Query and Passage is consistent, but the intent differs.

The Passage cannot directly answer the Query, but it is useful for inference.

C: The subject of Query and Passage is related, but the intent is inconsistent.

It can only partially match the Query from the text, but cannot answer the Query.

D: The subject and intent of Query and Passage are unrelated. Cannot answer the Query.

Notes:

1. Query and Passage are independent; there is no contextual relationship.

Do not infer or supplement the subject/intent of Query based on Passage.

2. If the Query is low-quality (e.g., missing subject, like "How to treat this disease?"),

the maximum relevance score for all Passages should not exceed B.

3. All Passages are independent; they are randomly ordered and have no contextual relationship.

Output format:

Your output must be a JSON object, containing only the required fields. The format is as follows:
{ "Passage-0": "A", "Passage-1": "C", ... }

Query and Passages are as follows:

- Query: {query}

{passages}

Remember: do not output any other content or explanation.
Your output must be only a JSON object with the required fields. Output:

Table 23: Prompt template for CMedTEB Retrieval and Rerank tasks
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Medical Query Rewriting Sample Generation (Positive and Negative Examples)

Task Objective: Your task is to generate one positive example and two negative examples based on a given original medical
query and a set of synonyms.

You will receive a JSON object containing the following fields:

"origin": "Original medical term",

"replace": "Synonym medical term for replacement”,

"query_pairs": { "origin": "Query sentence using the original term", "replace": "Query sentence using the replaced term" }

Generation Rules:

1. General Quality Standards (applicable to all outputs):

- Professional Expression: Use professional, fluent, and natural medical language.

- Medical Accuracy: Content must conform to medical knowledge and avoid ambiguity.
- Format Requirement: All outputs must be complete, fluent interrogative sentences.

2. Specific Sample Requirements:

- positive (Positive Example):

- Task: Optimize and rewrite the second query in query_pairs (the one containing the "replace" term).
- Intent: Must preserve the exact same intent as the original query.

- Terminology: Must use the term specified in the "replace" field.

- Constraint: Rewritten query length must be within £30% of the original query’s length.

- negative-1 (Negative Example 1):

- Task: Create a new query based on the topic of the original query, similar but distinctly different.
- Terminology: Must use the term specified in the "replace" field.

- Intent: Significantly alter the intent of the original query.

- negative-2 (Negative Example 2):

- Task: Create a new query based on the topic of the original query, similar but distinctly different.
- Terminology: Must use the term specified in the "origin" field.

- Intent: Significantly alter the intent of the original query (same rule as negative-1).

Output Format: Must be a JSON object containing only the following three fields. Do not add any extra explanations or
comments.

Input: {input}
Output:

Table 24: Prompt template for CMedTEB STS tasks

This is a retrieval task in the Chinese medical domain, requiring classification of positive and negative documents based
on the user’s medical query and search engine returned documents.

You will receive data containing the following fields:

"query": User input in the medical domain.

"documents": A candidate document set containing multiple documents, some relevant and some irrelevant — capable or
incapable of answering the query.

Your task is to identify "positive_document" and "negative_document" from the provided documents.
"positive_document": Relevant to the query; the document contains sentences that can answer the query.
"negative_document": Either relevant or irrelevant to the query, but the document content does NOT contain any sentence
that can answer the query.

Please follow these guidelines:

- Both "positive_document" and "negative_document" must come from the candidate document set.

- "positive_document" and "negative_document" are mutually exclusive — no document overlap is allowed.

Output Requirements:

Example: {out_exam}.

Your output must always be ONLY a JSON object, containing ONLY document indices (e.g., "doc-1"). Do NOT include
document content, explanations, or any additional text.

Input Data Format:

{"positive_document":["doc-1","doc-2"], "negative_document":["doc-3","doc-4"]}

Classity the documents in the input data according to the above rules, ensuring the output strictly follows the required
format.

Output:

Table 25: Prompt template for training data annotation
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