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Abstract

In this paper, we introduce ReasonEmbed,
a novel text embedding model developed for
reasoning-intensive document retrieval. Our
work includes three key technical contributions.
First, we propose ReMixer, a new data synthe-
sis method that overcomes the triviality prob-
lem prevalent in previous synthetic datasets,
enabling large-scale production of 82K high-
quality training samples. Second, we design
Redapter, a self-adaptive learning algorithm
that dynamically adjusts training each sample’s
weight based on its reasoning intensity. This
allows the model to effectively capture the com-
plex semantic relationships between queries
and documents. Third, we implement Rea-
sonEmbed across multiple backbones of vary-
ing sizes, all of which achieve superior perfor-
mance on reasoning-intensive retrieval tasks.
Notably, our ReasonEmbed-Qwen3-8B model
offers a record-high nDCG@10 score of 38.1
on the BRIGHT benchmark (SU et al., 2025),
which significantly outperforms existing text
embedding models. We will fully open-source
our created resources in ReasonEmbed to push
forward the research advancement in this field1.

1 Introduction

With the rapid advancement of large language mod-
els (LLMs), autonomous AI agents have become
increasingly popular across various real-world ap-
plications (Yao et al., 2023; Wang et al., 2024a;
Shinn et al., 2023), such as personal assistants, soft-
ware engineering, and scientific research. In many
of these scenarios, AI agents require access to infor-
mative external references to ensure the generation
of truthful answers. However, the complex seman-
tic relationships that often exist between queries
and documents in these emerging domains pose

*Corresponding authors
1All resources will be available at https:

//github.com/VectorSpaceLab/agentic-search/tree/
main/ReasonEmbed

significant challenges for existing information re-
trieval systems. Recent studies (SU et al., 2025)
suggest that most traditional retrievers, like general-
purpose text embeddings (Neelakantan et al., 2022;
Wang et al., 2024c; Xiao et al., 2024; Lee et al.,
2024b) and BM25, struggle with these reasoning-
intensive tasks, where effective retrieval often re-
quires intensive reasoning operations.

Despite the imperative demand, research on
reasoning-intensive document retrieval encounters
several fundamental challenges. A primary limi-
tation lies in the scarcity of suitable training data.
Most existing document retrieval datasets are cu-
rated from traditional applications (Bajaj et al.,
2016; Kwiatkowski et al., 2019), like web search
and question answering, which differ substantially
from the target problem in both query forms and do-
main knowledge. To alleviate data scarcity, recent
studies have explored the use of synthetic datasets
for developing retrieval systems (Lee et al., 2024b;
Li et al., 2024; Wang et al., 2024b). Building on
this idea, preliminary efforts have focused on data
synthesis strategies tailored to reasoning-intensive
document retrieval. An early attempt was made
by ReasonIR (Shao et al., 2025), where long-form
queries and hard negatives are synthesized using
scientific corpora. Subsequent research further ad-
vanced this direction by employing more sophisti-
cated query generation methods or by mining po-
tential queries from existing corpora (Das et al.,
2025; Liu et al., 2025; Long et al., 2025). However,
current progress remains limited, as empirical evi-
dence shows that these curated datasets yield only
marginal gains over existing text embeddings.

In this paper, we propose ReasonEmbed, a new
text embedding model for reasoning-intensive doc-
ument retrieval based on innovations of how syn-
thetic data is generated and used. Our work in-
cludes the following technical contributions.

First, we design a novel data synthesis method,
called ReMixer. Our study begins by identifying
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triviality as the key bottleneck in existing synthetic
datasets. Specifically, synthetic data often exhibits
overly direct relationships between queries and
documents, where the relevance can be easily cap-
tured by surface patterns, like similar terms or over-
lapping keywords. To support this, Section 5.4.1
presents evidence demonstrating that the triviality
problem severely impairs the retrieval capability of
fine-tuned embedding models. With this insight,
we design a three-stage workflow comprising con-
ditioned query generation, source-excluded can-
didate mining, and reasoning-enhanced relevance
annotation. This effectively mitigates trivial cases
while preserving the validity of the synthesized
training data.

Second, we introduce a self-adaptive train-
ing method tailored for synthetic data, termed
Redapter. Synthetic training samples exhibit vary-
ing levels of reasoning intensity, i.e., the degree
of reasoning needed to capture the relationship be-
tween a query and its related document. Embed-
ding models tend to reach performance saturation
more quickly on samples with lower reasoning in-
tensity. To address this, Redapter dynamically ad-
justs the weight of each training sample based on
its estimated reasoning intensity, thereby enabling
more effective utilization of the synthetic data.

Third, we implement ReasonEmbed based on
multiple LLM backbones of varying model sizes,
which achieve state-of-the-art performance on
reasoning-intensive document retrieval tasks. No-
tably, our model built on Qwen3-4B reaches an
nDCG@10 score of 37.1 on the BRIGHT bench-
mark (SU et al., 2025), which already surpasses
all existing text embeddings. While the Qwen3-8B
based variant improves the performance to 38.1,
yielding a significant improvement of almost +10
points over the cutting-edge baselines for this task.
Extensive empirical analyses further validate the in-
dividual contributions of our synthesized data and
self-adaptive training algorithm.

To summarize, our research offers a prelimi-
nary yet insightful exploration of advancing IR
techniques for newly emerged reasoning-intensive
scenarios. Our results demonstrate that, despite
unprecedented challenges, text embeddings con-
tinue to play a crucial role in such problems via
effective optimization. The entire resources of this
work, including the source code, curated dataset,
and well-trained models, will be publicly released
to facilitate future research in this field.

2 Related Work

In this section, the related works are reviewed
from two aspects: text embeddings, and reasoning-
intensive document retrieval.

Text Embeddings. Text embeddings have
emerged as a major research direction and have
been extensively studied in recent years. Early
works (Izacard et al., 2021; Wang et al., 2022; Li
et al., 2023; Xiao et al., 2024; Chen et al., 2024)
focused on improving the capabilities of embed-
ding models on general tasks through multi-stage
training on large-scale datasets. More recent stud-
ies (Ma et al., 2024; Wang et al., 2024b; Li et al.,
2024; Lee et al., 2025; Zhang et al., 2025) leverage
powerful LLMs as backbone models for embed-
dings, achieving state-of-the-art performance on
challenging benchmarks such as MTEB (Muen-
nighoff et al., 2022) and MMTEB (Enevoldsen
et al., 2025). To address the efficiency limita-
tions of large LLM-based embeddings, following-
up works further explore knowledge distillation
from larger teacher models to enhance the per-
formance of lightweight embeddings, thereby en-
abling more practical deployment in real-world ap-
plications (Zhang et al., 2024; Askari et al., 2025;
Vera et al., 2025).

Reasoning-Intensive Document Retrieval.
Reasoning-intensive document retrieval was first in-
troduced in BRIGHT (SU et al., 2025). Unlike tra-
ditional retrieval tasks, as represented by datasets
such as MSMARCO (Bajaj et al., 2016) and Nat-
ural Questions (Kwiatkowski et al., 2019), where
keyword or semantic-based matching is often suf-
ficient, reasoning-intensive document retrieval re-
quires in-depth reasoning to identify relevant doc-
uments. This poses unprecedented challenges for
existing general-purpose retrieval models. Recent
research in this area can be broadly categorized
into two directions. The first one aims to en-
hance first-stage retrieval performance on top of
tailored embedding models and query rewriting
methods (Shao et al., 2025; Das et al., 2025; Long
et al., 2025), while the second one focuses on devel-
oping reasoning-enhanced re-ranking models tai-
lored for reasoning-intensive tasks (Niu et al., 2024;
Weller et al., 2025; Yang et al., 2025b; Zhuang et al.,
2025; Liu et al., 2025; Lan et al., 2025). Despite the
current progresses, there still remain fundamental
challenges regarding the effectiveness of first-stage
retrieval and the curation of training data.
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Figure 1: The three-stage data synthesis workflow of ReMixer. The full prompts used in the data synthesis process
are available in Appendix A.

3 Data Synthesis: ReMixer

To ensure optimal data usability, the synthetic data
is expected to satisfy the following properties. 1)
The generated queries should require reasoning to
address their information needs. 2) The generated
queries should exhibit sufficient diversity in terms
of forms and domains. 3) The relationships be-
tween queries and their corresponding positive and
hard-negative documents should be accurately la-
beled. Guided by these principles, the following
data synthesis workflow is designed (Figure 1).

3.1 Query Generation

We propose a conditioned query generation frame-
work which prompts LLMs to produce quality and
diversified queries. Our method begins by sourcing
knowledge-rich corpora, which serve as a foun-
dation for generating complex queries that call
for intensive reasoning to address. In this work,
we directly leverage the 12 datasets included in
BRIGHT (SU et al., 2025), which span diverse
and closely related domains such as science, math-
ematics, and programming. We pre-process the
sourced corpora by removing documents that are
irrelevant to the labeled domain of their respective
datasets. Furthermore, to prevent data leakage, we
exclude any documents labeled as positives for the
evaluation queries in the BRIGHT benchmark.

With the preprocessed datasets, we design a
prompt template (shown in Figure 1) to instruct
the Qwen2.5-72B-Instruct (Team, 2024) model

for query generation. The prompt incorporates
three key design elements: 1) an explicit gener-
ation instruction, which ensures the production
of reasoning-necessitated queries; 2) query length
sampling, which promotes the creation of long-
form queries with diverse lengths; and 3) user edu-
cation level sampling, which introduces variation
in linguistic style and the depth of knowledge re-
flected in the generated queries.

3.2 Candidate Mining

Although widely adopted in existing approaches,
directly using source documents as positive sam-
ples often leads to trivial connections with the
generated queries. To address this problem, we
propose to exempt the source documents and in-
stead introduce documents that are different in form
but correlated in essence as positive candidates for
each generated query. Specifically, for each query
(q), we employ off-the-shelf retrievers (ϕ(·)) to
mine candidate documents, formally defined as:
Cq ← Top-k{ϕ(q, d) | D/d∗q}, where D/d∗q de-
notes the corpus excluding the source document d∗q
associated with query q.

3.3 Relevance Annotation

We further annotate the mined candidates, identify-
ing positive documents for each query while treat-
ing the remaining ones as hard negatives. Given
that the generated queries are designed to ex-
press complex information needs associated with
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knowledge-rich documents, the annotation process
is conducted based on in-depth reasoning.

To achieve this, we perform reasoning-enhanced
relevance annotation with optimized treatments.
On one hand, inspired by the successful practice
in JudgeRank (Niu et al., 2024), the annotation
workflow is formulated as a three-stage process:
1) Query analysis, which examines the underlying
information need expressed in the query; 2) Docu-
ment analysis, which assesses the detailed knowl-
edge contained in the document; 3) Relevance an-
notation, which determines the degree to which the
document satisfies the query’s information need.
The prompt template is shown in Figure 1.

On the other hand, we leverage state-of-the-art
reasoning LLMs as the backbone of the annotator.
Considering that the annotation process consumes
a huge amount of tokens, directly using a large-
scale reasoning LLM is prohibitively expensive.
To address this, we employ a tailored lightweight
LLM via distillation for cost-effective process-
ing. Specifically, a student annotator based on
Qwen3-8B is fine-tuned using reasoning trajecto-
ries from Qwen3-235B-A22B-Instruct-2507 (Yang
et al., 2025a). Detailed settings about these imple-
mentations are provided in Appendix A.

3.4 Synthesization Result

As shown in Figure 1, after the relevance annota-
tion stage, each candidate document for one query
has a relevance label in {1, 2, 3, 4, 5}. Documents
with labels in {3, 4, 5} are used as positives and
those with labels in {1, 2} are used as negatives.
The queries without any positive document are fil-
tered out of the final dataset. The statistics of the
final synthetic dataset are summarized in Table 1.
In total, 95,960 raw queries were initially gener-
ated. After the annotation process, 81,659 valid
queries remained, as those with no valid positive
documents found in the sourced corpus were fil-
tered out. In the final dataset, each query is as-
sociated with 12 positive documents on average,
providing rich supervision signals for training re-
trieval models. The average query length reaches
221 tokens, which is substantially longer than those
in traditional datasets and thus aligns well with the
requirements of reasoning-intensive retrieval tasks.

4 Training Method: Redapter

With the synthetic dataset constructed, the embed-
ding model is trained to discriminate positive docu-

Source #Query Avg. #Docs/Q Avg. #Tokens

(Final / Raw) Pos Neg Q Pos Neg

StackExchange (7)

Bio. 7,470 / 9,180 8 90 118 159 111
Earth 8,492 / 9,917 8 90 112 489 178
Econ. 7,147 / 7,837 14 84 117 428 321
Psy. 5,412 / 5,987 10 88 119 471 311
Rob. 7,159 / 8,015 8 90 151 364 167
Stack. 6,170 / 6,873 12 86 178 864 699
Sus. 4,493 / 5,031 13 85 106 368 187

Coding (2)

Leet. 8,640 / 9,979 11 87 713 378 335
Pony 3,261 / 3,287 10 88 398 156 151

Math (3)

AoPS 7,370 / 9,939 22 76 159 305 329
TheoQ. 7,184 / 9,919 21 78 155 246 302
TheoT. 8,861 / 9,996 5 93 259 445 513

Total 81,659 / 95,960 12 86 221 383 308

Table 1: Statistics of the synthetic dataset. #Query
(Final / Raw): number of training queries (final / raw).
Avg. #Docs/Q: average number of positive or negative
documents per query. Avg. #Tokens: average number
of tokens per data instance.

ments from negative ones (including both in-batch
negatives and the hard negatives provided in the
synthetic dataset) for each query. The training ob-
jective follows the standard InfoNCE loss, which
is formulated as:

min . Lq,D = − log
exp(⟨q, d+⟩/τ)∑
d′∈D exp(⟨q, d′⟩/τ) , (1)

where D includes one positive d+ and |D| − 1
negatives, ⟨·, ·⟩ denotes the dot-product similarity
between the embeddings of a query q and a docu-
ment d, and τ is the temperature parameter. Since
the embedding model must learn to capture the
subtle semantic relationships between queries and
documents, it is crucial to expose the model to
sufficiently challenging training samples. There-
fore, although reasoning-augmented queries, such
as those produced by GPT-4 in BRIGHT (SU et al.,
2025), can improve retrieval performance at test
time, we retain the original forms of the generated
queries during training rather than rewriting them.

4.1 Reasoning Intensity

Although all training samples are produced through
the same data synthesis pipeline, they exhibit vary-
ing levels of difficulty due to differences in their
source documents and inherent randomness during
the generation process. Easier samples typically
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involve relatively straightforward relationships be-
tween queries and documents, which can be cap-
tured without substantial reasoning and are learned
quickly by the model. In contrast, harder samples
embody more intricate semantic relationships that
require deeper reasoning to resolve and therefore
must be learned more patiently.

To capture this distinction, we define the concept
of reasoning intensity to reflect such distinctions
between training samples. Specifically, the hard-
ness of a sample is characterized by the extent to
which reasoning contributes to distinguishing rele-
vant from irrelevant documents. For easy samples,
the relevance can be determined through surface-
level matching, making additional reasoning less
beneficial. In contrast, hard samples depend heav-
ily on multi-step reasoning, where additional rea-
soning operations significantly benefit the discrim-
ination of the correct relationships. To quantify
this property, we leverage the query-rewriting tem-
plate from BRIGHT (SU et al., 2025) to generate a
reasoning-augmented query q′ for each raw query
q. The reasoning intensity of a sample s = (q,D)
is defined as the contrast between the query–doc
similarity computed with and without reasoning:

RIθ(s) = min
(
Lq,D/Lq′,D, κ

)
, (2)

where θ is real-time parameter of the embedding
model, L denotes the InfoNCE loss defined in
Eq. 1, and κ is the hyperparameter used for truncat-
ing too large reasoning intensity scores. A larger
RIθ(s) value indicates a stronger impact of reason-
ing, as the reasoning-augmented query (q′) sub-
stantially reduces the loss Lq′,D compared to its
non-reasoning counterpart Lq,D.

4.2 Self-Adaptive Learning
With the introduction of reasoning intensity, we in-
troduce a new self-adaptive learning method which
switches to minimize the RI-InfoNCE loss defined
as the following equation:

LRI =
∑

s=(q,D),s∈B
f(RIθ(s), B) ∗ Lq,D, (3)

where s is a training sample within a batch B,
and f(·) is a normalization function that scales
the reasoning-intensity scores within the batch:

f(RIθ(s), B) = RIθ(s)/
∑

s′∈B
RIθ(s

′). (4)

The embedding model is initialized from
a checkpoint pretrained on the MSMARCO

dataset (Bajaj et al., 2016). It is then optimized
based on the synthetic dataset, with RI-InfoNCE
adopted as the training objective. During the train-
ing process, samples with higher reasoning inten-
sity receive greater weights, allowing the model
to allocate more learning capacity to reasoning-
intensive cases while retaining moderate exposure
to simpler examples. This self-adaptive weighting
strategy facilitates a more efficient and balanced
learning process that enhances the model’s repre-
sentation capability in complex retrieval scenarios.
Notably, Redapter does not increase the training
computation cost significantly. We provide the cor-
responding evidence in Appendix B.3.

5 Experiments

In this section, we conduct experiments for the
following research questions:
RQ1: How effective is ReasonEmbed in reasoning-
intensive document retrieval compared with exist-
ing text embedding models?
RQ2: What is the impact of the synthetic dataset
on ReasonEmbed’s overall performance?
RQ3: How does the proposed training method con-
tribute to ReasonEmbed’s overall performance?
RQ4: How consistent and accurate are the annota-
tion labels generated by the distilled annotator?
RQ5: What insights can be drawn from the analysis
of important implementation details?

5.1 Setup

The basic settings of the experimental studies are
presented as follows.

Backbones. We adopt Qwen3-8B (Yang et al.,
2025a) as the default backbone for all experi-
ments. Besides, we use Qwen3-4B and Llama-3.1-
8B (Grattafiori et al., 2024) to evaluate ReasonEm-
bed’s effectiveness across other popular models.

Training. The entire 82K synthesized training
samples are used for fine-tuning the backbone mod-
els. The training is conducted for one single epoch,
where the RI-InfoNCE loss function is applied af-
ter a warm-up stage of 100 training steps with the
basic InfoNCE loss. Detailed training parameters
are provided in Appendix B.2.

Evaluation. We use BRIGHT (SU et al., 2025),
which includes 12 datasets spanning three domains,
as the main evaluation benchmark. To further as-
sess ReasonEmbed ’s out-of-domain performance,
we also incorporate R2MED (Li et al., 2025b), a
BRIGHT-like reasoning-intensive retrieval bench-
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Models Size Avg. StackExchange Coding Theorem-based

Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

General-purpose methods

BM25 - 14.5 18.9 27.2 14.9 12.5 13.6 18.4 15.0 24.4 7.9 6.2 10.4 4.9
OpenAI-3-Large - 17.9 23.3 26.7 19.5 27.6 12.8 14.3 20.5 23.6 2.4 8.5 23.5 11.7
Google-Gecko-1B-768 1B 20.0 22.7 34.8 19.6 27.8 15.7 20.1 17.1 29.6 3.6 9.3 23.8 15.9
GritLM-7B 7B 21.0 24.8 32.3 18.9 19.8 17.1 13.6 17.8 29.9 22.0 8.8 25.2 21.2
gte-Qwen2-7B-instruct 7B 23.5 34.1 42.6 18.2 27.4 13.2 17.3 20.9 30.4 2.2 13.3 30.6 32.6
Qwen3-Embedding-4B∗ 4B 21.8 17.8 34.7 16.9 23.3 12.5 16.2 16.8 35.7 1.4 9.8 35.5 41.5
Qwen3-Embedding-8B∗ 8B 22.8 21.0 33.0 18.4 26.1 15.7 19.4 17.3 33.8 1.2 9.4 39.2 39.3
Qwen3-4B-ms† 4B 19.4 16.8 34.9 16.0 19.4 20.1 18.8 11.1 33.3 9.1 8.7 27.0 18.0
Qwen3-8B-ms† 8B 18.7 15.9 35.6 16.1 19.1 20.5 19.2 11.7 29.2 9.5 8.4 22.2 17.0
Llama-3.1-8B-ms† 8B 16.1 12.2 29.3 14.3 16.7 14.7 14.4 11.6 28.9 3.5 8.7 23.7 14.9

Tailored methods for reasoning-intensive retrieval

ReasonIR-8B 8B 24.4 26.2 31.4 23.3 30.0 18.0 23.9 20.5 35.0 10.5 14.7 31.9 27.2
RaDeR-gte-Qwen2-7B 7B 25.5 34.6 38.9 22.1 33.0 14.8 22.5 23.7 37.3 5.0 10.2 28.4 35.1
Seed-1.5-Embedding - 27.2 34.8 46.9 23.4 31.6 19.1 25.4 21.0 43.2 4.9 12.2 33.3 30.5
DIVER-Retriever 4B 28.9 41.8 43.7 21.7 35.3 21.0 21.2 25.1 37.6 13.2 10.7 38.4 37.3

ReasonEmbed from basic contrastive learning (using InfoNCE loss)

ReasonEmbed-Qwen3-4B 4B 35.3 51.8 53.3 34.1 42.6 31.1 32.1 35.6 32.7 11.6 13.0 40.8 45.2
ReasonEmbed-Qwen3-8B 8B 37.1 54.4 55.4 33.8 45.2 32.0 34.3 37.3 32.3 18.7 13.3 41.2 47.6
ReasonEmbed-Llama-3.1-8B 8B 34.9 55.5 53.8 36.4 45.6 29.8 35.1 38.6 29.4 12.5 9.5 36.7 35.7

ReasonEmbed from Redapter (using the self-adaptive RI-InfoNCE loss)

ReasonEmbed-Qwen3-4B 4B 37.1 55.4 54.5 34.9 46.9 34.0 36.1 37.4 34.5 13.6 11.3 41.4 45.1
ReasonEmbed-Qwen3-8B 8B 38.1 55.5 56.6 36.2 47.4 35.3 36.6 39.1 33.6 16.4 12.5 41.4 47.2
ReasonEmbed-Llama-3.1-8B 8B 36.2 55.4 56.2 35.2 48.5 32.1 37.3 41.1 28.8 16.8 9.1 37.9 36.6

Table 2: Main evaluation results (nDCG@10) on the BRIGHT benchmark (using original queries). For the
baselines,“∗” denotes well-trained models released by existing studies and evaluated by us; “†” indicates reproduced
methods in this work. Other results are directly taken from the literature (SU et al., 2025; Das et al., 2025; Shao
et al., 2025; Long et al., 2025).

mark specifically curated for healthcare scenar-
ios. We also demonstrate the effectiveness of our
synthetic data on non-reasoning-intensive retrieval
tasks in Appendix C.4.

Baselines. We compare against two categories
of baselines: 1) general-purpose baseline retriev-
ers and 2) tailored methods for reasoning-intensive
retrieval. The experiment results for BRIGHT and
R2MED are presented in Table 2 and Table 3, re-
spectively. Details on the baseline methods are
provided in Appendix C.1.

5.2 Main Results (RQ1-RQ3)

The experimental results on the BRIGHT bench-
mark are presented in Table 2, where all variants of
ReasonEmbed demonstrate superior performance.
In particular, ReasonEmbed-Qwen3-4B achieves
an average nDCG@10 score of 37.1, surpassing
all existing baselines. ReasonEmbed-Qwen3-8B
further improves performance to 38.1, establish-
ing a substantial margin over previous methods.
Complementary results on the R2MED benchmark,
shown in Table 3, reveal that ReasonEmbed main-

tains a strong advantage over all baselines. Notably,
ReasonEmbed-Qwen3-8B achieves an nDCG@10
score of 43.18, which significantly improves upon
the MSMARCO-finetuned baseline Qwen3-8B-
ms (24.15) and outperforms the competitive base-
line, DIVER-Retriever (32.23), by more than 10
points. It’s worth noting that R2MED consists of
healthcare-related queries and documents, which is
substantially different from the data used to develop
ReasonEmbed. Thus, it highlights the model’s
strong out-of-domain generalizability. Overall, the
above results provide compelling evidence for the
effectiveness of ReasonEmbed.

In addition, the above results also provide crucial
insights to the effectiveness of both data synthesis
strategy and self-adaptive training method.

First, the synthetic dataset generated by ReMixer
plays a critical role in establishing ReasonEm-
bed ’s superior performance. Specifically, mod-
els fine-tuned on the synthetic data, including
ReasonEmbed-Qwen3-4B, ReasonEmbed-Qwen3-
8B, and ReasonEmbed-Llama-3.1-8B, achieve sig-
nificant improvements over their MSMARCO-
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Models Size Avg. Q&A Reference Clinical Evidence Clinical Case

Biology Bioin. MedS. MedE. MedD. PMCT. PMCC. IIYiC.

General-purpose methods

BM25 - 15.13 19.19 21.55 19.68 0.66 2.55 23.69 21.66 12.02
OpenAI-3-Large - 28.57 23.82 40.51 44.05 11.78 15.01 47.43 28.87 17.12
GritLM-7B 7B 31.12 24.99 43.98 45.94 12.32 19.86 39.88 37.08 24.94
NV-Embed-v2 7B 31.43 27.15 50.10 47.81 10.90 16.72 44.05 39.91 14.81
gte-Qwen2-7B-instruct∗ 7B 32.56 33.18 45.53 49.91 13.41 17.10 48.19 32.13 21.07
Qwen3-Embedding-4B∗ 4B 31.75 18.16 47.73 43.37 17.25 22.90 47.19 33.65 23.76
Qwen3-Embedding-8B∗ 8B 34.22 21.37 50.15 46.65 18.91 27.06 48.76 37.29 23.60
Qwen3-4B-ms† 4B 23.09 16.05 37.30 33.67 5.28 8.79 31.55 29.63 22.43
Qwen3-8B-ms† 8B 24.15 17.02 38.11 39.33 5.37 9.51 31.85 30.88 21.11
Llama-3.1-8B-ms† 8B 22.34 13.17 34.76 34.30 5.64 8.83 33.10 30.68 18.23

Tailored methods for reasoning-intensive retrieval

ReasonIR-8B∗ 8B 27.94 26.16 44.84 39.28 11.21 14.92 36.56 29.20 21.37
RaDeR-gte-Qwen2-7B∗ 7B 35.19 36.02 53.58 50.32 15.41 20.31 49.94 34.31 21.83
DIVER-Retriever∗ 4B 32.23 39.27 51.68 50.81 13.94 16.10 38.56 24.69 22.81

ReasonEmbed from basic contrastive learning (using InfoNCE loss)

ReasonEmbed-Qwen3-4B 4B 39.94 49.50 62.59 60.26 20.43 24.75 49.27 30.40 22.32
ReasonEmbed-Qwen3-8B 8B 42.36 51.65 65.17 65.89 20.67 27.98 51.71 33.79 22.01
ReasonEmbed-Llama-3.1-8B 8B 41.98 53.04 63.24 63.89 22.20 29.43 51.90 32.90 19.20

ReasonEmbed from Redapter (using the self-adaptive RI-InfoNCE loss)

ReasonEmbed-Qwen3-4B 4B 41.16 52.45 64.28 62.58 20.83 26.21 48.03 32.50 22.38
ReasonEmbed-Qwen3-8B 8B 43.18 54.01 66.33 67.64 20.93 27.96 51.38 33.76 23.43
ReasonEmbed-Llama-3.1-8B 8B 42.76 53.52 64.37 63.82 20.40 29.67 51.86 34.55 23.88

Table 3: Main evaluation results (nDCG@10) on the R2MED benchmark (using original queries). For the baselines,
“∗” denotes well-trained models released by existing studies and evaluated by us; “†” indicates reproduced methods
in this work. Other results are directly taken from Li et al. (2025b).

finetuned counterparts (Qwen3-4B-ms, Qwen3-
8B-ms, and Llama-3.1-8B-ms). Moreover, these
models also outperform general-purpose embed-
ding baselines built on the same backbone en-
coders, such as Qwen3-Embedding-4B and Qwen3-
Embedding-8B, both of which have been exten-
sively trained on existing text retrieval datasets.
This overwhelming advantage clearly demonstrates
the effectiveness of the synthetic dataset curated by
ReMixer.

Second, the self-adaptive training algorithm
Redapter further enhances the overall performance
of ReasonEmbed. Notably, the Redapter-based
variants consistently outperform their counter-
parts trained with conventional contrastive learn-
ing. These results validate the effectiveness of our
self-adaptive training approach and underscore the
crucial role of reasoning-intensive samples, a key
factor emphasized throughout both the data synthe-
sization and training stages.

5.3 Annotation Quality Assessment (RQ4)

To assess the annotation quality of the distilled an-
notator, we evaluate its consistency with the teacher

Model Cohen’s Kappa

Distilled Annotator 0.6001
Zero-shot Base Model 0.4314

Table 4: Annotation consistency evaluation of the dis-
tilled annotator and the zero-shot base model against
the teacher model.

model and compute its accuracy based on human
judgments from three authors of this paper.

Annotation Consistency. We construct a held-
out evaluation set by sampling 500 queries per task
and 10 documents per query, yielding 60,000 test
samples for annotation consistency evaluation. We
first use the teacher model and the distilled anno-
tator to annotate these test samples independently,
and then evaluate the annotation consistency using
Cohen’s Kappa. For comparison, we also evaluate
the agreement between the base model (Qwen3-
8B) and the teacher model. As shown in Table 4,
the distilled annotator obtains a Cohen’s Kappa
score of 0.6001 on average, showcasing substantial
agreement with the teacher model. Moreover, in
comparison with the base model’s score of 0.4314,
the distilled annotator achieves an absolute gain
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Model Accuracy

Teacher Model 86.1% (310/360)
Distilled Annotator 85.0% (306/360)

Table 5: Annotation accuracy evaluation of the distilled
annotator and the teacher model.

of 0.1687, demonstrating the effectiveness of the
distillation process.

Annotation Accuracy. We construct a held-out
evaluation set by sampling 10 queries per task and
3 documents per query, yielding 360 test samples
for annotation accuracy evaluation. We employ the
distilled annotator and the teacher model to anno-
tate these test samples independently. Then, human
annotators validate the accuracy under a strict stan-
dard, where the label is considered accurate if and
only if it aligns with human judgment. As shown in
Table 5, both the distilled annotator and the teacher
model achieve high average accuracies (85.0% and
86.1%, respectively), which demonstrates the high
quality of our final annotated training data.

5.4 Ablation Study (RQ5)

We conduct ablation study to analyze the detailed
impact of key designs across different components
of our framework, including 1) candidate min-
ing and 2) relevance annotation in data synthe-
sis, 3) reasoning-intensity computation methods
in the self-adaptive training, and 4) the influence
of scaling-up of the synthesized data. To eliminate
the effect of the self-adaptive training algorithm,
the basic InfoNCE loss is used for all ablation stud-
ies except that on reasoning-intensity computation
methods.

5.4.1 Candidate Mining
We first examine the impact of the candidate min-
ing method. As discussed in Section 3.2, our de-
fault implementation (denoted as DEFAULT) mines
candidate documents from the corpus while ex-
plicitly excluding the source documents to avoid
trivial matches. In the ablation study, we introduce
three alternative settings to analyze its effect: 1)
NON-ANNO, which replaces positive samples with
their corresponding source documents and directly
uses the mined negatives without additional anno-
tation, essentially following the common practice
adopted in prior studies (Moreira et al., 2024). 2)
SOURCE, which substitutes the positive samples
with the source documents while keeping the same
set of negatives as in DEFAULT. 3) SOURCE-PRO,

Method Positive Negative Avg.

DEFAULT mined & annotat. mined & annotat. 37.1
NON-ANNO source mined 16.1
SOURCE source mined & annotat. 14.5
SOURCE-PRO source & annotat. mined & annotat. 22.1

Table 6: Impact of candidate mining methods (evaluated
based on the BRIGHT benchmark).

Method ROUGE-1 ROUGE-2 ROUGE-L BRIGHT Score

DEFAULT 0.2411 0.0536 0.1439 37.1
SOURCE 0.3216 0.1351 0.2167 14.5

Table 7: ROUGE scores and BRIGHT performance
comparison between the baseline source-as-positive
method and our ReMixer method.

which further annotates the source documents and
only kept those annotated as positive on the basis
of SOURCE.

The experiment results are presented in Table 6,
where the following observations are made. First,
when comparing DEFAULT with NON-ANNO,
SOURCE, and SOURCE-PRO, the alternative meth-
ods only achieve nDCG@10 scores of 16.1, 14.5,
and 22.1, respectively, which are substantially
lower than the performance of the default method.
This clearly validates the necessity of excluding
source documents when curating synthetic train-
ing samples. Second, comparing NON-ANNO,
SOURCE, and SOURCE-PRO with one another, we
observe that the annotation process lifts the over-
all performance to 22.1 (SOURCE-PRO), despite
the triviality introduced by the source documents.
This further highlights the critical role of relevance
annotation in the data synthesis workflow.

Moreover, to illustrate the data triviality prob-
lem of the source-as-positive synthesis method,
we compute and compare the ROUGE scores of
two data sets: 1) the raw 95,960 generated query-
positive pairs, where the positive is the source doc-
ument used to generate the query, and 2) the final
81,659 synthesized query-positive pairs, where the
positive is randomly sampled from all positives
for that query. As presented in Table 7, DEFAULT

yields consistently lower ROUGE scores compared
to SOURCE. Furthermore, the BRIGHT perfor-
mance results indicate that the triviality problem
severely impairs the retrieval capability of fine-
tuned embedding models.

5.4.2 Relevance Annotation
We next analyze the impact of data annotation by
comparing different annotation methods. Our de-
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Method Training Reasoning Avg.

DEFAULT distilled w/ reasoning 37.1
ZERO-SHOT zero-shot w/ reasoning 32.4
NON-REASON distilled w/o reasoning 35.0

Table 8: Impact of on relevance annotation methods
(evaluated based on the BRIGHT benchmark).

LLM Reasoner Avg.

GPT-4.1-mini (default) 38.1
Qwen3-32B 37.8
Qwen3-8B 37.5
Qwen3-4B 36.5

Table 9: Impact of reasoning intensity scores computed
by different LLM reasoners (evaluated based on the
BRIGHT benchmark).

fault method, which employs a distilled lightweight
reasoning-LLM, is denoted as DEFAULT. To as-
sess its effectiveness, we introduce two alterna-
tive baselines. 1) ZERO-SHOT, which directly uses
the original lightweight LLM without distillation
from the teacher model; and 2) NON-REASON,
which disables the reasoning process and trains
the lightweight LLM to output annotation scores
directly (refer to Appendix C.3 for details).

The experiment results are reported in Table 8,
from which the following observations are made.
First, with the adoption of the distilled annota-
tor, DEFAULT improves overall performance from
32.4 (ZERO-SHOT) to 37.1. This suggests that
lightweight LLMs lack sufficient reasoning capa-
bility for reasoning-enhanced relevance annotation,
while distillation from a powerful teacher model
effectively alleviates this limitation. Second, incor-
porating explicit reasoning further enhances perfor-
mance, with DEFAULT improving the performance
from 35.0 (NON-REASON) to 37.1. This under-
scores the importance of reasoning in accurately
discriminating nuanced query–document relation-
ships during data annotation.

5.4.3 Reasoning-Intensity
We further investigate the impact of reasoning-
intensity scores computed using different LLM
reasoners. In this study, we incorporate four pop-
ular alternatives: GPT-4.1-mini (default), Qwen3-
32B, Qwen3-8B, and Qwen3-4B. It is worth not-
ing that the reasoning outputs, i.e., the reasoning-
augmented queries, are generated in the offline
stage, thus will not affect the efficiency of online
training. The experimental results are presented in
Table 9. As observed, the default setting using GPT-

10.2K 20.4K 40.8K 81.6K
Training Data size (log scale)

33

34

35

36

37

nD
C

G
@

10

33.1

36.1
36.6

37.1

BRIGHT Performance

Figure 2: Impact of synthetic data size on retrieval ac-
curacy (using basic contrastive learning for simplicity).

4.1-mini achieves the best performance, whereas
models relying on lighter LLMs such as Qwen3-
8B and Qwen3-4B perform noticeably worse. This
highlights that generating high-quality reasoning
augmentations is critical for accurately estimating
reasoning intensity, and that using sufficiently pow-
erful reasoning LLMs is essential for ensuring its
effectiveness.

5.4.4 Data Scaling

We finally investigate the impact of synthetic data
size. Since our data synthesis process is fully auto-
mated, the dataset can be continuously expanded
at negligible cost. In our experiments, ReasonEm-
bed is fine-tuned on gradually enlarged datasets.
As shown in Figure 2, the retrieval performance
improves substantially as the dataset grows from
10.2K to 81.6K samples. These results further
demonstrate the value of our synthesized data and
highlight the importance of automated data synthe-
sis for scaling reasoning-intensive retrieval models.

6 Conclusion

In this work, we present ReasonEmbed, a novel em-
bedding model designed for the emerging task of
reasoning-intensive document retrieval. We first in-
troduce ReMixer, a three-stage data synthesis work-
flow that generates diverse and reasoning-intensive
training samples. Building on this, we further pro-
pose Redapter, a self-adaptive training method that
dynamically weights samples based on their rea-
soning intensity, enabling more effective learning
from the synthetic data. Finally, our extensive ex-
periments on the BRIGHT benchmark demonstrate
that ReasonEmbed achieves significant improve-
ments over existing methods, while all introduced
technical component substantially contribute to its
superior performance.
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Limitations

While ReasonEmbed demonstrates strong perfor-
mance in reasoning-intensive document retrieval,
there remain several problems to improve. First,
although the data synthesis method significantly
enhances retrieval accuracy, it is still constrained
by the reasoning capacity of the underlying LLMs.
This limitation could be mitigated in the future
with more powerful LLMs, or with alternative ap-
proaches, such as crafted multi-agent workflows.
Second, the current work primarily focuses on
reasoning-intensive retrieval. Expanding training
to include both reasoning-intensive and general
retrieval data would make ReasonEmbed more
broadly applicable in practice. Third, our study
is currently limited to domains covered by exist-
ing benchmarks, particularly BRIGHT. Scaling to
more diverse domains will further strengthen the
model’s generalizability. Addressing these chal-
lenges will be a focus of our future research.

Ethics Consideration

Since our synthetic dataset is generated by LLM,
it may inherit potential biases, toxicity, and other
issues present in the LLM used during the gener-
ation process. Moreover, the corpora used in the
generation process are derived from the real-world
sources, they may contain sensitive content.
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A Details on Data Synthesis Method

In this section, we provide more details on our data
synthesis method, ReMixer.

A.1 Query Generation

Corpus Filtering Prompt. Table 13 presents the
prompt template used for filtering out domain-
inconsistent documents from the entire corpus. We
use the same LLM as used in query generation,
Qwen2.5-72B-Instruct, to perform corpus filtering.

Query Generation Prompt. The designed
prompt template for generating queries is presented
in Table 14. The explicit generation instructions
and output contents used in the query generation
prompt are available in Table 20. We refer to
CodeR-Pile (Li et al., 2025a) and E5-Mistral (Wang
et al., 2024b) in the designing process of our
prompt.

Sampling Parameters. For query generation,
we set the temperature to 1.0. The inference is
accelerated with SGLang (Zheng et al., 2024a).

A.2 Candidate Mining

Retriever Implementation. For a given task, we
utilize gte-Qwen2-7B-instruct (Li et al., 2023) to
mine the top-100 most relevant documents from
the corpus of this task as the candidate documents,
where the Faiss (Douze et al., 2024) index is built
and the ANN search method (Johnson et al., 2019)
is employed. The max query length and document
length are both set to 8,192 tokens when encoding
with gte-Qwen2-7B-instruct.

Effectiveness Sensitivity to the Initial Re-
triever. To explore the effectiveness sensitivity of
our method to the initial retriever, we compare three
different embedding models: 1) gte-Qwen2-7B-
instruct (default setting), 2) Qwen3-Embedding-
4B (Zhang et al., 2025), and 3) BGE-M3 (Chen
et al., 2024). For fair comparison, we maintain
other settings the same as those used by default,
including the relevance annotator, training settings,
and evaluation settings. Table 10 shows their per-
formance on BRIGHT to provide references for
their retrieval capabilities in reasoning-intensive
retrieval tasks. As observed, the initial retriever in
our data synthesis workflow has a slight impact on
the final performance of the fine-tuned embedding
model. Notably, though BGE-M3 performs poorly
on BRIGHT (nDCG@10 12.0), using it to mine
candidate documents only leads to an nDCG@10

Model Avg.

gte-Qwen2-7B-instruct 23.5
Final ReasonEmbed-Qwen3-8B 38.1

Qwen3-Embedding-4B 21.8
Final ReasonEmbed-Qwen3-8B 37.2

BGE-M3 12.0
Final ReasonEmbed-Qwen3-8B 35.9

Table 10: Impact of initial retriever (evaluated based on
the BRIGHT benchmark).

degradation of 2.2, which demonstrates the robust-
ness of our data synthesis method.

A.3 Relevance Annotation

Relevance Annotation Prompt. Table 16 presents
the prompt template used for reasoning-enhanced
relevance annotation. The crafted relevance defini-
tions are available in Table 21.

Distillation of Lightweight Annotator. We
first random sample 500 queries per task and sam-
ple 10 documents per query. We employ Qwen3-
235B-A22B-Instruct-2507 to generate reasoning
trajectories using the previously mentioned rele-
vance annotation prompt for these sampled query-
document pairs, leading to 60,000 training samples
for distillation. We use the LLaMA-Factory frame-
work (Zheng et al., 2024b) to fine-tune Qwen3-8B
on 8 NVIDIA H100 (80GB) GPUs in one epoch.
The learning rate is set to 1e-5 and the warmup
ratio is set to 0.1. The global training batch size is
set to 8 and the gradient accumulation steps is set
to 8.

Sampling Parameters. For relevance annota-
tion, we set the temperature to 0.7. For Qwen3
series models, we disable thinking mode when us-
ing the tokenizer. The inference is accelerated with
SGLang (Zheng et al., 2024a).

A.4 Synthesization Result

Task Instructions. The task instructions used in
our synthetic dataset originate from BRIGHT (SU
et al., 2025), which are presented in Table 17.

Licenses. The corpora in BRIGHT used for
data synthesis are licensed under CC BY-4.02. our
synthetic dataset is licensed under CC BY-NC-SA-
4.03. Therefore, our usage does not violate the
intended use of BRIGHT dataset.

2https://choosealicense.com/licenses/cc-by-4.
0/

3https://creativecommons.org/licenses/
by-nc-sa/4.0
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Figure 3: Data contamination analysis results (the com-
puted max weighted Jaccard similarity) between our
synthetic dataset and the testing data in BRIGHT and
R2MED.

Data Contamination Analysis. To address the
concerns of data leakage of the testing data in
BRIGHT and R2MED, we perform a string-match-
based query overlap analysis between the testing
data and our synthetic dataset. Specifically, for
each test query, we retrieve the top-20 most rele-
vant training queries in our synthetic dataset4 using
BM25 (Robertson et al., 2009), and then compute
the weighted Jaccard similarity between the test
query and each retrieved query. Figure 3 presents
the computed max similarity for each dataset, show-
casing that there is no data leakage in our synthetic
dataset.

B Details on Training Method

B.1 Query Reasoning

Query Reasoning Prompt. Table 15 presents
the prompt template used for generating reason-
ing queries.

Sampling Parameters. For generating
reasoning-augmented queries, we set the tempera-
ture to 1.0. The max number of new tokens is set
to 1024.

B.2 Experimental Settings

Hyperparameters. The temperature used in Eq. 1
is set to 0.02. The truncating threshold used in
Eq. 2 is set to 5.0. By default, we employ GPT-4.1-
mini to generate the reasoning-augmented queries.

Query Instruction Template. The
query instruction template uses “Instruct:
{task_instruction}\nQuery: {query}”.

4We only consider the corresponding training data in the
same domain for BRIGHT, and only consider the training data
in the Biology domain for R2MED.

Method #Steps Train Runtime / s

Contrastive Learning 1304 13144
Redapter (Ours) 1304 13378

Table 11: Training computation cost analysis of our
self-adaptive learning method Redapter.

Pooling Method. In our experiments, the em-
beddings are obtained by taking the last layer
[EOS] vector.

Max Sequence Length. The max sequence
length of query and document during training are
both set to 512.

Negatives Strategy. We use hard negatives, in-
batch negatives and cross-device negatives during
training, and the total number of negatives used for
each query is 1023.

Training. For efficient fine-tuning, we employ
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
with LoRA rank set to 64 and LoRA alpha set to
32. The learning rate is set to 1e-4 and the warmup
ratio is set to 0.1. The training is conducted on
8 NVIDIA H100 (80GB) GPUs with the FlagEm-
bedding5 framework. The initialization processes
on MSMARCO (Bajaj et al., 2016) of Qwen3-4B-
ms, Qwen3-8B-ms, Llama-3.1-8B-ms use the same
training settings as listed above.

B.3 Training Computation Cost Analysis

Though our self-adaptive learning method Redapter
involves computing reasoning intensity of samples
during training, the training computation cost does
not show significant change. As shown in Table 11,
when fine-tuning ReasonEmbed-Qwen3-8B, the to-
tal train runtime using Redapter only increases 234
seconds compared to using the original contrastive
learning method, demonstrating the efficiency of
our self-adaptive learning method.

C Details on Evaluation

C.1 Baselines

Table 22 lists all of the baseline models shown in
our paper.

C.2 Evaluation Settings

When performing evaluation on BRIGHT, we use
the task instructions presented in Table 17, and
set the max length of both query and document
to 8,192 tokens. When performing evaluation on
R2MED, we use the task instructions presented in

5https://github.com/FlagOpen/FlagEmbedding
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Table 18, and set the max length of both query and
document to 512 tokens. We employ the evaluation
framework from FlagEmbedding6.

C.3 Detailed Evaluation Results of Ablation
Study

Table 23 presents the detailed evaluation results
of ablation study on candidate mining methods
in Section 5.4.1. Table 24 presents the detailed
evaluation results of ablation study on relevance
annotation methods in Section 5.4.2, where the
annotation prompt template without reasoning used
in NON-REASON is available in Table 19. Table 25
presents the detailed evaluation results of ablation
study on reasoning-intensity computation methods
in Section 5.4.3. Table 26 presents the detailed
evaluation results of ablation study on training data
size scaling in Section 5.4.4.

C.4 Evaluation on Non-Reasoning-intensive
Retrieval Tasks

To demonstrate the effectiveness of our syn-
thetic data on non-reasoning-intensive retrieval
tasks, we fine-tune Qwen3-8B using our syn-
thetic data and NQ (Kwiatkowski et al., 2019),
respectively, and then perform evaluation on two
non-reasoning-intensive tasks, including TREC-
COVID (Voorhees et al., 2021) and KAPR (Ca-
pari et al., 2024). Table 12 presents the perfor-
mances on TREC-COVID and KAPR using differ-
ent training data to fine-tune the Qwen3-8B base
model. We can make the following observations:
1) First, though TREC-COVID and KAPR are not
reasoning-intensive retrieval tasks, our synthetic
data still helps to improve the model’s retrieval per-
formance on them. Specifically, performances on
TREC-COVID and KAPR consistently improve as
we scale the size of our synthetic dataset, demon-
strating the generalizability of its effectiveness. 2)
Second, our data achieves an even better impact
on traditional tasks than NQ, a popular dataset for
traditional question-answering retrieval, despite the
fact that it focuses on reasoning-intensive scenar-
ios. We believe the results here provide strong evi-
dence about the effectiveness of our data synthesis
method.

6https://github.com/FlagOpen/FlagEmbedding

Training Data #Samples TREC-COVID KAPR

NQ 58,568 64.40 75.26
Ours (10K) 10,202 57.68 54.58
Ours (20K) 20,411 75.20 63.93
Ours (full 80K) 81,659 79.86 76.99

Table 12: Performances on TREC-COVID and KAPR
using different training data to fine-tune Qwen3-8B base
model.

Given a passage, determine whether it belongs to the do-
main: {Domain}

The given passage:
[Begin of Passage]
{Doc}
[End of Passage]

Note:
- Your output must always be “Yes” or “No”.

Remember do not explain your output or output anything
else. Your output:

Table 13: Prompt template for filtering our domain-
inconsistent documents from the raw corpus. The place-
holder {Domain} is set by the following mapping func-
tion: {Biology, Earth Science, Economics, Psychology,
Robotics, Sustainable Living} → the original dataset
name. {Stack Overflow, LeetCode, Pony} → Coding.
{AoPS, TheoremQA Questions, TheoremQA Theorems}
→ Math.

{Generation Instruction}

The given content:
[Begin of Content]
{Input Content}
[End of Content]

Note:
- Your output must always be a string, only containing {Out-
put Content}.
- Your output should be independent of the given content,
which means that it should not containing the pronouns such
as "it", "this", "that", "the given", "the provided", etc.
- Your output ({Output Content}) should be about {Length}.
- Your output ({Output Content}) should require {Difficulty}
level education to understand.

Remember do not explain your output or output anything
else. Your output:

Table 14: Prompt template for generating task-
consistent queries. For placeholders, “{Generation In-
struction}” ∈ Table 20, “{Output Content}” ∈ Table 20,
“{Length}” ∈ {less than 100 words, 100 to 200 words,
200 to 300 words, 300 to 400 words, 400 to 500 words,
at least 500 words}, and “{Difficulty}” ∈ {high school,
college, phd}.
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Given a question, your mission is to follow the instructions
below:
1. Identify the essential problem.
2. Think step by step to reason and describe what informa-
tion could be relevant and helpful to address the questions
in detail.
3. Draft an answer with as many thoughts as you have.

The given question:
[Begin of Question]
{Original Query}
[End of Question]

Table 15: Prompt template for generating reasoning
queries for original queries.

Here is the relevance definition in a retrieval task: {Rele-
vance Definition}

Now given a query ({Query Type}) and a document ({Doc
Type}) in this retrieval task, your mission is to perform the
following steps to determine the relevance between the query
and the document.

1. Query Analysis: Think to reason and describe what
information would be most helpful in answering the query.
2. Document Analysis: Discuss how the information pro-
vided by the document fulfills or fails to fulfill the require-
ments implied by the query.
3. Relevance Annotation: Based on the relevance definition
and the insights from the previous two steps, clearly justify
your final relevance annotation result and annotate an integer
score from a scale of 1 to 5. Please use the following guide:

- 5 (Highly Relevant): The document is directly and fully
responsive to the query, providing comprehensive, accurate,
and specific information that completely addresses all as-
pects of the query.

- 4 (Relevant): The document is largely relevant and
provides most of the information needed, but may have
minor omissions, slight inaccuracies, or not be perfectly
aligned with the query’s intent.

- 3 (Moderately Relevant): The document has some rel-
evance and offers partial information, but it may be incom-
plete, vague, or include some irrelevant content. It provides
a basic connection but lacks depth or precision.

- 2 (Slightly Relevant): The document has minimal rel-
evance, with only a small portion of content tangentially
related to the query. The majority of the document is off-
topic or provides little value.

- 1 (Irrelevant): The document is completely unrelated
to the query and provides no useful information. There is no
discernible connection or value for answering the query.

After providing your detailed analysis and justification for
all the steps above, conclude your entire response with the
final relevance score. The score must be placed strictly
between the <score> tags. There should be no other text or
explanation inside the tags:
<score>
[From a scale of 1 to 5, annotate the degree of relevance
between the query and the document.]
</score>

Note: The whole response should be as concise as possible
while covering all the necessary details, and not exceeding
512 words in total.

Query ({Query Type}):
[Begin of Query]
{Query}
[End of Query]

Document ({Doc Type}):
[Begin of Document]
{Doc}
[End of Document]

Table 16: Prompt template for annotating the relevance
of query-document pair. For placeholders, “{Query
Type}”, “{Doc Type}”, “{Relevance Definition}” ∈ Ta-
ble 21.
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Task Name Task Instruction

StackExchange (7)

Bio.
Given a Biology post, retrieve relevant
passages that help answer the post.

Earth.
Given an Earth Science post, retrieve relevant
passages that help answer the post.

Econ.
Given an Economics post, retrieve relevant
passages that help answer the post.

Psy.
Given a Psychology post, retrieve relevant
passages that help answer the post.

Rob.
Given a Robotics post, retrieve relevant
passages that help answer the post.

Stack.
Given a Stack Overflow post, retrieve relevant
passages that help answer the post.

Sus.
Given a Sustainable Living post, retrieve
relevant passages that help answer the post.

Coding (2)

Leet.
Given a Coding problem, retrieve relevant
examples that help answer the problem.

Pony
Given a Pony question, retrieve relevant
passages that help answer the question.

Math (3)

AoPS
Given a Math problem, retrieve relevant
examples that help answer the problem.

TheoQ.
Given a Math problem, retrieve relevant
examples that help answer the problem.

TheoT.
Given a Math problem, retrieve relevant
theorems that help answer the problem.

Table 17: Task names and task instructions for all 12
retrieval tasks in our synthetic dataset.

Task Name Task Instruction

Q&A Reference (3)

Biology
Given a Biology post, retrieve relevant
passages that help answer the post.

Bioin.
Given a Bioinformatics post, retrieve relevant
passages that help answer the post.

MedS.
Given a Medical Science post, retrieve relevant
passages that help answer the post.

Clinical Evidence (3)

MedE.
Given a Medical Exam, retrieve relevant
passages that help answer the exam.

MedD.
Given a Medical Exam, retrieve relevant
passages that help answer the exam.

PMCT.
Given a Clinical Case, retrieve relevant
passages that help answer the case.

Clinical Case (2)

PMCC.
Given a Clinical Case, retrieve similar cases
that help diagnose the case.

IIYiC.
Given a Clinical Case, retrieve similar cases
that help diagnose the case.

Table 18: Task names and task instructions for all 8
retrieval tasks in R2MED.

Here is the relevance definition in a retrieval task: {Rele-
vance Definition}

Now given a query ({Query Type}) and a document ({Doc
Type}) in this retrieval task, your mission is to perform the
following steps to determine the relevance between the query
and the document.

1. Query Analysis: Think to reason and describe what
information would be most helpful in answering the query.
2. Document Analysis: Discuss how the information pro-
vided by the document fulfills or fails to fulfill the require-
ments implied by the query.
3. Relevance Annotation: Based on the relevance definition
and the insights from the previous two steps, clearly justify
your final relevance annotation result and annotate an integer
score from a scale of 1 to 5. Please use the following guide:

- 5 (Highly Relevant): The document is directly and fully
responsive to the query, providing comprehensive, accurate,
and specific information that completely addresses all as-
pects of the query.

- 4 (Relevant): The document is largely relevant and
provides most of the information needed, but may have
minor omissions, slight inaccuracies, or not be perfectly
aligned with the query’s intent.

- 3 (Moderately Relevant): The document has some rel-
evance and offers partial information, but it may be incom-
plete, vague, or include some irrelevant content. It provides
a basic connection but lacks depth or precision.

- 2 (Slightly Relevant): The document has minimal rel-
evance, with only a small portion of content tangentially
related to the query. The majority of the document is off-
topic or provides little value.

- 1 (Irrelevant): The document is completely unrelated
to the query and provides no useful information. There is no
discernible connection or value for answering the query.

Directly output the final relevance score without any expla-
nation or reasoning steps. The score must be placed strictly
between the <score> tags. There should be no other text or
explanation inside the tags:
<score>
[From a scale of 1 to 5, annotate the degree of relevance
between the query and the document.]
</score>

Note: The response should ONLY contain the score en-
closed within the <score> tags, with no additional text or
commentary. Example of correct format: <score>4</score>.

Query ({Query Type}):
[Begin of Query]
{Query}
[End of Query]

Document ({Doc Type}):
[Begin of Document]
{Doc}
[End of Document]

Table 19: Prompt template for annotating the relevance
of query-document pair without reasoning process
(used for ablation study in Section 5.4.2). For place-
holders, “{Query Type}”, “{Doc Type}”, “{Relevance
Definition}” ∈ Table 21.
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Task Name Generation Instruction Output Content

StackExchange (7)

Bio.
Given a Biology-related passage in {language}, generate a StackExchange post in {language} for which the critical
concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Earth.
Given a Biology-related passage in {language}, generate a StackExchange post in {language} for which the critical
concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Econ.
Given an Economics-related passage in {language}, generate a StackExchange post in {language} for which the critical
concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Psy.
Given a Psychology-related passage in {language}, generate a StackExchange post in {language} for which the critical
concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Rob.
Given a Robotics-related passage in {language}, generate a StackExchange post in {language} for which the critical
concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Stack.
Given a Coding-related passage in {language}, generate a StackExchange post in {language} for which the critical
concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Sus.
Given a Sustainable Living-related passage in {language}, generate a StackExchange post in {language} for which the
critical concepts or theories discussed in the passage can serve as references for domain experts to draft an answer.

the generated StackExchange post in {language}

Coding (2)

Leet.
Given a solved LeetCode problem (with solutions) in {language}, generate a new LeetCode problem in {language}
that the underlying algorithms or data structures from the original problem can help solve.

the generated LeetCode problem in {language}

Pony
Given a Pony documentation passage in {language}, generate a Pony coding instruction in {language} that the Pony
syntax described in the passage can help implement.

the generated Pony coding instruction in {language}

Math (3)

AoPS
Given a Math problem solution in {language}, generate a new Math problem in {language} that the problem-solving
skills used in the original problem can help solve.

the generated Math problem in {language}

TheoQ.
Given a Math problem solution in {language}, generate a new Math problem in {language} that the theorems used in
the original problem can help solve.

the generated Math problem in {language}

TheoT. Given a Math theorem in {language}, generate a Math problem in {language} that the theorem can help solve. the generated Math problem in {language}

Table 20: Generation instructions and output contents for all 12 retrieval tasks in our synthetic dataset. The
placeholder {language} is set to English.

Task Name Generation Instruction

StackExchange (7)

Bio.
Given a query (biology post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed in the
document can provide references for domain experts to draft an answer to the query.

Earth.
Given a query (earth science post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed in
the document can provide references for domain experts to draft an answer to the query.

Econ.
Given a query (economics post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed in
the document can provide references for domain experts to draft an answer to the query.

Psy.
Given a query (psychology post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed in
the document can provide references for domain experts to draft an answer to the query.

Rob.
Given a query (robotics post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed in the
document can provide references for domain experts to draft an answer to the query.

Stack.
Given a query (Stack Overflow post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed
in the document can provide references for domain experts to draft an answer to the query.

Sus.
Given a query (sustainable living post) and a document (passage), the document is relevant to the query if the critical concepts or theories discussed
in the document can provide references for domain experts to draft an answer to the query.

Coding (2)

Leet.
Given a query (LeetCode problem) and a document (coding problem solution), the document is relevant to the query if the underlying algorithms
or data structures used in the document can provide helpful insights for solving the problem in the query.

Pony
Given a query (Pony coding instruction) and a document (Pony documentation passage), the document is relevant to the query if the Pony syntax
described in the document is necessary for beginners with no prior knowledge of Pony to complete the coding instruction in the query.

Math (3)

AoPS
Given a query (math problem) and a document (math problem solution), the document is relevant to the query if the theorems used in the document
can provide helpful insights for solving the problem in the query.

TheoQ.
Given a query (math problem) and a document (math problem solution), the document is relevant to the query if the theorems used in the document
can provide helpful insights for solving the problem in the query.

TheoT.
Given a query (math problem) and a document (math-related passage), the document is relevant to the query if the theorem described in the
document can help solve the problem in the query.

Table 21: Relevance definitions used for annotation for all 12 retrieval tasks in our synthetic dataset. The query type
is italic, and the document type is underlined.
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Model Size Model Link

Lexical method

BM25 (Robertson et al., 2009) - https://github.com/xlang-ai/BRIGHT

General-purpose embedding models

OpenAI-3-Large - https://openai.com/index/new-embedding-models-and-api-updates
Google-Gecko-1B-768 (Lee et al., 2024b) 1B https://cloud.google.com/vertex-ai/generative-ai/docs/model-reference/text-embeddings-api
GritLM-7B (Muennighoff et al., 2024) 7B https://huggingface.co/GritLM/GritLM-7B
NV-Embed-v2 (Lee et al., 2024a) 7B https://huggingface.co/nvidia/NV-Embed-v2
gte-Qwen2-7B-instruct (Li et al., 2023) 7B https://huggingface.co/Alibaba-NLP/gte-Qwen2-7B-instruct
Qwen3-Embedding-4B (Zhang et al., 2025) 4B https://huggingface.co/Qwen/Qwen3-Embedding-4B
Qwen3-Embedding-8B (Zhang et al., 2025) 8B https://huggingface.co/Qwen/Qwen3-Embedding-8B

Reasoning-optimized embedding models

ReasonIR-8B (Shao et al., 2025) 8B https://huggingface.co/reasonir/ReasonIR-8B
RaDeR-gte-Qwen2-7B (Das et al., 2025) 7B https://huggingface.co/Raderspace/RaDeR_gte_Qwen2-7B_MATH_LLMq_CoT_lexical
Seed-1.5-Embedding - https://seed1-5-embedding.github.io/
DIVER-Retriever (Long et al., 2025) 4B https://huggingface.co/AQ-MedAI/Diver-Retriever-4B

Table 22: Detailed information on all of the baseline models shown in our paper.

Method Positive Negative Avg. StackExchange Coding Theorem-based

Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

ReasonEmbed-Qwen3-8B from basic contrastive learning (using InfoNCE loss)

DEFAULT mined & annotat. mined & annotat. 37.1 54.4 55.4 33.8 45.2 32.0 34.3 37.3 32.3 18.7 13.3 41.2 47.6
NON-ANNO source mined 16.1 13.1 26.2 11.1 14.6 15.1 16.3 14.5 28.8 5.0 6.2 22.8 19.0
SOURCE source mined & annotat. 14.5 11.4 22.0 12.9 12.6 15.6 16.3 15.5 23.5 5.0 6.4 20.4 12.4
SOURCE-PRO source & annotat. mined & annotat. 22.1 28.0 38.0 19.3 20.8 18.4 23.0 19.3 29.6 4.3 6.5 27.1 30.4

Table 23: Detailed evaluation results (nDCG@10) on BRIGHT benchmark (using original queries) for ablation
study of candidate mining methods.

Method Training Reasoning Avg. StackExchange Coding Theorem-based

Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

ReasonEmbed-Qwen3-8B from basic contrastive learning (using InfoNCE loss)

DEFAULT distilled w/ reasoning 37.1 54.4 55.4 33.8 45.2 32.0 34.3 37.3 32.3 18.7 13.3 41.2 47.6
ZERO-SHOT zero-shot w/ reasoning 32.4 46.1 51.2 31.7 40.1 28.2 31.4 32.6 33.3 4.3 9.4 38.1 42.7
NON-REASON distilled w/o reasoning 35.0 46.4 49.6 32.2 46.9 32.4 34.2 34.4 37.2 12.6 8.3 38.6 47.1

Table 24: Detailed evaluation results (nDCG@10) on BRIGHT benchmark (using original queries) for ablation
study of relevance annotation methods.

LLM Reasoner Avg. StackExchange Coding Theorem-based

Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

ReasonEmbed-Qwen3-8B from Redapter (using the self-adaptive RI-InfoNCE loss)

GPT-4.1-mini (default) 38.1 55.5 56.6 36.2 47.4 35.3 36.6 39.1 33.6 16.4 12.5 41.4 47.2
Qwen3-32B 37.8 55.4 56.4 35.8 48.7 33.7 37.3 37.9 33.1 16.6 12.1 42.1 45.0
Qwen3-8B 37.5 55.3 55.1 34.2 47.5 35.0 34.5 38.4 32.6 17.7 11.8 41.4 46.1
Qwen3-4B 36.5 52.7 52.1 33.9 44.6 30.1 33.0 37.5 32.7 19.7 13.6 41.1 46.9

Table 25: Detailed evaluation results (nDCG@10) on BRIGHT benchmark (using original queries) for ablation
study of reasoning-intensity computation methods.

Percentage Data Size Avg. StackExchange Coding Theorem-based

Bio. Earth. Econ. Psy. Rob. Stack. Sus. Leet. Pony AoPS TheoQ. TheoT.

ReasonEmbed-Qwen3-8B from basic contrastive learning (using InfoNCE loss)

100.0% 81.6K 37.1 54.4 55.4 33.8 45.2 32.0 34.3 37.3 32.3 18.7 13.3 41.2 47.6
50.0% 40.8K 36.6 56.2 53.0 34.4 45.6 31.9 36.4 37.6 33.8 11.4 11.9 41.7 45.7
25.0% 20.4K 36.1 54.3 54.4 33.1 44.8 30.7 35.5 35.7 34.7 8.7 12.4 41.3 48.2
12.5% 10.2K 33.1 49.0 48.8 29.8 41.2 28.6 34.5 33.0 35.6 5.5 11.0 39.3 40.5

Table 26: Detailed evaluation results (nDCG@10) on BRIGHT benchmark (using original queries) for ablation
study of training data size scaling.
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