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Abstract

Synthetic data is widely adopted in embedding models to
ensure diversity in training data distributions across dimen-
sions such as difficulty, length, and language. However, ex-
isting prompt-based synthesis methods struggle to capture
domain-specific data distributions, particularly in data-scarce
domains, and often overlook fine-grained relevance diversity.
In this paper, we present a Chinese short video dataset with
4-level relevance annotations, filling a critical resource void.
Further, we propose a semi-supervised synthetic data pipeline
where two collaboratively trained models generate domain-
adaptive short video data with controllable relevance labels.
Our method enhances relevance-level diversity by synthesiz-
ing samples for underrepresented intermediate relevance la-
bels, resulting in a more balanced and semantically rich train-
ing data set.

Extensive offline experiments show that the embedding
model trained on our synthesized data outperforms those us-
ing data generated based on prompting or vanilla supervised
fine-tuning(SFT). Moreover, we demonstrate that incorpo-
rating more diverse fine-grained relevance levels in train-
ing data enhances the model’s sensitivity to subtle semantic
distinctions, highlighting the value of fine-grained relevance
supervision in embedding learning. In the search enhanced
recommendation pipeline of Douyin’s dual-column scenario,
through online A/B testing, the proposed model increased
click-through rate(CTR) by 1.45%, raised the proportion of
Strong Relevance Ratio (SRR) by 4.9%, and improved the
Image User Penetration Rate (IUPR) by 0.1054%.

Introduction

Embedding models are fundamental components in many
natural language processing applications, including web
search, recommendation systems and so on(Huang et al.
2020; Zhao et al. 2023; Xi et al. 2025). Recent studies
have explored using LLMs to improve embedding quality
(Nie et al. 2024), particularly by synthesizing diverse, high-
quality training data to enhance the semantic accuracy of
embeddings. Gemini Embedding (Lee et al. 2025) propose
a multi-stage prompting strategy to synthesize both retrieval
and classification datasets to improve data quality; Qwen3
embedding (Zhang et al. 2025) and KaLM-Embedding (Hu

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

31591

et al. 2025) leverage Persona Hub (Ge et al. 2024) to guide
the data synthesis process, enabling the LLM to generate
data from a variety of user personas to construct diverse syn-
thetic train set.

Despite the effectiveness of these methods, existing LLM-
based data synthesis methods are predominantly prompt-
based and inherently limited by the generative capabili-
ties of the LLM itself. As a result, there remains a notice-
able gap between synthetic data and human-curated ground
truth data—particularly in low-source domain-specific sce-
narios such as short video platforms (Zhang et al. 2024).
Tang and Yang (2024) proposed FinMTEB, a counterpart
to MTEB (Muennighoff et al. 2022; Enevoldsen et al. 2025)
that consists of financial domain-specific text datasets, and
observed that the state-of-the-art embedding models on
MTEB got a significant performance drop on FinMTEB
compared to their performance on MTEB. This highlights
the necessity of synthesizing data that aligns with domain-
specific distributions.

Moreover, current synthesis methods primarily focus on
diversity in terms of attributes such as input length, diffi-
culty, and user personas. Little attention has been paid to
diversity in terms of semantic relevance, which plays a cru-
cial role in downstream tasks like retrieval and ranking.
Most synthesis methods adopt a binary relevance scheme
(i.e., relevant vs. irrelevant) and rely on contrastive learn-
ing to train embedding models. Although hard negative min-
ing(Zhang et al. 2022) has been widely employed to enhance
the model’s sensitivity to subtle relevance differences, the
binary formulation introduces a misalignment between the
training objective and downstream task requirements. For
example, retrieval tasks often demand fine-grained relevance
ranking of documents rather than coarse binary relevance
classification.

To address these limitations, we introduce a short video
relevance dataset, along with two test sets designed for
evaluating retrieval and pair classification tasks. All of
these datasets are annotated with 4-level fine-grained rele-
vance labels. Furthermore, we propose a Semi-Supervised
Relevance-Aware data synthesis pipeline, termed SSRA.
SSRA captures domain-specific data distributions while en-
abling the controllable generation of samples with prede-
fined semantic relevance levels. It comprises two stages:
the first enhances diversity across the synthesized data, and



the second improves the precision of relevance-conditioned
generation. By jointly training on annotated domain-specific
relevance datasets and high-quality synthetic data generated
by SSRA, the embedding model is able to capture fine-
grained semantic relevance tailored to the target domain.

We empirically validate SSRA by augmenting training
data for the Qwen3-Embedding 4B model. Compared to the
baseline trained on annotated data only, our method achieves
a 1.73% improvement in nDCG@10 on the retrieval task
and a 2.80% gain in average precision (AP) on pair clas-
sification. SSRA outperforms prompt-based synthetic data
generation and vanilla supervised fine-tuning (SFT) syn-
thetic data generation baselines, demonstrating its effective-
ness in synthesizing domain-relevant data with target fine-
grained relevance label. Moreover, our analysis highlights
the importance of fine-grained semantic relevance diversity
in improving downstream performance of embedding mod-
els. The embedding model trained with SSRA-augmented
data has been deployed in the search enhanced recommen-
dation pipeline of a Douyin’s dual-column scenario, where
it achieved significant gains in online A/B testing: CTR
+1.45%, SRR +4.9%, and IUPR +0.1054%.

In summary, our contributions are as follows:

* We propose a short video domain relevance dataset and
two corresponding test sets for retrieval and pair classifi-
cation, filling a critical gap in existing benchmarks.

We introduce SSRA, a novel and effective pipeline
for synthesizing domain-specific, fine-grained relevance
data for embedding model training.

We empirically demonstrate that increasing the fine-
grained semantic relevance diversity of training data im-
proves embedding models’ sensitivity to fine-grained rel-
evance, offering a new perspective on leveraging syn-
thetic data for downstream enhancement.

Extensive experiments show that embedding models
trained on SSRA-generated data achieve substantial im-
provements in both offline metrics on proposed test sets
and real-world online deployment, validating the practi-
cal effectiveness of our approach.

Related Work
Embedding Model Training

Embedding models serve as fundamental building blocks for
a wide range of natural language processing (NLP) tasks,
such as semantic similarity, information retrieval, and classi-
fication(Chandrasekaran and Mago 2021; Huang et al. 2020;
Keraghel, Morbieu, and Nadif 2024). With the advent of
pre-trained language models(PLMs), the learning paradigm
of embedding models gradually unify to contrastive learn-
ing(Wu et al. 2020; Gao, Yao, and Chen 2021; Izacard et al.
2021). Contrastive learning focuses on constructing posi-
tive and negative sample pairs, and optimizes the embed-
ding space by pulling positive pairs closer and pushing neg-
ative pairs farther apart. A typical loss function used in
this framework is the InfoNCE loss(Oord, Li, and Vinyals
2018). Recent state-of-the-art LLM-based embedding mod-
els(Lee et al. 2025; Zhang et al. 2025), whose backbone are
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LLMs(Team et al. 2023, 2024; Yang et al. 2025), continue
to follow the contrastive learning paradigm, focusing on en-
hancing model performance through higher-quality positive
and negative pairs, as well as improved loss functions based
on InfoNCE loss.

Synthetic Data Generation for Embedding Models

Synthetic query generation (Liang et al. 2020; Jeronymo
et al. 2023) based on given documents has been widely
used to create diverse training data for embedding models.
Lee et al. (2024) showed that documents used to synthe-
size queries may be suboptimal as positive examples. To ad-
dress this, their method retrieves candidate documents using
the generated query and selects the most relevant one via
LLM-based scoring. Moreover, many studies directly syn-
thesize positive and hard negative documents as training data
for embedding-based retriever tuning. Kim and Baek (2025)
leveraged LLMs to synthesize both positive and hard nega-
tive documents, aiming to distill the natural language under-
standing capabilities of LLMs into a lightweight retriever.
Shao et al. (2025) proposed a data synthesis pipeline that
generates a challenging yet relevant query and a correspond-
ing hard negative document given a document, facilitating
the construction of high-quality training triplets.

While these work improved embedding models by syn-
thesizing high-quality and diverse training data, the notion
of relevance is still limited to binary labels. This binary
supervision introduces a fundamental discrepancy between
the training objective of embedding models and the require-
ments of downstream tasks such as retrieval and reranking.
To overcome this limitation, Esfandiarpoor et al. (2025) pro-
posed SyCL, a prompt-based approach to generate 4-level
relevance documents for a given query using LLMs.

Short Video Relevance Dataset

To facilitate the study of domain-specific synthetic data gen-
eration with fine-grained relevance control, we present a
novel short video relevance dataset tailored to real-world
search and recommendation scenarios with 4-level relevance
label. Unlike general-purpose datasets, which often lack do-
main specificity, our dataset captures the rich diversity and
complexity of user intent within the short video domain.

Specifically, we construct a short video search relevance
training set along with two evaluation sets, targeting retrieval
and pairwise classification tasks respectively. These datasets
enables more fine-grained representation learning and eval-
uation beyond conventional binary relevance setups, and fa-
cilitates deeper exploration into semantic matching under
domain-specific relevance granularity.

Data Collection

The core of constructing a search relevance dataset lies in
building high-quality query-document pairs. However, in the
short video domain, each item is inherently multi-modal and
lacks explicit textual representation, making it infeasible to
directly collect query-document pairs. To address this, we
adopt a two-stage data construction pipeline.



Dataset | Size | 0 1 2 3 | #Queries | #Docs | Avg Query Len. | Avg Doc Len.
Search Relevance Train Set | 207,439 | 65.47  2.85 1.60  30.07 141,950 | 199,677 7.47 364.69
Retrieval Test Set 10,866 | 44.17 16.67 14.83 24.33 372 10,605 9.26 454.47
Pair Classification Test Set 3,390 | 5445 7.17 1.95 3643 3,291 3,389 8.14 343.93

Table 1: Statistics and relevance label distributions of the released datasets. Columns named 0-3 indicate the proportion of each

relevance label.

Label |
3

Definition

Fully and precisely satisfies the user intent with
complete semantic relevance to the query.

Generally satisfies the user intent and is semanti-
cally relevant, but some non-key elements of the
content are missing or unmatched.

Partially satisfies the user intent; relevance is pre-
served for key entities or concepts, but significant
aspects of the need are unmatched.

Neither satisfies the user intent nor maintains any
meaningful semantic relevance to the query.

Table 2: Definitions of the 4-level relevance labels used for
short video search relevance annotation.

Step 1: Query-Item Collection. We first collect query-
item pairs, where each item refers to a short video on the
short video platform. To obtain high-quality query-item can-
didates for annotation, we leverage search click logs of
Douyin. Specifically, we employ two complementary strate-
gies:

* Query-driven retrieval: A set of real user queries is
sampled, and candidate items are retrieved using an in-
ternal search engine to form query-item pairs.

¢ Click-based sampling: Query-item pairs are directly ex-
tracted from search click logs, representing actual user
interaction signals.

The training set is constructed by combining data from
both strategies to ensure richness and diversity. The retrieval
test set exclusively uses query-driven retrieval data to simu-
late realistic candidate ranking scenarios, while the pairwise
classification test set is built solely from click-based query-
item pairs.

Step 2: Document Generation. Since short videos lack
natural language descriptions, we convert each item into a
textual representation using a LLM. Specifically, we utilize
Doubao-1.5-Pro-32K! to rewrite the item’s available meta-
data—namely, its OCR? and ASR? fields, into coherent tex-
tual descriptions. These rewritten descriptions, combined

'https://console.volcengine.com

2Optical Character Recognition (OCR) extracts visual text ele-
ments, such as overlaid captions or scene text, from video frames
to support semantic interpretation.

3 Automatic Speech Recognition (ASR) transcribes spoken au-
dio in the video into text, enabling downstream language under-
standing tasks.
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with the item’s title, form the final document associated with
each item. The prompt for rewrite OCR and ASR can be
found in Appendix-Prompts.

It is worth noting that item ranking in search list is influ-
enced by factors beyond semantic relevance, such as person-
alization and item popularity. As our objective is to model
pure semantic relevance, we filter out query-item pairs with
extremely low click-through rates to reduce bias from non-
relevance signals.

Data Annotation

After selecting query-document pairs, each query-document
pair is annotated with a relevance label on a 4-level scale
{0, 1,2, 3} based on a unified annotation guideline. The def-
initions of each relevance level are detailed in Table 2. This
multi-level relevance scheme is specifically designed to re-
flect nuanced semantic relevance in the context of short
video search, capturing domain-specific aspects of content
matching and user intent understanding.

To ensure annotation quality and inter-annotator consis-
tency, we adopt a dual-annotation with adjudication pro-
tocol. Specifically, each pair is independently annotated by
two annotators. In cases where their annotations disagree,
an expert examiner—well-versed in short video search rele-
vance—is consulted to adjudicate and assign the final label.

Dataset Statistics

The overall statistics of the three datasets are presented in
Table 1. It is worth noting that relevance labels 1 and 2 are
significantly underrepresented across all datasets, resulting
in a highly imbalanced label distribution along the 4-level
relevance scale. This observation highlights the necessity of
employing data synthesis techniques to enrich mid-level rel-
evance samples, thereby improving the training signal qual-
ity and enabling more effective learning of fine-grained rel-
evance distinctions.

Preliminaries
Problem Formulation

Let Duapelea = {(qi,d;,s:)}, be a labeled dataset, where
¢; denotes a query, d; denotes a document, and s; € S =
{0, 1,2, 3} represents the discrete relevance label between
the query and document. Additionally, we are given an
unlabeled dataset Dypjabeled = {(qj,dj)}j]‘i1 containing a
large number of query-document pairs without associated
relevance labels. The queries in both datasets are assumed
to follow a domain-specific query distribution Pyomain, i.€.,
¢i ~ PiomainVqi € Dravel, UDunlabeled-
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Figure 1: The overview of the proposed two-stage Semi-Supervised Relevance-Aware data synthesis(SSRA) pipeline. Steps
1-4 on the left (highlighted in blue) correspond to Stage 1, while steps 5—7 on the right (highlighted in green) represent Stage
2. The term D2Q refers to a data structure where each document is associated with multiple queries.

Our goal is to learn a controllable query model f
(d, s) — ¢ that, given a document d and a target relevance
label s € S, generates a query ¢ such that:

1) ¢ is sampled from the domain distribution Pyomain, , and

2) the semantic relevance between ¢ and d aligns with the
specified score s.

By leveraging this model, we can synthesize query-
document pairs with fine-grained, controllable relevance
levels that match the target domain distribution.

Method

In this section, we present our proposed SSRA pipeline. The
overall framework is illustrated in Figure 1. Our approach
is designed as a two-stage process, each targeting distinct
objectives to progressively improve query synthesis quality.

Stage 1: Enhancing Query Diversity via
Score-Based Re-annotation

As discussed in a previous section, one source of annotated
data in our proposed dataset involves retrieving multiple
candidate documents for a given query, followed by manual
annotation. This data construction paradigm reduces the di-
versity of generated queries from query model, as the query
model may learn to map multiple distinct documents to the
same query during training.

To address this issue, we introduce a relevance classifi-
cation model, referred to as the score model, trained on the
labeled dataset to predict discrete 4 relevance labels. Using
this model, we collect unlabeled data grouped by document
and assign relevance labels to associated queries, enabling
the construction of training instances where each document
is paired with multiple queries exhibiting different relevance
levels. Finally, we merge the resulting synthetic dataset with
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Figure 2: Illustration of our score-based re-annotation strat-
egy in Stage 1. S represents the target relevance score. Left:
In the original labeled dataset, multiple documents are asso-
ciated with the same high-frequency query, leading to re-
duced diversity in query generation. Right: After Stage 1
re-annotation, each document is linked to multiple queries
with varying relevance labels, as labeled by a tuned score
model. This enables the query generation model to synthe-
size diverse queries for unseen documents during inference.

the deduplicated version of the original labeled data to train
the initial version of query model. This restructured training
corpus helps enhance query diversity in the early stage of
model learning. Moreover, leveraging real user queries ex-
tracted from large-scale unlabeled data enables the model
to better approximate the distribution of in-domain queries,
thus fostering more realistic and domain-specific query syn-
thesis. Figure 2 shows the change during inference after ap-
plying the re-labeled training dataset for query model.



0.6B Model

4B Model

Method nDCG@10 | AP@>1 AP@>2 AP@>3 Avg | nDCG@I10 | AP@>1 AP@>2 AP@>3 Avg
Base Model BM) | 7136 | 7263  69.12 6674 6950 | 7320 | 7296  69.14 6661  69.57
SyCL Modified ‘ 71.50 ‘ 7034 6690 6475 6733 ‘ 73.56 ‘ 7130 6743 6511 6795
Vanilla SFT 71.88 7372 7008 6738 7039 | 7432 7422 7049 6790  70.87
SSRA | 7197 | 7413 7043 6780 7079 | 7447 | 7492 7118 6847 7152

Table 3: Retrieval and pair classification evaluation results for Qwen3-Embedding of different scales (0.6B vs. 4B). AP@> i
represents Average Precision(AP) computed by treating all samples with relevance labels greater than or equal to ¢ as positive
(relevant), and the rest as negative (irrelevant). SSRA consistently improves both nDCG@ 10 and AP across model sizes.

Stage 2: Enhancing Alignment Between
Synthesized Queries and Target Relevance Labels

Despite being trained on carefully constructed data, the
query generation model still struggles to reliably synthesize
queries that align with specified target relevance labels.

To address this issue while maintaining training effi-
ciency, we adopt an iterative refinement approach that aug-
ments the training data with generated queries that better
match the desired relevance labels. This is achieved through
the following steps:

* Initial Synthesis: We first leverage the query model
trained in Stage 1 to generate a large pool of synthetic
queries on the unlabeled document set, conditioned on
specific relevance labels.

Score-based Filtering: To ensure the quality of syn-
thesized data, we apply the score model tuned on pro-
posed labeled data set to predict the relevance label of
each query-document pair. Only those synthetic exam-
ples where the predicted label matches the intended tar-
get label are retained.

Pairwise Consistency Filtering via LLM: Given that
the score model may still introduce errors, we further re-
fine the dataset using a LLM. For each document, we
compare pairs of generated queries with differing rele-
vance labels, and filter out cases where the relative or-
der of relevance—judged by the LLM—is inconsistent
with the relevance labels. This pairwise filtering step im-
proves the fidelity of relevance differentiation within a
single document context.

The remaining high-quality samples are then combined
with the original training data from Stage 1 to form an en-
riched dataset for a second round of query model training.
This iterative training process leads to a more robust and
relevance-aligned query generator.

Experiments
Experimental Settings

Implementation Details. To train both the query model
and the score model, we adopt Doubao-1.5-Pro-32K as the
backbone and both models are trained using a batch size of
16 and an initial learning rate of 1 x 1075, To utilize 4-
level relevance labels, we utilize infoNCE loss with label as
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additional weight of loss*.

Following the two-stage SSRA pipeline, we use the fi-
nal query model to synthesize relevance-controlled queries
for 1 million distinct short video documents, covering rele-
vance labels of 1, 2, and 3°. The synthesized queries are then
filtered using the score model to ensure label consistency.
These high-quality synthetic queries are combined with the
proposed annotated train set to form the final train set for the
embedding model.

We employ Qwen3-Embedding® as the backbone for em-
bedding model training, and utilize both in-batch negative
sampling and hard negative mining techniques. For We train
embedding models at two parameter scales: 0.6B and 4B.
For both settings, we adopt the Qwen3-Embedding archi-
tecture with lora fine-tuning, following the implementation
from the Qwen3-Embedding blog’. Specifically, we apply
LoRA (Hu et al. 2022) with a rank of 32 and the models
are trained with a batch size of 512 and a learning rate of
1x 1075,

More implementation details and corresponding codes are
provided in Appendix-Implementation.

Evaluation Settings. We evaluate our methods on the pro-
posed two benchmarks in short video domain: a retrieval test
set and a pairwise classification test set. Each benchmark is
annotated with four-level relevance labels (0 to 3), captur-
ing fine-grained relevance signals. More details of proposed
three data sets can be found in Appendix-Dataset.

For the retrieval test set, we follow the
MTEB(Muennighoff et al. 2022) evaluation protocol
and report nDCG@10 as the primary metric. For the
pairwise classification test set, we also follow the MTEB
standard and report Average Precision (AP) at different
relevance thresholds (label > 1, 2, and 3) to assess semantic
matching quality at varying levels of granularity.

Baselines. We consider several baselines to evaluate the
effectiveness of our SSRA pipeline. First, we include a
Base Model trained directly on the annotated training data
without any synthetic augmentation. Second, we evaluate

ir = % Z?:l si - LinfoNcE, Where s; € {0, 1,2, 3} is the
i-th relevance label in batch, B is batch size.

>We use in-batch negative method to get negative pairs, whose
relevance label is 0.

®https://huggingface.co/Qwen

"https://qwenlm.github.io/blog/qwen3-embedding/



0.6B Model 4B Model
Method nDCG@10 AP@>1 AP@>2 AP@>3 | nDCG@10 AP@>1 AP@>2 AP@>3
Binary 71.66 87.36 75.54 54.22 73.73 91.19 77.02 58.39
Multi-Level 71.78 88.89 76.70 52.86 74.23 91.28 77.63 55.25

Table 4: Performance of Qwen3-embedding trained with SSRA augmented data with binary(0,1) and multi-level(0,1,2,3) rele-
vance labels. Note that the AP results are calculated in a balanced-version pair classification test set.

a Vanilla SFT baseline, where synthetic data is gener-
ated by a query model trained on the annotated dataset
and used to augment training dataset. Third, we include
a prompt-based baseline, SyCL Modified, adapted from
SyCL(Esfandiarpoor et al. 2025) which originally generates
documents of varying relevance labels given a query. We re-
tain its core prompt design but modify the objective to gener-
ate relevance-controlled queries given a document, making
it a representative of prompt-based query synthesis methods.

Main Results

Table 3 shows our main results on the effectiveness of
SSRA-generated, domain-specific synthetic data with con-
trollable fine-grained relevance levels for training embed-
ding models. Compared to the Base Model, our method
yields a 1.73% improvement in nDCG@ 10 on the retrieval
task and a 2.80% gain in average precision (AP) on the pair
classification task for the Qwen3-Embedding 4B model. For
the smaller Qwen3-Embedding 0.6B model, our approach
still brings notable gains, with a 0.85% improvement in
nDCG@10 and a 1.86% increase in AP.

Our method consistently enhances the performance of
Base Model on domain-specific retrieval and pairwise clas-
sification tasks. The improvements are observed across mod-
els of different parameter scales, demonstrating the robust-
ness of our approach. Furthermore, it outperforms both
prompt-based generation methods and direct supervised
fine-tuning (SFT) baselines, highlighting the effectiveness
of our relevance-controllable query synthesis framework.

Notably, the prompt-based synthesis approach SyCL
Modified not only fails to improve, but in fact degrades
the performance of the embedding model on the pairwise
classification task. Specifically, it leads to a drop of 2.17
points in average AP for the 0.6B model and 1.62 points
for the 4B model. In contrast, the tuning-based synthesis
methods, even when simply trained on annotated data, con-
tributes positively to model performance. Surprisingly, our
SSRA method yields substantial gains, improving average
AP by 1.29 points on the 0.6B model and 1.95 points on the
4B model. These results highlight the limitations of prompt-
based approaches in generating effective domain-specific
training data.

Ablation Study and Additional Analysis

We conducted additional experiments, aiming at answering
the following key research questions (RQs).

RQ1: Does fine-grained relevance with balanced distri-
bution matters? To assess whether a more diverse rele-
vance distribution (i.e., 4-level relevance labels with a more
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balanced label distribution) can lead to improved model per-
formance compared to traditional binary supervision, we
conduct controlled experiments using the SSRA-augmented
dataset. We evaluate our model using the proposed retrieval
test set and a subset of the pair classification task. Since
the original pair classification subset contains an imbalanced
distribution with only a small proportion of label 1 and 2
samples, we construct a balanced version consisting of 60
test instances for each label (0, 1, 2, 3).

As shown in Table 1, in the original human-annotated
dataset, samples with the middle relevance label (12) are un-
derrepresented, and conventional binary annotation schemes
tend to label partially matched pairs as non-relevant (i.e.,
score 0), resulting in a skewed and coarse relevance distribu-
tion. In contrast, the SSRA framework, via the query model,
synthesizes additional middle-relevance samples, leading to
a more balanced and fine-grained label distribution.

To simulate the binary relevance setting, we construct
a binary subset by filtering out all score-12 samples from
the SSRA-augmented dataset. The multi-level subset retains
the full range of 4-level relevance labels. We train identical
models on both subsets for 2,000 steps under the same train-
ing configurations. The final evaluation results are reported
in Table 4.

We find that, for the retrieval task, training data with inter-
mediate relevance levels leads to a notable improvement in
nDCG @10, highlighting the importance of fine-grained and
diverse relevance labels in enhancing retrieval performance.

For the pair classification task, incorporating more train-
ing data with intermediate relevance levels can improve the
model’s ability to distinguish the middle relevance cases
with an improvement on AP@>1 and AP@>2. However,
this may come at the cost of reduced performance in distin-
guishing the most relevant pairs from those of lower rele-
vance levels. This finding suggests that while fine-grained
relevance annotations are not always equally beneficial
across all pair classification thresholds, they remain essen-
tial for tasks that require nuanced differentiation, particu-
larly those involving low-relevance or borderline cases.

RQ2: How Do the Two Stages of SSRA Contribute to Re-
trieval and Pairwise Classification Tasks? To investigate
the contributions of the two-stage SSRA framework across
different tasks, we conduct a series of ablation studies, as
reported in Table 5. The results reveal that both stages con-
tribute to performance gains in the retrieval task, whereas
the improvement in pairwise classification primarily stems
from the second stage.

To further analyze the underlying causes of this differ-
ence, we examine the impact of each stage on the query



0.6B Model 4B Model
Method nDCG@10 AP | nDCG@10 AP
w/o s1&s2 71.44 70.70 74.02 70.34
w/o s2 71.79 70.77 74.23 71.30
SSRA 71.97 74.13 74.47 74.92

Table 5: Ablation results of the two-stage SSRA pipeline
using Qwen3-embedding.

Relevance Label \ Stage-1 Only Stage-1 + Stage-2

1 81/200 130/200
2 80 /200 131/200
3 189 /200 178 7200

Table 6: Number of synthesized queries matching the in-
tended relevance labels across training stages.

model from two distinct perspectives:

Effect of Stage 1 on Query Diversity. To quantify the ef-
fect of Stage 1 on query diversity, we compare the proportion
of duplicate queries generated by two models: (i) a baseline
model trained directly on annotated data, and (ii) a model
trained with re-labeled data from Stage 1 of SSRA. Specif-
ically, both models generate queries of relevance levels 1,
2, and 3 for 10,000 sampled documents. We then compute
the duplicate rate by identifying exact matches among the
generated queries.

We observe that the baseline model produces dupli-
cate queries at a rate of 6.57%, whereas the Stage 1-
enhanced model reduces this rate to 5.20%, corresponding
to a 20.85% relative decrease. This result demonstrates that
SSRA Stage 1 effectively improves query diversity. Detailed
statistics of query frequencies can be found in the Appendix-
Additional Experimental Results.

Effect of Stage 2 on Relevance Alignment. To evaluate
whether Stage 2 training enhances the controllability of the
query generation model—specifically its ability to synthe-
size queries that match a target relevance label—we design
the following experiment.

We randomly sample 200 documents and use query gener-
ation models trained with only Stage 1 and with both Stage
1 and Stage 2 to generate queries intended to match rele-
vance levels 1, 2, and 3, respectively. The generated query-
document pairs are then annotated by human annotators us-
ing the same 4-level relevance schema. We record the num-
ber of generated queries whose annotated relevance label
matches the intended label.

As shown in Table 6, the model trained with Stage 2 sig-
nificantly improves the alignment between intended and ac-
tual relevance levels with a 25.43% relative improvement
in consistency, demonstrating enhanced controllability and
generation precision.

Interpretation of Task-Specific Gains. Based on the
above analyses, we interpret the task-specific contributions
of SSRA as follows:
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For the retrieval task, the model is required to select a
subset of relevant documents from a large candidate pool
given a query. As such, it is sensitive not only to fine-grained
relevance, but also to the diversity of training data. Improved
diversity can help mitigate long-tail distribution issues and
improve generalization. Therefore, the retrieval task benefits
from both stages of SSRA.

In contrast, the pairwise classification task focuses solely
on determining the relevance of individual query-document
pairs, and does not heavily rely on query diversity. Conse-
quently, it mainly benefits from the second stage, which em-
phasizes fine-grained relevance supervision.

CTR
+1.45%

SRR
+4.90%

IUPR
+0.1054%

Metric

Relative Gain

Table 7: Relative improvement in online A/B testing metrics
after deploying the SSRA-based embedding model.

Online A/B Testing

Based on the embedding model trained with synthetic data
from SSRA pipeline, we conducted rigorous online A/B
tests in the dual-column scenario of Douyin from May 9 to
May 19, 2025, with hundreds of millions of users participat-
ing per day. Users were randomly assigned to control and
experimental groups via hash bucketing (190 million users
each). The embedding model is used to filter out videos ir-
relevant to the query, ensuring that the displayed videos are
closely related to users’ historical search queries.

The results are presented in Table 7, focusing on several
key metrics: CTR (Click-Through Rate), SRR (Strong Rele-
vance Ratio), and [UPR (Image User Penetration Rate). SRR
is defined as the percentage of content strongly relevant to
the user’s search query among the videos ultimately recom-
mended. ITUPR refers to the proportion of users who clicked
on image content among the total daily active users, which
is a core metric in the dual-column scenario.

Conclusion

In this work, we address the limitations of existing LLM-
based data synthesis approaches in capturing domain-
specific fine-grained semantic relevance. We introduce a
relevance dataset in the short video domain and propose
SSRA, a semi-supervised synthesis pipeline that enables
controllable generation of relevance-annotated data aligned
with domain distributions. Empirical results demonstrate
that SSRA consistently improves embedding model perfor-
mance on both retrieval and pair classification tasks, out-
performing prompt-based and vanilla supervised fine-tuning
baselines. Our findings underscore the importance of incor-
porating fine-grained semantic diversity in synthetic data
and point toward promising directions for enhancing embed-
ding models through relevance-aware data generation.
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