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Abstract

Embedding-based retrieval (EBR) is a prevailing method in modern
e-commerce search, retrieving relevant items from billions of can-
didates in response to users’ queries. While recent methods often
fine-tune large language models (LLMs) for representation learning,
they typically lack robust mechanisms for handling complex and
implicit semantics.

To address this, Retrieval-GRPO (R-GRPO) was recently pro-
posed as a multi-objective Reinforcement Learning (RL) frame-
work for dense retrieval. It computes rewards using top-K items
dynamically retrieved per query. While this approach partially mit-
igates retrieval challenges, the limited candidate pool sampled per
batch often introduces noisy samples into the top-K results. More-
over, the LLM used for computing relevance rewards in R-GRPO is
trained with a RL framework similar to R-GRPO itself. This inher-
ent similarity makes it difficult to provide unbiased and impartial
assessment results. To tackle these issues, we propose Supervised
Retrieval-GRPO with Semantic Identifiers (SSR-GRPO). Specifically,
our method first proposes a dual-perspective framework for rel-
evance assessment. It leverages both Semantic Identifiers (SIDs)
produced by quantization learning and dense representation vectors
to generate more unbiased relevance scores. Furthermore, leverag-
ing the hierarchical similarity relationships of the generated SIDs,
we mine a set of hard negative samples that serve two purposes: (1)
to design a masking function integrated into R-GRPO, effectively
filtering intra-group noisy samples; and (2) to construct a Retrieval-
DPO task composed of positive and negative sample pairs, enabling
the model to capture fine-grained semantic distinctions from a
pair-wise perspective. By integrating these optimization strategies,
we propose SSR-GRPO. Extensive offline and online experiments
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validate SSR-GRPO’s effectiveness, and it has been deployed on a
large-scale e-commerce platform.
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1 Introduction

Dense retrieval, also called embedding-based retrieval (EBR), is
fundamental to modern e-commerce search [30]. It encodes queries
and items into a shared embedding space [7, 10, 37] where semantic
similarity is computed via distance metrics like cosine similarity.
While early approaches used encoder-only architectures like BERT
and RoBERTa [1, 20], recent LLM-based systems (e.g., Gemini [13],
Qwen3 [38]) employ techniques like hard negative mining [27] and
LLM-generated data synthesis [34]. However, most methods still
follow BERT-era training paradigms.

Recent work explores integrating Reinforcement Learning (RL)
with LLMs for retrieval tasks. Jiang et al. [8] proposed using RL
to train LLMs for query generation/rewriting, achieving strong
retrieval performance. This reflects a broader trend of applying
policy optimization to information retrieval. In e-commerce dense
retrieval, Retrieval-GRPO (R-GRPO) [19] leverages GRPO to train
semantic retrieval models, capturing complex semantics through
multi-objective rewards while eliminating manual hard negative
mining. Specifically, at each training step, R-GRPO retrieves the
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top-K most similar products from the current batch as hard neg-
ative samples. However, the products within each training batch
represent only a limited subset of the overall product pool. Thus,
there is no guarantee that the top-K items retrieved at each step
are all valuable. Moreover, the retrieved top-K set may contain easy
negative samples, which can introduce noise and misguidance into
the model training process. Similar issues exist in the domain of
LLMs. To address this, DeepSeekV3.2 proposed Off-policy Sequence
Masking [17] strategy to mitigate the problem. It stabilizes training
by masking sequences causing policy divergence. Beyond the noise
of top-K items, R-GRPO’s reward mechanism introduces another
significant concern: the calculation of relevance reward relies on
TaoSR1 [2], a 42B-MoE LLM. This dependency presents two main
drawbacks: (1) The introduction of a high-parameter model for in-
ference requires substantial extra computational resources during
training; (2) Since TaoSR1 is trained using a reinforcement learning
framework closely mirroring the one used in R-GRPO for query-
item semantic matching, it tends to produce correlated relevance
judgments. This correlation makes it difficult to provide unbiased
and highly discriminative assessments.

To tackle these challenges, we propose a dense-sparse dual-
perspective relevance reward evaluation method to replace the
single LLM inference assessment. In the dense component, we uti-
lize representation embeddings from a multimodal relevance LLM
to compute inner product scores. In the sparse perspective, we
employ Semantic Identifiers (SIDs) generated via Residual Quan-
tized Variational Autoencoder (RQ-VAE) for items and through a
next-token-prediction task for queries. The relevance score is then
calculated based on the matching depth between the query and
item SIDs. Furthermore, we design a joint training framework that
enables the model to learn fine-grained semantic information and
implicit patterns from multiple perspectives. Specifically, we intro-
duce the Retrieval-DPO (R-DPO) approach to enable the model to
learn representation differences from a pair-wise perspective. This
is achieved by mining hard negative samples through the hierar-
chical similarity relationships of SIDs, combined with traditional
hard negative mining strategies to construct a novel R-DPO loss
and a masking function that provides explicit supervision signals
to R-GRPO.

To the best of our knowledge, we are the first to leverage SIDs
generated by RQ-VAE for mining hard negative samples in dense
retrieval, and the first to integrate SID-based matching into rein-
forcement learning reward calculation. In summary, our proposed
SSR-GRPO introduces the following innovations:

e We propose a dual-perspective relevance reward calculation
method to enhance the reliability of relevance assessment.

e We introduce a hard negative sample mining strategy based
on SID similarity. The newly mined samples are utilized to
establish a joint training paradigm integrating R-DPO and
R-GRPO, thereby enhancing the generalization capability of
the reinforcement learning framework.

e We design a hard negative-based masking function for R-
GRPO to reduce noise from simple negatives.

o By integrating the aforementioned components, we develop
SSR-GRPO, a novel semantic retrieval paradigm rigorously
validated through extensive offline and online A/B testing.
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2 Related Work

2.1 Dense Retrieval

Embedding-based retrieval (EBR) based on dual-encoder architec-
tures has been fundamental to search systems, enabling efficient
similarity computation between queries and items [6, 21]. Early
work focused on personalized representations [15] and BERT-based
models [5, 23], while SimCSE [4] introduced contrastive learning
for dense retrieval. Recently, LLMs have emerged as powerful back-
bones for generating universal semantic representations, with mod-
els like RepLLaMA [22] and newer state-of-the-art embeddings
[11, 38] demonstrating strong retrieval capabilities.

2.2 Reinforcement Learning in Information
Retrieval

Reinforcement learning has gained traction for improving LLM
performance and controllability. While PPO [28] dominated early
RLHF approaches, recent methods like DPO [25] and GRPO [29]
offer more efficient alternatives. In retrieval, RL has been applied to
query generation [8], relevance reasoning [36], and dense retrieval
optimization [19]. DeepRetrieval [8] combines GRPO with LLM to
enable unsupervised query generation, offering a more efficient
training paradigm for information retrieval. Zeng et al. [36] for-
mulate relevance modeling as a reasoning task and introduce a
RL-based training framework to enhance the grounded reasoning
capabilities of generative relevance models. Retrieval-GRPO [19]
applies GRPO strategy to dense retrieval, which eliminates the de-
pendency on labor-intensive hard negative sample mining while
mitigating the seesaw effect inherent in multi-objective optimiza-
tion.

2.3 Semantic IDs in LLMs and Information
Retrieval

Generative Retrieval [18, 26] represents products using Semantic
Identifiers (SIDs)—discrete token sequences that encode product
semantics into generatable identifiers [16, 35]. SIDs are typically
generated through an encoder-quantization framework [3, 12] that
maps multimodal features into discrete spaces. This approach en-
ables semantically similar products to receive similar SIDs, facili-
tating more accurate matching in LLM-based e-commerce retrieval
systems.

3 Methods

3.1 Preliminary

Dense retrieval aims to map queries and items into a shared embed-
ding space for efficient relevance matching via geometric proximity.
Given query g; and item collection D, we employ a dual-encoder
model fp(-) to encode them as:

i = fo(q:),

Both query and item embeddings are L2-normalized to unit vectors,
ie, ||qillz = 1 and ||dj||; = 1. Under this normalization, retrieval
computes similarity scores using inner product:

s(qi-dj) = {(qi, dj), (2

dj = fy(dj) € R”. 1)
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Figure 1: The SSR-GRPO overall training framework consists of four components: (1) a semantic retrieval LLM trained via SFT;
(2) R-GRPO module containing the dual-perspective reward calculation based on SIDs and masking mechanism; (3) R-DPO
Optimization using hard negatives derived from hierarchical SIDs; (4) SID-R-GRPO and R-DPO joint training based on dynamic

weighting,.

which is equivalent to computing the cosine similarity between the
two vectors. The system then retrieves top-K relevant items:

Dy; :TopdeeZ)S(qi’ dj). ®)

3.2 SFT

Our framework employs a two-stage training process: supervised
fine-tuning (SFT) followed by SSR-GRPO. In SFT, (g, d) positive
pairs and in-batch negatives [15, 21] are used to pull query repre-
sentations close to relevant items while pushing them away from
negative items via InfoNCE loss [24]:

exp(s(gi.d*)/7)
Zajes exp(s(qid;) /1)’
where s(-) is the similarity score, B the in-batch negative samples,

and 7 a temperature parameter [14, 32] smoothing the fitted data
distribution.

©

Linfonce = —log

3.3 SSR-GRPO

3.3.1 Reward Function in R-GRPO. The reward function in SSR-
GRPO follows R-GRPO’s multi-objective formulation, combining
relevance, quality, and exclusivity components as in Eq. (5):

®)

While gquality and hexclusivity remain identical to R-GRPO, we propose
a novel dual-perspective relevance assessment for fielevance- This
integrates: (1) a dense signal via inner product between multi-modal
embeddings s(eq, e4), and (2) a sparse signal using SIDs, where
relevance is scored based on hierarchical matching depth. The SID
construction and scoring strategy are detailed next.

r= ﬁelevance (q, d) + gquality(d) + hexclusivity(% d)

3.3.2 Item SID Learning via Contrastive RQ-VAE.. We adopt a query-
bridged contrastive quantization framework to learn hierarchical
Semantic Identifiers (SIDs) for items. The process begins with pre-
trained relevance embeddings e; = RelevanceEmbg(q) and e; =
RelevanceEmby(d), obtained from a dual-tower model trained on
large-scale interaction data. Lightweight MLP encoders then project
these embeddings into a shared latent space: z; = Ency(eq), zq =
Ency(eg). A shared Residual Quantized Variational Autoencoder
(RQ-VAE) with L(e.g., L=3) levels of codebooks {C;, Cy, ..., CL} per-

forms residual quantization on the item representations:

0

=2z, £ -1 £

=r (6)
producing the item SID as SID; = [ki,ks,...,kr]. The RQ-VAE
is optimized through a joint training objective that combines a
commitment loss, a reconstruction loss and an InfoNCE contrastive
loss :

¢’ = argmin ||r'"! - e||§, r
eeCy

@)

Crucially, the InfoNCE loss encourages items co-retrieved by the
same query to share consistent SIDs, turning geometric clustering
into relevance-aware hierarchical partitioning.

L= AinfoNCELInfoNCE + Acommithommit + AreconLrecon-

3.3.3  Query SID Generation via Generative LLM.. We formulate the
generation of Query SIDs as a next-token-prediction (NTP) task,
fine-tuned on an auto-regressive Large Language Model (LLM). The
training data is constructed from historical search logs, where each
query is paired with the Semantic Identifiers (SIDs) of items that re-
ceived positive user interactions—such as clicks, add-to-cart actions,
and purchases. These interacted item SIDs serve as the ground-truth
targets for the model. The model is trained to minimize the negative
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log-likelihood loss:

L
Lot = - ) log P(k; | ¢,k<;0), ®
=1
where k; denotes the codebook index at level t and 0 represents
the LLM parameters. During inference, beam search is employed to
generate the top-K most probable SID sequences {SID], .. ,,SIDIq( }.
This approach naturally captures the one-to-many mapping from
queries to relevant item clusters, effectively addressing query am-
biguity.

3.34 Dual—Perspective Relevance Reward with SID Fusion. Given
query SIDs {SIDJq }le and item SID SID; = [k, ki, k], we compute
the maximum matching depth:

(¢, d) =n_{§11xmax{r e{l..., L} kM =k vt < {’}, ©)
na

where a deeper shared prefix signifies finer-grained semantic co-
herence. This discrete hierarchical score is then mapped to a scalar
value:

0.0 if£*=0 (No match),

0.25 if¢#* =1 (Coarse-level match),
rso(g.d) = . . (10)
0.5 if £* =2 (Mid-level match),

1.0 if£* =3 (Fine-level match).

The final relevance reward is obtained by fusing the dense embed-
ding similarity with the sparse SID matching score, forming the
core of our dual-perspective assessment:

f;elevance(q, d) =a- rSID(q’ d) + (l - 0{) : sdense(q’ d) (11)

Here, a € [0, 1] is a balancing hyperparameter. This dual-perspective
mechanism leverages the complementary strengths of both repre-
sentations: the dense embeddings provide a smooth, continuous
measure of overall semantic similarity, while the discrete SIDs offer
sharp, hierarchical discrimination based on key attribute align-
ments. Together, they form a more resilient and accurate relevance
reward, crucial for guiding the policy optimization in R-GRPO.

3.3.5 Hard Negative Mining and Masking Mechanism. We introduce
a novel method which leverages SIDs introduced in Section 3.3.2
for hard negative mining, combined with a masking mechanism.
This approach provides explicit supervision signals to augment
and stabilize the R-GRPO process. As for the hard negative mining,
we select hard negatives from two complementary perspectives to
address different aspects of retrieval challenges:

Type I: Commercial Performance-based Hard Negatives.
We target items that consistently reach the pre-ranking stage but
fail final exposure due to low scores from subsequent ranking stages.
These ranking models employ sophisticated cross-features and se-
quential modeling, providing accurate conversion efficiency assess-
ments. Thus, low-scoring items typically exhibit genuinely poor
conversion performance (e.g., low CTR/CVR). Although semanti-
cally relevant to queries, they demonstrate weak commercial per-
formance. Using them as hard negatives helps the model better
discriminate between semantically relevant but commercially weak
items and those with strong conversion potential.

Type II: Semantic Fine-grained Hard Negatives. To capture
subtle semantic distinctions, we leverage hierarchical SIDs. For a
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positive item with SID;+ = [k, ks, k3], we select negatives sharing
the first two SID levels (ki, k2) but differing at the third (ks). This
creates challenging negatives that are semantically proximate at
coarse granularity yet distinct in fine-grained attributes, forcing
the model to learn nuanced semantic boundaries essential for e-
commerce relevance.

To provide explicit supervision signals for filtering out trivial
negative samples within the top-K items in R-GRPO, we design
a novel masking mechanism using the mined hard negatives as
quality benchmarks. In the GRPO framework, these hard negatives
(denoted as dny) serve as quality benchmarks. We apply a masking
function designed to filter out easy negative samples by remov-
ing any top-K item whose relevance reward score falls below the
benchmark. The masking function is defined as:

M = 0, ﬁelevance(q, dz) < ﬁelevance(qx dhn)
! 1, otherwise,

(12)

where M; is a binary function, if the current item’s relevance reward
is lower than the relevance reward of the hard negative, then M; =0
(masked out), otherwise M; = 1.

3.3.6  SID-R-GRPO. Combining the dual-perspective relevance re-
ward (Section 3.3.4) with the masking mechanism (Section 3.3.5),
we obtain SID-R-GRPO. In SID-R-GRPO, we treat the top-K items
retrieved by the semantic retrieval LLM illustrated in Figure 1 as
candidates. Using the reward models integrating SIDs from Sec-
tion 3.3.1, we compute real-time rewards and penalize low-scoring
items to dynamically adjust predictions. Candidates are gathered
across devices into a large batch B (k < B), with top-k selected for
reward computation. The inter-group advantage A; among top-K
items under the same query reflects multi-perspective user prefer-
ences, determining reward/penalty assignments. The SID-R-GRPO
loss is defined as:

K

1 . o
LsipR-GRPO = X ; {mln (ng(s(q, di)lq, di)A;,

clip (mo(s(q. dp)lg. di), 1 — &, 1+ ¢) A;

Mi} + BLinfoNCE,

(13)
where
Mi — 0, ﬁelevance(qs dl) < ﬁelevance(q: dhn) (14)
1, otherwise,
A= ri— mean(r)’ (15)

std(r)
and K is the size of the sample set composed of top-k for the cur-
rent query, 7p is the distribution of the policy model, A; represents
the advantage value of the i-th item in top-k computed by multi-
objective rewards. The collection r = {ry,rs,...,rg} represents
the set of reward scores for the K candidate items in the group.
The function mean(r) computes the average reward of the group,
and std(r) calculates the corresponding standard deviation. Dif-
ferent from conventional GRPO, we use InfoNCE rather than KL
divergence as a semantic regularizer. Token-level KL divergence
is ill-suited for continuous embedding spaces, whereas InfoNCE
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directly aligns the learned semantic space with the retrieval objec-
tive, leading to more stable and effective optimization for semantic
retrieval.

3.3.7 R-DPO Loss. We also introduce a retrieval-specific direct
preference optimization objective, termed R-DPO, which adapts
the DPO framework for vector retrieval tasks by removing the
reference policy constraint. It provides explicit supervision for fine-
grained semantic distinctions. Specifically, positive pairs (g;, d;) are
extracted from real user click logs, while negatives dy, are hard
negatives mined by the SID-based approach in Section 3.3.5. Given
these pairs, the R-DPO loss is formulated as:

Lrpro = —logo (B (s(qi,di) — s(qi, dmn))) , (16)

where s(q, d) is the relevance scoring function, o(-) is the sigmoid
function, and f is a temperature parameter controlling the margin
strength. Unlike conventional DPO that regularizes against a refer-
ence policy, our R-DPO focuses purely on maximizing the scoring
margin between positive and hard negative examples. This design
is particularly suitable for retrieval tasks where we aim to explicitly
widen the relevance gap between semantically similar items.

3.3.8 SSR-GRPO: joint Optimization Framework. By combining
the loss formulas of SID-R-GRPO and R-DPO, we obtain the final
loss formulation of SSR-GRPO. To mitigate gradient conflicts and
eliminate manual tuning of loss weights, we use uncertainty-based
dynamic weighting [9] with trainable scalars oy, o2 > 0:

1

Lssr-GrRPO =
207

1
Lsm-r-Greo + ﬁLR-DPo +log(oi02),  (17)
2

Here, # acts as an adaptive weight: tasks with higher noise or diffi-

culty (lalrger o) are down-weighted to prevent gradient dominance,
while log(o) serves as a regularizer. This mechanism ensures stable
convergence by dynamically balancing the high-variance RL signals
from SID-R-GRPO with the deterministic supervised gradients from
R-DPO, effectively aligning their optimization trajectories without
hyperparameter sensitivity.

Based on the above descriptions and optimization steps, the
overall pipeline of SSR-GRPO can be summarized and organized in
Figure 1 and the specific implementation steps are as follows:

(1) Candidate Sample Selection: Retrieve top-k candidates
via nearest-neighbor search over query and item representa-
tions.

(2) Dense-Sparse Perspective Reward Computation: The
multi-objective rewards are computed by Equation (5). The
relevance reward is comprehensively derived from the dual-
perspective dense-sparse relevance reward scores introduced
in 3.3.4.

(3) R-DPO data construction: Construct R-DPO pairs using
hard negative samples obtained from the hierarchical SID-
based approach and a related-but-unexposed-item strategy
introduced in 3.3.7.

(4) Masking Mechanism Calculation Relevance-based hard
negatives are employed as supervision to calculate a masking
function by Equation (12) for filtering out easy negatives in
the group.
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(5) SSR-GRPO Loss Optimization Minimize Eq. (17), jointly
updating model parameters 6 and uncertainty scalars o ;.

4 Experiments

In this section, we introduce our industrial-scale dataset from a real-
world scenario, evaluation metrics, experimental configurations,
and model hyperparameters. We present the results of our proposed
model through both offline evaluations and online A/B tests.

4.1 Experimental Setup

4.1.1 Dataset and Metrics. We utilized over 0.3 billion Tmall click-
and-purchase logs as positive samples. The model undergoes two-
stage training: SFT with InfoNCE loss on the full three-month
dataset, followed by SSR-GRPO optimization on recent 15-day in-
teractions. Performance is evaluated via Hitrate@4K (HR@4k) and
Goodrate@100 (GR@100) [15, 37].

e Hitrate@4k: This metric measures the recall rate of the
ground-truth items within the top-4000 candidates retrieved
by the dense retrieval model. It evaluates the system’s ability
to successfully recover all relevant items.

e Goodrate@100: This metric is defined as the precision of
items rated as "Good" (i.e., score 1 for "Related") among the
top-100 retrieved results. It quantifies the relevance quality
of the top results presented to users.

Next, we provide a concise description of the two offline test sets:

e General Retrieval Test Set: To avoid overfitting, this set is
built from a distinct e-commerce scenario’s user interactions.
It contains clicked and purchased items, filtered by relevance
model and human annotation, with over 450,000 queries and
1,330,000 query-item pairs.

e Long-Tail Query Test Set: Constructed by collecting long-

tail queries from end-to-end search logs across other e-commerce

scenarios. These queries, which can be viewed as out-of-
distribution data, were annotated using both relevance mod-
els and manual labeling, followed by rigorous filtering. The
final test set contains over 30,000 queries and 90,000 query-
item pairs.

4.1.2  Implementation and Deployment Details. For the SFT stage,
we use Tbstars-3B (an internal 3B-parameter model) as our back-
bone encoder. Training employs 32 GPUs with 96GB memory each,
batch size 140, AdamW optimizer (Ir=1e-5), max input length 100 to-
kens, and 128-dimensional L2-normalized embeddings for 1 epoch.
In the SSR-GRPO phase, we use 15 days of data with reduced learn-
ing rate 5e-6, maintaining other hyperparameters from SFT. The
InfoNCE loss weight § in Equation (13) is set to 0.5 for best perfor-
mance, and training runs for 3 epochs.

Offline Training Process: During offline training, we input
item titles and basic attribute texts to the LLM for the item side,
and search queries to the LLM for the query side, following the
SSR-GRPO training procedure.

Online Deployment: The trained SSR-GRPO LLM is used to
infer embeddings for the entire product pool, which are cached
online. The LLM is then deployed to production, where it performs
real-time inference on user search queries to generate query vectors.
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Table 1: Overall performance comparison on the different methods in terms of Hitrate @4k and Goodrate@ 100

Model HR@4k GR@100
General Long-Tail General Long-Tail

StructBERT 0.7166 0.4019 0.8837 0.5732
Qwen2.5-1.5B 0.7466 0.4189 0.8894 0.6415
Qwen3-0.6B 0.7495 0.4330 0.8958 0.6524
Tbstars-3B 0.7577 0.4506 0.9088 0.6583
Tbstars-3B SFT (base) 0.7872 0.4754 0.9174 0.6941
Tbstars-3B SFT + R-DPO 0.7916 0.5857 0.9261 0.7014
Tbstars-3B SFT + R-GRPO 0.8158 0.5857 0.9305 0.7126
Tbstars-3B SFT + SSR-GRPO  0.8218 0.5943 0.9372 0.7195
Tbstars-3B R-GRPO only 0.7616 0.4492 0.9213 0.6820
Thstars-3B SSR-GRPO only 0.7628 0.4562 0.9230 0.6844

These vectors retrieve Top-K items from the cached product em-
beddings, which are subsequently passed to downstream modules.

4.1.3  Baseline Models. We compare SSR-GRPO against three cate-
gories of baselines: the production Tmall baseline (Tbstars-3B SFT),
the primary competitor R-GRPO, and several state-of-the-art text
embedding models. The specific baselines are as follows:

o StructBERT [33]: A structure-aware encoder that integrates
linguistic structural priors (e.g., word order and sentence
coherence) into pre-training, with 0.1 billion parameters.

e Qwen3-0.6B: The Qwen3-Embedding0.6B model [38] is de-
signed for text embedding and ranking tasks.

e Qwen2.5-1.5B [31]: One of the Qwen2.5 series with 1.5 billion
parameters, designed for generating long texts and under-
standing structured data.

o Tbstars-3B: Dense retrieval model trained based on an inter-
nal closed-source Tbstars with 3B parameters, modifying to
bi-directional attention.

e Tbstars-3B SFT (base): This model is built upon Tbstars-
3B and fine-tuned on Tmall search logs using the InfoNCE
loss, which can be viewed as the first phase of SSR-GRPO
in Section 3.2. It had been deployed in the online system,
serving hundreds of millions of users.

o Tbstars-3B SFT + R-GRPO: The R-GRPO training framework
which includes SFT and R-GRPO, representing a direct abla-
tion of our SSR-GRPO framework.

4.2 Offline Evaluation

The experimental results are shown in Table 1. The proposed Tbstars-
3B SFT + SSR-GRPO achieves the best performance across all evalua-
tion settings, obtaining the highest scores on both General Retrieval
Test and Long-Tail Query test sets. This demonstrates the effective-
ness of our SSR-GRPO framework in enhancing both retrieval cov-
erage and relevance quality. Among the baseline models, Tbstars-3B
outperforms both Qwen2.5 and Qwen3-0.6B across all metrics, vali-
dating its superior architecture for e-commerce retrieval tasks. The
Tbstars-3B SFT (base) model shows significant improvements over
the pre-trained Tbstars-3B, confirming the value of domain-specific
fine-tuning on Tmall search logs. The integration of reinforcement
learning methods consistently improves upon the SFT baseline.

Tbstars-3B SFT + R-GRPO shows substantial gains, while our pro-
posed SSR-GRPO demonstrates clear advantages over R-GRPO in
all metrics (especially showing a 0.6% gain in HR@4k and 0.86% in
Long-Tail HR@4k), validating the effectiveness of incorporating su-
pervised signals and SIDs for enhancing relevance reward. Notably,
the standalone GRPO variants without SFT initialization show lim-
ited performance, indicating the SFT stage remains essential for
effective training.

Table 2: Ablation study on the contributions of SSR-GRPO
components.

Model Hitrate@4k GR@100
SFT+SSR-GRPO (Full) +0.00% +0.00%
(w/o Dual-Perspective Reward) -0.17% -0.25%
(w/o R-DPO Loss) -0.49% -0.36%
(w/o Masking Function) -0.12% -0.08%
(w/o Dynamic Weights) -0.15% -0.17%

4.3 Ablation Study

In this section, we only present HR@4k on the general evaluation
set and GR@100 on the long-tail dataset to provide a more intuitive
experimental comparison.

4.3.1 Analysis of SSR-GRPO Components. To validate the effec-
tiveness of each component in SSR-GRPO compared to R-GRPO,
we conducted ablation experiments on SSR-GRPO. To perform the
ablation studies, we removed each of the three components one at a
time. Dual-Perspective Reward represents the component described
in Section 3.3.4, R-DPO loss means Equation (16), Masking Function
is Equation (12) and Dynamic Weights means the uncertainty-based
dynamic weighting in (17). As Table 2 shows, each ablated config-
uration resulted in a performance degradation across evaluation
metrics. Most notably, the removal of the R-DPO Loss caused the
most significant drop in HR@4k by 0.49%, underscoring the critical
and irreplaceable importance of hard negative mining. This finding
also demonstrates the complementary effect of R-DPO and R-GRPO
in the task. In contrast to methods solely dependent on reward com-
putation, which are plagued by high variance, the introduction of



SSR-GRPO: Integrating Supervision and Semantic IDs into Reinforcement Learning for Dense Retrieval in E-commerce

2026 new stylish UV protection face mask for women running

Base(R-
GRPO):

W | =

SIDs 813,44370 813,312,466 114,163,386 813,335,96 813,208,202

fail to capture the specific '

' scenario requirement

ours:

8 bl

¥

SIDs 813,108,331 813,108,331 813,208,196 813.208,31 813,108,466

caver the full semantic requirements including sports and running

Figure 2: Comparison of retrieval results: Top-exposed items
from online A/B tests for our model and R-GRPO.

R-DPO furnishes the training process with stable and well-defined
gradients, thereby effectively constraining the overall optimization
trajectory.

Additionally, SID integration contributes consistently to both
metrics, particularly benefiting relevance judgment as evidenced by
the 0.25% drop in GR@100 when removed. This highlights the value
of combining dense and sparse representations for a comprehensive
semantic understanding. Although the masking mechanism con-
tributes the least among the four components, the 0.12% decrease in
Hitrate@4K nonetheless validates its effectiveness. Moreover, this
masking approach efficiently filters out unnecessary simple nega-
tive samples, thereby improving computational efficiency during
training.

Table 3: Ablation results on Relevance Reward

Model HR@4k GR@100
R-GRPO (w TaoSR1) 0.8152 0.7136
R-GRPO (w Dense) 0.8093 0.7108

R-GRPO (w Sparse SID)
R-GRPO (w Dual-Perspective SID)

0.8154 0.7143
0.8161 0.7165

4.3.2  Effect of Relevance Reward. SSR-GRPO replaces the compu-
tationally heavy TaoSR1 LLM in R-GRPO with a lightweight dual-
perspective reward mechanism. As shown in Table 3, the Sparse
SID-only variant achieves performance comparable to, and even
slightly better than TaoSR1 (HR@4k: 0.8154 vs. 0.8152). This demon-
strates that representing items as discrete semantic clusters via SIDs
provides a robust and unbiased signal for GRPO reward estima-
tion, effectively capturing coarse-grained relevance without the
bias inherent in LLM-based judges. While the Dense-only vari-
ant shows limited capability, the Dual-Perspective fusion further
boosts performance by integrating fine-grained dense nuances. In
our implementation, we set the balancing coefficient « = 0.8 in
Eq. (11), which yields the optimal trade-off between dense semantic
smoothness and sparse hierarchical discrimination.

4.3.3 Case Study. To qualitatively assess the semantic alignment
capability of SSR-GRPO, we analyze a complex multi-attribute
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query: "2026 new stylish UV protection face mask for women run-
ning". Asillustrated in Figure 2, the baseline R-GRPO retrieves items
that are visually appealing but fail to capture the specific "running"
scenario. This indicates that R-GRPO is prone to Reward Hacking
when the Top-K candidate pool lacks perfect matches. In contrast,
SSR-GRPO comprehensively covers the full semantic requirements,
retrieving masks that balance high aesthetics with running-specific
functionalities (e.g., breathability and secure fit).

The superior performance on this case is attributed to the SID-
guided optimization mechanism. By leveraging hierarchical SIDs to
construct hard negatives, the R-DPO component forces the model
to learn fine-grained semantic distinctions, preventing collapse into
coarse-grained local optima. Meanwhile, the masking function fil-
ters out trivial negatives. A compelling evidence of this improved
coherence is the distribution of SIDs in the retrieved results. As
shown in Figure 2, the baseline SIDs are highly dispersed across
different semantic clusters (e.g., the second index level varies sig-
nificantly: 335, 208, 163, .. .). Conversely, SSR-GRPO results exhibit
strong clustering consistency, with the second index level concen-
trating on only two values (208, 108). This concentration confirms
our method effectively reduces semantic noise and aligns the re-
trieved items with the user’s precise multi-faceted intent.

4.4 Online Evaluation

We deployed the semantic retrieval model in production search
on TmallAPP, a major mobile e-commerce application. Our online
evaluation focused on key business metrics: UCTCVR, GMV, Ex-
Imp(the proportion of items seen by users that are solely retrieved
by the semantic deep retrieval channel in our multi-channel frame-
work) and Goodrate (the mean relevance ratio derived by sampling
search queries and corresponding items from search logs).

Table 4: Online A/B testing results (relative improvement
over baseline).

Model UCTCVR GMV  Ex.Imp. Goodrate
Base - - - -
R-GRPO +0.38% +1.01%  +0.37% +0.20%
SSR-GRPO +0.99% +1.40%  +0.48% +0.61%

The online A/B test was conducted over a period of two weeks
to ensure statistical reliability. Compared to the strong baseline R-
GRPO, SSR-GRPO achieved statistically significant improvements,
with a 0.61% lift in UCTCVR and a 0.39% increase in GMV. These
results further validate the business value of our proposed method
in a real-world production environment.

5 Conclusion

This paper presents SSR-GRPO, a novel RL framework for dense
retrieval that leverages hierarchical SIDs to provide unbiased rel-
evance rewards, replacing costly LLMs. By integrating SID-based
hard negative mining for R-DPO supervision and a masking mech-
anism to filter noise in R-GRPO, our method ensures stable and
precise optimization. Experiments show SSR-GRPO significantly
outperforms state-of-the-art baselines, offering superior semantic
alignment and robust business value.
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