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Abstract

Dense retrieval is a fundamental component
of e-commerce search, projecting user queries
and items into a shared semantic representation
space for large-scale, real-time retrieval. While
LLM-based embedding models are increas-
ingly replacing BERT-style encoders, prevalent
training pipelines still largely rely on BERT-
like supervised fine-tuning and hard negative
mining. Such paradigms require intricate of-
fline negative construction, thereby constrain-
ing model iteration efficiency and limiting the
evolution of learned semantic representations.
We propose Retrieval-GRPO, a dense retrieval
framework based on reinforcement learning.
It dispenses with offline hard negative mining
by performing dynamic Top-K candidates re-
trieval during training. Moreover, we intro-
duce a relevance-oriented LLM as a reward
model to provide real-time supervisory signals.
Guided by the resulting reinforcement learn-
ing objective, the retriever updates embeddings
to better capture semantic correspondence and
achieve improved generalization on complex
long-tail queries. Extensive offline and on-
line experiments substantiate the effectiveness
of Retrieval-GRPO in Taobao Search, which
serves China’s largest e-commerce platform.

1 Introduction

Dense retrieval (Guo et al., 2016, 2020; Mitra and
Craswell, 2017) has emerged as a critical tech-
nology in e-commerce search engines to address
the unique challenge of precisely aligning mas-
sive items with user queries. This approach em-
ploys advanced pre-trained embedding models to
encode user queries and item descriptions into a
unified semantic vector space, enabling real-time
semantic search over billions of items via Approxi-
mate Nearest Neighbor (ANN) algorithms (Malkov
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and Yashunin, 2018). The methodology effectively
learns query-item alignment relationships within a
unified semantic space, even in the absence of di-
rect lexical overlap between them. Dense retrieval
directly improves users’ search experience and mer-
chant exposure efficiency, thereby driving signifi-
cant improvements in overall platform transaction
conversion rates.

Previous approaches primarily relied on encoder-
only architectures like BERT (Devlin et al.,
2019) and RoBERTa (Liu et al., 2019), utiliz-
ing the bidirectional attention mechanism to pro-
duce contextual semantic embeddings. Benefit-
ing from rapid advancements in large language
model technologies, emerging approaches such
as Gemini Embedding (Lee et al., 2025b), Seed
Embedding (ByteDance Seed, 2025), QWEN3-
Embedding (Zhang et al., 2025), and NV-
Embed (Lee et al., 2025a) employ LLMs as en-
coders to generate semantic embeddings for re-
trieval, leveraging their extensive knowledge bases
and zero-shot generalization capabilities. Despite
incorporating LLMs, most current methods still
adopt training paradigms designed for BERT-like
models, enhancing performance on long-tail chal-
lenging queries through continued supervised fine-
tuning (SFT) and persistent hard negative sample
mining. Notably, offline hard negative sample
mining constitutes a complex systemic workflow,
which restricts iteration speed and limits the evolu-
tion potential of representation capabilities.

In this paper, we propose Retrieval-GRPO, a re-
inforcement learning method for dense retrieval.
This approach eliminates the need for offline man-
ual construction of hard negative samples. In-
stead, during training, we dynamically retrieve top-
k items for each query and employ a relevance
LLM (Dong et al., 2025) as the reward model to
generate scores. These relevance scores serve as
reward signals, enabling real-time user preference
alignment and error correction through RL training.
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Figure 1: R-GRPO consists of 3 steps: (1)Candidate Selection; (2)Reward Computation; (3)Policy Optimization

In summary, compared to conventional dense
retrieval paradigms, Retrieval-GRPO offers three
key contributions:

» Eliminates laborious offline hard negative
sample mining, resolving protracted iteration
cycles between sample selection and training.

e Utilizes candidates sampled by the Ilat-
est gradient-updating model during training,
whereas offline hard negatives derive from
static older models. This enables instant learn-
ing from relevance model feedback for real-
time error correction.

* Conducts comprehensive experiments in
Taobao Search, demonstrating the effective-
ness of reinforcement learning in dense re-
trieval with significant improvements in both
offline metrics and online A/B testing.

2 Methods

Given a query ¢; and an item collection D =
{di,...,d,}, dense retrieval employs a dual-
encoder architecture (Reimers and Gurevych,
2019) to independently encode them into fixed-
dimensional vectors q; = fy(¢;) and d; = fy(d;),
then retrieves the top-k items by semantic similarity
(e.g., cosine similarity) between q; and d;.

Our training framework consists of two stages.
First, SFT is performed to endow the model with
discriminative capabilities on simple positive and
negative samples. Then, Retrieval-GRPO leverages
reinforcement learning with real-time relevance
feedback for error correction, eliminating the need
for traditional offline construction of hard negative
samples (Li et al., 2024).

2.1 SFT

Traditionally, in the SFT phase of dense retrieval,
training samples consist of (query, item) pairs for
positive samples, while negative samples are not
specifically collected but obtained through in-batch
negative sampling (Radford et al., 2021). The In-
foNCE loss pulls positive query-item pairs closer
while pushing apart irrelevant ones in the embed-
ding space:

’ log exp(s(gi, d;)/7)
InfoNCE — —
° >_a,eBexP(s(¢i, d;)/T)

ey

where s(-) denotes similarity scoring, 7 is the tem-
perature parameter, and B is the set of in-batch
negatives.

However, this approach leads to only those items
present as positive samples in the training set be-
ing utilized as negative samples for other queries.
Meanwhile, items in the product pool that lack
historical user interactions are entirely ignored dur-
ing training. To address this, we enhance the con-
ventional InfoNCE in-batch negative sampling by
introducing global negative sampling, which ran-
domly selects items from the product pool to serve
as negative samples for queries. Consequently,
the negative samples are derived partially from in-
batch sampling and partially from the product pool,
ensuring that all items in the product pool are ex-
posed to the model during training. The loss is as
follows:

exp( (qz,d )/T)

> exp(s(aidy)/7) + Y exp(s(ar,

dJ eB dk cg
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pos and in-batch neg global neg
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where G represents global negatives randomly
sampled from the global item-pool. This dual-
sampling strategy ensures all items in the pool par-
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ticipate in training, with negatives comprising both
in-batch B and global G query-item pairs.

2.2 Retrieval-GRPO

After SFT, the model can distinguish simple pos-
itive and negative samples. Conventionally, hard
negative mining is introduced to further improve
performance on long-tail queries, but this requires
complex offline construction pipelines that hinder
iteration efficiency.

We propose Retrieval-GRPO, which frames
dense retrieval as a reinforcement learning prob-
lem to eliminate offline hard negative mining. We
model item retrieval as a single-step decision pro-
cess: the retrieval model serves as the policy, se-
lecting items from a candidate set is the action, and
relevance scores from an LLM judge provide the
reward. The policy is optimized to increase selec-
tion probability for high-reward items and suppress
low-reward ones, with the reward magnitude con-
tinuously modulating the update strength.

As illustrated in Figure 1, the training pipeline
consists of three steps:

* Candidate Selection: For each query, the cur-

rent retrieval model selects top-k items from
a large cross-device gathered batch as candi-
dates.

¢ Reward Computation: An LLM-based rel-
evance model assigns continuous relevance
scores to each query-candidate pair, serving
as the reward signal.

* Policy Optimization: Group-relative advan-
tages are computed via z-score normalization
of rewards, and the retrieval model is opti-
mized using a reward-weighted policy gradi-
ent objective (Equation 5).

2.2.1 Candidate Selection

In the Retrieval-GRPO framework, instead of of-
fline hard negative samples construction, we treat
the top-k items retrieved by the dense retrieval
model as candidate predictions requiring correc-
tion. However, identifying top-k items for every
query across the entire product pool is computation-
ally intensive. We simplify this process by gather-
ing items across devices to form a large batch B
(where k < B), then selecting the top-k candidates
from this batch for reward computation. Since re-
trieving top-k from the full item pool with the con-
tinuously updating model at every training step is
computationally prohibitive, the cross-device gath-
ered batch serves as a practical approximation. The

ratio k /| B| is set slightly above the online retrieval
quota-to-pool ratio, providing a marginally denser
candidate distribution during training that encour-
ages finer-grained discrimination among borderline
candidates.

2.2.2 Relevance Reward

The query-item relevance score is computed by
TaoSR1 (Dong et al., 2025), a 42B-MoE LLM
trained through multi-stage RL learning. TaoSR1
is fully frozen during training and invoked once
per candidate item per training step. It assigns con-
tinuous relevance scores to each query-candidate
pair, serving as the reward signal for the policy
optimization.

2.2.3 GRPO Loss

We formulate dense retrieval as a single-step item
selection problem. Given a query ¢ and its top-k
candidate group {d1, ..., dq}, we define the item
selection probability as:

exp(s(q, di)/7)
S5 exp(s(q. dj)/7)

mo(dilq) = (3)

where s(q, d;) is the cosine similarity between the
query and item embeddings produced by the re-
trieval model, and 7 is a temperature parameter.
The relevance reward model assigns a scalar re-
ward r; to each candidate. We compute the group-
relative advantage via z-score normalization:

. r; — mean({rj}Gzl)
A = ¢ 4
std({r; }52,)

The advantage A; captures relative relevance pref-
erences within the group: items with above-average
rewards receive positive advantages and are pulled
closer to the query, while those with below-average
rewards receive negative advantages and are pushed
away, with the magnitude continuously modulated
by the reward signal.

Unlike standard GRPO in text generation, where
clipping is required because multiple gradient steps
are taken on the same set of sampled responses, our
retrieval setting re-samples candidates on-policy
at each training step. The importance sampling
ratio thus remains close to 1, making clipping un-
necessary. This on-policy simplification connects
R-GRPO to the REINFORCE algorithm with a
group-relative baseline, while retaining the KL-
regularized framework of GRPO. The final objec-
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tive simplifies to:

G
1 .
J0)=E G;Ai log mg(d; | q) 5)

- ﬁDKL[WOH"Tref] .

where 7 is the distribution of the SFT-stage
model, serving as a reference to prevent exces-
sive deviation of the learned embeddings. The KL
regularization term preserves the semantic struc-
ture acquired during supervised fine-tuning, while
allowing the reinforcement learning objective to
refine representations for challenging cases.

Distinction from Knowledge Distillation. Al-
though Retrieval-GRPO uses a large frozen LLM
as the reward model, it differs fundamentally from
Knowledge Distillation (KD). In KD, the student
directly mimics the teacher’s output distribution
via soft labels and KL divergence minimization. In
contrast, the reward model in R-GRPO provides
only scalar relevance scores and does not expose
its output distribution to the retriever. The retriever
explores candidates on-policy and updates its repre-
sentations through advantage-weighted policy gra-
dients, where the reward model serves as a judge
rather than a reacher.

3 Experiment

3.1 Experiment Setup

Full implementation details are provided in Ap-
pendix B.

3.1.1 Dataset and Metrics

We construct three offline test sets from the plat-
form’s search logs: (1) General Retrieval (50k
queries, 2M pairs), (2) Long-Tail Query (10k
queries, 300k pairs), and (3) Long-Tail Experi-
ence (8k queries covering negation, substitutes,
QA, and knowledge-based queries, identified as
the most challenging grammatical patterns through
analysis of search logs). All test sets are indepen-
dently annotated by human annotators; TaoSR1 is
not used in any evaluation stage. We report two
offline metrics: Hitrate@6k, the proportion of
ground-truth items in the top-6k retrieved results.
The cutoff is the production quota of the semantic
retrieval channel: the deployed system retrieves
from a quality-filtered pool of roughly 10 items
and passes exactly 6,000 candidates per query to
downstream ranking. It is therefore the system’s
operating point rather than an arbitrary evaluation

cutoff. Although training selects top-8 candidates
from a 32,768-item cross-device pool, both settings
evaluate the highest-scoring tail of a much larger
candidate set; the training value £k = 8 addition-
ally balances hard-example coverage against sta-
ble within-group normalization. Goodrate @100
is the proportion of items in the top-100 results
rated as relevant, where relevance is annotated on
a four-level scale: L1 (Irrelevant), L2 (Marginal),
L3 (Related), and L4 (Excellent).

For online evaluation, we conduct A/B testing
with human evaluators assessing three metrics:
GSB (pairwise win rate over the baseline), Query
Goodrate (percentage of queries with good or mid
page-level relevance), and Item Goodrate (average
proportion of highly relevant items per request).

3.1.2 Baselines

* BERT-base: A 12-layer 110M BERT trained via
the RetroMAE and contrastive learning.

* Query-Rewrite: Query rewriting via CSA-
QR (Feng et al., 2025), followed by retrieval via
inverted index.

* Qwen-3B (Yang et al., 2025): Dense retrieval
model trained based on Qwen-3B, modified to
use bi-directional attention.

* Qwen3-VL-Embedding-2B + SFT: A state-of-
the-art general embedding backbone of compara-
ble size, adapted using the same in-domain SFT
data and protocol as our backbone.

e Tbstars Post-Pretrain(base): Dense retrieval
model trained based on an internal closed-source
Tbstars with 3B parameters, modified to use bi-
directional attention.

e Tbstars SFT + Ranking loss(Hard Neg): After
post-pretrain on Tbstars, performing SFT and
pairwise ranking training on Tbstars with hard
negative samples.

e Tbstars SFT + DPO(Hard Neg): After post-
pretrain on Tbstars, performing SFT and DPO
training with hard negative samples.

 Tbstars SFT + Logits KD: After SFT on Tbstars,
performing logits-based knowledge distillation
using TaoSR1 as the teacher model.

3.2 Offline Evaluation

Offline evaluation is conducted using Hitrate @6k
and Goodrate @100 metrics. Table 1 presents the
offline experience evaluation results from the view
of relevance, and Table 2 shows the offline evalua-
tion results from the view of recall.

As shown in Table 1, the model with SFT and
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Goodrate @100

Model Q&A Alternative Negative Knowledge Overall
BERT-base 69.60 26.86 49.90 50.49 49.21
Query-Rewrite 84.52 36.39 57.40 62.65 60.24
Qwen-3B 82.03 34.65 59.87 58.09 58.66
Tbstars Post-Pretrain(base) 80.67 32.87 60.26 63.20 59.25
Tbstars SFT Only 84.01 38.70 62.60 68.45 63.44
Tbstars SFT + Ranking loss(Hard Neg) 84.90 40.12 62.40 68.71 64.03
Tbstars SFT + DPO(Hard Neg) 84.96 40.21 63.60 68.76 64.38
Tbstars SFT + R-GRPO 85.05 43.32 65.80 69.50 65.91

Table 1: Offline Performance Comparison of Training Strategies with Goodrate@ 100

Hitrate @6k
Model General Long-Tail
BERT-base 32.28 19.10
Qwen-3B 45.08 33.67
Qwen3-VL-Embedding-2B + SFT ~ 46.65 36.81
Thbstars Post-Pretrain(base) 46.76 32.74
SFT Only 48.00 37.52
R-GRPO Only 46.20 37.79
SFT + Ranking loss(Hard Neg) 48.06 38.11
SFT + DPO(Hard Neg) 48.20 39.35
SFT + Logits KD 48.52 40.02
SFT + R-GRPO 49.35 41.07

Table 2: Offline Performance Comparison of Training
Strategies with Hitrate @6k

Retrieval-GRPO achieves optimal performance,
outperforming the state-of-the-art baseline Tbstars
(SFT only) with an average improvement of 2.47pt
across four challenging query slices. The most
significant enhancement is observed in the alterna-
tive queries, showing a 4.62 pt gain. It is because
the alternatives typically share identical functional-
ity with the original items but differ in brand and
price. From the lexical overlap metric perspective,
queries exhibit higher overlap scores with original
brands than their alternatives, posing challenges for
models relying primarily on lexical matching. For
instance, a search for "alternative PS5 controller”
might incorrectly prioritize official Sony products
due to brand name overlap, despite the user’s ex-
plicit request for alternatives. Through Retrieval-
GRPO, wrong predictions can be corrected via rel-
evance rewards, which helps the model overcome
superficial lexical matches and develop deeper se-
mantic understanding.

As shown in Table 2, the two-stage
SFT+Retrieval-GRPO model achieves the
best performance, outperforming the current

state-of-the-art baseline by 1.35pt and 3.55pt on
general queries and long-tail queries, respectively.

3.3 Effect of R-GRPO

Table 2 shows that SFT+Retrieval-GRPO outper-
forms SFT alone, offline ranking and DPO, and
logits-based KD. To isolate the source of the gain,
Table 4 holds the backbone, candidate pool, and
TaoSR1 supervision fixed. Replacing static hard
negatives with candidates retrieved by the cur-
rent policy improves DPO by 0.40/0.51 points
on general/long-tail queries. Replacing on-policy
DPO with R-GRPO adds a further 0.75/1.21 points.
Thus both fresher candidates and the group-relative
objective contribute.

DPO thresholds TaoSR1 scores into L3/1L.4 posi-
tive and L1/L.2 negative pairs. Candidates sharing
a binary label have no relative ordering, and an all-
positive or all-negative group provides no pairwise
signal. R-GRPO instead uses every continuous
score through a z-normalized advantage, preserv-
ing within-label ordering and producing gradients
for every non-degenerate group. The label-source
effect is also controlled by logits KD in Table 2,
which uses the same frozen TaoSR1 yet trails R-
GRPO by 0.83/1.05 points. This evidence attributes
the remaining gain to the objective together with
the finer-grained signal it can represent.

Removing first-stage SFT and applying R-
GRPO directly also degrades performance, show-
ing that basic discrimination must be learned be-
fore on-policy correction. The two stages therefore
form a progressive-difficulty curriculum.

Figure 3 shows how the distribution of relevance
levels for the top-k items evolves during training,
where L1 (Irrelevant) and L2 (Marginal) represent
low relevance, while L3 (Related) and L4 (Excel-
lent) represent high relevance. As training pro-

1238



_______________________________

Query: square stainless

1
steel water tank : e
| [ ]
1
1

304 stainless steel
rectangular water
tank with automatic
water
replenishment...

8 retrieve

—_—
@ o
\

custom stainless
steel water tank,
square water tank ...

plastic PE square
equipment water
tank, outdoor RV

no-drill stainless
steel water tank

water tank ... storage rack ...

Smmme e

_______________________________

Query: transparent
yellow water
bottle

I~ retrieve

—_—
@ Top-K .

N
Fuguang Space Cup,
a portable leak-
proof heat-resistant
plastic yellow water
bottle ...

Fuguang Lemon Cup
Portable Plastic
Juicer Cup, Simple

| Simple transparent
heat-resistant
plastic brown cup
with graduations,
small and portable...

Japanese portable
collapsible water
bottle, food-grade
silicone mouthwash
cup ...

Semmm e em

Figure 2: Top-k items in R-GRPO and relevance scores assigned by the relevance model for query-item pairs

Query Type Case GSB Query Goodrate Item Goodrate
Q&A What medicine can make hair black?  +24.30% +10.64pt +8.2pt
Alternative  Alternative PS5 controller +28.57% +10.87pt +9.1pt
Negative Short sleeves that don’t stick to hair ~ +41.16% +17.07pt +11.65pt
Knowledge Paint that is not afraid of car pressure  +25.5% +12.65pt +7.60pt
Overall - +29.88% +12.81pt +9.14pt

Table 3: Online Side-by-Side Human Evaluations
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Figure 3: Distribution of Relevance Levels in R-GRPO

Setting General Long-Tail
Offline DPO 48.20 39.35
On-policy DPO 48.60 39.86
On-policy R-GRPO 49.35 41.07

Table 4: Factor decomposition on Hitrate @6k. The last
two rows use identical on-policy candidates and TaoSR1
supervision.

gresses, L1 and L2 gradually shift towards L3 and
L4, indicating that the model learns to retrieve in-
creasingly relevant items.

We also conduct ablation on the reward model by
replacing TaoSR1 with smaller relevance models;
results are provided in Appendix C.

3.4 Examples in R-GRPO

During R-GRPO training, the model dynamically
identifies challenging candidates and adjusts its

representations based on real-time relevance feed-
back. Figure 2 illustrates the top-k items selected
by the dense retrieval model during R-GRPO train-
ing, along with the relevance scores assigned by
the relevance model to these query-item pairs. As
demonstrated in the figure, for the user search query
"square stainless steel water tank", among the top-
k items, two stainless steel square sinks get high
relevance scores (0.99 and 0.99), while a plastic
product (0.44) and a sink storage rack (0.29) obtain
significantly lower relevance scores.

Additional case studies comparing our model
with the online baseline across four types of long-
tail queries are provided in Appendix D.

3.5 Online Evaluation

We deploy the model into Taobao Search and vali-
date its effectiveness through online A/B testing. A
side-by-side evaluation is conducted between two
experimental buckets, where the top 10 items for
2000 actual online queries across four challenging
query slices are manually annotated using three
human evaluation metrics introduced in subsection
3.1.

As shown in Table 3, the most significant im-
provement is observed in negative-class queries,
as negative semantics and literal overlap metrics
typically exhibit opposing trends, posing additional
challenges for models that rely on literal matching
rather than deep semantic understanding. Through
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Retrieval-GRPO, the model leverages real-time rel-
evance feedback to correct wrong predictions dur-
ing training, significantly improving search expe-
rience for queries requiring deep understanding of
user intent.

All improvements in Table 3 are statistically sig-
nificant (p < 0.05). Beyond relevance improve-
ments, the deployed model also yields measurable
business impact: on long-tail queries, order vol-
ume increases by 1.68% and GMYV increases by
1.62% in online A/B testing. Note that Retrieval-
GRPO introduces additional computation only dur-
ing training; at deployment, the system is identical
to a standard dual-encoder retrieval model with
no additional online latency. The reward model
is served on a dedicated inference platform, sep-
arate from the 128 training GPUs. Our previous
offline hard-negative pipeline also performed ANN
retrieval and TaoSR1 scoring, so reward inference
is not a new cost unique to R-GRPO. Eliminating
offline data engineering, index refreshes, and wait-
ing cycles reduces end-to-end iteration wall-clock
time to roughly one third of the previous pipeline
in our production environment. This relative wall-
clock figure includes system orchestration and is
not intended as a hardware-independent GPU-hour
comparison.

4 Conclusion

We present Retrieval-GRPO, a reinforcement learn-
ing framework for dense retrieval that replaces of-
fline hard negative mining with dynamic candidate
retrieval and LL.M-based relevance rewards. Ex-
tensive experiments on a large-scale e-commerce
search platform demonstrate significant improve-
ments on both offline metrics and online A/B test-
ing, particularly for complex long-tail queries. De-
ployed in Taobao Search, serving China’s largest e-
commerce platform, Retrieval-GRPO validates the
effectiveness of reinforcement learning in improv-
ing dense retrieval for real-world search systems.

Limitations

Our work has several limitations. First, Retrieval-
GRPO relies on a high-quality reward model; as
shown in Appendix C, a weak reward model can de-
grade performance, indicating that the framework’s
effectiveness is contingent on accurate relevance
scoring. Second, the two-stage training pipeline
requires the SFT stage as a prerequisite (Table 2),
and the reward model inference during training

introduces additional computational overhead com-
pared to standard contrastive learning. Third, our
experiments use one 3B backbone, proprietary Chi-
nese e-commerce data from Taobao Search, and no
public benchmark. Although the method itself is
language-agnostic, its generalizability across back-
bone families, model sizes, languages, and domains
remains to be validated. Finally, at deployment
time, the framework introduces no additional on-
line latency since only the dual-encoder retrieval
model is served, but the training cost on large-scale
GPU clusters may limit accessibility for smaller
organizations.
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A Related Work

A.1 Dense Retrieval

Dense retrieval encodes queries and items into a
shared semantic space and retrieves the top-N most
similar items using approximate nearest neighbor
(ANN) algorithms (Malkov and Yashunin, 2018).
Early dense retrieval methods primarily relied on
encoder-only pre-trained models like BERT (De-
vlin et al., 2019), RoBERTa (Liu et al., 2019). Gao
et al. (2021) first introduced a contrastive learning
framework for dense retrieval tasks, using dropout
as an unsupervised self-prediction technique in its
contrastive learning framework. After that, the con-
trastive learning paradigm became widely adopted.
Beyond pure text representation, CLIP (Radford
et al., 2021) leverages a large-scale image-text
matching dataset to pretrain multimodal represen-
tations through simple contrastive learning objec-
tives for multimodal alignment tasks. With the
rapid development of large language models, many
studies now employ LLMs as backbones for dense
retrieval, leveraging their extensive world knowl-
edge and zero-shot generalization capabilities to
obtain superior universal semantic representations.
Notably, RepLLaMA (Ma et al., 2024) first demon-
strated the effectiveness of multi-stage supervised
fine-tuning (SFT) of large language models for text
retrieval. NV-Embed (Lee et al., 2025a) proposes
a latent attention layer to obtain pooled embed-
dings and enhances model performance through
contrastive learning with in-batch negatives and
curated hard negative examples. Gemini Embed-
ding (Lee et al., 2025b) utilizes Gemini’s multilin-
gual and code comprehension capabilities to gener-
ate highly versatile embeddings across languages
and text modalities. Seed Embedding (ByteDance
Seed, 2025) adopts a Mixture-of-Experts (MoE)
model as its backbone, supporting multiple embed-
ding dimensions via Matryoshka Representation
Learning (MRL) (Kusupati et al., 2022) training
similar to NV-Embed, and employs two-stage con-
trastive learning to strengthen universal represen-
tation capabilities. The gte-Qwen (Li et al., 2023)
integrates bidirectional attention mechanisms and
enhances performance through instruction tuning
using both weakly supervised and supervised data.
Building on gte-Qwen, Qwen3 Embedding (Zhang
et al., 2025) introduces an innovative multi-stage
training pipeline that combines large-scale unsu-
pervised pre-training with supervised fine-tuning
on high-quality datasets, ensuring robustness and

adaptability through effective model merging strate-
gies. Current LLM-based dense retrieval models
achieve state-of-the-art (SOTA) performance on
the MTEB leaderboard (Muennighoff et al., 2023),
demonstrating the effectiveness of large models for
semantic representation.

A.2 Reinforcement Learning for LLM

In recent years, large language model (LLM) tech-
nology has rapidly advanced, with reinforcement
learning (RL) (Wang et al., 2024) being widely
integrated into LLM training pipelines as a key
technical approach to enhance model performance
and controllability. The core application of RL
in LLMs involves modeling text generation as a
sequential decision-making problem, where the
model acts as an agent, generated text represents ac-
tions, and external feedback forms reward signals.
Among these approaches, Reinforcement Learn-
ing from Human Feedback (RLHF) has quickly
become the dominant paradigm. OpenAlI’s Proxi-
mal Policy Optimization (PPO) (Schulman et al.,
2017) stands as one of the most representative al-
gorithms in the RLHF framework. Subsequently,
OpenAl first applied PPO to align human prefer-
ences in its InstructGPT (Ouyang et al., 2022). In
PPO, the policy model serves as the optimization
target, generating sampled text from input prompts.
The reward model, trained on human preference
data, provides scalar reward signals based on re-
sponse quality from the policy model. A reference
model calculates KL divergence penalties to pre-
vent excessive deviation from the original model,
while a value model estimates action value func-
tions representing expected cumulative future value.
The PPO algorithm coordinates these four compo-
nents to align human preferences. Despite PPO’s
success, its complex workflow and high computa-
tional costs persist. The Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023) algorithm
addresses this by assuming human preferences fol-
low the Bradley-Terry model, simplifying prefer-
ence learning into a directly optimizable classifica-
tion problem through maximum likelihood objec-
tives. While DPO achieves stable performance with
higher efficiency and outperforms PPO in some
tasks, PPO maintains advantages in complex multi-
step reasoning tasks. To reduce PPO’s complexity
and computational demands, DeepSeek proposes
the GRPO (Shao et al., 2024) algorithm during
the training of its DeepSeekMath. GRPO elimi-
nates the value model in PPO and adopts a group-
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Figure 4: Recall comparison between our model and the online baseline on four long-tail query-slices

sampling-based baseline estimation method, using
average group rewards as the baseline to calculate
inter-group advantages, significantly reducing com-
putational overhead. Building on PPO, Liu et al.
(2025) discovered that simply applying robust ad-
vantage normalization and token-level loss aggre-
gation techniques to vanilla PPO could consistently
improve performance. Currently, the RL research
continues to drive progress in LLM training (Guo
et al., 2025), providing sustainable iterative meth-
ods for aligning large language models with human
preferences.

Most prior RL methods above optimize sequen-
tial text generation, whereas hard-negative refresh
methods for retrieval still construct binary exam-
ples in a separate mining stage. Retrieval-GRPO
instead casts dense retrieval as a single-step deci-
sion: the current retriever’s own top-k outputs are
refreshed at every update, without an offline min-
ing stage or index rebuild, and a frozen relevance
judge assigns a continuous reward to every candi-
date. Our optimizer is a group-normalized policy
gradient with KL regularization; the contribution
is this retrieval reformulation and its production-
scale validation, rather than a new general-purpose
optimizer.

B Implementation Details

The model is trained on a cluster of 128 GPUs (each
equipped with 96GB memory). The training frame-
work is implemented based on ROLL (Wang et al.,
2025), an open-source distributed RL-training li-
brary optimized for large language models. Dur-
ing the Supervised Fine-Tuning (SFT) phase, a

per-GPU batch size of 256 is configured with the
AdamW optimizer (51=0.9, 2=0.95), a learning
rate of le-5, and a cosine learning rate scheduler
incorporating a warmup ratio of 0.05. The archi-
tecture enforces a maximum input length of 256
tokens, with query and item embeddings projected
into a 1024-dimensional L2-normalized space. The
temperature parameter 7 is set to 0.02 for the In-
foNCE contrastive loss. MRL is applied across
dimensions [1024, 2048, 3072] to enhance hier-
archical representation learning. This phase com-
pletes after 1 full training epoch over the dataset.

Transitioning to the Retrieval-GRPO phase, the
policy model (3B parameters) interacts with the
TaoSR1 as reward model— a 42B Mixture-of-
Experts (MoE) architecture activating 3.5B param-
eters per instance. Maintaining consistency with
the SFT phase, the training protocol employs a
per-GPU batch size of 256, AdamW optimization
(81=0.9, 52=0.95), and a reduced learning rate of
le-6, coupled with the same cosine scheduler and
256-token context window. For candidate selec-
tion, items are gathered across 128 devices to form
a candidate pool of |B| = 128 x 256 = 32,768
items, from which the top-k = 8 candidates are
selected per query for reward computation. The
temperature parameter 7 in the policy distribution
(Equation 3) is set to 1, producing a softer distri-
bution over candidates that allows all top-k items
to contribute meaningful gradients. The KL diver-
gence penalty coefficient (5=0.05, as defined in
Equation 5) regulates policy deviation from refer-
ence behavior. Table 5 shows that removing KL
degrades both test sets, while the 3 — oo endpoint
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reduces analytically to the SFT reference. We did
not tune 8 = 0.05 on this task and therefore do
not claim it is optimal. Reducing the candidate
pool from 32,768 (128 GPUs) to 16,384 (64 GPUs)
changes both Hitrate @6k metrics by less than 0.5
points, showing that the result is not tied to the
largest pool.

B8 General Long-Tail
0 (no KL) 48.37 40.85
0.05 (ours) 49.35 41.07
— oo (SFT)  48.00 37.52

Table 5: KL-coefficient ablation on Hitrate @6k.

Embedding dimensions remain fixed at 1024 to
ensure compatibility with upstream components.
The GRPO phase iterates over 3 epochs to achieve
convergence.

C Effect of Reward Model

To validate the role of reward model quality in
Retrieval-GRPO, we replace the default TaoSR1 (a
42B-MoE relevance model activating 3.5B parame-
ters) with two smaller alternatives: a 4-layer BERT-
based relevance model and a 13B dense relevance
model. As shown in Table 6, R-GRPO’s effective-
ness scales with reward model quality. The 4-layer
BERT model provides noisy relevance signals that
mislead policy optimization, resulting in degraded
performance compared to the SFT baseline. The
13B model provides sufficiently accurate rewards
to achieve substantial improvements, particularly
on long-tail queries. The 42B MoE model further
pushes performance. This demonstrates that pre-
cise relevance calibration is pivotal for R-GRPO:
inaccurate reward signals not only fail to help but
can actively harm the learned representations.

Hitrate @6k
Model General Long-Tail Goodrate @100
SFT 48.00 37.52 63.44%
SFT + R-GRPO(Rel-BERT-41) 47.40 37.22 63.67%
SFT + R-GRPO(Rel-13B) 48.88 40.56 65.03%
SFT + R-GRPO(Rel-42BA3.5B)  49.35 41.07 65.91%

Table 6: Ablation Results on Reward Model

D Additional Case Studies

Figure 4 compares the recall results of our model
with the online baseline across four long-tail query
slices. Figure 5 presents additional examples of
top-k items and relevance scores during R-GRPO

training, and Figure 6 provides further recall com-
parisons on long-tail queries.

Figure 5: Additional examples of top-k items and rel-
evance scores assigned by the reward model during
R-GRPO training

Figure 6: Additional recall comparison between our
model and the online baseline on long-tail queries
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