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Abstract

E-commerce search systems typically separate
query-item relevance matching from down-
stream personalized ranking. While effective
for large-scale serving, this design leaves rel-
evance levels dominated by objective query-
item matching, forcing follow-up ranking to
operate over candidate structures that may not
reflect user behavioral preference. We define
a new personalized behavioral relevance task,
which predicts whether a relevance-stage can-
didate item is supported by the user’s behav-
ioral evidence under current query intent. We
develop a corresponding framework, BRIDGE,
for Behavioral Relevance Inference with Dy-
namic Guidance from Evidence. It organizes
multi-timescale behavioral context from online
logs, obtains reliable supervision with multi-
perspective annotation and adjudication, and
trains an LLM to produce structured evidence-
grounded decision rationales. It particularly in-
corporates sample-specific rubric rewards into
GRPO to improve generated reasoning traces.
Offline experiments validate that BRIDGE im-
proves both prediction accuracy and reasoning
quality. Online A/B tests show gains of 0.19%
in active user-days and 0.67% in transaction-
related user-days, both significant in statistics.

1 Introduction
E-commerce search is a central entry point that
connects user shopping intents with products from
large-scale inventories (Chen et al., 2025a, 2026).
For users, effective shopping search requires both
objective search relevance to the expressed query
and alignment with personalized preference re-
flected in user behavior. In production systems,
this balance is often achieved by a two-stage search
pipeline: a search relevance model (Li et al., 2026)
first assigns candidates to relevance score levels
based on query-item matching, and a downstream
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Query: 
flare pants

User Logs

cream-colored flare pants

Exposure position

Search relevance

15

high

black-gray kick flare jeans

Exposure position

Search relevance

56

low

Long-term purchase preference
Primary business categories
Wide-leg pants
uMaterial: [soft fleece, Tencel, linen] 
uFunctional attributes: [fleece-lined, drapey, loose fit]
uColor: [khaki, gray, black]

Same-day search interactions
Query: flare pants
Clicked: 
l smoky-gray fleece-lined slight-flare jeans

7-day search interactions
Query: Vans official store
Clicked:
l Vans Ashwood Hi Decon black retro sneakers
l Vans Brooklyn LS black minimalist casual sneakers
l Vans Caldrone black American-retro skate shoes
l Vans Filmore Hi black retro sneakers
l Vans SK8-Low black retro street-style skate sneakers 

E-commerce 
Search System

Exposed Item List

Search system exposes the cream-colored pants earlier, but the user favors black/gray apparel.

Figure 1: A motivating example.

personalized ranking model, often optimized for
click-through rate (CTR) (Xiao et al., 2022), ranks
them under the constraints of these levels.

While effective, this two-stage design is likely
to create a mismatch between the two models. The
search relevance model makes an upstream deci-
sion that strongly constrains item exposure, but its
score levels are mainly determined by objective
query-item matching. The personalized ranking
model incorporates user signals only after this can-
didate structure has been formed. As a result, items
that match a user’s behavioral preference may re-
ceive limited ranking opportunities if they are as-
signed to lower relevance levels, whereas textually
matched but less preference-aligned items may re-
main in high-exposure levels. Fig. 1 depicts such
a case: search relevance exposes a cream-colored
item earlier, but user logs reveal a stronger behav-
ioral preference for the black-gray item. A naive
mitigation is to increase the number of candidates
recalled for CTR prediction by including items on
lower relevance levels. However, this enlarges the
ranking candidate set and weakens the original role
of relevance levels as explicit quality constraints.

Prior work (Chen et al., 2025b; Cao et al., 2026)
has recognized this problem and addressed it from
the ranking side by proposing relevance-CTR fu-
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sion methods that jointly model relevance score
levels, click probability, as well as user-specific
relevance preference. User preference in these
methods is represented by numerical features, se-
mantic identifiers, or dense embeddings, and in-
tegrated with relevance and CTR signals into the
final ranking scores. While effective for serving,
such compact ranking representations cannot well
utilize the rich evidence contained in user behavior,
since they do not explicitly examine how behav-
ioral preference signals correspond to fine-grained
item attributes under current query intent.

In this paper, we tackle this problem from the
relevance-side behavioral reasoning. Instead of
injecting user preference into the final ranking
scores, we introduce Personalized Behavioral Rel-
evance (PBR) to assess whether a relevance-stage
candidate item is supported by the user’s behav-
ioral evidence under current query intent. To sup-
port this assessment, we collect multi-timescale
behavioral context from historical logs and infer
whether the item’s attributes align with the user’s
preference under current search intent. This task
formulation holds the existing two-stage search ar-
chitecture: PBR is used as a relevance-level adjust-
ment signal before CTR-oriented ranking, promot-
ing behaviorally supported candidates so that the
candidate structure better reflects both query-item
matching and user preference alignment.

To instantiate this idea, we develop a new frame-
work, BRIDGE, for Behavioral Relevance Inference
with Dynamic Guidance from Evidence. BRIDGE
takes user query, candidate item information, and
user’s multi-timescale behavioral context as in-
put, and returns a binary label indicating whether
the candidate is supported by the user’s behav-
ioral evidence. We employ an LLM to gener-
ate structured decision rationales that explicitly
align query intent, item attributes, and behav-
ioral evidence, benefiting from its deliberative rea-
soning capability. To obtain reliable label and
rationale supervision, we construct training data
through a multi-perspective annotation pipeline
that combines heuristic behavior-derived priors,
forward reasoning annotation, reverse verification,
and judge-based adjudication. We further opti-
mize BRIDGE with GRPO (Shao et al., 2024), into
which we propose sample-specific rubrics as addi-
tional reward signals for generated outputs. This
transforms relevance-side personalization to an
evidence-grounded reasoning problem: BRIDGE
combines multi-timescale behavioral context, ad-

judicated PBR supervision, structured reasoning,
and sample-specific rubric rewards so that it is op-
timized not only for the final binary decision but
also for how it uses behavioral evidence.

Our main contributions are outlined as follows:

• We introduce PBR, a relevance-side person-
alization task that estimates whether a candi-
date item is supported by the user’s behavioral
evidence under the current query intent.

• We develop BRIDGE, a framework that learns
structured evidence-grounded reasoning and
uses sample-specific rubrics with GRPO to
improve generated rationales. We also design
a multi-perspective annotation and adjudica-
tion pipeline for reliable PBR supervision.

• Through offline experiments, we empirically
show that BRIDGE improves the prediction ac-
curacy of PBR. Furthermore, a real online
A/B test demonstrates user engagement gains
in production.

2 Related Work
2.1 Search Relevance Modeling
Search relevance modeling estimates whether a
candidate item satisfies a user’s query intent. Con-
ventional retrieval models, ranging from lexical
matching such as TF-IDF (Ramos, 2003) and
BM25 (Robertson and Zaragoza, 2009) to dense
semantic matching based on pre-trained represen-
tations (Devlin et al., 2019; Khattab and Zaharia,
2020; Reimers and Gurevych, 2019), have estab-
lished solid foundations for query-item matching
in e-commerce search systems. Recent work (Tang
et al., 2025; Dong et al., 2025; Wang et al., 2026a)
re-frames search relevance as a reasoning problem
with LLMs, enabling models to produce explicit
rationales, handle complex or implicit query in-
tent, and support structured relevance reasoning
for production search. Follow-up work improves
this paradigm with step-level reward assignment
(Jiao et al., 2025), retrieval-augmented evidence
use (Yang et al., 2026), multimodal information
(Wang et al., 2026b), and deployable distillation
(Xu et al., 2025). These studies focus on query-
item relevance, and their goal is to determine if
an item matches the query. Unlike them, our
work defines PBR, which additionally conditions
relevance-side decisions on the user’s behavioral
context and refines relevance levels in terms of be-
havioral preference before downstream ranking.
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Figure 2: Overview of the BRIDGE framework.

2.2 CTR Prediction & Personalized Ranking

CTR prediction is a core component of personal-
ized ranking in e-commerce search systems. Ex-
isting CTR models estimate post-exposure en-
gagement through modeling sparse feature inter-
actions (Juan et al., 2016; Guo et al., 2017; Lian
et al., 2018), memorization-generalization trade-
offs (Cheng et al., 2016), and user interests from be-
havior sequences (Zhou et al., 2018, 2019; Pi et al.,
2020; Zhu et al., 2025). Closely related to our mo-
tivation, PRECTR (Chen et al., 2025b) observes
that separately trained relevance and CTR mod-
els can produce inconsistent decisions, and thus
proposes a unified relevance-CTR framework that
models relevance score levels, click probability,
and user-specific relevance preference. PRECTR-
V2 (Cao et al., 2026) improves it with cross-user
preference mining, exposure bias correction, and
LLM-distilled encoder optimization. These stud-
ies mainly address the mismatch from the ranking
side by improving the final ranking score, whereas
our work defines PBR as an explicit relevance-side
task and uses LLM reasoning to refine upstream
relevance levels before personalized ranking.

3 Method

Fig. 2 illustrates the overall framework of BRIDGE.
It first collects query-specific behavioral context
from online logs (Sec. 3.2), then builds reliable
supervision through multi-perspective annotation

and adjudication (Sec. 3.3), and finally trains the
model with supervised reasoning (Sec. 3.4) and
rubric-guided GRPO (Sec. 3.5) before deploying
for inference.

3.1 Task Formulation
We formulate Personalized Behavioral Relevance
(PBR) as a user-conditioned relevance-side predic-
tion task. For a search query, let q denote the user
query, i denote a candidate item, and Hu denote
the behavioral context of user u. We explicitly de-
compose Hu into three temporal components:

Hu =
(
H0

u,H
1
u,H

2
u

)
, (1)

where H0
u represents the real-time behavior from

same-day search interactions, H1
u represents the

short-term behavior within recent period, and H2
u

represents the long-term preference evidence accu-
mulated from historical behavior.

The goal is to predict a binary label

y = fθ
(
q, i,H0

u,H
1
u,H

2
u

)
, y ∈ {0, 1}, (2)

where y = 1 indicates that the candidate item is
supported by the user’s behavioral preference un-
der current query intent, and y = 0 otherwise. In
an online system, this label is used to adjust the can-
didate’s relevance level before downstream person-
alized ranking: candidates predicted as y = 1 are
promoted by one level. Thus, the adjusted level is
no longer a purely objective query-item relevance
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level, but a personalized relevance-side level that
additionally incorporates behavioral preference.

Note that PBR does not replace conventional
search relevance modeling or CTR prediction. In-
stead, it provides a relevance-side behavioral sig-
nal over relevance-stage candidates, so that down-
stream CTR-oriented ranking operates on rele-
vance levels that better reflect both query-item
matching and user preference alignment.

3.2 Multi-Timescale Behavioral Context
For each search query, we collect the behavioral
context from online logs. The context provides be-
havioral evidence by describing the user’s recent
and long-term behavioral patterns. We specifically
consider three behavioral context categories:

• Real-time search interactions record the
user’s same-day search interactions. Here, an
interaction refers to the user’s feedback under
a search query, such as clicks, add-to-cart ac-
tions, favorites, or purchases.

• Short-term search interactions aggregate
the user’s search interactions in the past
seven days, capturing short-term and recur-
ring shopping intents beyond current session.

• Long-term purchase preference summa-
rizes the user’s purchasing patterns in one
year. It aggregates the user’s top price-zone
preference records within each product cate-
gory and category-property-value (CPV) pref-
erence records over items, together with a pro-
file describing stable business characteristics.

These context categories complement each
other: real-time interactions capture immediate
intent, short-term interactions provide preference
continuity, and long-term purchase preference de-
scribes more stable user needs. Because the behav-
ioral context may contain many records unrelated
to the current query, we treat each historical inter-
action or preference record as a retrieval entry and
retain the top-K entries most similar to the current
query within each context category. We use em-
bedding similarity to filter historical behavior and
construct a query-specific context, as detailed in
Appendix A.

3.3 Multi-Perspective Data Annotation
Constructing reliable supervision is challenging
since observed interactions may still be noisy,

while non-interacted items are not necessarily irrel-
evant because the user may have already selected
other candidates. To resolve this, we construct la-
bels through multi-perspective annotation, using
repeated judgment and judge-based adjudication to
improve annotation stability.

The pipeline consists of four stages. First, a
heuristic annotator assigns each candidate a heuris-
tic label using position-aware interaction rules, as
detailed in Appendix B. This stage constructs a
balanced annotation pool containing both likely-
positive and likely-negative candidates. Note that
these heuristic labels are used only as weak guid-
ance rather than final labels. Second, a forward
annotator independently reads the query, candi-
date item as well as behavioral context, and pro-
duces a structured reasoning trace and a binary la-
bel without observing the heuristic label. Third,
a reverse annotator is given the heuristic label as
a hint and verifies whether the evidence supports
it, producing a verification rationale together with
an independent binary label. Finally, when the for-
ward and reverse labels disagree, a neutral judge
inspects both rationales and decides whether the
forward label should be accepted.

We only retain a sample if the forward label is
corroborated by the reverse annotator, or if it is ac-
cepted by the judge during adjudication. We use
the forward reasoning trace for supervised finetun-
ing (SFT) as it matches the inference-time setting,
where the model must make an independent deci-
sion without access to the heuristic label.

3.4 SFT with Structured Reasoning
We leverage the retained annotations to train the
model with SFT. Each training instance consists
of a query, a candidate item, the retrieved multi-
timescale behavioral context, a forward reasoning
trace, and a binary label. Rather than training the
model to directly emit a label, we require it to gen-
erate a structured reasoning trace followed by the
final binary decision. This design makes the pre-
diction process evidence-grounded and aligns the
training format with the annotation process.

The reasoning trace follows a fixed seven-step
format: query intent analysis, item attribute anal-
ysis, real-time context analysis, short-term con-
text analysis, long-term context analysis, attribute-
level alignment, and final binary decision. This
structure encourages the model to ground its deci-
sion in explicit query, item, and behavioral-context
evidence, instead of relying on an unstructured
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overall impression.
Given a training set DSFT = {(x, r, y)}, where

x denotes the input, r denotes the forward rea-
soning trace, and y denotes the binary label, we
optimize the model with the standard next-token
prediction objective over the concatenated target
sequence (r, y). The resulting SFT model pro-
vides the initialization for the reinforcement learn-
ing (RL) stage.

3.5 Rubric-Guided GRPO
Prior work on relevance reasoning observes that
a model may produce a correct label with an in-
consistent or poorly grounded reasoning trace, and
uses GRPO to mitigate this issue (Dong et al.,
2025). However, outcome-only RL still provides
only coarse final-label rewards and cannot directly
evaluate whether the generated reasoning faithfully
uses the required evidence. In this paper, we intro-
duce sample-specific rubrics aligned with the struc-
tured reasoning trace as additional rewards for gen-
erated outputs during GRPO training.

For each input x, the current policy samples a
group of candidate outputs {oj}Gj=1, where each
output contains a structured reasoning trace and
a binary decision. To make GRPO effective, we
construct the RL pool with a difficulty-adaptive
filtering strategy: the SFT model first generates
multiple rollouts for each candidate sample, and
we only retain samples whose rollout group con-
tains both correct and incorrect predictions. This
removes samples that are already too easy or too
hard for the current policy, where group-relative
advantages provide little useful learning signal.

The reward for each rollout checks output valid-
ity and combines the label and rubric rewards:

R(o) =

{
−1, invalid format
αRlabel(o) + βRrubric(o), otherwise

,

(3)

where Rlabel ∈ {0, 1} is a binary reward indicat-
ing whether the final decision matches the label.
Rrubric ∈ [0, 1] measures the reasoning quality:
an LLM judge evaluates each rollout against the
sample-specific rubric checks, and the weighted
pass rate is used as the reward. The format check
requires the output to follow the structured reason-
ing format and produce a valid binary decision; in-
valid outputs receive a fixed reward of −1 without
further reward computation. The key design is that
rubric reward explicitly evaluates whether the gen-
erated reasoning uses the required evidence, rather

Splits Examples Positive proportion
SFT training set 30,000 56.7%
RL training set 18,325 57.3%
Test set 5,000 55.6%

Table 1: Dataset statistics.

than relying only on final-label correctness. There-
fore, rubric-guided GRPO encourages the model
not only to improve prediction performance, but
also to produce reasoning traces that are better
grounded in explicit behavioral evidence.

4 Experiments and Results
4.1 Experimental Setup
Dataset. We construct our dataset from online
search logs collected over five days from 1688.com,
a B2B e-commerce platform. The data are labeled
by the multi-perspective annotation pipeline de-
scribed in Sec. 3.3. The dataset contains 76,329
samples after annotation: 30K samples are used
for SFT training, 5K samples are used for testing,
and the remaining samples form the RL candidate
pool. To construct the GRPO training set, we reuse
the SFT model to generate eight rollouts for each
sample in the RL candidate pool and retain samples
whose rollout group contains both correct and in-
correct predictions. This difficulty-adaptive filter-
ing yields 18,325 samples for RL training. Table 1
summarizes the resulting data splits. All splits are
performed by user ID to avoid possible user-level
leakage across training and evaluation.

Baselines. We compare our BRIDGE with two cat-
egories of baselines: (1) Zero-shot LLM baselines
include Qwen2.5-7B,1 Qwen2.5-72B,2 Qwen3-
8B,3 and Qwen3-32B,4 which are prompted with
the same input format without task-specific train-
ing. (2) The reranker baselines include Qwen3-
Reranker-8B5 and its SFT variant. For com-
pactness, they are denoted as Reranker and
RerankerSFT in the following table.

Metrics. Since PBR is formulated as a binary pre-
diction task, we report accuracy, precision, recall,
and F1 score on the test set. F1 is the primary met-
ric because the task requires balancing preference-
supported and unsupported candidates.

1https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
2https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
3https://huggingface.co/Qwen/Qwen3-8B
4https://huggingface.co/Qwen/Qwen3-32B
5https://huggingface.co/Qwen/Qwen3-Reranker-8B

1448

https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
https://huggingface.co/Qwen/Qwen3-8B
https://huggingface.co/Qwen/Qwen3-32B
https://huggingface.co/Qwen/Qwen3-Reranker-8B


Models Acc. Prec. Rec. F1
Qwen2.5-7B 0.609 0.620 0.769 0.686
Qwen2.5-72B 0.641 0.643 0.796 0.711
Qwen2.5-7B + SFT 0.748 0.752 0.817 0.783
BRIDGE 0.798 0.780 0.888 0.830

Qwen3-8B 0.628 0.633 0.785 0.701
Qwen3-32B 0.708 0.699 0.835 0.761
Qwen3-8B + SFT 0.781 0.768 0.868 0.815
Reranker 0.495 0.556 0.447 0.496
Reranker + SFT 0.731 0.753 0.767 0.760
BRIDGE 0.806 0.791 0.885 0.835

Table 2: Offline evaluation results.

Implementation. For the behavioral-context re-
trieval, we employ Qwen3-8B-Embedding6 to
compute query-entry similarity. We set K = 10
for both real-time and short-term search interac-
tions, and K = 5 for industry preference records
and CPV preference records. In the annotation
pipeline, 50.6% of the samples receive consistent
labels from the forward and reverse annotators,
27.7% are accepted by the judge after adjudication,
and 21.7% are rejected because the judge disagrees
with the forward label. The forward annotator, re-
verse annotator, adjudication judge, rubric gener-
ator, and rubric scorer use the same underlying
LLM with separate role-specific prompts and in-
puts. To validate the resulting PBR labels, we fur-
ther conduct a human validation on 200 randomly
sampled test examples. Two PhD students indepen-
dently annotate each example using the query, item
information, and user behavioral context, and dis-
agreements are resolved through discussion. The
automatic labels achieve 93.5% agreement with
the human labels, with a Pearson correlation of
0.8672 and Cohen’s κ of 0.8669, indicating strong
agreement beyond chance. Both SFT and GRPO
are trained on four H20 GPUs using the AdamW
optimizer. For SFT, we initialize the model from
Qwen3-8B and train it for three epochs with a learn-
ing rate of 1×10−5. For GRPO, we train the model
for two epochs with a learning rate of 1×10−6 and
sample G = 8 rollouts for each input. We set the
reward weights to α = 2 for label correctness and
β = 1 for rubric quality. Outputs with invalid for-
mat directly receive a reward of −1.

4.2 Offline Evaluation
Table 2 reports the offline evaluation results. The
zero-shot LLM baselines obtain relatively high
recall but much lower precision, indicating that

6https://huggingface.co/Qwen/Qwen3-Embedding-8B

LLMs Variants Acc. Prec. Rec. F1

Qwen2.5-
7B

BRIDGE 0.798 0.780 0.888 0.830
− GRPO 0.748 0.752 0.817 0.783
− Rrubric 0.780 0.774 0.852 0.811

Qwen3-
8B

BRIDGE 0.806 0.791 0.885 0.835
− GRPO 0.781 0.768 0.868 0.815
− Rrubric 0.792 0.779 0.873 0.823

Table 3: Ablation results.

prompting alone is likely to over-predict behav-
iorally supported candidates. Scaling up the back-
bones improves zero-shot performance, but these
larger models still lag behind task-specifically
trained models. SFT substantially improves the
two Qwen backbones, raising F1 from 0.686 to
0.783 for Qwen2.5-7B and from 0.701 to 0.815 for
Qwen3-8B. The reranker baseline performs poorly
without task-specific training, mainly because our
task differs substantially from conventional query-
document retrieval, and its SFT variant improves
but still remains below the generative SFT mod-
els. Our BRIDGE achieves the best overall perfor-
mance, reaching an F1 of 0.830 with Qwen2.5-
7B and 0.835 with Qwen3-8B. These results show
that structured evidence-grounded reasoning and
rubric-guided GRPO improve the relevance-side
behavioral decision beyond prompting and super-
vised imitation.

4.3 Ablation Study
Table 3 verifies the contribution of the GRPO stage
and the rubric reward. Removing GRPO consis-
tently reduces F1 on both backbones, showing that
SFT alone does not fully exploit the behavioral
preference. The drop is more visible on Qwen2.5-
7B, where F1 decreases from 0.830 to 0.783, sug-
gesting that policy optimization is more useful for
the weaker backbone. Removing the rubric reward
also degrades all metrics on both backbones, indi-
cating that sample-specific rubrics provide useful
guidance beyond final-label rewards. Compared
with the full model, the non-rubric variant pre-
serves much of the prediction accuracy but loses
part of the gain, which supports our design choice
of using rubrics as auxiliary reasoning supervision
rather than replacing label correctness.

4.4 Reasoning Quality Analysis
Because PBR is intended to produce evidence-
grounded behavioral decisions, we evaluate the
generated reasoning traces with the sample-
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Steps Qwen2.5 w/o GRPO w/o Rrubric BRIDGE
1 0.957 0.976 0.981 0.977
2 0.939 0.962 0.974 0.979
3 0.759 0.835 0.902 0.919
4 0.712 0.751 0.827 0.830
5 0.470 0.625 0.732 0.785
6 0.788 0.821 0.876 0.888
7 0.664 0.726 0.763 0.787

Table 4: Step-level reasoning quality evaluation with
sample-specific rubrics.

specific rubrics. For each test instance, the rubric
scorer checks whether the model output satisfies
the seven reasoning-step criteria: query intent,
item attributes, real-time context, short-term con-
text, long-term context, attribute alignment, and
final-decision grounding. We report the average
pass rate for each step in Table 4. The first
two steps, which analyze query intent and item
attributes, obtain high scores across all models
because they mainly involve local semantic un-
derstanding. The behavioral-context steps are
more challenging, especially long-term preference
analysis, where records are structurally complex
and may include stale or weakly related evidence.
BRIDGE improves these difficult steps most clearly,
raising the long-term-context score from 0.625 af-
ter SFT to 0.785 after rubric-guided GRPO. It
also improves final-decision grounding from 0.726
to 0.787, showing that the rubric reward encour-
ages the model to justify the binary PBR decision
with explicit behavioral evidence rather than only
matching the final label.

4.5 Online A/B Test
For real-world evaluation, we deploy BRIDGE on
1688.com for an online A/B test, serving 5% of
the main search traffic for three days. The online
system contains four relevance levels, and BRIDGE
is applied only to candidates in the top two lev-
els. Items in the highest level already have strong
query-item relevance, while items in the second-
highest level are promoted to the highest level
only when they are predicted as behaviorally sup-
ported. Each candidate can be promoted by at
most one level before downstream ranking, pre-
venting weakly relevant items from being moved
directly to the highest exposure positions. We re-
port active user-days and transaction-related user-
days, which measure user-day instances with active
search behavior and transaction-related conversion
behavior, respectively. Compared to the current

system, BRIDGE raises active user-days by 0.187%
(p < 0.02) and transaction-related user-days by
0.670% (p < 0.01), both statistically significant.

4.6 Deployment Efficiency and Scope
BRIDGE is deployed with offline inference and on-
line caching, rather than synchronous online gener-
ation. Each inference sample is a user-query-item
triple containing the query, one candidate item,
and the user’s multi-timescale behavioral context.
Using four H20 GPUs, the offline pipeline pro-
cesses approximately 1.02 million samples per day,
covering 20.9K queries from 10.8K users with an
average of 48.6 candidate items per query. The
average offline inference time is 4.12 seconds per
query. During online serving, the search system
only retrieves cached PBR decisions, and cache
misses fall back to the original relevance pipeline,
introducing negligible additional online latency.

BRIDGE is designed for high-value B2B buyers
on 1688.com with sufficiently rich behavioral his-
tories. For newly registered users or users with
sparse interaction histories, the module is not ap-
plied and the original search relevance module is
used. This deployment scope avoids unreliable
preference inference under cold-start conditions
and keeps the relevance-level adjustment restricted
to cases where behavioral evidence is available.

5 Conclusion

This work revisits a basic assumption in industrial
e-commerce search: relevance levels need not be
purely objective query-item matching constraints.
When user logs reveal stable behavioral preference,
relevance-side decisions can also encode whether
a candidate is suitable for the user under current
query intent. From this perspective, BRIDGE com-
plements ranking-side personalization by moving
part of preference modeling upstream, before CTR-
oriented ranking is applied. It also shows that LLM
reasoning can be used not only to judge query-item
relevance, but also to describe how query intent,
item attributes, and user behavior are connected.
We hope this work will encourage future search sys-
tems to treat relevance levels as preference-aware
structures rather than fixed text matching outputs.
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Limitations

This work may have several limitations. First, the
supervision construction relies on LLM-based an-
notators and judges. Although multi-perspective
annotation and human label validation improve la-
bel reliability, the resulting labels, rationales, and
rubrics may still inherit biases from the underly-
ing LLMs or prompt designs. Second, our of-
fline evaluation covers five days of logs and the
online A/B test lasts three days. Longer offline
and online evaluations are needed to establish tem-
poral robustness. Third, our experiments are car-
ried out on 1688.com and BRIDGE is currently ap-
plied only to users with sufficiently rich behavioral
histories. Broader generalization requires cross-
platform validation under different user behavior
patterns and relevance-level mechanisms, as well
as further study of sparse data settings.
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A Behavioral Context Filtering
The behavioral context extracted from online logs
may contain many entries that are unrelated to the
current query. Therefore, we apply query-aware
filtering to the structured behavioral fields before
constructing the final context.

For real-time and short-term search interactions,
each entry is organized around a query and con-
tains the items interacted with under that query.

For long-term purchase preference, entries cor-
respond to structured records such as category-
level price-zone preference records and category-
property-value preference records. The stable busi-
ness profile is kept as a whole and is not decom-
posed or filtered.

For each decomposed entry e, we compute its
embedding similarity to the current query:

s(q, e) = cos (ϕ(q), ϕ(e)) , (4)

where ϕ(·) denotes the embedding encoder.
Within each context category, we retain the
top-K entries with the highest similarity scores
and discard the remaining entries. The retained
entries are then merged back into their original
field format, so that the model receives a com-
pact query-specific context while preserving the
structure of the online-log records.

B Heuristic Annotation
The goal of heuristic annotation is not to produce
labels, but to retrieve informative candidates from
online logs and provide weak priors for the later
annotation pipeline.

Position-aware priors. For each search exposure
list, we estimate the user’s viewed range from ob-
served interactions, and define pmin and pmax as
the minimum and maximum positions among in-
teracted items, respectively. Candidates with inter-
actions are treated as likely positive cases. For non-
interacted candidates, those ranked before pmin
are treated as informative negatives; those ranked
within [pmin, pmax] are treated as possible negatives;
candidates after pmax are not sampled because the
user may not have reached them. These priors are
used only to build a balanced annotation pool and
to provide a weak hint to the reverse annotator.

C Prompt Templates
Inference prompt is shared by forward annotation,
training, and inference to keep the input-output for-
mat consistent.

Inference Prompt
# ROLE
You are an expert user behavior analyst for 1688.com, a
B2B e-commerce search platform. Your task is to judge
whether a candidate item is supported by the user's
behavioral evidence under the current search query.

# TASK DEFINITION
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The task is not conventional query-item textual
relevance. Given a query, a candidate item, and the
user's multi-timescale behavioral context, judge
whether the item is supported by the user's behavioral
preference under the current query intent. Infer whether
the item matches the user's behavioral preference at the
attribute level. If there is insufficient supporting
evidence, output label 0.

# QUERY
{query}

# ITEM
Title: {item_title}
Other attributes: {item_attributes}

# MULTI-TIMESCALE BEHAVIORAL CONTEXT
Real-time search interactions:
{real_time_context}

Short-term search interactions:
{short_term_context}

Long-term purchase preference:
{long_term_context}

# OUTPUT CONSTRAINTS
Produce a structured seven-step reasoning trace:
1. Query intent analysis
2. Item attribute analysis
3. Real-time context analysis
4. Short-term context analysis
5. Long-term context analysis
6. Attribute-level alignment
7. Final decision rationale

Then output the final PBR label as exactly one of:
\boxed{0}
\boxed{1}

Label 1 means the item is supported by behavioral
preference. Label 0 means the evidence is insufficient
or does not support behavioral relevance.

Reverse annotation prompt follows the same
structured format but additionally conditions on a
heuristic label and prior-specific annotation notes.
These notes describe how the heuristic label should
be interpreted. Interaction-supported candidates
are likely positives, but the annotator is reminded
that interaction signals can still be noisy. Non-
interacted candidates before pmin are likely nega-
tives because they appear before the earliest ob-
served interaction, making it likely that the user ex-
amined them sequentially and did not select them.
Non-interacted candidates within [pmin, pmax] are
possible negatives because they fall inside the esti-
mated viewed range, but the evidence that the user
examined each of them is weaker than for candi-
dates before pmin.

Reverse Annotation Prompt
# ROLE
You are an expert reviewer for user behavior analysis
in e-commerce search. Your task is to verify whether a
candidate item is supported by the user's behavioral
evidence under the current search query.

# TASK DEFINITION
The task is to judge whether the candidate item is
supported by the user's behavioral preference under the
current query intent. The heuristic prior below is only a
weak hint. You should check whether the evidence
supports it or whether it should be overturned.

# QUERY
{query}

# ITEM
Title: {item_title}
Other attributes: {item_attributes}

# MULTI-TIMESCALE BEHAVIORAL CONTEXT
Real-time search interactions:
{real_time_context}

Short-term search interactions:
{short_term_context}

Long-term purchase preference:
{long_term_context}

# HEURISTIC PRIOR
Heuristic label:
{heuristic_label}

Prior-specific annotation notes:
{prior_specific_notes}

# OUTPUT CONSTRAINTS
Produce a structured verification trace with the
following steps:
1. Query intent analysis
2. Item attribute analysis
3. Real-time context analysis
4. Short-term context analysis
5. Long-term context analysis
6. Prior-aware evidence verification
7. Final decision rationale

Then output the final PBR label as exactly one of:
\boxed{0}
\boxed{1}

Label 1 means the item is supported by behavioral
preference. Label 0 means the evidence is insufficient
or does not support behavioral relevance.

Adjudication prompt is used only when the for-
ward and reverse annotations disagree. A neutral
judge compares the two reasoning traces and de-
cides whether the final judgment is consistent with
the forward annotation. When the answer is yes,
the forward label is retained for training; otherwise,
the sample is discarded.
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Adjudication Prompt
# ROLE
You are a neutral judge for user behavior analysis in
e-commerce search. Your task is to adjudicate
conflicting annotations for the same query-item-user
context.

# TASK DEFINITION
The task is to judge whether the candidate item is
supported by the user's behavioral preference under the
current query intent. You should compare the forward
annotation and the reverse annotation, evaluate which
reasoning is better grounded in the query, item
attributes, and multi-timescale behavioral context, and
decide whether the forward label should be accepted.

# QUERY
{query}

# ITEM
Title: {item_title}
Other attributes: {item_attributes}

# MULTI-TIMESCALE BEHAVIORAL CONTEXT
Real-time search interactions:
{real_time_context}

Short-term search interactions:
{short_term_context}

Long-term purchase preference:
{long_term_context}

# FORWARD ANNOTATION
Forward reasoning:
{forward_reasoning}

Forward label:
{forward_label}

# REVERSE ANNOTATION
Reverse reasoning:
{reverse_reasoning}

Reverse label:
{reverse_label}

# OUTPUT CONSTRAINTS
Produce a concise adjudication rationale that explains
which annotation is better supported by the evidence.

Then output the adjudication result in the following
format:
accept_forward: {yes_or_no}

If the forward reasoning is better grounded and its label
is acceptable, set accept_forward to yes. Otherwise, set
accept_forward to no.

Rubric generation prompt is applied after a re-
tained label is obtained. It converts the query,
item, behavioral context, and label into input-
aware checks aligned with the structured reasoning
steps. These rubrics are used both to filter super-
vised reasoning traces and to compute the rubric-
based reward during GRPO.

Rubric Generation Prompt
# ROLE
You are an expert rubric designer for user behavior
analysis in e-commerce search. Your task is to write
sample-specific rubric checks for judging whether a
model's reasoning is well grounded.

# TASK DEFINITION
Given a query, a candidate item, the user's
multi-timescale behavioral context, and the final label,
generate rubric checks that evaluate whether a
reasoning trace would use the provided evidence
correctly. The rubrics should be sample-specific and
input-aware, but they must not depend on any particular
model-generated reasoning trace.

# QUERY
{query}

# ITEM
Title: {item_title}
Other attributes: {item_attributes}

# MULTI-TIMESCALE BEHAVIORAL CONTEXT
Real-time search interactions:
{real_time_context}

Short-term search interactions:
{short_term_context}

Long-term purchase preference:
{long_term_context}

# LABEL
Final label:
{label}

# OUTPUT CONSTRAINTS
Generate seven rubric checks aligned with the
structured reasoning steps:
1. Query intent analysis
2. Item attribute analysis
3. Real-time context analysis
4. Short-term context analysis
5. Long-term context analysis
6. Attribute-level alignment
7. Final decision grounding

Each rubric check should be specific to this sample,
verifiable from the input and label, and independent of
surface formatting. The weight indicates the relative
importance of the question when computing the
weighted rubric pass rate. Output the rubrics as a JSON
list:
[
{”step”: 1, ”question”: ”...”, ”weight”: 1.0},
...

]

Rubric-based scoring prompt is used by the
rubric judge during GRPO and reasoning-quality
evaluation. Given a model output and the input-
aware rubrics, the judge assigns a binary pass or
fail score to each rubric item.
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Rubric-Based Scoring Prompt
# ROLE
You are a strict evaluator for user behavior analysis in
e-commerce search. Your task is to judge whether a
model-generated reasoning trace satisfies each rubric
question.

# INPUT
Query:
{query}

Item:
Title: {item_title}
Other attributes: {item_attributes}

Multi-timescale behavioral context:
{behavioral_context}

Model output:
{model_output}

Rubric questions:
{rubric_questions}

# OUTPUT CONSTRAINTS
For each rubric question, output 1 if the model output
clearly satisfies the question, and 0 otherwise. Judge
each question independently. Do not give partial credit.
Do not add explanations.

Output exactly the following JSON format:
[
{”question”: ”...”, ”weight”: 1.0, ”score”: x},
...

]

Each score is binary: 1 for pass and 0 for fail.
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