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Abstract

Short-video search requires compact query rewriters that infer per-
sonalized intent from brief, ambiguous queries under strict latency
constraints. The challenge is to decide when personalization is
warranted and generate a reformulation that preserves the user’s
immediate information need. A rewriter optimized for fluency or
engagement may still introduce unsupported details and redirect
the search toward a different intent. Existing methods often under-
utilize users’ actual reformulations and behavioral traces, relying
instead on synthetic reasoning and indirect behavioral rewards that
may produce more engaging candidates but cause intent drift. To
build an effective rewriter that remains faithful to user intent, we
propose WeFair, Fidelity-Aware Alignment from Human Feedback
for Personalized Query Rewriting in WeChat short-video search.
WeFair assigns real user behavioral signals to a progression from
demonstration to preference to verification. We first mine actual
human reformulations from search sessions, then apply multidi-
mensional LLM screening and contextual verification to filter un-
supported transitions without extensive manual annotation. During
training, we begin with a supervised curriculum that progressively
builds rewriting capabilities from large-scale human personalized
query demonstrations, and then use direct preference optimiza-
tion to align with users’ subsequent consumption preferences. In
the final on-policy optimization stage, we construct a strict veri-
fication reward based on actual human reformulations to further
boost performance with group relative policy optimization. Further
analysis shows that auxiliary rewards can activate more rollout
groups in on-policy optimization but reduce intent fidelity. Online
A/B testing in WeChat short-video search shows a 1.576% relative
increase in effective clicked-query rate (VV> 10s) and a 1.731%
relative reduction in query reformulation rate.
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1 Introduction

Personalized query rewriting is essential when a brief search query
does not fully express the user’s information need. In short-video
search, the intended meaning may depend on recent searches,
viewed content, or other context available when the query is issued.
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Figure 1: Overview of intent drift in WeChat short video
search. The original query “crepe cake” is redirected toward
recipes instead of the intended eating videos. WeFair uses
human feedback through demonstration, preference, and
verification to mitigate intent drift.

Rewriting can expose this information to retrieval by producing a
more informative expression, but it must also satisfy strict latency
constraints [3, 4]. Therefore, the practical objective is training a
compact rewriter model that can resolve ambiguity without replac-
ing the user’s current intent and needs. Furthermore, the rewriter
model also needs to accurately decide when to rewrite or preserve
the original query.

Although general-purpose large language models (LLMs) exhibit
strong reasoning capabilities, they fail to accurately understand di-
verse user intents and require several seconds per inference, which
is unacceptable for real-time search. To address these limitations,
some approaches use synthetic Chain-of-Thought traces to dis-
till reasoning capabilities from large teacher LLMs into a smaller
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rewrite model, and then use large-scale poster consumption feed-
back to align them with platform-specific user preferences.

However, consumption-oriented alignment does not necessarily
preserve the user’s immediate information need. When insuffi-
ciently constrained by direct evidence of user intent, a rewriter
may favor queries that retrieve engaging content while redirect-
ing the original search, resulting in intent drift. To better capture
personalized intent, recent methods incorporate actual user refor-
mulations, which provide direct evidence of how users clarify their
information needs. PicQue uses historical reformulations as con-
text for generating training examples that subsequently undergo
manual verification, while WeWrite directly uses mined reformula-
tions for supervised fine-tuning and reward construction in GRPO.
Despite this progress, how to exploit the distinct roles of real user
signals across training stages remains underexplored. While these
advances demonstrate the value of real user signals, reformula-
tions and subsequent consumption feedback differ in how directly
they reflect personalized intent, and their fine-grained use across
training stages remains underexplored.

To bridge the gap, we propose WeFair, a fidelity-aware alignment
framework for training compact personalized query rewriters in
WeChat short-video search. Its central idea is to match supervision
fidelity to the requirements of each training stage, improving how
human feedback guides a small model toward faithful and efficient
rewriting. As illustrated in Figure 1, this progression can enable a
compact model to acquire personalized query rewriting capabilities
without intent drift.

WeFair combines automated data construction with three com-
plementary training stages. We mine actual reformulations from
search sessions and apply LLM screening and contextual verifica-
tion to retain demonstrations grounded in user intent. Training
then proceeds through three stages, each with a distinct purpose.
First, a supervised fine-tuning (SFT) curriculum progresses from
session-to-query prediction to context-conditioned reasoning and
finally direct query rewriting, building intent understanding before
consolidating rewrite-or-preserve behavior. The broad coverage
of human demonstrations prepares the compact policy model to
generate useful candidates for later optimization. Second, direct
preference optimization (DPO) learns from candidate pairs dis-
tinguished by subsequent consumption outcomes, increasing the
probability of rewrites associated with better user experiences. This
stage uses consumption feedback as comparative evidence to refine
candidate preferences. Finally, group relative policy optimization
(GRPO) applies a strict verification reward based on exact match
with actual human reformulations or preservation. This final stage
anchors policy updates to observed human expressions without
adding graded similarity, retrieval, or other judge rewards. At in-
ference time, the rewrite model directly outputs a short rewrite or
a preservation decision, avoiding explicit CoT generation. Figure 2
shows the overview of WeFair.

Our further analysis suggests that the three training stages differ
in their tolerance for supervision with varying intent fidelity. SFT
can tolerate lower-fidelity supervision to acquire broad rewriting
capabilities, while DPO can incorporate preferences inferred from
subsequent consumption to refine candidate selection. In contrast,
final GRPO optimization requires strict fidelity to the intended
target: auxiliary rewards can activate more rollout groups while
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introducing intent drift. Experiments demonstrate WeFair’s effec-
tiveness in personalized rewriting. Overall, our main contributions
can be summarized as follows:

(1) We examine the role of supervision fidelity in personalized
query rewriting, showing how consumption-based optimiza-
tion can induce intent drift.

(2) We propose WeFair, a fidelity-aware alignment framework
that matches real user feedback to different training stages,
combining broad capability acquisition, preference learning,
and strict verification to mitigate intent drift.

(3) We evaluate WeFair through online A/B testing to assess
rewriting effectiveness.

2 Related Work

2.1 Personalized Query Rewriting

LLM-based query rewriting improves retrieval by enriching query
representations and adapting them to search domains. Query2doc
generates pseudo-documents, while CardRewriter incorporates plat-
form knowledge through knowledge cards [4, 22]. Domain adapta-
tion further aligns query expressions with retrieval requirements.
BEQUE combines supervised rewriting with retrieval feedback[17],
and negation-aware rewriting preserves explicit constraints [6].
MAAQR and QP-OneModel extend this direction through adaptive
refinement and unified query understanding [8, 26]. Beyond repre-
sentation enrichment, IterQR and Think-Then-Rewrite incorporate
reasoning into retrieval-oriented training[1, 11], while MiniELM
combines lightweight distillation with simulated feedback [14]. For
personalized search, these capabilities additionally require evidence
of what the current user intends to find, which utilizes user con-
text and observed behavior to resolve ambiguity and determine
when rewrite is essential. PicQue combines hybrid reasoning super-
vision with GRPO to address over-rewriting without online CoT
generation [3], while Think-to-Personalize uses purchase history
to support personalized retrieval [9]. WeWrite mines actual user re-
formulations and trains with SFT and GRPO using lexical similarity
and conditional query-volume rewards [2]. Together, these studies
establish complementary roles for contextual evidence and users’
expressed reformulations in understanding personalized intent.

Behavioral feedback also raises a distinction between search
utility and fidelity to an issued query. OneBar emphasizes content-
grounded recommendations, while short-video and conversational
query suggestion address consumption utility and intent cover-
age [13, 20, 21]. DVCQR aligns separate rewrites with sparse and
dense retrieval [12]. These objectives can improve discovery, but
their gains alone do not establish intent preservation.

2.2 LLM Post-Training and Feedback Alignment

Post-training methods provide different mechanisms for learning
from demonstrations, preferences, and rewards. SFT learns demon-
strated responses [16], whereas DPO optimizes chosen-rejected
preferences without separately training a reward model [18]. PPO
uses clipped policy updates [19], and GRPO estimates advantages
within sampled groups without a learned value network [5]. Be-
yond algorithm selection, recent work examines which supervision
is useful at different learning stages. Stage-specific data selection
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context, without explicit chain-of-thought generation.

distinguishes capability acquisition from reinforcement [7]. Smart-
Search uses a process-reward-guided curriculum [23]. Hindsight
self-distillation further derives corrections and preferences from
follow-up user interactions [10]. This work motivates matching su-
pervision to both the policy’s capabilities and the evidence available
from users. In search applications, this allocation also depends on
what feedback measures. AWHCP combines SFT, DPO, and GRPO
with quality, format, and recall rewards [15], while CoRe uses de-
ployed relevance feedback [24]. Such signals align generation with
search outcomes, but provide different evidence about intended
reformulations. Comparisons under compute constraints further
show that on-policy rewriting need not outperform prompted al-
ternatives [25], motivating examination of the optimization signals
alongside the algorithms.

Reward-based optimization consequently requires considering
the reliability of candidate-level feedback. TTRL learns from majority-
voted pseudo-labels and shows that reward accuracy can remain
high despite inaccurate labels: an incorrect label can still assign
correct negative rewards to other incorrect answers [27]. This sepa-
rates source-label accuracy from the reliability of induced rewards.

3 Methodology

3.1 Task Formulation and Framework Overview

Task Formulation. In short-video search system, given a query ¢
and user context c available at query time, a policy 7y (y | x), where
x = (¢, q), generates a reformulation § or a preservation marker L.

The reformulation serves as an additional retrieval query, and the
preservation marker ensures that only the original query is retained.
We define intent drift as changing or omitting information required
by the user, or introducing personalized constraints unsupported
by x. The objective is to generate context-supported reformulations
while preserving the original query.

Framework Overview WeFair organizes training according to
intent fidelity: how reliably supervision reflects the user’s imme-
diate information need. Human reformulations provide direct but
incomplete evidence of intent, whereas subsequent consumption of-
fers indirect preference signals. Accordingly, curriculum SFT builds
rewriting capabilities from broad demonstrations, DPO learns rel-
ative preferences from consumption-grounded pairs, and GRPO
anchors final refinement through strict agreement with screened
reformulation and preservation targets.

3.2 Human Feedback Construction

WeFair utilize context-to-query records C = {(c, q)} and user refor-
mulations for demonstrations, preference learning, and verification.
We first extract context-to-query records by pairing user-entered
queries with preceding context and requiring at least one retrieved
video to be watched for more than ten seconds. For Reformula-
tion candidates R, we link eligible adjacent queries (g, q") within
the same session to the context preceding g. Both sources exclude
queries issued through system suggestions. Session adjacency alone
does not establish intent continuity. Therefore, we remove tagged
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Algorithm 1 Human feedback construction

Require: Candidates R, natural pool N, parameters ©, exclusions X
Ensure: Reformulation pool P, preservation pool 8
1: Pe—o,H—0
2: for each valid (g,¢’,c) € R do
3: (cs, e) « PREPAREEVIDENCE(c)
4 if Rules 1-4 reject under © then continue
5: d < SCREENCANDIDATE(q, ¢’, ¢s)
6: if d = 0 then
7 H e~ HU{(q.0,0)}
8 else if d = 1 then
9: t < PRESERVATIONGATE(q, ¢, c5)
10: if t=0then P — PU{((c,q),q")}

11: end if
12: end for

13: B « SELECTHARD(H) U SELECTNATURAL(N)
14: return CLEANANDEXCLUDECONFLICTS (P, B, X)

suggestions and lookup-table fragment replacements from ¢ to
obtain screening context c,, then strip selected headers and history-
entry prefixes to derive rule evidence e. These views serve screening
and leave the policy input unchanged. Algorithm 1 summarizes the
overall construction process.

Hard-rule screening. After getting the initial candidates, we
then conduct a rule-based screening. Let S(¢) denote a string’s
character set, a = s(q), b = s(q'), and U = S(b) \ S(a), where s
removes whitespace, non-word characters, and underscores. Reject
a candidate if any condition holds:

(1) No character gain: U = @.

(2) Function-word-only gain: the added characters belong to a
fixed Chinese function-word lexicon and introduce a func-
tion word.

(3) Insufficient overlap: J(q,q") =1S(q) NS(q")|/IS(q) US(q')]| <
0.06, with the threshold calibrated on a small annotated set.

(4) Unsupported change: no contextual match passes the new
trigram, bigram, single-character, or common-prefix fallback
conditions.

The contextual alternatives use occurrence thresholds in e and
are evaluated in that order. Only candidates passing all vetoes
reach LLM screening. These lexical tests provide coarse evidence,
which requires subsequent semantic validation. Accordingly, only
candidates that pass all these hard-rule vetoes proceed to LLM
screening, where such semantic validation is carried out.

LLM screening. This step operationalizes the semantic validation
by checking three conditions: intent continuity I, information gain
G, and contextual bridging B. These conditions are evaluated by
Gemini 3.5 Flash:

Kiim(q.q',¢s) =1(q.q4") AG(q,q") AB(q,q', c).

Continuity preserves the subject, task, answer type, and essen-
tial constraints, and gain requires useful retrieval information or
supported entity recovery. Bridging rejects unsupported evidence
(Level 1) and isolated signals such as target replay or broad interests
(Level 2). Level 3 requires at least two independent, consistent sig-
nals supporting a stable attribute or nearly unique entity recovery;
Level 4 requires direct evidence linking the original subject or task
to the added detail. Stable disambiguation admits Level 3; relational
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requests generally require Level 4. The model returns acceptance
d =1 or rejection d = 0 with a brief reason. Malformed judgments
are discarded. Approximately one third of valid decisions accept
the candidate.

Lexical retention and transfer verification. For LLM-accepted
candidates, PRESERVATIONGATE retains pairs where the prepro-
cessed original query is a substring, ordered subsequence, or charac-
ter multiset contained in the target. These lexical shortcuts preserve
characters, not necessarily intent. Other pairs reuse an existing
semantic-transfer judgment for the same record or receive a new
one; only a valid non-transfer label (¢t = 0) passes. Approximately
seven tenths of LLM-accepted candidates enter P, retaining the
observed target y* = ¢’.

Preservation labels. For preserved query candidates, natural ex-
amples come from an existing non-reformulation pool N, and the
hard examples are selected from valid LLM rejections H. Both
receive ((c, q), L) in B. Rejected candidates and screening expla-
nations are excluded from policy input. These labels prescribe
conservative preservation without establishing that every possi-
ble rewrite is invalid. Rule failures, malformed judgments, and
semantic-transfer rejections are not automatically converted into
preservation examples.

Finally, all candidates undergo validity checks, evaluation exclu-
sion, and label-conflict removal before sample records are assigned
to mutually exclusive training stages. This partitioning is at the
record level and does not imply request-level or user-level separa-
tion.

3.3 Fidelity-Aware Progressive Alignment

The training of WeFair follows demonstration, preference, and ver-
ification, with each stage initializing the next.

Demonstration: curriculum SFT. The curriculum consists of
three phases. Phase 1 trains the model to predict the query g from
preceding context c. Phase 2 trains it to learn context-conditioned
rationales that explain either a reformulation or a preservation de-
cision. Phase 3 trains it to predict the final target directly from
x = (c,q). Context-to-query records provide broad behavioral
coverage, while the smaller adaptation subset teaches evidence-
supported rewriting and the serving format. The rationales are
auxiliary explanations generated by Gemini-3.1-Pro-Preview, not
observed human reasoning. For phase k € {1, 2,3} and input-target
sequence pair (u, v), the objective function is:

|0

k
Léy% = _E(u,u)~1)ék) ZIOg 7o(vr | w,0<t). (1)
t=1

Each phase continues from the preceding checkpoint; after the final
direct-prediction phase, we obtain 7gpr.

Preference: DPO with zero-consumption negatives. For each
preference input, the policy generates 64 candidates Y (x), and we
construct up to two DPO pairs from the same input. Let r;(x, y) be
the rank of the i-th subsequent relevant consumed video in candi-
date y’s retrieval results. Using up to three such videos as user pref-
erence, a chosen candidate y* must have at least one relevant con-
sumed video appear in its top-20 retrieval results. A reject candidate
y~ satisfies no relevant consumed video in its top-100 retrieval re-
sults. The first pair uses the human reformulation q’ as the positive,
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yielding (x, q’,y7 ). The second pair uses a consumption-supported
chosen candidate, yielding (x, y%,. y; ). If only one valid negative
candidate is available, we set y; = y, and share it across both pairs.
For preserved samples, we simply use the preservation marker L
and any generated candidate y~, yielding (x, L,y ™). DPO increases
the relative likelihood of human reformulations or consumption-
supported candidates over observed zero-consumption alternatives.
Consumption thus guides comparative preference learning with
relatively high fidelity. Because engagement can differ from the
immediate information need, final alignment returns to explicit
reformulation and preservation markers.

Verification: human-grounded GRPO. Verification is the final
mechanism for constraining optimization to direct target evidence
with GRPO. Starting from the DPO policy, we sample 32 responses
for each (x,y*) € Dy. After deterministic parsing, a valid response
y receives

wr, y=y', Yy #1,
R(y,y") =4wp, y=y"=1, )
0, otherwise,

where w, wp >0 weight exact matching with the retained human
query ¢’ and preservation, and any other responses receive zero
reward, ensuring the highest fidelity signal supervision. Our further
analysis shows that the high-fidelity reward function outperforms
other designs with graded similarity, retrieval, or learned-judge
rewards. This conservative final stage anchors updates to human
reformulations and preservation labels, mitigating consumption-
driven intent drift.

4 Experiment

4.1 Online Evaluation

We evaluate WeFair through online A/B testing in WeChat short-
video search. Relative to the control, the deployed model improves
the effective clicked-query rate (VV> 10s) by 1.576% and reduces
query reformulation rate (QRR) by 1.731%. Here, VV> 10s measures
the fraction of exposed queries with at least one video consumption
exceeding ten seconds. These results indicate improved effective
consumption and fewer subsequent query revisions.

5 Conclusion

We presented WeFair, a fidelity-aware alignment framework for
compact personalized query rewriting in short-video search. WeFair
addresses intent drift by assigning human feedback to complemen-
tary training roles: curriculum SFT builds rewriting capabilities,
DPO learns relative preferences, and GRPO anchors final refine-
ment to strict agreement with human reformulations and preser-
vation targets. The resulting policy directly rewrites or preserves
the query without generating reasoning traces. Online A/B testing
shows a 1.576% relative increase in effective clicked-query rate and
a 1.731% relative reduction in query reformulation rate, supporting
the framework’s practical value for personalized search.
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