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Abstract

Query suggestion plays a crucial role in enhancing user ex-
perience in e-commerce search systems by providing relevant
query recommendations that align with users’ initial input.
This module helps users navigate towards personalized pref-
erence needs and reduces typing effort, thereby improving
search experience. Traditional query suggestion modules usu-
ally adopt multi-stage cascading architectures, for making a
well trade-off between system response time and business con-
version. But they often suffer from inefficiencies and subopti-
mal performance due to inconsistent optimization objectives
across stages. To address these, we propose OneSug, the first
end-to-end generative framework for e-commerce query sug-
gestion. OneSug incorporates a prefix2query representation
enhancement module to enrich prefixes using semantically
and interactively related queries to bridge content and busi-
ness characteristics, an encoder-decoder generative model that
unifies the query suggestion process, and a reward-weighted
ranking strategy with behavior-level weights to capture fine-
grained user preferences. Extensive evaluations on large-scale
industry datasets demonstrate OneSug’s ability for effective
and efficient query suggestion. Furthermore, OneSug has been
successfully deployed for the entire traffic on the e-commerce
search engine in Kuaishou platform for over 4 month, with
statistically significant improvements in user top click posi-
tion (-9.33%), CTR (+2.01%), Order (+2.04%) over the online
multi-stage strategy, showing great potential in e-commercial
conversion.

Code — https://github.com/Edgis/OneSug/blob/main
Datasets —

https://github.com/Edgis/OneSug/blob/main/data.txt
Extended version —

https://github.com/Edgis/OneSug/blob/main/onesug.pdf

Introduction
Query Suggestion is a fundamental module of modern e-
commerce search systems, with the aim of enhancing user
experience by suggesting new queries related to the user’s
input. By offering more specific and refined query recom-
mendations, this module assists users in navigating towards
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Figure 1: (a) A Traditional Cascade Architecture in Query
Suggestion. (b) Our proposed unified end-end generative
framework.

their personalized information needs, or providing frequently
searched keywords by users with the same interests, to reduce
further word typing thus improving the search efficiency.
Typically, consider a user looking for a new smartphone and
entering “smartphone” as the query, the search engine might
display various brands and models of smartphones, and the
user might be interested in a specific brand or function. One
useful query suggestion module should provide suggestions
such as “smartphones best of 2025” or “smartphone value
for money ranking”, to assist users in narrowing down their
search to find the item that best meets their needs.

Modern query suggestion modules (Ahmad, Chang, and
Wang 2018; Chen and Lee 2020) typically leverage past user-
system interactions from query logs and incorporate popular
search trends to refine diverse search intents. To balance
efficiency and performance, these systems generally employ
a Multi-stage Cascading Architecture (MCA). As illustrated
in Figure 1(a), upon prefix entry, the retrieval stage scans
the 108 candidates down to 104. The subsequent pre-ranking
stage then processes only the received queries (103), before
the ranking stage evaluates the top 102 candidates.

However, pursuit of the trade-off of system response time
and business conversion has resulted in the restricted use
of lightweight models in the previous stages (recall, pre-
ranking), and complex reasoning can only be carried out in
the final ranking stage. This inconsistency makes existing
methods have the following limitations: 1) the performance
of the previous stage determines the upper bound of the next
stage. 2) Heterogeneous modules with different optimization
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objectives may lead to sub-optimal performance of the over-
all cascading framework. 3) Existing methods (Bar-Yossef
and Kraus 2011) fail to collect effective queries for unseen
prefixes, thus limiting performance in long-tail sessions.

The same problems also occur in the cascading framework
of e-commerce/video search, recommendation, and advertis-
ing engines (Ko et al. 2022; Xu, He, and Li 2018; Gharibshah
and Zhu 2021). To address these, recent works (Deng et al.
2025; Pang et al. 2025) have been devoted to using gen-
erative retrieval (GR) methods to replace part or even all
of the stages in MCA. Typically, a GR model is trained to
directly map items into the ID-based (Rajput et al. 2023)
or String-based (Bevilacqua et al. 2022) codes, and then
generate the identifiers of candidates in an auto-regressive
manner. A typical work among them is OneRec (Deng et al.
2025), which can replace the entire framework through a
session-wise generation approach and an iterative preference
alignment module, thereby achieving end-to-end video rec-
ommendation. Although it is very promising, this paradigm
is not suitable for query suggestion. First, video recommen-
dation is a close-vocabulary task, as its inputs and outputs are
both certain videos; while for query suggestion, user inputs
and corresponding outputs are open. Secondly, suggestion
module must consider the relevance between prefixes and
queries. Thus a more fine-grained ranking modeling, other
than session-wise, is needed.

We propose OneSug, an end-to-end generative framework
for E-commerce Query Suggestion, which comprises:

1) A Prefix2query Representation Enhancement (PRE)
module. Considering that short prefixes (usually only one
word) have ambiguous semantics, we attempt to enhance
prefix representation using interactively and semantically re-
lated queries. We first finetune a representation model with
selected {prefix, queries} pairs to align the content and busi-
ness characteristics. Then we adopt the RQ-VAE (Zeghidour
et al. 2021) to generate hierarchical quantitative semantic
codes so that each prefix can be enhanced by the queries
with the nearly same codes. This module can not only allevi-
ate the insufficient semantic representation of short prefixes,
but also combine semantic and business characteristics ef-
fectively. In addition, the adoption of RQ-VAE can reduce
the giant matching computation during inference, further fa-
cilitating the practical deployment of generative models.

2) A unified encoder-decoder architecture, which takes the
prefix, related queries, user’s historical interactive queries,
and user profile as inputs, and directly outputs queries the
user may be interested in. This unified structure is concise,
as it effectively avoids suboptimal final results caused by
inconsistent optimization goals at each stage of multi-stage
cascading architecture. Thus it can be deployed for end-to-
end practical application.

3) A user preference alignment, powered by a Reward-
Weighted Ranking (RWR) strategy for the generative model.
Initially, we categorize user interaction behaviors into six dis-
tinct levels and construct nine types of positive and negative
sample sequences based on them. Then, we employ Direct
Preference Optimization (DPO) (Rafailov et al. 2023) to fa-
cilitate the model’s learning of preference differences among
samples by assigning varying weights according to the level

gap. Furthermore, inspired by traditional Click-Through Rate
(CTR) models, we extend DPO from contrastive learning
with pair-wise data to list-wise ones. Subsequently, a hybrid
ranking framework, which integrates list-wise and point-wise
approaches, is proposed, aiming to instill ranking ability into
the generative model and ensure the accuracy of the gen-
erated sequence. Unlike straightforward sampling with only
selecting the best and worst samples in Iterative Preference
Alignment (Deng et al. 2025), reward-weighted sequence
ranking derived from the level gap of user interactive behav-
iors captures the nuances in user behavior towards different
queries more effectively, thus boosting the generative model’s
capability for concise personalized ranking.

We execute extensive offline evaluations on large-scale in-
dustry datasets from the online user search logs, and the
significant performance boosts demonstrate the proposed
method’s effectiveness for e-commerce query suggestion.
Online A/B testing also showcased that it can improve the
diversity of query suggestions and attract more clicks while
lowering the query’s top click position, ultimately improv-
ing business conversions. To the best of our knowledge, it
is the first large-scale industrial solution that can provide ef-
fective query suggestions via a unified end-to-end generation
framework. Moreover, this method has been deployed for the
entire traffic on the e-commerce search engine in Kuaishou
platform, with millions of users and serving billions of re-
trieval PVs, for over 4 month. OneSug yields a 1.82% de-
crease in the average input length of prefixes, 9.33% in user
top click position, 2.01% increase in CTR, 2.04% in Order,
and a 1.69% improvement in total revenue, as well as an av-
erage reduction of 43.21% for system response time, thereby
significantly enhancing e-commerce conversion.

Related Works
Generative Retrieval and Recommendation
Generative Retrieval (GRs) regards large-scale retrieval as
sequence-to-sequence generation tasks, has outperformed
traditional ANN-based models such as EBR (Huang et al.
2020), and spurs increased exploration in the fields of search
and recommendation. Notable contributions in this area in-
clude Tiger (Rajput et al. 2023), DSI (Tay et al. 2022), and
LC-REC (Zheng et al. 2024).

OneRec (Deng et al. 2025) introduces the first uni-
fied framework integrating recall, pre-ranking, and rank-
ing within a single generative model. Through session-wise
generation and iterative preference alignment, this approach
achieves significant improvements in practical online met-
rics. In e-commerce search, OneSearch (Chen et al. 2025)
provides the first end-to-end generative retrieval framework
with superior performance for high-quality recall and rank-
ing. EGA (Zheng et al. 2025) presents a novel unified frame-
work that models the entire advertising pipeline. To tackle in-
consistent code generation from varying word distributions,
GRAM (Pang et al. 2025) boosts retrieval efficiency and pre-
ranking accuracy beyond traditional methods. As shown in
Figure 2, Query Suggestion has open-vocabulary inputs and
outputs, while recommendation has closed-vocabulary ones.
Thus, semantic IDs conveniently model input-output consis-
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Figure 2: The input and output differences among Recom-
mend, Search/Ads, Query Sug and Bottom Bar.

tency. However, in query suggestion, user expressions vary
widely; using semantic IDs for prefixes and queries would
cause slight differences to significantly alter the IDs.

Query Suggestion
Previous work on query suggestions uses co-occurrence
statistics of prefix and complete query pairs. Of which MPC
(Bar-Yossef and Kraus 2011) suggests top queries that start
with the user input prefix through trie. Other traditional meth-
ods adopt user behaviors, term co-occurrence (Huang, Chien,
and Oyang 2003), keyword clustering (Sadikov et al. 2010).

K-LAMP (Baek et al. 2024) utilizes LLM as a generative
model and constructs an entity-centric knowledge storage,
which is then fed to LLM prompt for personalization. Trie-
NLG (Maurya et al. 2023) integrates popularity signals from
trie-based methods with personalization signals from previ-
ous session queries.

Despite significant progress in generative models, current
approaches are still limited to the recall stage and fail to
incorporate ranking signals into the GR models.

Methodology
Preliminary
In this section, we introduce the construction of the end-to-
end generative framework for e-commerce query suggestion,
from the perspectives of feature engineering. The input of
OneSug consists of four parts: 1) user input prefix, denoted as
𝑝, which is usually an incomplete query, e.g., “smart” corre-
sponding to a potential purchase intention of “smartphone”;
2) the collected prefix2query sequence, which acts as the aug-
ment references for 𝑝, denoted as H𝑝 = {𝑞𝑎1 , 𝑞

𝑎
2 , . . . , 𝑞

𝑎
𝑚},

where 𝑞𝑎 represents the query from RQ-VAE and 𝑚 is the
length of the prefix2query sequence; 3) historical search
queries H𝑢 = {𝑞ℎ1 , 𝑞

ℎ
2 , . . . , 𝑞

ℎ
𝑛}, where 𝑞ℎ represents the

query that the user searched, and 𝑛 is the length of the be-
havior sequence; 4) user profile information U, which is the
crowd portrait fitted by the platform. Then OneSug outputs
the corresponding query lists Q. OneSug can adopt either
encoder-decoder models (e.g. BART (Mustar, Lamprier, and
Piwowarski 2020), mT5 (Xue et al. 2020)), or the decoder-
only models (e.g. Qwen2.5 (Qwen et al. 2025)) as the foun-
dation. By leveraging the strong instruct-following capabili-
ties and inherent e-commerce knowledge of these generative
models, OneSug is expected to generate e-commerce intent
queries that meet users’ diverse requirements. For the fol-
lowing descriptions, OneSug is denoted as M.

Prefix2Query Representation Enhancement
Prefix-Query Alignment Considering its strong general-
ity across various Chinese NLP tasks, we utilize BGE (Xiao

et al. 2023) as our initial representation model. However, its
limited knowledge of the e-commerce domain necessitates
integrating BGE with the real user-prefix-query interactions.
Additionally, the fundamental divergence between prefixes
and queries leads to misaligned representation spaces, ob-
structing further consistent optimization. Inspired by QARM
(Luo et al. 2024), we aim to align representations and infuse
latent retrieval knowledge to ensure that BGE can reflect
real business characteristics. Specifically, we generate high-
quality prefix2query and query2query pairs using existing
retrieval models like ItemCF (Sarwar et al. 2001) and Swing
(Yang et al. 2020), then select the semantically relevant pairs
to enhance the performance. Using these high-quality data
pairs, the aligned BGE model is trained as follows:

𝐸trigger = BGE
(
𝑇trigger

)
,

𝐸target = BGE
(
𝑇target

)
,

Lalign = Batch-Contrastive
(
𝐸trigger, 𝐸target

)
.

(1)

where 𝑇trigger and 𝑇target denote the original text of the trig-
ger and target query, 𝐸trigger and 𝐸target represent their em-
beddings generated from learnable BGE, and Lalign is our
alignment training loss.

In the e-commerce query suggestion scenario, the prefixes
entered by users are often relatively short (usually only one
word), which leads to the ambiguity of prefix semantic rep-
resentation. To enrich these prefixes with semantically and
interactively related queries, we propose the prefix repre-
sentation enhancement through prefix-query co-occurrence.
Specifically, for a given prefix 𝑝 , we obtain an augmented
prefix embedding 𝑒∗𝑝 ∈ R𝑑 by using highly-related queries
via the aligned BGE model:

𝑒𝑐𝑞 =
1
𝑘

𝑘∑︁
𝑖=1

𝑒𝑐𝑞𝑖 ,

𝑒∗𝑝 = (1 − 𝑤) · 𝑒𝑝 + 𝑤 · 𝑒𝑐𝑞 where 𝑤 ∈ (0, 1),
(2)

where 𝑒𝑝 is the original prefix embedding, 𝑒𝑐𝑞𝑖 is the em-
bedding of the 𝑖-th query co-occurred with prefix 𝑝, 𝑒𝑐𝑞 is
the mean pooling result of these query embeddings, and 𝑒∗𝑝
is the augmented prefix embedding adjusted by weight 𝑤.
Here, 𝑤 for OneSug training is set to 0.5.

In addition, to provide references for ambiguous prefixes,
we also build a high-quality query pool. The embeddings of
the prefix and the high-quality query via the aligned BGE
model will be passed to the next stage.

Hierarchical Quantitative Semantic ID Generator In
this stage, Semantic IDs are generated using RQ-VAE (Zeghi-
dour et al. 2021), with the following objective:

L(𝑥) := Lrecon + Lrqvae,

Lrecon := ∥𝑥 − 𝑥̂∥2,

Lrqvae :=
𝑚−1∑︁
𝑑=0

∥sg[𝑟𝑖] − 𝑒𝑐𝑖 ∥2 + 𝛽∥𝑟𝑖 − sg[𝑒𝑐𝑖 ] ∥2,

(3)

where 𝑥, 𝑥̂ is the input of the DNN encoder and the output
of the DNN decoder, respectively. sg[·] is the stop-gradient
operation, 𝑟𝑖 is the i-th residual embedding, and 𝑒𝑐𝑖 is the
index of the closest centroid embedding.

Clustering-based Search After extracting the prefix’s se-
mantic ID via RQ-VAE, we identify top-k most relevant
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Figure 3: The OneSug framework comprises: (a) Prefix2Query Representation Enhancement, provides reference augment
for ambiguous prefixes. (b) Unified Encoder-Decoder Architecture, generating queries autoregressively. (c) User Preference
Alignment, which instills ranking ability into DPO training with the assistance of reward-weighted ranking (RWR) strategy.

queries through a clustering-based search. The fine-to-coarse
hierarchical search operates in two stages: 1) Retrieving high-
quality queries with exact Semantic ID matches in the fine-
grained layer. 2) Incorporating queries with partial Seman-
tic ID matches in subsequent coarse-grained layers. Within
each coarse-grained layer, cluster ordering is determined by
centroid distance between target and candidate clusters. Ad-
ditionally, the top-k queries will be further screened based on
diversity and relevance. This module addresses insufficient
short prefix semantics while combining semantic and conver-
sion features. RQ-VAE further reduces inference matching
complexity, facilitating the deployment of the GR model.

Unified Encoder-Decoder Architecture
Instead of the online multi-stage cascading architecture, One-
Sug directly outputs the queries that users are most interested
in based on the generative architecture using beam search.
The output of OneSug model M is formalized as:

Q := M(𝑝,H𝑝 ,H𝑢,U), (4)
As illustrated in Figure 3(b), our model adheres to the

transformer-based (Mustar, Lamprier, and Piwowarski 2020)
architecture, comprising an encoder that models user his-
torical interactions and a decoder dedicated to query gen-
eration. Specifically, the encoder utilizes stacked multi-head
self-attention and feed-forward layers to process user input
prefix 𝑝, prefix2query sequenceH𝑝 , historical search queries
H𝑢, and user profile information U, thus producing the en-
coded historical interaction featuresH . It can be indicated as
H = Encoder(𝑝,H𝑝 ,H𝑢,U). The decoder takes the target
query’s tokens as the inputs and generates the query candi-
dates auto-regressively. For the unified training, we insert a

start token 𝑡[CLS] at the first place, and a separate token 𝑡[SEP]
between adjacent elements to form the input to the encoder.

𝑥𝑢 = {𝑡[CLS], 𝑝, 𝑡[SEP],H𝑝 , 𝑡[SEP],H𝑢, 𝑡[SEP],U}. (5)

We utilize the cross-entropy loss for next-token prediction
on the target query.After a certain amount of training steps
on the generation task, we obtain the seed model M𝑡 .

User Preference Alignment
Reward-Weighted Ranking Inspired by RLHF’s (Ouyang
et al. 2022) success in NLP, we apply it to our LM-based
search system to incorporate diverse user preferences for
ranking. Traditional alignment methods (Rafailov et al. 2023)
heavily rely on manually labeled samples and training-based
reward models. However, these approaches face two key
challenges: sensitivity to the quality of human annotations
and significant training complexity introduced by the reward
model. While OneRec (Deng et al. 2025) tackles the chal-
lenge of the sparsity of user-item interaction by proposing a
personalized multi-task reward model, our solution instead
utilizes feedback from online search systems as a more ac-
cessible source of reward signals. Specifically, we categorize
the user interactive behaviors in the search system into six
distinct levels, as detailed in Table 1. Then we assign the
weighted reward score 𝑟 (𝑥𝑢, 𝑞) = 𝜆 · 𝑒𝑝𝑖 to each level, where
𝜆 is the base weight (set to [2.0, 1.5, 1.0, 0.5, 0.2, 0.0] for the
six levels) to reflect the distribution of different samples, and
𝑒𝑝𝑖 is the ratio of each interactive query in the same level.
So that the more times a <prefix, query>pair appears at the
same level, the greater reward score is assigned. As a side
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note, the reason why we did not use a CTR-based model as
the reward model like OneRec(Deng et al. 2025) is not only
that it requires hundreds or thousands of features to train a
high-quality rank model, but also that it is not conducive to
the optimization of the subsequent model’s update, due to
the high probability of online data deviation.

We take the positive samples among Order, Item Click,
and Click, and negative samples among Show, Not Show,
and Rand, then construct nine types of sampled <positive,
negative>pairs(e.g.<Order, Show>). For each pair, the user’s
preference difference 𝑟𝑤Δ is computed as:

𝑟𝑤Δ =
1.0

𝑟 (𝑥𝑢, 𝑞𝑤) − 𝑟 (𝑥𝑢, 𝑞𝑙)
, (6)

where 𝑞𝑤 is the chosen sample, 𝑞𝑙 is the rejected sam-
ple. Bigger 𝑟𝑤Δ values encourage the model to distinguish
the nuances of user interactive behaviors, and also the co-
occurrence behavior of prefixes and queries.

Hybrid Ranking Framework Relying solely on pair-
wise comparisons, Direct Preference Optimization (DPO)
(Rafailov et al. 2023) struggles to learn absolute likelihood
across different samples, thus leading to an absence of rank-
ing capacity. With the assistance of RWR, the DPO obtains a
certain ranking ability by dynamically adjusting the sample
weights. For generalization, we also propose a target reward
margin 𝛿 > 0 to ensure the reward of the chosen sample
exceeds the rejected one, at least 𝛿. The pair-wise DPO loss
can be optimized as follows:
Lpair-wise (𝜋𝜃 ; 𝜋ref)

= −E
[
log𝜎

(
𝑟𝑤Δ

(
𝑚𝑎𝑥(0, 𝑟𝜃 (𝑥𝑢, 𝑞𝑤) − 𝑟𝜃 (𝑥𝑢, 𝑞𝑙) − 𝛿)

) )
+ 𝛼 log 𝜋𝜃 (𝑞𝑤 |𝑥𝑢)

]
,

(7)
where

𝑟𝜃 (𝑥𝑢, 𝑞𝑤/𝑙) = 𝛽 log
𝜋𝜃 (𝑞𝑤/𝑙 |𝑥𝑢)
𝜋ref (𝑞𝑤/𝑙 |𝑥𝑢)

, (8)

𝑟 𝜃 (𝑥𝑢, 𝑞𝑤) and 𝑟𝜃 (𝑥𝑢, 𝑞𝑙) are the rewards implicitly defined
by the language model 𝜋𝜃 and reference model 𝜋ref. To avoid
the model solely catering to the reward model at the expense
of generation quality, we introduce log 𝜋𝜃 (𝑞𝑤 |𝑥𝑢), which is
known as the negative log-likelihood (NLL) loss (Ouyang
et al. 2022). Furthermore, 𝑟𝑤Δ is introduced to assign dy-
namic weights to different samples.

Conventional DPO is built with the Bradley-Terry (Bradley
and Terry 1952) preference model, such a training paradigm
fails to fully leverage user preference data and overlooks
the minor differences of various negative samples for the
same prefix, thereby impeding the alignment of LMs with
user preferences. Inspired by S-DPO (Chen et al. 2024), we
generalize the traditional Plackett-Luce(PL) (Plackett 1975)
preference model, which is designed for full relative rank-
ings, to accommodate partial rankings, a more natural fit
for recommendation tasks. In detail, during the preference
learning stage, rather than constructing a single <positive,
negative>pairs, we pair input tokens with both positive and
multiple negatives to build a more comprehensive preference
dataset. Similarly, we devised a margin loss Lmargin (Boser,
Guyon, and Vapnik 1992) for list-wise modeling. By requir-
ing a clear separation larger than 𝛿, the model becomes less

Feedback Description

Order User buys items through the specific query
Item Click User clicks items through the specific query

Click User clicks the specific query
Show Specific query is shown in the panel

Not Show Query is NOT shown but exists in recall
Rand Random query in ranking candidates

Table 1: Online Feedback of Query Suggestion.

sensitive to minor variations or label noise in the training
data. The list-wise DPO loss can be optimized as follows:
Llist-wise (𝜋𝜃 ; 𝜋ref)

= −E
[
log𝜎

(
log

∑︁
𝑞𝑙 ∈Q𝑙

exp
(
𝑟𝑤ΔLmargin

))
+ 𝛼 log 𝜋𝜃 (𝑞𝑤 |𝑥𝑢)

]
,

(9)
where

Lmargin = max
(
0, 𝑟𝜃 (𝑥𝑢, 𝑞𝑤) − 𝑟 𝜃 (𝑥𝑢, 𝑞𝑙) − 𝛿

)
(10)

Q𝑙 is a set of negative samples. By combining list-wise
preference alignment and the log-likelihood of the chosen
sample, we created a new hybrid paradigm for generative
ranking. Notably, when the number of candidates N is 2,
which means there is only one negative item,Llist-wise reduces
to Lpair-wise. The proof is provided in the extended version
(Guo et al. 2025).

Experiment
Experimental Settings
Datasets We extracted user interactive pairs from
Kuaishou’s online e-commerce logs between February 2025
and March 2025. It contains about 100 million PVs, and
all the following offline and ablation experiments were con-
ducted on the full or part of this data. The collections spanned
32 days, with the first 30 days used for model training and the
last 2 days used as the test set. We will release an anonymized
real-user dataset publicly upon corporate approval.

Evaluation Metrics Since OneSug is designed to make up
for the limitations of traditional cascading architectures, here
we take into account the recall and ranking performance. We
employed HitRate@K and Mean Reciprocal Ranking (MRR)
as the evaluation metrics, which are widely used in search
and recommendation systems. All data presented were the
average values for all tests.

Baseline Methods We compared OneSug with the follow-
ing series of representative architectures.
• Multi-stage Cascading Architecture (MCA): BGE for re-

call, DCN (Wang et al. 2021) for pre-ranking, and DIN
(Zhou et al. 2018) for ranking.

• Online Multi-stage Cascading Architecture (on-
lineMCA): the results of the online system, which
include the recall, preranking, and ranking stages.

• Generative Retrieval Architecture (GRA): encoder-
decoder architecture (BART (Mustar, Lamprier, and Pi-
wowarski 2020), mT5 (Xue et al. 2020)) and the decoder-
only architecture (Qwen2.5 (Qwen et al. 2025)).
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Method Click Order
HR@16 MRR HR@16 MRR

MCA 73.89% 39.95% 80.71% 44.03%
onlineMCA 78.61% 45.97% 84.55% 51.85%
GRA𝑆𝐹𝑇 73.16% 40.06% 79.25% 44.28%
GRA𝐷𝑃𝑂 75.50% 41.19% 81.68% 45.30%
OneSug𝐵𝑎𝑟𝑡−𝐵 82.14% 50.55% 87.40% 56.34%
OneSug𝐵𝑎𝑟𝑡−𝐿 82.84% 51.27% 88.12% 56.80%
OneSug𝑚𝑇5−𝑆 82.01% 50.40% 87.26% 55.87%
OneSug𝑚𝑇5−𝐵 83.63% 53.01% 88.19% 57.63%
OneSug𝑄−0.5𝐵 85.58% 55.34% 90.13% 60.00%
OneSug𝑄−1.5𝐵 89.60% 60.49% 94.95% 63.48%
OneSug𝑄−3𝐵 93.37% 66.31% 95.13% 67.40%

Table 2: Offline performances of our proposed OneSug on
the industry dataset. The best results are in bold, and the
results of onlineMCA are underlined.

Implementation Details The selected BGE version is bge-
base-zh-v1.5. Considering that the online query suggestion
system only displays 16 query candidates for each prefix at
a time, the beam search size is set to 32. The batch size for
SFT and DPO is set to 512 and 128. For RQ-VAE in the PRE
module, the block number L of encoder and decoder is 3,
the number of codebook layers C = 4, and the codebook size
W of each layer is 512. We take 10 related queries for prefix
representation enhancement and 10 historical clicked queries
in user logs as context. For brevity, OneSug𝑄𝑤𝑒𝑛2.5-𝑥𝐵 is
abbreviated as OneSug𝑄-𝑥𝐵 throughout the paper.

Offline Performance
For comprehensive evaluations, we took MCA and on-
lineMCA as the baselines. As depicted in Table 2, MCA
achieves much lower Hitrate and MRR metrics than the on-
line system, as many high-quality queries are eliminated in
the initial recall and pre-ranking stages, thus lowering the
upper bound of the next stage. OnlineMCA adopts multi-
recall and complex (pre-)ranking strategies with hundreds of
features, which can alleviate this problem to some extent.
However, this operation will amplify the inference cost, sig-
nificantly increase the system’s response time, and degrade
the user experience.

As for the GR models, GRA𝑆𝐹𝑇 , GRA𝐷𝑃𝑂 were trained
with the input paradigm of <prefix, historical sequence, user
profile>. DPO adopted the interactive queries as the positive
and sampled the candidates with the lowest CTR score in
the same PV as the negative. We can find DPO can enhance
the preference modeling and get a higher performance. But
GRA𝐷𝑃𝑂 is still inferior to the online system, as it cannot
deeply explore the semantic richness of prefixes and effec-
tively distinguish the differentiated preferences contained in
different user behavior levels. These limitations reduce the
effectiveness of GR when applied to industry online engines.

OneSug series achieves the best overall performance. As
an example, OneSug𝐵𝑎𝑟𝑡−𝐵 achieves improvements of 3.19%
on HR@16 and 3.54% on MRR over onlineMCA. While for
the larger model OneSug𝑄−3𝐵, the improvements can be
remarkable at 12.67% and 17.95%. We also conduct further
studies on the effects of different pre-trained architectures and
model sizes. For encoder-decoder models, Bart and mT5 of

Method IPL TCP CTR Order
OneSug𝑃𝑎𝑖𝑟 -1.99% -9.02% +1.78% +1.97%
OneSug𝐿𝑖𝑠𝑡 -1.82% -9.33% +2.01% +2.04%

Table 3: Online results for A/B testing.

Method Full recall Page good Query good
OneSug𝑃𝑎𝑖𝑟 +6.72% +9.44% +20.49%
OneSug𝐿𝑖𝑠𝑡 +8.48% +11.02% +22.51%
OneSug𝑄−0.5𝐵 +11.25% +18.35% +32.50%

Table 4: Manual evaluation results for online experience.

similar size perform similarly, and larger models have better
performance. It is more prominent in the decoder-only model,
i.e, as the model performance significantly improves when
the model size increases from 0.5B to 3B.

Online A/B Testing
To verify OneSug’s online effectiveness, we compared it
with onlineMCA in the e-commerce search engine of the
Kuaishou platform through rigorous online A/B tests. It takes
the short prefix the user entered as input and outputs the query
candidates, where a query with a higher score would be listed
in a more forward exposure position. We assessed the impact
of each method on 1) the average input length of the prefix
(IPL), 2) user top click position (TCP), 3) click-through rate
(CTR), 4) average order volume (Order).

As indicated in Table 3, OneSug𝐿𝑖𝑠𝑡 yields a 1.82% de-
crease in the average IPL, 9.33% in TCP, 2.01% increase in
CTR, and finally 2.04% in Order, thereby significantly en-
hancing industry revenue. The OneSug𝑃𝑎𝑖𝑟 model demon-
strates weaker performance compared to its list-wise coun-
terpart. While the larger OneSug𝑄−0.5𝐵 model shows more
substantial performance gains in offline evaluations. How-
ever, the intensive computational demands limit their prac-
tical application in real-time search scenarios with stringent
latency requirements. Ultimately, OneSug𝐿𝑖𝑠𝑡 has been suc-
cessfully deployed for the entire traffic in Kuaishou for over 4
month, which serves hundreds of millions of users generating
billions of PVs.

We also conducted additional manual evaluations. The
metrics are 1) page good rate - an evaluation indicator for the
overall user experience, encompassing suggestion diversity,
safety, relevance, and novelty dimensions. 2) full recall rate,
an evaluation indicator for query coverage.3) query good rate
- for each query, The results in Table 4 show that OneSug𝐿𝑖𝑠𝑡

improves full recall by 8.48%, page good rate by 11.02%,
and query good rate by 22.51%.

We estimated the average response time of the OneSug
model, compared to the online system. As shown in Figure 4,
OneSug can replace the multi-retrieval, (pre-)ranking stage,

Online MCA

OneSug

Prepare

Prepare Multi-Recall Pre-Rank + Rank Strategy

OneSug Strategy

22.84%

34.78%25.00%40.22%

19.75%41.36%16.05%

-43.21%
in total inference

Figure 4: onlineMCA vs OneSug: System Response Time.
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Figure 5: The ablation study of related query sequence length
and beam size in inference.

Figure 6: The CTR relative gains for top 20 industries.

and finally make an average reduction of 43.21%.

Ablation Study
Here the ablation study were conducted on OneSug𝐵𝑎𝑟𝑡−𝐵.
As shown in Table 5, the combination of prefix2query repre-
sentation enhancement (PRE) and the reward-weighted rank-
ing (RWR) module can improve the performance of the GR
module with an average of 8.57% in HR@16, and 11.28%
in MRR. We observed a marked improvement with the in-
cremental application of margin loss and 𝑟𝑤Δ, showing the
importance of assigning varying weights to RWR module.
These all highlight that reward-weighted ranking derived
from the level gap of user interactive behaviors can dis-
tinguish the nuances in user intent towards different items.
The removal of the PRE module resulted in noticeable drops
for Hitrate and MRR (-3.68% and -2.30%), demonstrating
that interactive and semantically related queries are crucial
for enhancing the prefix representation. This indicates that
diverse negative samples help the model quickly learn the
differences among various user interactive behavior levels,
thereby achieving more concise and effective ranking results.

As depicted in Figure 5(a), longer sequences does not nec-
essarily mean better, because too long user history sequences
will introduce more disturbances. While the performance of
OneSug continues to improve as the beam size increases,
from 16 to 128, as plotted in Figure 5(b). These can induce
that moderately longer sequences and bigger beam sizes may
lead to more accurate predictions.

Figure 7: The CTR gains for models with updates or not.

Method Click Order
HR@16 MRR HR@16 MRR

OneSug𝐿𝑖𝑠𝑡 82.14% 50.55% 87.40% 56.34%
OneSug𝑃𝑎𝑖𝑟 79.39% 47.42% 85.12% 53.01%
– w/o margin 78.81% 46.89% 84.62% 52.57%
– w/o 𝑟𝑤Δ 77.90% 44.41% 84.17% 49.18%
– w/o 𝑅𝑊𝑅 77.28% 42.28% 82.48% 46.66%

Table 5: Ablation study of OneSug in offline evaluations.

Method Top Middle Long-tail
OneSug𝑃𝑎𝑖𝑟 +0.97% +1.03% +3.26%
OneSug𝐿𝑖𝑠𝑡 +1.15% +1.32% +3.59%

Table 6: Online CTR relative gains for prefix categories.

Further Analysis
We discuss questions about the deployment of OneSug.

1) What are the main aspects of the online gains for the
OneSug model? Here we drilled down from the industries
dimension and prefix popularity dimension. As shown in Fig-
ure 6, we computed the CTR relative gains for 20 industries.
18 of 20 can get the increases, with an average of 2.22%.
Three industries were negatively affected, but these values
are not significant. As for the prefix popularity dimension,
we divided all prefixes into three categories: top (PV number
daily larger than 1,000), middle (larger than 100 and less than
1,000), and long-tail (less than 100). The CTR relative gains
for each were listed in Table 6. Prefixes of all categories are
enhanced with either OneSug models, and the gains of the
long-tail category are much larger than other categories.

2) Does the OneSug model need to be updated reg-
ularly? Models in the (pre-)ranking module of traditional
multi-stage cascading architecture often needed to be updated
regularly. As plotted in Figure 7, here we tested the robust-
ness of onlineMCA and OneSug with no-daily updates (noted
with ” 𝑛𝑜”). The baseline is a daily-updated onlineMCA.
We can see that both OneSug no and onlineMCA no are
decreased with the day increasing, but the decrease of the
OneSug model is much smaller than that of onlineMCA, at
-0.6% compared to -1.1%. We only use the data from the past
three days to update the user preference alignment stage and
find that we can maintain effective iterations of the model
(noted as ” 𝑑𝑎𝑖𝑙𝑦”) with low costs. =Additional discussion
is provided in the in the extended version (Guo et al. 2025)

Conclusion
In this paper, we present OneSug, an end-to-end generative
framework for e-commerce query suggestion that effectively
overcomes the limitations of traditional multi-stage cascad-
ing architecture. Extensive offline and online evaluations
confirm OneSug’s effectiveness in boosting query diversity,
click-through rates, and business conversions. Furthermore,
OneSug has been successfully deployed for the entire traffic
on the e-commerce search engine of the Kuaishou platform
for over 4 months. Its successful deployment underscores its
practical applicability and potential to significantly enhance
industry revenue.
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