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Abstract
Predicting a user’s next search query from recent interaction behav-
iors is a critical problem in modern e-commerce systems, particu-
larly in scenarios where user intent evolves rapidly. Large Language
Models (LLMs) offer strong semantic reasoning capabilities and
have recently been adopted to enhance training data construction
for next-query prediction. However, due to resource constraints
on mobile devices, existing applications are deployed on cloud
servers, resulting in high inference costs. In this paper, we pro-
pose RecGPT-Mobile, a framework that designs a lightweight
LLM-based intent understanding agent to improve recommenda-
tion quality in mobile e-commerce scenarios. By deploying LLM
directly on mobile devices, our approach can capture the evolving
interests of users more quickly and adjust the recommendation
results in real time. Extensive offline analyzes and online exper-
iments demonstrate that our method significantly improves the
accuracy of recommendation results, laying a practical path for
LLM deployment in production-scale recommendation systems on
mobile devices, as well as a scalable solution for integrating LLMs
into real-world next-query prediction systems.
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1 Introduction
The exponential growth of digital content have made personalized
recommendation systems indispensable in modern applications. Al-
though traditional cloud-based recommendation systems [3, 10, 24]
can utilize user behaviors effectively, it still struggles to meet the
requirements for low-latency real-time inference in the mobile envi-
ronment. Besides, centralized architectures introduce unavoidable
communication delays between edge devices and remote servers
and impede the perception of rapidly changing user intents.

By building feature centers and collecting user behaviors locally,
device-level recommendation systems [7–9, 21] make the results
more real-time. However, deploying sophisticated model directly on
resource-constrained devices presents significant challenges: LLMs
[1, 2, 14, 22] are typically too massive in size and computationally
intensive for direct mobile deployment. Recent advances in model
compression techniques such as quantization [6], pruning [11],
knowledge distillation [12] have emerged to bridge this gap, making
it possible to deploy complex models on mobile devices.

To address these limitations, we propose RecGPT-Mobile, a novel
device-level framework that deploys a lightweight LLM as an in-
tent agent directly on the user’s mobile device. In summary, our
contributions are as follows:

• To our knowledge, this work presents the first implemen-
tation of an LLM-based recommendation system on mobile
devices. We apply preference-based optimization and light-
weight model compression to enable efficient deployment of
LLM-based retrieval systems.
• We design an intent agent that translates implicit user be-
haviors into explicit intent queries, as well as a frequency
control mechanism to reduce redundant inference on the
client device and improve resource utilization.
• We conducted extensive experiments on Mobile Taobao, in-
volving millions of real users and diverse shopping sessions.
The results show that RecGPT-Mobile significantly improves
the relevance and interpretability of recommendations.
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Figure 1: Framework of RecGPT-Mobile.

2 Related Work
On-device recommendation Systems. EdgeRec [8] was the first
to implement ranking models directly on mobile devices to reduce
signal latency. Gong et al. [7] implemented a real-time recommenda-
tion framework in the Kuaishou app, which processes user feedback
locally on the device. To tackle the limitations of delayed processing
in cloud-based re-ranking, DIR [18] directly integrates re-ranking
framework on mobile devices.

Cloud-based LLMs for recommendation Systems. HSTU
[23] reformulated recommendation as a sequential transduction
task within a generative framework. OneRec [4] is a unified end-
to-end generative framework that replaces the traditional cascaded
strategy. RecGPT [20] is a LLM-based production-scale recommen-
dation framework that replaces log-fitting methods with intent-
centric reasoning. It integrates user interest mining, item tagging,
retrieval, and explanation generation into a closed loop.

Mobile LLMs. Deploying LLMs on resource-constrained edge
devices [15–17, 19] is crucial for low latency and data locality,
necessitating advances in architecture and compression to reduce
memory use. Collaborative edge-cloud deployment and hardware-
aware optimizations, such as leveraging mobile GPUs and NPUs,
help balance resource usage and inference speed.

3 Methodology
3.1 System Overview
Fig 1 shows the overall architecture of RecGPT-Mobile framework.
User Behavior Collection Module functions as a local repository
to collect and cache user behavior data. Triggered by specific high-
intent actions, Prompt Construction Module synthesizes raw
behavior and profile data into a structured prompt. By processing
the synthesized prompt, the Intent Agent transforms complex
behavioral signals into a clear user intent query. Upon receiving a
request from the intent agent, Item Retrieval Module executes
a search based on the generated intent query, and returns a set
of interested items back to the client side. The LLM Training
Module employs supervised fine-tuning, prompt adaptation and
inference optimization to ensure the model remains both adaptive
and accurate. In the following sections, we focus on the design and
implementation of the LLM Training Module.

Table 1: Training Sample Construction and Composition

Sample Type Data Source Ratio

Behavior-driven Purchase & search logs 60%

Co-purchase Co-purchase item matrix 20%

LLM-based GPT-based rewriting 15%

Human-annotated Manually annotated data 5%

3.2 Preliminaries
We focus on the next-query prediction task given heterogeneous
user behavior sequences. Formally, let a user behavior sequence be:

B = { (𝑖1, 𝑎1, 𝑡1 ), (𝑖2, 𝑎2, 𝑡2 ), . . . , (𝑖𝑇 , 𝑎𝑇 , 𝑡𝑇 ) }, (1)

where 𝑖𝑇 denotes the item interacted with at timestamp 𝑇 , 𝑎𝑇 ∈
{click, cart, favorite, purchase} denotes the action type, and 𝑡𝑇 de-
notes the action time. Given the observed behavior sequence B, the
task is to predict the next potential search query 𝑞 ∈ Q, where Q is
the space of search queries. The objective can be expressed as:

𝑞∗ = argmax
𝑞∈Q

𝑃 (𝑞 | B) s.t. Resource Constrains, (2)

where 𝑃 (𝑞 | B) captures the conditional probability of a search
query given the user’s recent behaviors.

3.3 Supervised Fine-tuning
To effectivelymodel next-query prediction from heterogeneous user
behavior sequences, we construct training data from multiple com-
plementary sources, each capturing different aspects of user intent.
As shown in Table 1, our training set consists of four types of sam-
ples: behavior-driven samples, extracted from purchase logs and
search logs by linking purchased items to post-purchase queries and
inferring complementary relations; co-purchase relation sam-
ples, automatically generated from the item-level co-purchase ma-
trix to capture complementary signals from purchase co-occurrence;
LLM-based augmentation, which rewrites rule-based samples
with LLM to increase linguistic diversity while preserving seman-
tics; and human-annotated samples, a small manually reviewed
set used for quality calibration and reliable evaluation. Prompt 1
below is used for supervised fine-tuning of the intent agent.

Prompt 1: Next-query Prediction Prompt.

Input: Given a timestamp 𝑡 and a user behavior sequence B =

{(𝑖1, 𝑎1, 𝑡1), (𝑖2, 𝑎2, 𝑡2), . . . , (𝑖𝑛, 𝑎𝑛, 𝑡𝑛)}, please infer the user’s
next search intent, and generate the most likely search query
that reflects the user’s latent requirement.

Output: <Predicted search query>.

3.4 Adaptive Prompt Construction
Algorithm 1 describes the adaptive prompt construction procedure
for next-query prediction under on-device constraints. Given a user
behavior sequence B and the scenario context 𝑠 , the algorithm
first summarizes heterogeneous user interactions into a compact
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Algorithm1Adaptive Prompt Constructionwith Template & Struc-
tural Adaptation

1: Input: Behavior sequence B = {(𝑖𝑡 , 𝑎𝑡 , 𝑡𝑡 )}𝑇𝑡=1; scenario 𝑠 ; tem-
plate pool T ; component set C; scorer𝑀score; on-device budget
𝐶max (latency/memory/token).

2: Output: Adaptive prompt 𝑃∗.

3: Stage 1: Feature Extraction
4: Compute behavior features Φ ← Φ(B) =

[Φact,Φrec,Φdiv,Φfreq], where Φact represents action type,
Φrec encodes recency, Φdiv denotes diversity, and Φfreq is the
action frequency.

5: Stage 2: Template-level Adaptation
6: for all 𝑇𝑘 ∈ T𝑠 do
7: 𝛼𝑘 ← 𝑀score (𝑇𝑘 ,Φ, 𝑠)
8: end for
9: 𝑝𝑘 ← exp(𝛽𝛼𝑘 ) /

∑
𝑗 exp(𝛽𝛼 𝑗 )

10: 𝑇 ∗ ← argmax𝑇𝑘 ∈T𝑠 𝑝𝑘
11: Initialize prompt 𝑃 ← 𝑇 ∗

12: Stage 3: Structural-level Adaptation
13: for all 𝑐 ∈ C do
14: Δ(𝑐) ← 𝑀score (𝑃 ⊕ 𝑐,Φ, 𝑠) −𝑀score (𝑃,Φ, 𝑠)
15: if Δ(𝑐) > 𝜏 and Cost(𝑃 ⊕ 𝑐) ≤ 𝐶max then
16: 𝑃 ← 𝑃 ⊕ 𝑐
17: end if
18: end for
19: Stage 4: Budget Enforcement & Finalization
20: 𝑃∗ ← argmax𝑃 ′⊆𝑃 𝑀score (𝑃 ′,Φ, 𝑠) s.t. Cost(𝑃 ′) ≤ 𝐶max
21: Instantiate behavior tokens from B into 𝑃∗
22: return 𝑃∗

behavior feature vector Φ(B), which captures action distribution,
temporal recency, semantic diversity, and interaction frequency.

Based on the extracted features, the algorithm performs template-
level adaptation by scoring candidate prompt templates using a
lightweight scoring model and selecting the most suitable template
conditioned on both the behavior characteristics and scenario con-
text. After the template is selected, structural-level adaptation is
applied to incrementally refine the prompt structure. Specifically,
candidate structural components are evaluated according to their
marginal utility gain, and only those that contribute positively
while satisfying the on-device budget constraints are incorporated
into the prompt. Finally, a budget-aware pruning step is conducted
to ensure that the constructed prompt maximizes utility under strict
latency, memory, and token constraints. The resulting prompt is
instantiated with concrete behavior tokens and used as the input
to the on-device language model for next-query prediction.

3.5 Mobile Device Inference Optimization
The core objective of the Intent Agent is to update semantic repre-
sentation when the user’s intent changes, while avoiding frequent
computation when behavior is stable, thus achieving a balance
between on-device running performance and recommendation ac-
curacy. To this end, we designed the intent agent trigger pipeline,
as shown in Fig 2.

Figure 2: Mobile Intent Agent Trigger Pipeline.

Given a user behavior sequence B within a sliding window, each
interaction is mapped to a discrete semantic tag (e.g., category,
brand, or intent type). This yields a normalized tag distribution
𝑃B over the current window. Let 𝑃 (𝑡 )B and 𝑃

(𝑡−1)
B denote the tag

distributions at the current step and the previous trigger point,
respectively. We quantify intent drift from three complementary
perspectives. First, we measure the change in uncertainty of user
intent using entropy:

𝐻 (𝑃B ) = −
∑︁
𝑘

𝑃B (𝑘 ) log𝑃B (𝑘 ) . (3)

The absolute entropy difference

Δ𝐻 =
��𝐻 (𝑃 (𝑡 )B ) − 𝐻 (𝑃 (𝑡−1)B )

�� (4)

captures whether the user intent becomes more focused or more ex-
ploratory. Second, we assess semantic overlap between consecutive
behavior windows using Jaccard similarity:

𝐽 𝐴(Z (𝑡 ) ,Z (𝑡−1) ) = |Z
(𝑡 ) ∩ Z (𝑡−1) |

|Z (𝑡 ) ∪ Z (𝑡−1) |
, (5)

whereZ (𝑡 ) denotes the set of observed tags. A lower Jaccard score
indicates a larger shift in semantic focus. Finally, we explicitly
model distributional drift using Jensen–Shannon (JS) divergence:

JS
(
𝑃
(𝑡 )
B , 𝑃

(𝑡−1)
B

)
=

1
2
KL

(
𝑃
(𝑡 )
B




𝑀)
+ 1

2
KL

(
𝑃
(𝑡−1)
B




𝑀)
, (6)

where 𝑀 = 1
2

(
𝑃
(𝑡 )
B + 𝑃

(𝑡−1)
B

)
. We fuse the above signals into a

single intent drift score:

Δintent = 𝜆1 ·Δ𝐻 +𝜆2 ·
(
1− 𝐽 𝐴(Z (𝑡 ) ,Z (𝑡−1) )

)
+𝜆3 · JS

(
𝑃
(𝑡 )
B , 𝑃

(𝑡−1)
B

)
, (7)

where 𝜆1, 𝜆2, 𝜆3 ≥ 0 and 𝜆1 + 𝜆2 + 𝜆3 = 1 control the relative impor-
tance of uncertainty change, semantic overlap, and distributional
drift. The LLM is triggered to update the prompt and generate a
new prediction only if

Δintent > 𝜏, (8)

with 𝜏 being a predefined threshold.
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Table 2: LLM-based Automatic Evaluation Results

Eval. Model Target 𝑆sem 𝑆logic 𝑆style Total

Qwen3-4B
Base 0.752 0.621 0.657 0.677
LoRA 0.885 0.792 0.811 0.829
LoRA+Quant 0.844 0.754 0.785 0.794

Qwen3-8B
Base 0.657 0.554 0.627 0.613
LoRA 0.807 0.755 0.786 0.783
LoRA+Quant 0.780 0.746 0.754 0.760

Qwen3-30B
Base 0.671 0.654 0.663 0.654
LoRA 0.839 0.797 0.787 0.808
LoRA+Quant 0.812 0.774 0.762 0.780

4 Experiments
4.1 Offline Evaluation
Prompt 2 is designed to evaluate and decompose generation quality
into three complementary dimensions: semantic relevance (𝑆sem),
logical consistency (𝑆logic), and linguistic style (𝑆style). The final
score is computed as a weighted aggregation of the three sub-scores,
providing a holistic assessment of generation quality.

Prompt 2: LLM-based Evaluation Prompt.

Input: Given a user behavior sequence B =

{(𝑖1, 𝑎1, 𝑡1), (𝑖2, 𝑎2, 𝑡2), . . . , (𝑖𝑛, 𝑎𝑛, 𝑡𝑛)}, and a candidate
search query 𝑞 generated for next-query prediction, please
evaluate the quality of 𝑞 from the following three aspects:
• Semantic Consistency: whether 𝑞 is semantically
aligned with the latent intent implied by B.
• Logical Coherence: whether 𝑞 reflects a reasonable
intent transition given the behavior sequence.
• Expression Quality: whether 𝑞 avoids trivial template
reuse and is expressed in a natural manner.

Output: Three normalized scores 𝑆sem, 𝑆logic, 𝑆style ∈ [0, 1]

Table 2 reports the automatic evaluation results across different
evaluation model sizes and deployment settings. We use Qwen3-
0.6B as the base model and compare to LoRA-adapted models[13],
and quantized LoRA models [5] under the same evaluation pro-
tocol. Overall, LoRA models achieve the highest scores across
most dimensions, indicating the effectiveness of lightweight fine-
tuning. Notably, quantized LoRA models consistently preserve a
large portion of the semantic, logical, and stylistic quality of their
full-precision counterparts, with only marginal degradation in to-
tal scores. This shows that our approach remains robust under
resource-constrained deployment scenarios, validating the practi-
cality of on-device inference with minimal quality loss.

4.2 Online A/B Testing
We conducted online experiments in four scenarios ofmobile Taobao
during a one-month testing, covering tens of millions of users. Con-
sidering storage limitations, RecGPT-Mobile adopts Qwen3-0.6B-
Quant as mobile deployment model, with hyperparameter settings

Figure 3: Running latency on real-worldmobile devices under
different percentile

of 𝜆1 = 0.4, 𝜆2 = 0.3, 𝜆3 = 0.3, 𝜏 = 0.8, which were determined via
experimental heuristic search. As shown in Table 3, RecGPT-Mobile
achieves a definitely significant improvement across all four feed
scenarios, contributing 1.8% CLICK, 2.7% PAY and 2.5% GMV pro-
motions on average. Fig 3 presents the on-device inference latency
across multiple percentiles on different dates. While higher per-
centiles exhibit increased latency as expected, the overall temporal
trends remain consistent across P50 to P95. This indicates that the
model maintains stable execution behavior even under amplified
tail-latency conditions. Moreover, the moderate divergence among
percentile curves reflects realistic device-level variance rather than
systematic performance degradation, suggesting that the proposed
deployment is robust to runtime fluctuations commonly encoun-
tered in real-world client environments.

Table 3: Results of online experiment.

Scenario CLICK PAY GMV

Payment Success Page +1.3% +2.3% +2.5%
Shipment Tracking Page +2.4% +2.9% +3.0%
Shopping Cart Page +2.5% +2.7% +2.9%
Order List Page +0.8% +1.8% +1.8%

Average +1.8% +2.7% +2.5%

5 Conclusion
This paper presents an on-device framework for next-query in-
tent prediction from user behavior sequences, leveraging large
language models with adaptive prompt construction under strict re-
source constraints. By dynamically adjusting prompt templates and
structures, and incorporating a mobile device trigger optimization
scheme, the proposed approach enables effective training and ro-
bust inference without extensive human supervision. Experimental
results show that the model maintains strong intent understanding
ability while preserving stable runtime performance across various
tail-latency conditions, demonstrating its practicality for deploying
recommendation systems on mobile devices.
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