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Abstract

Large language models (LLMs) have shown great potential
in enhancing search and recommender systems by provid-
ing rich semantic representations from unstructured texts.
However, directly integrating LLM embeddings into indus-
trial recommendation pipelines often results in subpar per-
formance due to the semantic and distributional mismatch
between pre-trained LLM features and domain-specific,
feedback-driven representations. Existing approaches strug-
gle to effectively align LLM embeddings with recommen-
dation objectives, often facing challenges such as label mis-
alignment or the potential loss of semantic diversity during
fine-tuning. In this work, we present TreeBridge, a novel
framework that introduces a structure-aware generative en-
coding tree to bridge the semantic gap between LLM em-
beddings and recommendation tasks. It preserves the external
semantic richness of LLM embeddings, while learning label-
informed structures that capture user preferences and inter-
action patterns. This enables the generation of task-adaptive
representations without compromising embedding diversity.
We further adopt an online-offline hybrid service paradigm
to ensure low-latency real-world deployment. TreeBridge has
been deployed on the Shopee e-commerce platform, one of
the largest online shopping platforms in Southeast Asia serv-
ing hundreds of millions of users. Since its deployment in
May 2025, it has helped the company achieve a commercially
significant 1.55% relative improvement in gross merchan-
dise volume (GMV). The deployment experience demon-
strates the effectiveness, scalability, and significant commer-
cial value of TreeBridge.

Introduction

In recent years, LLMs have demonstrated remarkable ca-
pabilities in understanding and generating natural lan-
guage (Devlin et al. 2019; Brown et al. 2020; Touvron et al.
2023), making them attractive sources of semantic repre-
sentations for downstream tasks. In the domain of search
and recommender systems, LLM-generated embeddings of-
fer a promising avenue for enriching user and item repre-
sentations with external knowledge and deep contextual un-
derstanding (Huang et al. 2024; Lin et al. 2023; Zhu et al.
2023). However, directly integrating LLM embeddings into
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search and recommendation pipelines often leads to subop-
timal results. This is primarily due to the semantic and dis-
tributional mismatch between pre-trained LLM representa-
tions and the highly domain-specific, feedback-driven rep-
resentations used in practice. Current approaches face three
key limitations:

1. Directly using LLM embeddings as frozen features pre-
serves their external semantic knowledge and offers high
representation diversity. However, these embeddings are
not aligned with the recommendation task’s supervised
objectives, such as clicks or conversions. As a result, al-
though diverse, they often fail to contribute meaningful

predictive signals within the recommendation context.

. Supervised training on top of LLM embeddings without
updating them introduces label misalignment. The em-
beddings remain in their original semantic space, while
the downstream model attempts to map them to task-
specific outputs. This misalignment can limit the model
capability to fully exploit the semantic content of the em-
beddings, resulting in limited or no gain over traditional
representations.

. Adapter-based methods aim to bridge this gap by learn-
ing lightweight transformation layers to project LLM
embeddings into the recommendation label space. While
this enhances label alignment and enables end-to-end
training, it often sacrifices the inherent diversity and se-
mantic richness of the LLM embeddings, effectively col-
lapsing them into the same latent space as standard rec-
ommendation features.

To address these limitations and facilitate the deployment
of LLMs in search and recommender systems, we propose
a novel framework that introduces a structure-aware gener-
ative encoding tree as an intermediate representation. In-
stead of modifying or fine-tuning the LLM embeddings
directly, we construct a tree-based structure that is gen-
erated from the LLM embedding space and trained with
recommendation-specific labels. This tree structure serves as
a semantic bridge that preserves the semantic independence
and diversity of LLM embeddings. This design integrates
rich, general semantic signals from LLMs into highly cus-
tomized recommendation pipelines. Empirical evaluation on
real-world recommendation benchmarks shows that it sig-



nificantly outperforms existing embedding fusion methods,
particularly in cold-start and sparse data scenarios.

To support real-time service provision in practical e-
commerce applications, we further design an online-offline
hybrid service paradigm to update the model without dis-
rupting online services. TreeBridge has been deployed from
May 2025 on the Shopee e-commerce platform, one of the
largest online shopping platforms in Singapore serving hun-
dreds of millions of users across Southeast Asia with large-
scale, real-time search and recommendation traffic. So far,
it has achieved 1.55% higher in gross merchandise volume
(GMYV) compared to its predecessor, which is very signifi-
cant in real-world e-commerce applications.

Application Description

TreeBridge has been incorporated into the personalization
recall phase of the Shopee search system. Effective person-
alized recall directly determines whether the retrieved can-
didates align with individual user interests, significantly im-
pacting downstream ranking quality and overall user expe-
rience. In addition, the recall stage typically operates on an
extremely large item pool, often involving millions of items.
Given this scale, recall models must balance personalization
effectiveness with computational efficiency, as overly com-
plex models are not feasible for real-time retrieval at such
large volumes.

Achieving high-quality personalized recall depends heav-
ily on user and item representation learning. Classical repre-
sentation learning methods primarily rely on statistical fea-
tures (e.g., co-click rates, purchase frequencies) and hand-
crafted signals derived from historical interactions (Cheng
et al. 2016; Chen et al. 2023; Huang et al. 2013; Li et al.
2022; Ni et al. 2025). User representations are typically ag-
gregated from past behaviors, such as click and purchase
histories (Ni et al. 2018; Chang et al. 2023; Cao et al.
2022; Zhou et al. 2019). However, these methods rely heav-
ily on historical data, limiting their effectiveness in cold-start
and sparse scenarios. They also lack the ability to fully ex-
ploit the rich semantic signals embedded in product titles,
descriptions, and user queries, especially for new or low-
frequency items.

Recent studies have shown that LLMs excel at extract-
ing semantic information from unstructured text, providing
valuable insights beyond what traditional recall features can
capture. In the e-commerce context, product descriptions
and reviews contain latent information that can greatly en-
rich user and item embeddings. Existing works (Lin et al.
2023; Zhu et al. 2023) have begun to explore LLM applica-
tions in search and recommendation for representation learn-
ing.

Some methods directly use LLM embeddings as frozen
features to preserve their external semantic knowledge and
maintain high representation diversity. For instance, TCF (Li
et al. 2023b) leverages GPT-3 (Brown et al. 2020) to gen-
erate textual representations of items for text-based collab-
orative filtering in recommendation tasks. However, these
embeddings are not naturally aligned with the supervised
objectives of recommendation tasks, such as clicks or con-
versions. This often results in limited predictive power de-
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spite the semantic richness of the features. Adapter-based
approaches (Yang et al. 2024; Liu et al. 2025; Song et al.
2024; Jia et al. 2024; Qiu et al. 2024) attempt to mitigate
this misalignment by introducing lightweight transformation
layers to project LLM embeddings into the recommenda-
tion label space, enabling end-to-end training. For example,
ILM (Yang et al. 2024) introduces a framework that lever-
ages a Q-Former-based (Li et al. 2023a) item encoder to
align collaborative filtering embeddings with language rep-
resentations, which are then integrated into a frozen LLM
to enable conversational recommendation with interleaved
item and text inputs.

Although prior work has demonstrated the potential of
LLMs in enhancing search and recommender systems, effec-
tively integrating LLM embeddings into personalized recall
pipelines in large-scale real-world application remains un-
derexplored. Existing solutions either fail to align with user
feedback, struggle with semantic-label mismatch, or com-
promise the unique advantages of LLM-derived representa-
tions. To address these challenges, we propose TreeBridge,
which augments traditional statistical feature-driven recall
with LLM-based embeddings while preserving their seman-
tic diversity and explicitly aligning them with recommen-
dation labels through a structure-aware generative encod-
ing mechanism. By constructing structure-aware generative
encodings based on LLM embeddings, our method enables
personalized, semantically rich, and behavior-aligned recall
candidate generation that significantly improves the recall
results. In the next section, we describe the architecture of
the TreeBridge-based Al Engine and its key components in
detail.

Use of AI Technology
Overall Architecture

The architecture of TreeBridge is illustrated in Figure 1,
consisting of three key components. On the left side is the
embedding generation module, which produces two distinct
types of embeddings: 1) LLM-based embeddings, which
capture rich external semantic information from large-scale
pre-trained language models; and 2) feedback-based em-
beddings, which are learned from recommendation-specific
user feedback signals such as clicks and transactions. The
top-right part of the framework is the tree building mod-
ule, where hierarchical tree structures are constructed based
on the relationships between the embeddings generated in
the first stage. The third part of the framework is the gen-
erative prediction module, which focuses on the recall task.
In this stage, user features are used as model input, and a
transformer-based architecture is employed to extract mean-
ingful user representations.

It is important to note that both the embedding genera-
tion and tree building modules operate offline, while only
the generative prediction module needs to support online in-
ference to meet real-time recommendation requirements.

Embedding Generation

We first elaborate the embedding generation module, which
plays a foundational role in representing items from hetero-
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Figure 1: The overall TreeBridge framework.

geneous perspectives and serves as the basis for the subse-
quent tree construction and generative modeling. The qual-
ity and diversity of these embeddings are crucial for building
expressive and semantically meaningful tree structures.

LLM-based embeddings For each item ¢ € Z, we con-
catenate its textual attributes (title, tags, description) into a
single sequence 7; and prepend a domain-agnostic prompt.
A special token [ITEM] is appended to the sequence, pro-
ducing the token list [t1,%2,. .., ¢y, [ITEM] |, where m
represents the length of text tokens. This design follows the
item-level input construction strategy in HLLM (Chen et al.
2024), enabling the model to generate meaningful represen-
tations based on rich item metadata. The Item LLM pro-
cesses this sequence and the final-layer hidden state corre-
sponding to [ITEM] is extracted as the item embedding.
This design compresses heterogeneous textual information
into a dense vector while preserving semantic nuances es-
sential for downstream retrieval. Keywords are treated anal-
ogously to items and share the same Item LLM backbone.
Sharing the Item LLM ensures semantic alignment between
keyword and item representations while avoiding additional
parameter overhead.

Feedback-based Embeddings The feedback-based em-
beddings are designed to incorporate collaborative filter-
ing(CF) information into the item representations by cap-
turing user preferences from observed interaction signals.
These embeddings are learned using a classic Deep Struc-
tured Semantic Model (DSSM) framework (Huang et al.
2013), a widely adopted approach for modeling user-item
interactions in recommender systems.

By leveraging this supervised signal from explicit user
feedback, the DSSM-based embedding captures collabo-
rative filtering patterns and user preferences grounded in
real behavioral data. This contrasts with LLM embeddings,
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which primarily encode external semantic knowledge and
contextual information.

Tree Encoder Generation

To convert dense embeddings into compact product codes,
we propose a hybrid approach that combines hierarchical
balanced clustering with Residual-Vector Clustering. The
method simultaneously guarantees near-uniform leaf-node
sizes, which is critical for low-latency online retrieval, and
preserves semantic coherence within each code.

The Tree Encoder Generation process consists of three
key stages: Balanced k-means, RV-Kmeans Refinement, and
Code Reassignment, each of which will be described in de-
tail below.

1. Balanced k-means. We first perform balanced k-means
producing a tree whose leaf nodes contain at most 7 items
each. This step strictly controls capacity, preventing any
leaf from becoming too large for efficient beam search.
From top to bottom, each node is partitioned into k clus-
ters C1, ..., Cy, each with up to 7 items. If the number
of items is not divisible by 7, empty placeholders are in-
serted to maintain balance.

. RV-Kmeans Refinement. For an item ¢ with vector rep-
resentation V;, let C; ; denote its clustering assignment at
layer [ of balanced k-means, where | = 0,...,dpax — 1
and dyax is the total number of codebook layers. The
residual vector at layer [ is defined as RV;; = V; —
Centroid(C; ;1 ). Unlike balanced k-means, which re-
cursively re-clusters items within each cluster from the
previous layer, our approach performs clustering at each
layer using the residual vectors RV ; of all items, thereby
generating a new codebook at every stage.

. Code Reassignment. Finally, for each code in the code-
book from stage 1, we map it to the nearest code in the



corresponding layer of the codebook produced in stage
2. This reassignment preserves the clustering effective-
ness of balanced k-means while enhancing the semantic
consistency of codes within each layer of the codebook.

Multi-Tree Multi-Task Generation Structure

To further leverage the semantic diversity of LLM embed-
dings and incorporate task-specific feedback, we propose
a Multi-Tree Multi-Task Generation Structure. In this de-
sign, multiple trees are independently constructed for dif-
ferent types of item embeddings, allowing the model to
preserve semantic distinctions across embeddings and build
structure-aware representations for each. At the same time,
all trees share a unified set of user features, and the gen-
erative prediction is trained with real feedback signals for
different tree encoders. This enables the integration of user
interaction patterns into the retrieval stage while maintaining
the expressiveness of the original embeddings.

Specifically, we construct two complementary trees, each
capturing a distinct aspect of item representation. One tree
is built from embeddings derived from user behavior model-
ing, effectively encoding collaborative filtering signals that
reflect users’ historical interactions. The other tree is con-
structed using embeddings generated by LLMs, which en-
capsulate richer semantic meaning and general world knowl-
edge. By maintaining separate trees for different embedding
spaces, we preserve the external semantic expressiveness of
LLMs while enabling structured modeling tailored to spe-
cific signal types.

To generate codes from these trees, we formulate code
prediction as a multi-task generative learning problem. In-
stead of predicting a single code per item, the model learns
to predict codes corresponding to multiple semantic spaces,
each aligned with a different tree. This design allows the
model to integrate heterogeneous signals and adapt to mul-
tiple recall objectives simultaneously. The overall loss func-
tion is a weighted sum of individual losses for each task,
defined as follows:

L
ELLM = - Z 10g P(SED | S[Keyword]a SEH] s Zu)
=1
L ey
ECF = - Z IOgP(Sgl) | S[Keyword]a Sgltl]azu)
=1
L= MLim+ A2Lcr
Where sgl) indicate the tree node at the [/-th layer and

S[Keyword) denotes the start token, we use the keyword em-
bedding as start token to adapt into search task. And z, in-
dicate the user information. L1y denotes the loss for pre-
dicting codes from the LLM-based tree, and L is the loss
for code prediction based on the CF-based tree. The weights
A1 and Ag are hyperparameters used to balance the contri-
butions of each task. This joint optimization encourages the
shared layers of the generative model to learn robust and
generalized representations that integrate information from
diverse domains and explicitly align with user queries and
preferences, resulting in recall outcomes that better meet
user needs in search applications.
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Application Development and Deployment

Here, we first describe the offline experiment setup, includ-
ing datasets, evaluation metrics, and implementation details.
Then, we conduct a series of experiments to answer the fol-
lowing research questions in order to support the deploy-
ment decision of TreeBridge by Shopee management:

* RQ1: Can the proposed structure-aware generative en-
coding tree effectively bridge the semantic gap between
general-purpose LLM embeddings and task-specific rec-
ommendation objectives?

RQ2: How does TreeBridge perform compared to state-
of-the-art recall-oriented recommendation methods, in-
cluding those based on LLM embedding integration and
adapter tuning?

RQ3: Does TreeBridge provide significant advantages in
cold-start scenarios where user or item interactions are
limited?

Experiment Settings

Datasets The raw data used in our experiments was col-
lected from Shopee, a large-scale e-Commerce platform, and
includes 3 months of online trading records. Each record in
the dataset is a user behavior log that includes item informa-
tion , user information, keyword information, and interaction
information. In our recall task, the click and purchase behav-
ior are considered as the label, the remaining attributes are
used as features.

Evaluation Metrics We adopt HitRate@K as the primary
evaluation metrics to assess the recall quality of our method.
This metric reflects the proportion of users for whom at least
one relevant item appears within the top-K results, which
aligns with the candidate generation objective in our pro-
duction recommender system. Specifically, we report results
for K = 50 and K = 100, denoted as HitRate @50 and Hi-
tRate @ 100, to match the candidate list size typically used in
real-world deployment. The formal definition of HitRate @K
is as follows:

1
HitRateQK = — I | min rank, < K|, 2
P> B | o

where O denotes the set of users, R, is the set of relevant
items for user g, and I[-] is the indicator function that equals
1 if at least one relevant item is ranked within the top-K
positions, and 0 otherwise.

Implementation Details For each type of item embed-
ding, we constructed a four-level codebook with capacities
of 300, 100, 50, and 10 for each respective layer, where each
leaf node contains 1 to 10 items. The LLM embedding is
based on a 1B-parameter HLLM model that has been fine-
tuned on real production environment datasets. The gener-
ative prediction model employs a single-layer Transformer
with 128 dimensions and 8 heads to extract features from
user behavioral sequences, while the decoder component
utilizes a single-layer Transformer with 128 dimensions and
8 heads for code generation.



Comparison Baselines

To comprehensively evaluate the effectiveness of our pro-
posed method, we compare it against a diverse set of strong
baselines from three major categories:

* Traditional recall-based methods: These methods rely
on supervised learning over manually designed features
and collaborative signals. Representative models include:

— CDSSM (Shen et al. 2014): Classic dual-tower se-
mantic model.

— MGDSPR (Li et al. 2021): Multi-granularity sequen-
tial model for personalized retrieval.

Tree-based recall algorithms: These approaches struc-
ture the item space using hierarchical trees to improve
retrieval efficiency and scalability. We include:

— RecForest (Feng et al. 2022): A hierarchical retrieval
framework that builds and learns multiple item trees in
parallel.

LLM embedding-based methods: These methods aim
to utilize pre-trained large language model representa-
tions for recommendation, either through direct integra-
tion or task-specific adaptation. We consider:

— LLMEmb (Liu et al. 2024): Directly uses frozen
LLM embeddings.

— EASE (Qiu et al. 2024): Linear fine-tuning aligning
LLM embeddings with recommendation signals.

— PRECISE (Song et al. 2024): Adapter-based model
bridging LLM knowledge with supervised objectives.

RQ1: Bridging the Semantic Gap between LLM
Embeddings and Recommendation Objectives

To investigate whether the proposed structure-aware gener-
ative encoding tree effectively bridges the semantic gap be-
tween general-purpose LLM embeddings and task-specific
recommendation objectives, we design a set of ablation ex-
periments focusing on different ways of utilizing LLM em-
beddings.

Specifically, we compare the following variants:

e LLM-only: Directly uses frozen LLM embeddings as
input features for recall, without any structural trans-
formation or alignment. This variant retains the raw
semantic space of the LLM but lacks adaptation to
recommendation-specific objectives.

CF Tree-only: Constructs a recall tree based solely on
traditional collaborative filtering (CF) embeddings de-
rived from user-item interaction feedback. This variant
serves as a strong behavior-based baseline, without in-
corporating any LLM semantics.

LLM Tree-only: Builds a recall tree exclusively us-
ing LLM embeddings, applying tree-based encoding
to structure the semantic space. This variant examines
whether tree transformation alone can effectively align
LLM features with recommendation objectives, without
reliance on CF-based embeddings.
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Method Click \ Order
H@50 H@100 | H@50 H@100
LLM-only 0.1943  0.2565 | 0.2264 0.2725
CF Tree-only 0.2644  0.2922 | 0.2615 0.2853
LLM Tree-only 0.3250 0.3605 | 0.3200 0.3615
TreeBridge 0.3346  0.4061 | 0.3567 0.4306

Table 1: Ablation study results on Shopee.

Table 1 presents the performance comparison of the eval-
uated variants. We observe the following:

Directly using LLM embeddings alone (LLM-only) re-
sults in limited recommendation effectiveness, with Click
and Order Hitrate@100 scores at 0.2565 and 0.2725 re-
spectively, reflecting a notable gap between raw seman-
tic representations and user feedback signals. Incorporat-
ing LLLM embeddings into the collaborative filtering-based
tree model (comparing the final TreeBridge to Recforest CF
Tree-only) substantially enhances performance, with Click
Hitrate@ 100 improving by 39.1% and Order Hitrate@ 100
by 51.0%. This highlights the crucial role of semantic in-
formation in complementing behavior-based embeddings.
Applying tree-based encoding directly on LLM embed-
dings (Recforest LLM Tree-only) already achieves signif-
icant gains over the purely ID-based tree variant, increas-
ing Click and Order Hitrate@100 by 23.4% and 26.7% re-
spectively. This indicates that structured transformation ef-
fectively aligns semantic embeddings with recommenda-
tion objectives, enriching user-item representations. Our full
model TreeBridge, which integrates multiple encoding trees
and leverages a multi-task learning framework, achieves the
best overall results. It further improves over the LLM tree-
only variant by 12.6% (Click) and 19.1% (Order) in Hi-
trate@ 100, demonstrating that combining semantic and be-
havioral signals through generative encoding trees effec-
tively bridges the semantic gap.

RQ2: Comparison with State-of-the-Art Recall
Methods

To evaluate the effectiveness of our proposed approach in
leveraging LLM embeddings for recommendation recall, we
compare against a set of state-of-the-art baselines that also
incorporate LLM-based representations, as shown in table
29

Among traditional recall models, CDSSM (Shen et al.
2014) and MGDSPR (Li et al. 2021) depend on manu-
ally crafted features and behavioral interaction modeling.
MGDSPR benefits from sequential modeling and outper-
forms CDSSM, but both remain limited in capturing seman-
tic signals, yielding Hitrate @ 100 values below 0.32 on both
click and order tasks.

The LLM  embedding-based group  includes
LLMEmb (Liu et al. 2024), EASE (Qiu et al. 2024),
and PRECISE (Song et al. 2024). LLMEmb serves as a sim-
ple baseline by directly utilizing frozen LLM embeddings,
while EASE introduces lightweight linear adaptation to



Method Click \ Order
H@50 H@100 | H@50 H@100
CDSSM 0.1762  0.2434 | 0.1986 0.2773
MGDSPR  0.2039 0.2653 | 0.2426 0.3119
LLMEmb 0.1943  0.2565 | 0.2264 0.2725
EASE 0.2319 0.3043 | 0.2713 0.3514
PRECISE 0.2441 0.3233 | 0.2901 0.3754
RecForest 0.2644 0.2922 | 0.2615 0.2853
TreeBridge 0.3346 0.4061 | 0.3567 0.4306

Table 2: Performance Comparison of Baseline Methods on
Shopee Dataset.

better align embeddings with recommendation tasks. PRE-
CISE further enhances this line of work with adapter-based
fine-tuning, resulting in the best performance within this
group. On Shopee, it achieves a Hitrate@ 100 of 0.3754 on
the order task, outperforming all non-LLM methods.

RecForest represents the tree-based approaches, using
learned hierarchical item structures to improve retrieval.
Despite not utilizing language models, RecForest shows
competitive results, especially on the click prediction task,
thanks to its efficient space partitioning and representation
learning.

Our method consistently outperforms all baselines across
different metrics. It achieves the highest Hitrate @ 100 values
of 0.4061 for clicks and 0.4306 for orders, with relative im-
provements over the best-performing baseline (PRECISE)
reaching approximately 8.2% and 14.7% respectively. These
results demonstrate the effectiveness of our dual-space de-
sign, which integrates LLM semantics with collaborative
signals through a generative tree-based retrieval framework.
The improvements confirm the benefits of joint modeling
and alignment in capturing both intent-level semantics and
user behavior patterns for large-scale recommendation.

RQ3: Effectiveness of TreeBridge in Cold-Start
Scenarios

In this section, we evaluate the effectiveness of TreeBridge
in cold-start scenarios, focusing on new item recommenda-
tion on the Shopee dataset. New items typically lack histor-
ical interaction data, which limits the effectiveness of tradi-
tional collaborative filtering methods.

As shown in Table ??, directly using frozen LLM em-
beddings (LLMEmb) yields only modest improvements over
MGDSPR, and still underperforms traditional deep seman-
tic models such as CDSSM in order hitrate, suggesting
that raw semantic embeddings alone cannot fully capture
user purchase preferences for unseen items. In contrast, ap-
proaches that combine LLM embeddings with structured en-
coding and task adaptation, such as PRECISE and our pro-
posed TreeBridge, achieve notable gains. TreeBridge deliv-
ers the highest performance, reaching an order Hitrate @50
of 0.1402 and Hitrate @ 100 of 0.1502, representing a relative
improvement of 29.8% over the strongest baseline (PRE-
CISE) in Hitrate @50.
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Method H@50 H@100
RecForest 0.0427 0.0438
CDSSM 0.0930 0.1345
MGDSPR 0.0703 0.1042
LLMEmb 0.0817 0.1081
EASE 0.0945 0.1166
PRECISE 0.1080 0.1407
TreeBridge 0.1402 0.1502

Table 3: Performance Comparison of Baseline Methods on
New Item Recommendation

These results demonstrate that while LLM embeddings
provide rich semantic information, their potential for cold-
start recommendation is only fully realized when inte-
grated with task-aligned encoding and multi-task learning.
By aligning semantic representations with ranking objec-
tives, TreeBridge effectively mitigates cold-start challenges
for new item recommendation.

Application Use and Payoff

TreeBridge has been deployed in Shopee e-commerce plat-
form since May 2025 to support the Shopee search person-
alization recall service. We report the online A/B test results
of TreeBridge and the previously adopted approach since
the deployment of TreeBridge in May 2025. We use the
GMYV as the deployment evaluation metrics. The previous
approach is a RecForest (Feng et al. 2022) model with be-
havior features, similar in structure to TreeBridge but lack-
ing LLM-generated features and multi-tree structure. The
results indicate that TreeBridge achieved a 1.55% improve-
ment in GMV compared to the previous approach on aver-
age, demonstrating significant positive business impact.

Conclusions

In this work, we present the design and deployment experi-
ence of TreeBridge, a novel framework designed to bridge
the semantic gap between general-purpose LLM embed-
dings and task-specific recommendation objectives through
a structure-aware generative encoding tree. It preserves the
semantic richness of LLMs, while aligning with user be-
havior signals, thereby enabling more effective personaliza-
tion in the recall phase of large-scale search systems. For
practical deployment, we adopt an online-offline hybrid ser-
vice paradigm that integrates LLM-derived features without
compromising system latency or scalability. We conduct ex-
tensive offline experiments on both large-scale e-commerce
datasets and public benchmarks to verify the effectiveness
of our method and provide strong evidence to convince the
senior management of Shopee to adopt TreeBridge. It has
also been successfully deployed in Shopee’s production en-
vironment, demonstrating both significant offline gains and
substantial commercial impact. These results confirm the ef-
fectiveness, efficiency, and deployability of our framework
in real-world recommender systems.
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