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Abstract
In the retrieval stage of recommendation sys-
tems, two-tower models are widely adopted
for their efficiency as a predominant paradigm.
However, this method, which relies on collab-
orative filtering signals, exhibits limitations in
modeling similarity for long-tail items. To
address this issue, we propose a Motivation-
aware Retrieval for Long-Tail Recommenda-
tion, named MotiR. The purchase motivations
generated by LLMs represent a condensed ab-
straction of items’ intrinsic attributes. By ef-
fectively integrating them with traditional item
features, this approach enables the two-tower
model to capture semantic-level similarities
among long-tail items. Furthermore, a gated
network-based adaptive weighting mechanism
dynamically adjusts representation weights:
emphasizing semantic modeling for long-tail
items while preserving collaborative signal
advantages for popular items. Experimental
results demonstrate 60.5% Hit@10 improve-
ments over existing methods on Amazon Books.
Industrial deployment in Taobao&Tmall Group
88VIP scenarios achieves over 4% CTR and
CVR improvement, validating the effectiveness
of our method.

1 Introduction

The primary goal of product recommendation sys-
tems is to build personalized interest prediction
models by analyzing user attributes and historical
behavior data. This enables accurate and relevant
recommendations. In rapidly growing commercial
ecosystems with expanding user bases and product
catalogs, adopting an efficient two-stage recom-
mendation framework (retrieval and ranking) has
become a key strategy to enhance user retention
and boost transaction conversion rates.

In typical retrieval-stage architectures, the two-
tower model (Huang et al., 2013; Covington et al.,
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Figure 1: Problems with Existing Retrieval Models in
Similarity Modeling of Long-tail Items.

2016; Li et al., 2019; Lv et al., 2019) encodes user
and item features independently into embedding
vectors, using inner product operations to measure
user-item interaction probabilities. These models
are trained primarily using collaborative filtering
signals, which rely on constructing positive and
negative sample pairs from user-item interaction
records. An ideal two-tower model should satisfy
two key properties: (1) maximizing the cosine sim-
ilarity between user embeddings and the embed-
dings of their historically interacted items, and (2)
maximizing the cosine similarity between embed-
dings of similar items. While these models are
effective in strengthening Property 1, since there is
no explicit supervisory signal, they face significant
challenges in modeling Property 2, especially for
long-tail items with sparse interactions. To address
the long-tail issue, some studies (Yi et al., 2019;
Huang et al., 2020; Pan et al., 2019; Yao et al.,
2021; Zhao et al., 2020) have explored sampling
strategies and data augmentation. However, these
efforts remain fundamentally reliant on collabo-
rative signals, limiting their effectiveness in fully
resolving the problem.

With the development of semantic models, some
works (Liu et al., 2022; Li et al., 2023b; Zhang
et al., 2024; Ren et al., 2024; Xi et al., 2024) have
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also tried to introduce semantic information into
the recommendation system. However, these ap-
proaches predominantly leverage item descriptions
as training corpora. These texts typically serve as
explanations of an item’s functionalities or quali-
ties, but they often fail to capture the latent associa-
tions between different items adequately. For exam-
ple, when a user interacts with an item, there typi-
cally exists an underlying purchase motivation driv-
ing this behavior, and may interact with other items
sharing the same motivational attributes. However,
purchase motivations represent intrinsic properties
embedded within items, yet they often do not ex-
ist in item description texts. As a result, these
methods still do not solve the problem of modeling
similarities of long-tail items fundamentally. As
shown in Figure 1, a fitness enthusiast male seeks
to purchase an Apple Watch to track his physical
activities. While semantic information enables the
retrieval of a Samsung Watch (a long-tail item), it
fails the retrieval of a Xiaomi Smart Scale which
would also align with his fitness goals.

To address the issue of long-tail items, this pa-
per proposes an LLM-driven purchase motivation
extract framework. In detail, we utilize LLM to
extract the purchase motivations that are embedded
behind the item descriptions and convert them into
embeddings by using a pre-trained semantic model.
Thus, provides similarity associations for long-tail
items from the perspective of purchase motivation,
enhancing the two-tower model’s capacity to learn
Property 2.

Besides, collaborative-signal item representa-
tions and semantic motivation representations ex-
hibit significant complementary characteristics
across different data density scenarios: For pop-
ular items with frequent interactions, collaborative
filtering-based signal sufficiently for recommenda-
tion; while for long-tail items with sparse interac-
tions, purchase motivation provides supplementa-
tion through semantic associations. Accordingly,
we design a gated network-based adaptive fusion
mechanism that dynamically adjusts the weighting
coefficients between these two representation types,
achieving an optimal combination of item features.

To verify the effectiveness of our proposed
method, we conduct experiments on several pop-
ular datasets including Amazon Books and Ama-
zon Beauty and Personal Care. Results demon-
strate significant improvements in Hit Ratio metrics
through motivation feature integration (over 60.5%
Hit@10 improvements on Amazon Books). In real-

world deployment for Taobao&Tmall Group 88VIP
scenarios, the MotiR achieves over 4% improve-
ment in click-through rate (CTR) and conversion
rate (CVR), verifying the practical value of our
approach.

Our contributions are listed as follows:

1. We propose a Motivation-aware Retrieval
method (MotiR), which introduces purchase
motivation information to achieve effective
recommendations of long-tail items with sim-
ilar motivation.

2. We have innovatively introduced a gated net-
work that dynamically assigns weights based
on the popularity of different items, which
can effectively recommend both popular and
long-tail items.

3. We achieved 60.5% Hit@10 increase on pub-
lic datasets and an additional 4% CTR and
CVR gains in Taobao&Tmall Group 88VIP
scenarios, demonstrating the effectiveness of
our approach.

2 Related Work

2.1 Two-Tower Model
Deep learning techniques have significantly en-
hanced recommendation systems through end-to-
end feature learning, in which two-tower models
have emerged as a mainstream architecture for in-
dustrial retrieval stages due to their efficient in-
ference. The Wide Deep (Cheng et al., 2016)
pioneered the integration of wide linear models
with deep neural networks to balance memoriza-
tion and generalization capabilities, while YouTube
DNN (Covington et al., 2016) achieved large-scale
video recommendation by modeling deep user be-
havior sequences. Li et al. (Li et al., 2019) in-
troduced a multi-interest retrieval network to cap-
ture diverse interests from user interaction histo-
ries. However, existing methods exhibit an over-
reliance on collaborative filtering signals, neglect-
ing semantic-level similarity relationships between
items, which limits their performance in long-tail
scenarios (He et al., 2020).

2.2 LLM For Recommendation System
With recent breakthroughs in large language mod-
els (LLMs), researchers have explored leveraging
LLMs’ common sense knowledge for recommen-
dation tasks: Gao et al. (Hou et al., 2024) demon-
strated the potential of LLMs as zero-shot rankers,
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while P5 (Geng et al., 2022) established a uni-
fied generative recommendation framework via
prompt engineering. Nonetheless, directly fine-
tuning LLMs faces challenges such as high compu-
tational costs and latency (Li et al., 2023a). More-
over, current approaches fail to sufficiently exploit
fine-grained semantic expressions of user purchase
motivations from the perspective of user interest
modeling.

3 Method

Addressing the persistent challenge of inadequate
similarity modeling for long-tail items in conven-
tional two-tower models (see appendix A.1 for
detailed analyses), We employ LLMs to extract
item purchase motivations ( 3.1) and systemati-
cally integrate them into the two-tower architecture
( 3.2). Building upon this foundation, we propose
a gated network mechanism that dynamically mod-
ulates the weighting between the item tower and
semantic tower ( 3.3), implemented through a three-
phase progressive training framework ( 3.4). These
methodological innovations and their detailed im-
plementations will be systematically elaborated in
subsequent sections.

3.1 Motivation-Aware Item Representation
We aim to address the insufficient capability of
existing retrieval models in modeling similarity
relationships for long-tail items. The essence of
user consumption behavior can be attributed to the
matching between item intrinsic attributes and user
demand motivations. Based on this, we propose
the Purchasing Motivation Consistency Hypoth-
esis: when a user interacts with a particular item,
they are more likely to engage with other items that
share the same purchase motivation. This hypothe-
sis provides a novel theoretical perspective for item
similarity modeling — achieving semantic align-
ment of similar items through mining their implicit
purchasing motivations.

To realize this hypothesis, we innovatively in-
troduce large language models as prior knowledge
distillers, which can parse potential user purchasing
motivation sets from item description texts. The
motivation set of each item is transformed into
a motivation vector mi ∈ Rd via a semantic en-
coder (Xiao et al., 2024), constituting the item se-
mantic representation. This approach offers two
critical advantages:

• Prior Knowledge Guidance: The motiva-

tion vector encoding process operates indepen-
dently of user interaction data, directly lever-
aging LLM-internalized knowledge about
item attributes and human consumption cus-
tom, which breaks away from the dependency
of collaborative filtering data.

• Semantic Transferability: Mapping motiva-
tion texts to a continuous vector space through
pre-trained semantic embedding models, en-
sures the similarity of similar purchase moti-
vations in the vector space.

3.2 Multimodal Feature Fusion Architecture
The final item representation ei ∈ R2d is con-
structed through dual-channel feature concatena-
tion:

ei =


 fID(i)︸ ︷︷ ︸

Collaborative Signal

, fMotivation(mi)︸ ︷︷ ︸
Semantic Prior




Where fID(·) denotes the traditional ID-based
feature encoder (item tower), and fMotivation(·) rep-
resents the motivation feature encoder (semantic
tower). This architecture achieves dual comple-
mentary effects:

• Data Sufficiency Compensation: The ID rep-
resentation captures explicit collaborative pat-
terns through massive interaction data, dom-
inating precise recommendations for high-
frequency items.

• Semantic Robustness Enhancement: The
motivation representation provides cross-
instance similarity association for low-
frequency items via LLM-extracted semantic
priors.

This fusion mechanism essentially constructs a
joint optimization space for collaborative signals
and semantic priors. In interaction-sparse regions,
the semantic similarity of motivation vectors guides
the model to establish a more reasonable item as-
sociation, significantly improving the traditional
two-tower model’s deficiency in optimizing Prop-
erty II (vector alignment of similar items).

3.3 Dynamic Feature Fusion Mechanism
The item tower and the semantic tower respectively
model explicit interaction patterns and implicit se-
mantic attributes of commodities, forming com-
plementary representation spaces. However, naive
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Figure 2: Three-Stage Retrieval Model Training Framework with Integrated Motivational Signals.

feature concatenation fails to achieve adaptive co-
ordination of modal advantages.

Inspired by PEPNet (Chang et al., 2023) person-
alized bias mechanism, we propose an Adaptive
Gated Fusion Network that dynamically modu-
lates modal weights based on commodity charac-
teristics. The mathematical formulation is defined
as:

ei = αi · h(i)
CF + (1− αi) · h(i)

Sem

where the gating coefficient αi ∈ [0, 1] is generated
through:

αi = σ
(
Wg · Concat(h(i)

CF,h
(i)
Sem) + bg

)

Here, Wg ∈ R(dm+1)×1 and bg ∈ R are learn-
able parameters, with σ(·) being the Sigmoid acti-
vation function.

The gated network adaptively learns weighting
strategies for the item tower and semantic tower
based on intrinsic item attributes. Qualitative anal-
ysis reveals that for frequently interacted items,
it augments weights on the collaborative signal-
driven item tower while prioritizing the semantic
tower for long-tail items.

3.4 Three-Stage Training Approach

Since the semantic features extracted by the LLM
and the item embeddings from the item tower reside
in distinct feature spaces, directly incorporating
motivational semantics may cause feature distribu-
tion shifts, making it difficult for the item tower to

effectively interpret semantic information. To ad-
dress this challenge, we employ a contrastive learn-
ing approach to align the feature spaces between
the item tower and semantic tower before feature
fusion, thereby enhancing convergence speed and
training stability (Wang et al., 2024). As shown
in Figure 2, the training pipeline consists of three
stages:

• stage 1: Independently train the two-tower
retrieval model without semantic features.

• stage 2: Align the item tower embeddings and
semantic model vectors into a unified feature
space through contrastive learning.

• stage 3: Jointly fine-tune the model by inte-
grating semantic features into item represen-
tations.

4 Experiment

4.1 Datasets and Evaluation Metrics
The experiments are conducted on two publicly
available e-commerce datasets: Amazon Beauty
and Amazon Books. Specifically, the Books dataset
contains approximately 4.4 million items and 10
million user-item interactions. The Beauty dataset
covers 11 million user-item interactions and 1 mil-
lion items.

To simulate real-world sequential recommenda-
tion scenarios, user behavior sequences are chrono-
logically split to construct "next-item prediction"
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Methods
Books Beauty

hit@10 hit@50 hit@100 hit@500 hit@10 hit@50 hit@100 hit@500
WALS 1.42% 3.97% 5.28% 10.93% 1.92% 5.49% 6.95% 11.93%

YoutubeDNN 2.53% 7.76% 12.90% 19.54% 3.30% 8.27% 15.19% 23.44%
MaxMF 2.85% 8.62% 13.04% 21.37% 3.59% 9.06% 16.24% 25.10%

Mind 3.09% 11.01% 16.31% 24.59% 4.86% 13.22% 20.87% 31.77%
SASRec (2023) 2.92% 7.29% - - 4.25% 11.58% 19.67% 29.79%

HSTU 4.69% 10.66% - - - - - -
MotiR (ours) 4.96% 15.29% 20.01% 31.07% 6.46% 16.28% 24.22% 36.40%

Table 1: Main Results of MotiR and Other Mainstream Methods.

tasks for evaluation. Model performance is quan-
tified using Hit Ratio@k (hit@k), defined as: for
a given user if the ground-truth interacted item ap-
pears in the top-k recommended list after full-item
ranking, the retrieval is considered successful.

hit@k =
1

|U|
∑

u∈U
1
(
igt
u ∈ Lk

u

)

Where U denotes the set of users, i
gt
u is the

ground-truth interacted item for user u, Lk
u repre-

sents the top-k recommended items after full-item
ranking and 1(·) is an indicator function (1 if true,
0 otherwise)

4.2 Experiment Settings
We compare the proposed MotiR with the follow-
ing retrieval models: WALS (Aberger, 2014) and
MaxMF (Weston et al., 2013) are recommenda-
tion algorithms based on traditional collaborative
filtering mechanisms. YouTube DNN (Covington
et al., 2016) and MIND (Li et al., 2019) introduce
deep neural networks into recommendation sys-
tems, representing mainstream baseline models for
retrieval in current research. SASRec (Kang and
McAuley, 2018) and HSTU (Zhai et al., 2024) are
the research of introducing large language models
with transformer architecture into recommendation
systems.

The experimental configurations were estab-
lished as follows: In academic research scenar-
ios, we adopted PyTorch 1.13 deep learning frame-
work for prototype development, while employing
TensorFlow 1.12 framework for distributed train-
ing in industrial application scenarios. The en-
tire training process was accelerated by 8 NVIDIA
V100 GPUs, with the batch size set to 512. Our
LLM-based (Achiam et al., 2023) motive parsing
framework automatically extracts semantic features
through structured prompts, and the appendix A.2
shows the prompt template. The training proce-
dure was systematically divided into three distinct

interaction item tower semantic tower item nums
[5− 10) 32.76% 68.24% 2.48M
[10− 20) 43.28% 56.72% 1.04M
[20− 50) 53.24% 46.76% 0.76M
[50,∞) 60.59% 39.41% 0.12M

Table 2: Weight Allocation Results of the Gated Net-
work Between Item Tower and Semantic Tower.

stages with differentiated optimization objectives.
Detailed training parameters and configurations for
each stage are provided in the appendix A.3.

4.3 Main Results

The experimental results on Amazon Books and
Amazon Beauty datasets demonstrate the superior
performance of MotiR compared to mainstream
baseline methods. As shown in table 1, in the
Books domain, our method achieves a hit@10
of 4.96%, representing a 60.5% relative improve-
ment over the collaborative signal-based model
(Mind) and beyond the LLM-based model over
5% (HSTU). Similarly, in the Beauty domain, the
hit@10 metric improves from 4.86% to 6.46%,
with a 32.9% relative gain.

4.4 Ablation Study

4.4.1 Gated Network Weight Allocation
The ablation study on gated network weight al-
location reveals a clear correlation between item
interaction frequency and different item representa-
tion models (item tower and semantic tower). As
shown in table 2, for items with sparse interac-
tions (5-10 interactions), the semantic tower dom-
inates with 68.24% weight allocation, while the
item tower only accounts for 32.76%. This weight-
ing pattern gradually reverses as interaction fre-
quency increases. The inverse proportionality be-
tween interaction frequency and semantic tower
weight quantitatively verifies our core hypothe-
sis: the gated network automatically establishes
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a "collaborative-to-semantic" continuum based on
item popularity.

4.4.2 Different Semantic Information
To systematically validate the effectiveness of se-
mantic information in item similarity modeling,
this study conducts a comparative analysis of differ-
ent semantic features on retrieval performance. As
shown in table 3, experimental results on the public
Amazon dataset demonstrate that LLM-generated
purchase motivation features achieve significant
improvements in model Hit Ratio. This finding
substantiates our core hypothesis - that the moti-
vation semantics distilled through LLMs can ef-
fectively capture deep-level associations between
items. Compared to the surface-level information
provided by item titles, motivation descriptions
enable feature extension through contextual reason-
ing. Meanwhile, relative to the redundant textual
content in item descriptions, the motivation extrac-
tion process achieves effective noise reduction and
clustering for item features.

4.4.3 Different Large Language Models
We also analyze the extraction performance of dif-
ferent LLMs on purchase motivations. We con-
ducted experiments using several API-based LLMs
(GPT-4 (Achiam et al., 2023), ChatGPT (Ouyang
et al., 2022), Qwen2.5-Max (Yang et al., 2024))
and some open-source LLMs (Qwen2.5-7B-
Instruct (Yang et al., 2024), Baichuan2-7B-
Chat (Yang et al., 2023), Meta-Llama-3-8B-
Instruct (Grattafiori et al., 2024)). Table 5 demon-
strates the impact of different LLM-generated pur-
chase motivations on MotiR’s hit ratio.

Among all LLMs, GPT-4 achieved the best per-
formance in motivation extraction. However, it is

hit@10 hit@100 hit@500
Non-semantic 3.09% 16.31% 24.59%

Item Title 4.02% 17.90% 26.97%
Item Description 4.56% 18.71% 29.87%

Purchase Motivation 4.96% 20.01% 31.07%

Table 3: Impact of Diverse Semantic Information on
Model Hit Ratio.

hit@100 hit@500 hit@3000
Mind 7.45% 14.60% 28.20%

MotiR (ours) 10.04% 18.98% 37.02%

Table 4: Real Scenery Results of MotiR and Baseline
Method.

noteworthy that there exists no significant perfor-
mance gap between different LLMs. Even open-
source models with relatively smaller parameters
like Qwen2.5-7B-Instruct can attain nearly compa-
rable effectiveness to GPT-4. This observation sug-
gests that our method does not heavily depend on
the semantic comprehension capabilities of LLMs,
most LLMs can extract reasonable purchase moti-
vations from product descriptions, thereby enabling
the two-tower model to better capture similarities
among long-tail items. Consequently, practical pro-
duction scenarios may consider adopting relatively
compact open-source LLMs to reduce cost and time
overhead for purchase motivation generation.

5 Industrial Application

5.1 Revenue Analysis
As the most valuable consumer cohort with the
highest purchasing power and loyalty on the
Taobao&Tmall Group, the 88VIP membership has
reached a scale of tens of millions, sustaining daily
active users (DAU) at the ten-million level, while
its annual contribution to Gross Merchandise Vol-
ume (GMV) has surpassed RMB 2 trillion.

The online baseline retrieval model constitutes
an enhanced version based on the Mind (Li et al.,
2019) model architecture, with multi-level Squeeze-
and-Excitation (Hu et al., 2018) (SENet) layers in-
corporated into the feature interaction module, and
systematic optimization of data sampling strategies
being implemented during the training stage.

In online A/B testing for Taobao&Tmall Group
88VIP homepage recommendations, As shown in
table 4, our proposed MotiR model achieved a rel-
ative improvement exceeding 20% in Hit Ratio
compared to the baseline system. Additionally, the
model delivered relative gains of 4.76% in Click-
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Methods
Books Beauty

hit@10 hit@50 hit@100 hit@500 hit@10 hit@50 hit@100 hit@500
GPT-4 4.96% 15.29% 20.01% 31.07% 6.46% 16.28% 24.22% 36.40%

Qwen2.5-Max 4.85% 15.20% 19.71% 30.59% 6.40% 16.11% 23.90% 36.01%
ChatGPT 4.79% 15.10% 19.44% 30.25% 6.27% 15.96% 23.64% 35.81%

Qwen2.5-7B-Instruct 4.77% 15.04% 19.46% 30.30% 6.25% 15.82% 23.59% 35.72%
Baichuan2-7B-Chat 4.62% 14.77% 18.97% 29.64% 6.06% 15.29% 22.70% 33.95%

Meta-Llama-3-8B-Instruct 4.03% 12.54% 15.45% 25.58% 5.30% 14.07% 19.59% 30.56%

Table 5: Impact of Different LLM on Model Hit Ratio.

Through Rate (CTR) and 4.35% in Conversion
Rate (CVR) (p<0.01), generating substantial busi-
ness value for the platform. Figure 3 demonstrates
a case analysis of the retrieval model enhanced
with purchase motivations in Taobao&Tmall inter-
nal datasets. Our method gets item correlations
from the purchase motivation perspective, thereby
enabling enhanced capture of user interest.

The long-tail effect proves particularly promi-
nent in real-world recommendation scenarios:
weekly interacted items by Taobao&Tmall Group
88VIP users constitute less than 30% of the entire
item catalog. This phenomenon proves the neces-
sity of modeling item similarity through purchasing
motivation. Evaluation reveals that the semantic
representation module attains an average weight
allocation of 62.3±1.5% during model inference,
strongly validating the critical role of semantic fea-
tures in long-tail item recommendation.

5.2 Computational Overhead Analysis

We conduct a detailed time complexity analysis for
each training phase:

• Stage 1: Conventional two-tower model train-
ing requires 20 epochs, accounting for approx-
imately 60% of the total training time.

• Stage 2: The contrastive alignment pro-
cess completes within 0.2 epoch, consuming
merely 5% of the computational budget.

• Stage 3: Since the weights of the semantic
model are no longer trained except for the
projection layer, we implement an optimized
training method where item embeddings from
the semantic model’s base layer are precom-
puted offline, which consumes 20% of the
total time. The subsequent joint fine-tuning
of semantic projections and two-tower param-
eters completes in 3 epochs, requiring 15%
additional computation.

In these stages, the training of the two-tower
model still takes up most of the time, while the addi-
tional time overhead caused by the introduction of
semantic information is acceptable. For industrial
deployment, the embeddings of all items are pre-
calculated offline. During real-time serving, the
enhanced retrieval system maintains identical com-
putational complexity to conventional two-tower
architectures, as it only requires standard vector
similarity calculations between user and item em-
beddings. This design ensures our method incurs
no additional computational overhead during on-
line inference while achieving significant perfor-
mance improvements.

6 Conclusion

Cause of the traditional two-tower model has poor
modeling capabilities for long-tail items similarity,
this paper proposes a Motivation Retrieval method
(MotiR). We leverage LLM to extract purchase mo-
tivations, constructing semantic embedding spaces
to capture implicit associations. A gated network
enables data density-aware adaptive fusion: empha-
sizing semantic representations for long-tail items
while preserving collaborative advantages for pop-
ular items. Our Method effectively alleviates the
problem of insufficient similarity modeling capa-
bilities of traditional retrieval models in long-tail
items. Real-world deployment in Taobao&Tmall
Group 88VIP scenarios achieves over 4% CTR and
CVR gains.
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A Appendix

A.1 Properties of Two-Tower Models

The modeling logic of traditional two-tower recom-
mendation systems is established on the collabora-
tive filtering hypothesis: if a user has interacted
with item A, they are more likely to interact with
items similar to A. To satisfy this hypothesis, an
ideal two-tower model must simultaneously guar-
antee two critical properties: (1) User-Item Inter-
action Explicit Alignment: The cosine similarity
between a user’s representation vector and the vec-
tors of their historically interacted items should
be maximized. (2) Item-Item Semantic Implicit
Alignment: The cosine similarity between item
pairs with semantic similarity should be maximized
in the vector space.

Existing two-tower models primarily train
through user-item collaborative signals. Within
this framework, the optimization objective of the
first property is achieved via explicit supervisory
signals, while the learning of the second property
suffers from an inherent deficiency — the model
can only implicitly capture item similarity through
statistical patterns in user behavior, rather than re-
ceiving explicit supervision. Specifically, when two
items are frequently interacted with by the same
users, the model passively adjusts their vector simi-
larity. Notably, there exists no explicit supervisory
signal requiring the cosine similarity between simi-
lar items to be maximized.

Through theoretical analysis, this paper reveals
two fundamental limitations of traditional ap-
proaches in modeling the second property:

1. Representation Distortion in Long-Tail
Items. Interaction data in recommendation
systems generally follows a long-tail distri-
bution. Under the collaborative signal-based
learning mechanism, insufficient training sam-
ples for cold items lead to inadequate updates
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Item Attributes:

Name: Apple Watch Series 8 Sports Edition

Core Features: Heart rate monitoring, SpO2 detection, auto workout recognition, 

GPS tracking, 50m water resistance

Ecosystem: Deep integration with iOS Health app, third-party fitness APP sync

Design: Lightweight aluminum case, interchangeable sports bands

• Athletic Performance Optimization

• Health Risk Prevention

• Smart Ecosystem Integration

Co-purchasing User Samples:

User A:

Demographics: 28-year-old female, Pudong District, Shanghai, BMI 22.3

Recent Purchases (3 months):

Lululemon Yoga Mat (￥499)

Theragun Massage Gun (￥1899)

MyProtein Whey Powder (￥299)

User B:

Demographics: 32-year-old male, Nanshan District, Shenzhen, BMI 24.1

Recent Purchases (3 months):

Garmin Fenix 7X Sports Watch (￥5980)

Polar H10 Chest Strap (￥899)

ON Pre-Workout Supplement (￥198)

Analysis Task:

Phase 1 (Explicit Motivation Identification):

Analyze technical compatibility between product specifications and users' 

existing gear, identifying feature-driven motivations (e.g., enhanced health 

metric accuracy, device interoperability improvement)

Phase 2 (Implicit Motivation Mining):

Infer psychological drivers based on consumption patterns (e.g., identification 

with Quantified Self lifestyle, need for sports community belongingness)

Figure 4: Purchace Motivation Extract Prompt for LLM.

of their representation vectors, making it dif-
ficult to accurately reflect their semantic at-
tributes.

2. Semantic Disconnection in Feature Encod-
ing. Traditional ID-based feature encoding
schemes exhibit an inherent flaw. When inde-
pendently mapping semantically related fea-
tures A and B through ID embeddings, the
geometric relationships in the vector space
become decoupled from the original feature
semantic similarity. Resulting in similar items
losing their exact similarity after encoding.

A.2 Motivation Extract

• Core Semantic Feature Extraction: Employ-
ing GPT-4 (Achiam et al., 2023) as the cen-
tral semantic parsing engine, we generate pur-
chase motivation descriptions through deep
semantic reasoning on item descriptions. For
public benchmarks (e.g., Amazon datasets),
input features are strictly limited to item titles
and official descriptions.

• Behavioral Feature Augmentation: For real-
world e-commerce scenarios, we design a
multimodal feature fusion strategy: beyond
basic item descriptions, co-purchasing be-
havior features are incorporated. Specifi-
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epoch similarity top10 (bs=512) hit@10 hit@50 hit@100 hit@500
0 0.01 7.92% 4.79% 14.90% 19.56% 30.39%

0.2 0.54 60.19% 4.96% 15.29% 20.01% 31.07%
0.5 0.81 71.72% 4.82% 15.08% 19.49% 30.21%
1 0.92 78.96% 4.29% 13.16% 17.15% 27.10%
2 0.98 85.23% 3.57% 10.96% 15.60% 24.19%

Table 6: Impact of Contrastive Learning on Amazon Books dataset.

cally, two randomly selected users with co-
purchase relationships are sampled for each
target item. Their demographic attributes (age,
gender, location) and recent purchase history
(anonymized) form supplementary contextual
signals, and provide more extensive back-
ground knowledge for the extraction of pur-
chase motivations. Figure 4 shows a prompt
for LLM to extract purchase motivations in a
real scenario.

A.3 Training Details

The model training process adopts a progressive
three-stage optimization strategy, with hyperparam-
eter configurations and training objectives detailed
as follows:

1. Base Two-Tower Model Pretraining: In the
initial stage, we independently train the user-
item two-tower model for 10 epochs with a
dynamically decaying learning rate (from 1e-
3 to 1e-4). This stage establishes the funda-
mental collaborative representation space be-
tween users and items. Training employs the
Adam optimizer with a batch size of 512 and
a dropout ratio of 0.2. To enhance positive-
negative sample discrimination, we set the
temperature parameter to 0.05 and adopt a bal-
anced global negative sampling and in-batch
negative sampling strategy (64 global nega-
tives and 64 in-batch negatives per sample),
optimized through a sampled softmax loss
function.

2. Semantic Representation Alignment: The
second stage introduces contrastive learn-
ing with a BGE-pretrained semantic encoder.
Conducted over 0.5 epochs, this stage projects
the 256-dimensional semantic features into
128-dimensional space through a learnable
projection layer while keeping the item tower
parameters frozen. The learning rate linearly

decays from 3e-4 to 5e-5. This alignment pro-
cess geometrically maps semantic and collab-
orative representations into a unified feature
space, laying the foundation for subsequent fu-
sion. Notably, the potential representation ho-
mogenization caused by contrastive learning
will be thoroughly analyzed in the following
Section.

3. Multimodal Fusion Fine-tuning: The final
stage involves 3 epochs of joint optimization
focusing on the gated network and semantic
projection layer. We freeze the base param-
eters of the semantic model while updating
its terminal projection layer, and resume pa-
rameter updates for the two-tower model. The
learning rate decays from 1e-4 to 1e-5. The
gated network utilizes a two-layer fully con-
nected architecture, taking concatenated vec-
tors from the item tower (128-dimensional)
and semantic tower (128-dimensional) as in-
put, and outputs a 2D weight vector for dy-
namic feature fusion. In addition, after the
two vectors are concatenated, a layer of pro-
jection is performed to restore the dimension
from 256 to 128.

A.4 Impact of Contrastive Learning
Experimental results reveal a non-linear relation-
ship between contrastive learning duration and
model performance. As shown in table 6, while the
cosine similarity between semantic and item tower
monotonically increases with training epochs, the
retrieval performance metrics (hit@k) exhibit a sig-
nificant inverted U-shaped curve. When contrastive
learning proceeds for 0.2 epochs, the similarity
reaches 0.54 with peak Hit Ratio metrics. However,
extending training to 2 epochs results in similar-
ity rising to 0.98 but the Hit Ratio declines sig-
nificantly, approaching the baseline performance
without semantic modeling.

This phenomenon demonstrates the dual effects
of contrastive learning: Proper feature alignment
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helps reduce the huge feature differences between
the two item representation models, providing a
foundation for subsequent fusion; whereas exces-
sive alignment causes over-homogenization be-
tween semantic and item tower, diminishing the
complementary benefits of semantic modeling.

The impact of contrastive learning on model
performance is similar in Amazon Books datasets
and real-world applications in the industry. On
Taobao&Tmall Group 88VIP, we terminate con-
trastive learning when the cross-modal similarity
threshold arrives at 0.5 to 0.6 and subsequently ini-
tiating the multimodal fusion tuning stage leads to
optimal retrieval performance.
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