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Abstract
In e-commerce scenarios, user-item interaction data are usually sparse, making it difficult for
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conventional collaborative filtering models to effectively capture the semantic characteristics of items.
To address this issue, this paper proposes arecommendation model named LLMRec, which integrates
large language model-based semantic enhancement with a contrastive alignment mechanism. Built
upon the LightGCN framework, LLMRec incorporates semantic embeddings generated by a pretrained
language model to enrich item representations. A Top-p Gate fusion mechanism is further designed
to adaptively activate semantic features, while a contrastive learning objective is introduced to enforce
representation consistency between collaborative embeddings and semantic embeddings. Exper-
imental results on the Amazon Books dataset demonstrate that LLMRec achieves superior perfor-
mance in terms of Recall@20 and NDCG@50. Specifically, the contrastive alignment module tends
to improve the overall ranking structure in deeper ranking ranges (NDCG@50), whereas the seman-
ticenhancement module mainly contributes to the relevance performance in the Top-K refinement
stage. These results indicate the complementary effects of the two modules at different ranking depths
and suggest that the proposed framework has promising potential for e-commerce recommendation
scenarios.
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Figure 1. Impact of different alignment loss weights Aaign 0n recommendation performance
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Figure 2. Impact of different contrastive loss weights A« on recommendation performance
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Figure 3. Impact of different semantic fusion weights a on recommendation performance
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Figure 4. Impact of different semantic gate parameters fuse top p on recommendation performance
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Figure 5. Robustness analysis of the semantic gate parameter cl_top p
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Table 1. Main experimental results on the Amazon-Books dataset

%% 1. Amazon-Books #{#EEE_FRIESLIRER

g R Recall@20 NDCG@?20 NDCG@50
Baseline 0.005834 0.002095 0.002211
LLM 0.006126 0.002272 0.002272
(+5.00%) (+8.45%) (+2.76%)
0.006126 0.002180 0.002293
LLM +CL (+5.00%) (+4.06%) (+3.71%)

TE: PR eI 8RR R 7> 5 I 2R BT ARLIEAT 5 OFHCTF M.

Main Metrics Comparison (Amazon-Books)

Bl Baseline
s LM
s L LM+CL

0.006

0.005 A

0.004

Score

0.003

0.002 -

0.001 A

0.000 -

recall@20 ndcg@20 ndcg@50

Figure 6. Comparison of main experimental results on Amazon-Books dataset
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Figure 7. Comparison of deep ranking performance on Amazon-Books dataset
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Figure 8. Relationship between Top-p threshold and number of activated semantic dimensions
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