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Abstract: To address the limitations of traditional recommendation methods that rely on sparse
user-item interaction data—which struggle to deeply mine the semantic logic behind user preferences and
their dynamic temporal evolution—as well as the constraints of directly applying large language
models (LLLMs) in recommendation systems due to their lack of structured interaction modeling
and temporal sensitivity, a large language model-augmented time-aware recommendation
(LLATR) algorithm is proposed. This algorithm aims to integrate semantic comprehension
capabilities with temporal modeling of user interests to enhance recommendation accuracy and
system personalization. The method designs a collaborative feature extraction network and a time
feature modeling network. and combines the semantic scoring vectors generated by LLMs.
Through a contrastive learning mechanism, it achieves unified modeling of multimodal information,
thereby constructing a dynamically adaptive recommendation framework. Experiments are
conducted on two datasets: MovielLens-100 K and Kaggle-Movie. The results demonstrate that
LLATR improves root mean square error (RMSE) and mean absolute error (MAE) by 2%—5%
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compared to existing mainstream models. Further analysis reveals that LLLMs can supplement

deep semantic information beyond collaborative features, enhance the recommendation system’s

adaptability to cold-start users, sparse data, and complex behavioral contexts, and effectively

model the nonlinear evolution trends of user interests over time.
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Fig. 1 Extraction of collaborative feature
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Fig. 2 Extraction of time feature
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Fig. 3 Fusion of information
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Table 1 Result of comparative experiments

E1 EZ
A
KM ML KM ML
DeepFM 0.9873 1.1204 0.7765 0.8729
NCF 1.0379 1.0581 0.7806 0.8323
DCN 1.0299 1.1121 0.7794 0.8591
AFM 1.0378 1.0938 0.8016 0.8385

xDeepFM 1.0625 1.2528 0.8134 0.9766
Autolnt 0.9881 1.0970 0.7636 0.8581
LAMAR-DeepFM 0.9801 1.0778 0.7546 0.8399
LLATR 0.9602 1.0236 0.7329 0.8227
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Table 2 Result of ablation experiments

17
LAl

E, E,
LY
KM ML KM ML
LLATR 0.9703 1.0457 0.7386 0.8247
w/o LLM 0.9834 1.0803 0.7595 0.8434
w/o Time 0.9789 1.0754 0.7516 0.8345
w/o Traditional 1.0303 1.1874 0.7449 0.9007
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Table 3 Result of sparse experiments

i i LA/ % A E, E,
DeepFM 1.1248 0.8741
AutolInt 1.1055  0.8603
30

LAMAR-DeepFM 1.0912 0.8425
LLATR (A30) 1.0621 0.8212

DeepFM 1.0472 0.8218

i Autolnt 1.0278  0.8042
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LLATR (A 30) 0.9984  0.7643
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LLATR (ZR30) 0.9903 0.7518
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Table 5 Performance of ranking

el E, E,
DeepFM 0.904 0. 899
Autolnt 0.909 0.903
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