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Collaborative signal enhanced LLLM user profiling and recommendation

GUO Shiyuan, WANG lJiayin, SUN Peijie, ZHANG Min
(Department of Computer Science and Technology, Tsinghua University, Beijing 100084, China)

Abstract: The quality of the user profile directly affects the performance of the recommender system. User profile in a
traditional recommender system can be derived through modeling the collaborative information between users and
items, but is unable to fully utilize the text description information of users and items. The textual information pro-
cessing and commonsense reasoning capabilities of LLMs, combined with their world knowledge, provide new oppor-
tunities for user profiling. The combination of a recommender system and LLM can give full play to the advantages of
each other, and improve each other's performance mutually. This paper proposes a method to introduce two collaborat-
ive signals, named potential interest and collaborative scale, from a recommender system into LLM to further enhance
the user profile generation of LLM. The user profile is generated through multiple times of interaction with LLM, and is
further transformed into an embedding, fusing with the user representation in the recommender system through contrast-
ive learning to improve recommendation performance. Experimental results on two datasets and multiple recommender
models show that the proposed method can significantly improve the performance of the recommender model. The pro-
posed method bridges the gap between LLM and recommender system, and sheds light on further similar research work.
Keywords: information retrieval; recommender system; large language model; user profile; user modeling; contrastive
learning; collaborative filtering; user representation; feature embedding
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Base 0.5056 0.7555 0.7534 0.7411 0.476 9 0.5714 0.6279 0.3828 0.6245 0.6487 0.636 6 0.3323 0.4310 0.5173
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UP 04820 0.7546 0.7572 0.756 1 0.438 6 0.4816 0.4852 0.365 7*0.652 5*0.667 6*0.651 5*0.320 6* 0.3792 0.448 4
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UP+CS 0.4796 0.7534 0.7561 0.7550 0.4355 0.4786 0.4820 0.3713*0.655 0*0.669 4*0.653 6*0.326 6* 0.387 6 0.4552

UP+PI+CS 0.4904 0.7567 0.7590 0.758 0 0.4417 0.4844 0.4879 0.372 4*0.655 5%0.669 7%0.654 0%0.331 1* 0.393 7 0.458 7
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Base  0.5282 0.7808 0.7812 0.7799 0.4909 0.5497 0.5523 0.3805 0.6377 0.6583 0.6462 0.3547 0.4292 0.4872
UP  0.5344%0.784 2*%0.783 5*%0.781 9*0.496 0*0.559 4*0.561 5* 0.384 0*0.669 2*0.682 7*0.666 1* 0.364 0 0.428 7 0.4855
0.5347 0.7839 0.7830 0.7815 0.4951 0.5564 0.5587 0.4151*0.669 4*0.683 1*0.666 7* 0.364 5 0.428 3 0.486 6

UP+CS  0.537 1*0.785 1*0.784 2% 0.782 6*0.497 4* 0.560 6*0.562 8* 0.421 4*0.672 1*0.685 1*0.668 8* 0.368 0 0.427 6 0.487 9

UP+PI+CS0.537 0*0.784 9*0.784 0*0.782 4*0.496 9*0.559 6*0.562 0* 0.422 1*0.673 8*0.686 7%0.669 3* 0.3659 0.4293 0.4870

XSimGCL UP+PI

Base 0.5424 0.7882 0.7870 0.783 1 0.4905 0.5519 0.5661 0.3828 0.6558 0.6701 0.6560 0.3297 0.386 8 0.456 0

UpP 0.5320 0.7815 0.7813 0.7791 0.4856 0.5406 0.5455 0.392 1*0.663 3*0.676 7*0.661 8*0.337 5*0.396 4*0.462 6*

0.5485 0.7877 0.7873 0.7852 0.4990 0.5540 0.558 5 0.395 0*0.664 8*0.677 9*0.662 3*0.340 6* 0.398 9 0.462 8*

UP+CS 0.5411 0.7852 0.7850 0.7827 0.4947 0.5492 0.5539 0.394 6*0.664 4*0.677 5*0.662 5*0.340 1* 0.3957 0.4617

UP+PI+CS 0.5501 0.7890 0.7885 0.7862 0.5016 0.5584 0.563 0 0.397 0%0.664 8*0.677 8*0.662 8*0.342 4*0.397 9* 0.461 9

LightGCL  UP+PI

Base  0.5214 0.7780 0.778 5 0.7772 0.4837 0.5423 0.5452 0.3813 0.6316 0.6535 0.6419 0.3436 0.4171 0.4839

UP  0.536 5%0.784 4*0.784 1*0.782 4*0.492 6*0.556 9*0.559 7* 0.412 6*0.668 1*0.680 3*0.663 8*0.358 2* 0.4172 0.4829

0.5342 0.7835 0.7832 0.7815 0.4916 0.5562 0.5584 0.417 4*0.670 7*0.682 3*0.665 0*0.363 4* 0.420 1 0.483 7

UP+CS 0.5328 0.7837 0.7833 0.7817 0.4934 0.5568 0.5597 0.419 3*0.671 9*0.684 0*0.666 7*0.368 0* 0.421 7 0.483 0

UP+PI+CS0.537 0%0.784 3*0.784 1*0.782 4*0.494 9*0.558 2*0.561 0* 0.417 0*0.669 2*0.681 5*0.664 7*0.364 6* 0.419 6 0.482 4
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Fig. 2 Example of user profile generation when introducing user’s potential interest
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Fig. 3 An example of user profile generation when introducing user’s collaborative scale
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