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Table 2 Comparison of performance of different models on different datasets

ML1M'*! 6 041 3417 999 611

. HR@ 20 NDCG@ 20 MRR
ik Beauty  Sports Yelp MLIM  Beauty  Sports  Yelp MLIM  Beauty Sports Yelp MLIM
Caser'"! 0.5127 0.4803 0.7703 0.8246 0.3001 0.2412 0.4283 0.5365 0.2264 0.2028 0.3409 0.460 7
GRU4Rec'?’ 0.5537 0.5305 0.8397 0.8410 0.3282 0.2886 0.4745 0.5475 0.26330.2391 0.3770 0.4689
SASRec™ 0.5862 0.5830 0.8580 0.8545 0.3365 0.31430.4890 0.5743 0.2865 0.2632 0.391 5 0.498 2
BERTRec'* 0.5553 0.5521 0.8406 0.8387 0.3280 0.2967 0.494 1 0.5584 0.2635 0.2496 0.4017 0.4857
SRGNN™’  0.576 6 0.5652 0.828 4 0.8237 0.3300 0.301 7 0.4864 0.5498 0.2768 0.2552 0.396 6 0.481 1
GCSAN'®  0.6058 0.5449 0.8479 0.8445 0.3498 0.3218 0.5035 0.5740 0.294 0 0.2743 0.4113 0.504 2
FMLP-Rec!”’ 0.6220 0.6308 0.8716 0.8560 0.3570 0.33510.5264 0.5757 0.3092 0.2823 0.429 1 0.502 4
RETR™  0.6203 0.6258 0.8744 0.8453 0.3579 0.33530.5232 0.5716 0.3069 0.276 8 0.4362 0.498 6
DualRec!’ 0.6254 0.6189 0.8769 0.8400 0.3655 0.3496 0.5326 0.5664 0.317 8 0.297 7 0.442 1 0.490 1
Oracle4Rec'™' 0.646 3 0.6545 0.9047 0.8756 0.3807 0.3643 0.5528 0.5881 0.31950.2997 0.4513 0.5129
BDFRec 0.6520 0.6716 0.9133 0.8884 0.3944 0.3800 0.5645 0.6010 0.32850.3041 0.4581 0.5167
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Figure 2 Experiment results of different encoders on

Beauty

different datasets
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Sequential Recommendation Method Based on Adaptive Bidirectional Information Flow

MA Li'*, LIU Wenzhe', LI Yuhao'

(1. College of Information Engineering, Hebei GEO University, Shijiazhuang 052161, China; 2. Intelligent Sensor Network Engineer-
ing Research Center of Hebei Province, Hebei GEO University, Shijiazhuang 052161, China)

Abstract; To address the challenges of inefficient information fusion and noise interference in sequential recommen-
dation, a novel method based on an adaptive bidirectional information flow was proposed. Built upon a dual-path
encoder architecture, a hierarchical history summarization module was integrated to distill long-term user prefer-
ences, and dynamic frequency-domain filtering was introduced to suppress data noise. The approach fully consid-
ered the dependency and interactivity between past and future information by employing an adaptive bidirectional
information flow mechanism. This mechanism dynamically adjusted fusion weights via uncertainty perception, enab-
ling a precise characterization of the evolution of user preferences. To validate its effectiveness, experiments were
conducted on four public datasets including Beauty, Sports, Yelp, and MLIM. And a comparative analysis was
performed against 10 mainstream methods. The experimental results demonstrated that the proposed method outper-
formed the baseline models in three key metrics;: NDCG, HR, and MRR. Compared to three leading baseline mod-
els of FMLP-Rec, DualRec, and Oracle4Rec, the proposed method’s HR@ 20 reached 0. 652 0 and 0. 913 3 on the
Beauty and Yelp datasets, which was 2. 08 percentage points and 2. 89 percentage points higher than their average
performance, respectively. Furthermore, its NDCG@ 20 on the Beauty and Yelp datasets reached 0.394 4 and
0.564 5, outperforming the average of the three baselines by 2. 67 percentage points and 2. 72 percentage points,
respectively.

Keywords; sequential recommendation ; adaptive bidirectional information flow; dynamic preference modeling; fre-

quency-domain filtering; attention mechanism





