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Abstract

In e-commerce platforms, the label distribution of product reviews often exhibits long-tail charac-
teristics: a small number of popular labels have alarge number of training samples, while numerous
fine-grained labels are supported by only a few samples. This severe dataimbalance leads to over-
fitting of traditional classification methods on head categories, severely impairing the classification
performance of tail labels and limiting the accuracy of e-commerce platforms’ deep understanding
of user reviews. To address this issue, this paper proposes a Sample-Aware Loss function for e-com-
merce reviews, which systematically alleviates the performance bottleneck caused by long-tail dis-
tributions through the collaborative design of three core components. Firstly, a temperature-aware
label weight mechanism is introduced, utilizing adjustable temperature parameters to flexibly con-
trol the sharpness of the distribution of weights for various categories, achieving adaptive reinforce-
ment for low-frequency labels in e-commerce reviews. Secondly, a multi-label adaptive LDAM loss
is proposed, which only imposes category margin constraints on positive labels, integrating margin-
based optimization strategies while preserving the multi-label semantic structure of e-commerce re-
views. Thirdly, a collaborative hybrid loss function is designed, which reconstructs the classification
decision boundary through margin adjustment, and then applies the Focal loss modulation mecha-
nism on top of it, enabling the two to produce a synergistic effect during training and enhancing the
model’s perception ability for difficult-to-classify samples in e-commerce reviews. Experimental re-
sults on two public datasets, EUR-Lex and Wiki10-31K, demonstrate that the SAL method significantly
outperforms existing baseline methods in mainstream evaluation metrics such as P@k and N@k.
Meanwhile, evaluation through the PSP@k metric confirms that the SAL method effectively balances
the recognition ability of tail labels in e-commerce reviews while maintaining excellent overall per-
formance, verifying the effectiveness of each module design and the superiority of the overall method.
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Figure 1. SAL model framework diagram
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Table 1. Dataset parameters
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B e ga PSRRI e b K S i
EUR-Lex 15,449 3865 3956 53 20.79 1248.58 1230.4
Wikil0-31K 14,146 6616 30,938 18.64 8.52 2484 .3 2425.45
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Table 2. Experimental results
2. LWHER

EUR-Lex
Method P@1 P@3 P@5 N@3 N@5 PSP@I PSP@3 PSP@5
Base Model 8621 74.40 62.12 77.62 71.64 39.85 49.90 54.47
Focal 85.17 73.01 60.76 76.32 70.29 40.21 4938 53.55
CB 85.98 73.00 60.26 76.49 70.09 38.52 4737 51.43
NTR 86.91 74.33 61.30 77.72 71.75 39.63 49.77 53.63
PW 86.13 73.76 61.46 77.14 71.11 43.40 51.50 54.65
ReRank 68.67 66.30 59.90 67.30 65.73 49.31 53.66 56.05
SAL 87.66 75.89 63.69 79.13 73.25 42.49 51.85 56.18
Wikil0-31K
Method P@1 P@3 P@5 N@3 N@5 PSP@I PSP@3 PSP@5
Base Model ~ 87.96 7775 69.19 80.09 73.58 14.84 15.81 16.66
Focal 86.90 75.33 66.99 77.93 71.50 15.55 16.24 16.98
CB 88.35 77.35 67.16 79.89 72221 12.94 16.42 13.87
NTR 89.16 78.37 68.70 80.88 73.56 12.98 14.43 15.66
PW 88.48 77.56 68.21 80.03 72.95 13.77 14.56 15.41
ReRank 60.71 57.26 54.26 58.10 55.83 19.68 18.96 19.08
SAL 89.46 78.85 70.30 81.32 74.79 15.00 15.75 16.53
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