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Abstract: Learning to rank (LtR) applies supervised machine learning (SML) technologies to the ranking problems,
aiming at optimizing the relevance of input document list. As regard to previous studies on the deep ranking model,
the calculation of the relevance of the documents in the list is independent of each other, which lacks consideration
of document interactions. In recent years, some new methods are devoted to mining the interaction between
documents, such as groupwise scoring function (GSF), which learns multivariate scoring function to jointly judge
the correlation, but most of these methods ignore the differences of the interaction between documents, and bring
high calculation cost at the same time. In order to solve this problem, this paper proposes a weighted groupwise
deep ranking model (W-GSF). In view of the deep interest network in the field of recommendation, this paper intro-
duces the idea of adjusting the weight of historical behavior sequence according to the candidate products. On the
basis of multivariate scoring method in learning to rank field, this method uses muti- layer feed forword neural
networks as main structure, and adds an activation unit into it before the input module, taking advantage of neural

networks to adjust the weight of input multiple variables adaptively, so as to mine the differences of cross document
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relationship. Experiments on the public benchmark dataset MSLR verify the effectiveness of the method. Compared

with baseline ranking models, the introduction of activation strategy brings a significant improvement of ranking

metrics, and the computational complexity is greatly reduced compared with the same effect learning to rank methods.

Key words: learning to rank (LtR); groupwise scoring function (GSF); deep neural network; deep interest network
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2 MSLR NDCG
Table 2 Comparison of models’ test NDCG on MSLR dataset %
Dataset Model NDCG@1 NDCG@3 NDCG@5 NDCG@10
RankingSVM 36.22(+0.12) — 34.91(20.09) 31.07(0.09)
RankNet 39.74(0.05) — 40.94(0.07) 43.37(0.05)
LambdaMART 46.20(+0.13) — 46.23(+0.09) 48.33(=0.11)
WebloK GSF-2 41.79(0.14) 42.13(=0.09) 42.31(=0.11) 44.79(0.09)
GSF-64 42.75(0.14) 42.61(x0.07) 42.65(+0.12) 44.87(+0.13)
W-GSF 42.52(+0.09) 42.57(=0.09) 42.70(=0.09) 44.91(0.09)
RankingSVM 37.33(+0.09) — 35.07(+0.13) 32.61(20.17)
RankNet 40.74(=0.11) — 42.12(£0.05) 44.73(+0.06)
Web30K LambdaMART 50.33(=0.07) — 49.20(0.09) 51.05(0.11)
GSF-2 43.37(0.11) 43.41(0.09) 43.69(0.11) 46.22(0.09)
GSF-64 44.43(=0.09) 44.52(£0.13) 44.89(0.12) 46.84(+0.10)
W-GSF 44.41(0.07) 44.54(=0.09) 44.77(0.09) 46.88(0.09)
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Table 3 Comparison of calculational cost of
W-GSF and GSF on MSLR-Web30K

Model A FLOPs ANDCG@10/%
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GSF-64 x28.10 +1.34
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