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Hyperlink prediction based on collection learning
LIU Chen, YUAN Muting, ZHOU Lixin

(Business School, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Hypergraph link prediction as one of the important research directions of graph prediction, it can solve many practical
problems by predicting the high—order interaction between nodes. At present, most of link prediction studies focus on the prediction
of pairwise association relations, but in practice, the objects of link relations are often more than two. Therefore, this paper proposes
a link prediction model based on set representation and transformer, which realizes the disorder of link prediction through set
representation, extends the traditional language model to link prediction problem. The model first embedded the data into the
encoding layer to extract the data features, then used the pooling mechanism to decode the decoding layer, introduced the scoring
function to evaluate the prediction results of the model. Experiments show that the model we proposed can effectively utilize the
structural features of the network and outperform multiple benchmark algorithms on six metabolic network datasets of different sizes.
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Fig. 1 Model structure diagram
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Table 1 Statistics of the datasets

e Vertices Hyperlinks
iAB_RBC_283 342 469
{17341 485 554
iAF692 628 690
iHN637 698 785
iAF692 1668 2388
iJ01366 1 805 3583
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Table 2 Results of connection prediction on metabolic network datesets

Dataset A ICI SHC HPISE FM CN
iAB_RBC_283 0.684 3+0.012 7 0.696 3+0.012 2 0.435 1+0.012 6 0.662 0+0.027 5 0.388 1+0.011 6
iIT341 0.671 5+0.011 6 0.597 8+0.011 7 0.521 2+0.047 1 0.569 2+0.018 0 0.439 9+0.010 0
iAF692 0.681 4+0.021 3 0.616 5+0.017 8 0.471 9+0.045 0 0.546 5+0.021 2 0.430 0+0.021 3
iHN637 0.658 9+0.004 7 0.617 0+0.013 8 0.471 1+0.050 0 0.578 6+0.019 8 0.424 0+0.021 4
iAF1260b 0.721 8+0.009 0 0.715 0+0.005 0 0.541 8+0.008 8 0.614 9+0.014 2 0.467 9+0.010 5
iJ01366 0.749 3x0.031 0 0.710 5+0.004 2 0.483 4+0.033 5 0.630 9+0.022 8 0.437 1+0.010 5
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