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Topic-aware Heterogeneous Graph Neural Network
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A We estimate the similarity for a training pair, 0) through suo = » 2%, -z,
k=1

A Theloss of graph reconstruction in two major learning paradigms:

A Only one node with muliacet factors in training paip(0): assuming that is the only node with
multi-facet factors , then

Leg=- Z log o(syp) — Z log o(=syuy),

(u,v)eB* (u,0’)eB~
A Both are nodes with muifacet factors in training paidp():

1 1
Log=- Z log a(gsw) - Z log a(—EsurUr),
(u,v) e B+ (w,0)eB-

A Theoverall training loss:
Lg=Lsg+yLr.
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AQ1: How does THGNN perform in link prediction task compared with-sthtee-art methods?

AQ2: How does topic prior guidance affect the result of THGNN?

AQ3: Can THGNN capture muitacet topieaware semantics?

B Datasets

Dataset | Relation (A-B) #A #B #A-B
Paper-Author 11,248 | 11,569 | 32,534
DBLP Paper-Conference | 11,248 | 16 11,248
Paper-Term 11,248 | 2,463 65,818
Business-User 2,203 1,430 27,793
YELP Business-City 2,203 66 2,157
Business-Category | 2,203 347 9,787
Movie-User 1,754 2,476 34,042
Amazon | Movie-Brand 1,754 | 293 734
Movie-Category 1,754 | 95 4913
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A Our model consistently performs better than all baselines on three datasets.

A It indicates the effectiveness of both structural and tapiare semantics.




