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Problem Definition Graph Subtree Discrepancy Evaluation

d Cross-Network Transfer Learning d Motivation d Performance Evaluation

o Input: (i) source graph G5 = (V5, ES, X5) with rich structure or o Connection between Weisfeiler-Lehman graph kernels [1] and graph neural networks [2] | Methods | USA — Brazil USA — Europe  Brazil — USA  Brazil — Europe ~ Europe — USA  Europe — Brazil | Avg. |
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T Sy . : GCNII 0.344 0.393+0.02 0.470 0.494 0.460+0012 0.542 0.450
sparse structure or unlabeled nodes e It iteration o ‘ (a) Feature initialization (b) Neighborhood detection i =00 e =l i S
Result of steps 1 and 2: multiset-label determination and sorting DAN 0.504 +0.020 0.393+0.000 0.436+0.006 0.393 10010 0.436+0.003 0.542 10000 0.451
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o Goal: Learn a prediction function on the target graph £ Thg 22 N
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b
: : Unlabeled VOO .
Class3 @ Which class does it O | Cross-network node classification on airport data set
belone to? Ist iteration st iteration (c) Feature aggregation (d) Feature update
g ¢ Result of step 3: label compression Result of step 4: relabeling
Source (8) (9 (13) CD — Music Music — CD Book — Movie Movie — Book
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Cross-domain recommendation on Amazon data set

Weisfeiler-Lehman Graph Subtree Kernel Message-Passing Graph Neural Network

d Formal Definition of Graph Subtree Discrepancy d Impact of Base Distribution Discrepancy and Base GNN

Link prediction
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o dp(+,+): Base distribution discrepancy, e.g., Maximum Mean Discrepancy (MMD) [3]
o G5, (GL): Source (target) Weisfeiler-Lehman subgraph at depth m
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d Graph Distribution Shift (Challenges)
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d Generalization Analysis
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"o [Cross-Network Node Classification] Given graph subtree discrepancy d.c,(G*,GY) .
defined above, a message-passing GNN with the feature extractor f and the hypothesis Conclusion
_ E S o o E . . h € I, the node classification error in the target graph can be bounded:
%’ o I a E i I o8 "o i 0—0—0—8 e.(hof)<ehof)+dssy(GS,GY) + A + R* O Problem: Cross-network transfer learning where knowledge is
~ u u H H H I , , , , transferred from a source graph to relevant a target graph
E E m = o = . where 1" measure the labeling difference across domains and R* is the Bayes error. 4 HHEE STap Y SEL 81ap
.
(a) Node attribute distribution shift (b) Graph structure shift d Algorithm: Graph adaptive network (GRADE) which measures

the graph distribution shift using graph subtree structures

/[Cross-Network Link Prediction] The loss of link prediction is defined as €"**(h o f) = A
Evmevxy LCA(f(W)||f (v)),y)] where y = 11if u and v are linked, y = 0 otherwise. Then,

the link prediction error in the target graph can be bounded:
ef™(hof) <el™(hof)+dssp(G5,GY) + Aink + Riink)

\ where 1;;,,,, measure the labeling difference across domains and R,;,,, 1s the Bayes error. )

J Applications d Evaluation: Superior performance on both cross-network node

classification and cross-domain recommendation

o Cross-network node classification
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o Cross-domain recommendation
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Task-specific Loss Distribution Discrepancy

o Cross-network node classification (GRADE-N)
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