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Time-Dependent Harmonic Extension (TDHE)
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Contributions

® Learning the initial condition of the PDE
results in competitive performance.

® The proposed model can incorporate
new labels without retraining.
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2. Background



Variational Problem

> [V Aw)®

Minimize Dirichlet energy of the whole graph,

flu) = g(u)

given B.C.

® Convex problem.



PDE Problem

® \/ector valued PDE.

® Symmetric graph.



Time-Dependent PDE

Aflu, t) = 2Lt

Diffusion in the interior

® Heat diffusion
non-homogenous
boundary condition.
® Similar to front f( u t) p— g( U)
propagation )
methods for B.C.
segmentation.
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Level-Sets Based Segmentation
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Front evolution

¢(u,0) = do(u)

Initial condition




Link with Zhu's[2002] Label Propagation
Vflu, v) == y/w(u, v)(flv) = flu)

div(F)(w) = Y e /00 0)(Flu, ) — Flv, w)

Af(u) = 3div(Vf)(u)

Use the Laplacian in the harmonic extension.



Table of Contents

3. Experiments



Research Question

@ How does the solution of TDHE compare with the GCN [Kipf] for
semi-supervised node classification on citation networks ?



Citation Networks Results

Cora Citeseer Pubmed
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Research Question

How to make the solution of TDHE at par with the GCN by utilising
the node features ?



Proposed Model

Node features Pipelinel

Backpropagate
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Research Question

@ How to use the new labels without retraining the model ?



How to use the new labels ?

® Update the boundary condition: let the new labels be included in the boundary.
® Solve TDHE using the learned front ¢y and the updated boundary condition.



Citation Networks Results

on 8.5 /703 790
o 125497 72.5
vEe 827 722 811

e 835 724 819

rew 072 733 83.5



Citation Networks Results (time)

Cora Citeseer Pubmed

o 81.540s 70.370s 79.0 385
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More Results

Model Cora Citeseer  Pubmed Photo CountyFB FMAsia
GCN 8156+ —F 703+ —F 790+ —F 934+06 764+14 859407
GAT 83.0+07F 7254+ 07t 79.04+03t 941407 763+16 870+08
MoNet 817+ 057 703+09 788+047 943+03 794+15 861410
C&S (MLP) 800+ 09 673+13 759+19 942+05 822412 873407
CGNN(w/0) 827407t 715+11f 817+05"7 933+02 805414 853+04
CGNN(wy/) 8284061 721+087 817+08" 922+07 819+09 854+03
TDHE 725+£00 497400 725400 9134+05 814418 867408

TDHE learned v 8294+07 722+06 8114+09 943+£05 824+15 870+09
TDHE learned 99 & w 835+07 724+07 819+£09 944+05 826+18 871+£0.8
TDHE inc. val 795+00 604+00 784+00 924+0.6 828+14 872407
TDHE inc. val, (1po,w) 8724+00 733+0.0 835+00 955+05 853+14 88.6+0.8

Table: Test accuracy over different datasets.t Values taken from the original papers. Coloring scheme:
red-1%, blue-27¢, green-37% .



Key take-homes

@ Parameter tis important.
@ Learning g results in the competitive performance of the PDE.
@ Learning the weights further yields minor gains.

@ The proposed approach incorporates new labels without retraining.
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