RRBPRZ FHREIFR FHRIFR
MHARBEMRZ(AIIME., TVRT—IRF . KBFE)

FYRT =IO oREERHT
RABFEOEBREEDFY FI—D(I5)METERLT, 1%
HORIOGRORE- I, BEOWET R, FLT575%
REULREEE THEYFI=1— IRy FI—HGNNBED
RRELTLET,

RIBEZEL Y 5 7%HKIGNN

RIELIEBFEOANET Z7FEERL=a—J )L RvrT—
D7 —FXTOFvRITHELEL . RIET—EHIRREE
ETIL(GMM)TREL. GCNOFE—RBhAEBO=2—A>D
iﬂﬁ;jﬁ'l‘ﬂt’é?r%h EROFEIYEEMRETRERICEY
L7=,
Hibiki Taguchi, Xin Liu, Tsuyoshi Murata, “Graph
Convolutional Networks for Graphs Containing Missing
Features”, Future Generation Computer Systems, Vol.117,
pp.155-168, Elsevier, 2021. e ]

Our Approach
Integrates processing of missing features and
graph learning within the same architecture
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