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Algorithm 1 GCNMF algorithm
Input: adjacency matrix A, feature matrix X
Output: Clusters C'

1: set =1andent® = 400

2: while do

3:  # Graph convolution step

Z=D"1AD"'AX
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initialize W and H by NNDSVD with Z

replace O elements in W and H with random values
WﬁN, H?N < NMF(Z, W, H) with Eq. (8) and (9)
W2, HY , « NMF(Z, W, H) with Eq. (11) and (12)
10:  # Evaluation step

11: ifent(WléN) < ent(WI’gL) then

R AN A

12: ent? = ont(WgN), wWh = WléN
13:  else

14: ent? = ent(W2 ), W8 =wp
15:  endif

16: ifent’—! < ent? then

17: break

18:  endif

190 B=8+1

20: end while
21: return C <— argmaz(WF—1)
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JHUMHERED oy N ERT
ETOTF—REy MIBWT, HEINRN T A —XFEX TNV TY
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B 5EABEKE UTKL 2HLZEED Y b —%
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FRE D EMED) L FEBI KL 2FHLZEEDI T ARY ¥
THER GRORER) PEN Z2FHLZL ED T T AR v Ik
B (HFOER KvbEnlehrbrsd.
bUOLNOHIT A —ZERTNTY) AL B &L
T Cora, Citeseer, Pubmed X Uf Wiki iIZBWTENEFN 1, 1,8 %
LT72&RT5. M 1UZLLDEAIIBVTEINEZ BIT&-
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M5 Cora IZBWTIXY T 7RG 2 7 A X MEIZL 5T
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X 2(e) KO () TIEFNFNEN & KL 21 L 7= BELEK
%AW NMF TROoN/-0 T AREFERT MLEHIZ ) — K
EAHMELTCWA. KL 2FHLZEED AN T AXNLD
DL TVWDEZ DR TES. EBICKL 2Lz ED
HRTY baE—mEL, 25220 v HEESEY (M 1%
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