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Abstract  With the popularity of the Internet, more and more problems appear in the form of networks such as
social networks. Networks are often organized by graph data and it is widely accepted that graph data is
sophisticated and challenging to deal with. Therefore, how to learn important information from the graph is
currently a widespread concern. Network embedding, which aims to learn latent representations for networks, is
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an important field in data mining. The result of network embedding should preserve network structure and can be
used as the features for further applications on data mining tasks like link prediction, node classification, network
reconstruction, tag recommendation and anomaly detection. Skip-gram based algorithms like DeepWalk, LINE,
node2vec have been commonly considered as powerful benchmark solutions for evaluating network embedding
research. Recently, network embedding as matrix factorization (NetMF) was proposed. It shows that DeepWalk is
actually implicitly factorizing a network’s normalized Laplacian matrix, and LINE, in theory, is a special case of
DeepWalk. NetMF theoretically unifies several network embedding methods and shows its superiority when
processing the real network data. However, the excessive runtime and storage of NetMF limits its usage on
large-scale data. In this work, we use fast randomized eigenvalue decomposition (EVD) and single-pass singular
value decomposition (SVD) to improve NetMF and present an efficient randomized matrix factorization based
network embedding algorithm (eNetMF). Firstly, we propose a fast randomized EVD algorithm (freigs) for sparse
matrix. It is about 10X faster than traditional truncated EVD algorithms for the normalized network matrix, while
keeping accuracy. Secondly, we propose to use single-pass SVD approach to process high-order proximity matrix
in the NetMF, so that we can avoid storing the large dense matrix and largely reduce the memory cost for network
embedding. Thirdly, we propose a simplified, randomized single-pass SVD algorithm that guarantees a symmetric
decomposition result. Combining the above techniques, we finally obtain the eNetMF algorithm. With five real
network datasets, we evaluate the efficiency and effectiveness of the eNetMF algorithm on multi-label node
classification and link prediction, commonly used tasks for network embedding evaluation. Experimental results
show that in terms of the metrics Macro-F1 and Micro-F1, the embedding generated by eNetMF has the same
performance as NetMF in multi-label node classification. For a large-scale graph data, eNetMF exhibits more than
40X acceleration and memory usage saving over NetMF. On a machine with 32 cores, eNetMF takes only 1.3
hours and 120GB memory to learn a good network embedding for the largest test data (YouTube) which has more
than one million nodes. In addition, due to the memory cost of spectral sparsification, the recently proposed
network embedding algorithm NetSMF cannot handle two large network data on a machine with 256GB memory,
while the ProNE algorithm produces unstable results of multi-label node classification. To be precise, Macro-F1
obtained with ProNE is generally poor. Therefore, the eNetMF algorithm is advantageous to the NetSMF and
ProNE algorithms in terms of performance. In the link prediction task, the eNetMF algorithm achieves better or
comparable performance when compared to other baselines.

Key words network embedding; network representation learning; randomized eigenvalue decomposition;

single-pass singular value decomposition; multi-label node classification

it

1 5l

A A2 A 2% S8 KR B 2% I 2% 1) 42 40 45 8 E 20
= TN e DR L b DR T S N A
Jr N8V IE I 5 5% A8 R EL A IR 3 2 B R A 24 32

PRANGE R SIAN I 2R RN, TR I 2% R N AE 1
HE 2 AR AR ST SR N5
NS A BEAT 0T, B SRR R 2% 1 (R AR S R

2% AR SCZ I 5 R R M, 2%
S5 BEAT B2 I 3 2 G R  AE ANR 5 R A
PIRITT i . IZR IR — AN BT K 1, I
TN R AN AR, i B R R4 BT DR R
AR PEAE AR AE— S22 2, X T PR ARURR Y S0 2
i, BIGIRMGIIMCREE L, HlTRZ M2 %
Pk RURVERAE, SRR 20 e B 1 A

TR FETR, IEELRE P2 op AT AR B —
AMRAER & S b, SR AT AR AT L ORAF 7
MRS R(E R, AR T AL 22 2T S5 g
REERJT AT G B2 M o BRI 2% N H ARt 2
K 0 28 WL FIVE LR AR AR S 18], 45 21 P 28719 R AR
UeFoRE, WEIERMT, RN AR AT LA 5
S R RS A PR /(1B v b I B o S G



24 UIRESE: JET BEALALRE R 20 A P 10 2% R N 7 125 3

HA, PRHERE A R E R . @, R T AR
) PR 266 2 7 LR ASE FEOOE I P ) @ B2 e, (HLIX AT
AEEEBITIRE S HEHMERARAR, B4
TR ARG B ERIR, B2 Mg
g3 M H A AR B A 1 1) R DLUE ik v SRR RR
B, B R R s Sy U, N ik
T TR,

FFE R 4% ik N 7 1k LG DeepWalk®! |
LINE™. node2vec. metapath2vec! %%, &1 1#5 2
H T skip-gram [ . il , SCHR[7]45 HY DeepWalk
A LINE #80] DUE Bo 38 THRE o AR, 4
T —Fh 2T HRE 2 A I X 48 BN 77 NetMF, &
TEAE JE SR AT M 2% 1T 1 2 AR 5 RIS R I b
{5 Fil DeepWalk 1 LINE SE 471 RE - 4R1M, NetMF
T A L DR KA [0 28 I 55 2 B K 1) N A7 T B AU
SRR, 3% 32 B T T A5 B I R T AU 2
B a8, ANTETIE RIS X NetMF
HEAT 7 okadt, B30 TR B R AL B AR B A
KA 43 AR PR D 2% 87\ 71 NetSMFEIAT ProNER!, ix fifi
FFAC PR RIS N 2 NPT RE o (HIE, MR AR PR
HI AR A TR EORE I NAF, X453 NetSMF (1] )3
FH 22 31— 2 PR, 7 ProNE 7521 [t /R 48 i N AE N
FH IS 1 350 A AFAEAN R E 1) 7]

S JF T, A B B AL A (R S
3 fEJT AR T G T IR TR LR R S5
SRR N P 37 5 A5 3l i il 22 g ey O A
SCKe BE M LA R B 23 R B R 5 48 5N D77 NetMF
MG, B 7T —MPuE. TE N BORERER
JEE R 28 NS eNetMF.  BARBI G139 s R
® B H {1 B T A A 0 AR AREE NetMF 7572

e T ACARE I AT S8 G A7 ik ILC R 5 1 1 S

BEWA T NetMF J592: 51 75 I AR T4 o
© T H A T I XS R R B ) B AL A SRR AR A i B

W FT T AT REAE 7 R ) V3 — Ak X 48 R

AT AR T DRl BE, AT FE DR VR A P 1) [R] B 5 3

IR T NetMF J7 32 v i VT AU B4 A FAg 3 o
® R —FhEE I HARIE o iR g XS AR BEA LA

F I P A AR RS, B E T NetMF 52

R R AR 1 N ST CELS /AN == 8

SIGLE SRR, FEHI RO H SR 4
W LA A0 A 43 88 B0 Bl A 495 480 7 A 10 11 4 At 5
ER 10 £, JLTEREIRZE. AT M4 I G
5T R 2 AR R85 AL T () 52538, eNetMF 5
PAEAREE NetMF 45 55 2 (0 Rl R Kb 7 it

F R S WA . Bltn, Xt Flickr %85 eNetMF
(R3S AT I R FT N A2 F & 237008 NetMF (1) 1/41 i
1/46, Txf T35 550 1 H 7 NetMF 5 NetSMF
BT A7 TSR R KA #E ) YouTube %4,
eNetMF K 7 1.3 A~/ A1 120GB 4 A7 4 Bl AT 75
FIM LSRN, FERUS IR 2R R R .

2 HxI1E

TEAE SR DGR I AR N T 7R T HARE S
Kb TR AT 22 7 2 1A, 3228 ) B R 9 T LA T
F 3 PRI, Ao g o S MR g B A0
W, B2 MEHR N B 712380 B R s 1)
ARACLE o % X 280k N VR B 4 7 VAR 5,
R AT AL e 5 25 Ty v LSV 7 307 4 A0E ok S5 77 9
(812 word2vec # A M2 5 k, — 23T skip-gram
BRI kg ie o, ARG MG, #lWw
DeepWalk®, LINEM™. node2vec. metapath2vec®
SR, B, SZIRHRN ) R AR R B A R
RO SCER[71F6 LT skip-gram X — 2R (¥ )7 vk Al
CAFE A RSCRE 2 0 fide 1r) 80 o 3 3 B AL A 1) 0 g 2
WL RRRE FE (1) 3Rv2:, R 5 7R TR s 4G AN AT
B A, nTUASRIZE T s rRgERos. JEH, H
HREE I NetMF 5 VE7E W 8 3R 10 KNS Hnt
AT DA B S R NN, 2T FE AN 451 A
ZhRA ST R R I LA DeepWalk 1 LINE 5
Uf HIPERE .

7 SCHER[71H NetMF J77k4bh, HAhZE TR
SR 2% B AR R 03 GraRept™®. HOPEM,
TADW@™ IR DHPE®, Mt GraRep Fiffis% k4
e CREACL B B SR SRECT r AR LEEAS B, (HECK
() T B PN A 5 PR ) 1 AR R BE I 2% | 1Y
N, HOPE B84 mT LR F T4 7] B 137 5¢, TADW
BER AT DN T 508 A REE S B 5 dE, DHPE
BRI DL T3S M g 5. B, A LA
NetMF 7712 {1 25 ik S0 i HY - NetSMFCHE 3 5] A\
W AL T VA AR Y A] DU AT AR, AN AT
SR B K IEAT AT . ProNEP 7 v 1 22 e [t
WL A R HE B 2 A (O e S e R i B 2 A 38
T RLER R, SRS AT SRR R G B
FEREIEE, IXFERRPRR TR R 44 . 2R
M, a8 T SR AER RN S (2R
22O H, ProNE ITEREIR A FRE, 1143 EE NetMF
Mg R 7%



4 it Bl R

2020 4

3 BMAER

EARH, AT HERMBE L, FATRH
Matlab FIT {5 FH ) 7 V22 48 2 SEFE I TC K
3.1 HFHRENBMEFEES R

FEA € R™ " [¥) &5 5748 70 fi# (SVD) A LA R

y\j:
A=UZV" #(1)
KU = [ug,up, - MV = [vg,v,, - 1250 0B
Jr A S ) ) IR AC R R o 0 R RS L T A
(& 8 (01, 09, -+ ) o WU AV 2350 R UFIV Tk
Hll, 0 A REE B PR A R R AN SR AT R
FEFEARENT SVD T LLRIN A, B
A=A, =UZ VI #(2)

A MR UEAE R AT e Rk A,

H ANRFRFE RS, E AR T R EE 73 i
(EVD):

A=U0AUT ,#(3)

Horr A% fa B, H T N AR RHIEAE, IEASHE
U552 ARPRHIE ) & o BT SERHPRRE BRI 35
REL, R A F(E) AR O 70 B ) 2
SRR UT (AH AT O S8, A () RIM AL kA
& el o, HrhUum &1 AN oG R n .

KA T Bk ey A8 o i, A N@) AT LA H|
BUTRAIEE 77

A=~ A, =U,AUY #(4)

ForosH A A, R x RSO R, XS A T8 MR A 4850
fHfR BUBUE R R HFEE, U, U XL
REAEAEAH R AR [ B 2H R FE R o TH BT R AR
AMERIIE S ARPACK 8, H ks
P ALHE Matlab 1) eigs 4 Al Python ] eigs. eigsh
AR, BATRRIE G AL B B A R .
3.2 ETIHEMIRIIMNERR

A EZEE PR NetMF HEE 1L
HERRAS, & RE% 2 E /D NetMF 53216 3 A7 FH 2 A
TR ] BT NetMF S22 £ 0 o 1m) B I 28 ik
ANT7E, BARE R EW R RTE M E L BRI FR
FRidarE . RAVHG = (V, E, A)FmR— DAL,
HAVERRN AL, ERRUNES, ARRGHILL
FESERE . ZE RN H bR 2 21 30—, S
52 0] DL — TR B — ANk B (k < n), 8
13 0] DURAE & 250 JE VEAS 2, 1T IR P I 2% R
B PR AELS F5 2R 1) IR 28 S A, 8] s 0 015 A

5T, TR AR P DR 288 RN S s HH B AE R
25on EIRiETE. DeepWalk & —MEAF Rk
Z A R 2 R N B, B G E R R R
DeepWalk AL ) SCAG 45 RA M. %S HOOK,
It HIL 3 A ez B 5 2 B ) i B 2 A R
GIIREDSYEKPNE R KD (E R b -l F i i 0
VEZIR, AR I N —LemE S, R I 5 B X
NS HUEAT IR S5 R T U IS & 4518
SCHR[714E 7R T 24 DeepWalk LI BEATLIE & 1K FEik
BT, AR TR

q
trunc_log’ <vo£((16) Z (DlA)’”D1> #(5)
r=1

TE R, Hbtrunc_log’ M I EATCREM 1
B KA JE Fiog, BRI

trunc_log’ (x) = log(max(1,x)) . #(6)
A (B) KIS HD B A B B, X
fiotd; =3 A;» vol(G) =3, %, Ay, TiZHqM
ZHb 4y W F N T K/ skip-gram AR 7Y B AR A
IR/ AE TN TAEER, JA175 I8 A B &
FR /N, Ll DeepWalk BRI FE L K q=10.
SCHR[7192 H () NetMF 25 25T skip-gram [ 9 45 ik A\
TIEBEE 7SR, 45 P2 R AR AT B BRI
AIARRETE . B 1 REIR T AEBEBCRE L NetMF
S,
HA 1 NetMF
BN SBEEFEREA € RV, FHEERNSEh, & E 8N
¥k, HIK/Nq.
. MZHRNE € Rk,
1. #HBHHEE S #: D™Y2AD™Y? = UyA,Uj,
2. MERHFEM = D™V2U, (B, Ay)ULD1/?

3. EM= trunc_log”i?@% M)

4. WIS B~ UE VT
5. ﬁE]Ez ka.kl/z

SRTAT, 4 ELHER ] NetMF 203 31 HURE (1 B
R ERAAE— . Bk, EREVELE 18, X
D~ Y2AD V2 YA MR EE 0, (H BB
RFAEAE A 75 BRI ) . 509 1 (%6 20 4 25
MBI R LW, B 2 B 76 KIS0
MEMOZARA BRI R bhin, MM S %m 110
JilE, B REM A R 8T Y, XS
AR ME N FH B A2 oA 24



24 UIRIPESE: T RENLILHERE 2 AR A 2% RN 5 5

3.3 FENUERESRERZAR
SERb A BB BT A8 S R SR O T DU SR
I BA KT SVD, AR 2 PR
Bk 2. AmtiBEHLL T R E .
N FFEA € R™, &R E# S8k, FiESHp,
RS s,
Hidi: U e R™k ¥ e Rk ¥ e RV,
2 =randn(n,k +s)
Q = orth(AQ)
FORi=1.2,---pDO
G = orth(ATQ)
Q = orth(AG)
END FOR
B=0Q"A
[U,2,V] = svd(B)
U=QU
U=U(G,1:k),Z=21:k,1:k),V=V(,1:k)

EEE 2, QR EbENIERE, S8sE
P RFEAE B QA I k51 LAIRAS B0 4 1 v AR08 SR« R
QA E TAVIZE A £ B, KikA~QB=
QQTA, RGN —A(k + 5) x nK /N4 B B
SVD, #inl AT EIAEREARTIE AN SVD. Hik 1
(M55 3~6 HNFIERBAM, RHEZ EHST
THEHRE(AATP A B &, T (AAT)P AR A
FEFE R AR ATRIS 2, (AR E AR T
BE LA AT S AE 2 T LA 2 R il fe iRk ki
Bho FIEAE R IEZ forth() PIRER I AT
& NRZE, XA EAEEET QR 7 f#
RS BENLILET RSB 2 iR FETE IR = R AR
E:

© o N o a bk~ 0w D E

=
o

14— QQ Al =[A-UZV"|| < (1 + ©)llA - AclI#, (7)

Horb Ay R FEREA R BRI, e/ — MR ZBIH.
XTSRS FREEA € RV, XL 2 FfE R0

AT AP SRR 2 R0 i 3 2 v e R

QR T AT 22 [ A F1 23 (W] i 2 20, Rt

A~QZQ" =QQ"AQQ" .#(8)

XSS FRIEZ = QT AQARINTRHIE(E 70, AR A Hs

I3 fife 4 AN (8) 3 AT LATS 21 K A Py ABh ek i s ik

E 0 i o

B, A A (8) 19 B AT SRR L 2 T
A~ QQT AN FIEIARPGE AR R 22 — 28, Xb %)
PRAEFE, Tropp & Aflrie it 172 TQQT A ik
il FLARAIE S5 BT A FRAE R A 7 124, eont SR
BRI MR AT . 3T 5 2 [ RIHRF Q. B,
BN 2 AR AR I AR A = QB, SCHR[2414R

S

Ay = %(21 +4") = %(QB + BTQT) #(9)

S A AURE FE U (IR FRAE R o AR [25], Ay 2
ABFTAT n B sk BREETE B 4 B, T A
ARG AEIXA AR, MIARTE[26] €17 :

|44, <lla-al, .#0)

I H, XAy, PRI 2 45 R LA 45
R AR
WAL, SCHR[27]HE 1 — FhBpls 77 1 e 20 il %
B ESRIERSEp = 0EE 2 %, HA
B HREA W —3, RENIE A T NAESZ IR 1)
0L AR R AR R . B S R B AL R
B, EE0ORB AR, SCHER[28]4E T Mk
FIRENLAE SVD &k, BH5HEE 2 s LN,
{EASE A 1 2 Fhohn S 45 15 ] A5 45 06T S B oK 2R B i R
FAE (A AL ER S B] 4 /0N 9 £ o IX S s F 1 3 LA FE:

(). F FH R (AR 20 A R PR T T SR 4K SR R PR 1Y)
SVD 1 QR 73, BIf# ] eigSVD 5k,

() AERIEAE TR, TR — IR AE R RIE 2 5 F
0 TE A2 A

Q). FEARFAEH LU /&5 QR 7 i

4 ETESHIEME 7 ERIMSERAN T A

TEIX—5, FRATHE Jegs bR F BE ML A B 7 i
BRI NetMF J5 ik kb 38 K 1Y /0 25 fR 25 28 1) 32 B
TR, R AR HH 6T A 7 S0 R B P PR S B AT
PRFAEAE 23 il HE PR M) o B 3R 08 5 B XA A
DA R PR S0 T B S4B 0 X = IR, fJa et
5% eNetMF [ e B HR, FEMuTHE T .

4.1 HARBE



6 i BN R 2020 £
WMAEG = (V,E,A) 2S5 PNGREES
@ [0.321,0.771,---,—0.189]
% Q- 07010856 -+,0.235]
JA— wn%ﬁﬁ PIRREAL L SPSliy YbiElEd:y mL&%mﬁL
D~*AD™® FHE{E S R & SRR FHE Eﬁﬁ
Y I N Y 4 : ‘\I
[ e REZ R || mmEREs |
L UﬂMDWZJ L N J L yi)i3 J L & )

K 1 eNetMF FERJARE R CTRHEREZRAE Y NetMF S5 R IS A 28 38O

FHH B HIRE NetMF 7355 R = A 2P H
BUTRFAL B R A — AL R 2 T R DA R L 22 T

RFALEAE 73 P A 32 v UG AL B M iJrZﬁIVI%EKiE’JE!Z
Wiar AE R R R4S, 55— SR — B

oA AL SR il SRR SE L, ENHREE
KEISATIE], T3 — PAMEAIRRKTH SRR,
LI B 2 R B3 R BRI A AT, then 2 =
A RPRAT 5 SR PR A

S BRAT AT LA P Bl LA I 2 i B R
RE NetMF J5 ik 3 — D ZOL IR, £ LT AR
HER P (S 0 R A F SRR . R, O TR R
TR FE R MERM 25 A7 R R Bk, AT THR
e VL ABARE B 0 vt R 3 A 3 TR A AN B s M
ANM , SR Je R T i I BE R LG SVD Bl it 5 2y
SEAE R B B, RO TN RIR N
fE M, R BRATESR HHARIE . R ) B ) 77
ﬁ“%ﬁﬁ%ﬁm%ﬂ%mAmm%ﬁE%M@
.

ASCHEH Y eNetMF S92 (i RE B &1 1 B
B rh EHESREHER R A IR 1 eNetMF S &
FOPIR, THEELAETRR NetMF S0 1 F 2P IR

4.2 SHIEHSEX AR RO PRIEREH (LA AE(E 53

FATHE SCHR[28] 42 H 193 F #7003k
PR A4 TG 55 SCHR 2432 HA A% BB BE BE A LAL R AE A
IMRERG L, BRIENE 3. Hd, IR
i LU 23 i
BE 3 PUEBENLACRRE(E 5 i (freigs).
HIN: FFEA € RV, KHEEENSHEK, ®iERSHDp,
RS K.

it Ue RY™k A e Rk,

1. Q2=randn(nk +5s)

2. Y=A0

3. [Q,~,~] =eigSVD(Y)

4, FOR i=1.2,-p DO

5. IF i <p THEN

6 [Q ~] = lu(A(AQ))

7 ELSE

8 [Q,~,~] = eigSVD(A(AQ))

9. ENDFOR

10. Z=[Q,AQ]

11. [P, T] = qr(Z)

12, Ty, T, BIRSEFET AT K + sHIF Gk + sF1
13. § = (T,T} +T,T])/2

14. [0,4] = eig(S)

15. ind NAF A SR IRFEE A B R 514
16. U = PU(:,ind), A = A(ind, ind)

FE 3 WA 10~14 SR T W HES. BT
Ayn =5 (@B +BQN =5 [0.8"1[ 7], an)
WExQ,B™] = [Q, AQ]ﬁiﬁzFﬁﬁ ) QR 431,

[Q,B"] = P[T,T,] ,#(12)
HAPAFIERZRE, [Ty, T )N E=/AJ5FEHT, T,
YEfE—+E, .

Ay = %P[Tl,Tz EIIZ;Z;T 1P(TlTT +T,TDHPT.

(13)
ﬁszanﬂ+Tﬂbﬂﬁ¢%ﬁﬁﬁﬁn@ﬁk



24 UIRIPESE: T RENLILHERE 2 AR A 2% RN 5 7

(13)NEN1F RIA,, MIRHEE 7, BETTA5 3] AR R
AR U AEAE 73 i o

AT FE T EE A S E A . W
l=k+s, 5%k 3 WM 2 P SIEHFIRER
0(nnz(A)l), nnz(A)NAHFIEFITRIEH . R
SCHR[28], 2B 3~9 WINIF IS HIRECNO (p(nl? +
nnz(A)D)), % 10 L FHEO L + nnz(A))IRFF ia
B, 11~16 SSNTFEO (B + nl?) T s H . 8
WIGOLT, L/ TR E n, Hi%k 3 Mg siis
HIRECHO (p(nnz(A)L + nl?)). HEFFIENSH
p SRS s YIONA K HEEL T R
WL M ELTE, nnz(A)WASE n FIFEASE s,
Hyk 3 TR 44 % N0 (nnz(A)k + nk?), Hrbk
NFHEE AN 24, X5 Matlab 1 eigs an & HIE
HREE—FE, HHTHEIMEETREEEES T Y
HIHITF R HAR REEH, 50 3 fUis4T i (Al bk eigs i
FHYRL, SRR SEER S RS IR — . AN, B
IR it R B B 3 RIS [R) 55 2% B 5 o O A S 2
PR R,

FEAE A SR 2R FETT I, FE R AR T i A B 7 =X
FEf, TSRPS0 B ARG AN i n x 15)
I x n, fr A% 3 B3 (A B 4% 2 N0 (nnz(A) + nk),
55 M R 2 M C R

4.3 FEMEMHESNEMESRNEFE

7E NetMF 77191, D=Y2AD /2 [ RpAiE (8 3
TE[-1, 1 KT A 0, o R R e e 6 K R 1%
o ) Ay A R S LU AR 218 . BENLAL RVEAE AL
PET A IR AR AR, 45 30 Has R i
IR T Gl e 45 0 B I AL Bk R 5 R 14 I
A, AP ELRIESRNE 158 2 DAEREM AR (1 [F)
I SO AT R AL B 7 AR O RE R, 3 X — AN
S AELRE IR R A R T S AR I R B et v L
FLARH,

q
Z(D‘lA)rD‘l
r=1

q
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IR D o PRIk, AT 1 A i e M 46«
q

M =D 1*G,H, (Z K’”1> GID 1+, (17)

r=1

XFE, EFEEENa T E D~ AD ™ A7 e H 3
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8. [QR]=qr()

9. B=RTwr
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WEEE.
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END FOR
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11. Ty, Ty 5RFEFET ATk + sHIF Gk + s%1
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14. ind NAPkANLSHE R B AL B R 5 £ 5
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3. IWHF=D1G,LAKC=Hy(XI_ K)
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5. ¥=[]
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9. M; = trunc_log’ (%;G)F,-CFT)

0.  y=me v=[1y]

11. W=w+My

12. END FOR
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B, N RE T nRe v BERR I Il

T EZ 6 MitEEMAmITE, &
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RS HE R, RIS — S PR D BT U4 2R AL
RALT

W 28 ik N SRV AE 2 R 43 95 1) b i) TR 26
RGN TR 3 . AT IR ST o bel A
60%I} i) PP1 £ BlogCatalog R 45 5, LA K 24
Y5 S BT & LA 6% Y] DBLP. Flickr #l
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Background

In order to process network data effectively, the
challenge is to find effective network data representation. The
traditional network data representation has become a
bottleneck in large-scale network data nowadays. Network
embedding, which aims to learn low-dimensional vector
representations for network nodes and effectively preserve
the network structure, is a promising way of network
representation. During the past few years, there is a surge of
research on network embedding. DeepWalk, LINE and
node2vec models which are skip-gram based have been
considered as powerful benchmark solutions for network
embedding research. GraRep, HOPE, NetMF, NetSMF and
ProNE models are matrix factorization based network
embedding methods. NetMF algorithm theoretically unifies
several network embedding methods and show the
embedding learned by NetMF is as powerful as those learned
from the skip-gram based methods. The major disadvantage
of existing methods which is based on matrix factorization is
the large cost on computation and memory.

In this work, we use fast randomized eigenvalue
decomposition (EVD) and single-pass singular value
decomposition (SVD) to improve NetMF and present an
efficient randomized matrix factorization based network
embedding algorithm (eNetMF). Firstly, we propose a fast
randomized EVD algorithm (freigs) for sparse matrix.

Secondly, we propose to use single-pass SVD approach to
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process high-order proximity matrix in the NetMF, so that we
can avoid storing the large dense matrix and largely reduce
the memory cost. Thirdly, we propose a simplified,
randomized single-pass SVD algorithm that guarantees a
symmetric decomposition result. Combining the above
techniques, we finally obtain the eNetMF algorithm. With
five real network datasets, we evaluate the efficiency and
effectiveness of the eNetMF algorithm on multi-label node
classification. Experimental results show that in terms of the
metrics Macro-F1 and Micro-F1, the embedding generated
by eNetMF has the same performance as NetMF in
multi-label node classification. Benefiting from randomized
matrix decomposition algorithms, eNetMF is fast and
memory-friendly compared to NetMF. We believe the
randomized matrix decomposition algorithms are generic and
can be applied to matrix factorization based network
embedding models, and hope this paper will inspire more
future research in this area.
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