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Abstract Semantic community identification contains two aspects, i. e. » to improve the accuracy
of community detection and to annotate the semantics of communities precisely. Traditional
community detection methods always assume that the network topology and node contents share
the same community memberships. However, this assumption does not always hold in many
real-world networks. For example, in a Twitter network, social links usually directly reflect
which users gather into a community, while users may generate diverse and disordered content
information. To solve this problem, it is necessary to extract useful content information to assist
topology information in detecting out more actual and accurate communities. In this paper, we
carefully rethink the relationships between community structure, topic cluster, network topology
and node contents, and propose a novel generative model different from the traditional generative
model. In the new generative model, we logistically give a more reasonable explanation about the

relationships between community structure, topic cluster, network topology and node contents.
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Under the drive of the new generative model, we design a new community detection method,
referred to as Robust and Strong Explanatory Community Detection ( RSECD). To be specific,
based on nonnegative matrix factorization (NMF) , we are able to obtain the community membership
matrix for network topology and cluster membership matrix for node contents. More importantly,
there exists some latent relationship between network communities and content clusters (with
semantics) , thus we innovatively introduce a transition matrix with a suitable prior to describe
this relationship. As a result, even though the content information does not match with topology
information, our method can still obtain accurate detection results by using the transition matrix
with a suitable prior. At last, we put network topology, node content and transition matrix into
a unified NMF framework and optimize them altogether by designing effective updating rules in
order to achieve an integral balance of them. Furthermore, we analyze RSECD’s calculational
complexity after taking into account the sparsity of the adjacency matrix and attribute matrix. To
justify our approach’s effectiveness and robustness, we conduct extensive experiments. Firstly,
we employ the Newman’s model to generate artificial benchmark networks, then we use the
generated networks to analyze the parameter in our objective function and verify that RSECD can
solve topology and content’s mismatch problem in the network well. The results of artificial
networks experiment show our approach’s strengths, i. e. , effectiveness and robustness. Next,
we compare our method with eight state-of-the-art community detection approaches on seven
real-world networks. The experimental results show that RSECD achieves up to 6 %—14% lift in
comparison with the best baseline algorithm under four different kinds of community detection
metrics, which further demonstrate RSECD’s superior performance. We also report the running
time of RSECD and other baseline algorithms spending on seven real-world networks. The results
show that RSECD’s time cost is far less than the average running time of other baselines on all
real-world networks. Finally, in order to validate RSECD’ s strong interpretability to detected
communities, we use a case study on a musical social network to semantically explain the hidden
meanings of some topics and tell the ‘true stories” behind communities.
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FER (17) s AL 3 20 STV, IE I 40 4
2aCV'V. I, BATH BV C B A=l
s (o) as)
cvv/,
4.4 X HIER
T 5 H R AR T X B F
min L OO = [UX =V [+ 1= X[+ X1 =10
) (19)

eI L2 (19) AT B 45 Ky
LX) =tr(X"U'"UX —X"U'V—V'UX+V"V)+
tr(1L,X'X1, —1,X"1, —1,X 1, +1,1)) +

HFXCQCON X RS, 1153
aLa<;(> = —2U"'V—21—2M+2U"UX +2XM+2X

2D
Horp M2 — AP UERE N 1) kX R AR

e DL LS 20V 21 F 2M, IE T4
15 20T UX 2XM Fl2X. R, JoATAS 2046 M X Y B
AT

U'V+HI+M
<y (= 22
T <U7UX+XM+X){_, (22
B2 AT B T A S B E B Al
ATU+AU+VXT
U: i U P T 10
o= (UXX‘JrZUU‘U),_, (10
«SC +UX
' O v"<avc'c+v>u (o
: T \evy )
X ( U'VH+HI+M ) (22)
T \gtux +xmx/,

RSECD J7 ik py BARSL g an 58k 1 s, Horr,
T FoR Ee RIEACIR B n £ m 35 L BUR b F£on ik Hl
CERR ) B m o T 0 Bl 1 8 P ) B . AN
B R U R AKX G 158 740 ik 2
ZBE R O k) s Hi R V.C AR AL 15 8,
9 1) B E] 58 24 BE 2l OCmnk) s J5 M X I 2E 4024
B 1A 10 41 BBl & 2R BE R O(nk?) . PRI
TN 2 R B A s o i L RSECD 530 3k 4 it ] &2 2%
BER OCT (n® b+ 2mnk + nk®)). B 5 7% & 3] 4 4%
FEMEA Rl JE VERE M S Y B g 7k . ) RSECD 75 %
O(T Cek+2e'k +nk® ) B8], Hov s e FoR I 4% ity
B (e<<n®) v FoRIBIEHIE S I IET LR A
e/ <mn). 1 F E S S A B0 e E R
(4 Bl RSECD By B[] &2 2% B 5715 a5 8t n 2208
RIZPE R R L IF BA B R,

Bk 1 LT Oja“a ) dEN M I AL k.
A ALFECE £, BARRECT I 2 HL .
W B s T B B R R TR R
SBHHE ARV RE S, &I FMEIE U
WAL V. R X R R T
i SRS B P2 S AN E M U EORTE R R R I X
1. fd FHAE R [ 53 % 5 1% ULV, X = AN BE AT 4
fi ik

2. FOR t=1TO T DO

3. IF L W8 THEN

4. BREAK;

S. ELSE

6. FOR u; €U,v; €V.c; €C,x; € X DO

7. Uiy <—u;; <lw> ;
Uuxx'+2uu'v /,

e (SCEUX
aVC'C+V ij
s'v

9. Cij <Cij (CVTV>U ;

10, . 1-,1(”1”7”“) ;
U'UX+XM+X/

11. END FOR

12. END IF

13. END FOR

5 X W

AT HE e BT A B AN T 4% LUK 2 50
o B [l (E B 5 5 35 1k B 04 52 i), O 3 ok 5 2
TR ) P A8 ok 50 I A B33k W LA 880 b e e A D A
PN 25 TE At A1 45 48 b AN DT E 1 T 2880 DA K PN 254 8 IT 28
B 0 A A R AN B o) R AR FRATTREEL T 4 Rh R
WP bR 78 7 A LS4 1, 5 8 Rt Rt 4t
W & BT kAT AL 8. s RATA R T — 4 E
P 08 52461 43 A 3l ik v 22 AR R AL 8938 A AT
B UE T AR Bk X T Sz B4 A P LA g T S R
5.1 AIME

FRATHE A Newman A1) AR B A T30 38 ) 2%
W3 o 28 I A7 50 21, B2 W46 7 128 S . Br
A SIS R 4 A AL BT EA 2 R
3 FLAT T AT A N A A o SRR B LB A A R
B 85 H =i T 2o = 160 [FEE B A S TR B 244
535 4 DR RKEAE h de)E M B4
P, — A~ S FR. HAR R UL, X T4 s 2K v iy 1
— AR IR ME R BIE R piw=hi /b 1 Z 30 5 A
AR AR R oo m L E R B (G— 1) X
D2 G XA @k B —DNYER pon =
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Pow/ (3R B Z I o3 A Az LR A & k. S T Fm TR K
25 A DN 254 BET X A AT 45 A A [ R 1) DG
T T ATHE LBk 2L (100 X poi) YA I A2 e
IRy JE Pk fE. AT LA s oo 8K HEN TN 1R B
[ 1 A1 DG e R R RN — B p B BRAELYE [N
{0,0.1,0. 24+, 1)), S2BG L FRATEE h =50, 2, =
how = 8 F-fi F ¥ #fE f B {5 B (Normalized Mutual
Information, NMD ™ 4 & 52 56 3¥F 4 45 #fE (NMI &2
— Pl B B B A A A Z () AR LR B B JE A
HIPEA BR D .

TEDMK S0 o X521 BE A9 52 ) 5, 3R AT AR 41

G ET o 4 FIRME AT E (a=1.a= |A]} . a=
1/ ISIaAta=|AL/ IS5 940 513585 7 48 50 41
T P46 R i FF 3 4 ol BGCARL A 520 955 1 ST 45 6
gERNE 2C) fias s Hod sa X F o= 1+ a0 X} R F
o= A% e BT «a=1/]S 50 a5 B F o= A/
IS|:. I A LUFE B 25 po /N T 0.6 . 28
a= | A |5 ARG P 45 SR W S L P EC R = AR A 4
SRELLE BT RS B 2 o AR N RS A
[ ek 1 DG P 3 AR 2 IR PRIt 7 3 S 1 52
B IR o= A

1.0 1.0 : 1.0¢—8—e-
—e 0 =&=Topo
-~ 0, —-SCI <
, - 0, ; ~8~-RSECD ,
a0 aff 308 1 Hos
=i i =i
3 PP o S P = =
Bosf T ey Fos b 200
- +< - +T0p0
| —-SCI
~8-RSECD
0.4 . . 0.4 : . 0.4 : -
0 02 04 06 08 1.0 0 02 04 06 08 1.0 0 2 4 6 8 10 12
Poic b Do
() EPrtalf 4RI M S B0, RSECDSTE (b)) FEANIAN )0 A P 2545 5 ) A [ 5 R UG () BN BAE B2 SEAREE M IE AR 1 42
FAINM LG & E FCRRIE N, =FhAS o) 4 R BV INM TR LI, =R R B R B N M TS
JE L HeAs
B2 N T ) 4% (1) 5 56 45

W2 T UFE RSECD &3k 7T UL AT 2 Hb
TR IR P 28 76 A4 A 45+ b A DT IRE Y [R) 8t, B2 iR
PRI M I X EL A R RS R N R A 2R
BrYise. A1 RSECD 5 5 b W F it 14 & 3
1 (Topo 1 SCI™*)) ¥t 7 & 1k He #. H . Topo J2&
RSECD S kAU 4R FME BEA T4 141 & B A —
AR s SCT A1 RSECD J7 ¥k M 25 B, B 2 7 NMF
HEZE T Rl A #0250 B A7 Ak ARG N 1) B 3% 5 L
5 RSECD A [a] 42 » SCI I % fife vk 41 D FL N 2545 8
FEA 258 R VLI ) . [ 2(b) B R T =R
I RS SRR 2D FRATT AT AR R L TS 4,

(1) T puie WA AE K, Topo I 2R H5 5 F2 2
(ARG A B X 2 T AR A T 4 d i # M E B
— HARFFAAE L1 Topo AR M 28 4 ¥ M 2. 5

(2) Y po/NF 0.3 0. i F SCTaLA T #ihFi
P2 2505 B, T LA RS B L A0 4R FME 2
i) Topo 8 & s 75— J5 1 » K Ry SCT BEAT i Y4 +b
NN ZE B4 A 25 #9 N DR TE B9 ) 8, BT A 24 pose KT
0. 34 B, SCI ()14 fig F¥ 4R & ¥ 5 98 FF 45 T Topos

(3) X F 51 AT a7 56 56 19 5 B A R A B )
RSECD 7 : 4 po /DT 0.4, RSECD K B (1 &
T Topo. X & K h— 24 4k A F1 5 #% DU B4 A s
AN S 2815 BAH 30 R R T2 — (5 B Y

W 7S P, T 4R B A AR R A A 25 L 4T T A A
RIS pu T 0.4 5 0.7 Z ], B4t A F1 2K
B VC LN FE I L A BY X i g 5 %2 51 /E . RSECD
MHNZE R EEECT A 2545 B A T 48 T4k & B i
T RSECD (18 B 1% 5 5l 4567 F Topo MRS 24
DPuis KT 0.7, BI PN 2553 41 A JL3E J6 H B . RSECD fY
PEREAU RS # T Topo. #1 b SCI & AR 2. (HAA T =
B2 pue =0. 9 B, RSECD fi 45 5 {8 5L % 4 it 7]
Th B3 T HAE poe = 0. 8 B (RS BE . X R B 24 4
ZERE At LT JC H B . RSECD 68 [ sl /b N 25 e
i JEOKT A ARSI A 52 ) AT AT 6 A b A 0 i 4 A
G5,

FEFLSE ) 28 B0HE b, RS BT AL 28
9 465 byt ] R A B ASORA L IS G PY 2AE EORE S X A
VRS 00 7 A — 2 4 00 T 52 DD 5 0 3 A G 00 550 3k
H 3l 20 45 0] BB AT 1 P 2505 Bk A8 TE AR
FIE BRI, e AT T8 =N T 45
I AE XA LI RATHE T pu. =0 AAE,
Now =0,1,4++,12 ﬂéfﬁﬂl V\]@%% E@%%ﬁéﬁ*@y\ﬂﬂ
G338 B )+ e BOB AR Ak i . B/ 2o BR T =
HN T 45 S5 25 . AT L B2 R, 2 W18 K
I A S B4R $ME B Topo 77 Bk B (8 AR H AR A%
ARl T #5125 7% SCT A RSECD 1
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=N N N S S RS P Uy A
M43 35 W8 SR - 43 AR B L RSECD 52 3k oG B8 1
JL TR E SCT b L EAE N A MR BEL W 1+
B R 1E T . RSECD 52 kL fig 5 4l 1 $8 26 7 1%
Topo i -F+¢F. X ] RSECD 1 LLZZ fift 47 3 N 4%
TRV TP ARSI HE A 0 A A R oy 2 R AT —
SHIGE T RSECD 44 s () 2 b .

i bR IR E A 2 AN T M4 SCR IR E T
(D) ZEFR T AP0 25455 BUER X+ [ 45 # DT i — 20
FEVEAEANCELM = MO T LR (D FENERE R
JUT 25 B (R SR 45 4 5 3 HE T AT AN B S LB ) — e
&I T » RSECD #4 0] 45 &5 1 1 FH 0 F A1 N 2515 B8 i
FrAt ARG, . Fe A7 RSECD AT 6 4% b fil A 40
ORI 2 P AE BT AR A ) 43
5.2 EXLtHRM%

BATVEHT 7 A B 52 W 25 4 Sl 52 56 B0 4 L &
O S Y ORE TR N (N FE Wk i | MRS M S W T s
Bk, Citeseer MO & T 6 P41, 3312 4
WAL G 3703 4y — s HuiA) @ M) F1 4732 F&TC 1A
71;Uai2010 MY 40 & T 19 4k HL 3363 45 4
Gif 5 4972 4 /) — oo o] Jg M) M 45006 28 JC 130
Facebook W 24D 44 T 14 4L H, 226 4~ 5 (3
A 131 4k — oo W JE M) A 3417 KT il
WebKB R4 By 4 A~ 9 4% 41 1 3 28 1 ] 4% %k
Y4y 2 M Cornell, Texas, Washington, Wisconsin
VU T R 2R TR A 4 & 5 AT, 877 A
W BT Ciiy A5 1703 4 (1) — ot Ha] JE 4 AT 1608 &3

T i — 2 gk RSECD 55 3 i P 6. KA1
i FH P 28PN bR o (— 28 2 AR E &AL BN bR v 55

— R0 H B AL BT Aw D ok & Ak 43 A B A T
4 AT 45 2. B 0 3R B S Ak OO A o, FRATTEE
Accuracy (AC)™ il Normalized Mutual Information
(NMD L Hodr, AC B 4k A 45 51 o b 25 11 1
%, NMI ] F BE & 90 A 4 14130 43 43 A 04 48 4Bl /2
JE .t Ak B AN AR TR AT FH Foscore™™™ Al
Jaccard AL EES 30 0 RO A B v B B T R A
LS A A R A A A =2 ) ) — BORR

FATIIE AT 8 Fhxf I 5 % 5 RESCD # 47 [
B,OH PR 2 AU AN E Rk
(DCSBMF #1 BigCLAM™) |1 MUl N A 1{E &
(52 CAPYOD) 15 ARl 40 AT 9 2845 1810 ik
(CESNAY!, DCMPY, PCL-DCH2, Block-LDA
A SCIh) . st FE e AT 25 & N T W 4 S 8045
B 52 56 B 45 50 2598, e 1 A b 2 8 e B
1B 5 B0k 451> 0 2 FRATF 8 1k T A2 GE AT 20 L A
B A % bR B i /0 1 45 SR AR Ry e 2 AL 141 R 4
AR NE 1 2% 4 s, Rh iy FH A 5
FCEAE B3 0 08 4R v B g 1 435 2R PRI AR 32 1 R
F 1AL 2 ol T H AC F1 NMI E R ¥4
FRUEB T L4553, T AP B A E ] AC W0
#£ . CESNA Fl DCM 5.3k XAVIE F F & & 4L HEAY
PR, rAge 1 i e AP k. R 1 fiigk 2
WAL A L CESNA fil DCM 53k, i ik w4~ 3%
AT A 0 AR 5 AL PR bR ofE R RSECD ££ 5
FT A S b R BT B PR RE. R 3 AR
A 435 45 T 2 FH F-score Fl Jaccard 1E Ry AN b 1
(S g A 2R AN ME K B A fdE ) B S A AT OF A b v
T .RSECD ®z H e B kA B A Sbf iy rEfe.

®1 AEAEENEEEHEAEEILE(ERA ACES)
IR/ E OO B
kR B4 Cornell Texas Washington Wisconsin Citeseer Uai2010
#idh DCSBM 37.95 48.09 31.80 32.82 26.57 2.60
&4a PCL-DC 30.26 38.80 29.95 30.15 24.85 28.82
e Block-LLDA 46.15 54.10 39.17 49.62 24.35 16.04
@& SCI 36.92 49.73 46.09 46.42 29.53 29.51
Era s RSECD 53.85 61.50 58.70 69.43 48.67 47.21
x2 FAAEENEEEHAMRIELECGRANMIES)
LR /RGP (V) B
=R <] ks Cornell Texas Washington Wisconsin Citeseer Uai2010
b DCSBM 9.69 16.65 9.87 3.14 4.13 31.22
[N AP 25.27 31.02 31.79 32.48 13.28 41.60
@& PCL-DC 7.23 10.37 5.66 5.01 2.99 26.92
&tE Block-LDA 6.81 4.21 3.69 10.09 2.42 5.70
@& SCI 6.80 12.49 6.83 13.28 7.17 23.39
ey RSECD 30.24 32.67 35.10 45.32 22.34 45.73
@ http://snap. stanford. edu
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x3 AAEZINEELHAME LB (RHA F-score E2)
R/ R B

Bk B4 Cornell Texas Washington Wisconsin Facebook Citeseer Uai2010
EZeERN DCSBM 34.08 36.14 32.83 29.47 44,92 26.83 30.12
EGEL BigCLAM 13.23 20.64 13.35 12.84 47.40 9.30 16.99
DEas AP 21.10 23.59 24.11 20.53 23.60 12.92 13.23
prpes CESNA 23.48 23.54 21.91 23.17 52.51 3.38 32.32
Eaes DCM 14.38 11.15 12.45 10.45 41.29 2.50 9.65
&%a PCL-DC 32.03 34.30 30.38 27.83 39.49 25.49 29.71
%E Block-LDA 36.77 32.55 28.95 31.36 39.57 22.49 18.58
%®E SCI 26.94 30.99 28.06 27.06 24.94 26.18 29.66
e RSECD 53.26 44.89 47.44 53.54 52.73 45.77 43.86

x4 AREZENEETEAMRLLLE (KRR Jaccard HEUE)
FEE /R BE () B A

kA B4 Cornell Texas Washington Wisconsin Facebook Citeseer Uai2010
HFh DCSBM 21.20 24.14 20.06 17.92 32.18 15.78 18.81
EZZERN BigCLAM 7.18 12.18 7.25 7.01 34.25 5.01 9.87
N AP 13.32 16.39 16.26 12.51 13.63 7.39 7.88
%®E CESNA 13.47 13.57 12.40 13.14 39.82 1.73 21.26
Z#a DCM 7.95 6.03 6.72 5.54 33.60 1.27 5.77
o PCL-DC 19.02 21.56 18.99 16.27 26.99 14.75 19.17
s Block-LDA 24.29 22.51 18.20 20.31 26.61 12.80 11.08
&%a SCI 17.10 21.98 18.72 17.15 15.65 15.26 19.11
frpes RSECD 37.12 33.32 34.04 41.47 41.67 31.49 32.39
SV UL, RSECD ELA7 1t p 8 iy 14 fig sl 17 2 18 70 TE 5 ) SRR AR 0 FIME 0] A3 A A DR A SRk

(1) 7E Rl 5 # F0F A 2545 B 53006 R 1 43 5
A FIME 2R P R P 25 A S B Y SR W L DRI T
R R EPS Ni BE 7 et E SR AN O S SR AN i B
) P e PEAE 5

(2) 5 M [R] B 2 500 50 A e 7% ABE 25 R [ 7 A58 A4
R HE T YRR WA . — T e RS O B A
A AR U A 25 0 E B XA 35 B
A A B AN T L (AR R AR S R T O A T ) A A

S5 R RN B S o — 07 L. H AR A A B AL
VA 25 46 AN T BE IS 2 B 0 1 SCRT 1 3l 220 N A1 R

MR IR B U 5 ey ) A AT S e H

BRJG  FRATIC SR T 7 LS 0 4% S b T A L
LRI AT, 402 5 Pras. nT LA L 76 BT A 4L
AT R TR — SRR B 531 (IS T R0 2% 4 b
S T SN A B J5 R W s A7 ORI
TEG WIS NERINE TR A T RN
% BigCLAM HAT fig g BYIs 178805, MAh 78 5L
P4k b 3o B9k RSECD (193 A7 i ] 3 22 /N T %f
USRI - 238 47 i 18] 5 ) I B IR L[] 26 40 B
fift 753k SCI Jir 46 9% (9 B 8] 22/, X 9f — B Bl 1 -
RSECD 53 HAT B 118 47 30K

x5 AREFEETHENLLER
(HEFETESIMEEETRREEZNESITHE . FHERTESIHEETHEN L EXN EHETRED

Wk /1] () Hd A

Bk =R A Cornell Texas Washington Wisconsin Facebook Citeseer Uai2010
HFh DCSBM 0.35 0.33 0.35 0.61 24.87 93.86 833.91
b BigCLAM 0.22 0.17 0.26 0.25 0.81 0.78 15.83
NEas AP 2.11 1.64 1.89 2.34 1.16 769.37 1681.24
frpes CESNA 15.09 12.11 29.27 22.86 60.32 25.63 96.80
ZE DCM 1.70 0.90 1.70 2.60 0.70 28.30 67.80
%#E PCL-DC 2.05 1.15 1.91 2.69 5.49 10.62 120.26
e Block-LDA 0.35 1.19 0.27 0.57 2.11 5.87 43.08
%#E SCI 0.27 0.49 1.23 0.60 1.69 85.01 27.11
e RSECD 0.30 0.58 0.98 0.54 0.45 13.55 6.00
S (E 2.49 2.06 4.21 3.67 10.84 114.78 321.34
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5.3 Lastfm 32| 5#7

TE S 53 7 S 56 o B AT 3 1 lastim BG4 ©.
lastfm J&—A~ LI & A B30 A Y 25 L 5 F1 3 R B 7E
A AT Wl R A SR R T Y lastim 4
BEE 1892 M BA-H AR A 11946 DB YEM
B EMEE B T P s & 0y o s 3 i
Tl T lastim 4 4 O %A 5158 0 4+ d Ax & 15
S LR AT e IR SCT B33k H SR T 10 5 s o 9
2 h By AL A B B 38,

FAT e BN 2P PR BEAT A AT A B X T A — 4
o IR IRATAGE B Wi SO RS, 1 e 4Rk B R 1
X Xt AR ¢ R —AT7 I & xRS L TR e
BN R R AE e = 0 — A (B A KL 5 i1
TEF R COIT A a1 1 2 5 SR s O 3 8 B ) vh Pk ik s
SR ¢ FAROCHY R T RS ¢ E T AE
fif BEZSTE ¢ 1 [m) ot gl i B T AR AT oL AR A ¢ X
T2 FE R EFE S BLRRL. Jy 1 W sk
A1 A A A ) i 1 B 1] ) LR FRATT % R = AR R
R 7 X AE — R R = &, B — 5 3R] R T R A
BN TR NN ¢ /Ul o = & S S W i
il REROR . FRATASE W 4 AT rh Bk T 4 MRR
PESEA IF 28 I = B R T e & o i s AL an A
3 2Kl 5 K.

SEXY b amazing
| 5
dangeh?ﬁ“i) legend diva, "
o b house  pgie i, m
disco Y. - hot

(a) ERRARARE36 M = K (b) TSI = E

B3 S — A 26 5k [ RIS 28 2 Ak

~€lectropop _ synthpop gos
electroni€®™ nNew wave
electronica synth pop new omantic  synth pop ===~

(a) FMRFETIIA = (b) T2 = A
Bl 4 X RPN 2 YA 30 54k A

SR TS 26 AL AT B ALK R T
NP5 R 36 1 TR, B 3(a) & FRZFE 36 11 1]
=L ERER T A% T A JE PR A
L. B AT A 41 P 26 % b — HE GRS AT SR O
HOR L FiAT 8D 198 22 4 . BARSR U6, “rb” 2
“Rhythm and Blues(WWEZ MG W) "MH S, K F—
Fh 47 B #h 9 35 SR KUK 5 “ disco” & “ Discotheque Gl
WD S R — R AT T 20 tE 22 70 ARARAY B

amazing
legend diva

female vocalist rnb e
hot american

country Tady gaga

britney spears

= hilary dutf

(a) TEFEI3HIA = K (b) 2417 = B

Sexy mb L
dancez,
disco "}Etinhwse

(c) FRAAKFE36 11 = K

5 X = A EEFBMEE 16 5411

i1 s “house Gt 5 5 M) 7 J2& P i HrBL A i >k 14 5 —
Fr S MR 205 “latin (R T 8B i) 7 1 “ trance (£ 4] %
i) 7 s AN [\ Y B il XRS5 glam (22 AT 28 A7 B
)7 — A [ 2 SR BN sexy CHE IR0 7 4
WY L7 B AR A -pop CH A AT & 5D 78 £
AT EEMAE N 0 H A TAT & AR e Ah AR SR M i
“dance (F M) 7ot BAE 73X HL.

55 AN TR TSN 28 BRLIAL L IR
T A TR R T S 13,18 3(b) 2
BKAE 13 13 = . f 3 Ch) Al . 41 AT 28 & i
— T LUTCR XS Sy 3 1 5 1D AT Lo i ks 242
B FLAR SR A, “ diva CHRD ™, “rnb (5 22 4 5
)7 Fi electropop (L AT HL 7 8 Ak ) 702 i B L0 f T
(AR R AU 5 “legend CRUIG FBE () 7L “ sexy (1 Jg%
B, “hot R TAY) ” Al “amazing (&7 3 D " Hii A T
XL M T AR AT & AR b %8 A7 < female
(k)7 “american (3£ [E)” 1 “female vocalist (£
PO R A T B

W EAET RS 30 AR BERE T EA
FEW E R, XA RBENT S0 000 1/
32. & 4 (a) B H R 1 R s F . B TiE
RS AT & AR N R IR AT AT LA #
“electronic(HL, 7 % fR)”, “electropop ({17 HL T %
)7 Felectronica (T % 5D 778 Fr A J& PE A b
AR BTS2 T AT R A AR R RN
“australian (P K F| I XU AS B9 7, “8-bit Gtk i #
4507 “synthpop (J AT HL #) 7, “big beat (FEIR 1K)~
Fir“dark pop GREFIAT SR 740 AR R FAT L F & 4k
BN G XS . 55— T T [ 4 (b)) & 3% 4 A1 v 32 2%
32 Wil = BB R iz E B E A B O G Ay

@ http://ir. ii. uam. es/hetrec2011/datasets. html
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WATH R BARSR UL, & A AT & AR T “new
wave (BT IR 1) ” F1 “ post-punk (J5 I 7)) 7, W17 T
“80s(80 4FAL)”;“new romantic GEryR & £ )7 &K
T2 W 7 B TR 1 — B LA AL AT WO 5 ¥ depeche
mode (JLATR UG 72— 3 DL 5 BB il A& B i AT
IR O K 5 40 1) 9 [ 2K BA 5 “electroclash CHE 34 iy
JR) 7 tech pop (BRHE AT AR "I 5 — A4 5, M
BEECTAT SR AL E T A AR AT R KU 5 Ut Ab
“synth(G A% 7 Hl“synth pop CH B AR Wi AT AR 7l
WA TR B AR A, A1 f R 32 By
Xof o7 P T o S KRS —— FL - AT AR R AR AT
RLENERE TP AT & R AE R X A R
SCHY X TE T2 B & 2 B 2 2 Rl I AT SR i 22
Je 5 DU o B 2 W IR AT SR R — > 00 S CR AR AR
Bky 22, BRI FRATTHED 41 141 30 9 A B3 2 — B e &
ML I AT 2R  HOJCH 2 T % 6 A T AT AR I A 2.

S A R TS 16 Ak B E T =A
FE TR X 5 40 B 13,24 A
36. RAUTF Z AT I3 M 7% 13 (1B 5 () M — 5
2 LR AUA% O 32 19 56 R AT L Tk 224 K
28 #% 36 (&1 5 Ce)) Fil—fF 5 2% P AT S i L H 2 %
T ARy 2245 6. [/ 5(b) S AR 24 (1A =
Bl H R T F 8 E UE BN LD 2 A 2R CRAT
R 3 Sy 2R R 2 26 R AT SR LT Hod
“Britney spears”, “Lady gaga”, “Ashley tisdale” f
“Hilary duff”J& 3 E AT R LB Frry — 2R A
W15 “pop (AT 5D s “music (3 4 )7 Fl1“the best (i
FERD 7 AR T 3X B " country (£ A 35 2R) 7 Al
“pop punk (GLAT I 38) " # iR 13X 26 40 T 1 F 4
SRAHE . R AT FRATAS DU A58 A A 16 7
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Background

Network science is a modern and significant discipline in
many fields, such as social and computer science. Community
detection is one of the most important problems for modeling
and analyzing complex networks. Community detection has
developed rapidly in recent years and various community
detection methods, which mainly focus on network topology,
have been proposed, e.g., the agglomerative or divisive
algorithm, modularity optimization based methods, spectral
algorithm and label propagation based methods. Recently,
besides network topology, the text content in complex
networks has increasingly attracted people’s attention. Some
community detection methods combining the content information
with network topology have been developed, for example
CPD model, SCI method and NEMBP algorithm etc. These
methods typically assume that the network topology and node
contents share the same community memberships. While, in
many real social networks, this assumption does not always
hold, because network topology may not match well with
node content information. As a result, the robustness and
interpretability of these methods are hindered. In addition,
community detection should not only detect communities, but
also use rich verbal information in the text to give semantic
description of communities. The description information reveals
why some nodes generate into a community as well as help
people better understand the functions or implications of
communities.

Thus semantic community identification has two main
problems: (1) how to combine topology and content robustly,
especially when network communities and content semantics
do not match well; (2) how to solve the issue coming from
the fact that the communities’ description is often difficult to
understand. To tackle the above problems, we rethink the

functions of network topology and node contents in community
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detection from a new point of view. Based on this consideration,
we design a robust and strong explanatory community detection
model called RSECD. Research ideas and innovations in the
paper are as follows. Firstly, we put network topology and
node contents into a unified framework and use nonnegative
matrix factorization model to formalize and solve the problem
of community detection. Then a probability transition matrix
with prior is introduced and can solve the topology and
content’s mismatch problem in the network well. Next we
derive the effective updating rules based on Oja’s iterative
learning rule. Finally, to make the detected communities
more explainable, we use more than one topic to interpret
each community. Experimental results indicate that, RSECD
can significantly improve the performance in all comparisons,
which illustrates our approach’s robustness. The case study
semantically explains the hidden meanings of some topics as
well as tells the ‘actual stories” behind communities.
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