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Structure Evolution Analysis Based on Role Discovery in Dynamic Information Networks
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Abstract: Dynamic information network is a new challenging problem in the field of current complex networks. Research on network
evolution contributes to analyzing the network structure, understanding the characteristics of the network, and finding hidden network
evolution rules, which has important theoretical significance and application value. The study of the network structure evolution is of
great importance in getting a comprehensive understanding of the behavior trend of complex systems. However, the network structure is
difficult to represent and quantify. And the evolution of dynamic networks is temporal, complex, and changeable, which increases the
difficulty in analysis. This study introduces “role” to quantify the structure of dynamic networks and proposes a role-based model, which
provides a new idea for the evolution analysis and prediction of network structure. As for the model, two methods to explain the role are
given. To predict the role distributions of dynamic network nodes in future time, this study transforms the problem of dynamic network
structure prediction into role prediction, which can represent the structural feature. The model extracts properties from historical snapshots
of sub-network as the training data and predicts the future role’s distributions of dynamic network by using the vector autoregressive
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method. This study also proposes the method of dynamic network structure prediction based on latent roles (LR-DNSP). This method not
only overcomes the drawback of existing methods based on transfer matrix while ignoring the time factor, but also takes into account of
possible dependencies between multiple forecast targets. Experimental results show that the LR-DNSP outperforms existing methods in
prediction accuracy.

Key words: dynamic information network; role discovery; structural evolution; structural prediction
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3
4
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H B 75 328 P48 EAT M LB 5 B A E7 51 G=(G,Gy,...,Gr), Gy N —4TR 7R t INZIZT fU7E r
AN A 10 B HRAE 23 AT AHL S 0 (R It 2 588 L T 75 381 1) 48 SR DA 00 B A 114 i 8L, El R I 0 08 7 9k 19 38 1) S R AEE
R v ASVETE IR A1, AR AEAT B P 45 b A (0 10 AN B AH X L6 1 €0, 908 DU, TV 3 g b A (8 1L A4 7 A i
ghK.
22 fBRE

T A B A AT EOWL IR, T TR A 43 el o A AR AT B 1) A (0 EAT R RS AE AT B AR )T 41 G=(Gy,
Go,...,Gr) )i, 1 s & M 7R I AE Mt b R B, AT A FH AR G B (A B A4, 290 3R A5 ) FAR 715 i
1) 61 € 53 A1 X A AT S AR 200 T 15 206 A € I BB DR A ST 4t W D ) R g vk — R R R T
B & B JE 2L 1) 752 NodeSense, 55 —F & 2T 48 J& 45 215347 1) /5 7% NeighborSense.

BT LB ST X 45 8 sh A W 2% 1K) T R S 5 M B RE G O BN RO R AR B PR AR SR ELT
8 FL G B . AU . A B BHE R RO B . BBERB. PageRank. BOvK,
AT ¢ T R R Mee RV, JL i m=8. 15 21 £ (6 55 B 2 1) i 4K 5% &R NodeSense 55— N 1)
AR P I AT GP =My, It Pee R™™Py AT XS B r AN A €8, B R m AN BE 5, Py I 05— AT WU SRR 2 A B0 %
A EE R b AR R AR, BRI A € 25 A BE R Mk 1Y DR,

NeighborSense 777 ) L #2510 T NodeSense: 1 56, %t t B Z1 1 PP IR Sy P15 BEAN T 2048 8 1 M1 B 40 AT 4B
M Nie R™" N, AT R R 7 55,5087 A N J) R ¢ I Z0T0 05 1 T A0 R 1 et ) I i gt B,
NeighborSense 45 — AN ETUH M QulifE GQueN,, Hh, Qe ™" R A1 o 55 A1 {6 2 IR H 5 2R B A A7 264 s o
1) 5 B CUAH ) A €8 AR 75 SURH 3%, U] DUA Sk 328 €8 02 () 0 151 2 — 3800 9 R mT R 5 B CUAH S 1 A E A
T XA T A A S Y IR L AR A B 5 SN A S UG A SR



542 Journal of Software %% 4% Vol.30, No.3, March 2019

3 HEMEAETM

) 28 19 45 1) 45 K TN 2 I % 95 A 23 T 10 T 2 o e 1EL e T 5 25 0 s A e AR A B ST 2 2 A T L IR 4 R ASE
() SR 3 1, 2% ) IR R AT BIAR L 1A A . D0 4 405 K A 5 X LA Ak, 4 TN ) 0% 445 g B J650 DNl A S 1) 80 28 4
2% Sy (AT Dl 94 22 0 A TR i LB ARE T — i (1 S P Ay € R Sl A 50 25 190 2% 5 4, 20 I 4% 5 K 2 7 1Y
ST 3 € 53 A1 1) K 19 255 5 ) 000 ) R e DA A4 €00 A (1 T XA AR KR BE 2 A A1 ) 8B 18 SR A e JE€ (2
3 JI7R).

@Rolel @ Role? 0 Role3 ¢ Roled

Ry Ry Ry Ry

F s 2 2 9
i L
fyg 22 92 9

GI GZ GJ’ lf"l.'*-l
Fig.3 Role prediction of dynamic networks

3 B P L A o TN

3.1 EREENX

AR SN By A5 TR 245 45 o TROIU 266 450 kg W) LA 7 &85 A R 0L 1 o E T m) il B, Y AR 77 S B 200 00 8% ) £ £ 43 A1 T
DA K B 220 P 8% 1T 6 (4 £ €8 3 A1 1 . JE AR VR R 45 08 Bh AR 4% D=(S1,S,,...,St), 1 B Bh A M 4% A (A58 G=
(G1,Go,...,Gr),Gi Ay i BF ZI Y ssi A7 €000 B, £ € 0 0 e A 1) e+ 1 B 200 R 28 1) A B B R G,

o HEA D 285, £ € TR e e A5 21 1 BT 220 150 4 0 70 0 R € 6 IO S A A1 0, 32 TR A A t+ 1 B )
(9 £ €50 A1 1) B Quan (G IS 0 AT). K5 100 28 445 ) £ T i) 850K Bl W) A, S AN 99 s 1T 55, T0000 o A — > 17
i, B SR AR L ) o0 AT IR AN AR Y.

I 45 [ 1] 990 (VAR AL T S0 405 1 46 Tk o Je 7 0 3 £ A B 22 AN B 2 T 5 . AS SC A% VAR 7 VI
SO B T3 T A (I Bh A M 2% 45 R TN U5 v LR-DNSP(latent role based dynamic network structure
prediction).LR-DNSP B8 R LLAS 43 % I HT 5 0 &) 41) 2 18] (17 5 22 R0 A €8 2 [ 1A AF B R i, 38k 1) &2 13 (=] U 7
J5 3, FR T3 50 20 D 245 54 45 20 U G 00T R L A B T ASE Y DL — B 0 1 4% A €40 1) A1 155 50 A Sk T H
. LR-DNSP AL FI I 2 A 7 50 B Z1 1) Jg P45 I 325 18 7 70 H 2 i) (1 A Sk
3.2 FmRE

AL HEZL A ] 4 o,

BRIl i
——

HEF VIR D) e ed st A iy 6 35

" Geoy
I »
A IEIEEnEs

[’“m“mﬂj { [ J [ G, b VAR(p) Grar
ooy € RVT
X

=
. B - TR R F, F
{ﬂ-ze ‘R’J [ - J { ‘

Fig.4 Model framework of LR-DNSP
4 LR-DNSP #5441




Bk FAT A ERIN A L RNELEMIZHH 543

XA TR 100 % bR B T AR LR AR B DB AT 20 A 80 A € 0 8 0 0 e e SR N R 2 38 e
3 ot R0

ARSI H AR AT RAE R — I 20RO G A 1 380 y=Tya, o Ym] AEA SR SRS A0 (9 3 A Hid 420
RETFEERRUE, 2 A K r 4 INBERACAN S, IR e e Ak m=40 T S 52 Bk, AR SCHE A TN AZ B 2 A
ST IR AR e g BREAS s 3 B R0 540 Sl T — > LR-DNSP(AR) AR, Ut 1] 5 Jf 2k i 106 3 51 J7 735 0] ) 5 v
BN R A3 AT EAT 0 K BT A PG 45 R R R AT A de 4 S (O RE R

Id
]
—_— - |
Yig ¥2 | ¥i | Vi
mpar gel [ ] LA . 02 i) |a4d i *
-]
mfar Yass (o5 [wl ot po o [as myr Yr ..
e | M—
Gb—pu . B Ceaz
f: :
f — -
EAFARAEA yi | ¥z ] vy
wool (el [0l jol B wm{pz |o3 o3 fos mlt 1 [ A7
w02 |was vzt foo ot |03 |am fod M EEE ¥

frpi1 fi; Gre

Fig.5 Prediction model of LR-DNSP (AR)
5 LR-DNSP(AR)Fi i & %4
T Sz B 48 1IE M, DAL LR-DNSP(AR)AR 7 43 51 35 B T &5 5 S5 42 1 B 5 p.
25 18 B 2NN H An 2 T A7 76 AR T 58w A6 _F 3l SR A [ [R] 03 5 288 28 1R S ity b, AR S8 70 B Aw AL 4 1)
R AR e A I 28 A €8 TN [ 5 e e [ DR TR e AN A R T 1 B 2 R A ) (W 6
P 7R).

B
i
T i
ny 07 Gl (Y] o1 . | 052 6F |63 [ 2] |7 ¥ 1
me DI |0A5 (W25 |01 ngl04 (02 |@2% |04 LYK ¥
Crp+a & o
Fig.6 Prediction model of LR-DNSP
6 LR-DNSP il 455
RFT 0 AR p AN D S ZI £ e et P A2 4
By p
G = zlque M reta )
j=:

S p B BB 8 GO i BB n AT L IR B ot (o Ly B o it S SCBS
=y 2 LU R M — I J=L,2. .. s 6 €57 I L 1803520 SR MBS 1 2 6 5 50 1.
B 2 0T LSRN 3 T SR B U A A SR e 1 2 5 S AR o
P
argmin 21 3" |16, -G, |t ®

@.0,..0 21— P

/H\:‘:F',éf=Z?:1d7le(_"j)+l+gt+aiEé I 220 ) B AL [0 R B i p AT LI 2L g /N 5 (4) 9 e 2 TN 5% 2



544 Journal of Software ##F%4% Vol.30, No.3, March 2019

(final prediction error,f&i F% FPE)fffi i
FPE(p)—AAA— > 16 -6, Ik @

Pz p+l
LR-DNSP #A f) ll Zod B S5 vl il g n v
&% 2. LR-DNSP BRI il 72,
BN 2 PR D=(S,S,, ..., Sty RN B 51U €751 G=(Gy,Gy,...,Gr);
it B TR S H b, B oA 0 T DA A K.
1. fori=ltot
2 N(i) ={G",G",...GO}; I\ Fh (o i r B BT o5 1 £ €617 51
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SR Aiff 2 BB S PR B 2 p, BEVE ISR 5 AT A8 FBR B R I 1) O vkl i SR A 2 2 (4).
B/IE 3. M0 AT TN S
N p AN 2 R RS {G e pits .G, Gk
A ot L 1 A AR R Gy
1. fori=t-p+ltot
2. N@)={G® GO, GOY; It e SRR 18 F €7 )

3. end for

4. forj=1toN

5 Estimate ij{ by the autoregressive model defined by Eq.(2);
6' t+1 {GtH'GHl' th(H}

7. end for

4 TRRESH

41 HUE&E

AR 3 AN HA K E XS A W 4 H 4 4£ :Enron(http://konect.uni-koblenz.de/networks/enron)
Facebook(http://konect.uni-koblenz.de/networks/facebook-wosn-wall) . DBLP(http://dblp.uni-trier.de/xml/), &3 4~ %1
PR MRS A ) 2ok B AFF PG LA T 3 M E B, " L P .

Table 1 Datasets details
F 1 HIEEITEMER
R WA IR CRMEEC M UEE TURKE I [r) [ i)

Enron 2114 16 413 70 4 24 1 month 2000.4~2002.3
Facebook 5111 14 438 144 4 24 1 month 2007.1~2008.12
DBLP 29747 96 874 159 4 16 1 year 1996~2011

Sy A L T, A SO E I 2% 00 35 180 AR R AR TR i 1% B 9 B 1) B o — 14 S B 3 2 % 2L - 3 A
I 24 349 BBy T 1) DA 90 % S FELASUARE S 9 110 7 5 S L R T4 4 a R A b 22 1A f 3204 ¢ N 220 (A
W, (1) =Y we W (5)
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Forbrowg A2 6 20759 AT a R A b 2 R S RCEE (0 R TR ik F T ISR B A A AR e SR R R [ 4 4
FEF B0 A=(AL A, A AR S 1 HRA=1,
42 MbAE
ASCATH 4 AR E
(1) PRE(baseline):fii FH i — s 21 194 5 (18 1 €0 53 A5 A A 2 000 1R 7T — Ik 20 1 D9 8% €0 10 B B R ISP 2200 ¢ )
P 2% #13 F 7 AT RE AR DR I 221 1+ I5F 3 SR A5 28 7 TP 4% &5 ) 1A L 5E R D G, = Gy
(2)  TM(transition model): (AR 70 JEAH 5 T4 o B i 44 WSDM2014 [t 55 48 4 Bk 7 09 3 15 J A2
THE =1 1t 20 A (O Gy B Gy, A8 R SRR R 23 iR 45 2 1) (0 3 B FERE T:Gor1) T= Gy, FH Gy Al
T AHTAH B t+1 B ZI0 B AR A 3 FE G, 1 G, =GT;
(3) ARMA AT M (Y=[Y1 - Y] )R 2 AT B AR 11 SN REAS y; 20 ) 52— A F Rl (AR) BT
A ALY 05 J 45 B T Fo0I0 25 SR A2 Sk A1 Ay e 28 1) Pl H A R R
(4) MTR(multiple target regression): ¥ 2 H i [B] ) 7] B Ak A 22 4> 5 B A5 [ AR B0 H br 2 (7 40 B 84
S FH T s b 2 B P e AR R T R — A B R (R AR R . B . A4k, PageRank fH.
LEE . BAERE) RGN — M) Sk (Rl = AE 210 S el £ €5 1) 43 A
43 FEFE
SR VPR P S T I S Y 3R AT VR A
(a) VST A C B Gy, FVELSE KA (A I Gray 10925 53, £ FH 259 77 A 152 2% (root mean square error, /i
RMSE) F1-F- ) 4 3% 1% 25 (mean absolute error, & FX MAE) # F 5 s F8 h5

’ A 2
RMSE — ”Gt+1 NGt+1 ”F (6)

MAE = Zi”lMGSN’lGI‘Linl .
Heoft, Gy gt L I 200 100 2% 1 20 52 A E0 I, G,y A0 T 45280 140 t+1 I8 220 190 2% 1 € S, GO Al GO 43 1K Gy N
Gy M55 | AT 1015 ||-||e TR AEFE ) F 30|l 705 1-3E 50N 4 190 2% b4 0 i 550 . BA_E BIAN S8 b5 1 LUMAR [ 7 T
PG TR 5 5 B 22 10 0 2 S BE A28 2 HR AR AL B /0N 38 s T K .

(b) JHI G, RTIM t+1 IR 22075 25 10 £ €5, VP40 140 AR €0 49 2 ST M A At e AR AN 1 A5 5K 36, T LUK € T AR
2 bR 4 I L, TR 8, S SIS G, S TR Y 25 0 4 SR A A 0 T A (R AR P EUSE AR S Gy 55 T 4T 5
I A TR T KR A TR AR B G, RIS | AT FR 7 R A
44 KIWHR
441 SRR

MOPEEE 3.2 45 BT A4 ¥ € R Jr v, PR A 49 10 R 0 R0 408 S 4% a5 FA) 0 A A 40 13 £ 0 — Bl 3 O AR R
.23 L Facebook i 5 4 1 %5 £ €0 A5 S fi#BE (Enron 5 DBLP %3 8224 100), 1 46 28 B T A 44 1 8 b WL iy
FERBUE(RIGEE . B A3 fRtEmmpote. Bad o, BERL. PageRank fH L& B O F )il
ST S BRI, 4 SR A B 7 . T 8 AR A AT Y A5 A €A A G v A5 B A A TR DG AR,

Kl 7 1 Facebook %2845 21 () 4 Tt s {0 %8 B AT W) S AR AL - 4 €4 Ry £E B« INALBE . M B (R m M 4% R A5y
T BT B 1 4 B Ty BT e R 4 B T G L, SR i T ) 8% % s S R B2, 2R LT gatekeeping
[ 4 ()RR AE ) 0 . PageRank S5 AR R I, H AU ER R HAE B0 B IUE F BN A Ry EER
A8 ZRHOR B0 6 PP 3 o D HU(ET 050 O, I P 2 A 5 26 T M P 8 v At € T o LA JE S T IR 8 /DN
Ry 76 JE RVRFAE 1] dt v otk (D 35 LU 25 W ik T R 1 45 88 o (1 U 9 AN 5t A B 8 ] o HE <R B AT i 5 LAt A £
(071 RORH T R ANAE 1B A E 11 R 40 AT B S 25 i e I e 1 ) B ke L A € Ry I RS A1 008 Ry T
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Fig.8 Role explaination—NeighborSense
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Fig.10 Influence of p to the prediction result
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Fig.11 Predicition in Enron dataset
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Fig.12 Predicition in Facebook dataset
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Fig.13 Predicition in DBLP dataset
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Fig.15 Classification accuracy of rolein Facebook dataset
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Fig.16 Classification accuracy of role in DBLP dataset
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Fig.17 Influence of node’s number n on time overhead
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