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Abstract  With the rapid development of the mobile network and social media, more and more
Internet multi-media data including texture, image, video and others produce continuously at all
times, meanwhile, requirements that learn and apply such data have growth. However, feature
calculation and classification efficiency are severely limited, because of the high-dimensional, the
complex content and dynamic updating characteristics of Internet multi-media data. Moreover,
traditional algorithms mainly solve the feature extraction and classification problem for static
multi-media data, and these algorithms require that data format need to conform the specific
standard. Aiming to above problems, we proposed an efficient unsupervised feature selection
algorithm based on user correlation that is called by UFSDUC (Unsupervised Feature Selection
Algorithm for Dynamic Network Media Based on User Correlation) to ensure the feature extraction
in real time for the dynamic multi-media data. Firstly, we analyzed user relationships in social

networks, and combine the potential social factor to abstract three kinds of relational models
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including MFS (Multi-user Follow Same user), SFM (Same user Follow Multi-user), FEO (Follow
Each Other). Take such models as the constraint condition for the unsupervised feature selection
processing. Secondly, we use Laplace operator with the strength of relationship between users to
building the relationship model, and then the lagrangian multiplier method is utilized to obtain
the mathematical expression of the optimal relationship in the feature model. Moreover, in the
proposed algorithm quantifies the strength of between users, which the more strength of the
correlation may be gets the more similar information of the feature of between users. Therefore,
our algorithm achieved the optimum solution for the multi-media data of the social network.
Finally, we set the threshold of the multi-media data of the social network by utilizing the gradient
descent method. This threshold is used to obtain the nonzero feature value, and then update the
best subset of features to achieve the efficient performance to classify the multi-media data of the
social network. In this paper, contributions of the proposed algorithm can be summarized as
follows: (1) different traditional feature select algorithms that each sample need get the classification
label, the proposed unsupervised feature selection algorithm can define the feature relationship
according to different standards without labeling samples, for instance, the similarity of between
samples and the distribution of the local information; (2) the correlative information of users is
more stable than the self-users of information, such as the circle of friends once established will
stably live in Internet always. Therefore, the proposed method can provides the important constraint
condition for the feature extraction of the multi-media data by utilizing the user relevance; (3) the
proposed algorithm realizes the feature selection efficiently at real time when the complete user
relevance as a precondition. In this paper, we utilize three stander multi-media datasets to verify
the proposed algorithm including Sina Weibo dataset, Flicker dataset, Blog Catalog dataset from
‘Datatang’. These datasets have many characteristic enhancing the difficult of the feature
extraction, such as amount of users, the complex relationship of between users, various categories
of users. Moreover, we compare with five popular algorithms to evaluate the performance.

Keywords dynamic network media data; unsupervised feature selection; correlation; gradient

descent; tie strength
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=tr(WO (XX T+ BF "H L/ H "F* T HYW® —

2ITXOTW®)
=ir(WOTA'W? —2PO W) (6)
M2 MES Fl P &5 T20(7)
mv&n;:r((Wf)TAfWf—2P'W’>+a||W’||1 (D
Hr,A=XX"+pFHLH"F" ,P=IT"X".
iR Sh MES H 7 26 R 8= AL e SEM A
FEO M H P ¢ & 0T LLAS 2 5 06 A8 AL A9 ik B
SFM. % FD >}y SEM (%) ] J1 & R A B 24w, A1
w, B AR A P w, SE B, W) FD Giy j) =1, B0
FD(:,j)=0. FD 45 J] 7 OCHCH [ S 1H5 3815 . B]
FD =s5ign(SS™) 8 4 SFM ] 1" X R BUH AL S M T
R (8):
mvém:r«Wf)TA'W’—2P‘W1>+a||W‘||1 (8
Ho , A=XX"+pFHLwH " F' ,P=II"X" . Ly & &
XAEFD L hi P i, i a5 MFS 2%
BL s 33X B AN - ) 3R
FEO. & FE 35 FEO [ H P X R FE. Y w, M
w B SCTERS W] FEG,j) = 1. FE 48 F I
M S T3 R, B FE (i, j) =sign(SS) ., 4 FEO

P XK RZ B SEN T ()
mvéntr«W’)TA'W’—2P'W’)+a||W’||1 (9
Hp  A=XX"+pBFHL;H"'F" ,P=1II' X", L J2: &
MAEFE b4 3% Pr g 50 1 S & 5 MFS 26
oL, 3 HLAS F- i) R
FEALEE = 5 BEAT D) & B0 H] P AH G R R AE 8
PERLRYAR 24 T e 20 CLO) B9 P Ak 1]
mvéntr«W')TAfW'—zP'W‘)+a||Wf||] 10
FEARFZ AT T =R P e R E R
AR AR B PO R A AR A E k. 2 MES
FEBUE X R O R FL b A= XX+
BFHL ; H'F" ,P=1II"X"; 24 SFM 2& A i}, X} i
PR FD P A=XX"+BFHL , H' F" ,P=
IT' X" 524 FEO A0 IF, % i P 56 R FE  Hoh
A=XX"+BFHL H"F" ,P=IT"X".
3.2.2  SCFRES LN
S48 55 AU o 45 A — R AL A R 2% 1A 4 0
F RN 2 )2 1 B SR OC AR L X A3 1 P o 555 i
A B T At S AR KR 0 FR AR BE B 6 R 9 TN A
AL I A P OC R Y TR SR A I 4 o 4L
WA TH ;OG0 RO B A S B0 B 5K

B T LR G O 5 SO A A 4
FISLAT FO A 0 06 3% 4 F 7 .
w 01 oh 1{ o1 u o1 0 1i 01

uzl 1 0 1 1 xg * 0.3 0 0.5 | 0.1

»

B sl 0 | 09| 0 0

w| 1 0 1 0 ur| 0.7 0 0.8 0

4 O FR R E B

2§y J&F 8 (Structural Measure) A T I & P 4>

fﬁ)ﬂfﬁﬁcl—]éﬁ*ﬂ’ﬂﬂﬁ% FH P 2Z 8] /4 B 25 AH 3 00

REAFAESRA J1 0 OC R Al . T 2 450 B & i AR
%‘z@ﬁ‘/ﬁ.

Normalized Common Follower(NCF). 4%} %
EE;Q/\ u,»%uj aNCF Eﬁ%%j"]iﬁ(l]) H
NCF(i,j):w (1)
&

H,r)={z|lx—>u & u, W 2ZES.

Jaccard ZEk. H OG0 H Pz )& & HA 3t [
FRAE BT X R R R w—u, IEAE L 2)
IrGH NG|
rGHUra |
EEXT wi— BTN w, B

Jaccard(i,j) = (12)

Katz Score(KS).
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w B4 T B S AR 42 336 199 TP HE ) Ll o (13D AR
ity 5 B0 E L A

KSGi,j)=>p8"| path!,| (13)
=1

Horp, path ;7R w, 3w, SRR ¢ RARKE Q@
% & H 0. 05).

N2 H (Content Measure) 52 5 FH P 7= 2k
o 26 5 408 P9 25 R DL ) T B AR AR B e SR

w I L RF [ HL(SVMD ¢, —72]‘,,,\43\ | %

\F |
NEGHRN. M FRELR w—>u, HAEEEE X
KA (14)

{c;5¢;)

le:l el
O FR P R AL | - | R A

CS(u,-,uj): (14)

Horfr(e

FH H 520 B & (Interaction Measure, IM) 3 BH
AR T A DO P B A RO R A, H AR
[i) B Sy AE 5 A0 W] BEAF A AN B S0 VSRR
ST RN DN (URE7) D= o %y R FP PRI
Lon m FE 07 XL E R RE R R wi—>w; M H Y
M JE 45t LA A (15)

(15)

DILGL))
IMG.j)=——

DIDVSGL LG

j=1k=1

Horp I, € R™ IR EE b FhH.3) 07 A8 P v i 38
HIRE 43w, A w22 (8] A AE B R A 22 A,
S ) FRAA KRR B A7 P G &R B w942
FAH ELAE I 3 2Z AL
RE B = (Hybrid Measure, HM) & X} 45 ¥y &
NS RE A B e B R 2R R R R Sk
KAM G Bk =Rl J5 % L 16)
HM(i,j)=0,SS(,j)+0,CSi,j)+
(1—0,—0,)IM(,j) (16)
Hd o<, <1,0<<9,<1,0<<p, +0,<1. %101:1
NORGEEMY TAWERE Y =1 .REG
HAYTHEER: Y 0,=0.0.=0 B, IRG f_mi‘ﬁ
ERRCER(GEES ¢
3.2.3  AHICHEM PR S
G55 O A XA g — 2B A5 T 45 By
BT 32 SCHR L3 05 & R FH ks 1 HeR 550 D it AR £k
]

DOWD ) = 1r (W TAW' — 2P W)+ |W' [, (17)

e e o " - 2
¢ BURSR R T B R A AR R A Eﬂa—W W], =

sign(W) , SCHR [ 24 1) H i BUAR X ¢ 38 8030 47 R &
S5, 17 R T 15 5]
)
%=2A’W’*2(P’)T+amv (18)

R4 AE —W 1] LIRS WYX 46 1 Dy . E J2& B
B R SBCH 0,135 W= (2P—aDy) (24) ', 7]
W BT Dy S 41 PE A DU Fl G 2R 50 55 00
I RICR AR SR DU A 5 1k ¥ 3R AT T SE X L S 4y
Br. FH P RH 5GP e AiE 228 B ABE 0 i P0 Ak s an vk 1
Jir ik
BiE 1. M RRE B £ 7L (UCFS).
A XL F.S) AU R RAE S £
B ke A AR AR,
LAR R — A O FR R W0 R SR &R 45 40 5 S5
2. MPEEFE AR UL S P A
3. WE n=0 I LWL Dy 15y 807 45 I
4. WHILE (not convergent) DO
GHEW, . =@P—aDy ) (24) '
SOH SRR Dy s
n=n+1;}
END WHILE
AR W 4 28 AR AR L 2 R HE B
HEAH
6. % ) RRAE 1B
7. END
CHKL3IERIEH TAEE WA AEEH B « My
HAAEAEFEX R

EPETT b AFE

[S2]

HR,

Jr— ——<y—— 19)
2y 2y
5| 1 E A 3R] LA #)
W, |l Iw. I,
Wil — = — (20)
S wl Iw. [
XKW
T . HWH*I Hl
tr(W,. AW, 2Pw,,+1>+a2wi
i n|l1
tr(WIAW, —2PW, >+a2 W ”1 1)
nl1
T G R T AN A X
tr(W, . AW, ., —2PW, )+

w,
(ZZ”W,MlHl (2|‘W:+1H1 2|2|vv»1|”>

tr(W,AW,—2PW,) +



7 PR DA - 2 TP AR S At B4 20 25 0 2% S A 30 40 TG A 8% A AT 3 49 B 0 1525

az (w, ”1_(1(Z |w ZHW I, ) (22)
e Al PUIE P «
triW, i (A+aDy OW, o1 — 2PW, ) =
tr(W, (A+ oDy YW, — 2PW,) (23)

328 UET B s R SRR 3 DR AR T IR BT B AR A
3.3 HEEEEIEFERE

TE & 20 A T P 347 5C R 43 M JE R 1Y
TEOLT s i — 25 2 T W 28 B4l 20 2578 b %) B TR 248
SIS P A 2 2 R0 4% A B G W B R AE
¥ 5 (UFSDUC).

i A% 2 2 I 45 G5 R SO R AE 0 B 1 — i AR
mﬁwﬁﬁﬁ%%@#ﬂéﬁmwﬁﬁﬁﬁﬁﬁ
() 328 47 36 14 . 4 > W5} [B] Bt ) UFSDUC %3k o o
Eﬁx%%mwﬁﬁ%ﬂ%Am%%ﬂ%%ﬁu
— LW E AT EE NG E . EE XS BRE

B A B RAE B

X FH PR G PR A R B AR AL 28 (17D i — 20 itk
REIH 24

(mm O((w?))=

W'k

E”x(/)T(W(z))i_ni||§+a” (w(/))i”l +

1 - Ly
?BH(W(Z)F(”H(”)[(L(”)?”; (24)

Horpoi=1,2, -k FER[R] B BG ¢ B 3R BURRAE 748
HRE = Fp ¢ R A L 53 50X R Ly Ly Ly T T
I ZRAE T R (] B ¢+ 1 i 7= A T REAE o 2 A ]
A BPATRAEEFE. AT 42 A A T ae : (D) HE
BURHIE 5 (2) T8 3 S AR E i 09 RRAE 4R
3.3.1  HIE B RAE

R (24) L FENF ] B o+ 1 B FBOHARAE £,
I BB AE R AE (w0, B 7 ¢
AT BRI || (w00 [ 2 B1R — A AE T A5
— T, UL A = I B A 28 B i
all (w0 [ AR ST B RRAE £ A SRR A B
P REE. AR SCR B B T B 3 A 0 B R A A
OCCw VYD) e e+ 1 It [E] BEAY B bR ek 500

min  G((w" TP =

Wty ier

1 - ‘
?Hx(ﬂrl) I (W(’Al))’*ﬂ'l ||:;+U(H w(r+l))z Hl+

1 . L
?ﬁ” ((w(zfl) )1F<171)H(/+1) )T(L(Hrl) )T ”; (25)

XTJ»/L\\ﬁ 6((w(z+l) )i)rl-lﬂg(w(ﬂrl) );+15‘k%3

(W)
(Wi ty )
B(F(zfl)H(Hrl) )'I‘L(1+I)H(1+1)F(z+l) (w<171) )i]rJrl +

:[(X(Hrl) )’I‘(X(l+l) (w(t+l) )i_n,i)+

asign (W) D
:[(XU-D )T(X(/+l> (W(Hrl) )i*ﬂ'[)“k

B(F(H»DH(H»I) )’[‘L(H»J)H(H»l)F(zAl) (w(z+l) )1][ o ia
(26)

R 26) F. 078 ﬁﬁaMW”)HMEﬁ%T
WD AN, T e R BRS, W
sign(w" )L éﬁ%ﬂ% SPAE S PR AR, ek
BEMRERE W) 0L IR B AR A BB
A

CXCTD)T(X D (w )yi—g)

BF“ TV H T DYTLY TP HO TP FCT (W) L —a >0,
(W)Y

(t+1) yi
o(w )i

OCCW ™)) B (R 7 B8 /N (w0 ) (il L A, I
Hw"“ ) k.

[ 2, A 2R
X)X (w0 ) — g+
BFTPH ) TLOTD O TR (w0 )L 4-0<20,
mum<o,an<ww>:ﬂﬁm;ﬂz.

T 5 T A 2% AN U A U W O T i et
BUAE w0 R BRI E AR BR A 0w TV D)D) AL
X TR S T EE ARG A
X)X (w0 ) —g') +
BIF TV H T DHYTLO D HUrD O ()] L >

27

A T C27) T I B R AR B S RE RS B
K B AR R 0Cw VD)D) BYAE IR 2 B 8RR A 51 A %)
FRAEF 4L .

3.3.2 HUMHRIEFA

N WA B RRAE 7 A B N B R S A R
BEOHTRRE ¥ L DR B B8R fE 68 B 4 b AR SR P Y
BRIV 12

VBRI 1S VS B AR AL op R ] A R AR A
K 25) IR il F2 2 ff— SERRAE AL S 0. 2R
FROEALEE Jy O U B FRAE N BE 6% AR E A o BB T
HAZARAE R DL 55 2 5 ke )t fiy ik 2R =X (25)
(O A 1) 5 H bR pR B0 56 F w0 1 R AL
AT LR 345 312K (26) A5 F A A . A= SCR] I SCHR 36 ]
B3R f# 77 : (Broyden Fletcher Goldfarb Shanno,

TR %5 By ik A =0, 4 T B F AR pR
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BFGS) 53k AU 20 45 0 AU 7153 H Ak ek 2
.

I B 25) By e /ME R]E AT DLz A6 minf (2) ,
€ R BB EH R x:x,00 =2, —
6.H,g, . Hrh H,=B," B, /& Hessian i [ 1 i {1
H.g,= V/f(x,) SR MR, & s, Flc, N:s, =
Tl ™ Xy 3 Cos = Gl — Zm. P I Y Hession pR %X T
L B FIEYI AR B, s, =c,,. 1L IEY) R ET LA
B ZANE 5B, s, =s,c, >0, W2 5%
BEERE.EEM RS B, B2 AR
538 T T Y O 2 RE % TR
c.c. B,s,s'B,
cis,,li s.B,s,.

H,, . 7] DIif 3 Sherman-Morrison 2y 24K 15 58

B, =B, (28)

T T T T

_ s.c,H,+H,c,s, ¢, H,c.\s,5,
H,..=H,— T + {1+ T T

s H'lc m s lnc m s /Ilc m

29

TESR 1 A (] B P 368 o i e 428 & A1 ) L
SRR R BUERE W= (W) e s (W 0] 43
ol A R g A 5 AR A A S (w0 ) AR AR 1 8K
A —EMEL X T REARE £ R kA F
EALEE BB (WD R AE TR X R IE A S T
I 2R b UL HEBRZ R AE. IR S Bk )
TEBTR) B t+1 AR R4S 47 2 .

FScore(j)“ " =max((w" "), =, (w" ")) (30)
AR 0 A AL 5 7 HF 20) 0T i 08 5 AR 2R AT 23 28 RRAE (R
AR R AIE i K

B 20 HH MR DB R RO B TE W B R AIE i
#87: (UFSDUC).

FABPRIE R 1 B S BT E G ¢ B A RFAE AR
FAEME W, LS E S, B AA A 2o » Hessian E )
M H, ETEF N REE k.

W AERT AR 1 SR IR T O

1. S RIS FE AL SC I & IT 5

2. FOR(GAMH AW AN ER o

3.0 mAm O £ HEME g;

4. IF(abs(g) >a)

5.0 HINFHE /- B AR IER A s

6. m<0;

7B g, = V(x5

8. WHILE (| g.. ||>¢

9. { FiFmit p,=—H,g.;

10, W 21 =2, T 0, pan - H P 6, A3 £ 30 13 28 R

JY iR S

11. 8nt1— Vf(fmﬂ )

12,8, =211~ Xus

13. ¢.i =8u+1 7 8us
. .
suc,H, +H,c,s,
4. H,,=H,————————+
§,uC
. .
¢, H,c, \S,.S,
( 1 + T T ;
SuCu  SuC

15. m<m=+1; } }

16. TFCRHE £, BEIEED

170 BEHPLE R LY

18. MR (30) 35 U AE B0 5

19. AR B HEZ RRAE I B B AR IR & 77 1)

20. RETURN f¢V

BV 2 5% Bl 25 ) 45 A BCHE 19 S BT ARRAE S
PATA RO T W B R AR BEBR. B 1 AT I ORI B
S ARAFA A PR B I R A 2~ 13 A7 A O R
TIE N ILA FEAE IR X A4 - 0] 0 TR R 45 Ak
XA BRUE TR RS2 O R AR 5 8 47). AR 4%
R 35 9 47) BT AR IR g A B RL h (26 10 17)
JEH B A R AF B X AR A AR Gk (35 11~ 16
1) e BR8P R B (5 17 A7) TH R AE
FUHE 8 e LR AIE 4.

I 18] 52 2% B2 0 B AR BT A it 3 A AE 19 2 H 2
LB SR AR RRAEEC B 2 s DU T E L 0 A B Y
AT AE S O so) . 7 A I 0] Be PN A £ 50 (28)
R B A7 O B 1) 52 2% B R O (nd® kest) ) T RE AR AR
A A B B ] 5 2 R O s o). I LA A
UFSDUC 8 i & & w22 B2l O (n® so) +
OPkst) +OW ") R ke, I H st T L3S
TR T W I T 52 A BE T AR AR 2 O’ s 0).

4 XWEREHH

A 3 7 S X 4% Ak A A B S L AT R
Sy — 25 B 3E UFSDUC 8 ¥ 14 A %50ME F1 Ui
PR AT R S HE L S I I B R BT G R R
I 5 0 RSB0 0 S B 5 o A BT AT SRR TE
#ik 2. 8GHz CPU 1 4GB WFERY PC ML b 58 i - 43
VE& 4t Windows 7, | Matlab &5 £ MATLAB
2011b PR3 F 528 UFSDUC 44 k.

4.1 SRIGEIE

SEHR SR 3 A b v A s I A B A 4 L 4 R R
Ky A 2 HE Y SinaWeibo 34 45 | Flickr %44 4 A
BlogCatalog ¥t #i 4. SinaWeibo & # fIt 13 % 1 % JIR
Ayt k. P i@ i Web 5T, F ALK P



7 AR T A« T TP R S ) 3l 285 19 2% S U H0HIE 0 1 B R AIE T 0 1 1527

i S5 07 A A T R AL TR R af 3R VIR M A K
EDIREME A P 38 U, Flickr J2 B2 T 45 3 1 k=2
PR 64 0 3l » P AR A0 BT R 26 001 36 3 B 2 %
(PR S S R 1 2 A TR IR 55 ) °F 17 R a2 i T A
M NBR G Z B3 5 N A 9 2 21, BlogCatalog
S AL A ] P R SCAE B A X R L P AE I E
SCH SR MRS 2 P 2547 0 A A — A
RIZ5 -5

X=EAMEE RN R ER SR 2 0,
5 Z 18] B 58 HAC S SR L 7 AR B T BN b 2
ZAE. T SR A0 58 S5 M) P K d S AR B )
29 5% B AT AL B AT B AS S 56 P o 20 Kod 4R
R IEAE BN 1 PR,

x1 HEKEHBER

SinaWeibo 8693 3493 6 27593  34.65
P& Flickr 9866 2163 9 25877  31.92
A BlogCatalog 7683 4046 5 24735  35.37

4.2 KIGIFE

AR FHHERG I ACC (Accuracy) fllH—A{L H S
B NMI(Normalized Mutual Information) {E N TFEE
To W B AR B L  ME RE AR A AR B R LI
PEREFE bR RN TE— B S5 T 20 - E S |
HAF SR, ACC=(TP+TN)/(P+N), Bk
TE A 5325 B REAE 5080 B LA T A7 7 AR A 5000 3 R 10
TR B M A e A M RE R AT 0 — L B A5 B E F Ok
FE AR REE R A IR S AR A R B,

MI(A,B)
max(H(A),H(B)) "
i NMICA,B) ({ETE 0~1 Z ], fH 8K 350 B 2R 2

NMI 5 Xk NMI(A,B) =

T 46 St L Y T A

(1) LapScore, F H] i ¥ i i 73 B8 A 24 &
A RRAE AU, I 5 1 R AN T AR

(2) SPEC, F| F Jt 3 43 H7 ] & ¢ AiF AH OC 1 L IF:
il 1 G 1 3 S IR AE RE R0

(3) NDFS, i 1 B & 1 4533 53 B il 2, T 40E
Ak AT REAE HEHE 5

(4) LinkedFS, AR 45 F 7 9 I 45 il - 1% AH ¢ 1
Ak P 5 B84 R B 5

(5) USFS, &b # 5)y 25 ¥ 98 19 JC Wi B 5 AE 1 +5
Rk

S ANAN R R A 32 AT B[R] AR 5 [R]
A 0%, 30 X% e T OR [R) 26 & i R B ik
UFSDUC &k W52 M, UL R PRGN 58 T 45 4~ 2 500
FEAE TE PR BE (9 52 1w L F 1T 8 ) R AR S 8.
4.3 HEBESW

A A UFSDUC 5 5 Fb % e 5 vk 78 45 1iF 1k
BEMERG MR L 2 B SOk [ 18 T4 AR 4% 3R 25 1 Ak
AL LA R AT A 26 8 I RN L R AE T AR S H bR AR
AR G L A % T 4 I 2R A5 B 0 2 B8 00 o A
-
4.3.1 PR O RRE B

FH P 2Z 6] (4 G105 B P BB 7 A i B 15
SRR AR SO A P G F AN A S [] P B[R]
AR Ak B S P A O T R AE % B 5 (UCFS) F
Fr VA o A Ei s 52 8 43 iR /NS Tm) g 3 4R
{Ds Dy Dsys Dioo b » H24 F 8 AN B0HE £ 10 5%,
25%.50% . 100%. 7F & AWk 7 5 PR R Ik B
100,200,300 /™ 4¢ Ak £ 8 40 5l 1 55 B A ARk 1 3R
FVERE LR X LSS RN SR 2~ 3K 4 iR,

%2 SinaWeibo MEERRAMEMBLER

o » Wik
HER RS LapScore SPEC NDFS LinkedFS USFS UCFS
100 22.56 24.95 25.35 25.12 24. 86 28.78

Ds 200 23.35 25.23 27.53 26. 89 26.45 29.96
300 25.43 26.93 28.43 28.95 28.92 33.48

100 23.98 23.48 24. 81 25. 82 25. 36 29.17

Dss 200 24.79 25. 87 26. 64 27. 46 28. 14 31.34
300 25.55 26. 47 27.06 28. 44 29. 06 32.49

100 25.19 25.01 26. 11 26. 21 27.15 31.68

Dso 200 26. 68 26. 14 27.24 28. 68 28. 67 34.16
300 27.37 28.96 29. 85 30. 66 31.55 34.74

100 27.15 28.63 29.78 30. 52 30. 85 33.47

Do 200 28. 34 29. 31 30. 14 32. 11 32. 46 34.19
300 29. 06 30. 69 31. 05 34. 29 35.05 35.72




1528 it B 2 Eird 2018 4F
#£ 3 Flickr HiiEERARAEEIHNRBLER
iR FEAE 2 LapScore SPEC NDFS LinkedFS USFS UCFS
100 24.01 24. 67 25.02 26. 58 26. 16 27.88
Ds 200 25. 98 26. 65 28. 43 28.16 28.05 29.21
300 30. 71 29. 54 30. 67 29. 34 30. 42 32.72
100 25. 37 26. 41 25. 63 27.18 27.05 28.76
Dy 200 27. 66 27. 24 28. 65 29. 28 30. 81 30.54
300 28. 04 29. 02 29. 07 29. 86 32.42 31. 67
100 28. 96 29.93 29.78 28.91 29. 08 31.87
Ds, 200 30. 05 30. 71 30. 55 31. 05 30. 75 32.27
300 31.88 32. 35 32. 49 32.74 32.85 33.79
100 28. 82 29. 08 30. 94 31. 16 32. 14 32.16
Digo 200 30. 61 30. 27 33.07 33.48 33.52 34.17
300 31. 02 32.29 33. 82 34.07 34.27 34.84
% 4 BlogCatalog BIEEHR AR HENRELLER

. s Tk
B R LapScore SPEC NDFS LinkedFS USFS UCFS
100 21.75 23. 68 25. 82 26. 06 27.02 28.34
Ds 200 24.05 25.98 26. 24 27.69 29. 44 30. 05
300 27.75 27. 35 28.51 29. 45 30. 85 32.76
100 23.35 24. 68 26. 43 28. 94 28.19 30.74
Dss 200 25.79 26. 68 28. 41 29.18 31.33 32.87
300 28. 34 27.38 29. 33 30. 74 32.12 33.07
100 26. 55 24.95 27.55 28.15 28.75 31.27
Dso 200 27.14 28.78 29. 35 30. 61 31.22 33.87
300 29.15 30. 38 30. 67 32.49 32. 84 34. 06
100 26. 83 26.16 28.09 29.07 30. 94 33.86
Dioo 200 29.75 30. 31 31. 88 31. 62 32. 06 35.07
300 30. 24 31. 69 32.41 33.43 34. 21 35.84

I SIZ 6 235 SR 1 A R S5Ok TR B A R R IR K
I B 14 T 7S AL Y RS PR AR AT B P . ROk
LU AR A S 56 45 SR AR L, Ho b LinkedFS Al USFES
SRR B AT S8R AR X A A o DXL oAy 3 T A R e R
EEIH PR AR TP AR R LS. 5H
FhOUT FE S VE A L, AR SCHE ) UCFES B0k 7 — 1%k
e b HAG e bl M o Bl o G S 6 o e ik
BT 27.88% AH A7 M EL R AT LL & B UCFS
S B A R A 3 K SRS R B A 3 0 R o
W/ HEANAE SinaWeibo BUE 4,4 IR T4 Y
B REMRER K B2 4. 70%.3.32%.3. 06% .
2.25 %0« A 2 U AR A 00 A7 A 0 R RE A —
JE 1 52 .
4.3.2 BB FAEEEE

AT 7 18 I 4 A B 1 Bl A R T
FHRA OGN B 21 25 I 2% A 5040 T 1A B R AR 2k R AR
(UFSDUO) # 17 HE g W 2. g h TR U 3 &
BP0 B R AE , — A A 1 AR R R B
BCE A B, Fie BRI 2 B ()R] B X8 A0 SR AR L B B 3
) 65 1L A 0 B 79 T ) A Ak L ik Rl ST DL AR 3R 4K
55 7 B 1] A A %) R ML ORI 28 I A 5K i 4

Fie BB P A8 A6 3l 43 9 A~ i 4 AR UM B A 4R
AT AL EE AR Y T AR i s B AR . FE AL A
4 5 8% LapScore, SPEC, NDFS, LinkedFS 5
USFS.UFSDUC %k ¥ 847 R AF 358 5 09 X L a5
FRAE 6 Ff R AF 8 35 53 % 2 IO ) 4 fiF 030 & Y 58
I aE R AT LR, LIS AR AR IR S B A R 5 R
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Background

In recent years, social network software becomes
increasingly popular among young people. In social network,
users can make friends, sharing their writings or mutual
comment on Weibo and so on. The explosive growth of social
media users brings about massive amounts of high-dimensional
data. Feature extraction is effective in preparing high
dimensional data for data analytics. As a powerful tool to
solve Big Data, feature extraction has been widely studied in
recent years.

Most traditional algorithms are based on supervised
feature selection, which is not always available. What we
research in the real social media data is often lack of class
label. So this paper mainly studies the unsupervised feature
selection. In addition to high-dimensional and complexity of
data, dynamic is another important problem to be solved.
Comparing to static data, researching streaming media data is
more significant and widespread. Although there are many
studies about streaming data, those algorithms are mainly
aim to supervised feature selection. However, streaming
media data is constantly update with time and the processing
streaming data efficiency’s limited by the application of

traditional feature selection algorithm.
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Aiming above problem, we proposed a novel location
recommendation algorithm that unsupervised feature selection
algorithm for streaming media based on user correlation. As
the connection, user correlation can solve the problem of
unsupervised feature selection lack of class labels. In our
paper, user relationship can be divided into three types that
can be considered the constraint condition. In social media
environment, there exist immense amount of users and media
objects, and the media data are rapidly changing every day.
To tackle this problem above, we set the time interval and
each time segment only dynamic generates a characteristic
data. Utilize gradient descent to calculate the threshold value
of streaming media data that can measure the new feature.
Real-time calculate non-zero feature weights and extract
greater value construct optimal feature subset.

This work is supported by the National Natural Science
Foundation of China (No.61373127), the Program for
Liaoning Excellent Talents in University (No. LR2015033),
the Science and Technology Plan Project of Liaoning Province
(No. 2013405003), and the Science and Technology Plan
Project of Dalian (No. 2013A16GX116).





