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Multi-label Community Detection Algorithm based on Multi-label Relationship
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Abstract: The objects of the real world can be assigned multiple meaning, with a variety of non-single la-
bels. As to multi-label learning, although the related current work may take advantage of the reuse score
to analyze the relationship between multiple labels, it still can find neither the label structure nor the
main labels and importance rankings. The nonnegative matrix factorization (NMF) method can divide as-
sociated nodes into societies effectively, and explore the potential relationship between them. Conse-
quently, it is worth studying how to use NMF in multi-label community detection. Here, an algorithm is
proposed for multi-label community detection, which can analysis labels effectively and discover the com-
munity structure inside, and then obtain relations community. Besides, these multi-label nodes can be
sorted according to their importance scores, and then the master-slave structure of these marked nodes
can be obtained and the effectiveness of this algorithm is thus verified, which helps us learn the hidden in-
formation.
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Fig. 1 Process of multi-label nodes characteristics algorithm
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B 4 BEACKCR:  RRIE4ERL bRic Bk

Image 2 000 135 5
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%2 Scene HIBE SZIRICKXRIER

Tab.2 Multi-label relationship matrix of Scene data set

IEfEH HAEH
bric Beach Sunset F?H Field Mountain Urban Beach Sunset F.all Field Mountain Urban
foliage foliage

Beach 1. 00 0. 00 0.02 0. 00 0. 20 0.17 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00
Sunset 0. 04 1. 00 0. 00 0. 00 0.12 0. 10 0. 00 0. 00 0.08 0. 00 0. 00 0. 00
iE Fall foliage 0. 00 0. 00 1. 00 0. 00 0.22 0.19 0. 00 0. 04 0. 00 0. 00 0. 00 0. 00
Jii| Field 0.08 0. 00 0. 04 1. 00 0.24 0. 20 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00
Mountain 0. 05 0. 00 0.02 0.00 1. 00 0. 26 0.00 0. 00 0. 00 0. 00 0. 00 0. 00
Urban 0. 06 0. 00 0.02 0. 00 0.28 1. 00 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00
Beach 0. 00 0. 00 0. 00 0. 00 0. 00 0.00 1. 00 0. 00 0.02 0. 00 0. 20 0.17
Sunset 0. 00 0. 00 0.08 0.00 0. 00 0. 00 0. 04 1. 00 0. 00 0. 00 0.12 0.10
U Fall foliage 0. 00 0. 04 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00 1. 00 0. 00 0.22 0.19
% Field 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00 0.08 0. 00 0. 04 1. 00 0. 24 0. 20
Mountain 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00 0. 05 0. 00 0.02 0. 00 1. 00 0. 26
Urban 0. 00 0. 00 0. 00 0. 00 0. 00 0. 00 0.06 0. 00 0.02 0. 00 0.28 1.00
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10 TEAE HIAR 1 HE R 5 1L P e B AT LA R IR 7E ) — > T 45 4 v 4% 3 8] 0 HE R bRl A TR
—NHEFR FRIC R IEAE AR O T R4 B B — A Ak T LA ] 96 ZR 8 I g A5 31 14 1E 7R B AR IE S 4L
A IEAE I FRIC A 80 WEAE AR ICTE At 141 50 AR i A 80 /e DR i — 4k . — it
A1 9 HE A BRI ARG 2 B0 L B I 2 R Z ) AE DG IF A 2 X AR By . it HoAR il Z il B — &
A C M. 40 Sunset( H %) 5 Fall foliage(BK M5 ) , A A sunset B 5t — i DAV JE 2, 10 8 &
BARZ Y Fall foliage. P FIRARIC > 0 WSS, W4T 3 /Y9 2 bR i 4k R o 45 2R sk 3 B

3 3 B — At 84 IEAE A AR A AR A R BRI a0 SR N AR e — E AN A O TR A
ASTEF—A4EE . 0 Beach 5 mountain, £ beach i & 1 7 & o — A 2 Hh 3 Mountain, S 2
P Sunset 3%, [H It Beach, Sunset [6] 48 5 /E I B Mountain 28 X1 4> 4 [ — 4 A, L4 b 4 GE 36 B Beach 5
Sunset A K PE5R , mountain, Fall foliage AH 3¢ 58 » O 41 A1 tp &R 2 IEAE FH AR id . TR G RA N2
Prickk AR o> in 3k 4 Frs .

Scene $IEHE AL E 6 PFRiC : Beach, Sunset, Fall foliage,Field, Mountain fl Urban, # %l 5k Z#ric
KR PR r AL A1 O R B A8 2 s P 2 B i B AR 0 — 1k 48— 4b B S 19 bR i 5 AR 30 Z 1]
MMEAERB KN, £LB 1{Beach, Sunset}, ¥l 2{Fall foliage, Field, Mountain, Urban}, fE 4L & 1 1,
Beach 45 Sunset & 8 5% [ #H <14 , 1 Beach 5 Fall foliage, Field, Mountain 2§ — f§% A 2= [6] B 78 — i@ & F
L EE A R [F A A 2P A4 AT P iR B A BRIC Beach Fil Fall foliage . 6 B W A A5 10 % 44 A
HAbFRC R A R B i 2 . 1E Tmage B8 £ DX FhC R WRE AR &F b JE I . £ 5 b Tmage %4l £ b
M FRIC R 53 3 AL A I A5 R .

F 3 Scene HIFEESIRICHALEHHMT ST
Tab.3 Preliminary analysis of multi-label community structure of Scene data set
e
EAEH e
Beach, Sunset Fall foliage, Field, Mountain, Urban
2 Fall foliage, Field, Mountain, Urban Sunset, Beach

v ) 41 141
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x4 ScenetHBERIERFS

Tab.4 Labels and signs in Scene community

Jir J@ At 1A & bRl KRS
1 Beach, Sunset [ )
2 Fall foliage, Field, Mountain, Urban [ |

& 2 Scene ¥ 4E 1) £ bR+t A 45 44

Fig. 2 Multi-label community structure of Scene data set

x5 Image HB\ESHIZHAZHHNT 20

Tab.5 Preliminary analysis of multi-label community structure of Image data set

R £ FRid
EAEH AAEM
1 Mountain, Tree Sunset, Desert
2 Desert Sea
3 Sea, Sunset Mountain, Tree

15 Tmage B4 5t o ZAR10 K070 3 4k o] UE Bl 250 %143 5 AL A 1 A iEAE T 9 Mountain,
Tree FHAE MY Sunset J& F—41 B 8t & 78 15 & 55 00 T » Mountain, Tree F1 Sunset & A K K 1A
FetE, [RE LA 2 Desert #1 Sea f 3¢ &R, UL Je 4] 3 1 Sea, Sunset 5 Mountain #1 Tree ] 3% £ 1E iF
ERUE 73X —Z5 3. [AEHC 3 A4k A1 b 331 0 EAE T A9 BR800 B & B AL L 45 0 L 25 R dn 3k 6 BioR . 243
CAL IG5 A& 3 B BT 2R O S BRITTAR IR AR KR ic ) 56 R ZEALSE 5D «

Enron 8848 &SR 7 0 T 09 M F IR R 4R, A7 53 2%

Sunset
b o BT Enron % 4is 48 b A ac 49 52 /E F A BT IR, PR ot AT B 4 4y
Tree Mountain  Desert
£6 Image HEABAIRIERES ¢ n
Tab. 6 Labels and signs in Image community
Jir I 4t 1A £ & Frid KRS Sea

1 Mountain, Tree o

2 Desert | ] Bl 3 Image $04E 5 0 2 4nic A 4544

3 Sea, Sunset A Fig. 3 Multi-label community structure

of Image data set
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Frbnic |l a9 EA e . I, BT Enron ¥i AR ICHK 2 HR /R HES AL T 8T 5 0945 18 H 3 24 R/
(E D HARRNIK) Enron #5478 X A5 5 W15% 8 Fir/s (52 4% K/N R AR R R bRl i 5 iR
FRic & 30 .

R7 Enron FEESHEHALMETREEZMHHZ (EEZEMA T 5 MIRIE)

Tab.7 Multi-label community structure and importance rank (top five nodes shown) of Enron data set

T & 41 141 Fric 4t No. 1 No. 2 No. 3 No. 4 No. 5
1 17 0.016 6 0.016 1 0.014 7 0.013 7 0.013 3
2 12 0.014 7 0.014 7 0.012 8 0.011 7 0.009 6
3 12 0.017 6 0.017 2 0.016 7 0.013 8 0.012 4
4 12 0.018 9 0.017 4 0.017 0 0.014 9 0.012 4

%8 Enron HHABSHRIERFS (EEMATH S BIHRIE)

Tab. 8 Labels and signs in Enron community (top five nodes shown)

i J& #L 1] & hRid TR
1 17 52 27 44 21 .
2 19 50 39 33 15 [
3 20 7 4 1 51 A
4 45 8 11 36 49 ®

Hi% 7.8 B L FEAR R AE 53 Dhnic S HRI 730 4 A AT AR 3 i 2R HE AL 15 2R T R R A AL
P SRR BE B AR IC 2 AL T PO AL B AR - 4 AL T HE SRR IC 20 0 Dy« LTRG24 5 19-5 3 5 20- ) 2
T8 s A5-PR % L A5 R B A I B Z AL 1500 o X 4 D EEARC A BINER T 4 DRI 2 4E
Boo Hb A 1A B BRIR AN A mE R bR C AR TR RIS 2 A 2 s T ORTE
Fi o E 55 O S AT B TRE 2 ) A L 2SR s R A 3 45 SRR R AL I R A R A R A1 A
PRBL T 2% w) AR B 22 ) B IR 2R B AT 56 R s AL AT 4 R PR L SORY L SE A E TR AE L R B 20 Wl i
TR U A R T EE O R RS R . B2 8 Hx Y IRUIE A 5 2 s AH L A A 2326 O X 0 A
TC A R L R OK B R 45 5 3 s b L o g T B2 A B A B 19 B A0 A AT 5% A G 1 AN 1 4
JIiR .

o8 049
ell
i o 36 *27
&44
& it Sy
w50 m39 i
m33 s AZO
A7 A4

4 Enron B 5K ZiRic A A4

Fig. 4 Multi-label community structure of Enron data set
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AL Gl i 1 AT B 2R I0 58 AR AR R Ll 1 5 F AR R AT LA BRI 18] PP AH B A R0 5t 55 R
T s ASCAT R AR FH 0 56 28 AR B X T 22 R 90 SR IR B AT 9 5 22 A 10 T8 1 2 SCR BILARR B AT RO M 6 By . sl i
A SCRIEAF BN Y o 25 2R L REAR W1 S0 0 s — S 7 9T Jigs 2 531 5 17 SRR AR 1) 9 DX s W 28 2 B AR A
WA 6 2 T TR 78 T DUAR 318 22 b+ P B SR X 55 2% ] 55 AR 5% 0 B4 2 47 A 40 31 - AT e B 2
A7 AE B 2 A T 45l 55 i T %8515 46 A SR IR IR 2 47 0 A T B B TR 25 B 5 e 2 8wl g5 45 K
SRR VR L [ AR RO AR I L RE A I 2 W S A0 0 A OO . B T 2 R R A A S R AR o
FEHAL .

i b A A T AR R 22 AR aC A AT e BT v AN O RE 8 74 B 2 AR 0 Y 5 AR 5 [F] IAR 9 AR Il 56
FA Z AL BEAT A AT T o 28 2 i K AT 5K A TR QIR A9 b i 3 2 B[R] — A T 9 HLAS B4 A B SRR R L
L Z Rl MR 00 . Gl A B B RSN . AR 0 A R AT LI A R B ARl ) EE B
P FEARAT DUABL . AR T SOk (4 )il i MAHR 553 Bl 153 3 1) 24710 6 R A SCIR A3 B i) ZARic 4+t
P 45 F 7 19 22 bR 56 28 B D UL - A AT PP bR 4 OC 2 S 6 0L 3 19 5 SO R X S 0 ) F 5 A
e X TRIAR B LR AR BRI ATE] T 2 hriC ek H 254 DL R AR 3 U AE EE BB B b
Sk €10 A MU B N N L1 IR B S SR S i R W BB R S N 4 A SR B T B 2 e Y (EP S i B
PR HEIE 5 S M 45 B A0 4 R AT 0 LUR 9 F S e SRS

4 LERIE

A SO Z m ek B B E SR AR SCHR L4 1 MAHR 5835 S A 1 i i 3 A G A9 b i b 2 2l 45
G AR AR By B B 192 o) R i e/ ME B AR IC B BB R B S e fe T R ACEE SR A 3l K i AR I
KA CKARIC R R EAL1F 2N AR08 58 R B L F 25 T NMF 53k 08 i 2k 1075 20OR 2 4 A7 10 56 & 19 L
P45 4, 158 B 22 i A9 FE A1 56 AR 0 M R 0 A 30 B B HE A LA B R B R . AR TSNS BL T
AR S PR B TAE R B S R AR T ZARIC R AL A5 O ZhRIC R R BIBETE e A B it T A
RO SR I LR W 2 2D 800K Tl I R ) ZARICAEAR SER AR SO AR SE T 2 ARl A AT 56 & i B
A R W T ZARIC RS R AR B JR PR 5256 5 20 i Bk B 2 1 2 n 0 B BEAT BRI . T B B
K T 5 20 AN [ U0 B Bl R AT A AT 2 A K A SR S 36 25 2R N T B3 A RO 4 i
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