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- Graph Data

Graph definition
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- Graph Data

Graph for Data Analysis
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Jll Graph Data

Graph for Data Analysis
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J Graph Data

Graph for Data Analysis

< Vertex= OtLte| MEZ= 2|0

% Vertex set V(G) = {v,v,, ..., 1.}
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Il Graph Data

Graph for Data Analysis

< Vertex= OtLte| MEZ= 2|0

% Vertex set V(G) = {v,v,, ..., 1.}
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J Graph Data

Graph for Data Analysis

< Vertex= OtLte| MEZ= 2|0

% Node-feature matrix2} Node-class matrix= H o1
Node — Feature Matrix Node — Class Matrix
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J Graph Data

Graph for Data Analysis

Node — Feature Matrix Node — Class Matrix
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J Graph Data

Graph for Data Analysis
< Edgell Chet HE 7t FOX|X| E=CIH, vertexE HIZ 22 edgeE g oHOFe!
% Edgeset E(G) ={w;}, 1<i j<N

€ — Nearest Neighbor

Vertex w; =1, if ||xl —xj|| <€

@ @ w;; =0, if otherwise
/
?/ @ K — Nearest Neighbor
/
[ ]

w; =1, if x; or x;is k nearest of the other.

’, ‘ : Edge w;; =0, if otherwise

Gaussian kemel similarity function

i x|
20

Wij =
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Il Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix

% Adjacency matrix : Undirected graph = Symmetric

% Edge set E(G) ={1, 0} Adjacency Matrix

A = Ran
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Il Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix

% Adjacency matrix : Directed graph = Asymmetric

% Edge set E(G) ={1, 0} Adjacency Matrix

A = Ran

Vertex

Input
o
o
o
o

output
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J Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix

% Adjacency matrix + Identity matrix

% Edge set E(G) ={1, 0} Adjacency Matrix

A‘ = Rnxn
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- Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix
% Adjacency matrix : Weighted Undirected graph

% Edge set E(G) ={w;;}, 1<i j<N Adjacency Matrix
A€ Ran

Vertex

O (15| 0 | O 1

15| 0 | 08| 02 | 04

9 O 08| O 1.2 0
e Edge 0 02 | 12 0 1

1 04| O 1 0
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- Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix

< Degreet= Zt vertex2} HZ = edgel| ==

< 2, adjacency matrix2| row sumzk

Adjacency Matrix Degree
A € R D iAij
0 1 0 0 1 2
1 0 1 1 1 4
0 1 0 1 0 2
0 1 1 0 1 3
1 1 0 1 0 3
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Il Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix

* Degree matrix : CHZFAZ0]| degreedf2 2 k|, LIHX|= 02 X[ E

Degree Matrix
D € Rnxn, Di,i = Z ] Ai, ]

2 o 00| O

0 4 0 0 0
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J Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix

% Laplacian matrix : Degree matrix — Adjacency matrix

Degree Matrix Adjacency Matrix Laplacian Matrix
Vertex DER™™ D, =3 A, A€ RV LER™™ [ =D—A
2|/ 0/ 00| O o|1|0] 0] 1 2|10 0| -1
0| 4|0|0]|O0 1101 1]1 A 4|1
0| 0| 2|0]| 0| = o|1|o0|1|]o0o| = |0|1]|]2]|1]0
o|o|o| 3|0 o|1|1]o0]1 0|-1]-1]3]-1
o|o0o|lo0o|o0] 3 111 0]1[X A]-1]0]|-1]|3

The elements of L are given by
deg(vy) if i=]
Lij=<4 -1 ifi#j
0 otherwise  where deg(v;) is the degree of the vertex i
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J Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix
% Laplacian matrix : Degree matrix — Adjacency matrix

Laplacian Matnix
LERNVN [ =D—A

2 | -1 0 0| -1

0|2 vertex}2|

ApH|
o | -1 2 | -1 0 2 es
o | -1 ]| -1 3 | -1
-1 | -1 0 | -1 3

Degree H&
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J Graph Data

Graph for Data Analysis : Adjacency matrix, Degree matrix, Laplacian matrix
% Laplacian matrix : Degree matrix — Adjacency matrix

Laplacian Matnix
LERNVN [ =D—A

[x1 X3 X3 X4 x5] X 2 | -1, 0| 0 |-

—x +4x6 — 23— X — Xg
1 1 1 1 = (6 —x) +( —x3)
; +06 —x4) + (0 — X5)

=M vertex@t 0|2 vertex
ALO|o] £HA HE
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J Graph Data

Graph Tasks : Graph prediction, Edge prediction, Node prediction

Graph prediction Edge prediction Node prediction
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J Graph Data

Graph Tasks : Graph prediction, Edge prediction, Node prediction

Graph prediction
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- Graph Data

Graph Tasks : Graph prediction, Edge prediction, Node prediction

Edge prediction Relationship
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- Graph Data

Graph Tasks : Graph prediction, Edge prediction, Node prediction
Student

Unlabeled

Node prediction Current status
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- Graph Data

Graph Tasks : Graph prediction, Edge prediction, Node prediction
Student

Unlabeled

Node prediction Current status

Semi-supervised learning
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- Semi-Supervised Learning © Class?

Limitations of Supervised Learning
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B Semi-Supervised Learning

O dass
O dass?
Limitations of Supervised Learning
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- Semi-Supervised Learning © Class?

Limitations of Supervised Learning

&K label distribution pi) S 2HESH |Ofl= labeled data”t 25
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- Semi-Supervised Learning © Class?

Background of Semi-Supervised Learning

» 2015 0] =X &2 HIO|E7HK| Z-&5H0 T L2 label distribution plyp) =78
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- Semi-Supervised Learning @ Cass2

Background of Semi-Supervised Learning
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. . . O dass
- Semi-Supervised Learning @ Cass2

Background of Semi-Supervised Learning
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B Semi-Supervised Learning

Transductive Learning and Inductive Learning
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B Semi-Supervised Learning

Transductive Learning and Inductive Learning

< 3 F7HK| g5 780t 1t

Label propagation
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B Semi-Supervised Learning

Transductive Learning and Inductive Learning

< 3 F7HK| g5 780t 1t

Label propagation
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Transductive learning

Data Mining .Q, H
o‘:.o Quality Anallytics ! tX'.G

o bt ey G

Inductive learning




- Semi-Supervised Learning @ 2

Transductive Learning and Inductive Learning

() Unlabeled
< A F7HK| gE= 7Pgot0] @17

Label propagation

Transductive learning Inductive learning
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Jll Semi-Supervised Learning © Class?

Transductive Learning and Inductive Learning

() Unlabeled
< A F7HK| gE= 7Pgot0] @17

Label propagation

Transductive learning Inductive learning
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B Semi-Supervised Learning

Transductive Learning and Inductive Learning

< 3 F7HK| g5 780t 1t

Label propagation

() Unlabeled

Transductive learning
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B Semi-Supervised Learning

Transductive Learning and Inductive Learning

< 3 F7HK| g5 780t 1t

Label propagation

() Unlabeled

Transductive learning
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Il Graph Convolutional Neural Network

Graph Convolutional Network

" 2 Y 2 Labeled :
MEgaLt ety z =1 ) Zi, e Y i =) Supervised loss
ny Unlabeled :
b e ' ) =)+ fT Semi-Supervised loss
Solution emin, @ ) (FOD =)+ fILf 0
Local and - -
Global Consistency fegg%i’inu ; ( W(f () =y, ) +uf'Lf
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Il Label Propagation

Notation
*» Labeled data {(xp,y)} = {(x1 V1) e (an )’nL)}
% Unlbeleddata  xy = {(xp,+1)s -r (Xnyeny)}
< Input x={x, Uxy},n=n, +ny,x; €R?
«% Output y={yUystn=n,+ny,y €{0,1}
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Jlll Label Propagation

Background of Min-cut Algorithm

%+ Labeled data {(xp,y)} = {(x1 Vi) e (an )’nL)}

% Unlabeled data xy = {(ng41)s s (an+nu)}

< Input x={x, Uxy},n=n, +ny,x; €R?
< Output y={yUystn=n,+ny,y €{0,1}

min Cut

cut(set1,set2) = z W

LEsetl, jEset2

MEZ CHE set== HESH= edge?| weight!
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Jlll Label Propagation

Background of Min-cut Algorithm

%+ Labeled data {(xp,y)} = {(x1 Vi) e (an )’nL)}

% Unlabeled data xy = {(ng41)s s (an+nu)}

< Input x={x, Uxy},n=n, +ny,x; €R?
< Output y={yUystn=n,+ny,y €{0,1}

min Cut

cut(set1,set2) = z W

LEsetl, jEset2

MEZ CHE set== HESH= edge?| weight!
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Il Label Propagation

Min-cut Algorithm

% y, O| FOIX|1, y, e {01} S E=s|E X} &

discrete
np+ny ol w1 o
{m}i%mu 2 : wij|yi — vl wi;; A8y, =y, =0 8
y€EL0,1 [ =1
wy MOy =y, 2 = WUS

)2 nL+nU ( )2
0 )+ E we (v — v
ye{o 1}nL+nU z yLl i)j:l lj yl y]

Labeled Unlabeled
cf0l=E Hlo|H = 2HOI=2 =X B HI0|B=
24 oS EE= sl wij= = 12{310] 0|22
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Jlll Label Propagation

Min-cut Algorithm

< y, Ol FOIX| 1, yy e {O3" ™ = E=FOHE I &
discrete an integer program: NP hard
Relaxing to continuous values

np+ny
s — ol = =
min wiilyi — Vi wi; AMy, =y, & =250[ 3
y€{0,1}"L+"U i1 L7t J J J
ol A o
wi; M2Hy, 2y, BT U

2 np+ny 2
yefo, 1}"L+nU = z ~ i)+ Zi,j=1 wi (vi — ;)

Labeled Unlabeled
cf0l=E Hlo|H = 2HOI=2 =X B HI0|B=
24 oS EE= sl wij= R E
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Jlll Label Propagation

Harmonic Solution

& fx) =y (=1,..,n) S 2ESH= harmonic functionS X9

% Harmonic function= Zt vertex2| labelO| 0|28t vertex2t H|==6H X| =5 &t
harmonious (similar)

)2 np+ny ( )2
VAt e ey Z G zi,j:l L]

Relaxing to continuous values
nyp, )2 np+ny ( )2
Hamoni mln 00 X:) — . + Z Wi : x:) — -
S?)'UUOHIC fE]RnL'l'nU =1 (f( l) yLl i}j:]_ lj f( l) f( ])

Lﬂb@l@d i=1..,n UnlabEIEd i=n,+1,..,n, +ny

fxi) =y, flx;) = 2 =21nL+1";J f(x)

j=1  Wij
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Jlll Label Propagation

Harmonic Solution

% Laplacian matrixZ 2850 7S

% Laplacian matrix = Degree matrix — Adjacency matrix

Harmnonic min oo _L (f(xi) — yLl.)Z + ZnL v Wij(f(xi) - f(xj))z
=1 [,j=1

solution fERTMLTU

LabeIEd [ = 1' - Ny UnlabeIEd i = n; + 1, ., np + ny

Graph Laplacian regularization term
. "L 2 o
min,, @, (F(x) =) +fTLSf ) -

fERnL+nU

Ceren | FO)
f_(fL'fU)_ f(xL+1)

| Flx) -
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Jlll Label Propagation

Learning with Local and Global Consistency

% Labeled data’l E2l 4% & U2 += US

% Local consisteny; Global consistencyS &2

min, > (P =)’ + £TLf

f € Rn Ly
Labeled Unlabeled
di|0[=& HIO|E = 1|0|'='EI X 2 OB &=
A olEt EEE T w;; & 1245101 20|53
Local Global
consistency consistency
ZH pointsa2t SUst LT (duster manifold)S
soBieol2g HES Sy JRICH EYB 20|28 ZEE Bt
\. Data Mining e, r\:d Zhou, D, Bousquet, O, Lal, T. N, Weston, J, & Schdlkopf, B. (2004). Leaming with local and global consistency. Advances in neural
%% Quality Analiytics e information processing systems, 16(16), 321-328,




Jlll Label Propagation

Learning with Local and Global Consistency

% Labeled data’l E2l 4% & U2 += US

% Local consisteny; Global consistencyS &2

min, > (P =)’ + £TLf

f € Rn Ly
Labeled Unlabeled
di|0[=& HIO|E = 1|0|'='EI X 2 OB &=
A olEt EEE T w;; & 1245101 20|53
Local Global
consistency consistency
ZH pointsa2t SUst LT (duster manifold)S
soBieol2g HES Sy JRICH EYB 20|28 ZEE Bt
\. Data Mining e, r\:d Zhou, D, Bousquet, O, Lal, T. N, Weston, J, & Schdlkopf, B. (2004). Leaming with local and global consistency. Advances in neural
%% Quality Analiytics e information processing systems, 16(16), 321-328,




Jlll Label Propagation

Learning with Local and Global Consistency

% Labeled data’l E2l 4% & U2 += US

% Local consisteny; Global consistencyS &2

min, > (P =)’ + £TLf

f € Rn Ly
Labeled Unlabeled
di|0[=& HIO|E = 1|0|'='EI X 2 OB &=
A olEt EEE T w;; & 1245101 20|53
Local Global
consistency consistency
ZH pointsa2t SUst LT (duster manifold)S
soBieol2g HES Sy JRICH EYB 20|28 ZEE Bt
\. Data Mining e, r\:d Zhou, D, Bousquet, O, Lal, T. N, Weston, J, & Schdlkopf, B. (2004). Leaming with local and global consistency. Advances in neural
%% Quality Analiytics e information processing systems, 16(16), 321-328,




Jlll Label Propagation

Learning with Local and Global Consistency

% Labeled data’l E2l 4% & U2 += US

% Local consisteny; Global consistencyS &2

min, > (P =)’ + £TLf

f € Rn Ly
Labeled Unlabeled
di|0[=& HIO|E = 1|0|'='EI X 2 OB &=
A olEt EEE T w;; & 1245101 20|53
Local Global
consistency consistency
ZH pointsa2t SUst LT (duster manifold)S
soBieol2g HES Sy JRICH EYB 20|28 ZEE Bt
\. Data Mining e, r\:d Zhou, D, Bousquet, O, Lal, T. N, Weston, J, & Schdlkopf, B. (2004). Leaming with local and global consistency. Advances in neural
%% Quality Analiytics e information processing systems, 16(16), 321-328,




Jlll Label Propagation

Learning with Local and Global Consistency

% Labeled data’l E2l 4% & U2 += US

% Local consistency, Global consistencyE "3 2 ocal ¢
consistency
njy, ) 2 —
min xX;) —vy;.) + L

min > (F@) —y)” LS
Labeled Unlabeled
of|0|=3 H|O|E= 1|0|'='EI E[X| 42 H|O[E=
X golEnt EEE ks w;; & 1245101 20|53
Local Global
consistency consistency Global

ZFH points=1t S 2T(duster, manifold)S :
susaoEg RES e JRbE s AoEg Es ey ONSHENY
\. Data Mining e, r\:d Zhou, D, Bousquet, O, Lal, T. N, Weston, J, & Schdlkopf, B. (2004). Leaming with local and global consistency. Advances in neural
%% Quality Analyfics S Eare information processing systems, 16(16), 321-328.




Il Label Propagation

Learning with Local and Global Consistency

% Labeled data’l E2l 4% & U2 += US

A
% Local consistency, Global consistencyES "3 2 Add penalty u (Smoothness)

ny, -
Localand min Z A—w(fe) —y,) +ufTLf p 3™ |abeled data y, 7F HHHO| |52 =HE 2
Global Consistency  fER™MLTTU Ledj=1 ' N
Local Global i 2O |abeled datay, E EES &E 2
consistency consistency
min (1-wF-»N"'"F-»+uf'Lf
fERMLMY
oL .
§=(f—y)—u(f—y)+uf Lf =0 WitOR
1 L £l
= [ + aL -1 a = — = — = ; =
L f(xy) -
g %‘. gﬂﬁwﬁyfics e, md ﬁ]fgﬁrguﬁsﬁi ﬁgil&%efgrg ;_1 %Zsfihélkopf, B. (2004). Leaming with local and global consistency. Advances in neural




Il Graph Convolutional Neural Network

Graph Convolutional Network

Min-cut

Hamonic
Solution

Local and
Global Consistency

Pairwise Constraints

Data Mining e, H
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ny,
w Z
y€{o, 1}”L+nU =

min, o) (FG) —w,)’ +f7Lf

fERnL+nU

min, > A=W ~n.) +ufTLf

feRnL+nU

min (L= =I* +uf'Lf

f RnL+nU

np+ny
J’Li)z + Zij:l wi (v = v;)°

Labeled :
Supervised loss

Unlabeled :
Semi-Supervised loss
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Graph Convolutional Neural Networks

Semi-Supervised Classification with Graph Convolutional networks
< GCN: CNNTZ=7F 71 B8-S 9HESH graphOfl - &7FsT GNNTZEF H[CF

Published as a conference paper at ICLR 2017

SEMI-SUPERVISED CLASSIFICATION WITH
GRAPH CONVOLUTIONAL NETWORKS

Thomas N. Kipf Max Welling
University of Amsterdam University of Amsterdam
T.N.Kipf@uva.nl Canadian Institute for Advanced Research (CIFAR)

M.Welling@uva.nl

ABSTRACT

We present a scalable approach for semi-supervised learning on graph-structured
data that is based on an efficient variant of convolutional neural networks which
operate directly on graphs. We motivate the choice of our convolutional archi-
tecture via a localized first-order approximation of spectral graph convolutions.
Our model scales linearly in the number of graph edges and learns hidden layer
representations that encode both local graph structure and features of nodes. In
a number of experiments on citation networks and on a knowledge graph dataset
we demonstrate that our approach outperforms related methods by a significant
margin.
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Jl Graph Convolutional Neural Networks

Limitations of Label Propagation

% Smoothness assumption
« M2 7PIR2 H|O|H(pointsy= &= 20|52 =2&0| ==
o
O

FAHESimilarity)O0|2/0]| CFE HEE = = 8l

: i 2 nLtny Labeled :
Min-cut e Py Zi= . (i =) + Zi,j= . Supervised loss
n Unlabeled :
Haonic ' : >+ T Semi-Supervised loss
Solution emin, @ ) (FOD =)+ FASf
Local and _ ny § )
Global Consistency FeRRLny Zi= 1(1 W) —y,) +uf/Lf

Graph Laplacian regularization term= 10i X}
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- Convolutional Neural Networks

Convolutional Filters

«% Spatially local correlation : 2178 H==(pixel)ZF == Af2H2HA| X

L
— O
< Translation invariance : F=5 S-d(eg, =, 7, 12)2 1= 2X|0 S| H&S

Spatially local correlation Translation invariance
—> Sparse connection -~ Weight sharing
o‘-\o gﬁﬁifl\;i/r\\riwr::glyﬂcs - mg. httpy//dongascience.donga.com/newsphp?idx=35340




- Convolutional Neural Networks

Limitations of Deep Neural Networks
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Convolutional Neural Networks Characteristics : Sparse Connection
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Convolutional Neural Networks Characteristics : Sparse Connection
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Convolutional Neural Networks Characteristics : Sparse Connection
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Convolutional Neural Networks Characteristics : Weight Sharing
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Convolutional Neural Networks Characteristics : Weight Sharing

| L

% Spatially local correlation : Q1% Ha=(pixe) 7t =2 A2t X
5

o H oo

CNN =K

NN
< I~
N 1.2|1.6|1.0
1.410.9(1.5
1.7|11.8]|0.6 \
Weight
sharing
o‘.\o giiuollitr\;i/r\\ri\r;glytics - mg http,//dongasdience.donga.comynewsphp?idx=35340

— d
% Translation invariance : 25 £8(eg, =, 7, 122 0P E=l /K| SESHK| A4S

Cat

Rabbit




- Convolutional Neural Networks

Convolutional Neural Networks Characteristics : Weight Sharing
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Feature Extraction of Convolutional Neural Networks
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Feature Extraction of Graph Convolutional Networks
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Graphical Overview of GCN
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Graphical Overview of GCN (O Unlabeled
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Jlll Graph Convolutional Neural Networks "

GCN Mechanism : Layer ¢ to Layer £+1
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Jlll Graph Convolutional Neural Networks !
GCN Mechanism : Layer ¢ to Layer £+1
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Jl Graph Convolutional Neural Networks

GCN Mechanism : Layer £ +1 to Output Layer
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Jl Graph Convolutional Neural Networks

GCN Mechanism : Layer £ +1 to Output Layer
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Graphical Overview of GCN
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Advanced Techniques of GCN

X{’ = Rnx f

GCN Weight sharing

W,
H€+1 € Rnxh
h = number of filters
Weight sharing
CNN Dog
Cat
] Rabbit

Data Mining e, H
o\‘o Quality Analytics ma

Attt ey e




- Conclusions

Key point

% Graph data®i| Ci2F O[5

% Semi-supervised leamingOf| CH$t O[sH

% Label propagation A=2| A T S &

% Graph data= CNNOj| M-85t 10XA 7H—EE GONS| &

Data Mining e, H
o%‘o Quality Analytics ma



- Conclusions

Vertex

Key point

% Graph data®i| CH3tH O[5}

% Semi-supervised leamingOf| CH$t O[sH

Degree Matrix Adjacency Matrix Laplacian Matrix
» Label propagation E:rl'%_o_l —)FA—I X._'l 7 H §% DER™™ D; =% A A€ Ron LER™™ [=D—A
200|000 o|1]0]0]1 2100
0| 4|0|0|o0 1o 1|1]1 Alalalala
oo Graph data% CNNO-” &'-g-'é'l—_ﬂ_Xl— 7H %"EIJ GCNQl —_|-|-_7F_ ojlo|l2|o0fo ol1|o0]1]o0 o[ |2]1]o0
olo|o|3]o0 o1 1|01 01|13/
o|o|o0o|o0|3 1(1]0]1]0 1]1]0]1]3

Data Mining e, H
o‘o\o Quality Analytics h’.‘.d




- Conclusions

.ﬁ

Key point

% Graph data®i| Ci2F O[5

% Semi-supervised leamingOf| CH$t O[sH

« Label propagation ATE2| =4 T S &

* Graph data= CNNOf| X &3} 0 X} JHEE GONS| 712

Data Mining .8 ~ o~
Quality Analytics ! t},g

Label propagation

Transductive learning

Prediction

Prediction

Inductive learning




- Conclusions

N

Key point

Min-cut
% Graph data®i| CHSH O[5 .
Harmonic
Solution
% Semi-supervised leaming®i| CHSH O[SH Local and
Global Consistency
« Label propagation Hr-=2| =X T/ S5 Pairwise Constraints

< Graph data= CNNO| H&3t X} 7 E GONS| #2&

Data Mining e, -~
Quality Analytics r\,'a

2 np+tny 2
ye(o, 1}”L+nU OOZ yLi) + Zi,jzl Wij()’i - )’j)

min, oo 1 (Fo) =)+ 7Lf

fERnL+nU
. nip 2 T
ety 2 L= WUCD =)' + TS

min, (L=wIf =»I* +ufTLf

feRTLL+nU




- Conclusions

Key point
CT T T D N HEEEEE
%+ Graph dataOf| CHSt O3} Layer ¢ (TTT]

Ly CEELlTd

<% Semi-supervised leaming®f| CH&t O[5} T @&westz IO
Y~ NC]

S LTI 1]
% Label propagation =] Al I S E
Propd = Wei 0 g "
output ‘
R = MestT HiE| o| 1x i S D &

Data Mining e, o
o\\o Quality Analytics h’.’.d

v Covnt i vt o



Thank you

Data Min H
o{.O Quality /\nolyhcs ma



Jl References

1. Zhou, D, Bousquet, O, Lal, T. N., Weston, J, & Scholkopf, B. (2004). Leaming with local and global
consistency. Advances in neural information processing systems, 16(16), 321-328.

2. Bai, L, Wang, J, Liang, J, & Du, H. (2020). New label propagation algorithm with pairwise constraints. Pattern
Recognition, 106, 107411.

3. Kipf T. N, & Welling, M. (2016). Semi-supervised dlassification with graph convolutional networks. arXiv preprint
arXiv:1609.02907.

4. Chong, Y, Ding, Y, Yan, Q, & Pan, S. (2020). Graph-based semi-supervised leaming: A
review. Neurocomputing, 408, 216-230.

5. http//dmagakorea.ackr/activity/seminar/267

6. https;//github.com/pilsung-kang/Business-Analytics-IME654-/tree/master/05%20Semi-supervised%20Learning

Data Mining e, H
o%‘o Quality Analytics ma




Appendix

Data Mining H
o{.O Quallity Analytics ma



Il Semi-Supervised Learning \. /

Assumptions —_— Supgrvused ?Igoruthm decision boundary
—--—- Optimal decision boundary

% Smoothness assumption
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Harmonic Solution

 Laplacian matrixS 28510 #2175

% Laplacan matrix = Degree matrix — Adjacency matrix
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Harmonic Solution

 Laplacian matrixS 28510 #2175

% Laplacan matrix = Degree matrix — Adjacency matrix
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Harmonic Solution

% Laplacian matrixZ 2850 7S
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Label Propagation with Pairwise Constraints
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New label propagation algorithm with pairwise constraints R |
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ARTICLE INFO ABSTRACT
Article history: The label propagation algorithm is a well-known semi-supervised clustering method, which uses pre-
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given partial labels as constraints to predict the labels of unlabeled data. However, the algorithm has
the following limitations: (1) it does not fully consider the misalignment between the pre-given labels

- . and clustering labels, and (2) it only uses label information as clustering constraints. Real applications
Available online 11 May 2020 . . . R L .

not only contain partial label information but pairwise constraints on a dataset. To overcome these de-

Keywords: ficiencies, a new version of the label propagation algorithm is proposed, which makes use of pairwise

Cluster analysis relations of labels as constraints to construct an optimization model for spreading labels. Experimental

Semi-supervised clustering analysis was used to compare the proposed algorithm with 8 other semi-supervised clustering algorithms

Label propagation algorithm
Pairwise constraint
Spectral clustering

on 11 benchmark datasets. The experimental results demonstrated that the proposed algorithm is more
effective than other algorithms.

© 2020 Elsevier Ltd. All rights reserved.
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Label Propagation with Pairwise Constraints
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Membership matrix Fof objects to clusters

Fig. 1. Misalignment between class labels and cluster labels.
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Label Propagation with Pairwise Constraints
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Label Propagation with Pairwise Constraints
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Summary
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