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ni, nj

xi t

n1 n2

nnew xi

lt(xi) xi

n1

n1

n1

lt(n1) = c1
∆classErrort(c1) = 1− ∆errort(n1)

n∈N (errort(n))

n1

n1

eb en

lt(n1) ̸= lt(xi)
impl(lt(xi)) = true n1 xi

��



&KDSWHU��� /HDUQLQJ�ZLWK�QRQ�VWDWLRQDU\�GDWD�EDVHG�RQ�'<1*

cj = lt(x1)
t − λ

nlb x lt(nlb) = lt(x)
nlb

nlb

nlb

t t − λ
imp : C → {true, false}

β

&RPSOH[LW\�LQ�WLPH�DQG�VSDFH

O(log2n) n
O(1) O(log2n)

O(1) O(log2n)
O(log2k) k

O(log2n)
O(log2n)

t−λ
O(n)

��



���� '\QDPLF�2QOLQH�*URZLQJ�1HXUDO�*DV��'<1*�

ni nj

Stream.hasNext
xi := Stream.next(t) xi ∈ Rn

n1 n2

lt(xi)
nnew ωnnew = xi lt(nnew) = lt(xi)

nnew n1

n1 n1

lt(n1) ̸= lt(xi)

∆classErrort(c1) = 1− ∆errort(n1)

n∈N (errort(n))
lt(n1) = c1

lt(n1) := lt(xi)
n1 n1 n2

lt(n1) ̸= lt(xi) ∧ imp(lt(xi)) = true
nlb lt(nlb) = lt(xi)

|ωnlb − xi|2 ≥ |ωnlb − xi|2τ + |ωn1 − xi|2
nnew ωnnew = xi lt(nnew) = lt(xi)

nnew nlb

nlb xi eb ∆ωnlb = eb(xi − ωnlb )

t λ = 0
ci ∈ C

classErrort−λ(ci) > classErrort(ci)
imp(ci) = true

imp(ci) = false

ni ci β
t++

O(log2n)
O(n)

������ 0HPRU\�6WUXFWXUHV

��



&KDSWHU��� /HDUQLQJ�ZLWK�QRQ�VWDWLRQDU\�GDWD�EDVHG�RQ�'<1*

)LJXUH ����� 7ZR�OD\HUHG�PHPRU\�VWUXFWXUH�VFKHPD�RI�'<1*�

��



���� 'DWDVHW

���� 'DWDVHW

���� (YDOXDWLRQ

������ 3DUDPHWHUV�	�2*1*�8

��



&KDSWHU��� /HDUQLQJ�ZLWK�QRQ�VWDWLRQDU\�GDWD�EDVHG�RQ�'<1*

Training set Test set

)LJXUH ����� 7UDLQLQJ�DQG�WHVW�VHW�RI�63,5$/��DW�6QDSVKRW����XSSHU��DQG�6QDSVKRW����ORZHU��

λ = 30 amax = 100
eb = 0.1 en = 0.0006

α = 0.5 β = 0.0005
nmax = 120 k = 3.0

k = 1.0
τ = 0.3

��



���� (YDOXDWLRQ

������ ([SHULPHQWV�	�5HVXOWV

n = 112 n

5HVXOWV

��



&KDSWHU��� /HDUQLQJ�ZLWK�QRQ�VWDWLRQDU\�GDWD�EDVHG�RQ�'<1*

± ± ± ±

7DEOH ����� $YHUDJHG� FODVVLILFDWLRQ� SHUIRUPDQFH� RI� '<1*�� 2*1*�8�� 2*1* DQG� 690 RQ� 63,5$/�� DQG� QXPEHU� RI� VWRUHG

YHFWRUV�

75.1± 2.9
58.9 ± 6.0

27

75.1 ± 2.9
58.8 ± 3.6

27
2.9 3.6

58.9 ± 6.0 58.8 ± 3.6
6.0

3.6

8.7
3.4 3.6

75.1±
2.9 73.8± 16.5

16.5
2.9

��



���� (YDOXDWLRQ

)LJXUH ����� 3HUIRUPDQFH�GHYHORSPHQW�RI�'<1*��2*1*�8 DQG�2*1* RQ�WKH�63,5$/��GDWDVHW�

������ 'LVFXVVLRQ

12

��



&KDSWHU��� /HDUQLQJ�ZLWK�QRQ�VWDWLRQDU\�GDWD�EDVHG�RQ�'<1*

16.2

���� 6XPPDU\

���



Chapter 6
Learning with multi-view data based on VONG

+

+

+

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

)LJXUH ����� 0XOWL�YLHZ�2QOLQH�*URZLQJ�1HXUDO�*DV��921*� DV�FRPSRQHQW�RI�WKH�*&0 IUDPHZRUN�

���� &KDOOHQJHV

M
xi ∈ X c′j ∈ C ′

(xi, c′j) X
C ′ X =

∏o
k=1 Xdk

C ′ =
∏o

k=1 Cdk dk ∈ D k = 1, 2, ..., o

(xi, c′j)
xi c′j = {

}

π : X × C ′ ×D →
o∏

k=1

Xdk ×
o∏

k=1

Cdk

∀k, l, dl ∈ D, k ̸= l : Xdk = ∅ ∧ Cdk = ∅.

���



���� &RQWULEXWLRQV

π
dk

πdk(xi, c′j)

f : X → C
M

fmulti : X × D → C dk ∈ D
M

fmulti

M
πdk

xi dk
Cdk M

M

���� &RQWULEXWLRQV

+

+

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

+

+

+ +

���� 2*1*+� $ QDLYH�PXOWL�ODEHO�DSSURDFK�EDVHG�RQ
2*1*

+ +

+

+

m
m = |D|

+

������ 2*1*+ $OJRULWKP

+

+

���



���� 2*1*+� $ QDLYH�PXOWL�ODEHO�DSSURDFK�EDVHG�RQ�2*1*

x ∈ Rn

n1 n2 x

n1

n1

error(n1) n1

n1 x eb
en

n1 n2

amax

λ nr

nq

nf

nq nq nf

nr

β

������ /LPLWDWLRQV�RI�2*1*+

+

+

+

+

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

+ +

ni nj

x ∈ Rn

n1 n2

x n1

n1

ωn1 x

∆error(n1) = |ωn1 − x|2

n1 n1 x eb
en

∆ωn1 = eb(x− ωn1 )

∆ωn = en(x− ωn)

n1

n1 n2

amax

λ
nr

nq

nq nf

nr nq nf

ωnr =
ωnq + ωnf

2

nr nq nr nf nq nf

nq nf α nr

nq

ni β

���� 0XOWL�YLHZ�2QOLQH�*URZLQJ�1HXUDO�*DV��921*�

���



���� 0XOWL�YLHZ�2QOLQH�*URZLQJ�1HXUDO�*DV��921*�

)LJXUH ����� 0XOWL�YLHZ�2QOLQH�*URZLQJ�1HXUDO�*DV��921*� SURFHVVLQJ�SLSHOLQH�

fmulti

������ 921* DV�PXOWL�YLHZ�H[WHQVLRQ�RI�2*1*

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

1 2

)LJXUH ����� ,OOXVWUDWLRQ�RI�WKH�PDVNHG�PXOWL�YLHZ�ODEHOLQJ�VWUDWHJ\�DFFRUGLQJ�WR�921*�

Xdk

���



���� 0XOWL�YLHZ�2QOLQH�*URZLQJ�1HXUDO�*DV��921*�

1 2

)LJXUH ����� ,OOXVWUDWLRQ�RI�WKH�PDVNHG�PXOWL�YLHZ�SUHGLFWLRQ�VWUDWHJ\�DFFRUGLQJ�WR�921*�

������ 921* $OJRULWKP

x ∈ Rn

n1 n2 x

n(dk)
1

n(dk)
1

x

n1

error(n1) n1

n1 x eb
en

n1 n2

amax

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

λ nr

nq

nf

nq nq nf

nr

β

ni nj

x ∈ Rn

n1 n2

n(dk)
1

x n
(dk)
1

n1

ωn1 x

∆error(n1) = |ωn1 − x|2

n1 n1 x eb
en

∆ωn1 = eb(x− ωn1 )

∆ωn = en(x− ωn)

n1

n1 n2

amax

λ
nr

nq

nq nf

nr nq nf

ωnr =
ωnq + ωnf

2

nr nq nr nf nq nf

nq nf α nr

nq

ni β

���



���� 0XOWL�YLHZ�2QOLQH�*URZLQJ�1HXUDO�*DV��921*�

&RPSOH[LW\�LQ�WLPH�DQG�VSDFH

O(log2n)
O(n)

k k = |D|
O(k log2n)

k k = |D|

O(n) O(n)

������ 0XOWLSOH[LQJ�RI�YLHZV

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

)LJXUH ����� 7KH�LPSOLFLW�PXOWLSOH[HU�DUFKLWHFWXUH�RI�921*�

���� 'DWDVHWV

63,5$/�

���



���� 'DWDVHWV

D1

D2 D3 D1

r(φ) = aφ φ r(φ) a = 1

(x− k, y− k)− (x+ k, y+ k) k = 0.047

D2

x = xM + rcos(α) y = yM + rsin(α) (xM , yM)
r

r = {0.2, 0.4, 0.6, 0.8, 1.0}

(x− k, y − k)− (x+ k, y + k) k = 0.012

D3

(0.1, 0.7), (0.3, 0.3), (0.5, 0.7), (0.7, 0.3), (0.9, 0.7)

D1 D3

2%-�6&7

300× 300

α = {0 , 45 , 90 , 135 , 180 , 225 , 270 , 315 }
s1 − s8

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

)LJXUH ����� $OO�WKUHH�YLHZV�RQ�WKH�GDWDVHW�63,5$/�� LQFOXGLQJ�ILYH�FDWHJRULHV�SHU�GRPDLQ�

3 × 3

D1 D3

���



���� (YDOXDWLRQ

)LJXUH ����� 6KDSH�IHDWXUHV�H[WUDFWHG�E\�D�FRQWRXU�VFDQ��OHIW��DQG�WKH�FRQWLQXRXV�WH[WXUH�VLJQDO�EDVHG�RQ�D��[��SL[HO

QHLJKERUKRRG��ULJKW��

���� (YDOXDWLRQ

+

+

������ 3DUDPHWHUV�	�921*�0

λ = 30
amax = 100 eb = 0.1

en = 0.0006 α = 0.5 β =
0.0005 nmax = 1000

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

)LJXUH ����� )LYH�VDPSOHV�RI�WKH�2%-�6&7 GDWDVHW�

+

������ ([SHULPHQWV�	�5HVXOWV

recall = 1.0
prec = TP

TP+FP
TP FP

+

7DEOH ����� 0LFUR�DYHUDJHG�SUHFLVLRQ�RI�921*��921*�0��2*1*+�

+

���



���� (YDOXDWLRQ

5HVXOWV

+

+

+

+

+ +

+

p < 0.05
+

������ 'LVFXVVLRQ

+ 13.3
15.9

+ +

+

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

5.6

+

���� 6XPPDU\

+

+

+

+

+

+

���



���� 6XPPDU\

���



&KDSWHU��� /HDUQLQJ�ZLWK�PXOWL�YLHZ�GDWD�EDVHG�RQ�921*

���



Chapter 7
Applications for Growing Conceptual Maps

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

���� &ODVVLILFDWLRQ�RI�WH[WXDO�GDWD�LQ�VRFLDO�PHGLD�VWUHDPV

k k = 1

������ 7KH�7ZLWWHU// FRUSXV

���

https://www.flickr.com
https://www.facebook.com
https://www.twitter.com
http://www.reuters.com
https://blog.twitter.com/2012/twitter-turns-six


���� &ODVVLILFDWLRQ�RI�WH[WXDO�GDWD�LQ�VRFLDO�PHGLD�VWUHDPV

7DEOH ����� 6WDWLVWLFV�RI�WKH�VWUHDP�GDWDVHWV�7ZLWWHU// DQG�5HXWHUV�5&9��Y��

tf.idf(t, d) = tf(t, d)× log
N

df(t)

tf(t, d) t
d df(t) t N

N

N

������ 7KH�5HXWHUV�5&9��Y��FRUSXV

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

������ ([SHULPHQWV�	�3DUDPHWHUV

λ = 300 amax = 100 eb = 0.1
en = 0.0006 α = 0.5

β = 0.0005 τ = 0.3
λ = 30

���

http://jmlr.org/papers/volume5/lewis04a/lyrl2004_rcv1v2_README.htm


���� &ODVVLILFDWLRQ�RI�WH[WXDO�GDWD�LQ�VRFLDO�PHGLD�VWUHDPV

 0

 20

 40

 60

 80

 100

 0  100  200  300  400  500  600  700

Ac
cu

ra
cy

Number of seen examples x1000

Reuters
SVM
1NN

OGNG
DYNG

MAJORITY

 0

 20

 40

 60

 80

 100

 0  10  20  30  40  50  60  70

Ac
cu

ra
cy

Number of seen examples x1000

Twitter
SVM
1NN

OGNG
DYNG

MAJORITY

)LJXUH ����� &ODVVLILFDWLRQ�UHVXOWV�RI�'<1*��2*1*��690 DQG��11�

������ 5HVXOWV�	�'LVFXVVLRQ

20.28 5.37
21.4 20.95

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

���� +XPDQ�DFWLYLW\�FODVVLILFDWLRQ

���



���� +XPDQ�DFWLYLW\�FODVVLILFDWLRQ

HOG+HOF
kMeans - Bag of 

Visual-Words

OGNG - Human
 Activity Signature (HAS)

SVM

Feature Extraction Sequence Representation Classification

HOG+HOF OGNG

Offline pipeline

Online pipeline

)LJXUH ����� 3URFHVVLQJ�SLSHOLQHV�RI�WKH�KXPDQ�DFWLYLW\�FODVVLILHUV�

������ +XPDQ�$FWLYLW\�&ODVVLILFDWLRQ�ZLWK�2*1*

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

6WDWLF�+XPDQ�$FWLRQ�&ODVVLILHU�DFFRUGLQJ�WR�/DSWHY

H
x ∈ S

px
px

H L1

l

L1

2QOLQH�+XPDQ�$FWLYLW\�&ODVVLILHU��2+$&�

k = 4000

���



���� +XPDQ�DFWLYLW\�FODVVLILFDWLRQ

H h1 =
0, h2 = 0

x ∈ S
nx

nx

x

hx

H L2

H l

x
nx

nx

x x

L2

l
S x ∈ S

H nx

l

������ .7+ KXPDQ�PRWLRQ�GDWDVHW

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

)LJXUH ����� ([DPSOHV�RI�WKH�.7+�'DWDVHW�12

������ ([SHULPHQWV�	�5HVXOWV

λ = 50
amax = 120 eb = 0.3

en = 0.0018 α = 0.5 β = 0.0005

93 95

���

http://www.nada.kth.se/cvap/actions/actions.gif


���� +XPDQ�DFWLYLW\�FODVVLILFDWLRQ

���������� 	
�� ��
 ��
 ��� ��� ��


������ 
�� 	��� ��� ��� ��� ���

������������ 
�� ��� �	�� ��� ��� ���

������� ��� ��
 ��
 	��� ��
 ���

������� ��� ��� ��� ��� ���� 
	��

������� ��� ��� ��� ��
 
��	 ����

������� �����

��
��
��
���
�

��
��
��

��
��
���
��
��
�

��
��
��
�

��
��
��
�

��
��
��
�

88.2 3.2 3.2 1.4 2.7 1.4

1.8 89.4 1.8 3.4 1.2 2.4

2.8 1.3 93.2 1.3 0.8 0.5

1.7 1.8 1.7 85.4 6.3 3.1

3 2.5 3.7 10.5 65.4 15

1.3 2 2.9 4 17.5 72.2

handwaving

boxing

handclapping

walking

jogging

running

average 82.2%

ha
nd

wa
vin

g
bo

xin
g

ha
nd

cla
pp

in
g

wa
lk

in
g

jo
gg

in
g

ru
nn

in
g

7DEOH ����� &RQIXVLRQ�PDWUL[�RI�RXU�%DVHOLQH��OHIW��DQG�2+$& �ULJKW��RQ�WKH�.7+ KXPDQ�DFWLRQ�GDWDEDVH� DYHUDJHG�RYHU���

UXQV�

93.2 72.2 89.8 66.8

������ 'LVFXVVLRQ

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

���� 9LVXDOL]DWLRQ�RI�&RQFHSWXDO�0DSV

������ $ YLVXDOL]DWLRQ�VFKHPD�IRU�*URZLQJ�&RQFHSWXDO�0DSV

m V
M

mi

M mi

���



���� 9LVXDOL]DWLRQ�RI�&RQFHSWXDO�0DSV

linkk(ci, cj) ci cj
ni nj M lt(ni) = ci lt(nj) = cj ni nj

linkk(ci, cj)
ci cj V

M ci cj

V

linkk(ci, cj) ci cj

color(link(ci, cj)) = αcicolor(ci)+αcjcolor(cj)

αck = ck
max( )

ci cj

V M
V
V

M

������ $ JHQHULF�YLVXDOL]DWLRQV�FRQFHSW

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

������ ([DPSOHV�RI�YLVXDOL]HG�&RQFHSWXDO�0DSV

V
M

M

9LVXDOL]DWLRQ�RI�7ZLWWHU//

���



���� 9LVXDOL]DWLRQ�RI�&RQFHSWXDO�0DSV

V
M

9LVXDOL]DWLRQ�RI�5HXWHUV�5&9��Y�

9LVXDOL]DWLRQ�RI�.7+

M

M

9LVXDOL]DWLRQ�RI�WKH�.7+ 2+$& FODVV�PDS

M

M

���



&KDSWHU��� $SSOLFDWLRQV�IRU�*URZLQJ�&RQFHSWXDO�0DSV

������ 'LVFXVVLRQ

V

M

���� 6XPPDU\

���



Chapter 8
Conclusion

O(log2n)
O(n)

���



&KDSWHU��� &RQFOXVLRQ

���



k
k

2XWORRN

���



&KDSWHU��� &RQFOXVLRQ

���



Appendix A
Conceptual Map Visualizations
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