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tlolg o A7 AF(few-shot) Fo1Z2 wf o]ef 2 WF HEA
(unlabeled) BI°IHE &7/3] WHe Zlo] FFolth. o] EAloA+= thEFe
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A HolErt o= A wlolH & M JMhEA] FHeth AR FH
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J}(label propagation)sS 2 E&3tAY 222 =3 TAE AGOS
St5st= A7l EH(self-training) ¢ ©]8¥TH(Zhu and Ghahramani
2002; Zou et al. 2019).

Bdo] stEete =50 FUHAQ 84 AERE
+ % T<F(active learning)S ARERT 5F StE
AHS €1 e EAAA 8 o= HAEsto Y53 =
= W2 o]th(Zhang 1994, Settles 2012). H|o]E|7} L&olol% EXA|
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T AdEste] Aot HolH Y FoEE T HlHE 5T 7}
e W 2o oFgo] FAE BE9 7Y E Ao, ol A
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Z(margin), AEZI(entropy) 52 AEZ AT F At} 55 THF
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23. 2% 39 oL BE A% %

-8 ¥ ©]Z(Adaptive Resonance Theory, ART; Grossberg 1987)<
At = AR APl #3 oo, Tkt Ar|xA S Aol o7
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A71224 8t AABAY dE dHolgd Mt & gl =2E WA e
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(vigilance parameter)™} Hlm st MelE =71 A JHS 2 7
A dEEteE Aol vk F =EE VIFEeE A dsf st o=w
o &gt Ae} S VFoE wEE Aoz dAset AUt F
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Al
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S5 AARY. ARETE AA#e dod T =2V HF AV H
ARE, O%EA] FoW ALV RO E & EE T EE HF
stal Ad=E AAste AAS REEIT ol HAFL AP AlZre]l L
g ZdUtes @GHo] glEd], o] /WAE Fuzzy ARTE 2E S0 T
g AAE Tof AL VE T o HAoA ALtsle £5F =X
(Carpenter, Grossberg, and Rosen 1991). &8 HE7} x, =& Of3Egko] v
A w 7T Ve FA 13 Zo] ALtE, A4 Ak Ae 7 dlH

I
o W& o Hugez FAE MHE e HA A4AK(fuzzy oper-
ator), ||l -[,= e A& A &< L1 normE ojv|sta, A<l

A8 F2 g o Tl =& AdYe 2A4Y 5 dth

Ix AV,

_lxavl
atllvl,’

(x,v)= (1)

T, v) = T
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Fuzzy ARTE $&% EZ2=E+ o4 AR g5& 7ML x4 A
BE AAstAA FFXSE F33t= Fuzzy ARTMAP (Carpenter et al.
1992), 3 HEE 7}¢AI¢F BXE 7} Gaussian ART (Williamson

1996), w33} U ESL A AZS F7F3F TopoART (Tscherepanow 2010) &
o] It} &= thE 82 LPART (Kim, Hwang, Kang et al. 2020)= +X4
= 35S 34’3]] Lo %A EX(label density)E F7}slal olE A3}
(propagate)st =5 3t} ©o|E &3 MPART (Kim, Hwang, Lee et al.
20200 =& ﬂoﬂ HAAR] A
WAl A 3] A (message passing)S T3 FA| 7} o] FAXEE L

W 4. ER, =0 B4 BHUEE POlsn o o] 3 BAE el

2712438 AARAA A HolHE 7hE flo] TR eHA HH

FLo Hofs R ngE AxPo g FAFE = #AH o] HA3HY, LPARTY

MPARTZS H]| &3 tFE 29 ART 2P & JE & JU & WolEs #33}

3 B golHE A TAFIAE =t A old mde HT o
= o)

=
Hwang, and Zhang 2020)> ART 7%} B4 FE7]5 7AWl g% 0}
T ez o] EAE AAE mdolth(1H

=
(encoder)E E3l TS FE3F ART B S AA 71AI¢F 22 #
o 5

HapsiH, 2o SA et JdIHE O FEATIE HHes &
ok old =7 YBil= 2 540 At 53 deok == A
2 AoHe 54 e AnIdFoEN IAVF 22 =27E § Z
2Y & JAEE 3l ARLETS o|= &3] MNIST, CIFAR-10 59 Az
AA BE dolHANA HFHA Ll FAE A& G A5S HA
th. o] w=®ollA AlFEE CARLSONS ARLETO| 7|¥H& F3 glow,
MPARTO| A ¢} Zo] 34 EddEd ME sl Ao A= F71st
= 39, B ol2doR dntstetal dA 2Xo) A& A=
N AAA AL HEE F A=S THAAH
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Feature Extraction Clustering L Topological Learning L Active Querying
(pre-trained) (ART network) & Neighborhood Aggregation Tyihe
Input data from stream Input OQutput e
i
e | Representative | _
5 -i & informative? E

‘ ©
/ / bird
. e—
V) | = bird

B dog

.
.

. .

| I _______ 1 unknown

[1¥ 4] MPART =¥ FZ%(Kim, Hwang, Lee et al. 2020). FuzzyARTE 7| &S
2 3o Holg #4s wHgetH, WAA S 5 FAE 5o Jhest
T} =9 wTo| mx B2AT wg A Aot X dae Heqr)

Encoding | | Gaussian LPART | | Decoding |

l—{| U1,01, Q1 @ \

.

*

r

Ly

i, 0;,0Q;

r

|

OQPNQQ

(UM On1, Qm

A= ARLET %249 G %% (Choi, Hwang, and Zhang 2020). 7F¢-AI¢F 3 &

5]
3 FAE ASElE Gaussian LPARTZF F4lo] =, dHlo|EoA IS
7

—
01(
oL

AIY S} ZTAE Hlolg Yoz BEYst= tlZHE Gaussian LPART
Fo g5t AZL dgol Oigh sk H-5o] 753t

Ao ot
HI{N' 0_L4
QL

&

2 R s LI
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Ao F8 EASE HEIJES FET JAFIEY dIvE 4EH AA
A olm R o]F nz} NEZI(binary cross-entropy, BCE)Z A 2o|H )
A B2 S L, 5 HLsteles WEFeE I stEsdETh

L,,.= BCE(X, X) = BCE(X, D(E(X))) @)

A =R FeE oY dolE Aole #AE
= W% dolees E4o] sMithe Rl
A dolE mAze 2He FHRES 8
Alefol Baste, o g8 7t HAT <
A4 2@ PA e

AL AAA HolE & s}

A AT o] golF 719A%KGaussian) EEE BEAT. Z £

ofRlA e EA BEI} oY FHSAQF BEo] EFO EHUATIL 714

S Zh7ke] #Hol ASAY BEE UBIES magan. 2P o
A7) 253} AAFAHE A E hEFE AL =EE BEH
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= WE=E Yed
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i

o) 27] AAE olgdle] AT 4 Yor, WF TrAAel o8] BB
AAe T F2 e O 543 2ol Ut

Limﬁra :4 E - U(l) : ||Uz||§ (12)

Lmter’ mt7a9+ /\A] 601]/\‘] ng]?}‘_]_- Zﬂj\g/\é
2P J=ve] A% S B ¥+ LS 5

A J‘E_ Lintm’g’]_ Lmtragl }\O]—EHZ:]' %‘Q'E%

nira

L=1L,,,+ L+ Moo Linser + Nira L (13)

inter inter mtraintra

L A WA F HA & dy AIREH= A 2ol HE o0E

Q1 5T} (Variational Autoencoder, VAE; Kingma and Welling 2014)%] &3
Sl ST VAEE HlolH #4de o3 Eoz yirol <
F935ta, dle]lHe] =¥ $%(marginal likelihood)S FHUis}st= A o
q B AnHoz YA ZAH a4
9 W4 27 P48 H4ae Ak GelA CARLSONS T} 2
HEE VAES 4% JHEZE & 5 I

=

e
™
e
rhu
i
<
o
=
5
S
=
5
5
o
=
a
=
@)
3
M

H]|
propagation) ¥4 S AF&3HT} :rLiﬂZ#?_] 7] He LPARToﬂ
A A9 WHH(Kim, Hwang, Kang et al. 2020)= w2t}

7
X
P
s;
T &
9.

BA Au= F40] dYEHNS W A o iy iR EA
BE2E dHclET A% s, G == T A ARV} FF
g Aol Mg v tiite] HH, s =2V g expFoE A
= sty B2 ARFE FTA BE q9 Y94 & sumlq)oz Ao
st o] gro] 12T 2& o A3 diido = dAste, £A7F U= Hlo]



1o
=
f
o
=
N
g
b
=
§;
E
Y
a
12
}1
Ve
pr
b
[r
il
1o
A
X

BX BEYe ARE 67 7t Hdstd ﬁlo} =, &
S 120 FA fA87] 8 AAE BA FF F mo2 et

o] Hx L T Qe EL The S BT

q;

sum(q;)

Vieaw) (it 9
S ate) - o sumla;

)+(1—5)>< x% (14)

3.3. HolH A= 53 55 St

CARLSON©] &t<5ah uff thokdl XS JEugitd 1 2A9E 5
< =
T =

A FEI FARE A2 F Ao 28y 54 BXE AF g<53hA
AU AH] Agrt £ A e ARETE ¢ ARV U
Fatell gloh. 25 shFdAE g dlolHel g A" FAE AR
oA =& 7|37} eB=E o 2 FAE - A= FEHY F 9
th. CARLSONS oA F7] ruit}y fF&A0] 7H && HlolH Y EAE

Aol SEH oz Aeolgt

498 AT dolEHE AAAA 5L As) AT dolE e
A Aeste el b H@Aolth e 2o H5dE HolH:
A7l ek Bglol FHEHBE Shiel v nE A ofelg &
glom, ofd HolElst F8¥AE % elol ule WsmE Hud
ARE A4 Ytk BT, ASA 45 AEHEA NS AT

23 44 N9 An REE 95 dolg Age] B FE YUk

A HolHE AGstA Fix Ao HolHE 47 fdiM= "HEHE
o] &3k Aol dzoint. HAo AT B FATIA FAHHE ANd
< 7P 2343 ZoM FE8tH, ol B BAE S Fol AA
Al Jid SSE =T 7HE Bl A4  AESE At iE A=

¥
2 "':l"\-_i _'\,,I_. 11



= 52 1004 3 2o 22X B dEZY H(P)ZR HdH, &
A F2S 9% & = HA L& FoA AEEII} MH 2 A

3h A9 E sEdAe Hod £4kol w2t 24 s, T 7t
FAIRE FE FE3T
) . 2
Jquery = argmax, H(P,), s, ~N (szﬂwy’ ajmm) (15)

Spey= OFEE 551 9 wlolelol 2o o) dolH A4
H3, mEe 1 HolHe ®

A Yo/ T AR O1F 0 A gzl A9 deld A
F4¢ Q2 UBhE 55 F5e 54 1602 el 5 gl

rulm

>

>
oo

X
2
X
)

. 1o
ol
v}

N

lo

i

f

i)
][I~

yqu,e’ry = Q(D (Squery))7 q(}new) =q. + 1 (16)

Jquery Yquery Jquery Yquery

3.4. CARLSON g5 9 F=2
CARLSON 8t5e &

o ool A, Lo WL Tos HHolA FHE FAL ol
gatal 21 o) mE Re Pan AZue} ta e RtrEE

ol ESt). =T HAH HHolEs w3t A4 Aap o] 3§
st oy 99 HolEHREHE 74E JIIZHE F/43tET. CARLSONS

A sk Aabe daelE 19 20 SaE vh 22 A2 b
Blo] X8 FE2F de= Sts Alg nR7AR HolBE ISP Fol
<A =EE Zed, ojne E4stE ==V /oW HA =2 F dA
E7F OV w2 REE AR IFIY $A kB9 A EXAAM T}
d 2 EHE e ZAE FE AFE &, ©d T w4 B2
HAE Y FgEEolY 2ol HIAW EA F shuE dolE EHIG. F
E W delErt gedtd olES WA (bach)2 FFete] d=Hsta
A =2 gAdA FEE FES & Wl Axtsls aes Z&F<
FES T F A9

3 - 1
23 A = TH



(&g E 1] AEKZ 55 st A7 223 217 %(CARLSON)

I 52 AT Ne—¢ L HE n—0, BA FF m<—0

20 AZFt<—0

3070 48 (X, y)oll thal B 4~30 3 /I Rl FEA: 0
4: t — t+1.

5: y>mOlH me—m+1, N9 2 == q AL 1 37}

6 B4 r— E(X) /| E: 13Y
7. AWA EA 3 L, <« BCE(X, D(r)). // D: Y=Y
8 N9 7 w=ol Ui A¥E F(r,p,0”) A4 524

9 A == JF Al) <« {ilieENAF(r,p 0?) = p}. /| p: BAR
10: A(r)=o¢°1H BH 11~15 F:

11: n<nt+l, M2 == j=n= No| F7}

12: ik < Ths Uik «— 025 (k=1,--,dim(r)), a; < 1.

13: yoll @k q, 2A // 3214

14 ik 535 g Ly, ALt I 6
15: Linter < 0, Lipiro < 0.

16: 71 Qo= HE 17-25 53

17 A(r)e] 2 ==l tia] XN= CO(r,p,o?) AL /T4 4
18: A =B w < argmax;e 4 Clrop,o?).

19:0  p,% o2& HHCIE, a, < a,+1. I T
20: y> 001% Guy < Gyt 1.

21: Blr {z i€ A )/\sum(qi)<1}.

2. Blr )4 7t wof i #A M . /] ) 14
23 WA BRI Ly, A =4 6
2. =E P FH FF Ly, 74]*& 129
25 == W 54 ¢ L, AL 11212
20 AT TA e L AL 9 AR ol E). /5213
27 t% r=0°1" B 28-30& FH:

28: N A =T tig 4 AERT H(P) A/ F4 10
29: j < argmax,H(P;), % s ~ N(p;, 0] 2) =

300 D(s)ol EAE Hog AA=R g, GUolE

24 ___:rx _kl.'ll_
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t. o] FolA: CARLSONY 7id 84 H4% 55 42 olggom
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523. 4% A3 9 =9

43 A3 & 20 el itk NAO HlolE|Alell A= CARLSONC]
CNN# vl 3] Y53 =2 AeS Holy, Aol ZAE 100% AH&3h
st &k AdFZE S} fgFH 9 A ShF o
FA ¥v ASE Yewt. FolA= tolH
stH HujAl B/ Aex 493 g o)gtn
2 dolHAAdAE A2l EE 9 CARLSONO|

< HYom, MNISTS Fashion-MNIST A= A

100%E AHE83S "W vlxd ASAEE Bt = g2 58 1
FE-2 CARLSON®| EZHAVE @A Yt HO 2 o]ife Axs
335t CARLSON©] CNNETH HolE 48 &AU EA9f ¥
o, metAa ZE 5 A o AFsitta E ¢

dot T
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=k O
TS d

[ 2] A7 AA 7 229 FA%E S 23 1034 dFste] &7 A
Eo] Hid FAARE)E TR %)

tlo] B Al ;j*] X%] CNN (100%) CNN (Ef?%?% CARLSON
1% 22,6 (3.7) 37.8 (4.4) 36.3 (4.4)

NAO | 5% | 27.8 (12.7) 26.8 (6.1) 415 (3.3) 44.9 (5.6)
10% 29.2 (9.7) 238 (2.4) 45.0 (4.0)

1% 343 (143) 78.8 (1.6) 76.5 (1.0)

MNIST | 5% | 85.5 (10.4) 66.2 (13.1) 81.9 (1.4) 80.2 (1.0)
10% 71.0 (11.8) 822 (0.8) 86.6 (0.6)

1% 16.6 (3.6) 16.0 (0.8) 173 (1.1)

SVHN | 5% | 419 8.7) 207 (3.2) 19.2 (0.9) 20.5 (0.8)
10% 227 (8.1) 21.0 (0.9) 22.3 (0.9)

1% 419 (8.9) 67.8 (1.0) 66.1 (0.7)

m;g‘% 5% | 727 (7.6) 52,0 (7.4) 70.4 (0.4) 69.2 (0.6)
10% 58.0 (10.6) 71.6 (0.7) 70.8 (0.7)

1% 13.1 (2.1) 16.6 (1.5) 17.1 (0.7)

CIFAR-10 | 5% | 317 (3.8) 14.8 (2.9) 204 (0.5) 19.2 (0.9)
10% 18.0 (3.0) 212 (0.6) 22.1 (0.5)
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Abstract

Continual Active Robot Learning using

Self-organizing Neural Network

Injune Hwang
Department of Computer Science and Engineering

The Graduate School

Seoul National University

In this thesis, a continual and active machine learning method is proposed
to make artificial intelligence (AI) robots adapt to real environments and
form concepts of nearby objects. Recent advances in the field of Al have
led to the development of smart home appliances or Al speakers, but most
of these products may suffer performance degradation in actual use. This is
because they use functions such as voice or face recognition without adjust-
ing them to the individual operation environments. The deep learning techni-
ques used for these functions need to be trained repeatedly with big data
for a long time, and they have a risk of catastrophic forgetting when en-
countering increasingly diverse objects. Meanwhile, Al robots need to con-
tinuously learn skills and concepts from a relatively small number of newly
acquired data. Since humans are the most well-known agents that learn this
way, imitating human learning would be one of the most effective ways to
achieve the desired robot learning. The proposed model, CARLSON, in-

tegrates the strengths of the previous human-like machine learning methods.



CARLSON is a self-organizing neural network that can expand the
knowledge by comparing the incoming object image to the learned concepts.
In order to increase the efficiency and stability of learning, the model first
reduces the size and noise of high-dimensional input images by extracting
informative features, or representations, from them. The feature extraction is
carried out by an encoder which is jointly trained with a decoder that re-
constructs images from representations. CARLSON divides the representations
into groups in such a way that each group represents a single kind of ob-
jects, or an individual concept. The groups are implemented as nodes with
means and variances that are created or adjusted by considering both
top-down prediction and bottom-up activation as in Adaptive Resonance
Theory (Grossberg 1987). The whole model including the encoder and de-
coder is trained in an end-to-end manner, and updated upon every new
input. Using a label propagation method, CARLSON makes the similar no-
des share information so that it can infer the object categories even when
the labels are provided rarely. It can also actively ask a human operator
about uncertain concepts to further make up for insufficient information.

To evaluate the model, a visual object dataset was constructed by col-
lecting images with a humanoid robot NAO, and was used for object recog-
nition experiments. CARLSON clearly outperformed a convolutional neural
network (CNN) model and showed a stable performance even when the la-
bels were given rarely and each data could be accessed only once during
training. It also performed better than CNN in online semi-supervised recog-
nition tasks using well-known digit and object classification datasets:

MNIST, SVHN, Fashion-MNIST, and CIFAR-10.

Keywords: Continual learning, active learning, Al robot, self-organizing
neural network, online learning, semi-supervised learning
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