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Transfer leaming
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Transfer leaming

Transfer learning =82 &7 0|1+

O

= Ol stsol M 7HA| =8 ¢+ Olfr = Ofeit 5

[1] when to transfer: Source task -> Target task 2 2 T 0| &t

[2] how to transfer : ¥ 2|&

(Algorithm, Model)

[3] what to transfer : A] 2 CHE Task AHO|2| HO| 7ts

= LN2|FO0|CHE 2, MECHE HO| 7ttt XA S A 40|, 27 Ho| &5 4 50| L&
> 2t EFA(Brute-force exploration) B 212 A4 H|E0| B0 211, M 275
> Z2|AEISHEM (Heuristically selective exploration) 2f 2 & X|Al0] &
L|
D

3}, XX 9| &l A (sub-optimal improvement) O| OF
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Learning to Transfer
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Proposed

2T Framework

o 2 HHYAM= 2 Setting2 CHSOFE S xS =48 1yS #y8

«  [Training stage] N, #2| T 0| st5 A ({Ey, - Ex )= S3HM L2TS T 0| 45 2| Reflection function= H-& 2
= Reflection function: 0| 2t& S & (what to & how to transfer)=2 & =2 2(Domain 41} 15 AIO| 2 HO|E X|A S s 4 H|=

Mapping)

ol

(We)2 HEE W2l d5(pt) HIE

=L A
oI-EI

. . st - -
= Performance improvement ratio(z, = P¢ /pt ): Mol a5 Mg Mg ds@dh) tiH| &5 ¥1e
e

=

«  [Test stage] Al - o ee o )| XA E XAt

= learn transfer
= learning skills g ;
£ > J(S, T, W,)> 1,
e
@
.g .:,vl=argmaxf(s.\"cl‘j\,-l‘“r)‘ @ f(Sf,’]:,\V{)—)[c
> i
[

(@ optimize what to transfer for a target pair of source and target domains

<L2T Framework>




Proposed
Detail meaning: Parametenzing what to Transfer

«  (Latent feature factor) algorithm<= Domain Zt2| S ot EX 2 A (feature factors) &&
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Detail meaning: Leaming fromexpenences

«  Reflection function2 &t& S H = A5 7§ H| & (Performance improvement ratio, 1, ) At St= A, Ol 271X| SH-E D 2{sl A &h& 8| Of
b

ot

* [1] The Difference between a Source and a Target Domain
=  RKHS(Reproduction kernel Hilbert space) 0l & Domain= Mapping & MMD(Maximum mean discrepancy) A2l £ #&: d,

=  MMD BF2 E Domain 72| XI0| & FHSt= G| £F510{, 2= instance pair AFO|2| distance variance= T2 : 020 B eghefiZ! covariance matrix

* [2] The Discriminative Ability of a Target Domain

= I 52 (Discriminative Ability) Latent space Ol A 1) G AL sample AFO|= 717710 QL0{OfF 311 2) SALSIX| &2 A= He| A0{of
[=1;
=
. tr(wIsNw,
" _jlk_AﬂI Te = ( )/tT(WgSé‘We)

> SL:local scatter covariance matrix with the neighbor information / 7, Z|CH2t5H7| QISHA] SL x| 0|2 ME 7| 2] H2| 7t 747t Of

>  SN: non-local scatter covariance matrix I t.= ZICH=lSt7| A sL Z|Cff: OF 2 M= A e[~} HOfof gt
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Experiment

Expeniment (1): Performance Comparison

« C}ABH 24 (Target domain2| 20| £0| &2l ME29| =) | CHEl L2T Framework2| 45 0| Baseline CHH| S A A4 50| %|4& 1096 k4t

> Hlo|S 2El W3] +7} BOoMESF, TO| ot5oHA| pie B2 g7t 20X & 20| /Y ds 7H4d |20 Ha

o (Test ™ & F2IQ|Z MENSH Source-domain A 0OICIS| ¥ 2|E 27 M= JA| L2T FrameworkO| 2| A Baseline 452 57t
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pot

> g0|=0] 22l ME2 +=7t H1 & domain 72| RAHS0| & 87, HO| 7tsot X[ A5 O BELO| ROt 7= 3 A 7]

1.2 T T T T T T T T T 0.9 — T 0.3 R w— 1
N TCA LSDT N DIP 0.85 e " 1
115 | mL GFK = SIE | 7 — : ML e i Zo9s |
: S CMF s STL . LT g S 08 === g '8
3. S 075 B ns-._s_.f
L] m d Ld pu' 11
14 | T € - Driginal § o7l A/ — Original GFK Soss I'ff *— Original GFK |
E ~ TCA ~ STL = -~ TCA -~ STL E fi ~ TCA -~ STL
g m + DIP i L + DIP g i L + DIP
105 | T - -+~ CMF + SBIE E“'Es i +— CMF + SIE t o8} = CMF + SIE
E LSDT = 12T E 08 / LSDT = LT = [ LSDT = L2T
o 3} ' o
1 - . ; | B 0.75 H
0 15 30 45 60 75 90 105 120 %5015 30 45 60 75 s0 105 120 0 15 30 45 60 75 90 105 120
| | | ‘ | | | | | The number of labeled examples The number of labeled examplas The number of labeled examples
0.95 I in a target domain in a target domain In a target domain
31 15 30 45 1|:|5 " 420 (a) galaxy / harpsichord / saturn (b) bat / mountain-bike / saddle (¢) microwave / spider / watch
The number of labeled B“mp|ﬂ ina hmm dmaln # kangaroo / standing-bird / sun » bush / person / walkie-talkie » spoon / trumpet / wheel

Performance improvement ratio

<Performance Comparison / left: Average performance improvement, right: classification accuracy>
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Expeniment (2): Varying the EXpenences

- - - —/ —
- MO|TE YO =8 17(1,000) 2 Yn2|E [IE d52 EH, L2TY A reflection function &t&5t= A 0| f2|0]gt d& 74 M

= SO S S — SEA e = L - & x b~ L o1
- 221 FHEE 08 7, U AEL = MOl g FE 5 =2 Ul 45 <0 Flot= B
# of labeled 3 15 30 45 60 75 9 105 120 1000 A87
examples
TCA 10181 1.0024 09965 09973 09941 09933 09938 09927 0.9928 §
ITL 10188 1.0248 1.0250 1.0254 10250 1.0224 10232 10224 10224 c 800
CMF 09607 1.0203 1.0224 1.0218 10190 10158 10144 10142 10125 = 149
LSDT 10828 1.0168 09988 09940 09895 09867 09854 09834 09837
GFK 09729 10180 1.0232 1.0243 10246 10219 10239 10229 1.0225 §
STL 09973 09771 09715 09713 09715 09694 09705 09693 0.9693 o 600
DIP 10875 10633 1.0518 1.0465 10425 10372 10365 10343 10317 s 1.108
SIE 10745 10579 1.0485 1.0448 10412 10359 10359 10334 10318
ITL + LoT 11210 1.0737 1.0577 1.0506 10456 10398 10304 10361 1.0359 g 400
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0002 0.0002 E
DIP 4 LT 11605 1.0927 10718 1.0620 10562 10500 10483 10461 1.0451 2 (1.066
0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 2200
(LSDT/GFK 11660 1.0973 10746 1.0652 10573 10506 10485 10451 1.0429 -
/SIE) + L2T 0.0000  0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
(TCANTL/CMF/GFK  1.1712 1.0954 10707 10607 1.0529 1.0469 10449 1.0421 1.0416 50 025
ALSDT/SIEN + 12T 0000 0.0000 00001 00001 00106 00019 0.0002 0.0047 0.0106 3 20 40 60 80 100 120
' ' ' ' . . . . . The number of labeled examples
all + L2T 11872 1.1054 1.0795 1.0699 _1.0616 1.0551 _1.0531 1.0500 1.0502

in a target domain
<The performance improvement ratios / left: Algorithm set, right: the number of transfer learning experience>
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Expeniment (3): Varying the Reflection Function
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L2T2| Reflection function 37}X|] 2 (MMD, variance, discriminant criterion) 25 112{3}
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<The performance improvement ratios / left: the configurations of reflection function, right: kernel range>
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