AA 7k A&EgGAA A5 NIAFR BRE JEHES
Z83 E17] dHolg FA wE 4 %— s

ol A

—

ol
E

701"?1—7‘5, Ot-} ol

e

xjaekoo@kookmin.ac.kr

Performance Analysis of Exemplar Data Condition
with Differential Privacy in Replay—based Continual Learning

Minjun Kang, Jungmin Eom, Jaekoo Leex*
College of Computer Science, Kookmin University

Al
=

T AR 2dE A2 BYS TFHFAIIE A 7IE JPAdA AAe e AstE B
& 4H(Catastrophic Forgetting)©o]2tal st sid & 5 o = &
ATFE AL A AReplay) 7]%‘} AL g WHEL o

2 e
dlo] Bl (Exemplar) &4 &-83f+= H ““ o7 giHoR AL g

g & g5 i <
ol o] iR BHEvt "J 83 st A ER7] dely T AV #As, B =1 /\1—'5 ER17] doly FAe
215 MAAH B B3 (Differential Privacy) 7]4F 2= E‘ri w7 Y (Laplace Mechanism) #&2<S =5k, o2 3k

MAgn 15 ol A% shgel AL AL v nge

A Ao ® nHE= FEE 7IYelt X} MAPE BT
[4]= A& dolE 2 9ol ¢du Fol kol
AAle] A5 AAES HFE v, Ado AE 5 o FAAY Fes AdTews A Oﬂxﬂ of gk Wzke
&k Aol Holdk Ass Btk ANk AA *u% ARE B 729 dags Frb da=rt shut
A7 A2 oA &3] DA stE Hgle] Wstele g BE ol dolguolx pot prol el ofefo]
Aol ti-&ste Aol olHEs Atk E=e, @A A A (DS W= e-xE QAR E BE[4]7F A geh
o o8, ¥8& & Vg 711?173 dolEH & o= Eof
oAlA AF TS &8V feiAE MAAE HEE P[FMD) € Rl <ef = P[F(D) € R] (D
atefafof gt
AT AAT mdo] MR AAS el wE o o714 & & MIAR BE JEE 243 WMoY, ¢
v g5k Al Adeol A “JOV]“ wAE Al o] ZA&FE AR BEI} et
H% wZHCatastrophic Forgetting)[1]0]2}aL &}, o] 2 =folMe iCaRL[2] 71¥¥ A5 AR HE
elgk AE sjAdstrl flasl A% 3F(Continual [4] 71WF &g~ A YF(Laplace Mechanism)[4] 7]
Learning) ﬁ?ﬂ e o A% gEe o) Iy HE &85kl JiIBE BREE st Ad 7wk A&
o] A oA FowA AEE JJroq% 5dhe A S 5S B8k
ERE 3 AE ShEe dwtdow o) 3] el dHlo]
Hell& fHatA EatAd A5 o] &3 F e 4% o.&e
e A IR AT B eRaie 9% awd g9 a8 Adde @
(Replay) W2 8553k dolEle] dF-5 LRY] HolH a0l Ao A wedals Zga =R Ae o
(Exemplar)i Uﬂ»ﬂ‘)ﬂ At A= %LOS g0l & (EIE-'L T U A A
. = ass—incremental Scenario)& IEgtt) HEe FE
&3l BAo® FhdatiA Hojd A5s Bt tii Ao e AW ARE A3 R, A 27hA ks
qal A9 o 9% s 7Mel iCaRLI21E S owE Zg s Hew o golor @d. o
Herding[3] 71¥F 2®7] doly 43} Nearest- LiCal;L 9]¢ HerLdmg[S] 7}{‘?} %£7].H]°]E1 B

Mean-of-Exemplars ®F 7|¥H[2]2 &3 HAH A5
< 2Adskglt.

SHE, AR HEE AS A4 g5 3 e
a3t 38 AR T shubolrk A AAW E
g gt dolHe w&& WAsEE v A7t
#ﬂ%, 25 A ® ¥ 5 (Differential Privacy)[4]&= F

FeladE J7S AMsta, BFEoA ke HolHE
Aeste] FH~E dxshe 227 doldy IFS 74
o}‘“ HAZFo|t}. Nearest-Mean-of-Exemplars —HrTr 719

2 228 ERU] delHe Bas AEAE HF
:0‘}04 2y Hato 7 7k 2R ERshe Aol
c}.

o
i
2
2
0, oy of

(



samples
i

I3 1. AR B35 7)Y
A% o] g diolErF Wizt ARE @i Jrid,
Ry dolg FA MAAR BT EA7L dAsT)
uhEhA], [ 1]dA & ¢ Axo] ER7] oy 4
S gt F dAe AR B 7ES AASSl
$A, 712AA ANAAR BEE 3 A 7 o s
¥R PRy dHelHE Nl 992 HiE o
B 5 FASAY. olE T Y FHd
A BEAAE FASHEA dE dolHE AFsA Z=
aH3l Tt E‘r%z H% AL AR s 93
7Nk gEets MAYE[4]
=5 ‘iiﬂ o] 1E1 E Ao Akt Eg, 25
7l "ol e FSE& 12#3le] Nearest-Mean-
of-Exemplars & 71H[2]9 S22 EZ17] ool
Hirs Fdnie) A ka2 sglt.

m 23

Ao A-g3g dlojE I dlxd AET Az
dgolel A& F 3¢l MedMNIST[5]elH, o F
OrganAMNIST®} PathMNIST dolH S A1-83H%)
o} OrganAMNIST= AlAl Z71& &9 3D CT I42
ZRE de 2D A Few 11y FHAE FAHL.
PathMNISTE o3¢t 228 &gol= Ao 97)9]
Y22 FAEY WA AGe] = T =40, EHY|
golHe 7 d9E N = 30|t} Y & T~
S 7+ oy A ¥& [3,3,3,2],103,2, 2, 21 F
Aot e FHla TR AYE A AW 2R
Aol g AHee Hrpslern, Rde HIL
(Accuracy, %)¢} Wz (Forgetting, %)S =43ttt A
= AAY 7de ResNetl8[6]S AgsIHTE ER7)
dolg Mgt Arle dAAA AGs uHse HA
e TE] 2007}11 frA s et

AP A [F 119 deden, [ 1]
B7be mpA e 3y TS vzl & ﬂ%f& BE 7o
gk 7} AdeS Hdgk ko)) Basehne°

<

o 713_2—1?1 7N
AR HIE A& oz Bry| HoHE = 37
o] HS Hgste] FASAT ‘:}o Oi Od“é@ 7Nl
AR BEE 98 fEex vAYSF[4] 76k é}% Rt
ZIHE MAAE RS Hre ’“LJJrJ Jr71ﬂ Q13171
Qs ¢ =1, 5, 1002 27 A& &9} Fmetunm L o
w3k AL Ty VHE 48 }X] g vl BHFEe g5t
Aol [% 119 & A8 A¥= 3709 o =732
ARESl] A AY ARE HT s X ol
¥ 1.AQAR BE 7Y Fg A dn
Dataset OrganAMNIST PathMNIST
Metric Accx(?) | Fgxx({) | Acc(h) Fg(d)
Baseline 63.08 40.11 54.03 49.15
e=1 57.55 46.11 47.19 60.09
e=5 62.93 40.09 50.42 55.77
¢=10 64.62 37.88 51.03 54.28
Finetuning 27.66 76.16 23.90 70.76

*: Accuracy **: Forgetting

A A [E 1]dA Bolzo], 7 dolg IF =57
AR HS 34— z24d W5 e #ol s g
B3 w7t Wojxxm wWzto] ZF7MEHE Rtk 1,
AR BE A=rt /P =2 e = 17 71240 i
B ®B357} {83 Baseline? *}°]7} OrganAMNIST

749 5.53%p, PathMNIST?2] A% 6.84%p= 2 A5
go] WA ek W, g = 13 A& S 7IW ol
|57 g Fmetunng A e x}O]‘— vz}
29.89%p, 23.29%p= & A% ZolE Hlt}. o=, Y
AR BT ZFE7) Zold4E Ay 937 HASA N
R dolg FA JMAAR ®BE 7)Ho] ZsiA A
SEoE o3 A% FFo] avH o dAdHT= A

= BoEnh

Jii’.ﬂi&o}iéﬁs‘:

v. 2 &

B E=RAE /fAAR BRI Bod Ad Jur o
& 8k B0 A EHY] delH ?“é TAE #4dst7]
Az JHIAR B 7PHE A&ttt A A, <l
AR Hoel BY AT I AHAg i“‘é% Q8=
T TAE Fsgley, =2 9 AT MR B
S[4] 719 gEets wAYUES[4] S AYsidE 4
& Slgo] Ay Hor PP S ol

ACKNOWLEDGMENT

o] =S 20229 % AY(FHr|EAREANT)] AYor A
RENDGAAS] AAE wob FT AT (No.2022-0-
00516, 7HEA Ol Ele] 4 b5 d A5ARBE AHE =
Faha FARNS F84S Aol s B4 92

218

[1] McCloskey, Michael, and Neal J. Cohen. "Catastrophic
interference in connectionist networks: The sequential
learning problem." Psychology of learning and
motivation. Vol. 24. Academic Press, 1989. 109-165.

[2] Rebuffi, Sylvestre-Alvise, et al. "icarl: Incremental
classifier and representation learning." Proceedings of
the I[EEE conference on Computer Vision and Pattern
Recognition. 2017.

[3] Welling, Max. "Herding dynamical weights to
learn." Proceedings of the 26th Annual International
Conference on Machine Learning. 2009.

[4] Dwork, Cynthia, et al. "Calibrating noise to sensitivity in
private data analysis." Theory of Cryptography: Third
Theory of Cryptography Conference, TCC 2006, New
York, NY, USA, March 4-7, 2006. Proceedings 3.
Springer Berlin Heidelberg, 2006.

[5] Yang, Jiancheng, et al. "MedMNIST v2-A large-scale
lightweight benchmark for 2D and 3D biomedical image
classification." Scientific Data 10.1 (2023): 41

[6] He, Kaiming, et al. "Deep residual learning for image
recognition." Proceedings of the I[EEE conference on
computer vision and pattern recognition. 2016.



