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ABSTRACT

As the reliability of autonomous driving systems becomes increasingly critical, research has been actively
conducted on applying deep learning using GPUs as local edge devices. However, a major challenge remains:
edge-based deep learning for autonomous driving often lacks the ability to quickly adapt to newly incoming data
in real time. In this paper, we propose integrating Continual Learning (CL) algorithms into the deep learning
training process on edge devices to enhance real-time adaptability and improve accuracy. Through experiments
applying EWC and Rehearsal on an NVIDIA Jetson AGX-based edge environment, we demonstrate that CL

algorithms can rapidly adapt to real-time environments without compromising accuracy.

#ooo] Ed 2025W% AFERPIsARSAHE AR dmdAde] ASlE dkel " A7 EHAWE:
RS-2025-24534879).
¢ First Author : Sookmyung Women‘s University, Department of Computer Science, mariewldms@sookmyung.ac.kr
° Corresponding Author : Sookmyung Women‘s University, Department of Computer Science, yulan@sookmyung.ac.kr
* Sookmyung Women‘s University, Department of Computer Science, theoadufu@sookmyung.ac.kr
=& KNOM2025-01-01, Received July 14, 2025; Revised August 08, 2025; Accepted August 25, 2025



KNOM Review ’25-01 Vol.28 No.0O1

I.M 2

AT wEslE GPUE ZkeR AgFalg X
Zjﬁ_la]oﬂ 1:1311/12 .1.}}5]—7] .r]zf} H]—O]—o] EI—H]—;:;]_H]
Algk=]a gJrk 53], NVIDIA Jetson AGX Orin
[1], NVIDIA Jetson AGX Xavier [2] 5 Al &
o] 753 EE GPU W 81 o] HAshE A&
TG A4 S-S a3 AkZE Barsich
A AAzde] FosH AARE 2 T3
FellA, cekgt 549 wE dleleE kel
gk dAelAe] Helde I35 BHEE eaw
AAAm A AJzdlel] Eslalr] 913 Aol A=
=5 olek

c:__‘lql_z—log—:’ 1:1;/1}1,] nds E—‘—H 3_[% ) _‘,io]

SERSR R RIS s}ﬁ]i Q13 ]
9 AR, A el Aleje] weck #al 4
& §130 Aol AP FE Ll A4 A

[310] A= QIARE, F-2o] opd AHE- dlolE]
3 A ANAY TAE A= ek =3
AL X = AAZE FEE tekE %
tloJe]el] A-gsllof 31| wiwel] wE #-go] H%
83k

Continual Learning(CL, %< &9)> 2l 3
ZdelA AZE IAE S o 71 Al
g Asol A% AskEe s Wt
(Catastrophic forgetting) A HIX|SE7| $l&f A
AlEl weltt [4]. 19 12 CL9 o]24 4l ¥
g go|zepels BAERE FE2%r 4] 1F 1
9] a= CLO] = ‘4739] ‘3]0151 °°]°ﬂ 253k

94
dnks, -n"r"d‘é)*%, 1‘%‘ 14 c= erxé °ﬂ Homd
21 CLo] E]lx= ;(]X—LQ.’ a3 19 d= o|E3}
uhs 7Mke g CLo| AAl A4 IS Hlch
CL WHES 4 2ol 28] 2] dlole] 3
9% nEslmd HZE dolHE i

2= 7]

H g

HA ] 1S PF= Zle] CLo 4] Fbde]rt
CL <a2]&2 Computer Vision(CV), Natural

Language Processing(NLP), Reinforcement
Learning(RL) 52 #ofoll A4 & glon, I
Al AAZE A olvlA] HE E BF [5]
5 AN B4 A BHom gEgch oA
CLS I (Plasticity) & 7]Hko2 AlA|7ko g

dele AR deleld Aka qeat 5 gl

2

m @ m /— Data < Replay
Time (Limited Resource) l :
Model ¢ Architecture
/
L Representation
—— — o
Stability Plasticity Prediction Regularization
L/ ] !
""""""""""""""" - Optimization
“— Generalizabilty — i > Loss 7
i, o
Theory Method |
d/ v ¥
Each Task
Task Specificity: ~ =w=eeeemereeeens > i lexity:
pecificity Scenario Complexity Applisation
CV,NLRRL, ... Sozsionaianenes Training & Inference
Each Scenario
k

2! 1. CL(Continual Learning)®] 7Nd# 3 [4]
Fig. 1. A conceptual framework of continual learning

= AR A AR L 97 AR el 4
Ade] @ 4 glrh Wb =R FEG o

9 A AzE dlolelo] meA A8
el oL FaElEe] A% 31 A

=

< = w13
e B el %‘—ﬂl&‘r A b

£ Aox= dAeA GPUE 83l Helds
gk As) A7 AHlE AEsla, 71 CL A
Z  7HEe R 2838 oX|e]] CL dxEE2
sk & H9AdS Hlh

L

71E AT [6,7]914+= A Ul GPUE 43
Held ik skl 2ok dlo|gAls F3l
5% YOLOvS, YOLOv9 RElS 7jHlog =2
£ dwtj= 7572l NVIDIA Jetson AGX Orin
A FE S AH 2 s B4
[6]. =3k o#| FHFHe] 2 HAE WAdE] 9
3] ConvNet, ResNet50, EfficientNet-BO2 33t




A& elx]9] Continual Learning 2]-3- A5 4

Az oPIHACoPAR)E Akl FE ol
Zo 2232|902 Az2|sla, TP Rate(True Positive
Rate)”} 71% ol &8l 1435 GPU<} vt A5
< B3} [7]. o]MH JdA= HEld 7HE 22

7FestAIRE, mel Sro 1AlS GPUoIA %13
k= HollA s mlF3lch

2. AT 7

AEHen wskshs 4 x=FHE ARSI
A= Aot Ao 3 913 A5E S18 A
ZroR fiEls wlolEel Agelol ok v
JA| &> GPU <dit Aest vlmelr) Algbel
7] whigell 24s GPUSH Ak Aghee] Hed
7] Sl B w2 Ak ARsle] Agslet ol
el A] CLe] JabAql sdAe] & < itk CL
& AR dlelEe] fslel fadshl A-8shiA

e A7 <kl st Ao wEe 8T
[e)

2 AHox= CL ¢85 Elastic  Weight
Consolidation(EWC), RehearsalS- <= S5 HFA
o] 2838t WhAlS {43}, Convolutional Neural
Network(CNN) 7|1} o]w]z] F-5 wdls Mgl
iRk 2 Alg Ayg BAS Stk 78 s A

e AEsi

1. CL ¢212|&

a8 19] e oMl Eel CL W Eel 3
Aol Ei=s 7S 371gl CL W2l
+ Regularization-Based Approach, Replay-Based
Approach, Optimization-Based Approach,
Representation-Based Approach, Architecture-Based
Approach7} ¢lt} [4]. 2 A7+ dlFAel CL 7|9
= Regularization-Based Approach®}
Replay-Based Approach HW}A]S- 83t}

EWC+ Regularization-Based Approachel] =3}
= dae]Felrh 71E lossoll A3k terms T
3 melo] rigx] WIlE Hadlehs WAoR, &
2 7FAEFE AdER ghe] W3lelA] ¢dot
old 7]9& HEZH} [8]. EWCE ¥ (Backbone)
welol] H-gsh= el wiA] D9l Ssro]
B2 wvich 2] (1) WA Zeo] Az Sl )
olefell gt loss L, (0.D)¢k F(6,—6;)°< v

new

gk gl 7= A2E 3 AFE Ul lossE 7Y
Agiel B 7 IlEpilEe] 8 EE ovshd,
(6,—06))%= devee] Haleks A3 A3l

A .
Lypywe(0.D) = L., (6.D) + EZFi(ei —0)* (1)

Rehearsal-> Replay-Based Approachel] 3&|wd3h=
darejFelrt. ¥ 7E dy AlES AR
Mz Shego] zlad o A ez} A AR
%3led wzb &AKcatastrophic forgetting)2- WA 3}
wholel [9]. 2Edle] Wiz sk grel I
A3, A2E 3sr dolHE o]gsl ket
W3 W S Al g2 A (29
Aog AR MRS dsF g 7IRE loss
(0,D,.,) <+ W= 7|9t loss L(6,D,,,) ] 74

s F S v8 #E lossE 7A1ET [10].

o & afu rr

~

L, (6,D)=L(6,D

new

) +4L(0,De) @

2. CNN 2& MA

olw|A] dlo|g|AlE dF3lH CL LSS A
48 dxAQ FA AAY 7E olv|x] R =
Wl ResNet503} EfficientNet B0 A1 3Ich
ResNet50-> %2} ¢1Z(residual connection)2 =
3 Held mdle] Zlolg avHoer 59 4
= AAE A<l x4 CNN - mEle]rt
EfficientNet_B0-> R2&1e] Zlo] uw]|, sjd=E
3 oA EFAsl= WAl(compound scaling)S 53
A2 e E 2 AEEE s AEskE
Al mdlo|c} [12].

¢

N

[ =
12

N

3. 845 A=
CLe Aes Ietslr] A7 3714 7Iesles
=

[4] A A¥E A s Axs AR

A AR, AE2g dlo]eAlle] Shru= A oA
o] 7]9& HESh= HAA(Stability) B7F A%
2 Root Mean Squared Error(RMSE)E E-83lc}
RMSE+= CL &a2]g A4 shepe] stuedl 5 3
71 dlelgjAle] dig ke R W $AE
3kl o] dISght AAREe AolE FAHI=
| B7F Aotk

T WA, EarEsta oleksl glHel d-e-st
A #elsh= Uuksl(Generalizability) A|%2

<3

-

w



KNOM Review ’25-01 Vol.28 No.0O1

2 HAolA 2] lossE 83tk A2 x|
dlolejdle] =SS W] loss W3S 7|Hke®
wele] sk SHE A0 FoR

sAuhe e Al ol el WA Hgahs
A5 Feolalr] 213 fdA(Plasticity)  A|E=
Converge Step(CS)Z} Loss Reduction Rate(LRR)E
EEE

CcS=min{te[1, 7L, <€) 3)

ossike] FAlellA] #F HAf loss

227} eo] H= AAH HAE &
WS E]ls] 7lEdel dvkt whEA] FRIskEA]
AeE 4 B)el = 29 W, TE A

x]
2~E - Ltl‘f t 229 & It loss o]tk

“4)

= "3
% 0]%—’8“ 7HAL. 4114—% "4"}.6}—]:]‘ LmaXL‘ "’]EH .‘_[1

H loss, L= 2% 74 3 loss, T+ A

2L

24 ]/‘1‘“ Alglel] ARl Ae73) 2] =
A ol 5E $I8E ol AglgoR At ol
=] NV1d1a Jetson Orin AGXel dfjsf] Adwglc} o]
F AvEle AA A 2 diA]elA] CL s w4
< Zleyst Avs Asgich

1. Hllol&

4132 Woven by Toyota [13] A A&k
Z d|o]E]Al(prediction-dataset) = A28t} s ©)
OB AlL zarr FHO R AlFEM, 23 wulz
g Abx|o] I 24 4 10HzY] 52 1124
7Fsal AAgE Aok s dlolg] Aol 10074
o] Arele] oeldEZd EAlshs =2 9] A%
Al Ak, 24838702] =ZIU(E Al =%,
1893736712 ollo|HERAFEAL Al 5 T2 )9
A, 31600870] AlzFe] &gt g 22

zarr S}E 7PHEeR I5kit vjo]d ejo|Bze|e]
AgentDataset A5 F3l Shzol] A3kst dlole|Al

F=Yct dlolE Azl Fog A —JAZi‘C‘ A
7l agent motion config.yaml I}1¢] 7|58 wsh
(4], = A5k 1116340 dlolel o] A
WY 2] delelAe shte] eolAEq
2l ool e o34 dloleldo]ek
Slol=e] e selaiel ofulx], )
vlel Epl 917, W A, Al =2
SlolHEs] F Al HR A|EE

32 [o o} ru[o

_,VL_EL
5 .
NI

o
N
a

NE gt_,‘ I-‘Nl
°,
T o
=

5
-

oft j;—? o

xgxm 11163471 ®leJE}sl2  PyTorch®|
DataLoadergs 53 #lx wE EFE]
ResNet507} EfficientNet-s 53l %k 92 =
AL & dle]dEL] v $AE Cl53, T
e AA vl ¢x]e} v|ws) lossE ARE3IT]

£ AFelx= oA AellA] CLe] == A3
= T3] Sl AA dHelAls 4% Z27]
Al 7He] dHlelg|Ale R &3l CL 3 dae]s
L5 A3l Al 7R 278 2 dlolg Al
3] TE F odE SAE 7ok g, dedE
o £u2 J|FoR oAS BRIk

dloJe| Al Al 7EA]] ke F3 FHeA dle]
Bl 553k A3k 7Pl 7 dlelgAle] &
S(target velocities) <3¢ 3 WA Ldxgks 7
o8 BE deleAls 22 ghE AHdiE AY
g5 A Y] "AR Z‘l“/}. A WA dA=
0.0m/s-0.2m/s8] &£x 2 Fael= dlolelAle] #gt
o]tiLow-velocity Task). XA ellA] AA|=]o13)A
v Axkslks 3304 dlolElE Alske AR
7). 7 WA 2= 0.2m/s - 2.09m/so] %
2 F3Psh= dlo|ej el Flgto]tiModerate-velocity
Task). THEHE7}F Algheo] AV AA == 73
o APl Clo|HEES] dolelE sk A
s 7Pt v wAl= 2.09m/s - 30.99m/s
o &= FYsk= delEEe  Ageldt
(High-velocity Task). T&E=2E B|5E3E Uubzql
E2F3Y AselA dHeolHE FAlske A 7
gl

Lo o\$L

ﬂl

2. &F 24

oJz]2l NVIDIA Jetson AGX Orinel|4] dlo]g|Z
ksl =230} Jetson AGX Orin Al8]| 2= Al
A8l s oiX|ofld] P & Q=S AR U

= Alxwlo|u} Sy W FE2o| xI3%l Jetson

I~



21-8-5-3) oA 2] Continual Learning -8 A5 ¥4

AGX Orin 32GBE Ampere Architecture 7|4k
GPU<} 8301 CPU7} 3hte] 32GB | ®e]E ¥
3= SoC(System on Chip) °}71€lAc} [15]. AA]
Al 7b b AxEl 253 aE RUE]E
A 2Hlol] ARE- [16]%H 22 2573 dHoleMls &
43 Aol AHEgshe 1 12 2 el ARE
Axe] Ait s H ARKE 7]Egt [15].

1. A&l A5 olX|(Jetson AGX Orin 32GB)F2 A}

FH

(<3
a1l

[}
Table 1. Configuration of the Edge Al (NVIIDA Jetson
AGX Orin)

Specification Details
Model Jetson AGX Orin 32GB
Al

200 TOPS(INT8
Performance ( )

NVIDIA Ampere architecture (1792
GPU NVIDIA CUDA cores,

56 Tensor Cores)
8-core ARM Cortex-A78AE v8.2 64-bit

CPU CPU
2MB L2 +4MB L3
Memory 32GB 256-bit LPDDRS 204.8 GB/s
Power 15W-40W

m RAM m Swap

25
Sampling Size (%)

T2 2. dloJejsl A& =)ol wE sk AR A RAM,
Swap A&

Fig. 2. RAM and Swap Usage at Training Start
According to Dataset Sampling Size

Ae A dHlolHAE wme]e] Hashk= 2l
T W|mz] f2ko] 32GB2l Jetson AGX Orine A
Al el HA7E 27Fs T 10% el e

@ A9 28] 29} 2] 30%9] Hele e AE
e we o oy Al wmelsh ExjsH ol

mRAM = Swap Workqueue Workqueue
100 Lockup (20%) Lockup (40%)

0 II II II
8 16 32

Batch Size

=
8

Memory Usage (%)
8

N
&

8

a7 3. ®HE F A =7l w9 Hd| RAM,
Swap A&

Fig. 3. Maximum RAM and Swap Usage on Edge
During Deep Learning by Batch Size

OOM(Out Of Memory) 2.2 2kgjo] ZFetsic}. 25%
AET] A OOM> HAEA] e¥gkort RAM A
8-S 98.6%, Swap "lwEl HAES 20%%
Swap "|R2E= RAMe] 715 35 o v do]
A5 Yoz olsl Eg vimes Frspb] ¢
g Bz prkos wing] 55 sislsA|Rt RAM
Hr} &xrh zeo)l [17]. webd RAM Ak g7t
o] gl ArElelA CPU, GPUZHF 52 A] &&7}
=2 12%2] %k RAM 37ke] Sl 20% dle]
Ao $xE Ak Agdl 8% AA dH
oEJ Al 223257]0H, 7+ A 7He] wAl= AA H]
oE]9] 1/37]4] 744270¢] ©loE| XS F3Hich

debdow md sy A wiF =)=
GPU H|xz] &dekol wnlgic) ufepd dlo]eAl
< 7442002 aAstA wix] Z7)E A 1
< Wz Z7]e] wE FHd wxe] H5-ES e
ok sk ABSellA =] Z717) 8 Wi 59
Al F 5 BT AR g 8 FEe] vbs
ok wbd wiE] =70)7) 169 wlE 20%, WA =7
7 324wl 40%9] EHEE YaiF =
(Workqueue Lockup) [18,19]°] *A3lct $=5F
242 871°] CPU o] 5 5A CPU U9 74
Az W HAN 54 zsde] <iEet zlsyE]
o] di71gt A2 2jde] Frkwl= Wk wx] =7
7} 16, 32 w] Swap W®E|E 50% oAt A-8-s)
CPU7} Swapl 2 HE] HloJeE Eu] ot I olA]
s =7} FEQleh weba Fgle] AxE =
3l7] 9l wix| =27)5 8= AR

AlFe o71A] Wy ®d ResNet507



KNOM Review ’25-01 Vol.28 No.0O1

E 2. CL o3 S 4% A% v
Ta b| . Continual Learning Performance Comparison
Average Loss Accuracy
Low Moderate High Training CS
Backb: Method LRR
ackbone etho velocity velocity velocity RMSE Time (e=10)
Task Task Task
Naive 0.62 2.46 35.86 12.03 592.66 406 0.21
EfficientNet EWC 0.61 2.45 35.97 12.81 1135.94 443 0.35
Rehearsal 1.19 3.89 146.07 8.30 1127.38 208 0.09
Naive 0.62 2.56 43.63 13.83 639.64 428 0.21
ResNet50 EWC 0.62 2.56 42.68 11.96 1098.96 488 0.37
Rehearsal 1.26 4.53 168.64 10.45 1192.22 181 0.08
EfficientNetol|4] CL vIA-§- == ks W], EWC, Al 22jcl. EWC+= EfficientNet, ResNet509i4]
Rehearal] 552 Sedslel 5 ok el 2t €A loss9h RMSEZ} 5 sk o] +2 o]
A, KA, L e vk Weld
W3t CL FES sMew Sedw w4 =
dlolel e st 5, Wb Bgeld] Ase vt =
ok 2z AP ol WY elEglen, Al I
Aed ol el A3 Astke] Hdgtkeltt. CPU N Ny
AxeRe #2sksls Al S N R B

Hlasbr] 918wl
shte] ZEAlE o
et

£ 2% 7P ARl me AP loss, 3ol

dele] dlole] = el
9l Aelsln] 9w w7 A

AWD w5 A7 Wh A AREE: ZAse
RMSE, Converge Step(CS), Loss Reduction
Rate(LRR)® |t}

A3 A3} EfficientNetol|X] EWC2} Rehearsal
Wt Sy WAl mle)] sy Alzte] 1.9w) A

2137, ResNet50¢l|4 EWC+ 1.74l], Rehearsal= 1.8

] A9t} EWCE 372 Fisher Information
MatrixS #-83}37, Rehearsale z|Zdo| &

7lHte g A lossE SR AL A2 lossE
ZRALS W "lmic)h S ko R Sy Al7te| oF
2ul] ZHolxick

AT s S BAe Sl s Te)
A A losE E24eka, s 2 ¥ 97t

A oA RMSE&
lolelr} 2= uﬂ
/\]Q

S48t loss= WA @R
v ~Eivic}h AREEw, 3 20
losst ZF =AY 2B <1 9307} loss2]
ateltlh. RMSE+= <
1 dlelelAllell A 2t
ek §, oloiAl= 5070 =

sk A Azsl Aol 2

¢

o of
&i

=
A

N

ofr

<
T

o,

=4 H 7414}?& %T’f«l

[ep]

40 600 800

Step

a3 4. Al WA 355 dle]eldl(High-velocity Task)®] step
W A T loss Hﬂi]’ Fo]
Fig. 4. Cumulative Average Loss Trend per Step on
High-Velocity Task (Task 3)

W= v|n]git}l. Rehearsal> EfficientNet, ResNet50
2% upx]wt gAlol|A] loss7} e & wRAlHT) 2

W =A% RMSE= 3.7, 34w zRgieh
Rehearsale] @7 dHlo|e]e] dRE wzo]] o] )

saar] el Al clolele] ik kel e
HE3) loss7F Za1, o)A 7]E BEShe A
o Holt HrHE dlell W AR o}
RMSE7} b2 Efo|=90 25 wqir}
S5} A AT Bab] 9
A lee) Aaeke S4a
#-5- &%= Rehearsalo] 71 Wiy, :Lau
HA|(High-velocity Task)ollA] 2~

H
=

=

T

O AT
o“il"-—'—a

X‘l
S 2
= 7)‘1

-

Y

A2t

il

DX

loss Hf

Wiz}
el s A A s
wolAR, 4 W AT

Eatt loﬂ/ﬂ loss+=

—H

kel

Rehearsal-2-

loss %



ZH&F3 <l#] 9] Continual Leaming & 45 &4

135, "= S WAl 13608 Ao} AIRE
gl 930°] FF loss9t & 2] Y= Fholl =eehe

7000
64924

mEffN_Naive mEffN_EWC mEffN_Rehearsal
6000

o 5000

1228 1168.75

2846 i
6 05 gy B 202 -

Low-velocity Task Moderate-velocity Task High-velocity Task

Memory (RAM+Swap) Increase (MB)

Training Task

Jg 5. dHelgAl Held g FAelAe] 7 gAM oA
X22|(RAM+Swap) H3EHMB)

Fig 5. Memory Usage Change (RAM + Swap, MB) per

Task During Deep Learning on Edge Device

] Azl ~FS Rehearsale] o] &) 7154 ¢
< 1022 A ¥ CS(Converge Step)E =43gH
Az} & 29} 7ro] ResNet50, EfficientNetol| 4] 25
Rehearsale] 208, 181% 7} =kgJr}. Rehearsal
A2 S lossell HF] 7HEe® 7]E2] <5 loss
7} HelAA] 2L loss7} PAIE] A2$ loss7}
Hkd= = vl go]| whe ol nvlsl] o] lossit
Foll Alefe] ol7] wiirelrl webA AA g A
oA CSE A =¥ F= A= A 28
al 9307} =dl A3} Aol zfo]7} gick

T AR, i SE= EWCTF 7 FHeoluith
LRRS AxMIS o, % 29} %o| EfficientNet¥};
Resnet50°14 EWC®] Adizke] 7+t 0.35, 0.37%
7V Zvl. 23 404 EWCE A WHA 28 loss
7} &= s WA ET 170 W 33, Hd RH
It loss7} 350 oo 2 71 =A|wE 930 ~F9)
loss= 352 F3lcl EWCE o] w dkfow
2do] Jule]EX] AFelA, #HdER 2 3] 7}
2|7} WA ol ZHEF lossv= FAE A =
7} e} sk s WA Sk A loss HHS
2 ] wiolch

iAo R CLS e Sy WAlHEc) 8|55
oo W vEegE ARSI a9 5= =AM
Al 578 dlelel7t FsiEle ASella A=A}
S o) Z713 W we|s(RAM+Swap)S e}
W}l k= 35 EWC, Rehearsal 25 3 WA =+
ARl 7P =71 &£=o] dloJejale] FiEdE
2d 2713} 2 dojgdl 2ow wne] Tl
o] 7} =zl w3l o|FEE Zrleke] 10% vIwke

W)

2 FA Fagichs AE SdsARL vlxe] o
Aol zte]7} glek Al A B EWCS} o
& %2 RAM, Swap ™REe] F7}akS 194MB,
35MB, 2MB o]z fAlglth. EWCE 2wt
7l wet AdEls ARk v aEvie)
7H”l qdite] HasA|RE wRE T ARSHA|
oot F7F wime] Hoo] MHAEEA] fd=th HbA
Rehearsal< <<= 3y R wc) wmz] xlgeko)
5310MB, 277MB, 513MB %)t} Rehearsal ©]

S
W ARES] wiel] SREsl wEe] o] &
7] wto|tk CL YdxE]&2 37} loss 2 3)
ile® CPU 2 GPU <d4lefo] wolxmx]
5 Wl WleelE vl ARSAY o B
o] Alg-3ck

5]
W eapel 22 ARE AR ololx] oA

lo =
i
i1
2
olo
B
ki
NE,
=
fd
)
>
v
I
e

References

[1] NVIDIA, NVIDIA Jetson Orin, Retrieved July,
14,2025, from
https://www.nvidia.com/en-us/autonomous-mach
ines/embedded-systems/jetson-orin/

[2] NVIDIA, NVIDIA Jetson Xavior, Retrived July,
14,2025, from
https://www.nvidia.com/en-us/autonomous-mach
ines/embedded-systems/jetson-xavier-series/

[3] Zihen Jiang, Tianqi Chen and Mu Li, “Efficient
Deep Learning Inference on Edge Devices”,
SysML18, Stanford, CA USA, pp. 1-3, April
2018

[4] Liyuan Wang, Xingxing Zhang, Hang Su and

7



KNOM Review ’25-01 Vol.28 No.0O1

Jun Zhu, “A Comprehensive Survey of
Continual Learning: Theory, Method and
Application”, in IEEE Transactions on Pattern
Analysis and Machine Intelligence, vol. 46, no.
8, pp. 5362-5383, Aug. 2024

[5] A1%<&, “Faster R-CNN¥} Continual Learning-S-
AL AAL dF AHE E B, 5
gt Ul A ARES] =4, pp.1-52, 2024

[6] =354, dA3slF, Aeld, o]49k, “NVIDIA
Jetson AGX Orin 7|8Fe] YOLOv8, YOLOV9
el o] &3k A A7, A s,
=] pp.1764-1766, 2024-06-26

[7]1 J. N. Chaudhari, H. Galiyawala, P. Sharma, P.
Shukla and M. S. Raval, “Onboard Person
Retrieval System With Model Compression: A
Case Study on Nvidia Jetson Orin AGX,” in
IEEE Access, vol. 13, pp. 8257-8269, 2025

[8] J. Kirkpatrick, R. Pascanu, N. Rabinowitz, J.
Veness, G. Desjardins, A. A. Rusu, K. Milan,
J. Quan, T. Ramalho, A. Grabska-Barwinskaet
al., “Overcoming Catastrophic Forgetting in
Neural Networks,” Proc. Natl. Acad. Sci., vol.
114, no. 13, pp. 3521 - 3526, 2017

[9] E. Verwimp, M. De Lange, and T. Tuytelaars,
“Rehearsal revealed: The limits and merits of
revisiting samples in continual learning”(2021),
Retrived July, 14, 2025,
https://arxiv.org/abs/2104.07446.

[10] Shengqin Jiang, Daolong Zhang, Fengna
Cheng, Xiaobo Lu, Qingshan Liu, ”DuPt:
Rehearsal-based continual learning with dual
prompts”, Neural Networks, Volume 187,
pp.1-10, 2025

[11] Kaiming He, Xiangyu Zhang, Shaoqing
Ren, Jian Sun “Deep Residual Learning for
Image Recognition”(2015), Retrived July, 14,
2025, https://arxiv.org/abs/1512.03385

[12] Mingxing Tan, Quoc V.Le, “EfficientNet:
Rethinking Model Scaling for Convolutional
Neural Networks”(2019), Retrieved July, 14,
2025, https://arxiv.org/abs/1905.11946v5

[13] Woven By Toyota, Retrived July, 14, 2025,
https://woven.toyota/en/

[14] woven-planet, 15kit, Retrieved July, 14, 2025,
https://github.com/woven-planet/15kit/blob/maste

r/examples/agent_motion_prediction/agent_moti
on_config.yaml

[15] NVIDIA, NVIDIA Jetson AGX Orin Series,
Retrived July, 14, 2025,
https://www.nvidia.com/content/dam/en-zz/Solut
ions/gtcf21/jetson-orin/nvidia-jetson-agx-orin-tec
hnical-brief.pdf

[16] Advantech, MIC-733-A05A1, Retrived July,
14, 2025, https://iotmart.advantech.co.kr/

[17] Red Hat,
https://docs.redhat.com/en/documentation/red_ha

Chapter 15. Swap  Space,

t_enterprise_linux/7/html/storage_administration
_guide/ch-swapspace

[18] NVIDIA, Kernel locked on Orin, Retrived July,
14 https://forums.developer.nvidia.com/t/kernel-1
ocked-on-orin/245450/12

[19] The Linux kernel, Workqueue, Retrived July,
14, 2025,
https://docs.kernel.org/core-api/workqueue.html



A

3] ox]9] Continual Learning %-5-

3

- B
o

A1
&

0| X| 2 (Jieun Lee)
20221 3U~3A : Sz}

sk el e} sy

El2=2} O3 (Theodora Adufu)

20134 : 7 sk AFE| T
st g A ZHEHb.

20161 : SHoARIE L A5

Elfal} £<1(492D.

20223~ : | oIz}
st FHFE s} wial
4]
<A Eol X ZSFE, Wy AH5FE, HHeold,

Z & 3| (Yoonhee Kim)

19914 : SHofAbEaL A
Akash E91(3HAD,

19961 : Syracuse University
Astett E4(HAD.

2000+ SyracuseUniversity
Axkstat S0,

19919 ~1994d : F=HAbE

Aladel A7)
20003 ~2001 Rochester
Technology 757E]3-813} 0/
2001:~20161 : S AR %

Institute of

AFEISE .

4

2017\ ~&A] -
2
S

<l Eol dix] 75, W&l 7A55E,
2H =ZZE29 Ao

Srjolprhatan Lz egolshy a

eee A



