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A1E AL

ddie] AATE A5F A" JH o B o, FAlo oy
715S $afdjor st= @F7F ZUKskn k. 5] A5t (Bojarski,
M., et al, 2017; Dosovitskiy, A., et al 2017; Grigorescu, S., et al, 2020),
AOFE AlE](Zanella, A., et al, 2014), A48 Z2F(Liu, Z., et al, 2022)1%
Te g8 BopldL A Q4 A2, 23 g qUd 4L S
Fgst7] fsl vr5 DNN RH9] FA] Adfo] A org giHT o]2qt
A 2ARE ZHEE, LIDAR, #lolH 5 ot A4 =S o2] DNNeo| B¥HE
= A5, ZF DNN2 S43%t 17] 2keief A stx o] QL
AeFY AL"EE A= 59, she] DNN2 23k 7}uﬂa} GAfoll A K
YAE FASIL, o2 DNN2 379 LiDAR ZQIE Jeheify F7
2
of g5 Hijt £ A= 5= 75 gk o]A™ o8 DNN % A
of daitomn, AL FH S Fstil A oR QIX|stal A
I3 NVIDIA(XD Q] Jetson AGX XavierDe} ezt
o] Atel <lHtiE 2HA Wb o5 DNN & 5/\] Aol =
73

e za%o}o% anz o)
27HE ALgelAE AP B4 B 4 ek
webd, tF DNNE ¢Pgoln agzos 4dsh] Sdsiis, AAd

1o R512 ot 2AEY M 2B S5 AL 5 Uk A

89 495 nae] aad

128l 29 9 Bx dolel B 719 BF DNN AAET Jue
o]

A% WA EAUT WA, R wel 2AEY) A9 shtel 2
GPU 492 54408 Afoad, 2 ndS0] 22 Ade zdshs
DAL HARE W, dolo] @l AAZEYL theel dolo] 7 oEAo

1) Nvidia, Jetson AGX Xavier Developer Kit,
online: https://developer.nvidia.com/embedded/jetson—agx—xavier
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He =7t WAgstaR, 2o RS AAFAE AEo] ofHte HAE
ZHAIS(Niu, W, et al, 2021).

2 =&olA= DNN 2E9] ks 22 sksh
VASH A HiAR Rd 2pAo] AEEHE Fl
Holoh, o]F fdll & dFelM= B dE 54 T ode AdAs 2d
S Ao 2, Pruning(Han, S., et al, 2015} Quantization(Han, S., et al
2015; Jacob, B., et al, 2018)& Z}7F d=o2 A8t Het F 7|4
FAo=z At B WS @ ALsHAH ol R =
ZF 7He] A5 AolE AdAor FASIAH. ot
gF ofy2}t TensorRTF 2 #EHY o A3} 7| F7l= A8oto] A
3y 2o A aNE @ Aol Aljte 59 A H
718 WH](Pruning T+ Quantization) 29|
Ao s AAAZ|HAE A 45 A4Sk 545 Hloh of=d
TensorRT 7|5 ©Et HAShE 2gdo2y 7|& AFs 7Hteres &
ot oy FE &= P, vze AR 3 A

[e]
i 2gPie 1qapa g | Age Eages

N

=
%6}1, 1 zsqoﬂ w}a} 7} DNNA A%y u@ﬂ Ags 42S HgHor
AT 5 Sl 54 AP Alo] nHdYaE ALk

& === DNN& &%zt AMze g 43 ooz ZdsHH
€ #ololit € AEskd ©elolHA:, WA RAEGE AlEstd 3
T2 A gejolnt. ot £5 w9 A2 Ad =He WA F

| &71st eHs=E FHAasisiH fdd AAlEES

A3 A LA A Al WS whgsto] ek
AZ17]1 9foll, & AFelAde LAG= AFAH ARE AEA =9dsklth
LAGE A A3A gE=2kele] zpolz AolHM, ofF Fof A A~
do] dl=atel div] Ad A=E AFHez B7rd 4 v ERE LAGY

FAE EA4st7] 98l EMA(Exponential Moving Average)s 24-85H31Tt.
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A2 a7 WE 2 BA 3

A1RA AHHE A2H=A e tF DNN 439 E4 2 A A

AHt)= GPU E31E(Satyanarayanan, M., 2017)2 o}t AAIZF 2|5
@ AadoA Hap ZEA E8ET ok xRl 925 NVIDIAKH ]
Jetson A]|2]Z(AGX Xavier, Orin), Intel(Ah2] OpenVINO?2 7%t VPU ZH
9] Intel Movidius¥, 18] Google(*hH €] Coral Edge TPU# Fo] 3loH,
oL o X §RAT e AHE 4Ang <ld] kst oz Ao A&
o] ¢ttt B3|, NVIDIA Jetson AGX Xaviere 1A% GPUE &Aisty
Aol Etsta, /\1‘311—} GPU®|| tH] Streaming multiprocessor®] = ]

i

5e) 9=, A 4H ZHelA FEA Ak AWt oled Aokom
Q13 o5 DNN o] FAo] Aad B9 GPU AHd AFol AT 4 9l
owl, 1 Au Ax" AAC] SF Alzr] F7skn Aol Aashe B
7} ehdet. Jetson B Held A4te F2 CUDA APIIZ 7|4
©% M= cuDNN® 3 cuBLASDSH 2 4% efolHeel o) 449

t}. o]5 ZolE# L CUDA AEHL d8sto] AYe] HE Asiy} H)

OFI

2) Intel, OpenVINO Toolkit,
online: https://docs.openvino.ai/

3) Intel, Movidius VPU,
online: https://www.intel.com/content/www/us/en/products/details/processors/movidius—
vpu.html

4) Google, Coral Edge TPU,
online: https://coral.ai/

5) Nvidia, CUDA Toolkit Documentation,
online: https://developer.nvidia.com/cuda-toolkit

6) Nvidia, cuDNN: GPU-Accelerated Deep Neural Network Library,
online: https://developer.nvidia.com/cudnn

7) Nvidia, cuBLAS: GPU-Accelerated Basic Linear Algebra Subprograms.
online: https://docs.nvidia.com/cublas/

8) Nvidia, CUDA C++ Programming Guide.
online: https://docs.nvidia.com/cuda/cuda—c—programming—guide/index.html
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7] dloly AEE ALt
J=4 oj8f DNN Zdo] A2 o2 CUDA AEHoA HE2 AL r
2, ol AE®2 A= Streaming multiprocessor(SMs) 2 L2 7fA|e} T
< =94 GPU AHYE FfoHA Hoh 1 23}, Ad A3 A, 2EWH &
713t A, 2] g A Foll e Ao Hdo] AT 4 <l ol=eh
= b 2]

o7 A2g AA AAF7F Ee AYF AHstE =

[
ot
Mo
2
i
in
Ho
o,
ol
>~
Y
4

=

{%q DNN l:l,_tﬂ_q :rLz;G E/H UCo]— o)
dutdo® DNN2 ofz] 79| #ojoj=

o AArg wRe egwe ZHI w2 A

E4  dololu HEo HFHE Aol

R-CNN(Ren, S., et al, 2015)7 72 2z

o At Y E{ A (Region Proposal Network, RPN), HE 3d=(detection

head)2 45H, o] & W HAE sl|=of Atto] HF =] HHAd#<] A
AF Hsl HyZ2 dolt} o|A8 mEldEg i EAT 249 ARR oFAlo] 37
2o, APAIRE QA Bdui golsitt. =y V|Ee] AAER TIHE
< o2t At 54 0]‘/} AL QFAYS w6l ALHskA] 9L, E";—ﬂ%
WA AR PR AsEts 49Tt Wk o2 Q8] A4 Bt R do]
ojofl A z|do] %@ﬂ(ﬂ GPU #}o] vH|ggA oz ALEE 1, @ﬂagi A
A

o,

AR o] S5 Azl AL ANE ZeF
A24d A A9

D =4 4ol @ 2AE" 7

0% DNN mde] §e A3g 9iat ~4E9 342 43 wle 27
of et 2A F 72 2FE 4 Ak A HdRs A4 2dS
Y o2 HFote W 2d @l(model-level, coarse—grained) A3 =
Aolm & HAlz= Zb FololE JiE A3 Tele Astes WS ol
9] (layer-level, fine—grained) A3 WAlojtk(Kang, Y., et al, 2017). 17
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Time

(1% 2-1] 22 ©9l¢] % DNN 38 49 7z

H A¥itE GPU #H39] 2l Aok obiA= offet Hawgel F2AQ
AE Bt

(17 2-1]12 QA GPU A 28 9ol e the] A9 4ol ofF
Al SAEAE BoAFEeh, J-eld 99 ©2 DNN;o| GPUO HshA] &
skal th7]siioF sk R AlRbe, €9 @ DNN;# DNN,7} ti7]sh= Al
T ouiint, ERE, ged gidis meolut Flojo] 2 sk Al dMEsh:s
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o 27HE AY 9= Aste], vluA @Rt YAoR Wd AAEYE
7FesHAl ek o WAl 3ol it ol AR, shte] mEo]
GPUE AR AR =0 o2 medso] 7] el HREar =He
A7t ARG ol GPU AYE HagH o

A9 AT Mws fastel dntdor Aagel WA AR AZFS £
N7T A wee Ast A7l Ulo] Het.

(27 2-21= o 101 o9 A9 AL UrE‘ﬂHU% DNN 299] 717
Aol A !

-
CUDA 2E , 50 Bl A ‘?J—"‘;—@‘ﬂ L
7b upgaiet oieb odl gl AaE dolo] wel ABe 247 AuEe A
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olgfet EAIES sHEsh] fldll, & =wolde BE ©ee #ofof ©¢
o] T #Eol sEste &5 99 AW Nde Eodtit o714 EFeld
o2} 7jo] d&H Fololz #AHE Ve dEer AoHY, o T 2
2 o APEY Mg Ao 7Hsskal, dlefo] @ dHY =2
de RS £ Ao oHT g HEger, & AFolMe GPU Ad 4
e gelotal A Ala"e] A9 mas TV AT Az 2AEH
FAe At

2) A A9 7€ dEE 71 A

ek

3} 71 % Pruning?t Quantization2 ZEO] mtatu|g $£&5 Fo|1
S HAAA TR AEsts 94T 5 Stk HolA ZEA &8
o gtk 1=y 91 7IWE dHldE AlA” S A A8 A9, of
Aol FxA Afoz gt EAH o] WAYFt

AR 2, Quantization®] 3¢ 7ISAE SHIE &= 1 ©|sto] HIE &
2 BYsHe:, A= GPUE HIEYE FE 32H|E T2 =C5h=
TXE Zreth o2 QI8 Quantization® 7FHEA|7t W] A 7|E dX]

SHA e A, F7HAR WEE] S dato]l BastAY wRe FE fx

i

|

w5 =
ete]l =LAz sl 4ol AstEe £A7F vebdth. ERE, Pruning 2E
o] A71E &ole Hl EAHoIAR, 022 ntAE 7S A7 A4t FRe] o



As] EAst7] wlZoll, GPUA = ol2lt @47t AAl A4k IpolA e
5] AQ=2] Zoh, AmAor oA At TaolE EFStl AA
ZAT = ﬁﬁ% 7 9] ‘4"5]"4'7*] %’%‘:}(Yao, Z., et al, 2019). o]} g
e 1 297} ol
Quantizationdl 7}7741% PrunmgP_E A= ﬂJrE}‘ﬂEi% AA A A=
A Ao s AAsSt i £ 4 Utk ottt #2A EAdo=m <G
Pruning? Quantization 7|5t &3} 7|He dutd oz JQWt= GPUELH
NPUOA § &2 A5 4 aE H 1, 2017).
T WA=, 9ol Adgt BE
Ao 2d AAE JdZHe Eicil =
ol A% F Al2d Foht 2b3 Wste] wheh REAQ x 240y F
A WAL 27Fsclte SAE
A or WEstHA ety B AAE ARgste Hlmso] TAT 4 o
M, ol & EZAst Ak &40 A5 AotE olojd & itk
RNP(Runtime Neural Pruning)(Lin, J., et al, 2017)2 o]2i¢t HAE
Sk7] fIsk B4 o= 71O stuzs, A T A9 AlEol wet 2 o

1
A MeHo2 Pruningshe WHE AHTITL RNPE Zotsts 714l

rO
VS
a=
o
=
)
%)
=
O
=
:(>
(@]
—+
m

Q.

il

" AP Ao #Zelle PyTorch9olA AlEske TorchScriptl® Bl
++ API9} &2 mEjeae] Tom Q) C++ A x

9) PyTorch Dev Team, PyTorch,
online: https://pytorch.org/

10) PyTorch Dev Team, TorchScript Documentation,
online: https://pytorch.org/docs/stable/jit.html

11) PyTorch Dev Team, LibTorch C++ API,
online: https://pytorch.org/cppdocs/



Ak ol2A A% RO 54 BES HeHez aAsAY A F2s
S0z 2AtE %S FAT 4+ b sl o=,
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AP AT A Quantization, Pruning, *=3 E3|

[e} =1
Hol 3 mh E9A BER, s}xm A% 9 %4 de RPNo|Y
A

ShAE olefat AA AWt ML A Asd Bl andy
o}, QHHE AL AL EAGL. oo B =RAAL ol
& Hse 248 )

Aets =5skal, dHitE BF0ME avpzoz &
nk

AEst 71H2el LRD(Low—Rank Decomposition)(Hu, E.
Ag5i5ict. LRDE lolold A9 2AH5) Be) s olmel 485
BANAEAE, mde] 22 f94S fAT 5 Ut ol B v
= @7l H Seks Alad Rot sl o SHe ghed & 9ot o
7IHkste] B =wolAde RS 7154 E5 ©@9E Zdstal, 44 Al 7HA|
=9 (Level 0, 1, 2) HE 5= Abddoll Evlsten, Level 02 d&2 =
Eo]al Level 1%} Level 2= LRD 7|¥tez i metulg £5 HXHoZ
i Zgety Hdo] 550=, FAT JEd FXE FASHAA Wi
S Eo A A it Folg fdstA 24T &+ Aot
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Network Pruning Phase

1 \I
ryry ! i
Original '[ Train Connectivity H Prune Connections H Retrain }"'_'I D,\F:,zu&Ed |
4 DNN Model \ i =
] :

____________________________________________________________

/ \\
f |-[ Generate Code Book H Cluster the Weights with K-means ]ﬂ—ii
i ¥ i
Pruned & Quantized U . . . ) i
J DNN M Retrain Code Book HQuantlze the Weights with Code Book]
odel ! _ i

x

[71™ 3-1] Pruning?}t QuantizationS 21402 &8st X

B =Rof AMgH AFst £29] HA 52 Deep Compression(Han
et al., 2015914 AFH Pruning, Quantization, Huffman Coding®] 34
=2 AG molZeglE 7|2 X2 gttt Deep Compressions AAteFt
e @wro] Wi F AFTS dHidE oA agdow HjA|sH|
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(19 4-2] B Ao o2 LAGS LAGY EMAS H|
Ao RAWY] YR, A% AFL 245 98 ulE A FoHe
Hga}7)7h ofgth, wakd mael 7+ Wste] 2AE RHHAH BT 5 9l

A tigte] Hasit
wetA 2 Ao M= LAG Alitel A4 o]s B4 (Expoential Moving
Average, EMA)E EQlste], ©@714 HEm A71A Ad FAE o=

T & R Skt EMAE M=E& dlolgrt =2 wuint 22 gl
o (&2 7#%) FSAE Fojstn Hatg ZiAsks Ao R, A(4)9 Eol
golHt

EMA, =axz,+(1—a)x EMA, 0<a<1 4)

A7V zq = AZE oA o] MR HolEHE YEh™, o= X HlolE
gt RIAEE XAk WY Agolth. o7t 245 EMAT T WS}
oS RIFSHA RESSt, o7 2S4S A71ARl Bt 7k EAS Hel
.

[19 4-2]= A2 & BES} Ag oo Wt LAGE EMA] X837t
ATE HolFErh oFtol 2 (0.8, W AA) EMA H4L2 Y LAG

14) NIST/SEMATECH. NIST/SEMATECH e-Handbook of Statistical Methods: Time Series
(Moving Averages and Exponential Smoothing). NIST, 2012.
online: https://www.itl.nist.gov/div898/handbook/pmc/section4/pmc4.htm
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[19 4-3]2 Aljteh= a9 AA 2 P& Holerh Ze¢
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Algorithm 1 Block-Level Scheduling Framework for Multi DNNs

Require: F: Period of block compression level decision
F{_‘“: Frame index of My
1: function Brock_LeveL Execute(M, D, H)
2 for all My € M do
3 LAGfamek < 0
4 for all DNNj_ € M; do
5: Brock_ScHEDULER(DNN L)
6
7
8
9

E}_« execution time of DNN} in My
.'DJ'; « deadline of DNNL in My
LAG; — E;( == D;c
Ly =3 d
: H, .append(LAG]) _
10: LAGtame k — LAGHamek + LAG;{

11: end for

12: EMAgonk ¢ @ - LAGggmep + (1 — @) - EMAg ok

13: EMAjgngx < P - LAGtrame k + (1 — ) - EMAjong i

14: LAGuendx < EMAshortk — EMAong &

15: ACCy = Accuracy result of My

16: if F{** mod F =0 then

17: Brock_Comp_LevEL DEeciston(My, Hi, LAGyend k, ACCk)
18: end if

19: end for

20: end function

[19 4-4] t+F DNN F&& 915+ Al¢td
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Aol daelE

A5, Zt DNN 2d2e Adg A= CUDA ~EH| &g},
EﬂE% 7]1& DNN9| &du} fxo] weh 55 99z 2de A3st=
old, Conflict Table2 7]¥ro 2 Block Schedulere] 2] Ad) £A=
Hog FAst A ALHo] Aegds FIAIZIH

Shte] DNNej &3 HE S50 Ao guwd AHste, 553 LAG
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dofl A At B2 5 (Level 0~2)2 AATE o8t X & F3) At
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F

—
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Symbol Definition

k DNN model index; k{1, - K}
i Block index in model A7,; Z'E{l,---mk}
w length of LAG history
Iy k-th DNN Model:  M,& (DNNLDNNZ - DNN™ | where
2 .
DNN, denotes the ¢—th block of M,
. Deadline of block DNNjin model
D}i . _ 1 77
M, D, = {Dk""’Dk }
17 LAG history of block DNN; in model M,;
k

H =[LAG (1), LAG/(W)]
H, Set of histories in M,;H, = [HZ,"'J{,@M]

LAG; . | Total LAG of all blocks in a frame for A,
EM. ,

Auport i Short/long EMA of LAG,,,,., for M,
EMAlong,k

LAGtrend.k LAGtrend for %

F® 4-1] 3279

eRoA A% ALHE ®ASS [ 4-1]0] st gmaze 7}
DNN 2ele 745 2258 aapxoz Agsty, 229 LAGE AR
s, o2 S|lAEE (O] AR EI T B9 LAG,, S BA5
3, 1 Ave] wet 22 wA oREs YA M= (MM, - M)E
DNN  R™So  Rgeldt  AgRe ¢, F 2™
M, = [DNN/DNN? -+ DNN" &= 48] 7Ps3t B2E2 2471 e Adx
Aoz Hojdrt 7z nde A8 Ag et CUDA AEH S,
(13 4-419] =l 5o ol
SREm, GPUE SAlo] Aastl g of2 22570 4y $52 19
Sto] 22 DNNFO| A8 A% A|de SHo= At

22 DNNKO| Aglo] ¢hauldl, s 220 A4 AYA Eo] ZAw

o, Abde] Aol® d=ekl pret mluste]l LAGHE Attt 4-4],
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ol sy wt
EEv, B2 LAG FEL mHlY B9 AR LAG e 2 AAEH(L
d 4-4], =<1 10).

LAG e ®= HIFO=E ©7] Y 15 Bl EMA,,. %
EMA, g 7t A2 784 T o AelE FM LAG, gt AATE
™, ol 2d M9 F5E W (1" 4-4], =<l 12~14). T2 He
ojglgt Frsol HHEmitk A ox FHUE Aot F, LAGiner
EMAg oo EMA g i,
H2o g ZPAlE

o] £ T dutch((2™ 4-4], 221 14) Block_Comp_Level Decision 9

H 4-4], 21 9). o]3t = DNN; el 2ge RE &5
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O
e
b
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%

LAGtrend,k% ﬁflﬂ'Z_—]]_(_)_fE_ %%QX] CL%]'_TI_ E%]ﬂaﬂi 7H

7t EHH o] e BRY MO AT AR} LAG, 5 A 1Y
Stof, = ZHHolA 4 250] AT 45 sE(Level 0-2)= AHTIHh
oo} e HAE Bl Akohs LAYE PaT &4 AW Hol,
£ BAS W) FASE Aol FHEE LEue Aunos @A
oz AA ALH AN AL 4] H@S [/ ZF dAA 5
G Fo A9 ololAE FolH wAHoR Al slEn
2) A04 md st )y
Layer Type Kernel Size Decomposition

Conv2d (1, D SVD

Conv2d (n,n) n> 1 SVD

Linear - Tucker (or CP3, CP4)

M)

[® 4-2] 247 54 ¢ FHo)A dolo] 9 Be 7

Offline ©Alo|A 43 == DNN Compression ©HAS £ Azst nd
< AAste 2 2 Aol A=} MUSCOMulti-Stage Compression
of Neural Networks)(Gusak, J., et al, 2019) 7|fief| 7]4¥tS}lo] ==}, [
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DNN Model

DNN-Layer-1

DNN-Layer-2

Automatic Rank | Selected rank R Low Rank
Selection Decomposition

Compressed
DNN Model

Fine-tune
Compressed
DNN-Layer-1
Compressed | [~
DNN-Layer-2

Compressed
Fine-tuned DNN Model

hl

|

|

1 Further Compress R’
| (R <R

|
1

(2™ 4-5] A& 3 A9 719 702 DNN 24 o5 +2 7ie

d 4-51= AA o5 e AR AlZEkE Aol

M2 Automatic Rank  Selection @HAOA= Bayesian 7]§FO]
EVBMF(Nakajima, S., et al, 2013) ¥ E+= 114 o5 Hl& T4 F st
£ ARgste], ZF 39 7H5A] "Ml dis] hSoll AHSE 83 RS AToE
Attt o222 Low Rank Decomposition TAOAE= Aoz HAEH
R& olgsto] eyt et ojnff #ojole {of wet AR e &
sff 71%io] A=, ofo] thiet Al W& [F 4-2]° AA=o] Ut dixE
Al d2+& Singular Value Decomposition(SVD)(Denton, E. L., et al,
2014)7+ Tucker-2(Kim, Y. D., et al, 2015) 23] 5°] AH&-Hrt.
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=( DNN!

<

Stream,

Block Mapping

|
|
I
|
' o
|

DNNZ P to Stream or |
| Wait Queue [ Streams

I
2 -
1 1 Streams
| :
|

!D

] ) Wait Queue ! :
Rem-Time: By T Kernel Launcher
Offline
Conflict Table I
Case Input Block [ Current Blocks in GPU Sched. Decision
Case 1 DNN} DNN} OK
Case 2 DNNj DNN$ NOT OK
Case 3 DNN3 DNN3 NOT OK
[19 4-6] Conflict Table2 &85 25 AAEHS 52 S8

3) 5 2AEY 71

A2 T DNN HHo] £552 AR =934 it 55
WY Ado] Zhesitt. Ty AR dHdE GP 73 3ol
FE HHY Aese HASHKA et 55], §Yt Streaming
multiprocessors(SMs)= FAlo] Afste= 5 ol A o] 24T

L= =
G oglor], gn BEY A9 WY APET &7 Age] o HS UPATL

=2

o)

rir

oF o
%

it
:OI:I“
o

Hol= @4fo] BHEEGIM olgfg A= & =29 5% 24 2)9] 7helA
I 4 Aok [ 4-612 &5 2AlER e A +xoF 54 e
Bl o]= [29 4-3]9] Run-Time @AOIA Block Schedulers 2]n|stH
7t BE9] Ad AFE FHLo=E Aojstal CUDA 2E9 oY oFfE 274
Ste gds 73T

5 2AEHY ARAY T2 AL ot Zoh WA tir] 9 &
o] A~ A Q] =

= 4-6]¢] Conflict Table®] Input
Block)™ @4 GPUE Af T 25 (1™ 4-6]19] Conflict Table®]



Algorithm 2 Block Scheduler: Conflict-Aware Block Execution

Require: block: Target block to be executed
1: function Brock_Scuepurer(block)
2 Reguest GPU_Access(block)
3 Launch to the execution queue
4 ReLEASE_GPU_Access(block)
5 end function
6: function Reguest GPU_Access(block)
7: lock(m)
8 while ConflictTable|block] N RunningBlocks # 0 do
9: co.wait(m)
10: end while
11: RunningBlocks. append(block)
12: unlock(m)
13: end function
14: function Rerease_GPU_Access(block)

15: lock(m)
16: RunningBlocks. remove(block)
17: unlock(m)

18: cv.notify_all()
19: end function

(19 4-7] &5 2AEE =S

Current Blocks in GPU) o] Wiz A3 7Fsetx|o] tigh o777} 7|55
of Jlom, AER &Y 7bs oF7F HAA o=z AHoxe] itk Conflict
et = ol ZHhE Fof A Zo] ofye, exeErql wHA
T4 AY A4S So HAEE Aolth. AR, 7 DNN
of s oj2] CUDA ~E¥S ARgste] M Ayt 99
F2-& Conflict Tableo] gt

so] wet £ b gHoE FAT

(OK), =22 =A] CUDA ~Edo] d4slo] Kernel
LauncherE 5l GPUCIA A3stH, wjgo] E7Fs7t F¢-(INOT OK)ol+=
E5& 7] #F(Wait Queue)=® o] FA|A A4 AP F< EF°] GPUE df
A wi7kz] d7IAZ &, ti717F v SA 2E"]| ddste] Adgeith

ol WAUEE &5 T AY FE= Qs FASH= GPU A FHIE F
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I | DNNg[Level 0] :
| DNNZ[Level 1] |! p| DNN Inference
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1
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7 i Completion

DNN[Level 0] |,
AR e rr— >

framef+1

‘‘‘‘‘‘ ~ Block Compression Level Decision

I | DNNi[Level 0] | [ T L Z0eiaiuis L]
1 : I Block Latency State 1
| DNNZ[Level O 1 Comparedto | !
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' Level Mapping - end> Yaccuracy 1
1 1

__________
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DNNj[Level 2] | 1 s _________________T\_ _____
\ 7

N
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. S$E°l LT Sadd, &Y &=
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Latency State | Accuracy State Current Block Level Action

Good None None
Warning Level 2 Select Level 1
Good Level 1 Select Level 0
Critical Level 2 Select Level 1
Level 1 Select Level 0
Good Level 0 Select Level 2
Level 1 Select Level 2
) ) Level 0 Select Level 1
Warning Warning Level 1 Select Level 2
Critical Level 0 Select Level 1
Level 1 Select Level 1
Good Level 0 Select Level 2
Level 1 Select Level 2
. . Level 0 Select Level 2
Critical Warning Level 1 Select Level 2
Critical Level 0 Select Level 1
Level 1 Select Level 1

(£ 4-3] &5 o= 9 24 7|99 State—Action Table
(19 4-8e B 95 99 29 A¥e) QA 54 72E HelEth o
]_

T4 24 94 [I" 4-3]9] Run-Time ©AI9] Block Compression
Level Decisiono sfigste, @A Hdl MO HiPS T ¥ ZMEFH
LAG a2 ACG, BEE FHsH, olF HIFOR oy ZElofA 2E
MO 7t £F0] MBS oF ovs Aok dds ot dA ZYd
o] Ay B¢ Rl MO RE E50| AYPETA, 2t =5

SAHE. ol AE2 T ZEd &9 LAGY LAG . 7t ALTE]
(EMAgore o EMA g )= 78215}
g g8 oF, £ 3ol Folg Fo B Mol A FHAE ouls
v LAG, ./t AFEEE B MO HE 55 AYo] dRHW,
(LAG ena.r» ACG) 20l A73dT

-}
©
)
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N
e
ol
N
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o
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[(19 4-8]9] Block Compression Level Decision &2 ©] F Z|i&
Zigto g Zy welol Latency State®t Accuracy Stateg ALY Zb ATE)
A2 AE AR O prenas Oaceuracy) N TEF GOOD, WARNING,
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Algorithm 3 Block Compression Level Decision: Based on LAG ;¢ and Accuracy

: function Brock_Come_LevEL_Decision(Mg, Hy, LAG end ks ACCy)

1
2 if LAGIrrmtk > Oirend and Acck < oacruraf\v then
3: for all DNN; € M; do
1 Nlula] b JIH;CI
5 Npos « |{£ € H} | £ > 0}
. Npus
6: if > Opatio then
total ;
7 next level of DNN;( « Level 1 or Level 2 from Table 3
8: else
9: next level of DNN;( «— Level 0
10: end if
11: end for
12: else
13 for DNN} € M; do
14: next level of DNNL «— current level of DN'N;;
15: end for
16: end if

17: end function

(1% 4-9] LAG.

rend> Accuracy 7IREe] &5 o5 8 24 <=

CRITICALS] A 7 & 3R EFdrh A€ S°1, LAG ekt Ouena 2T
Moy WA {AEHE AS, Latency State= GOOD=E HRHTH Hit)
2, T ZHAAAN LAG, gt BA] 3713 B%oll= CRITICAL “3H
2 #REH o] £ S s Aol fixshe SES WARNINGE +
ot Accuracy State TS 22 7|EE WEH, FRLrt 4 5 ol
t4ast 49 WARNING %= CRITICALZR BFHch

[(19 4-8]¢] Block Compression Level Mapping @A oA+ =&H A
) % (Latency State, Accuracy State)E V|2l JOH State— Action Table
([® 4-3)< olgsto] thx Z oA ARG Ade 55 45 4T (Level

0-Do2 HIE. ol ?—&% B ALue QYA A Aol
A

A,

=

oN

=
[19 4-9]= ZF 5589 45 o= T42E Xste £5 o5 =¥
274 719 A T2 AFogt QAR =o|tt. Block_Comp_Level Decision
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Model Metric WARNING Ak CRITICAL YAz

0 50 20

VGG16 trend
Orccuracy 0.85 0.6
6o 80 20

Faster—RCNN trend
Opecuracy 0.6 0.25
0 120 75

SiamRPN++ trend
Opecuracy 0.69 0.48

(% 4-4] etrendg} 0accuracyoﬂ I’J]?_T- E%% ?;]2”171):

5 A =5 2 dH A9
?:]'7:“%}‘-?—1 ﬁtrendﬂ- 6accuracy)L:— DNN —EHE]Q] /~E1:6§ i:lf'.—_—]—?—Ei 4\—@%

LAG, ¢t B dlolelg 7fte g TEHch 34 togHEe myd o
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# AFE oA AlLldTt, ol WAl AAIAI oAy T A A
o] JF HaslotH, TEH AdAC] AAFL] HMPHo|a FYH L A
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= g = o
Classification Description
CPU 16—core, 64MB 13 cache, 3.9Ghz
4 x NVIDIA RTX A6000, 336 Tensor Cores,
o GPU 10,752 CUDA Cores, 48 GB
Memory, 309.7 TFLOPS
Memory 4 x 64 GB DDR4 PC4
Storage 1 x SSG 1.92 TBG 2.5 SATA
Kernel Ver. Linux 5.15.0
SW SW Package MPI Horovod, NVIDIA GPU Monitoring SW
CUDA Ver. CUDA vl11.6

(3 5-1] Ao AHgE Au AlAE" 87 ARF

dA gt 7IE AA ARE 7S dMid= GPU 2H3o A8

2 215l Quantization &¥7} FES] WFIER] o

Pruning 7|¥ F3t 34 ito] AA|= A|AEZ] eof A|d AXF AA9] &

Y7F UeA] etk whebA] 2 oA Zb BEEt 7|Re] HEo] mpetn|

B 49} Aetro] mjA& = Hlwstz] Qoto] A2 AW AAH &

oA Fagstirh. Aol AREE StEde] W AZEo] ARFS [E 5-1]3%
2t

B =Ro4 BR 4%, Sdolets AR t2 Aoq AR 7Hel



aE £ og BASH] ste], BEH A ResNetl52(He, K., et al,
2016)¢t VGG16(Simonyan, K., et al, 2014), A= =24  Faster
R-CNN(Ren, S., et al, 2015), % =& SiamRPN++(Li, B., et al, 2019)
2 Ay QAo z HAASHETE ResNetl1529F VGGl62 A2 o2 3274 E
A= 7= dB2d 57 Rz, st 7 Agof mE WHel = vl
Sti= © Agsith. Faster R-CNN2 g9 Ab 7]9e] 2-stage 7|WF HE
Redolw, SiamRPN++2 RIESS-7M 20 AA| 2 Rd= Zefele] o
£ 54 Pt Aol A3 WrgEHe 54 Adoh HolHAle 1Y TR
7}7} CIFAR-10, PASCAL VOC 2007, TrackingNet Ho]E]Al-S A}
Aok Tt RE oo wet M2 g Aek A RS ARt FEet
= g

1
Hlwstgleh, 2% 292 Top-1% Top-5 A&z, #AEF 2d

R

i,
rlo rlo

mAP(mean Average Precision)(Everingham, M. et al, 2010), &4 =
IoU(Intersection over Union)(Wu, Y., et al, 2013)2 H7}I= Zdds5}3ct. ©
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7l vlusto] FEget 7| 24 54 aWE AFEo=E HUISsHAH

—

oli
L

2) 2l Aot 71 A8 Ax

Pruning2 45 #olojet ¢ A4 Holojo] ths AREA7L A
Pruning Hl-&& Z8cto], AL Ao we 45 WHatE Bl 2z
gloloj= 7t BRE 7IHte R dAGE 4AHEsta, AAE HlEvE oA
zk olste] 7HEAIE AASH: WACE Prunings F-35H% T Quantization
2 7MSAE AREER FHASte] B AV|E Fole WAoR Ysiile

H, &5 o]
gopglet. & dAFelA=
Pruning?} Quantization= ZAeste] 283t ZFst e st ofuj
Pruning H]&Y} Quantization H] =1 &S|
| HuglS o 2 =27] fas, metuE 5 ¥sh A8 &4 ARE

259,

s
e
R
re
iy
-}
©
2
2
u)
)
>
oo
S
N
N
)
o,
e
i)

I
N
ﬂllﬂl
o
o0
o
o
il
4
o
_O|L
2
i
Jrt

N

_86_



D AA g nd Ads 48 A

TP/ wpatele | wetl

73=e}t 1A et A" TOP-5 UEE 371 R4
(MB) M)
.. 85.28 /
Original 98.84 X 512.32 134
Conv2d: 0.5 83.64 /
Pruni Linear: 0.5 98.16 >0 256.16 67
runing Conv2d: 0.9 7130/ | g, 193 134
Linear: 0.9 97.86 ) )
Conv2d: 5bit 84.97 /
— Linear: Sbit 98,65 84.37 80.0756 20.9442
Hantzaton I e onvad: 8bit 8220 / | 128,08 135
Linear: 8bit 98.73 ) ’

Conv2d: 0.5 / 5bit | 83.58 /
Linear: 0.9 / 5bit 98.77
Conv2d: 0.5 / 8bit | 83.46 /
Pruning+ Linear: 0.9 / 5bit 98.96
Quantization | Conv2d: 0.5 / 5bit | 84.31 /
Linear: 0.9 / 8bit 98.86
Conv2d: 0.5 / 8bit | 82.55 /
Linear: 0.9 / 8bit 98.52

95.95 20.749 5.427

95.44 23.3618 6.110

95.15 24.8475 6.5

94.6 27.6653 7.236

[# 5-2] 24 2% =9 st 47 23} Ha (VGG6)

[ 5-2]2 VGG16 2= di3fl Pruning, Quantization, 12|31 %= 7|9

= Aget 29E HolEH. Pruning A& Hl=o] SIS otEtuy 49t
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whepule] | wepule]

= - TOP-1 - =
Agapn | gwsan | LU azs | an | as
(MB) M)
. 39.67 /
Original 89.13 X 221.88 58.2
Conv2d: 0.5 36.16 /
Pruni Linear: 0.5 87.3 >0 110.94 29.1
runin
Hning Conv2d: 0.9 01/ [ o 2919 s 8
Linear: 0.9 50.23 ’ )
Conv2d: 5bit 30.16 /
Ouantizati Linear: 5bit 84.45 84.3 34.835 9.1374
uantization
Conv2d: 8bit 38.47 /
Linear: Sbit 89 06 74.08 55.514 14.5617

Conv2d: 0.5 / 5bit | 30.16 /
Linear: 0.9 / 5bit 83.21

Conv2d: 0.5 / 8bit | 39.14 /
Pruning+ Linear: 0.9 / 5bit 88.53

Quantization | Conv2d: 0.5 / 5bit | 39.11 /
Linear: 0.9 / 8bit 89.06

Conv2d: 0.5 / 8bit | 39.54 /
Linear: 0.9 / 8bit 88.97

(£ 5-3] A4 E7 249 AHZFet A 23 v (ResNetl52)

85.721 31.4606 8.2522

81.081 | 41.9466 | 11.0106

85.82 31.4622 8.2526

81.08 41.9782 11.0110

[ 5-3]2 ResNetl52 Zdlof gt H=at A9 Auts Qqokslh Zlojth

zk7] o Zell, Pruning A& ®H]&°] 0.9¢ = Top-1 AZE=7l 36.97%
10.1%%2 F43] #stst] Fx24 E44 VGGl6e] Hls| & Fefst
< HYt Quantizationg 832 wof= HlwA HHAQ1 At

stlom, Bl F7] HAl of 70~80% /A HAShH=

T}, Pruning?t Quantization= ZAsIAS o thHEE X3to] Y& ojH] Hw
2 oAl AL E fXstgeou, [ 5-3]19 [Conv2d: 0.5 / 5bit,
Linear: 0.9 / 5bit] 22 Top-1 A&E7} 30.16%2 Holx= 5 odoH
o7 A% Aot HjuA ELH] ettt F0 2 ResNetl52+= VGG169]

Hlsl Gt 7ol o s weetE & 4 ik
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b wtetnle | wetelE
et A 7378t Setting %) IdE5E 7] A2
(MB) M)
Original 69.9 X 522.91 137.08
. Conv2d: 0.5
Pruning L 0 67.59 50 261.46 68.54
) Conv2d: 0.9
Pruning Linear: 0.9 43,72 90 52.29 13.71
Ouantization | Comvadi sbit 1o 1 o019 | 1045 32.64
Linear: 8bit
. Conv2d: 8bit
Quantization Linear: Sbit 68.96 75 130.48 34,27
Quantization Conv2d: Sbit 63.20 | 8437 | 81.73 21.43
Linear: 5bit
Quantization Convad: 1bit | 10014 | 96.88 | 16.28 428
Linear: 1bit

[ 5-4] AA A= 249 A=t A4 Ay 8]0 (Faster—rRCNN)

[ 5-4]= Faster R-CNN =249 HaFst Ag =
olAdx}t BE7IA]R2 Pruning A& H[EO] AUAA w2 Aol
A AstEe AdFS HYth WH Quantizations AERS w 5Sbhit EE

[e)
gbit AANAE mAPZH AR dH] w@d gHOoR fAHLOR (e

I3} Faster—RCNN-2 Pruninge Quantization®t A3gtsto] 2-835F ¢ of
F2 2ol mAP7E 0ol 4=&ste] HAAAQ 452 FAISHA] Eotalen,
olo] wet & AFAe g AHES HolA ALt AAAHe=
Faster R-CNN& Z=2l dAo] wgstA "5,  Quantization©|



R

A WA | Y Sering | 0L | qxE | A | A%
(MB) M)

Original 80.71 X 205.81 53.95
Pruning Conv2d : 0.5 75.59 50% | 102.905 26.975
Pruning Conv2d : 0.75 65.32 75% | 51.4525 | 13.4875

Quantization Conv2d : 5bit 79.3 93.60 | 13.1718 | 3.4528

Quantization Conv2d : 8bit 75.7 96.01 8.2119 2.1527

(3 5-5] A4 4 g H=Fst Ad 2y vl (SiamRPN++)
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5 A% Astrt FEskA verth B Quantizations IoU7F Y ]
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ng Ast w4 | 44 | Top-1/ Top-5 | RE F2 &£& (sec)

Original 85.28 / 98.84 1.5333

VGG16 TensorRT FP32 85.29 / 98.98 1.4387
TensorRT FP16 85.27 / 99.08 1.4914

Original 39.67 / 89.13 2.8255

ResNet152 TensorRT FP32 39.16 / 88.85 1.4686
TensorRT FP16 39.50 / 89.17 1.4298

(2 5-6] EF 2o tigt TensorRT A4 Al 2 £ Hw ZAi}

et B4 a7 i+ IoU nd 22 &% (ms)
Original(python) = 80.71 29.212
Original(c++) — 75.59 19.338
Tensor RT(python) FP32 81.115 27.042

FE &= v 23

(£ 5-7] 4 Zdo] th3t TensorRT A A]
of A|AlStSI Tt

[ 5-6]2 ResNetl529} VGG16 2E2 thAto 2 TensorRT 7|8 =
A5 7|He Hast 734% QoFst Zolh, AF AT, & Y BTofA

TensorRT A8 A] =2 AutA o 2 E3] FP16=2
Kol

1

)
iy
o
i

2 (SiamRPN++)-&
183 TensorRTE AL
Uetd  Zojty. Python> FT tHZo]
GIL(Global Interpreter Lock)Z2 <l&f]l HE|AHE 7|5 HH

folsttt= Aol
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TARI. RF C+ 242 ol2iet Aljto] §lo], AR 4 Rdls HE AT
E Xer geHor YT o gon AEYHS 8T HE A 7
E ALY & At 2 dFolAE onA 29 B AAE gAlE HE AT
= A8t WA A=Fe AASHAEHKim, M., et al, 2023).

A A¥, C++ &F0lA Python ¥ o HIE F2 HE& Hlow,

TensorRTE A8 A9ow A4 A A7o] 27z Fasigch wg

g5z ookt ol mdlo] pxH ENoz Qg TensorRT ZH-gof ol
71&2 Aeko] EA5H7] wEo|tt. Faster R-CNN-2 NMS(Non-Maximum
Suppression), Rol Pooling¥t Zro] A&t &9 77} vfH Zefz|= A4t
S Zgsta glow, olgfgh A4t TensorRToA 7[EH oz 2 Y==] ¢F
of Erxo] 7iAEuto]o] Hasirt. 53] Rol® 7ot 7|7} o|m|x|mtrt
H3tshr] wigell, AAE it SES AR HA AY aHnE BActe
TensorRTO| /43 L&A og gz ¢f=th o|fT olf= A HA 9
gl Fx7F mid A TensorRT7F 3st= Ad s, A4 1=
A etet 22 Sy 750l AREA Eo| esly A3t gyt Al
o]ggt o]-fF &2 H AFoJHE Faster R-CNN-2 TensorRT A9 HlollA A
osty, BR 9 FA mdof tisfATt TensorRT 7|HF F2 A3t a5

Bastget,

o]

rL

Mg

A2 dES HE 2AEY 7Y 45 DNN 23 FHs} 7|¥o 4

d 23

2 dode &5 Il A 7T o DNN A3 228t 7] 1
e A5 Sl et AdEe GAIS Ziedtt WA, Ad 20
& e s AUt &, Ad 2AE AASHL ol ditt 248 AT



DAY 24 9 14
7h A2E g R AR 21
Classification | Description
CPU 8-core ARM v8.2 Carmel 64-bit CPU, 8MB L2,
4MB L3 cache
HW GPU 512-core Volta GPU with Tensor cores
Memory 16GB 256-Bit LPDDR4x, 137GB/s
Storage 32GB eMMC 5.1
Kernel Ver. Linux 5.10.216
SW SW Package JetPack 5.1.4
CUDA Ver. CUDA v11.4.315
[3 5-8] AP 22l NVIDIA Jetson AGX Xavier Developer Kit AFF
Ate Zedl=ael a9E AFsH] o, HEAS AHYE GPU 7
gt Zpa AJA"l E3EQ1 NVIDIA Jetson AGX Xavier Developer Kitof| 4]
AYS 5Ty, A Al4He] stEdo] 9 AT EQo] AR [# 5-8]
o A=l ot Ad i a2 AH EFo VGG16(ImageNet)(Deng,
J.. et al, 2009), A HEo| Faster R-CNN(PASCAL VOC

2007)(Everingham, M. et al, 2010), A F& o SiamRPN++(TrackingNet
)(Muller, M., et al, 2018)2 AR&SIAH. AA HEH A= 429 4t E4
508 FgEglon, 72t S5 AR SHE APA
giojEl= HAEo] LAGAL] Z8% HElE AAsk=
2ol sl 50072] o

YT AEAZE FA4E BE o
AW E GPU 7<) A
237 9ol Sz o= Aot
Aleroz Qlsf HEt A

22 Ayl 4de

Hal
T

E
=

)

2~
T

_43_



DNN Model
(PyTorch)
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Y FxT MASHH Fol QH=rf e 2ow, FrpAQ

A Frolt AT HlE glo] FAT vme velx 2= U Aao] S

Cr+ 842 CUDA 2E¥H Bel2dgg AL Aold 2 gt A
5% QeHol~E AFeel, B2 wFy) Aol spsalth. [17 5-11e

< PyTorch ZHJHIE Tl EFolzt Ed+ ALt &2 2ddth
Zt E52 torchjit.tracel® & AREoto] TorchScript Fei= HEH T}
AAHE REL2 PyTorche] C++ ZEEQTQl Libtorch®t GNU

£ 5ol A% 7Fset Hiolv Y whd=z HupdHoh o|F ZF
HAoz & 9 A¥E 4 Qe X2 FAAHY, ol 25 ©
+ o549 PyTorch 225 Python 27

& o]H¥g 2, £73] Python

g o] GILOF 22 aclo= Aok 5 e ALHAA {8517

Mot > £ Ho mlm

)
i)
of
)
Z,
Z
>,
)
ﬂ
)
j&]l‘
N
rE
>
juel}
i
B

99 GPUS BHsHs W= Axge] ohF DNN Ad @7e)Ax,
22 47 9 Aol A Al WS BASH itk ol A4t zpele]
Ao s, 088 &3 Ado] WY AWrc o FS AYALS AT
SHo o] Uehd 4 gtk B HolA: A2 o2 DNN RdER%Rd o
o BE IS FAT F, T LAY 3 Y ko] AD AR AolS
Herr oz Btk o7|4 MY AWe ofe] CUDA AEYS Fgato]

15) PyTorch Dev Team, torch.jit.trace,
online: https://pytorch.org/docs/stable/generated/torch.jit.trace.html

16) PyTorch Software Foundation, Global Interpreter Lock (GIL),
online: https://docs.python.org/3/library/threading html
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Block Case Parallel (ms) Serialize (ms) Reduction Rate (%)

Case 1 230.032 ms 193.052 ms 16.09 %
Case 2 261.832 ms 242.126 ms 7.53 %
Case 3 1082.233 ms 1039.391 ms 3.96 %

7t 222 S0 4Yoke WAL Sjua, 47 APe @ CUDA A=
QoI BES Az Aeshe PAL o

4% A3, Q% BE 2P HE Agud <1 Al o muAel
A7} BREGAT, olelg BAE Weks) HoAF] S, W Aol A%
Fol Aufiet dq® AlelES AR 539] ofgl AARE Case 1~30f A|A|
H E552 FLOPset Hme] AR SHA A4t Beo] 7 & 44 8
AER o|Fo]# k. SiamRPN++9] Backboned th9] AAHF AZEo=
TAE o] B F& AN =S 2 ddFes a7t §h,

)
et

VGG169] Classifier®t Faster R-CNN2] Head:= ¢+ 74 AZo] Hd

metulg 2 Qlof gt mee tdES ARt oldt 5550 ¥E

A38E 7 GPU 2 ZAA o] A3, 1 23} 05| +a d3fo] ¥ &

2 A5E Hole A7t HASHA Hoh WHH, SiamRPN++9] Necky} Zo]

FLOPs7} dtjdez 22 &5 3ol HE Ado] ¢ M=y & 4

3 wFA] ZF Zpol7b ] dtong mofA A|LlstyE T2 o]fFE Case 1
=

~3o] ZEA g2 o

H

i o

SiamRPN++-Backbone®}t  VGG16-Classifier — Zgro]H, Case 2=
SiamRPN++-Backbone™} Faster R-CNN-RPN Z3gto|t}, Case 32 Faster
R-CNN-Head®} VGG16-Classifier®2 T4 Hr}.
[E 5-9loA &elgh & Sl%ol, AAE Re ARoA BT &2t Aol
A

HE ARG g @2 2 AR BHAH 53] Case 19] A-¢ole ¢
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ABSTRACT

Lightweighting Techniques and Block—Level
Scheduling for Efficient Multi—-DNN Execution

Kim, Hyuk-Soo

Major in Applied Artificial Intelligence
Dept. of Applied Artificial Intelligence
The Graduate School

Hansung University

In embedded environments, running multiple deep learning models
concurrently can lead to execution delays due to resource contention
among models, ultimately causing severe performance degradation in
latency—sensitive systems. To mitigate this issue, applying model
lightweighting techniques becomes essential, with quantization and pruning
being the most representative approaches. However, the application of
these techniques has been largely limited to classification models, and it is
relatively uncommon to apply the same lightweighting methods to
detection and tracking models. Therefore, this paper addresses efficient
DNN execution from two complementary perspectives.

First, in a server—based environment, pruning and quantization were
applied individually and in combination to various vision models to

analyze changes in model size, parameter count, and accuracy.
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Experimental results show that combining the two lightweighting
techniques vyields greater parameter reduction than using either technique
alone, while keeping accuracy degradation minimal.

Second, to minimize execution delays in multi—-DNN concurrent
environments, we propose a block—level dynamic scheduling and
block—level dynamic replacement technique. In this method, each model is
divided into functional wunits called blocks, which serve as the
fundamental execution units. The scheduler identifies blocks that cause
additional latency when executed in parallel and selectively switches them
to sequential execution. Moreover, using a metric that quantifies the
execution delay of each block, blocks expected to incur significant latency
are dynamically replaced at runtime with lightweight alternatives to
maintain a real-time balance between latency and accuracy. Experiments
conducted on a representative embedded platform, the NVIDIA AGX
Jetson Xavier, show that the proposed method achieves up to a 29.3%
reduction in latency while preserving more than 90% of the baseline

accuracy when executing heterogeneous DNNs simultaneously.

[(Keywords] Embedded Deep Learning, LAG, EMA, Model Compression,
Block Switching, Multi—-DNN' Scheduling
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