off 4o

20254 SHREAIS

T AAZ 48 HEHIINAN 5§

ghrmsgo@kumoh.ac.kr, *hclee@kumoh.ac.kr

AMP-Based Deep Reinforcement Learning for Efficient Utilization of Routing
Computation Resources in Dynamic LEO Satellite Networks

Bogeun Jo! , Heoncheol Lee*!, Myong—hun Han?, Bong-Soo Roh?
"Department of IT Convergence Engineering, Kumoh National Institute of Technology
2 Agency for Defense Development

[e]
i

A= 948 UEYI= XA gyl doldl A oA x
Matels 94 EEEA ARdE 2RE HHE Adem
Automatic Mixed Precision(AMP)S Dueling DQN 7]}
2% = Convolution ¥} Linear layer & FP16 o2, 4%

oo

A EAL AFIA N WA
S8o] oyt ¥ =&dlA+= PyTorch
stets g ® REle] A&dto] dAike] o] Fo

4/dS 138 Loss 74k FP32 = Fdstes €3 AEE

st 7S Aekslt). Loss scaling & 3] FP16 Gradient ¢ underflow 2 WA]&}al, unscaling 3 FP32 & Weight =

Yo ANFORA S5 NS HEAAT. AL AMP JHe
o Fo Alsd

e R S B it B A = S P
ZANE BT

I. A48
A AAE 919 HESAs A [z 25
Aoz A AAHeR  FRelsk  AnEx| et
2AAA FA MulaE Al 5 o] AAY S22
el l=ekm Zhgwra Qlvh ey 914 e
AEAQ Ax olFor <le] UEL EIEAL
A WEsEy 5 @] WSt w94 3t
g7k Niis] Al
ol W ol|
W o

[}
ofgfel Utk olE A}
Aspekgol Aoty o= wAom wWa
Gl AEs] vissta Ad AtS
At Fee AT Y 247 We=a gl

dumdow AZF 7sledy 2de [EEE-754 single-
precision(FP32) 14Hs AFE3IA T FP32 &= 32 H|E
dA 2B S AFEstEE dAituit B wWrgel A8S
253G, o= Q] A AFE Ay, HFH
A0S wEA 2RIt AAR AAE 4l
A s 2REE ged dn ot #Ade
gasol smz, ey dxYges aEHom
48 dart ok

0483

single—precision(FP32) =4 thH] A%<

AAE A4 SRE BN HAL A5 R FE LTS

o =R A= PyTorch  Automatic  Mixed
Precision(AMP)S #&3}o FP16 3 FP32 Asks
Egste] AlgFo A ATAEEE 71N A A=A
g8 ZHEoA A AYS a&How FEslauAf

AAE 14 UESAE o8 MY f4d¢ A=
wlel 107 o]lFEr g #Io 7 A7k ut
EAL&EHoz wgstty, wea] Z9d Al
FeRoRE ads w2az A4 #4(Grid MDP,
Grid-Markov Decision Process)2. & %3 & 4= glar,
o] “first-order Markov assumption”©]g}= 7}4 0]
ZIHkste] AIZE t ol A1) el t-1 oAl AE]el vt
FEgFS werha 7

Grid MDP * 28] (State), d% (Action), EA
(Reward), AHl o] &E (State Transition
Probability)® FA ¥t 2z 9949 AUFAEES 15 x
15 28 Hdd 9393 e 24 9149 X%}
g o AgE 7l HRE YEpiY, 352
7y Qe A AR S A WIS A9t Aol
B B4 wWIdo=m s AFIPS W I

[r S



20254 SHREAIS

2. AMP 7|4} Mixed-Precision Training 7|9

¥ ol5t= PyTorch oA #|F3l= Mixed Precision
Training[1] 71"H& F&%  Automatic Mixed
Precision(AMP)E 83t AT Astse <dibs
THo® FP16 ¥ FP32 =2 gk AMP =
Forward propagation ©lA  ¢4te]  HFHE=
Conv/Linear 912+& FP16 o2 2Agslo] di &5
Eola W AR Folu, WHE X g A o]
F83% Loss A4 2 HF 715 A (weight) 37 22
FE2 FP32 AHEE fA gk

= ATdA A" A Ases 2l Dueling
DQN[2]& e 7HxE F4ste 2Ef]® 7 59
AEWEAE FHste ~Edom FAHEY, o F
2E" Wi Eote v Conv2d, Linear, 1¥]al
g3t ¥ RelU 59 F8& <A2E2 PyTorch
AMP 9] “with autocast):” EF%& %3 Aso=
FP16 o2& st} whd [
weks AdAshe 8% dAoln=
grsly] 98] FP32 AULER =3

st TA oA Gradient £ autocast G U A4k
Yo FP16 o= Ak + &4, FP16 & %
7begk ke w7 Fob vwig- A2 Gradient #tol
0 o2 225 underflow @4o] HAe 7Aool
At olyd EAE sAsta el dAHAEES
3t W 317 28 “GradScaler” 7} A8 T},
“GradScaler”= WA A4ke Loss #tell FFHo=
ZA¥+  scaling factor & #3Il 1 AVE
Q1A o= o gk <, ol & 7Hko 2
backpropagation & X &3}o] scale ¥ FP16
Gradient & <fEv}. o], optimizer 7} REHo
IV AE NS FAA, o] 2ALE Gradient =
oAl dHe AAYRE unscaling(F)sHH, o]
HAo| A NaN o]t} Inf & 7 Fashx g
JHYAETE BASHE G Hx ] ThEA] U] EE
VR g5 AHAAS YUSs At HITHoe=
olgA Ed¥a HIE Gradient & < FP32
ez Wy 2dlo] weight & 7§43, weight
ZAA = FP32  FHE Ao RHe] FHiE
A gk,

3. 8% 279 Al8E A9 Hm 2 B4

oGt {7-12700F, NVIDIA RTX 3070 & €A st
PC oA FdEUrt. & 1 & FP32 7]¥ Dueling

rlo

DQN E‘%’_ﬂ' AMP ’%‘ X—i%fﬂ' AL = =] o ©
AxE AUF AolM a9 1 & g F VA=
Hat score & UERH 1@ Zolt)
A& FP32 AMP
H 3 score -36.9 -43.6
Ho FEAZF | 5745 +£0.32s | 4827 £ 1.17 s
Téﬁ—
CPU w52 820 MB 928 MB
B
GPU ™ 2] 34.7 MB 26.5 MB
W GPU H g 131 W 0w

0484

Average Score Per Episode

Average Score

FP32
=300 AMP

) 20 40 60 80 100
Episode

713 1 Score L3 H|:L

FoEE RS 100 ovlaE S F A B
g Heps 253 Bt FP32 mHlo] Hof

H odlyas=s 747 oF -36.9, 8 <Y
& A83 o] At score o FH L= E
° 6, 12 2 FP32 h& ARE3E 2do] 3%

Holl = o kA EH5S B 4 Ak Ak
AMP & #A&3% Bd Fsk SukE o iAol A
kg o g FAFo AMP A g wE s £He
Args gl & 4 9t

F7t=2, % asdy il A AMEES
Hl 3k TE FP32 REe] Hit 3 A7 57.45 +
0.32s, AMP R dl° 4827+1.17s & AMP & # &3}

wdo] oF 16%wWE HS el & 5 Adrh FP32
wdlo] Ht #AY AMEHEHS CPU, GPU W&xEg 8
GPU A# 7+ ¢k 820MB, 34.7MB, 131W 9lon
AMP ®&& 7 928MB, 26.5MB, 70W = CPU
Wrgs AMP 2 83 wdo] oulg=g 9d] oF
13%A % o A28 g A9 GPU vl 2e] ¢} dee oF 249,
47% A7 AMP 7| AlS Astels 7S
AxAde g o g3

» o
o of

4

)

0,

Q
v

m 22

B A Fo| A= PyTorch AMP = Dueling DQN 7] 5
AAE 4 29"l =¢8] FP16 ¥ FP32 d4ks
THoR 23 AHgoEH g5 Ak 16%
G313 GPU WlEy] 24%, A8 AR 47%=
Azate] Ay 2RE PN E A &S T
AN = dSS Al FF AFo M=
INT16, INT8 AU E &FAtstE H&38)] F7F4<0 ALl
asds gAst At gy,

ACKNOWLEDGMENT

o] =i 2024 W AHE(EAGA)S AYo=
T Tpe el Ao A& Hho} a3
AT (UI247034TF).

ZnEd

[1] P. Micikevicius et al., “Mixed Precision Training,”
arXiv preprint arXiv:1710.03740v2, Oct. 2017.

(2] A=Y, o|4d, o]d4, and YF4, "54 AAZ A
YENAE ¢ Dueling DN 7wk 8" 719"
gkt =385 =54, vol. 18, no. 4, pp. 173-183,
2023, doi: 10.14372/IEMEK.2023.18.4.173



