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A Study of the Application of Machine Learning Methods in
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Abstract As supercomputing and hardware technology advances, climate prediction models are
improving. The Korean Meteorological Administration adopted GloSea5 from the UK Met Office
and now operates an updated GloSea6 tailored to Korean weather. Universities and research
institutions use Low-GloSeab on smaller servers, improving accessibility and research efficiency.
In this paper, profiling Low-GloSea6 on smaller servers identified the tri_sor_dp_dp subroutine
in the tri_sor.FO0 atmospheric model as a CPU-intensive hotspot. Applying linear regression, a
type of machine learning, to this function showed promise. After removing outliers, the linear
regression model achieved an RMSE of 2.7665e-08 and an MAE of 1.4958e-08, outperforming
Lasso and ElasticNet regression methods. This suggests the potential for machine learning in
optimizing identified hotspots during Low-GloSea6 execution.
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AT 714 o2 2E(Global Climate Model,
GCM)Z 34 71 Al BE & sffo|d, o] A
T AAE ez 714 4 E o5 sk Zdo|tt
2] A+ 714 dE HE2 A HAAE AAE U
of Zy AR}o] tigt ti7], s, S, S0l wH ©
olEE 4 & ol& EYE ZE ARE FEsi] &
g Holgg A4 o] d% tlolHE AlF3iTh

oA 715 dlE Eofd] @2 At o|Fof
A1 om, HAFE =Y * B AU 714 9
B7F 7hssHAl =tk g 713 H(KMA, Korea
Meteorological Administration) E3F F= 7|44
o=2HE 2014499 GloSea5(Global Seasonal
Forecasting System 5)& Z=YoFATH3l. 1 o]%
2018 8€FE A7 =F7 1 dTeAolA =9
7Vl AYeteE  AATTE Ao
GloSea6(Global Seasonal Forecasting System 6)
£ AHo]E sto] ARG Fo|tH4l. @A) 7| =He] o
gt FojofA o]F AALE 5t semi-implicit
semi_lagrangian & 7|H-& ARE3ITE o] 7oA
GloSea59] ¢ & oeH<=(moist prognostics)
9] 41 WO Z bi-cubic WiRo] 43 oz
quantic WiHo=z o2w, Az ogEs(dry
prognostics)°l4l cubic Hermite WAIHol AR
t}. GloSea6Z YHPIEHHA R% FU3HA cubic
Hermite WiHTHS ARERITE ol& B9 €W iR
HY| 2 HAE A4S

Low-GloSeab= GloSea62] ARE=fo] F7fotod
THAFEY Fsp7t STkl w2t 5ol AotE=
ZAE W7 Yol AR s =E st ol A Aok
Ae g Helet AFAE dgrdoltt Low-GloSeab
£ 59l 7129 HAFEANAT P E ol 7143
H ond A3 9 A ZF A7), 719 2tk
Al AT E &-go] 755t olE Bl SaATE AH
£ 7I5e g3k A9 oM E oA AL € A
T7} olFo] 4 4= it

2 0] HAl 2 71e9] THOE dHolg 7|8t
9] WAl #d HdS AREste] 714 AEE s
A7t Qlom, 7|29 A4 714 dli mEof H]s|

e &£ 9 22 HAJ{E QR ofFo] 7hsT)
= 7o) HHEL.

ol &9l T ==olAMe= 7 et © 7|8
Al AERE 714 A ES sl 9] 71
223} 50iQl= Low-GloSea6Z Viune ZEIHU]
EZ AR8cie] EAditt Z=aiigldls AEd
HotspotQl tri_sor.FO0 RES WAl Y9l 3t &7
o] A4 3]A(Linear Regression) ZES AME5ta] H
ol 7|8t sl A it oigd Ll A3 3
2dS 28 o 24 Low-GloSeab 3 A7t ¢
= 9% WAl 2 AL oY 7hs/dS gRlgith

2. Low-GloSeab

2.1 Low-GloSea6 74

Low-GloSeab= J=r 71/ =2HEH Tl
GloSea5% 3=r9] 7144240 2A ATlolES A
Sl GloSea69] A At o]},
Low-GloSeab+ GloSea6®t &2 +2E 7M1 9
t}. GloSeab= # 13} Zo| tj7], AH, s, % &
47kA]9] mElo] A= ZgtE o] AdHTh

E 1. GloSea6 =&
Table 1. Model of GloSea6

model name purpose
UM ' -
12 Met Office Unified Model | Atmosphere
CICE Los Alamos Sea Ice
Sea Ice
512 Model
NEMO Nuleus of European
) Ocean
36 Modeling of the Ocean
JULES Joint UK Land
) ) Land
5.0 Environment Simulator

ZF 4747 HE9] A A Al 19 13 2
ot 7] ZE@(Met Office Unified Model, UM)Z} A]
M 2H(Joint UK Land Environment Simulator,
JULES) 9= 714, Y Z@(Nucleus for
Fropean Modeling of the Ocean, NEMO)< 3% 7
AAlL Y 2d(Los Alamos Sea Ice model, CICE)
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2 vl 2AGERA FHATAA JPEEQI.
7] zd FH4oll4  ENDGame
(Semi-Lagrangian advection)}2[6], Microphysics
g0l Al Warm rain scheme ¥18}&S ARSI
(7], AW 2Ee Dynamics N4 Centered
2nd-order finite difference approximations,
Data Assim Y04 3-d variational method €1
&S ARSSIATHS]. Y BE2 HAY ARf4Hnt
@} 7P A& Z(variable volume layers, VV)= =

Dynamics

sfof idl w BYAS

o gee B8 5 9

t}. %) 292 jce fraction 1E5l] AARS o=

semi-implicit coupling E1&&S ARESHHO].

umMm11.2

NEMO3.6
(Nucleus of European
Modeling of the Ocean)

JULES5.0
(Joint UK Land
Environment Simulator)

(Met Office Unified Model)

o .0
CICES.1.2

(Los Alamos
Sea Ice Model)

T8l 1. GloSea6 2% =&
Fig. 1. Copuled Model of GloSea6
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G 4714 BEL GloSeatollA A% J&Fo7
FFe Faon frHow FASH, AR OE 4
7 BES A5t §18iA OASIS-MCTE ARES
of AZRIH10].

2.2 Low-GloSeab T2

B =HoAE Low-GloSea62] Hotspot HAES
st IntelolA 7R 2 AlgSk= VTune Profiler
£ ARl mEndy A% SHUTHILL Viune
Profileri= A1EZAPIA H5, A2 s 2 2435t
£ 9ot =7E Algsit Z2udds 53 o2y
old &4 AZE oA 7FE ol A7t AQE=
Hotspote ®A 7}soith. CPU  Usage 718t
Hotspot #40l= F7H] #E9 75 &4 Hert
EA3TE o=t 2A6IARE 82 fi8 MER
CojolH7} B Q5] P2 AMGAF BE MEGT, A4
T eHe g MEY TefolHE AX|dlof 5h= ot
Lofo] o[fE 7|4t AEo] EAFI). £ =RoflAl=
MEY Eelo|HE HAoHA] g ARAN BE HER
Hostpot £4-& AlLstict, Z2atd®-g X35t A
HO| Al H 29} Zth

CPU Time ¥ » Instructions Retired | Microarchitecture Usage Module Function (Full)
13032.006s (S  120,687,327,400,000 79.8% libmpi.s0.12.0.5 MPIDI_CH3I_Progress
| 3097.394s [ ] 21,479,359,400,000 36.6% libmpiso.12.0.5 MPID_nem_tcp_connpaoll
1408.185s B 4,498,531,200,000 34.6% [Outside any known module]
1283.903s B 17,827,578,400,000 100.0% libmpi.s0.12.0.5 MPIDU_Sched_are_pending
| 1125987s § 1,706,568,600,000 13.3% um-atmos.exe tri_sor_mod MOD _tri_sor_dp dp._omp fn.7 |
888.238s 0 4,721,956,000,000 48.4% libm-2.17.50 __ieee754_pow_sse2
617.219s | 4,255,281,800,000 63.0% libm-2.17.50 __leee754_exp_avx
450.796s | 2,156,222 600,000 41.3% libm-2.17 50 __expl
437.765s | 212,013,400,000 23.0% libgfortran.s0.4.0.0 func@0x1c270
347.046s | 986,077,200,000 22.4% um-atmos.exe __mod_cosp_MOD_cosp_iter
334.2265 | 1,264,324,600,000 43.5% libmpi.s0.12.0.5 MPID_nem_network_poll
315.775s | 2,268,923,000,000 64.5% um-atmos.exe __eg_cubic_lagrange_mod_MOD_eg_cubic_lagrange,
315.586s | 1,213,792,200,000 43.6% libmpi.so.12.0.5 func@0x3da00
241,898s | 245,096,200,000 8.3% um-atmos.exe __glue_conv_Ga_mod MOD_glue conv_6a
168.967s | 1,118,036,000,000 49.7% libc-2.17.50 _int_malloc
143.053s | 496,743,600,000 29.9% um-atmos.exe __eq_calc_ax_mod_MOD_eg_calc_ax_dp_dp._omp_fn.
137.651s | 868,364,600,000 57.4% um-atmos.exe bdy_impl3_._omp_fn.0
128.050s | 123,070,600,000 14.9% libgfortran,s0.4.0.0  func@0x1c230
115.389s | 53,329,200,000 18.5% libgfortran.s0.4.0.0 func@0Ox1cab0
115.055s | 849 501,400,000 54.2% libc-2.17.50 _int_free
114.831s | 294,956,000,000 16.7% libmpi.s0.12.0.5 MPIDI_CH3U_Recvq FU
93.374s | 176,665,800,000 15.9% um-atmos.exe __Is ppne_mod_MOD_|s_ppnc_gather
J8 2. Low-GloSea6 &4

Fig. 2. Low—GloSea6 Profiling
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Table 2. System specs used for profiling lo] 7lsAe sholslaict
[e) = 5y AA .

Name Hardware Specification

CPU Intel® Core 10 GEN i7-10700K

RAM 64GB @ mg_solver F90

SSD 1B @ eg_precon.F90 \._. tn sarFon

GPU GeForce RTX 3080 o ma sole.F90 /

Low-GloSeab 19} 71& ZA| Elapsed Time2
4278.722%, CPU Time 29877.390% 4859
tt. I FolA I™ 29 Zo] Low-GloSeabE 43
st 7K 2d FolA g7i(UM)  2Ed
tri_sor.F90 ®-E9] tri_sor_dp_dp &7} 7P B2
CPU Time©°] £9% Hotspot2 2 A&} 3T
S 1125.987% AQF 0w A CPU Time
% 13.3%9] HFS AR5k A0 A

2.3 tri_sor.F90

A Low-GloSea69] 7F¢ 23 CPU Times &
5k= HotspotoZ A& tri_sor.FO0 HE
Low-GloSea6E F4st= 4714 ZEF di7|(UM)
Tdlof| 235 dynamics solver 7152 k= BE
oltt. Low-GloSeab 4t 3HgollA g AARS] i
£ A0 R Altstal HEskE /fAshe S o
M tri sor.FOO HE o=
tri_sor_dp_sp, tri_sor_sp_dp, tri_sor_sp_sp & 4
7HA A B FRlo] EAjshH 7+ A|H 1 O] 3 1Y
< tri_sor.h S|Ejupof EAgc}. TRIIFYS 53
Hotspoto 2 HEH ¥ tri_sor_dp_dp &<l
H, T Tre A4 ALk B 2oh ARSE
+ H<Z Input data 97142k Output data 17HA1E
ARg-git

HotspotO & AZH tri_sor.FOO REL I3 33 ¢
o] mg_solver.F90, eg_precon.F90, mg_solve.FO0 3
7Me] 840 Z&x]o] 9t} T3t tri_sor.FOOS IEZT=
944 @51 helmholtz_const_matrix modF90—
I35lo] & 87l9] BEO]| tri_sor.FI0 HES &3]

# =olAE tri_sor_dp_dp olA AMEEE

gloJE|e} 5YUTT featureES o|-&3t0] $3|2 AAto]

tri_sor_dp_dp,

field_types F30
— um_parvars.F90 @
halo_exchange F30 @
atm_fields_bounds_mod F90 @
um_types F30 @
—| helmholtz_const_matrix_mod F90 @
parkind1 F30
yomhook.F30 @

O 3. tri_sor.F90 EZF AIE
Fig. 3. tri_sor.F90 Flowchart

3. Hul2ld 718 HE

WA 29 71 F skl A¥ 3 (Linear
Regression)= &4 W49}t 54 W 710 IAE £
Asle 7IReltt AY A= T AF A% ts
A% 3= v ¢ %o, 39 RE2 I W
yet vyl FFE VA= S B xii=1,2,3..)%
AE pde 2431 5 714 Y"] A7} =2 7=
£ Bk WHAlotH12, 13]. & =04l Lasso
Regression, ElasticNet Regression, ©4%] H|o]E]
£ AlA & g5 A 3Hinear Regression 37H4] &
92 77 74 sto] F7h 3 vtk

3.1 4% 3|9

Ag e A 2L A9 e oS AY 9
E 72T 5 U 2 =2olA A8 dlolEe o
o] =9 Bz 450 7] el 4 13 g2
05 A3 IAZ 74 Sl HiolHE ks g o
A3 @?i Hetd7] fside A ElolEE ARES
of REEAQ Atte Aleddt). o &4g 7IEeR
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ANSVIES Ast] AT AR U
of sfelulelE XY the £FH Wt A7 4
A gl 48 AR FoApie M2 netle g

s whAlolr.
y=wx,twury,+ ...t w,r,+b (1)

3.2 Lasso &I
Lasso 3= 7IE A3 9
H8/dE Fofsh] 98 agte otk 71&9] Al
3= HAY] 7} "k Fotile Zo] #ilo

ol

A5AS9 AR Fol Havt e 248 FK
o}, 7509 mE 947} 00] B 0] A HlE
= oot 3k, Z 3 2D 54 29 2ol L1 norm

HdelE 7k A9 39 Zdolc),
J(0) = MSE(0) + ai‘,\e;\ )

3.3 ElasticNet 3|7
FlasticNet 3]+ Lasso 3|A= th2A L1, 12

7K normE &  AMgShe BEolt:. & 714
norm? AAE % 7FX 1 o] ElasticNet 3]H
a2 Z folgl AloA £2 Z52 Edte EF
o] Slt}t. T3 4=4] 33} o] W9 =25 Fo|1L

7tsAEe] Auigke] ol a4t HAR.

J(0) = MSE(9) + aiﬁ% aiw 3
i=1 i=1

= i=

3.4 O[&X| By

E =FoA+= IQR(nter Quantile Range) ¥4
o] Hlolg AAE WY & o, 71241 A3 3
A Zdo] sk5ottt. IQRO A HlolElEE °F
Ao s FHS 5, FEE Hlo|HE AR Lo
75%2] AT 25%9] A #Y Aolg Kit.

tri_sor_dp_dp 42| 01X Hlojg Mog g
IQR #2 5.3959e-09 o|t}. o IQRFZ 1.5H] &

ol

F5ol9S T MAEE 1.495788e-08°2 71 WA
7 HRoew IQRO| 1.258) oF¥E W MAEZ}
1.495799¢-08, IQRA| 1.758] 3l¥& = MAE7h
1.495832e-08, IQRO| 28 39S Wl MAE}
1.495848e-08, IQRAl 18 3t¥S w MAE}
1.834965e-08 <A1 &2 SA =T}, TEhA IQR #2
& oA TlolHE HE 7] sl & =RollAe
71 S5t 52 Hol& IQR#ON 1.581E st Ay
d E HAE Hloju= HlolEE oA HolHE W
déto] A3 39 = A

AN

»>

43 % 4E Z1t

Lo

1 Al

oo
o

E

e &
i
=2
>

= A 3o ARGE AAH AHD
I 33 2t} HAlEd 5 9 Hlolg E4of AREH
glo]Bg2  python3.6, pandas, numpy,
scikit-learn, matlibplotZ AR&-5Ftt. Lasso 3|9,
ElasticNet 37, oA Holel& AA & A% IH
S5 BdE F 37HA] RdE 77 HAste] gk
T A5 %71 9 HuE A5l
Lasso 37| 223} ElasticNet 3|9 Zd2 Z-z+
Alpha #Z 0.001& d7stglon o ok Sl
1o9e g A4 sttt A9 I g2 IQR #2
2 2349 39 5.3959¢-09& AR&sto] IQR #e
1.5HIE Hojus 919 dolelE o] Holgs
mdste] A9 & ghgS X sl

E 3. AEo] s™-E AL AH
Table 3. System specs used by test
Name Hardware Specification
CPU Intel® Core 13" GEN i9-13900F
RAM 128GB
SSD 2TB
GPU GeForce RTX 4070TI
4.2 ds HI}
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st
tri_sor_dp_dp 3= input data® x, ItHlm Ln,
ItHim Ls, ItHIm Le, ItHlm Lw, ItHlm Ld,

ItHIm_lu, 1tHu_k, ItHd_k % 9709] feature”} &5}
] output dataZ Px 179] feature7} EA3IT}. o]uf
input feature?l x°A UHX HEEE o]Esto]
solver®] 92 sk= tri_sor_dp_dp T+E B3l Px
9] Flo] A o= Ak

W7h =EH A

1e=7 Px Value

— *  tri_sor

B i R T +  Lasso
e *  ElasticNet
Linear

Px

=1 [ 1 2 3
Array Index le-8

1e8 RMSE

RMSE

)
Lasso Elastichet Linear

O 4. Px ol &4k
Fig. 4. Px prediction value

A WAE O9 43 o] A5Z XPS Output
feature® ¥ Px"E 9% SIS0 Input feature®}
9] HHAIE B9l AdF AAEE 2HEE 2RI
YJ5le] ¥4 “x"E Input feature= ARESo] 1F=ZE
2gsioitt. 1 nE A HokE o) AF I g
o} Ao W7 HeFH o FlasticNet 3|4 2
2 0ETh B2 ZOo 2 Tasso 39 LE2 v+ 5 7+
2 AAIg} fARE AR RS &S Ao Yepdt)

5 HA= O9 53 Zo] 7} Bdd RMSEE H|X
Sl9= o A3 39 ZHo] 2.7665e-082=% 7P W
A &4 g 1 th20F ElasticNet 37 2d
0] 4.2826e-08, Lasso 3] Hdo] 4.4334e-08 <=
A2 &4 =Hdeh 2z AolA 7 |AREA] 949k
| g 39 mdo] 7MY W2 RMSELE &4 H o]
FE= 2R Yol &40l o]Fo] F7] wiiZof 7
& AA dlole 9] @7t e &2 B4 A ol=et 4

o8 5. 2 2EdE RMSE
Fig. 5. RMSE for each Model

Al WA 12 6o 2o zF mdld MARS v wst
m) A9 39 =do| 1.4958¢-08% 71¢ WA
golon, I thZO% ElasticNet 37 ZHo]
3823¢-08, Lasso 37 29o] 3.4317e-08°% 7}
= &3 HH. 7S AR &A1 ek &
Hoid 49 39 e ojZo] by £ A5
ol ol &t TRIIAR e HenfelA o
o] o]Fo] F7] ujizel Hlolele] Ee7t vt A2 5
By 7P e Aol SHET

)

S|
o, o

rO, o

Lasso ElasticNet Linear

a8 6. ZF ZEE MAE
Fig. 6. MAE for each Model
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5. 22

£ =EoX= GloSea6d] A g 2=l Lo
w-GloSeabd] ZERUHYS AFPsi3lon g T2
ndYoA 7 B2 CPU Timel =& &% 4 Hotso
ptel t71(UM) 24 tri_sor.FO0 ZE9 tri_sor dp_
dp TE HESIUH oid ZE2 7|29 X4 ¢
ARE 7o R fEN B =RoAs oS HE 5
Y AFE AT HAlEY A8 TR gRlsh] ¢
8 A3 39, Lasso 3], ElasticNet 3|FZ & 37}
A HES FHdste] sy & B 9 vl Stk 1
23} 71& A4 QA 8wt o o)A Hlo]
HE AA & A% 39 Zdof gk5st3S W RMSE
7} 2.7665e-08, MAE7} 1.4958e-08= th2 HEHE
o M £2 45 Yehle AS o itk o
A B =7S Edto] Low-GloSeab #H4 % CPU
Time°] 7} Q& £ Q381= tri_sor.F90 ZES AE
S g EEo] gt HAlH g A& 7=

Ik

REFERENCES

[1] P. Bauer, A. Thorpe, G. Brunet, ‘The quiet
revolution of numerical weather prediction’,
Nature, vol. 525, pp. 47-55, 2015.

[2] D. W. Pierce, T. P. Barnett, B. D. Santer, P.
J. Glecker, “Selecting global climate models
for reginal climate change studies’, National
Acad Sciences, vol. 106, no. 21, pp.
8441-8446, 2009

[3] KMA - Exchange of Memorandum of Underst
anding between the National Center for Atm
ospheric Research and Korea Meteorological
Administration, [online] https://www.kma.go.
kr/kma/news/press.jsp

[4] H. Kim, J. Lee, Y. Hyun, S. Hwang, “The
KMA Global Seasonal Forecasting System
(GloSea6) - Part 1: Operational System and
Improvements”, Korean Meteorological
Society, vol. 31, no. 3, pp. 341-359, 2021.

[5] L. Chen, F. Du, Y. Hu, Z. Wang, F. Wang,
“SwinRDM: SwinRNN with
Diffusion Model towards High-Resolution

Integrate

and High-Quality Weather Forecasting”, 7he
Thirty-Seventh AAAI Conference on Artificial
Inteligence, vol. 37, no. 36, pp. 322-330,
2023.

[6] N. Wood, A. Staniforth, A. White, T. Allen,
M. Diamantakis, M. Gross, T. Melvin, C.
Smith, S. Vosper, M. Zerroukat, J. Thuburn,
‘An inherently massconserving semiimplicit
semilagrangian discretization of the deep

global

equations”, Quarterly Journal of the Royal

atmosphere nonhydrostatic
Meteorological Society, vol. 140 no. 682,
pp. 1505-1520, 2014.

[7] 1. A. Boutle, S. J. Abel, P. G. Hill, C. J.
Morcrette, “Spatial variability of liquid cloud
and rain: Observations and microphysical
effects”, Quarterly Journal of the Royal
Meteorological Society, vol. 140 no. 679,
pp. 583-594, 2014.

[8] K. Mogensen, M. A. Balmaseda, A. T.
Weaver, M. Martin, A. Vidard, “NEMOVAR:
A variational data assimilation system for
the NEMO  ocean model’, ECMWF
newsletter, vol. 120, pp. 17-22, 2019.

[9] J. K. Ridley, E. W. Blockley, A. B. Keen, ]J.
G. Rae, A. E. West, D. Schroeder, “The sea
ice model component of HadGEM3-GC3.
1.”,  Geoscientific Model Development, vol.
11, no. 2, pp. 713-723, 2018.

[10] S. Yukimoto, Y. Adachi, M. Hosaka, T.
Sakami H. Yoshimura, M. Hirabara, T. Y.
Tanaka, E. Shindo, H. Tsujino, M. Deushi,
R. Mizuta, S. Yabu, A. Obata, H. Nakano, T.
Koshiro, T. Ose, A. Kitoh, “A New Global

Model of the Metorological

MRI-CGCM3-Model

Description and  Basic

Climate

Research Institute:

Performance-",
Meteorological Society of Japan, vol. 90, pp.
23-64, 2012.

[11] VTune-profiler [online] https://www.intel.co
m/content/www/us/en/developer/tools/oneap
i/vtune-profiler.html#gs.5xzf5j

[12] Su, X., Yan, X. and Tsai, C.L., ‘Linear
regression’, Wiley Interdisciplinary Reviews:
Computational  Statistics, vol. 4, No.3
pp.275-294, 2012.

[13] R. Shen, B. Zhangd, “The research of



314  sayEEAsAr|sE5=2X H16H A55

regression model in machine learning field”,
MATEC web of Conferences, vol. 176, no. 3,
pp. 01033, 2018.

AAEFS

d & A (Hye-Sung Park)

[eHg3] el

=

* 20204 39 ~ @A Fgdsk
SR 314

@R AL HAlEY, HlofE &4

% 9 ¥ (Ye-Rin Cho)

A\

(g3l

e 20204 3¥ ~ EA: HLohstw

2 2

@Eop ToT, AARE 4+ Em|H o]

Al 9 9 (Dae-Yeon Shin) A3

T— ° 20204 3¢ ~ @A FLohstw
a5 S 314

@Eop ToT, AARE 4T Em|H o]

(5331

e 20209 3¥ ~ @A Aot

s 4

@AEoY §74 YE, [oT, 2vEdEe)

4 4 < (Sung-Wook Chung) Eska k|
e 20109 8%: CISE dept. Univ.
of Florida, USA, (Ph.D)
20108 109 ~ 20129 29: KT
T YR AYAT
el

201241 39 ~ @A ALoRsta
AFEET s

@4Eol 1oT, ATkERelE), HPC, AARE 4t Hejo]
clo] A28



