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A Study on Applying the Nonlinear Regression Schemes to the
Low-GloSea6 Weather Prediction Model
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< APstFom 1125.987%°] CPU Times o= 79 tri_sor_dp_dp #4E HotspotoZ HETIHTh
A AL APt 71 5ol MAlEd 7] shijl HAE FAREE A8 9 vlwste] wHilHd HE 7ts
g RISt 712 tri_sor_dp_dp <9l AA| dAERE QI le-3 ~ 1e-209] HHE 7HAE Output Data?l
A Px'E 7|EoR W8I K-HZA ol% I 2EL MAEZF 1.3637e-08, SMAPEZ} 123.2707%& 713
Q5 YeRgECe™ RMSEQ] ¢ Light Gradient Boosting Machine 37| Xdlo] 2.8453e-08% 7 435t A
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Abstract Advancements in hardware performance and computing technology have facilitated the
progress of climate prediction models to address climate change. The Korea Meteorological
Administration employs the GloSea6 model with supercomputer technology for operational use. Various
universities and research institutions utilize the Low-GloSea6 model, a low-resolution coupled model,
on small to medium-scale servers for weather research. This paper presents an analysis using Intel
VTune Profiler on Low-GloSea6 to facilitate smooth weather research on small to medium-scale
servers. The tri_sor_dp_dp function of the atmospheric model, taking 1125.987 seconds of CPU time,
is identified as a hotspot. Nonlinear regression models, a machine learning technique, are applied and
compared to existing functions conducting numerical operations. The K-Nearest Neighbors regression
model exhibits superior performance with MAE of 1.3637e-08 and SMAPE of 123.2707%. Additionally,
the Light Gradient Boosting Machine regression model demonstrates the best performance with an
RMSE of 2.8453e-08. Therefore, it is confirmed that applying a nonlinear regression model to the
tri_sor_dp_dp function during the execution of Low-GloSea6 could be a viable alternative.
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2. Low-GloSeab

2.1 Low-GloSea6 T4

GloSeab= A A7 7|3EE2 HadGEM3
(Hadley Center Global Environmental Model
Version 3)E 7IFtO & 78 5 cd&Hdoly,
SPdes 7] 9 AW N216, oY ¥ o
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Skl Y= ZF AR SRS WE A 2R
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H 1. GloSeat 24!
Table 1. Model of GloSea6

model name purpose
UM Met Office Unified Mod | Atmospher
el e
Los Alamos Sea Ice
CICE Sea Ice

Model

NEMO Nuleus for European 0
cean
Modeling of the Ocean

i L
JULES _Jomt uK .and Land
Environment Simulator

7 4714 5L 2RSS ol§dte] $AnY
Apg Agsict o) L Aw mde 152, 5 2
YLt 208 AAow g AFU. o

25km9] sER
AZe] 2717} E} OASIS 73%}1]** ol 1A% 244
S8 H4E westo] 4714 nHo| fU|Ho8 5
HEE 3}t OASIS 232+ OASIS3-MCTE At
8310 sparse matrix GAMHES ARESHE AR 7Yl
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B =Ro|AE Low-GloSea6d Hotspot A&
flote] Intelol A 7 9 Al FSk= VTune Profiler
£ ARgoto] B8-S Aot Viune Profilers
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l ' Intel® VTune™ Profiler's
Application Performance Snapshot

vt [ 1 )

MPI Imbalance CPU Bound Thread-level FPU

iikelell i underutilization
Intel® Trace Analyzer
and Collector

Thread-level scalability issues  Parallelization | [Vector eficiency
Intel® MPI Tuner Intel® VTune™ Profiler Threading

{OpenMP analysis) I

Intel® Advisor

ssues)
NODE CORE

T3 1. VTune T2mUz[9]
Fig. 1. VTune Profiler
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Table 2. System specs used for profiling

Name Hardware Specification

CPU Intel® Core 10" GEN i7-10700K
RAM 64GB

SSD 1TB

GPU GeForce RTX 3080

B =Rox= CPU Bound 4L 93 19 19
AlU4E]L F Node 7|8t Intel Vtune Profilerg A}
85132 CPU Usage 718t Hotspot £4& Al&Zst
At VTune Profiler= & 71X ME9 7|5 24

oz 491

RT7h E2Acl=t] ¥ =7t E2AskARL S8 9
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E33, 4 4 g E AEY Sl E A
A5fjof Sl= st=E o] oHE 7|yt MEo] AT
ot 2 =2oAe AEY EEolHE AA5HA] Y=
ARSAF HEZE AREsto] ME Hotspot 242 A%
sioitty. ZEutdsS Xge A AR & 29
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-} Elapsed Time :4278.722s

CPU Time s 29877.390s
Effective Time 13390.712s
?) Spin Time -2 16486.670s
2 Overhead Time : os
nstiuctions Retire 206,821,904,600,000
Microarchitecture Usage @ 57.4%  of Pipeline Slots
i Nt 17
3.639s

() Top Hotspots
This seciion lisis the most aclive functions in your application. Optimizing
these hotspot functions typically results in improving overall application
performance.

CPU % of CPU

Function Module Time Time:

T o - libmpi.so.12. 13032.006
MPIDI_CH3I_Progress 05 s

. - libmpi.so.12. 3097.394s
P! em [ )
MPID_nem_tcp_connpoll 05 e
[Outside any known module] [Unknown]  1408.185s ATH
MPIDU_Sched_are_pending ‘5";‘"‘ 5012 1op3a03s 43%
01 | 0L sor d i
__ll_-_;u mod_MOD_tn_sor_d  um 1125.987s 3.8%

p_dp._omp_fn.7 atmos.exe

*NiA is applied fo non-summable mefrics

12 2. Low-GloSea6 £M ZAnt
Fig. 2. Low-GloSea6 Profiling Result
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1125.987% AQE%om 13.3%

Maoduie Function (Full)

79.8% libmpi.so.12.0.5 MPIDI_CH3I_Progress

36.6% libmpi.s0.12.0.5

100.0% libmpi.so.12.0.5

MPID_nem_tcp_connpoll
[Outside any known module]
MPIDU_Sched_are_pending

13.3% um-atmos.exe

tri_sor_mod MOD _ri_sor_dp dp. omp fn7 1

48.4% libm-2.17 s0
63.0% libm-2.17.s0
41.3% libm-2.17 s0
23.0% libgfortran.s0.4.0.0
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43.5% libmpis0.12.0.5
64.5% um-atmos.exe
43.6% libmpi.s0.12.0.5
8.3% um-atmos.exe
49.7% libc-2.17.s0
29.9% um-atmos.exe
57.4% um-atmos.exe
14.9% libgfortran.s0.4.0.0
18.5% libgfortran.sc.4.0.0
54.2% libc-2.17.50
16.7% libmpi.s0.12.0.5
15.9% um-atmos.exe

[ ChLTine ¥ = BErilieve ??Eife_‘i_ui_‘:_’_"f’_’c_"“_e?_“_‘"_-’ iy B2
| 13032.006s S  120,687,327,400,000
3097.394s @R 21,479,359,400,000

1408.185s @ 4,498,531,200,000 34.6%
1283.903s @ 17,827 578,400,000
1125.987s § 1,706,568,600,000
888.238s | 4,721,956,000,000
617.219s | 4,255,281,800,000
450.796s | 2,156,222,600,000
437.765s | 212,013,400,000
347.046s | 986,077,200,000
334.226s | 1,264,324,600,000
315.775s | 2,268,923,000,000
315.586s | 1,213,792,200,000
241.898s | 245,096,200,000
168.967s | 1,118,036,000,000
143.053s | 496,743,600,000
137.651s | 868,364,600,000
128.050s | 123,070,600,000
115.389s | 53,328,200,000
115.055s | 849,501,400,000
114.831s | 294,956,000,000
93.374s | 176,665,800,000

__ieee754_pow_sse2

__eee754_exp_avx

__expl

func@0x1c270

__mod_cosp_MOD_cosp_iter
MPID_nem_network_poll
__eg_cubic_lagrange_mod_MOD_eg_cubic_lagrange._»
func@0x3da00
__glue_conv_6a_mod_MOD_glue conv_6a
_int_malloc
__eq_calc_ax_mod_MOD_eg_calc_ax_dp_dp._omp_fn,
bdy_impl3_._omp_fn.0

func@0x1c230

func@oxicab0

_int_free

MPIDI_CH3U_Recvq FU

__Is_ppnc_mod_MOD _Is_ppnc_gather

12 3. Low-GloSea6 ZEY¥ 24 Zut

Fig. 3. Profiling Results for each Low-GloSea6 module
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Table 3. tri_sor_dp_dp Variable

Input Data Output Data
X Px
IltHIm_Ln
ItHIm_Ls
ItHIm_Le
ItHIm_Lw
ItHIm_Ld
ItHIm_Lu
[tHu_k
[tHd k
1~48 0~49
. 1 A
olo|olo|o
‘ o|lo|o o|lo|o|o]|o
1~36  — [¢] O[O0O|O0|O |0~ o037
‘ o olo|o|o|o
olo|olo|o
48 X 36 X 85 (146880) 50 X 38 X 85 (161500)
(dims) (dims_s)

2 4. tri_sor_dp_dp ZAt 37|
Fig. 4. Grid Size of tri_sor_dp_dp
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Table 4. System specs used by test

Name Hardware Specification

CPU Intel® Core 13" GEN i9-13900F
RAM 128GB

SSD 278

GPU GeForce RTX 4070TI
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