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bR E AL R ARGE CPU A EBEENR BT CPUSAERO T4, ZH 24483 50 H AT PMC @4
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REMRBEREENREARRBRN 52 REZ MR RS Z Y RU7H R 4 &, B R E 486 Baseline 45 B A
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TR R EAPTAR A0y h AR BAE A A R ERIT,
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CPU Power Modeling Accuracy Improvement Method Based on Training Set Clustering Selection

LI Zekai,ZHONG Jiaqing, FENG Shaojun,CHEN Juan,DENG Rongyu, XU Tao, TAN Zhengyuan,ZHOU Kexing,
ZHU Pengzhi and MA Zhaoyang

College of Computer Science and Technology,National University of Defense Technology,Changsha 410073, China

Abstract Building a high-precision and low-cost CPU power model is crucial for power management and power optimization of
computer systems. It is generally believed that the larger the size of the training set, the higher the accuracy of the CPU power
model. However,some studies have found that increasing the size of the training set may not necessarily improve the accuracy of
power modeling,or even sometimes leading to a decrease in accuracy. Therefore, it is necessary to screen the training set of the
power model to ensure that the accuracy of the CPU power model does not decrease while achieving a low-cost target for model
training. This paper proposes an optimization algorithm for training set selection based on clustering. It first converts PMC-based
program features into a p-dimension vector feature space through principal component analysis (PCA), then clusters the pro-
grams according to the optimal number of clusters found,and selects representative programs from each cluster. Finally,according
to the principle of selecting the strongest representative program within a single cluster and selecting the least number of repre-
sentative programs among multiple clusters,a low-cost training set is achieved for a significant reduction in training overhead
without loss of modeling accuracy. Experimental evaluation of the algorithm is conducted on both x86 and ARM-based processor
platforms using linear power modeling and neural network power modeling.and the experimental results validate the effectiveness
of the algorithm. These results indicate a significant improvement in CPU power consumption model accuracy.

Keywords CPU power modeling, Training set selection, Principal component analysis, K-means clustering
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Table 5 Hardware environment of two platforms
) &
A -
Fa A FeB
CPU ARM 4 # # Intel Xeon Gold 6226R
DRAM/GB 64 64

# 6 IR A

Table 6 Test set used in experiment and number of program
i % 2 F A
SPEC2016010] 43
HpCCH 5
PARSEC!2] 12
Graph500£13] 2
SMG2000H14] 1
HPCGHS] 1
HPL-AIL6] 1

5.2 EHEERRSH
AR AT 4y LI R B 0 R B 1 0 AR B SR L X L R
(Baseline) Ji 5 T ¢ 22 S 1 B A9 20 28 126 0 A7 B0 AR O 2 .
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7 PHNH T 2 B TUAL HS B AN AR T 6 R AR AE
Ve, ;A , % 8 FE 9 gl T ALk R R R
FPE LR . B 4 RIE 5 T T I S e R A TR R
FEak £ . H b Baseline # # T PARSEC, SMG2000,
Graph500 1E Rl 254k .

F 7 OAFAEBEETG 1BCR UL BEAT B A4 ) 45 R

Table 7 Vector results obtained from data preprocessing on different processor platforms
Benchmark x86 T 4 # 15 & ARM T 4 # @ &
Graph500 (1.926X1075,9.068X10°7) (—1.104X1076,—6.149Xx10"7)

HPCG (2.176 X106, —1.791 X107 %) (1.004X1077,—2.823X10"7)

HPCC (3.022X1075,—6.304X106) (—7.027X1077,4,392X1078)
PARSEC (—2.481X107°,3.502X10°7) (9.411X1078,—1,647X10"7)
HPL-AI (1.656>X10 7, —3,161X10 ") (—3.212X106,3,765X10 6)
SPEC2016 (—8.905X1076,7,564X107°) (1.506x106,—8,031x10"7)
SMG2000 (—2.378X10°,—1.148X10 ) (2.133X107,—9.85x10"7)

# 8 x86 AFLANF-H WILE MR P PSS R
Table 8 Clustering results on x86 processor platform and

representative program selection results

RERF
¥ B VAR TF
%1% HPCC HPCC
%2 #% SPEC2016 SPEC2016
% 3% Graph500.,PARSEC.SMG2000 SMG2000
%4 % HPCG, HPL-AI HPCG
# 9 ARM LG R LM ERB T PG
Table 9 Clustering results on ARM processor platform and
representative program selection results
- = k&R
¥ A EEHALF
21 # HPCC, HPCG, Graph500, PARSEC HPCG
%2 HPL-AI HPL-AI
% 3 % SPEC2016, SMG2000 SMG2000
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Fig.4 Accuracy comparison between training set selection

optimization algorithm and Baseline(linear model)
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Fig. 5 Accuracy comparison between training set selection

optimization algorithm and Baseline(neural network model)
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Table 10 Modeling consumption obtained by optimization algorithm
for training set selection and contrast algorithm applied to

linear model

(s)
F &
7S R EE T o T
(x86 4 EHEF &) (ARMAEETE)
Baseline 76531. 64 5012. 38
I A E 56609. 82 33564, 52
At PR Ak 98977. 42 47287. 68
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Table 11  Modeling consumption obtained by optimization algorithm for training set selection and contrast algorithm applied to neural network model
(s)
)
o AR M A (x86 LB T 4) HAEEEFTHARMAE BT 4)
Baseline 77132.74 5618.69
I 5 &AL R 57058. 25 33931.67
S 99567. 83 47792, 45
F 12 YIRS 35 LA Bk BR B 12 7 P 067 000 28 P 2R A 38 1) o1 S5 A % 52 2

Table 12 MRE obtained by optimization algorithm for training setselection and contrast algorithm applied to linear model

[€73)
)
=4 H:/
- 4 At iR 2 (MRE) (x86 4 2 F &) 248 A% 2 (MRE) (ARM 4 2 2 F &)
Baseline 4.917 19. 224
UEE Sk 4. 644 11.190
Xt RS 5.022 11.143
F 13 YIGRAR BEPE O AL Tk LA Kk BB 3k IO ] T i 426 IR0 24 A5 80 (1) 1 18 AR X 15 22
Table 13 MRE obtained by optimization algorithm for training set selection and contrast algorithm applied to neural network model
%)
S5 re
¥ 4 At ik 2 (MRE) (x86 4 # F &) ¥4 A% 2 (MRE) (ARM 4 #F &)
Baseline 3.920 7.193
UEE S /i 2.810 5.652
Xt RS 1.985 5.726
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Fig. 6

Results of optimization algorithm for training set selection based on K-means clustering on x86 platform



66

Computer Science T HEHFIZ  Vol. 51,No. 9, Sep. 2024

HPCC
SPEC2016

HPCG
BR A2 PARSEC
SMG2000
Graph500
ETTN T S
/- \ »
\ o
, HPCC
REHKN3 HPCG
N : s SR SMG2000
(NARERESE\ pARSEC || spEC2016
BRI RKER)
F2mk
N
N
N
]
N

REH N4

%0k EAY %27k %35
WA R RCR 3.4k (HPCG.SPEC2016, HPL-AT} ,
(a)3 PR JSBOT 1940 28 AR KR IT Chi i F 020 ik £ 45 21

d le—6
(e HPL-AI o fmizF
e iEF
A FED
34 O B#E
PR
XK
®
A
al
od
_ad

-5 2 34 0 1
ERAI le-6

(b) KN 3 6 1Y 3R SR 45 R L s o

7 ARM A FLERF- 5 13T K-means J IS MU SRR BE PR 0 AL 500 25

Fig. 7 Results of optimization algorithm for training set selection based on K-means clustering on ARM platform

F 14 kBN RN X 2 A4S T80 R AT 4 1) 52
Table 14 Effect of different 2 on consumption of power modeling

using linear model

(s)
FE
k TR TT T #E M TT
(x86 4L I 2 F &) (ARM 4L 7 % F &)
k=2 23953.62 7953.42
k=3 55225.74 20534. 27
k=1 60706. 39 37188. 45

F 15k A A TR IR 28 190 2% A5 20 ) A AL T 4 114 52 T
Table 15 Effect of different £ on consumption of power modeling

using neural network model

(s)
T
k T A HAE T T AR H AR T 4
(x86 4L HEHBF &) (ARM 4 # B F &)
k=2 24253.52 8456, 26
k=3 55721.63 21031.95
k=4 61302.58 43192. 85

F 16k B [ IRU(E XoF 2 P 4SS A )R A 15 25 1) 5% Wi
Table 16 Effect of different 2 on MRE of power modeling using

linear model

%)
F &
k F ¥ 48 #tiE 2 (MRE) ¥ 48 2R 2 (MRE)
(x86 4 % F &) (ARM 4 32 % F &)
= 4.838 16.498
k=3 4,646 11. 190
k=1 4,644 11. 190

AT ke (AN [ HRAE XS 0 25 000 265 A5 200 )y el A8 R 2 1) 52 )
Table 17  Effect of different £ on MRE of power modeling

using neural network model

(€79)
Fé
k F ¥4 AR 2 (MRE) 348 22 % (MRE)
(x86 4 7 #F &) (ARM 4 3 % F &)
4,284 10. 613
= 2.947 7.191
2.810 5.652

2) AR P BRI
T S RE Y 24 R PR A R AU R AR T I ROCR . AT

BEALZE SR EAT X L . BENLEL £ 538 B — b BEAL I AR
FAEFP AU ZRAE i =X

e 18 FIR 19 FIHH T I 2R G2 s 5 5 0k R A AL 2 38 ok st
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Table 18 Effect of different representative programs on power

modeling accuracy under four clusters on x86 platform

%
* 45 | 4
ERERRERF %Ei%ﬁ% miimﬂéﬁﬁ
Graph500., HPCG.HPCC.SPEC2016 46,764 5.741
Graph500, HPL-AI, HPCC, SPEC2016 39. 886 4,344
PARSEC, HPCG,HPCC,SPEC2016 28. 385 8. 455
PARSEC, HPL-AI.HPCC,SPEC2016 28.137 9.742
SMG2000, HPL-AI, HPCC,SPEC2016 4,567 2.762
SMG2000, HPCG, HPCC,SPEC2016 e .
Gl k5 5ok it 9 4 ) : :
219 ARM LSV A E%%Txlﬁlﬁﬁ‘#ﬁ?iﬁ%ﬂmﬁ

ARORT BE (45 i)
Table 19  Effect of different representative programs on power
modeling accuracy under three clusters on ARM platform

%)

AR GHHEE RAHEWNEHRR

S W )
BROREREF % 7|ty MRE 27|ty MRE

PARSEC,SMG2000, HPL-AI 25.914 9.752
HPCC,SMG2000, HPL-AI 17.974 7.823
Graph500,SMG2000, HPL-AI 17. 346 10. 646
HPCC,SPEC2016 , HPL-AI 11.231 6.376
PARSEC,SPEC2016 . HPL-AI 14,672 6.146
HPCG,SPEC2016 , HPL-AI 14.161 6.060
Graph500,SPEC2016 , HPL-AI 14. 066 5.955

HPCG,SMG2000, HPL-AI

GOl S 43k 8 0o 2 09 ) 1190 0. 652

MR LUE W A EE BE PIL 2 B 3%, 7E x86 Ab B AR F 5



B E TN R FI L ry CPU DR ks 2 48 71 U5 67

YIS 4 kB B O 35 M xR 22 7 /D 24, 88296 AN
3,399 %6 (4359 Ay 4 M AT TR 0 Bk 22 I 2% Y, R[] s /E ARM
AR ER T & I SR AR 8 PR B T R 0 iR 22 T B 5.
291% A1 1.885% . XURIF T I EE BB LN LT S — L K
9 R F AT IR T IR A Rt

5.3 #—STHHLER

5.3.1 Baseline 3 i A= 2} B8 5 I

A/ T Baseline 58 vk #9236 B vk H 5 U1 25
ERBETILENAE FEERBAES L L, @i —A R
FARTR 432575 1 19 Baseline 5%, S #F — 25 56 TE I 25 42 dE £%
Fik b K-means 482505 240 9 1 R0 . Baseline 5595 5 8
AR W T .

DB (RSE 155 D

2) 3R F 3 TR AE 22 5 B ME 1 43 2805

DIREBF (AT E 1 LR T— LK D,

SRV v 0 T RRAE 22 S IR 1 43 205 1 2 e T R AT 22
W NTEE do MBT 58— MR A R)F 55 A
T RAE 22 BB d, S KT B (EA o WK Bl 2 g — 2

TG B v, FRATT SR D T S A I 5 v i P 1 9 4 4 3
PO W RIS A T B 2 8 35k K 5 4R B 1y Jir A B B4 R )
YR4E RTINS AR A

F 12 FIR 13 FH 1T YIRS B HEE A Baseline 551
WG 53 20 fIFK 21 B T Baseline %% 75 x86 4b 348 °F- &
I ARM Kb B8 F 5 B R R ISECT M R G5 . 75 x86 4b
R4 L, M L Baseline, X HR B 125 SR ) £k i 455 100 Aop o B
KT 0. 105 % . R FH 4 22 I 26 55 0 I G B2 48 7 171, 93506, i
B Baseline 28 ¥ #fE DL AR IF CPU Ty 6 455 BUOKS 8 RN &A%, 1F
ARM BSR4 b # H Baseline, X W8 5 %k SR ] 28 1k A5 250
B R BE SR T T 8. 08106, SR FH i 45 I 4% 5 Y A B R T T 1.
467% . PIAALFRERE & b A X I8 S0 06 45 SR it — 45 3 0 A S
BT K-means 38 25 01 25 45 Y £ 00 10 550 1 16 5 5F 2
FERLIURS B R AR H A AW .
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Table 20  Clustering results of Baseline algorithm on x86 platform

RAEE - RERTF
%5 = P AR T
%1% HPCC,PARSEC PARSEC
&2 % HPL-AI, HPCG,SPEC2016 . SMG2000 SMG2000
% 3 % Graph500 Graph500

# 21 ARM A BEERT- 6 b Baseline 3k B2 45 1

Table 21  Clustering results of Baseline algorithm on ARM platform

s T RERF
Ty W R R
% 1#% HPCC,PARSEC,SPEC2016,SMG2000 PARSEC
% 2% Graph500, HPL-AI, HPCG,PARSEC HPL-AI
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Fig. 8 Evaluation score when precision-cost weight combination
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Fig. 11  Evaluation score when precision-cost weight combination
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5.3.3 B AMLRE kAT

JEGAIE K-means B 270 Y S de 38 B 5 1k b 9 S8R A
A Tk e Y RSB e O B R B IR R KL (Ag-
glomerative Hierarchical Clustering, AHC)Y , DAXT H i i 58
KAEWRERAR ., AHC B E—MH HIRH B K E
RAERMEMBRBREL, R EIRE T B IEARBE A4

0 0y B S AE kAR M R Y B AR 0T B P RS I AT A OF
HEEPIBB A REEA B, PIARERC . C Z MR E
SRR i

davg(cl’(j/) er(z dZSl(],Z) (6)

Hrh o dist(x,2) B x5z E‘]FAEEEEFZ%

SEG 25 R FR A R[] Y 3R 20 v S X A 0k 0 M Ak RO 2
AR, 22 MK 23 thar B T FE x86 AR AR T &
M ARM IR & PR R BT 0 R R 3%

FPEREAE R, 16 x86 AL FLES T & I, AHC ki th iy A3k
&f?ﬁ HPCC+ HPCG+ PARSEC + SEPC2016 , £& 1k 1 74 Fil
P2 25 AR ) MRE 43 518 5. 41% Fl 2. 74% ;76 ARM 4k
HHRT A LB RREHEE B R EET N HPCG+ PAR-
SEC+SMG2000 , Z& 14 155 1 Fl pft 28 Y 4% 12 1 ) MRE 43 51 4
25.914%F19.752% , Wk 5.2. 1 P o {fi ] K-means %211
SRGESR AE x86 AL BAR T A L AHC 575 A AL Y
MRE &7+ T 16. 49 % , ¥ £ 4 BB (1) MRE AR T 2. 67 %05
T ARM b FRERF- & I, 4R PR BRI F0 b 28 ) 45 45520 1) MRE 43
T T 131,58 % M 72.541% . SERFH, AHC B H:7E x86
WV & LR ERTIMR 5 K- means R M IE, (H1E
ARM 4328V & DA B R TR E AR T K-means B2,

T 2 B 06 AN ) 10 398 20 50 1 4 b 0 0 1 00 A 003, 77 2 5 K 3
Wi, AHC B35 I A He ARt b i I vk v I R T ok .

%22 x86 AbIIEET-A AHC 553k A LS BRI F e Hr4s

Table 22 AHC algorithm clustering results and representative

program selection results on x86 platform
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