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Abstract

the graphics processing unit (GPU) has been applied to general purpose computation to help the central processing unit

As hardware functions are constantly developing,and software development environments gradually mature,

(CPU) accelerate a program. To obtain high performance,a GPU generally contain hundreds of core arithmetic units.
Owing to the existence of high-density computing resources, the performance of the GPU is much superior to that of the
CPU, while its power consumption is larger than that of the CPU, Power consumption has become one of the important
issues restricting the development of GPU. Based on the study of the Fermi GPU architecture, a high-precision architec-
ture-level power model was proposed in this research. In this model, the power consumed by different native instruc-
tions,and each memory access, were first calculated, then the power consumption was analysed and predicted according
to the execution instructions as applied to the hardware,and the sampling results were acquired using sampling instru-

ments, Finally, the results obtained from practical testing and the power model were compared by using 13 benchmark
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applications. It is demonstrated that the prediction accuracy of the model can reach approximately 90%.

Keywords GPU, Fermi, Power model, Native instruction, Memory power consumption
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FADD(1 REG) 3.39 IADD(1 REG) 2.12
FADD321 3.58 ISCADD 1.74
FMUL321 4,65 SEL 3. 11
FMUL(2 REG) 5.54 IMUL(2 REG) 5.12
FMUL( REG) 4,86 IMUL(1 REG) 4,87
FFMA(3 REG) 5.91 IMAD(3 REG) 5.99
FFMA(2 REG) 5. 47 IMAD(Z REG) 5.24
FMNMX 2.98 IMNMX 1. 66
FSETP 4. 02 ISETP 1.14
DADD 10. 63 LOP. AND(OR, XOR) 2.01
DMUL 12,25 SHL 3. 66
DFMA 13.38 BAR 4.16
DMNMX 7.75 MOV 1.52
DSETP 5.93 MOV321 1.17

3.3 TEMBETINESEIRN

GPU B MIFHE 2 T E R EFF45. L1 Cache, L2
Cache, BAF JEETE64ES E BB IR BB 1ESS. BT
FEBMESTERTHRRER, SIRITE R TABEED
SR ESEHEES, LA LR E T X,
PRI E 5 P e 2 R FE R T B B T E TR A B E L
T AU B AT S IAT T R F AR B E A XTI R
k. EEEMRSFFINE AL, Ve R BB, FA
BWAREIENFMEET ., Hit GPU A FER R
B FERFER4FE L1 Cache,L2 Cache, 77 . L EFFMERR
LR .

i1t CUDA profiler A] L3R5 £ 7 72 6% 8% 1 12 5 4
L1 Cache,L2 Cache Ry k¥, LA R &R SR SATE R
IS S, LL L1 Cache HBIFEIFEE RTINS EEE
Bug#. BT L1 Cache i T ZEISH S, Fik HIiFEHRE2
R A B RS B B T K. R T S — R Rk
PP, BN 7E GPU EM P F MBS N EAREFR
LERER NS, FEWE 14 AN H AR A F
F,L1 Cache Zh#EF L1 Cache #f SERZEILE TR TN 2 Fim .
EREFEEITHEE . BKIEA L1 Cache HIBEEF B SWREM
R RMRN QDR (@b IR ER).

L1 _access_energy=a * bandwidth® 11D

L1 Cache access energy

A
\
¥

1¥=a—._~

v d
10000 12000

L1 access energy(inl/byte)
-« EBBERERE

0 2000 4000 6000 8000
L1 BW utilization(%)
<@ L1 cacheindude const power =l L1 cachesub 2IW

B2 LLUFARERTHSWRXE



L2 Cache L A7 A% A8 LA Je LU PR 4% 2% 19 BE B JT 65 AU
TR RBKFR S L1 Cache KM, RE a0 WERR. KR
RSB S a, b, UL R A7 il 4368 R ST HE 96 3 — I

ViR i 2SI BERE I FE 2 FR S,
%2 TEIRSBRERITH
Energy Memory
memory Parameter a  Parameter b (0]/byte) utilization
L1 Cache 0. 0307 —0.578 0.021 99.7%
L2 Cache 0.145 —0. 365 0.13 93. 6%
Read shared ) 50 —0.596 0.021 99. 8%
memory
Store shared )07 —0. 542 0.021 99. 8%
memory
Read Dram _ _ 0. 54 90. 3%
memory
Write Dram - N 0.53 85.5%
memory
Texture 0.145 —0.299 0. 14 99. 8%
memory
4 KBERS5HH
4.1 XBTA
(HLEEE

LI B AR B YL (B E A C2050), Ml 3K 28
(Extech Instruments 2% B B B 51 4t I # i # X
380803 FRFHEE , A 3 B,

BRI WRNE
B3 SR

SR HEPIR &R Intel Core 17 CPU 1 2 4~ GPU &
+,H & NVIDIA Tesla C2050 fH1E# 118, NVIDIA Ge-
force 8800GT FIfEE R, A7 H 6GB, i 1TB.

B4R IS EE R AU £ BT RE R 7R 4R M B R T SRl
HENL SR E R AR TR . Wi REENE
HTICRERN S =, 8T RS232 #: 0, W $d %
WAREZ B SO, IRAGR K HBERIE R T T)
B8,

() LRI IE TN

N T R HERR I B GPU #ysc 34048, U LR i &
A E HEN TR RAAREN. XFEEEENEN
BB P HFEERE T, FEE X E TR FR SRR TH
BIBEM, AR B I B ARSI .

THER CPU SR b 5 W B B T3 : CPU R it 43
R, XXM B LB T BEINN SR BNHRENERS
BRI, [Frt,BEE CPU MM &k, CPU M X5 5
ARk, AT R CPU SR 5 KU s A ks T, 77
PAET BIOS Hr i Bk e CPU SRER 5 KR B3,

T4k GPU R AT 3t Tesla C2050 B KA B A
BN, KU 3 S B AR AR A B IR R L
TR, XM B SER KW, N THE
GPU R 55 %% B B9 T3, 17 LI F§ T A NVIDIA Inspector [
WEREE GPU MEHH.

HERS RT3 B iR, GPU B A 4
BB RIS XT iEE = A U . # B 7E NVIDIA Tesla

C2050 ¥ & XM E 8 GBI Y 1024 X 1024) 47
R, 5 IRE ST TR A E 4 B, B ] LB B
BEFIIRIEFTE et Z 0, BKRERE S B RERE 2 A)
RIZMER 1awatts, T2 H T8 25 I0FE A1 X
F L VR AR BRI . XU o e IR A B B, P LA
AN R IRRERE RA dwatts, HIEE R T 10watts BEEH
FREFRTSEOELREE M. A THR GPUSHEREX
TIRERIRE A, DR IR B 5 | RS M T RE R AL B9 T3k

250 160

£ 0 "
¥ N Power_deltaldW 2 g

B 150 L 100
00 - 50§
g 50 — 80 §
= Temperature_delta:22 degree e 40 B

L) T T T T T 20

BT 200 400
e Time(Second)
4 GPU M BB IRM W
4.2 #R5HW

X GPU 2 M AR R AR E AL, KPP EF R
FHAA NVIDIA FF & # GPU Computing SDK!! | ## F 1%
B R R H B BAFF & 89 parboil™® DL K 36 3 B W K
BB BRI I/ N T & B Rodinia™™

QOE -3 - wivgiil:nprin:ild

FEE R 00 BRI RE S 2 TH L SE e Bk GPU 42
P g, 3¢ ELIR B BB 4 72 4 U B 1B X ThFE R I v
e, B BRI 3L P R B B R i R LA T IR

DEABMIITH MEREK, XL EFHURT
HUER DR EINEE

MRS AN ZEE ZFEYN  HEEEUGEEHERES
MHERID IEEEM GRS HEMHSRFEE L1 L2
Cache fr P fIBAFHIRD , S TR LR R FH A TTHERN
FARAMER. ST SRR SR AR FE R T R
MR

3R B AR 2 2 FR R4 XF Fermi ZRH#1T {14k
B XJEE AR Fermi 404k ) ARBET LLFE 4RI F Fermi
MR, AR S RIE R E R E LR
ERPIT I DIFE.

WG AN R A LR E X BB L TAE
By — S5 7R, X T RETE A A BB ST B SE R .

R LA SR, AR SCRE BT 12 N7 A R #4700 3R : Mon-
teCarlo( R4 R IF B ADM SIMV (BB ER S m &
#0923 Matrixmul (58 B e 32 ) . Reduction (3F 47 31 £4)[%41 |
Sgemm (Bl 1 18 45 M 7 1)1 | Black-scholer (75 3€ -3
BHR 87 47 BUE BT | Transpose (46 [ 5% &) @7,
STREAMC¥ 42 i 4b ) |, Histogram (B 7 & 48 i) 81,
MersenneTwister™® ( H 43 22 48 e 55 M B 35) | quasirandom-
Generator’®! (MEREHL B K 4 28) . sortingNetworks™? (HEF W
%,

(O BERGH

GPU Ocelott®?) B —MEHR AL B H R S RTH RIS AR
FIES, RS MEHENE G BB MRt B
CUDA w) PTX #3544 . FIH Ocelot 7 LA3R1G —1~ 1L A
ST P W2 PTX 4R, H R native 545

e 33



PTX 54 By BE 3% 78 0] DAFRAR 200 F 76 88 44 L PRAT R Rl
2 native t§ M H .

ARG 13 A~ B %R CUDA profiler #1735k %,
SRIGFIF Ocelot TERXFHHFTIR S 5347, KB HE LS HITK
B, BrARLANBEME R S A RIFTEB LR 3 FF.

£33 HEHESRHTIR

Kernel Int  Float Double SFU " 11/12/Dram
mem

MC(float) Y Y Y/Y/Y
MC(double) Y Y Y Y/Y/Y
SpMV Y Y N/N/Y
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