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Performance Prediction Framework for CUDA Programs
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(College of Sofiware ,Liaoning Technical University ,Huludao ,Liaoning 125105, China)

Abstract: In order to analyze and predict the performance of CUDA program kernel and guide parallel program de-
sign and performance optimization, a performance prediction framework is proposed. This paper starts with the GPU pro-
gramming model and hardware architecture details, with warp as the research unit. By integrating hardware and software fac-
tors closely related to GPU program time, high-level performance-related features such as device parallel space idle degree
(DPSID) ,number of streaming multiprocessor warp (NSMW ) are defined. Based on the above features,a framework for e-
valuating the execution time of kernel functions under different problem sizes and execution configurations is built for thread
load balancing GPU programs. The principle of optimizing configuration parameters of kernel function execution is put for-
ward to guide optimizing program performance. The experimental results show that the average prediction accuracy of the
framework is 89% and 94% in the two scenarios ,respectively.
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Memory Clock rate SR IEARE
Throughput of Native Arithmetic Instruc- | NVVP metrics, Through-
tions'? . Capability 3. x Metrics'?] put SEREUAHIE

R | AEET iZg .
NSMW ,DPSID,NBW , APB, SPEF lﬁﬁ&_ K Fi!:/m EAR 2
PR o 2 U AE

FATOLEAL sort (W, 0/ 1) B R AT, rank 510 KDT
UK. Hi Db = 1256,512,1024 | Oy FC B 24, (HAE
b 2 R o R A A T AR A U Dl
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EE ¢ 2020 4

PO FIRIE K B AT TR . sort, rank 43 i i iR
RIS EE R HE A R ARz R B ) LD
BN <<< 15,128 >>> SZPRFEmE4 55 2, HALT Db =
1256,512,1024 | fic & , X UL # R BCE A — & R s
R, IAh, 528 5.2 DA TE B ff BE AE MatMul , Transpose ,
ImgFilter ]I#% _F3GIE T RHAE S TEREMI R A T 1k
SRS Y A .
F6 HITHESHR

<g,b> K 4 1 v v/l | sort | rank
<15,128 > 32022 20 3.2 4 1.25 1 2
<12,160 > 32001 20 3 5 1. 67 2 1
<6,320 > | 32107.44 20 3 10 |3.33 3 4

<3,640 > | 32022.11 20 3 20 |6.67 | 4 3

<60,32 > | 32185.67 20 0.8 1 1 5 6
<30,64 > | 32221.44 20 1.6 2 1.25 6 7
<20,96 > | 32164.22 21 2.29 3 1.31 7 5

<10,192 >| 32438.22 24 | 2.5 6 2.4 8 9

<5,384 > | 32377.78 24 2.5 12 4.8 9 8

<4,480 > | 36246.33 30 2 15 7.5 10 10

<2,960 > | 36335.22 30 2 30 15 11 11

<8,256 > 32090. 1 24

<4,512 > 32909. 4 28 -

<2,1024 >| 36567.4 32

6 Zit

FE e PR RE T 2 A i Bt i AR b i B R, B
TERIETT A AR , o A E <5 J7 THI Ak 3 7 244 . AR 3L
FEOF Ik — R, 5 ST 2 UL, 4578 T KDT PERE T
THEZE. Sca6 45 R U I AE S0 R 7 F ) KDTV 7255 2
FRRARCER 3 Rl 58T (4 SF 42 F50 000 v 5 o3 S 3k E
89.32% H194. 73% . BRI 2 5b , $hAT L & 16 AL 5K fig
B FIACNAZPERE. SRS HESERE & 1 RECFARRAE , 31
W EARES AT R BE A TR B BE 3 A FER R L
Vi, B Al warp T3, 48 % warp $0F7 I ] | SPEF i (£
JE 57 warp TR B M ARAE E N AZFERT 5 NSMW
ISR AR A I T2 5T TT 1]
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