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Prediction of Loop Tiling Size Based on Neural Network
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School of Computer Science and Technology, University of Chinese Academy of Sciences, Beijing 100049, China

Abstract Optimization of loop programs is an important topic in program optimization. As a typical technique of loop optimiza-
tion, loop tiling has been widely studied and applied. The selection of tile size, which is complex and highly dependent on program
and hardware,has a great impact on the performance of loops. Traditional approaches based on static analysis and heuristic expe-
rience search have high cost of labor and time,and lack generality and portability. Therefore, the neural network method, which is
good at representing high-dimensional information,is considered to learn the hidden correlation between tiling size and program
performance, which is a result of complex interaction between program and hardware. A new group of features with 29 dimen-
sions are extracted based on size of the problem,structure of the loop,locality of the operations within the loop. The experiments
are carried out on hundreds of thousands of lines of six kinds of kernel programs (3D loop,2D data) with random sizes in the
range of 1024 to 2048. The sequential model (TSS-T6) achieves an average speedup of 6. 64 compared with GCC-02,98.5% of
the average maximum available performance compared with the exhaustive search,and an average 9. 9% performance improve-
ment compared with Pluto. The parallel model (TSSP-T6-Search) achieves an average speedup of 2. 41 compared with the
OpenMP default optimization,91. 7% of the average maximum available performance compared with the exhaustive search,and an
average 9% performance improvement compared with Pluto default parallel tiling optimization.

Keywords Compilation optimization, Automatic tuning.loop tiling, Artificial neural network,Cache optimization
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ANERIBCRR TR (4 TS b 2 7 0 PR 2 I (14 40UA T R 1)
# pragma scop
for(int i=0;i<<PSl;i+ +){
for(int j=0;j<<PS3;j+ +){
for(int k=0;k<<PS2;k++){
CLIGT +=ALTCk] = BOKICG 50
# pragma endscop

Ca) Z3 BRI B9 IR

Nt t) sty » 35t st5 5163
register int lbv.ubv;
/ % Start of CLooG code * /
if((PS1 >=1)&-&(PS2 >=1) & &.(PS3 >=1)) {
for(t; =03t; <<=floord(PS1-1.D s t; ++) {
for(t; =03, << =floord(PS3-1,]) st, ++) {
for (t3 =033 <<= floord(PS2-1.K) 513+ +) {
for (t;, =1%t;;ty<<=min(PSI-1,I* t; +1—D;t;, ++){
for (t5 =K * t33t5 <<=min(PS2-1,K * t; + K— 1) ;15 ++) {
Ibv=] * ty;
ubv=min(PS3-1.] * t, +]—1)
% pragma ivdep
# pragma vector always
for (tg=Ibv;tg<"=ubv;tg++) {
Cly ) +=Aley ILes ] * Bles g Is0 0 th))
/* End of CLooG code * /

(b) £ Pluto 43> YAk B1F ) I %

1 B UE N Matmul 98 2R 38 43 43 B S5 09 5 RS

Fig. 1 Source code of Matmul loop un-tiling and tiling with Pluto
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Fig. 2 Comparison of execution time between tiling and un-tiling
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Table 1 Parameter information of multi-level cache structure

Type (,(if:lloedt::;e Size 1(4:]:;; MIKEE 4%S
L1 i-cache 4 32kBX8 64 8 210
L1 d-cache 4 32kBX8 64 8 210

L2 10 256 kBX 8 64 4 211
L3 40~75 12 MB 64 12 214
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Table 2 Selected benchmark procedures

Kernel Brief description
Matmul Matrix multiplication

Dsyrk Symmetric rank-k update

Dsyr2k Symmetric rank-2k update

Tmm Triangular matrixmultiplication(three matrices)
Trmm Triangular matrix multiplication (two matrices)
Gemm Generalizedmatrix multiplication from BLAS
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Table 3 Features of loop program structure
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mul 15 FPERRAE 23 BT A i A AR AN T . SR X P RN Z
AR Ly o B FA B A& j. k. D BRG] CL T B HiHK
(EHMD B RP=2:2)A[:][k]A RI, BV RI=1;3)CL][; ]7]
EWREAD B WP =1, ik, X T8 206K L., H T
PR AR e i 2 AL IR . D R ALJLR] AT, IRP=1;
2)BLRIL 1T MR Wi, it RNP=1;3)CLi ][] %5 & ],
KA b, Bl WI=1,RI=1, IJa, % TIRINZER LT
I AR e 2 PRt s 1D AL J LT, CLi L5 982 TG 4 131 He, RP
RNP=2;2)CLi[j 15 HEHH W WNP =1;3)BLr][j ]l
BEM. S XK. W RI=1,

% 4 H T Matmul A1 Dsyr2k W% 89 5 58 4 B 1E 20 4
B, H ML B HLI ] DL REPLAT S = 2 iR E- g
B A8 B 5 AT R AE

F o GRIVEIE P ORI A 0 R AR
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(Liyi=1,2,3) L;-WP 0,1
L;-WNP 0,1
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