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Abstract For new applications and target platforms, it is often necessary to use the compiler for
optimization sequence selection to improve the performance of target code. Iterative compilation
enables the optimization sequence selection process automatically, with as many different versions of
the program as possible within the allowable time and space range. However, iterative compilation
method is a mechanical search that lacks the utilization of previous experience and requires large
execution overheads. Therefore, an optimized compilation method is needed to automatically predict
the performance of the transformed program without actually running. This paper presents Features
ANN to select the optimization sequence of compiler. Features ANN is based on the supervised
learning model. Firstly, the program feature is extracted by the program feature representation
technique through a combination of dynamic and static feature. Then, the compiler optimization space
is searched based on the program features, and it finds the best optimization of the current version of
the program. Finally, training samples are formed by program features and optimal optimization, and
an artificial neural network (ANN) is used to construct a learning model to predict the optimal
optimization sequence of the new program. Experimental results show that, Features ANN can get the
best performance compared with the existing iterative compilation and non-iterative compilation

methods.
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Table 1

BEAEY FmFE 1 fFE 2 Froat.

List of Static Features

R1 BESHEIE

Serial Number

Program Feature

Number of basic blocks
Number of basic blocks
Number of basic blocks
Number of basic blocks
Number of basic blocks
Number of basic blocks

Number of basic blocks

(o S R S R

Number of basic blocks

9 Number of basic blocks

in the function

with a single successor

with two successors

with more than two successors

with a single predecessor

with two predecessors

with more than two predecessors

with a single predecessor and successor

with a single predecessor and two successors

10 Number of basic blocks with two predecessors and one successor
11 Number of basic blocks with two successors and two predecessors
12 Number of basic blocks with more than two successors and more than two predecessors
13 Number of instructions less than 15
14 Number of instructions in [ 15, 500 ]
15 Number of basic blocks with instructions greater than 500
16 Number of edges in the control flow graph
17 Number of critical edges in the control flow graph
18 Number of abnormal edges in the control flow graph
19 Number of direct calls in the function
20 Number of conditional branches in the function
21 Number of assignment instructions in the function
22 Number of binary integer operations in the function
23 Number of binary floating point operations in function
24 Number of instructions in the function
25 Average of number of instructions in basic blocks
26 Average number of phi-nodes at the beginning of a block
27 Average of arguments for a phi-node
28 Number of basic blocks with no phi nodes
Table 2 List of Dynamic Features
x2 HEHMEIR
Category Performance Counter Selection

Cache Line Access

Level 1 Cache
Level 2 & 3 Cache

Branch Related
Interrupt/Stall
TLB
Total Cycle/Instructions
Load/Store Instructions

SIMD Instructions

CA-CLN, CA-ITV, CA-SHR

L1-DCA, L1-DCH, L1-DCM, L1-ICA, L1-ICH. L1-ICM, L1-LDM, L1-STM, L1-TCA, L1-TCM
L2-DCA, L2-DCM., L2-DCR, L2-DCW, L2-ICA, L2-ICH, L2-ICM. L2-LDM, L2-STM, L2-TCH,

L2-TCR. L2-TCW, L2/L3-TCA. L2/L.3-TCM
BR-CN, BR-INS, BR-MSP, BR-NTK,BR-PRC
HW-INT, RES-STL
TLB-DM, TLB-IM, TLB-SD, TLB-TL
TOT-CYC, TOT-1IS, TOT-INS
LD-INS, SR-INS
VEC-DP, VEC-INS, VEC-SP
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Genes Sensor Sensor | Sensor Sensor | Sensor
Connection | In 1 In2 In3 In2 In5 Inl In4
Genes Out 4 Out 4 Out 4 Out 5 Out 4 Out 5 Out 5
Weight 0.7 | Weight -0.5 | Weight 0.5 Weight 0.2 | Weight 0.4 Weight 0.6 | Weight 0.6
Enabled DISABLED | Enabled Enabled Enabled Enabled Enabled
Innov 1 Innov 2 Innov 3 Innov 4 Innov 5 Innov 5 Innov 11
Network(Phenotype) 4
1 2 3
Fig. 4 NEAT gene mapping
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Xeon E5520 4b 3 %%, CPU £ M 2.26 GHz, L1 4
#& cache & 32 KB, L2 cache i 1 MB, —- % Smart
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Table 3 Large Scientific Calculation Programs

®3 XBHEHEER

Program Description
SWE Explicit solution of the global shallow atmospheric
water wave equation
OpenCFD  Fluid mechanics
FDM The ff)rwar(i modeling program of 3D seismic wave
equation
WRF Weather forecast
The solution of complex hypersonic flow around
GKUA plex p

each watershed
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-fauto-inc-dec -falign-jumps ~ftree-tail-merge

-fcompare-elim ~feprop-registers ~ftree-forwprop

-ftree-dce -fcaller-saves -fgese-after-reload
-fipa-profile -fif-conversion -fssa-backprop
~ftree-ccp -fif-conversion2 ~fstrict-aliasing

-fpeel-loops -fsplit-paths -fbranch-count-reg

~fshrink-wrap ~ftree-phiprop ~ftree-partial-pre

~ftree-sink ~ftree-slsr -fipa-cp-clone

~fthread-jumps -falign-functions ~fipa-bit-cp

-falign-loops -falign-labels -findirect-inlining

-fcrossjumping ~ftree-vectorize ~ftree-bit-ccp
-ftree-pta -fipa-pure-const ~ftree-copy-prop
-ftree-ter -fdevirtualize -funit-at-a-time
~ftree-sra ~fipa-reference ~fese-follow-jumps
-ftree-fre -freorder-blocks -fese-skip-blocks
-ftree-dse -fpeephole2 -fipa-cp-alignment

-fgese -flra-remat -fforward-propagate
-fgese-lm ~fsched-spec -fmerge-constants
-fipa-cp -fipa-sra ~fipa-icf

-[predictive-commoning

-ftree-switch-conversion

-fstrict-overflow -fcombine-stack-adjustments

~ftree-pre ~finline-functions-called-once
-ftree-vrp -fmove-loop-invariants
-funswitch-loops -frerun-cse-after-loop
-fpartial-inlining -fdce -fdefer-pop
-fssa-phiopt -ftree-dominator-opts
-finline-functions -fguess-branch-probability
-fschedule-insns2 ~ftree-loop-distribute-patterns
-fsplit-wide-types -fisolate-erroneous-paths-dereference
-ftree-coalesce-vars -foptimize-sibling-calls
-foptimize-strlen ~freorder-blocks-algorithm = stc
-fschedule-insns -freorder-blocks-and-partition
-fsched-interblock -fdelete-null-pointer-checks
-freorder-functions -fdevirtualize-speculatively
-fhoist-adjacent-loads -fexpensive-optimizations
-ftree-loop-distribution
-fdelayed-branch -fdse -finline-small-functions
-ftree-builtin-call-dce

-fcode-hoisting -ffast-math

Fig. 5 List of Optimization(GCC8.1.0)
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Fig. 6 Speedup on platform 1 when adapting different features
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Fig. 7 Speedup on platform 2 when adapting different features
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Fig. 8 Comparison with iterative compilation (platform 1)
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Fig. 9

Comparison with iterative compilation (platform 2)
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(b) Scientific computing program

Fig. 10 Comparison with non-iterative compilation (platform 1)
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(b) Scientific computing program

Fig.11 Comparison with non-iterative compilation (platform 2)
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Table 4 Learning and Prediction Time of WRF (Platform 1)

*x4 WRFEZEIMELZBUNE(FES 1) s

Method Data Collection Model Construction Feature Extraction Model Prediction Average Time Cost
GraphDSE 9.50X10° 676 235 9.50 X 10°
ClusterDSE 10.37X10° 548 489 10.38 X 10°
LR 8.64<10° 234 11.5 0.79 8.64X10°
SVM 9.50X10° 456 12.1 0.86 9.50X10°
COBAYN 10.37 X10° 475 10.7 0.98 10.37 X 10°
Features ANN 10.37X10° 393 11.1 0.45 10.37 X 10°

Table 5 Learning and Prediction Time of WRF (Platform 2)

RS5 WRFBZFIMEZMNEE(TS 2) s

Method Data Collection Model Construction Feature Extraction Model Prediction Average Time Cost
GraphDSE 9.50X10° 686 246 9.51X10°
ClusterDSE 10.37X10° 573 491 10.38X10°
LR 8.64X10° 249 11.7 0.78 8.64X10°
SVM 9.50X10° 478 13.1 0.83 9.50X10°
COBAYN 10.37X10° 493 15.7 0.96 10.38X10°
Features ANN 10.37 X10° 399 14.1 0.43 10.37 X10°
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