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Motivation

Genetic improvement

Current approaches to genetic improvement

@ Automatic correction of bugs using EAs.
@ Software transplantation.

@ Pareto optimal program benchmarks with respect to
different criteria.

@ Optimization of executable code at the time of compilation.
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Motivation

Motivation

@ Compilation flags allow the user to balance different
criteria that describe the quality of the executable code.

@ Compilers provide a high flexibility for code quality by
means of a large set of compilation flags.

@ Code optimization can produce significant gains in terms of
the time needed.

@ The selection of the best set of compilation flag is a difficult
problem.
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Motivation

Motivation

Flag optimization: Previous work

@ A GA approach to compiler optimization [Ballal et al: 2015].

@ Compiler Optimization Level Exploration (COLE) [Hoste
and Eeckhout: 2008].

@ Gene-weighting GA approach [Lin et al:2008].

@ Bayesian network approach for compiler auto-tuning
[Ashouri et al:2014].

A. H. Ashouri, G. Mariani, G. Palermo, and C. Silvano. A Bayesian network approach for compiler auto-tuning for In IEEE 12th
(ESTIMedia). pp. 90-97. 2014.

P. A. Ballal, H. Sarojadevi, and P. Harsha. Compiler optimization: A genetic algorithm approach. International Journal of Computer Applications. 112(10). 2015.

K. Hoste and L. Eeckhout. COLE: compiler level in of the 6th annual IEEE/ACM international symposium on Code
generation and optimization. pp. 165-174. ACM. 2008

S.-C. Lin, C.-K. Chang, and S.-C. Lin. Automatic selection of GCC optimization options using a gene weighted genetic algorithm. In Computer Systems
Architecture Conference 20008. pp. 1-8. IEEE, 2008
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Motivation

Related work

@ EAs fail when there are strong or widespread interactions
between the variables of the problem (the flags).

@ Traditional genetic operators are usually unable to learn
the relevant linkage between the variables.

@ The emphasis has been on the behavior of the algorithms
and the analysis of the solution space, and not in the role
of the recombination operators in the improvements of the
algorithm.
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Optimizing flag selection

Definitions

Problem representation

@ n Boolean flags represented as n = 58 variables.

@ Flags from three levels of C++ flag optimization: —O1,
—02, and —03.

@ X = (Xg,...,Xn) to denote an assignment to the variables.

Fitness function

© The construction of the compilation command from the
binary vector.

@ Compiling the code.
© Executing the program and computing the elapsed time.

ot
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Optimizing flag selection

Optimization approach

Algorithm 1: Estimation of distribution algorithm

1 Sett < 0. Generate M points randomly.

2 do{

3 Evaluate the points using the fitness function.

4 Select a set D of N < M points according to a selec-
tion method

5 Compute a probabilistic model of Dts.

6 Generate M new points sampling from the distribution
represented in the model

7 t<=t+1

8 }until Termination criteria are met.
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Optimizing flag selection

Complexity of the probabilistic model

Univariate models Multivariate mOdeIS
@ Variables are independent @ Can represent variables
interactions

@ No interaction is modeled _ .
@ Very efficient model ) Varlabl_es are groupgd into,
some time overlapping,
- o p(X) = Hi p(Xi) factors
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Optimizing flag selection

EDAs that use simple models

Univariate model

pe) = [ [ p0x)
i=1

Tree model

priee(x) = [ [ Pxi | Pa(x))

i=1

Mixture of trees model

PuT () = D APhee(X)

=1
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Optimizing flag selection

EDA example: UMDA

Selected population New sampled population

[1]ofofol1]1]1]0] 4

o[1[1]Jof1]1]1]0] 5
1of1]ofa]a]2]0] ¢

Probabilistic model

P(x1 p(x2)p(x3)p(x4)p(x5)p (X6 (X7 )P (Xg

0.66(0.33(0.66| 0 | 1 1 110
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Optimizing flag selection

Multivariate models

Singly-connected EDAs

Algorithm 2: Tree-EDA

1 Dg + Generate M individuals randomly

2 1=1
3 do{
4 Dp_, < Select N < M individuals from D; _; according to a selection method
5 Compute the univariate and bivariate marginal frequencies pis(xi \Df,l) and

pisJ (Xi s Xj |D|s_1) of D|S_1
Compute the matrix of mutual information.

Compute the maximum weight spanning tree from the matrix of mutual infor-
mation.

6
7
8 Compute the parameters of the model.
9

D, « Sample M individuals (the new population) from the tree and add elitist
solutions.

10 }until A stop criterion is met
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Experimental framework

Research questions and objectives

Research guestions

@ To what extent competent genetic algorithms can deal with
the flag compilation optimization problem ?

Objectives

@ Investigate the behavior of EDAs as solvers of flag
compilation optimization problem.

@ Compare different variants of EDAs for the problem.
@ Analyze the probabilistic models learned by the algorithms.
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Experimental framework

Algorithms

EAs

Algorithm 3: EA

1 Sett < 0. Generate an initial population Dg of N > 0
random solutions.

2 do{

3 Select from population D; a set D of k < N points
using truncation selection.

4 Generate a new population D¢ ; from DtS applying the

variator operator of choice.

5 t<=t+1
6 }until Termination criteria are met.

v
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Experimental framework

Algorithms

EAs

@ A genetic algorithm with one-point crossover and bit-flip
mutation.

@ A univariate marginal distribution algorithm (UMDA).
Model: pu(x) = [Tl_; p(xi)

© A dependency-tree based EDA. Model:
p7r(x) = [Ty P(xipa(x;))
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Experimental framework

Experiments

@ Truncation selection with parameter T = 0.5.
@ Population size was fixed to N = 100.

@ Termination criterion, was ngen = 50.
)

Command pclose of C++ that allows calls to the command
line.

©

30 executions of each algorithm.

@ Program efficiency gain used as a measure of
performance.
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Experimental framework

Experiments

[ Auto./Industrial |

basicmath

gsort

bitcount

susan (smoothing)
susan (edges)
susan (corners)

Table : Mibench instances used for the experimental framework.
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Results

—— om 5.0 [ v
: e 2 30 v
Tema -

. 7

—= »
@

Tree-EDA -

ﬁ

TR
. »
1 »

~3

Efficiency gain (percent)
A

Efficiency gain (percen

Efficiency gain (percent)

o 00 05
0 10 20 30 ) 0 10 20 30 o 0 10 20 30 a0 50
Generation Generation Generation

(a) basicmath (b) gsort (c) bitcount

Figure : Efficiency gain (percent) at each generation for the three
EAs investigated (Small input).
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Results
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Figure : Efficiency gain (percent) at each generation for the three
EAs investigated (Large input).
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Results

Experiments

small | UMDA vs Tree | UMDA vs GA | Tree vs GA
basicmath 3.110e-3 1.280e-11 3.637e-15
gsort 2.729%e-1 9.711e-3 6.974e-2
bitcount 9.219e-09 1.559e-10 3.239%e-3
large | UMDA vs Tree | UMDA vs GA | Tree vs GA
basicmath 4.871e-5 4.600e-4 1.658e-7
gsort 6.600e-14 3.486e-13 8.631le-1
bitcount 6.749e-16 2.710e-16 1.789e-07

Table : Kruskal Wallis test was applied first, and a post-hoc test was
applied afterwards. The table shows the p-values output by the tests.
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Results

Variable frequency by algorithm
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Figure : Flags frequency in the best solutions found in each of the 30
executions for problem bitcount, large input.
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Results
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Figure : Efficiency gain (percent) at each generation for Tree-EDA on
three different functionalities of program Susan. Left) Small images;
Right) Large images
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Results

How different are optimal flag combinations?

Learning the classifier

@ Question: Whether the optimal combination of flags found for the three tasks

were sufficiently different so that the type of task being solved could be identified
from them.

@ Learn a classifier using optimal solutions as features.

@ Random forest classifier was used. )

Confusion matrices found by the classifier

11 13 6 5 14 11
CMy= (10 10 10) CM.= |11 11 8§

10 9 11 8 9 13
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Results
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Figure : Feature importance found in the problem of distinguishing
problems from the optimal flag combinations.
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Conclusions

Conclusions

Conclusions

@ Use EAs based on probabilistic modeling to make the right choice of compilation
optimization options.

@ Modeling the dependencies is indeed required since assuming all variables to be
independent (UMDA), produces the worst results.

@ More research is needed to characterize strong interactions and to develop a
method to exploit them a posteriori.

@ Characterizing different programs (or procedures) in terms of their associated
optimal flag combinations: Promising approach but the classifier did not find
indeed major differences between flag combinations.
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