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General Steps from Inductive
Optimization Based on Counterexamples

* Modeling — In the modeling step, the optimization
problem is defined for a cost function and then its
constraints are introduced

e Specification — This step consists of describing the
behavior of the system and properties to be verified.
A C code is generated with ESBMC functions to

restrict the state space

* Verification - This step performs the verification of
the C code, and informs if it has found a global
optimization



Inductive Optimization Based on

Counterexamples
_ . _ Xc R"
* Given a cost function r.x - R, such that is the
space of decision variables and a c x, where o
is the set of constraints

* A multivariate optimization problem consists
of finding the vector of optimal decision
variables x*, which minimizes f considering o

min f(x) s.t. Q

 The problem will be non-convex, if and only if
f(x) is a non-convex function



Inductive Optimization Based on

Counterexamples
I Function of
T e Himmelblau
ooy N presents four global

minima

g, x3) = (f + x5 = 11)% + (xq + x5 — 7)?



Inductive Optimization Based on
Counterexamples

e To extend the verifier to solve an optimization
problem, two code directives are used: ASSUME and
ASSERT

 ASSUME is responsible for defining the constraints
over the non-deterministic variables, from which the
verifier restricts the state space

 ASSERT is used to define the property to be verified
and return “True” or “False” for the optimization
check



Inductive Optimization Based on
Counterexamples

 The decision variables of the problem are defined as
non-deterministic integers

* An integer variable controls the accuracy and
discretization of the state space

p = 10"

* where n is the number of decimal places of the
decision variables



Inductive Optimization Based on
Counterexamples

* Successive verification are executed iteratively

increasing the precision, to converge to the optimal
solution

e Each verification run checks the following property:

Z::Jq:)timun‘l < f(.lf) > fc



lllustrative Example

* Given the following optimization problem:

min

flo,x) = (% + 2, —11)° + (x4 + x,° —7)°
Xq1,X2
—5=<x, =0

S.L. 0<x, <5

e Minimize the Himmelblau function



lllustrative Example

1. int nondet_int ();

2. int main () {

3. int p = 1;

4, float fc = 100;

5. int X1 = nondet_int ();

6. int X2 = nondet_int ();

7. float x1, x2, fobj;

8. _ _ESBMC_assume ( (X1>=-5*p) && (X1<=0*p));
9. _ ESBMC_assume ( (X2>=0*p) && (X2<=5%*p));
10. x1 = (float) X1/p;

11. x2 = (float) X2/p;

12. fobj = (x1*x1+x2-11) *(x1*x1+x2-11)+ (x1+x2*x2-7) * (x1+x2*x2-T7) ;
13. _ ESBMC_assume ( fobj < fc );

14. _ ESBMC_assert ( fobj > fc, “ );

15. return O;

16. }



lllustrative Example

L. int nondet_int(); The precision variable
2. =

N starts as 10°

4.

5. int X1 = nondet_int ();

6. int X2 = nondet_int ();

7. float x1, x2, fobj;

8. _ _ESBMC_assume ( (X1>=-5*p) && (X1<=0*p));

9. _ _ESBMC_assume ( (X2>=0*p) && (X2<=5%*p));

10. x1l = (float) X1/p;

11. x2 = (float) X2/p;

12. fobj = (x1*x1+x2-11) *(x1*x1+x2-11)+ (x1+x2*x2-7) * (x1+x2*x2-T7) ;
13. _ ESBMC_assume ( fobj < fc );

14. _ ESBMC_assert ( fobj > fc, “ );

15. return O;

=
N
—
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lllustrative Example

O J o U b w DND R

e e T = e
O O B W NP O

int nondet_int ();

Decision variables are
declared as

int p = 1;
/non-deterministicintegers
i nondet_int ()

nondet _int (

_ _ESBMC_assume ( (X1>=-5*p) && (X1<=0*p));
_ _ESBMC_assume ( (X2>=0*p) && (X2<=5%*p));

x1l = (float) X1/p;
x2 = (float) X2/p;
fobj = (x1*x1+x2-11)* (x1*x1+x2-11)+ (x1+x2*x2-7) * (x1+x2*x2-7) ;

_ ESBMC_assume ( fobj < fc );
__ESBMC_assert ( fobj > fc, “ );

return 0O;

12



lllustrative Example

1. int nondet_int (); Statements of

2. int main () {

3 int p = 1; ASSUMEs are used to
4. float fc = 100; specify constraints and
5. int X1 = nondet_int () ; reduce state Space
6. int X2 = nondet_int () ;

7. float x]. w2, —Eek<: /

8. ~ ESBMC_assume ( (X1>=-5*p) && (X1<=0*p)

9. ESBMC_assume ( (X2>=0*p) && (X2<=5*p)

10. x1l = (floaTT =Xt/

11. x2 = (float) X2/p;

12. | it et K | * X1+ X2-)1) + (x1+x2*x2-T7) * (x1+x2*x2-7) ;
13. ESBMC_assume ( fobj < fc

14. _ w5

15. return 0;

13



lllustrative Example

1. int nondet_int ();

2. int main () {

3. int p = 1;

4. float fc = 100;

5. int X1 = nondet_int ();

6. int X2 = nondet_int ();

7. float x1, x2, fobj;

8. _ _ESBMC_assume ( (X1>=-5*p) && (X1<=0*p));
9. _ _ESBMC_assume ( (X2>=0*p) && (X2<=5%*p));
10. x1 = (float) X1/p;

11. x2 = (float) X2/p;

12. fobj = (x1*x1+x2-11)* (x1*x1+x2—

13. __ESBMC et < fC )

14. @:::;i fobj > fc, ™ ) ;D

15. return 0;

=
N
—

Property sztimum
is verified

)+ (x1+x2*x2-7) * (x1+x2*x2-7) ;



lllustrative Example

O J o U b w DND R

e e T = e
O O B W NP O

int nondet_int (); When Zoptimum IS false,

int main () {

3 f(x) < fc, fc must

int p = 1;

float fc = 100; be updated and
int X1 = nondet_int (); verification repeated.
int X2 = nondet_int () ;

float x1, x2, fobj;
_ _ESBMC_assume ( (X1>=-5*p) && (X1<=0*p));
_ _ESBMC_assume ( (X2>=0*p) && (X2<=5%*p));

x1 = (float) X1/p;
x2 = (float) X2/p;
fobj] = (x1*x1+x2-11) * (x1*x1+x2- + (X1+x2*x2-T7) * (X1+xX2*x2-T7) ;

__ESBMC_assume ( fohJ ) ;
__ESBMC_assert( fobj > fc, Y );

return 0O;

15



lllustrative Example

1. int nondet_int ();

2. int main () {

3. int p = 1;

4. float fc = 100;

5. int X1 = nondet_int ();

6. int X2 = nondet_int ();

7. float x1, x2, fobj;

8. _ ESBMC_assume ( (X1>=-5%*p) &&

9. _ ESBMC_assume ( (X2>=0*p) &&

10. x1l = (float) X1/p;

11. x2 = (float) X2/p;

12. fobj = (x1*x1+x2-11)* (x1*x1+x2—
13. __ _ESBMC_assume ( f ) ) ;
14. __ESBMC_assert( fobj > fc, “7 ) ;
15. return O;

=
N
—

(X1<=0*p));
(X2<=5*p));

If {optimum 1S true,
A f(x) < fc,
fcis the
optimal value

+ (x1+x2*x2-7) * (x1+x2*x2-7) ;

16



CEGIO Algorithms

 CEGIO-G - Applies to general functions

 CEGIO-F - Applies to semi-definite and positive
functions

 CEGIO-S - Applies to convex functions



CEGIO-G Algorithm

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

1 Initialize £(x‘®) randomly;

2 Initialize precision variableswithp =1,i =1e k =logp;

3 Declare the decision variables x(9 as non-deterministic integer variables;

4 whilek = ndo

5 set the limits of x with the ASSUME directive, such that x € ﬂk;

6 describe the modelfor f{x);

7 do

8 set constraint £(x(0) < f(x (-1) as the ASSUM directive;

9 check for satisfiability of I, umum given by equation (slide 8) with the ASSERT directive;
10 analysis x* = x'9 and f(x*) = f(x'?) based on the counter-example;
11 makei =i + 1;

12 while [ 4 um i5 satisfying;

13 update the precision variable p, and consequently k;

14 end

15 x* = xPand Flx*) = FxDY;

16 return x* = x '

18



CEGIO-G Algorithm

el el e =
s P, TR SO TR SR SO

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

Initialize £(x‘®) randomly;
Initialize precision variableswithp =1,i =1e k =logp;

Declare the decision variables x(9 as non-deterministic integer variables; lf leti]’I’lU]’I’l
while ke = 7 do is satisfactory
set the limits of x with the ASSUME directive, such that x € 1)
describe the modelfor f{x);
do

e ASSUM directive;
7. given by equation (slide 8) with the ASSERT directive;

set constraint f{x':f}:} < fix 'ii—l}}
check for satisfiability of 1

analysis x* = x'9 an *) = f(x'9) based on the counter-example;

end
x* = xWand fx*) = FxD);
return x* = x '

19



CEGIO-G Algorithm

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

1 Initialize £(x‘®) randomly;

2 Initialize precision variableswithp =1,i =1e k =logp;

3 Declare the decision variables x(9 as non-deterministic integer variables; U pd ates the

4 whilek = ndo . L.

5 set the limits of x with the ASSUME directive, such that x e reStr|Ct|0nS based on
6 describe the modelfor f{x); / the counter exam ple
7 do

8 set constrain®(f (x(0) < f(x (=1) as the ASSUM directive;

9 check for satisfiability oT 1o gmum given by equation (slide 8) with the ASSERT directive;

10 analysis x* = x'9 and f(x*) = f(x'?) based on the counter-example;

11 makei =i + 1;

12 while [ 4 um i5 satisfying;

13 update the precision variable p, and consequently k;

14 end

15 x* = xPand Flx*) = FxDY;

16 return x* = x '

20



CEGIO-G Algorithm

el el e =
s P, TR SO TR SR SO

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

Initialize £(x‘®) randomly;

Initialize precision variableswithp =1,i =1e k =logp; If NO; update
Declare the decision variables x'? as non-deterministic integer variables; the precision
whilek = ndo . bl

set the limits of x with the ASSUME directive, such that x € ﬂk; variable

describe the modelfor f{x);

do

set constraint f(x(0) < f(x (") as the ASSUM dir
check for satisfiability of I, umum given by equatj
analysis x* = x'% and f(x*) = f(x‘9D) base
makei =i + 1;

(slide 8) with the ASSERT directive;

n the counter-example;

@preciﬁmn variable p, and consequently k; >
end

x = x®and £ () = F(xO);

return x* = x '

21



CEGIO-G Algorithm

el el e =
s P, TR SO TR SR SO

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

Initialize £(x‘®) randomly;
Initialize precision variableswithp =1,i =1e k =logp;

Declare j5 jsion variables x (9 as non-deterministic integer variables;

while

set e imitfgx with the ASSUMH=diactive _such that x € 0F; ) .
describe the model for f(x); o Repeat until desired

do f f accuracy is reached
set constraint £(x(0) < f(x (-1) as the ASSUM directive;

check for satisfiability of I, umum given by equation (slide 8) with the ASSERT directive;

analysis x* = x'9 and f(x*) = f(x'?) based on the counter-example;
makei =i + 1;

while [ 4 um i5 satisfying;

update the precision variable p, and consequently k;

end
x* = xWand fx*) = FxD);
return x* = x '

22



Deviating from local minima

 We evaluated the performance of our methodology
to minimize the Himmelblau function, and we
compared with the downward gradient (GD) and
genetic algorithm (GA) methods.

f(xlri’fz) — (Ilz T X3 — 11)2 + (2 + Izz _TJE

e The proposed methodology does not report
minimum locations as in GD and GA, and it is able to
find the global minimum



fx,)

Deviating from local minima

 Mathematical techniques and heuristics depend on
initialization and can not ensure overall optimization.

400

f(x,)

350} | GA starting . @D
oint GA
3004 a sSMT

250F SMT starting
point
200
150
GD starting
100k oint
50

400

f(x,)

3501

300

250

200+ GA starting
point
150 SMT starting \
GD starting oint
100} point
50

Local Minimum b



Deviating from local minima

 Mathematical techniques and heuristics depend on
initialization and can not ensure overall optimization.

400 - 400
fix.)
250} [GA stgrit:ing . a D1 aso} Fixy)
émn
GA
300¢ g SMT 300f

SMT starting 250

point

200 b GA starting

point

150} SMT starting
GD st?r;clng GD starting oint
oin 100} point
50F
A 1] e .
95 0 5 -5 0 °

These techniques can easily / x

stop in a local minimum .



Deviating from local minima

 Mathematical techniques and heuristics dependent on
initialization and can not assure global optimization

400 . 400 .

e | | = Optimization based |[— )

o ou | on SMT achieves the | ¢ &
global solution

350} | GA starting
oint

30 g SMT 300

250 250 |

SMT starting
point

GA starting
point

200} 200}

flx,)

150 150

SMT starting

GD starting point
oint

GD starting
point

100} 100

50

Global Minimum
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Functions with prior knowledge

 There are functions, in which we have some a priori

knowledge, for example, semi-defined or positive
definite functions.

fx)=0¢e f(x) >0

* Distance or energy functions belong to that class of
functions

 From this, it is possible to propose modifications in

the previous algorithm to improve the convergence
time



CEGIO-F Algorithm

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

LY =T = - T I = ) B T o T

P | L T LS R (R S R el L L e i
CPIE':]'-P'WMI—‘DLDWH.I@LH-PNMHD

Initialize f,, = 0;

Initialize £(x'?) randomly;

Initialize precision variableswithp =1,i =1ek =logp;

Declare the decision variables x (¥ as non-deterministic integer variables;

while k = n do

set the limits of x with the ASSUME directive, such that x € Nk:

describe the model for f{x);

describe 8 = (f(xV) — £,)/a;

if (f(xU~D) — fm > 0.00001) then

do

set constraint f(x(0) < f(x ~1))as the ASSUM directive;

while [fm = f(x“ 1)) do
check for satisfiability of [ ;pgmum given by equation (slide 8) with the ASSERT directive;
make fm = fm + §;

end

update x* = x'@and f(x*) = £ (x‘D) based on the counter-example;

makei=1i+1;

while ! jpemumis satisfying;
end

else

break;

end
update the precision variable p, and consequently k;

end
x* = xWand Fx*) = F(x(D);
return x* = x;

28



CEGIO-F Algorithm

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.

Results: The optimal decision vector x* and the optimal cost function f{x*).

1
2
3
4
5
&
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

Initialize f,, = 0;

initialize £(x(®)) randomly; 0, sets the increment step
Initialize precision variableswithp =1,i =1ek =logp; .
Declare the decision variables x (¥ as non-deterministic integer variables; fo I t h e can d |d at e

while k = n do

end

set the limits of x with the ASSUME directive, such that x € QX VvVa | ues to minimum
descrj i)
describe § = (f(xV) — £,)/a; ]

o en

T ey

do

set constraint f(x(0) < f(x ~1))as the ASSUM directive;

while [fm = f(x“ 1)) do
check for satisfiability of [ ;pgmum given by equation (slide 8) with the ASSERT directive;
make fm = fm + §;

end

update x* = x'@and f(x*) = £ (x‘D) based on the counter-example;

makei=1i+1;

while ! jpemumis satisfying;
end
else

break;
end
update the precision variable p, and consequently k;

x* = xWand f(x) = f(x);

return x* = x;

29



CEGIO-F Algorithm

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

Initialize f,, = 0;

1 -

2 Initialize £(x'?) randomly; N OC h ec k N g
3 Initialize precision variableswithp =1,i =1ek =logp; - - -
4 Declare the decision variables x (¥ as non-deterministic integer variables; IS re q u I re d If
5 while k = n do ~ *

6 set the limits of x with the ASSUME directive, such that x £ 0F: f (x ) — {]

7 describe the model for f{x);

8 describe Sadflaliz V) £ )V /a:

5 @x':f_l}}— fm > ﬂ.ﬂﬂﬂﬂi@

10 e

11 set constraint f(x(0) < f(x ~1))as the ASSUM directive;

12 while [fm = f(x“ 1)) do

13 check for satisfiability of [ ;pgmum given by equation (slide 8) with the ASSERT directive;
14 make fm = fm + §;

15 end

16 update x* = x'@and f(x*) = £ (x‘D) based on the counter-example;

17 makei=1i+1;

18 while ! jpemumis satisfying;

13 end

20 else

21 break;

22 end

23 update the precision variable p, and consequently k;

24 end

25 x* = xWand Fx*) = F(x(D);

26 return x* = x; 30



CEGIO-F Algorithm

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

1 Initialize f,, = 0;

2 Initialize £(x'?) randomly;

3 Initialize precision variableswithp =1,i =1ek =logp;

4 Declare the decision variables x (¥ as non-deterministic integer variables; T h € W H | LE Cre ate 5
5 while k = n do i

6 set fhe limits of x with the ASSUME directive, such that x € 0X: a + 1 p ro p e rt Ie S
7 describe the model for f{x);

8 describe 8 = (f(xV) — £,)/a; to C h ec k

9 if (f(xU~D) — fm > 0.00001) then

10 do

11 setco as the ASSUM directive;

12 hile (fm = f(x"“ 1)) do

13 esleior s aticiiadbs I sptimum Eiven by equation (slide 8) with the ASSERT directive;

14 make fm = fm + §;

15 end

16 update x* = x'@and f(x*) = £ (x‘D) based on the counter-example;

17 makei=1i+1;

18 while ! jpemumis satisfying;

13 end

20 else

21 break;

22 end

23 update the precision variable p, and consequently k;

24 end

25 x* = xWand Fx*) = F(x(D);

26 return x* = x; 31



Convex functions

* Another type of special functions are convex
functions. These are functions that satisfy triangular
inequality.

flaxy + Pxy) < af(xq) + Bf (x2)

x; € R*Y,withi=1,2

a,p € Rwitha+pf=1,a=0ef =0



Convex functions




Convex functions

* A local minimum of a convex function f, in a convex
set, is always a global minimum of f

e |t is possible to update the set of constraints of the
problem from the solution obtained before
increasing the precision

— The limits are defined by the predecessor and successor
values of the solution found so far



CEGIO-S Algorithm

WO 00 =] o s o pa

= = R e 2
Fx (R U, TR - U WU S

=
=]

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

Initialize F(x‘®) randomly;

Initialize precision variableswithp =1,i =1ek =logp;

Declare the decision variables x' as non-deterministic integer variables;

whilek = ndo

set the limits of x with the ASSUME directive, such that x € QF:

describe the model for f(x);

do

set constraint £(x(7) < f(x (1) as the ASSUM directive;

check for satisfiability of [, smum given by equation (slide 8) with the ASSERT directive;
analysis x* = x'? and f(x*) = f(x9) based on the counter-example;
makei =i + 1;

while ! e mum IS satisfying;

update the set ¥

update the precision variable p, and consequenthy k;

end
x* = xWand f(x*) = F(xO)

return x* = x ‘i
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CEGIO-S Algorithm

o oo =] v N B o R

= e e e e
R = I 4 T O Y S O

Data: A cost function f(x), a set of constraints {1, and a desired precision 7.
Results: The optimal decision vector x* and the optimal cost function f{x*).

Initialize f(x‘®) randomly;

Initialize precision variableswithp =1,i =1e k =logp;

Declare the decision variables x' as non-deterministic integer variables;
whilek = ndo

set the limits of x with the ASSUME directive, such that x € ﬂ"‘:

describe the model for f(x); Restriction set

do
set constraint £(x(0) < f(x (=1 as the ASSUM directive; u pdate
slide 8) with the ASSERT directive;

check for satisfiability of I, pumum given by equai)
analysis x* = x D and f(x*) = f(x(0
makei =1 +1;

ed on the counter-example;

while ! ;e mum is satisfying;

update the set 0
u variable p, and consequently k;

end
x* = x@Dand Flx*) = FxDY;

return x* = x ‘i

36



OptCE: A Counterexample-Guided
Inductive Optimization Solver

* The OptCE tool implements the CEGIOs algorithms

 Performs optimization based on counterexamples
with various configurations of verifiers and solvers

* Establishes a new approach to optimize functions



OptCE: Architecture

h 4

. C .log Step 3
Step 1 | Step2 Verification "\ FALED
A I Result Obtain a new
Specification Verification canditate
0 SUCCESSFUL
TRUE Step 4
p=a Increase
precision

FALSE

Global Minimum

input file and
parametersin
terminal



OptCE: Architecture

Opimization
Setup | T 7777
Step 1

B

Specification
.func ry

TRUE

Step 2

Verification

T

1

generation of the

C file with
specification

p=a

FALSE

Verification
Result

FAILED

SUCCESSFUL

Step 4

Increase

precision

Global Minimum

Step 3

Obtain a new
canditate




OptCE: Architecture

h 4

Step 1

Specification

-~

TRUE

Step 2

Verification

Verification
Result

SUCCESSFUL

Step 4

Increase
precision

Global Minimum

FAILED

Step 3

Obtain a new
canditate

Verification of the C
code with the verifier
and solver established
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OptCE: Architecture

Y
Opimization
----- > C
Step 1 ' Step 2

FAILED

‘;pak
Verification

Result Obtain a new

F ‘:\ _____ R Specification Verification canditate
.func r'y -sﬂﬂmt_’é
¥
TRUE Step 4
p=a Increase
precision

FALSE

Global Minimum

I

if the result is “failed”,
we obtain a new
minimum candidate
function



OptCE: Architecture

Opimization
Setup | TT°°°7

Y
Step 1 Step 2 .log Step 3

Specification Verification

FAILED

Verification
Result

Obtain a new
canditate

Lfunc

SUCCESSFUL

Step 4

p=d Increase

precision

FALSE

Global Minimum

The value found is used to specify a new C file,
The new candidate function value is used as the
start of the algorithm




OptCE: Architecture

h 4

Setup i 1
Step 1 - C Step 2 - log
ecification Verification
----- >
.func ——

-~

Step 3

Obtain a new
candig

Verification “\AILED

Result

Y

Step 4

TRUE

Increase
precision

This cycle remains until the check is SUCCESSFUL.
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OptCE: Architecture

Y
Opimization
----- > c
Step 1 ' Step 2
Specification Verification
----- >
.func r'y

TRUE

Step 3
Verification
Result

| Obtain a new
canditate

SUCCESSFUL

Step 4

Increase
precision

Global Minimum

When the check is SUCCESSFUL, it means that we
have found the global minimum of the function
with the defined precision 4



OptCE: Architecture

Opimization
Setup
.func

h 4

Step 1

Specification Verification

. C | Step 2 .log

Step 3
FAILED

Verification
Result

Obtain a new
canditate

-~

SUCCESSFUL

Step 4

K
p=a

Increase
precision
FALSE

Y

Global Minimum

Precision is incremented and checked if it still

belongs to the desired precision limit
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OptCE: Architecture

Step 3
FAILED

Y
}
Setup | TT°°°7 1
Step 1 - C Step 2 - 1LOg
Specification Verification
----- >
.func r'y

TRUE

Verification
Result

Obtain a new
canditate

SUCCESSFUL

Step 4

Increase
precision

Global Minimum

If not (FALSE), we find the global minimum wanted with that precision.
If yes (TRUE), we update the precision in the algorithm at runtime to generate a

new specification Ny



OptCE: Input File

(T11 T12]
. ] L9221 L9
 Format adopted for constraint matrices
e Ex: Input file for function adjiman | Tnl Tn2.
Fobj = cos2(x1)*sin2(x2) — ( x1/(x2*x2+1) );
#
A=[-12;-11];

e Mathematical functions have been rewritten to
simplify the verification process

e The user can write the math function and insert it
into the OptCE math library



OptCE Features

 BMC Configuration: CBMC or ESBMC

* Solver Configuration: Boolector, Z3, MathSAT, MiniSAT
e Algorithm Configuration: CEGIO-G, CEGIO-S, CEGIO-F
* Initialization: Set the optimization start point

* Insert Library: Insert personal libraries with math
functions

 Timeout: configures the time limit, in seconds

* Precision: set the desired precision, number of
decimal places of a solution



Optimizing via OptCE

Set Properties

X

|
|
|
|
S ¢ & & s QA > &
NN I N o o N R Q o2
LIRS o) S X% RG X & N2
N | v & < Q
|
| --mathsat
| --esbmc --boolector || --generalized
| --z3
.JoptCE name.func || --positive --start-value="? --library=name --timeout=? --timeout=?
|
I| --cbmc --minisat --convex
|
|
|
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Experimental Evaluation

* Objectives
— Evaluate the performance of the proposed algorithms

— Check the performance of the SAT and SMT solvers for
optimizing the functions

— Compare the methodology with traditional techniques,
such as: genetic algorithm, particle swarm, pattern search,
simulated annealing and nonlinear programming



Experimental Evaluation

e Configuration of Experiments

— A set of 10 functions used for testing optimization
algorithms. These have different characteristics, such as:
differentiable or non-differentiable, separable or non-
separable, unimodal or multimodal etc.

# Benchmark Domain Global Minimum

1 Alpine 1 —10 < xi <10 f(0,0) =0

2 Cosine —-1 <xi <1 f(0,0) =-0,2

3 Styblinski Tang —5<xi €5 f(2.903,2.903) — —78.332
4 Zirilli —10 < xi <10 f(1.046,0) ~ —0,3523
5 Booth —10 < xi <10 f(1,3) =0

6 Himmelblau —5 <xi <5 f(32)=0

7 Leon —2 <xi <2 f(1,1) =0

8 Zettl —5 <xi <10 f({].{]29,{]) = —0.0037
9 Sum Square —10 < xi <10 f(0,0)=0

10 | Rotated Ellipse —500 < xi <500 f(0,0)=0




Experimental Evaluation

e Configuration of Experiments

— CEGIO-G Algorithm { --generalized} - was employed in all
functions

— CEGIO-S Algorithm { --positive} - was applied to functions
Booth, Himmelblau and Leon

— CEGIO-F Algorithm { --convex} - was used for functions
Zettl, Rotated Ellipse and Sum Square



Experimental Evaluation

* Experimental Results - CEGIO-G { --generalized}

ESBMC CBMC
# MathSAT (s) Z3(s) | Boolector(s) | MiniSAT{s)
1 1068 105192 3387 5344
2 4130 30481 5003 8509
3 443 37778 2027 2438
4 468 387 190 1143
5 7 1244 4016 2
b 12 14205 6217 4
7 5 2443 212 2
8 13 753 389 9
9 18 4171 4438 13
10 3 72 39 2

LO0E+06

1,00E+05

LO0OE+04

LO0OE+03

LO0E+02

LO0E+01

1L00E+00

6167

246726

66666

ESBMC MathSAT

ESBMC Z3 ESBMC Boolector CBMC MiniSAT

e Considering the proposed combinations, the
optimization time varies significantly, where ESBMC +

MathSAT is 2.8 times faster than CBMC + MiniSAT,
while ESBMC + Z3 presents higher execution time.



Experimental Evaluation

 Experimental Results - CEGIO-S { --positive}

--positive --generalized
ESBMC CBMC ESBMC CBMC
MathSAT (s) | Z3(s) | Boolector{s) | MiniSAT(s) | MathSAT{s) | Z3(s) | Boolector{(s) | MiniSAT{s)
3 <1 1 3 7 1244 4016 2
4 1 1 2 12 14205 6217 4
3 <1 1 2 5 2443 212 2

 The benchmarks executed with the --positive flag
had the time reduced considerably, therefore, no

checks are made in the negative domain, which
reduces the search space.




Experimental Evaluation

* Experimental Results — CEGIO-F { --convex}

--Convex

--generalized

ESBMC

CBMC

ESBMC

CBMC

MathSAT (s)

Z3 (s)

Boolector (s)

MiniSAT (s)

MathSAT (s)

Z3 (s)

Boolector (s)

MiniSAT (s)

15

b

21

5

13

753

389

9

14

3

19

5

18

4171

4438

13

3

1

2

2

3

72

39

2

The tests with the

penchmarks 8,9,10 using the flag -
convex presented a significant reduction in the

optimization time, this because, with each step of
the verification the search space is reduced.




Experimental Evaluation

* Experimental Results — CEGIO algorithms x traditional

techniques

" OptCE GA ParSwarm | PatSearch SA NLP

Configuration R% | T{s) R% |T{s)| R% | T{(s)| R% | T(s)| R% {s) | R% | T{s
1 | G+ESBMC + MathSAT | 100 1068 | 29.1 1 22.2 3 16 4 0.4 1 4.8 9
2 | G+ESBMC + MathSAT | 100 4130 | 100 | 9 9.8 1 | 96.7 | 3 |885] 2 [284)| 2
3 | G+ESBMC + MathSAT |100| 443 | 681 | 9 (478 | 1 | 518 | 3 [995| 1 [358]| 2
4 | G+ ESBMC + Boolector | 100| 190 95.7 | 9 53.9 1 98.8 3 (744 1 |625]| 2
5 P+ ESBMC + 73 100 <1 100 | 10 | 100 2 100 6 [935| 1 |100]| 2
6 P+ ESBMC + 73 100 1 424 | 9 13.9 1 26 3 21 1 35 2
7 P+ ESBMC + 73 100 <1 844 | 1 | 803 | 2 1 7 |243| 1 |100 | 4
8 C+ CBMC + MiniSAT | 100 5 100 | 9 | 481 | 1 998 | 4 (264 1 |[100]| 3
9 C+ESBMC + /73 100 3 100 9 71.5 1 100 4 (969 1 |100 | 2
10 C+ ESBMC + 73 100 1 100 | 9 100 2 100 7 1998 1 |100| 2

 The great difference of the OptCE in relation to the
other techniques is the rate of success. While the other
technicians get stuck in local minima, OptCE finds the
global minimum.



Conclusion

 The OptCE tool formalizes a new optimization
proposal, which is based on the counter-example
analysis of software verifiers.

* This work allowed to implement the GEGIOs
algorithms.

 The comparisons show that the approach evolved
among the CEGIO algorithms, proposing better and
more specific solutions in the case of convex and
non-negative functions.

* |tis also seen that the tool hit rate is higher than the
other analysis techniques.



Future work

* Incorporate checks using other solvers with the
MiniSAT.

* Adapt the tool to run in different cores, increasing
the optimization time linearly.

* Improve the input file.



