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[ R. Matinnejad, et al., MiL Testing of Highly Configurable Continuous
Controllers: Scalable Search Using Surrogate Models, 2014 ]
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[ S. Kobuna, et al., Validation of Control Software by Search-Based Testing Using Formal Methods, 2016 ]
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[ R. Matinnejad, et al., Automated Test Suite Generation for Time-continuous Simulink Models, 2016 ]
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verride

protected double[] evaluateSimulationResult(double[] inputs, double output, Solution solution) {
double[] ret = new double[B];

if (output > @) {

[

* Generic implementation of the evaluation step: running simulation according
* to the number of samples in a solution and the number of model files and
delegating the fitness ewvaluation to

{@link #evaluateSimulationResult(double[], double[], Solution)}

ret[@] = &;
* @see org.moeaframework.core.Problem#evaluate(org.moeaframework.core.Solution) ret[1] = &;
ret[2] = &;
@0verride ret[3] = @;
public final void evaluate(Solution solution) { ret[4] = @;
ret[5] = output;
* Input array is interpreted as: sample®-param@, sample@-paraml, ... then b oelse {
+ samplel-paramd, samplel-paraml, (sample-param order) double[] scores =-SILScor‘er‘.calculateASILScor‘eDetails(inputs, output);

int minEidx = (int) scores[&];

*/

double[] encodedInputs = EncodingUtils.getReal(solution); for (int 1 = 8; 1 < 4; i++) {
double[]1[] inputs = new double[numberOfSamplesInSolution][INPUT_VARIABLES.lengthl; if (i + 2 == minEidx) {
double[][] outputs = new double[targetModelFiles.length][numberdfSamplesInSolution]; ret[i] = -scores[i + 2];
¥ else {
for (int i = @; i < targetModelFiles.length; i++) { ret[i] = @;
for {int j = @; j < numberOfSamplesInSolution; j++) { 3
for {int k = 8; k < INPUT_VARIABLES.length; k++) { 3
inputs[j]1[k] = encodedInputs[INPUT_VARIABLES.length * j + kl; ret[4] = -scores[7];
} ret[5] = -scores[8];
outputs[i][j] = runSimulator{targetModelFiles[i], inputs[j]1); solution.setAttribute("s", scores);
! }
b return ret;
solution.setObjectives(evaluateSimulationResult(inputs, outputs, solution)); 3

e RROIEL T EHROEAS 5 E
Jo AT s EE AT EHER CAI T
(BT &£ DR N EDEHEENS)

2018/12/14 f-ishikawa@AI4SE 8



FID—HIEEAGHA? (2)

b

R—EB{ELG TEWMIT—XEET ] EWSKRETD

=t SV

10EIDFEITC, BREEN—EULLTETDT—RZEFEIC
5000 =2 L— 3 VURICER

(TR LTZET10

mibclE, [3EL7EL & [1EZRE

O

A

[

O

)

EKE | ED/NL—

70OV MER, N\—23a>7 v TOXEHNKECHSL
FYOERMGE, T<BEITIENT:

mbhLlE, SHAEEHERICORX MENMF LS L TRAET,
FXA HIRICKSERIEEANDS, BEHNVE




Yo CWAHRE (—H6l) : Ehk

B SPTEE DR
B HoBEL] BRDRIETSE, fcFE
BDlFfc TRPREWIKRI B 2L

O

2

RENEDIRRDAD 62> LBV Hd S50 E

BRI ;EE

B [ HERTCORR (&%) J LOAEATLEWL

B IcnfcirsphAEELEDE] WS ZEEBRPAL

SADERL

® ST RDHH 5 raAlloTHE,

[ TDAIFEIE & 17 & /e DaiT) ©E5PALT D

2018/12/14 f-ishikawa@AI4SE

10



PO TW5E (—Hl) : Ehigk
BHET L —V -G ETEDONEFEEZER

(Monte Carlo Tree Search, /\>7 « v FRERE)
HIERZEE (AN T FIVOBERSITHE]) D
[ ZF 11 =& l
m LoD —@YEEEE LT anerx
EWDERET B v
\c&, B RIEE 1

time 37T/K

g

Nt

time 7' E%w/:77f/béﬂ/ ;47
(E e ELIEEESHED/E?

[ Zhang et al., Two-Layered Falsification of Hybrid Systems Guided by Monte Carlo Tree Search, EMSOFT'18 ]
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z Sgn(Val 0,2,9))  on(ved(6.2.y)) [ Elf&7t © Goodfellow et al., Explaining and
“panda” “nematode” “gibbon” Harnessing Adversarial Examples, 2015 ]
57.7% confidence 8.2% confidence 99.3 % confidence
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[ Pei et al., DeepXplore: Automated Whitebox Testing of Deep Learning Systems, 2017 ]
E{R7T . [Tian et al., DeepTest: Automated Testing of Deep-Neural-Network-driven Autonomous Cars, 2018 ]
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