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Active Automata Learning




Active Learning: Why?

Conformance
Relation

Model? What model?

Specification
Model

Implementation
Model

A

Test Goals

N

Exhaustiveness Soundness

A 4

Test-Case
Generation

Conformance

_ Testing
Test Suite €= Implementation




Active Learning: Why?

Formalization

|

Correctness o Model-Based
Properties Formalization Testing
T @i
s Specification > e '
Model Checking Model f
Model Refinement Test Cases
(Queries)
Foe
‘“‘r' Implementation

Model Learning

[Aichernig, et al. Model Learning and Model-Based Testing]
[Howar and Steffen. Active Automata Learning in Practice]
[Vaandrager. Model Learning]



Active Learning: What?

Membership (Output) Query Learner O

Query Output o Hypothesis

Teacher

System Under
Learning

Equivalence Query
(Hypothesis)

Yes/No, Counterexampl
Conformance es/No, Counterexample

Tester

[Dana Angluin. Learning regular sets from queries and counterexamples. |1&C. 1987]



Active Learning: How?




Active Learning: What?

Teacher

System Under
Learning

Conformance
Tester

Membership (Output) Query

Query Output

Equivalence Query
(Hypothesis)

Yes/No, Counterexample

Learner



Active Learning: How?

rain/0
switv /1

switv /1

swltv/0

rain/ 1

switv /1

[

swlitv
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rain/0 |

switv /1

Membership (Output) Query

Teacher Learner O
Query Output o Hypothesis

Active Learning: What?

System Under
Learning

Conformance
Tester

Good hypothesis?

Can | check that before asking the teacher an equivalence query?
11



Active Learning: How?

switv /1

switv /1 rain / 1 A

swltv/0

rain/0 .
switv / 1 raln

swlitv

S | e 0

Consistent: Vp,p' €S, :p= p' =>Vi€lp.i =p'.i
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Active Learning: How?

rain/0
switv /1

rain/o SWItV / 1

Ll rain / 1

swltv/0

S € 0
rain 0
5-1 swltv 1

Consistent: Vp,p' €S, p= p' = Vi€lp.i =p'.i
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Active Learning: How?

rain/o switv /1

( Ll rain / 1

swltv/0

rain/0
switv / 1 S | e 0 1

S, rain 0 1
@ swlitv 1 0




Active Learning: How?

_ rain / 1
rain/0 switv / 1

[ [

switv/0

switv /1

swltv/0

rain/ 1

switv /1

rain | swltv
s L€ ({€,rain}) 0 1
switv 1 0
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rain/0

N

switv /1
switv /1 rain / 1

switv /0

rain | swltv
rain / 1 e ({€,rain}) 0 1
switv /1 A S swIty 1 0
@ rain 0 1
swltv / 0 S.-| | swItv-rain 0 1
swltv-swltv 0 1

Consistent: Vp,p' €S, p= p' = Vi€lp.i =p'.i
Closed (Complete): Vp € S,..I. Ap' €S, - p =’

16



Active Learning: What?

Teacher

System Under
Learning

Conformance
Tester

Membership (Output) Query

Query Output

Equivalence Query
(Hypothesis)

Yes/No, Counterexample

Learner <:>
O

Hypothesis

17



Equivalence Queries

* Random walk: surprisingly efficient, no guarantees

* Complete model-based tests (W Method, WP Method):
* Two major phases:
e establishing a tour of hypothesis states in the SUL
» Testing all pairs of states and inputs,
checking for the correct output and target state
* Proven guarantee of detecting all differences wrt. a given fault model

[Broy, Jonsson, Katoen, Leucker, and Pretschner. Model-Based Testing of Reactive Systems]
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switv /1

switv /1 rain / 1

switv /0

switv / 1 A swltv
@ rain
S

switv/0

rain | swltv
rain / 1 s L€ ({€,rain}) 0 1
1 0
0 1
swltv-rain 0 1
swltv-swltv 0 1

CE : swltv-rain-rain-rain
How should we process CE?

19



switv / 1

switv/0

switv /1

switv /1 rain / 1

switv /0

rain | swltv
rain / 1 s L€ ({€,rain}) 0 1
- swltv 1 0
@ rain 0 1
S.I| | swItv-rain 0 1
swltv-swltv 0 1

EQ = swltv-rain- rain- rain
1-1-1-1 #1-1-0-1

[Rivest and Schapire.
Inference of Finite Automata Using Homing Sequences.
1&C 1993]

N
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Counter-Example Processing

switv /1

switv / 1 rain / 1

switv/0

rain / 1
rain/0
= switv/1 () EQ = swltv-rain- rain- rain
(ot () 1-1-1-1 #1-1-0-1
switv/0

[Rivest and Schapire. Inference of finite automata using homing sequence. |&C. 1993]

[Irfan, Oriat, Groz. Model Inference and Testing. Adv. Comp. 2013 ]
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Counter-Example Processing

rain/O

switv /1

A switv /1 rain / 1
switv /0 rain / 0
rain | swltv|rain - rain
€ 0 1 0-0
S, |swltv 1 0 1-0
swiltv - rain 0 1 0-1
rain 0 1 0-0
g T swiltv - swiltv 0 1 0-0
" T swlty - rain - rain 1 0 1-0
swltv - rain - swltv| 0 1 0-1

[Rivest and Schapire. Inference of finite automata using homing sequence. |&C. 1993]

[Irfan Oriat, Groz. Angluin-style finite-state machine inference with non-optimal counter-examples. ]
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Active Learning: What?

Teacher

System Under
Learning

Conformance
Tester

Membership (Output) Query

Query Output

Equivalence Query
(Hypothesis)

Yes/No, Counterexample

Learner <:>
O

Hypothesis
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Beyond L*

[M. Isberner. Foundations of Active Automata Learning An Algorithmic Perspective. Ph.D. Thesis. 2015]
[Vaandrager et al. A New Approach for Active Automata Learning Based on Apartneess.]
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Beyond Finite Automata

button : 0.1

beep

q1
6002312. : 1

wnat

button : 1

button : 1
button coimn
S € {init: 247} {beep: 414}
coin - beep {coffee: 147, init: 16} | {beep: 134}
ALt(S) button - init {init: 69} -{beep: 82} |
coin - beep - button - coffee | {init: 64} {beep: 53}
coin - beep - button - init | {init: 9} | {beep: 6}
coin - beep - coin - beep {coffee: 65,init: T} | {beep: 61}

[Tappler, Muskardin, Aichernig, Pill. Active Model Learning for Stochastic Automata.]
[Bacci, Ingolfsdottir, Larsen, Reynouard. Active Learning of Markov Decision Processes using Baum Welch Algorithm.]



Active Automata Learning

Learning Evolution in Space

Compositional Learning
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Adaptive Learning




Why?

rain/0 switv /1

A switv /1 rain / 1 A

switv/0 rain/0

switv /1

switv / 1
rain /1

..........
0

.

................ N stPrm /1

.,
[N
ea
.~
-----

swPrm /0 .
rain /0 yipim /0

28



What?

Given an evolving system that

: AR -~
changed over time (o) @‘@
how can we efficiently
learn its evolved behavior?

switv /1

How sensitive is it to e o
the amount of evolution?

[Groce, Peled, and Yannakakis. Adaptive model checking. 2002]
[Chaki, Clarke, Sharygina, Sinha.

Verification of evolving software via component substitutability analysis. 2008]
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How?

Anything redW

rain/0

switv /1

........

............... swPrm/ 1)“stjtv/ y R
prm
........................................... Fo

(

switv /0 swPrm

\ rain swlt\'vcaz'n Train
g € ‘\O 1 0-0
S, |swltv 1 0 1-0
switv - rain /0 1 0-1
T~ |rain —1 0 1 0-0
g .7 swltv - switv 0 1 0-0
"M swlty - rain - rain 1 0 1-0
swiltv - rain - swltv| 0 1 0-1
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How?

switv /1

switv /1

rain/0

rain/0 rain / 1
............... swPrm/ 1AY swltv/ 1
. prm
............................ * YSWPrm / 1

swPrm/0

wite /0 rain /0 im0

swPrm

Anything rew rain|swltv\rain - rain

€
S, |swltv
swiltv - rain
rain
swiltv - swiltv

swltv - rain - rain
swltv - rain - swiltv

{0,1,0,00}

Ol—‘OO\é‘F‘O

= O | =] = O =
O = OO O | O
= O O O | O ©
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How?

rain/0

switv /1

........

swltv/0
swPrm
_ N\ C
New experlment&mn swltv|rain - rain

€ 0 0-0
S, |swltv 1 0 1-0
swiltv - rain 0 1 0-1
rain 0 1 0-0
g T swiltv - switv 0 1 0-0
" TTswlty - rain - rain 1 0 1-0
swiltv - rain - swltv| 0 1 0-1
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How?

switv /1

rain/0
............... swPrm/ 1‘:-' swltv/ 1
. prm
................ N, stPrm / 1

swPrm/0

switv/0

Gs,swltv,swltv-rain, swPrm}

{eXswltv} {swltv-rain}
{swPrm}

switv /1

rain /0 G /0

{swiltv-rain}
{switv}

swPrm
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Does it Really work?

............

0.9.7 09.7c [ 0.9.7e
a7y 1 e 9 (9
: * 1 P B T B T S |
0.9.8f L[ 098 | 098m L[ 098s L[ 09.8u L[ 098za |
m ] o o [ 1
L_(14) |, (11) | (1+0) nlL_(10) a2 | (9)
T 1.00 |U[ 7.00f |u[ 7.00n |.[ 7.0.0m
m m ™
(10) || (10) | (12) | . 9)

(12) g
1.0.1 ' 1.0.1h |: 1.0.1k
O a9 1 @ @
penooL. I
1.0.2
7)
Cry Y

ptography and SSL/TLS Toolkit

1.1.0-pret
(6)

[https://www.openssl.org/]
[De Ruiter. A tale of the openssl state machine. 2016 ]



DOES IT REALLY WORKY?

Given an evolving system that
changed over time

how can we efficiently

learn its evolved behavior? OpenSSL

Cryptography and SSL/TLS Toolkit
How sensitive is it to
the amount of evolution?



Does it Really work?

A number of MQs

-100 =

-150 =

50 =

50 =

aL'M DLﬁM

800 =

_ | : il

TLE LB | -1 7Ty g st

A time (Years)

[Damasceno, M.R. Mousavi and A. Simao.
Learning to Reuse: Adaptive Model Learning for Evolving Systems. iFM’19 |
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https://www.cs.le.ac.uk/people/mm789/pub/mousavi-ifm-2019.pdf

Active Automata Learning

Product-Line Learning

Compositional Learning
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Product-Line Learning




Why?

—e

Variability in space

Configuration m

Configuration 2

Configuration 1

Version 1 Version 2 Version 3

Evolution over time

Version n

*
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Why?

Given an evolving system that
changed in space

how can we succintly
summarise the variability?

How sensitive is it to
the number of configuration
samples?

T Configuration m

Variability in space

>—

Configuration 2

Configuration 1

*

ersion n
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What?

Static Variability:
Feature Model (FM)

Optional
feature

- Cagcel
_— ~ Choose one or

both

Variability-Aware Behaviour:
Featured Transition System (FTS)

Feature
B/— Expression

orderSod return/c cancel /¢
@ @ _change _ @ erso a<:) 5 orderSoda / s'®\ serveSoda/ s
@ @ Chang @orderTea O e R pay/- : change/~f open/~f . take/—f e
@ etFreeBeverage@ orderTea @ servelea e _
< ) > orderTea/t
@ @ change cancel _
; getFreeBeverage / f
@ etFreeBeverage@ orderSoda @ serveSoda C

close/-f
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What?

Variability-Aware Learner Variability-Aware Teacher

Family-Based Teacher

Product 1

k4
:
23
313
5
o@ O
auued] Ajlwe4
2
)

1 Membership (Output) Query
~ , Learner
t @ reVG> cccccc I/c @ System Under . O
% Equivalence Query N payit Ccnangem s open/~ take/f Learning Und Output + Feature Expression o
(Hypothesis) S— { :m uUnaer
g Yes/No, Counterexample O  Model2 O'de'm?® 8 Jarning
getFreeB ge / f

Equivalence Query
(Hypothesis)

Conformance
Tester Counterexample + Feature Expressions
) D

Product n

Yes/No, Counterexample o Model n

[Fortz, Temple, Devroey, Heymans, Perrouin.
VaryMinions: Leveraging RNNs to Identify Variants
in Event Logs. MalTeSQuUE’'21]

[Fortz. Variability-aware Behavioural Learning.
SPLC Doctoral Sumposium’23]

[Fortz. LIFTS: learning featured transition systems.
SPLC Doctoral Sumposium’21]

[Damasceno, Mousavi, Simao.

Learning by Sampling: Learning Behavioral Family Models
from Software Product Lines. EMSE 21]

[Tavassoli, Damasceno, Khosravi, Mousavi,

Adaptive Behavioral Model Learning

for Software Product Lines. SPLC 2022]
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Variability-Aware Teacher

Family-Based Teacher

Membership (Output) Query Learner O

System Under
Learning

Output + Feature Expression o

Equivalence Query
(Hypothesis)

Conformance
Tester Counterexample + Feature Expressions
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Featured-L" (FL")

='
—:ﬂ
I ] Ma j
<€
Feature
Expression / No
Learner Teacher
EQ (H)
>
<
Yes /
CE + Feat 1
L ] + FFeature Expression L B

Membership query:
(p.fe) s e Lsu ?

|

/

&
E{03

ht
| A -
= VaryMinions =§ }3
i
%

N

SUL

Equivalence query:
L(H) = Lsu?

o\




i
i

Mine Pump control

Methane Water
to pipeline (discharged)

Submersible
_ _pump

Case Studies

Model Features Products States Transitions Actions
Forum
SVM 9 24 9 13 13
Minepump 9 32 25 41 24
CP Terminal 21 4.774 11 17 16
Sferion™ 25 64 525 46 12

SFERI¢N

FINITE RESOURCES, INFINITE POSSIBILITIES




Evaluation Metrics

RQ: How to automatically learn Featured Transition Systems?
« RQL 1 Time

* RQ1. 2 Number of membership queries

* RQ1. 3 Number of equivalence queries and learning rounds

* RQ1. 4 Number of resets



Results

Model Time MQ EQ Rounds Resets
Forum 1s. 546 7 3 15.596
SVM 9s. 19.836 23 6 219.430
Minepump 9 m. 186.984 54 11 2,934,811
CP Terminal| 17 m. 39.780 33 9 436.942
Sferion™ 117 m. 72.803 363 6 57,057,295

47



Contributions

FE as first-class citizen
Direct mapping on transitions

Fully family-based approach

* Observation table of 8,904 prefixes X 21 suffixes (Minepump)
Up to 129 states and 356 transitions (Sferion™)

e After simplification:
77 % to 98 % of reduction for the observation table
up to 80 % of reduction for the automaton (Minepump)

e Less than 2 hours of execution for each study ( 2 Cores, 2 Sockets, 16Go RAM)



What?

Variability-Aware Learner Variability-Aware Teacher

Family-Based Teacher

Product 1

r 1 Membership (Output) Query

eeeeee

Learner O

Output + Feature Expression o

uuuuuuuuuu

System Under
Learning

:m Under
Jarning

-
O Q
<
-
o |
eeeeeeeee (Output) Query Q
L -
Q >
D rewm
=
N
o) —

Product 2

Yes/No, 0 Model 2
Equivalence Query
(Hypothesis)
eeeeeeeee (Output) Query e Conformance
Tester Counterexample + Feature Expressions
I D

Product n

Yes/No, Counterexample o Model n

[Damasceno, Mousavi, Simao. [Fortz, Temple, Devroey, Heymans, Perrouin.
Learning by Sampling: Learning Behavioral Family Models VaryMinions: Leveraging RNNs to Identify Variants
from Software Product Lines. EMSE 21] in Event Logs. MalTeSQuUE’'21]

[Tavassoli, Damasceno, Khosravi, Mousavi, [Fortz.
Adaptive Behavioral Model Learning SPLC Doctoral Sumposium’21 and 23]

for Software Product Lines. SPLC 2022]
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What?

4ha Baka RaRa I . X B

. T
out

E v
Prod 1 Prod 2 Prod {1,2,n} Prod {1,2}
RS e P =
Product model Product model d family model d family model

A out T out T out E

Active automata Active family in ;

SUL learning E model learning ol e £

Prod 01 T

k. A
1IN ' n

SUL

Prod 02

[Damasceno, Mousavi, Simao._
Learning by Sampling: Learning Behavioral Family Models from Software Product Lines. EMSE 21]



https://www.cs.le.ac.uk/people/mm789/pub/mousavi-emse-2020.pdf
https://www.cs.le.ac.uk/people/mm789/pub/mousavi-emse-2020.pdf

How?

l Z(Cvdai’o) < SUCCa,b(]' + kX Sgucc(c7 d))
213277 (@) = (D) + 1277 (b) = X3 (2)| + |Suees )

SgUCC(a7 b) —

Global similarity score (Outgoing and incoming transitions)
@ Pairwise similarity based on surrounding matching transitions and connected state pairs.
@ Attenuation ratio k gives precedence to the closest state pairs.

@ Matching transitions and distinct transitions.

[N. Walkinshaw and K. Bogdanov,
Automated Comparison of State-Based Software Models
in Terms of Their Language and Structure.]
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How?

1 34+ kx|[S& (St,St)+ SE& _(Bo,Po)+ S& __(Pa, Pa)]

G Succ Succ Succ
SSucc(’Da? Pa) = 7 X = (0.58
2 0+0+3
Exit/1
Start/0 ‘ Exit/1
~ . Start/0
Start/1 ) Pause/l _ [ ) \
GSz;?nrte Bg;vrlrl,r;g i1z Pause | ) Start/1 >f N\ Pause/t . [
@ = startn | ) G? tart gong N Pause
A A A A ame . M e
) Exit /1 \_ ") Start/1 L
Exit/1 Exit /0 Pause/0 A R
Pause / 1 Exit/0 Pause/0
Pause/0




The FFSM,, algorithm

Exit/1

Start/0

Start/1 Pause/1

Pause

Start/1

Pause/0

Exit/1 Exit/0

Pause / 1

Start/1 Pause/1
Pong

Game \b

Exit /1 Start/1

Exit/0 Pause/0
Pause/0

Figure: Two examples of product FSMs

Figure: Pairwise state similarity



Experiment Design

1 - wise FFSMp; ) : N
Product (2) Diff Partial family model FF ¢
(Feature-mse) )_ Sampling { { il
com S .9
2-wise (1) [ Math] (4) — ]
(Pair-wise) -] ® l (3) e NELCR

Conflguratlon 1 9
O
Configuration 2 LE{N
4 Legend:
L Contiguration 4 [ ]Custom Artifacts
T —>» Automatic Step

(Exhaustlve)




Analysis of Results: Size

Mann-Whitney-Wilcoxon statistical test
Vargha-Delaney’s A effect size

Number of transitions

400 1

35
30 1
25 1
20 1
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10 -

FFSM Pair
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i
1l
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2004 - - - - - F T |-
100 A
FFSM Pair
CPTERMINAL
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250 -
200 -
ol [
100 A
|
FFSM Pair

Software product line

WS
160
1209 ] 1
80 -
FFSM Pair
MINEPUMP
1000 ®
750 A
500 A
250 A |
——
FFSM Pair




Analysis of Results

Pearson correlation coefficient - Pairwise analysis

AGM VM WS
1.04 1.0{e o em 1.0
0.8 |
0.9 0.8
0.6+ |
20.81 0.6
& R = -084 , p = 2.3e-06
= 0.4- 0.4
% 0.7 _ ' R=-076 ,p<2216 @ 1 R=-079 , p =29e07
z 0.5 0.6 0.7 0.5 0.6 0.7 0.8 0.60 065 0.70 0.75 0.80
'}3 AEROUCS5 CPTERMINAL MINEPUMP
S 1.01 eeee 1.0{ @ () 1.0 cammme
:E [ _J o o o ® oo
o
(&) 0.8

o
™

0.8{ .
0.6

o
o

0.61

0.41
R=-065.pe 1.1e06 = 052, p ¢ 22e:16 - R=-073,p <2216

0.60 0.62 0.64 055 060 065 070 075 0.55 0.60 0.65 0.70 0.75
Ratio between the size of the learnt FFSM to the total size of products pair (number of transitions)

Pearson correlation coefficient



Analysis of Results: Sampling

AGM

1.00 -

0.95 A

0.90 -

0.85

0.80 4

0.75

1wise 2wise 3wise 4wise all

Precision

AEROUCS5

1.000 -

0.975 A

0.950 -

0.925 A

0.900 -

L

0.875 -

1wise 2wise 3wise 4wise all

[Damasceno, Mousavi, Simao.
Learning by Sampling: Learning Behavioral Family Models from

VM WS
1.0 1 I 1.00 4
084 —— 0.96 -
0.6 4
0.92 4
0.4 4
: 0.88 -
1w'ise 2w'ise 3w'ise 4w'ise alll 1w'ise 2w'ise 3w'ise 4w'ise a'II
CPTERMINAL MINEPUMP
1.000 A 1.00 4 —4— —
, MM ==
0.975 - | e °
0.95 - s 1
[ ] L ]
0.950 -
L ]
0.925 - 0.90 4
0.900 - 0.85 -

More precise family models

iwise 2wise 3wise 4wise all

Software Product Lines. EMSE 21]

1wise

2wise 3wise 4wise all

Higher values of T


https://www.cs.le.ac.uk/people/mm789/pub/mousavi-emse-2020.pdf
https://www.cs.le.ac.uk/people/mm789/pub/mousavi-emse-2020.pdf

PL’

Building a repository of queries that

for changes in space

Sampled
Product P1
Ordering

P2 P3

MQ, EQ

Models

A A
MQ, EQ MQ, EQ

M1

e
as

Learning

Steps PL*

PL* PL*

Repository

[Tavassoli, Damasceno, Khosravi, Mousavi,
Adaptive Behavioral Model Learning for Software Product

A

Observation Table Repository |

Lines. SPLC 2022]

»  Time

Adaptive Learning Process, Sequence of PL* Applications cg



Active Automata Learning

Produc Line Learning

Compositional Learning
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Compositional Learning




Interleaving Parallel Systems

d/o
d/1 /¢/1b

Interleaving Parallel Composition

c/1b/1g/1 .
Qo

/0

b/1,c/1g/0 b/0
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Teacher

System Under

Learning

Conformance

Tester

MQs and EQs

y N

MQs and EQs

A

MQs and EQs

y N

Hypothesis

\ 4

Yes / No, CE
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CL* Algorithm

Initial Actions Partition

(singleton sets)

J

Hypothesis

(g7 ) Yes-

(Partially A [Interleaving
‘ Learned ‘
» Learn . ~ Parallel
components .\
\Compo“nents P \Compos‘ltlon
Actions Partition
N
Merge j
Action Sets Minimal CE
J

Y
>
9
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CL* Algorithm - Example
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CL* Algorithm - Example

Initial Actions Partition ‘( Partially Learn ] Learned components

v

w 'L Components J /\
a/0 b/1

—’C a/l 6 _}& b/1.,¢/0 a/0,c/0
d/0
OO =

c/1
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CL* Algorithm - Example

Initial Actions Partition ‘( Partially Learn

{a}, {b}, {c}, {d} 'L Components

|

Learned components

‘( Interleaving Parallel

)

'L Composition

,\(10 b/1
~ O -

_,O/ﬂ _,C(P

c/1

Hypothesis

b/1,c/0

b/1, ¢/1

a/0.b/1,c/1
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CL* Algorithm - Example

Initial Actions Partition ‘( Partially Learn ] Learned components ‘( Interleaving Parallel

{a}, {b}, {c}, {d} 'L Components J /\ 'L Composition

a/0 b/1

ol &

. ZO/O . Hypothesis
d/1 9
c/1
CE=ab
M(ab) =10
H(ab)=11
) Minimal CE
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CL* Algorithm - Example

SUL

Initial Actions Partition =( Partially Learn ] Learned components ‘( Interleaving Parallel
fa}, {b}, {c}, {d} LComponents J /\ LComposition
1 a/0 b/1
O -O
R ZO/O . Hypothesis
d/1
c/1
CE=ab
M(ab) =10
H(ab)=11
Merge 1
Action Sets J M|n|ma| CE
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CL* Algorithm - Example
b/1, ¢/1
Initial Actions Partition =( Partially Learn ] Learned components =( Interlea\{ipg Parallel
fa}, {b}, {c}, {d} LComponents J J\ LComposmon i
a/0
: a/l % b/1,c/0 a/0,c/0
(%8 Hypothesis
OO -
c/1
{a, b}, {c}, {d}
Y
(e ]
Merge 1
Action Sets J M|n|ma| CE
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CL* Algorithm - Example

SUL

b/1, c/1

Initial Actions Partition =( Partially Learn ] Learned components ‘( Interleaving Parallel
fa}, {b}, {c}, {d} LComponents J /\ LComposition
a/0
a/l %
b/0 .
,,ﬁ‘(, Hypothesis b/1, ¢/1
771/0
c/1
{a, b}, {c}, {d}
CE =dc
M(dc) = 00
H(dc)= 01
Merge 1
Action Sets J M|n|ma| CE
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CL* Algorithm - Example

Initial Actions Partition ‘( Partially Learn ] Learned components ‘( Interleaving Parallel
{al, {b}, {c}, {d} LComponents J k LComposition
1 b/1 a/0

b/0
d/o
’ﬂ . ‘ﬂ

c/1

c/0

fa, b}, {c, d}

b/1,¢/0 2/0.¢/0

&=
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CL* Algorithm

Initial Actions Partition

(singleton sets)

J

(Partially A [Interleaving
‘ Learned ‘
» Learn . ~ Parallel
\Compounents P components \Compos‘ition
Hypothesis
Actions Partition
4 )
Merge CE
Action Sets | Minimal | DPistillation CE
- J
CE
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Experiments: Subject Systems

e Body Comfort System
o An automotive software product line of Volkswagen Golf model.
o Contains 27 components

e Benchmarks
o 100 FSMs
o 21to9 components
o 0to 3840 states, average: 1278
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Experiments: Performance

CL* #resets L* Hresets CL* total cost L* total cost
(300, 600] method
-l L
(600, 900] -
(900, 1200]
aé’ (1200, 1500]
E (1500, 1800]

(1800, 2100]

(2100, 2400]

(2400, 3840]

104 103 10° 106 107 108

total number of resets total number of symbols



Experiments: Improvement

Improvement %resets

100
n
Improvement %total cost
@
]
50
v
g 0 .
§ o metric
* ® Fresets
3 ® b4 . ® #input symbols
-50 4
3
-100 ®
& @
2 3 < 5 6 7 8 9

#components



Experiments: Effect of Parallelism

L* CL*

o

a
- 8

108

A
é 2 The improvement is positively correlated
o . M
4 with the number of components. COmPO";HtS
5 0 : : - il :
3 % g 3
5 107 g 8 . 3 6 8 @ 0 4
2 s 8 e © ®s :
8 o ® . .
- -
E 4
4]
2 q ® -
& ’
10°
500 1000 1500 2000 2500 3000 3500 4000 500 150 2500 3000 3500 4000

#states #states

[Labbaf, Groote, Hojjat, Mousavi, Compositional Learning for Interleaving Parallel Automata. FOSSACS 2023]
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Active Automata Learning

Product-Line Learning

Compositional Learning
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