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Adaptive Android Program Test Method Based on Thompson Sampling

ZHAO Yingnan, LENG Chongyang, HAN Qilong and YU Cheng

College of Computer Science and Technology, Harbin Engineering University, Harbin 150001, China

Abstract Recently,the research of Android graphical interface test method has attracted wide attention. At present,most test
methods are developed based on reinforcement learning. However, the existing methods can explore the application by selecting
parameters according to experience,and can not to change the parameter settings according to the interface changes adaptively.
This paper proposes an adaptive Android testing method based on Thompson sampling, which combines Thompson sampling with
the Q-learning algorithm,enabling the agent to adaptively determine the next exploration action based on the current state of the
interface controls being examined so that to balance exploitation and exploration more effectively for superior testing outcomes.
Firstly,events of the jump at the interface during exploration are modeled for the Beta probability distribution, then a probability
distribution matrix is obtained, which is weighted-averaged with the Q-table. It can take into account both the exploration value
and the exploition value of the events. At the same time, the probability distribution of operational events under the current inter-
face is sampled,and the maximum sampling value is the exploration probability value,combined with the weighted matrix, it can
guide the test more comprehensively,so as to realize the adaptive exploration of the Android application interface. Experiments
executed on 13 Android applications confirm the efficacy of the proposed method through experimental comparison and analysis
with conventional reinforcement learning testing tools.

Keywords Android GUI testing . Reinforcement learning . Q-learning . Thompson sampling
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Table 3 Experimental datasets
. w 4 Uik & o
B AR F 4 AR &N 7% HE e HE
WLAN Scanner 4 Communication 2484 141 1
MunchLife 2.3 Entertainment 551 39 2
Sensors2Pd 2.3 Tools 1346 149 4
Talalarmo 4 Productivity 5122 658 3
BatteryCircle 1.5 Tools 963 79 1
Hot Death 2.1 Game 17679 1203 3
World Clock 2.3 Productivity 5200 315 4
Mirrored 2.3 Magazines 3803 219 4
A2DP Volume 2.3 Maps end 13452 600 8
Navigation
Weather N
notifications 2.3 Weather 8927 667 7
Amaze 3.10 Tools 597241 41475 144
Commons 5.0 Maps 571284 31124 98
K9mail 8.0 Mail 124745 6733 29
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T B UE RQL S5 H 3 M HEAT 3 Fokr 5 i B 3 50 1L

BRI A S R, ATS, Monkey, Sapienz, Stoat,
Droidbot, DroidbotX J5 % #: 47 %t Lt . M3k T2 B4 10 4~ 3% 2 %
N R T RS R4 S SRR A RN SR 4 TS, ATS 1Y
T R BB AL L HAT T 59. 3% M9 3445 4 7 35 % ; DroidbotX
MRMBE N, DOR TA SOk L T 58% M fs 4
FERXETAE TR RSN, ATS 5H AL T HAHEL,
1E 10 AR AR P iy 7 A 3K A3 e R B . Sapienz 19
Yi9e 4 A 55 £l 55. 70, H ik & Monkey (55. 5%) , Stoat
(54.2%)F Droidbot(52.5%) ,

4 MHK T BAR S8 w5 R

Table 4 Comparison of test tool instruction coverage

%)
T TT
App £ Monkey  Sapienz Slc[jal7 Droilbol DroidbotX ATS
WLAN Scanner 58.9 61.3 57.2 59.2 59.4 59.4
MunchLife 73.6 75.0 75.7 72.8 75.1 73.2
Sensors2Pd 74.1 73.6 71.3 71.1 70.4 75.6
Talalarmo 76.0 74.1 69.3 64.8 74.4 78.3
Battery Circle 77.6 78.1 78.1 74.0 81.3 80.0
Hot Death 51.4 54.2 49.6 49.1 53.7 55.4
World Clock 44,4 41.3 42.5 24.8 46.1 46. 3
Mirrored 27.5 27.5 25.4 36.1 36.1 36.1
A2DP Volume 25.6 29.5 31.2 35.6 39.1 40. 8
Weather
notifications 45.8 42.4 41.8 37.6 44.2 48.3
P31 55.5 55.7 54.2 52.5 58.0 59.3

IR J7 BB R, 43 W AE W0 41 90 g ) AR % v gk A7 52
Ly | SR (90 I S IS Sy FEI N DI 122 2 (A I I
T Sapienz, Monkey, Stoat, Droidbot # DroidbotX f4-F 4 J5 3%
TR R 62.8%0,63%,61%,59. 3% H 66. 4%, ATS 1y
FIH A 66.8% . ATLAA YL 7E 10 A BHRRF L ATS 47 6
BB T FoR A R OT A SR T AL T RSB TR, &
id 5 F IR 4518 ATS 78 “A2DPVolume”*WLAN Scan-
ner”“Talalarmo”“ Weather notifications”“Hot Death” A7 3& #i

RAF,

D https://github. com/Deserve-ley/ATS. git

#5 WA T HFERE R R IR (D

Table 5 Comparison of test tool method coverage(a)
%)

App 4 & - 2“5/7\4‘53%’%& -
Monkey Sapienz ~ Stoat Droidbot DroidbotX ATS
WLAN Scanner 63.5 66.0 59.3 65.4 65.5 66. 3
MunchLife 62.1 66.7 66.7 66.2 66.2 66. 2
Sensors2Pd 86.6 81.9 83.2 81.6 80.7 81.6
Talalarmo 61.3 56.3 51.8 48. 4 57.4 61.3
Battery Circle 83.5 84.1 83.5 76.5 83.5 83.5
Hot Death 71.9 72.8 63.4 66.7 72.5 73.7
World Clock 54.5 43.8 54.9 39.5 57.5 54.9
Mirrored 40. 5 44.1 39.7 48.5 47.1 47.1
A2DP Volume 37.2 58.9 59.2 60. 7 66.9 66.9
Weather notifications 69. 3 53.6 48.3 40. 2 66.6 66. 6
S ) 1E 63.0 62.8 61.0 59.3 66. 4 66. 8

% 6 %1 T Monkey,Stoat, Delm F1 ATS (1% 75 1 78 2% %,
Hrh Han %48 419 Delm fdf FI #2543 97 07 1, M D) o $2 R
SR E R B S B . B F Android [ 4% BEHEE AR AR X
ST TR TR AR 5 D0 B AR, I R RO N B . AR ST
BRAER R R P N T AR R S A G R R R
AAHr. T Delm Jrik eI IR N i R BEAT 7 ik B s 10
SR HMW A TR R TR E SRR TS Z 1T L,
Delm 7£“ Amaze”“ Commons” B 4~ App H1 R B H 4, ATS 7
“K9mai”*“Hot Death” H1 35 4, (B A SCJ7 B 1Y - 189 05 BE B
TR B R R B b,

6 ML THINEE TR D)

Table 6 Comparison of test tool method coverage(b)

(ZD)
HEEESR

App % Fr - = -

Monkey Stoat Delm ATS
Amaze 14.00 12.00 14.00 13.000
Commons 12.00 13.00 15. 00 13. 000
K9mail 45.00 32.00 56.00 58. 000
Hot Death 66.00 66.00 72.00 73.700
P 34.25 30. 75 39. 25 39.425

FR 2GS E R, MR 7Y, ATS BYiE S B w5 R 1L
BN L E TR PATEL . ATSTERTA App 37T
PSR R m s . WA 4 PR fEiE s B 5 330 100 %
WO 5 DroidbotX il T HX [b, ATS FInS T4, 7T LL7E
/L ) W 1] 5 90 DA 32k B S A 0 AR

F 7 DB R Sl B A R

Table 7 Comparison of test tool activity coverage

%)
App 4 # — ‘%ﬁl%%% . p——
Monkey Sapienz  Stoat Droidbot DroidbotX ATS
WLAN Scanner 100. 0 100. 0 100. 0 100. 0 100. 0 100. 0
MunchLife 100. 0 100. 0 100.0 100. 0 100. 0 100. 0
Sensors2Pd 100. 0 100. 0 100.0 100. 0 100.0 100.0
Talalarmo 100. 0 100. 0 100. 0 100. 0 100. 0 100.0
Battery Circle 100. 0 100. 0 100.0 100. 0 100.0 100.0
Hot Death 73.3 100. 0 100. 0 100. 0 100. 0 100. 0
World Clock 70.0 95.0 95.0 85.0 100. 0 100. 0
Mirrored 75.0 75.0 75.0 75.0 75.0 75.0
A2DP Volume 97.5 100. 0 100. 0 90. 0 95.0 100. 0
Weather notifications 37.1 45.7 42.9 57.1 57.1 57.1
ERTY 85.3 91.6  91.3  90.7 92.7 93.2
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App information App information

Package ‘com smorgasbork hotdeath Package ‘com smorgasbork holdeath

SHA256 SHA256

Mainactivty  com smorgasbork hotdeath.Main Mainactiviy  com smorgasbork hotdeath Main
#activities 3 #actvities 3
Device information

emulator-5554 Device serial  emulator-5554

Model number  Android SDK bult for x86 Model number  Android SDK buit for x36

SOKversion 23 soKversion 23

DroidBot result DroidBot result

Test date 2026-03-11 10:83:14 2024-03-11 092206

652842085 698770867

” #ute

#UTGedges  2¢ #UTGedges 2t

(a) DroidbotX (b) ATS

Kl 4 ATS 5 DroidbotX A [d] i i) P 1 3 8 25 4 19 % 1o
Fig. 4 Comparison of activity coverage between ATS and DroidbotX

at the same time
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Table 8 Number of crashes comparison of testing tools (a)

VRS B R H
Monkey 10
Sapienz 15

Stoat 13
Droidbot 12
DroidbotX 12
ATS 16

9 DR T H & B BB R (D)

Table 9 Number of crashes comparison of testing tools (b)
VR RS Bk B
Monkey 6
Stoat 5
Delm 10
ATS 10
HBRE ALERDB-FETHEHRRFEMNRXTH
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DRE Sy . A S8 X 00 52 th 07 6 09 A8 S8t i AT SR P4 L OF
i 13 A~%2 5L ff HER P 5 6 A GUIL st Jr ik df A7 L 4%, 18
A B AR TR A R 0 B 7 R SRR I 0 1 i A
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