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Abstract

We present PAraSurr, a self-configuring technique that enhances
symbolic execution by autonomously adjusting ils parameters tai-
lored to each program under test. Modern symbolic execution tools
are typically equipped with various external parameters to effec-
tively test real-world programs. However, the need for users to
fine-tune a multitude of parameters for optimal testing outcomes
makes these tools harder to use and limits their potential benefits.
Despite recent efforts to improve this tuning process, existing tech-
niques are not self-configuring; they cannot dynamically identify
which parameters to tune for each target program, and for each
manually selected parameter, they sample a value from a fixed,
user-defined set of candidate values that is specific to that param-
eter and remains unchanged across programs. The goal of this
paper is to automatically configure symbolic execution parameters
from scratch for each program. To this end, ParaSurt begins by
automatically identifying all available parameters in the symbolic
execution tool and evaluating each parameter’s impact through
interactions with the tool. It then applies a specialized algorithm to
iteratively select promising parameters, construct sampling spaces
for each, and update their sampling probabilities based on data ac-
cumulated from symbolic execution runs using sampled parameter
values. We implemented ParaSurt on KLEE and assessed it across
12 open-source C programs. The results demonstrate that PARASuIT
significantly outperforms the state-of-the-art method without self-
configuring parameters, achieving an average of 26% higher branch
coverage. Remarkably, PAraSurT identified 11 unique bugs, four of
which were exclusively discovered by ParaSurT.

CCS Concepts

« Software and its engineering — Software testing and debug-
ging; « Computing methodologies — Machine learning.

sooyoung.cha@skku.edu (Guest Ediors)

1 Introduction

Symbolic execution [15, 16, 38, 73] is undoubtedly one of the promi-
nent software testing methods, actively researched in both academia
and industry [14, 39, 40]. Its primary goal is to efficiently gener-
ate valuable test-cases that cover hard-to-reach execution paths
in the target program or reveal hidden bugs within a time bud-
get. To achieve this, symbolic execution translates program inputs
into symbolic variables, runs the target program with those vari-
ables, accumulates symbolic branch conditions, and generates test-
cases that satisfy these conditions using an SMT solver [30, 37].
However, due to the need to gather symbolic branch conditions
and generate lest-cases via the SMT solver, symbolic execution
faces two well-known open challenges: the path-explosion problem
and the high cost of constraint solving. In response to these chal-
lenges, various techniques have been proposed, including search
strategy [19, 44, 57, 93], path-pruning [8, 22, 90, 91], constraints
solving [54, 60, 78, 81], and state-merging [3. 55, 74, 82]. As a result,
the effectiveness of modern symbolic execution tools incorporating
these techniques has seen marked improvement.

Yet, despite their notable performance enhancements, it has para-
doxically become more challenging for users to utilize symbolic
execution tools effectively. This challenge stems from the need
for users to determine the "parameter values” that influence the
effectiveness of these tools to achieve the desired testing outcomes.
Specifically, given a target program, users choose which parameters
to use from the total parameters provided by a symbolic execution
tool, and then assign a suitable value to each selected parameter.
Unfortunately, the number of adjustable parameters in practical
symbolic execution tools, like KLEE [14], exceeds a hundred, in-
cluding boolean, string, and integer types. Thus, adjusting these
parameter values for testing each program imposes a considerable
burden on users. This burden often leads users to settle for the
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Symetra: Visual Analytics for the Parameter Tuning Process of
Symbolic Execution Engines

D.Hong@, M. Kim@, S. Cha'®, and J. Jof

Sungkyunkwan University, Republis of Korea

Abstract
Symbolic execution engines such as KLEE automatically generate test cases 1o maximize branch coverage, but their numerous
parameters make it difficult 1o understand the parameters’ impaet, leading the user to rely on suboptimai default configurations
While automated tuners have shown promising resulis, they provide limiied insights into why certain configurations work well,
motivating the need for Human-in-the-Loop approaches. In this wark, we present a visual analytics system, Symetra, designed
10 support Human-in-the-Loop parameter tuning of symbolic execution engines. To handle a large number of parameters and
their configuratians, we pravide two complementary overviews of their impact on branch ¢ and patterns. Building
on th iews, aur system enables collective analysis. ailowing the wser to contrast groups of configurations and identify
differences thai may affect branch coverage. We also report on case studies and a Humen-in-the-Loop tuning process, demon:
strating that experts not only interpreted parameter impacts and identified complementary configurations, bur also improved
upon fully automated approaches in both branch coverage and tuning efficiency.

CCS Concepts

* Human-centered computing — Visual analy

* Software and its engineering — Software testing and debugging:

ons (

:h question in software engi
obust to arbitrary inpu
nerating test case: and check-
rtions. Symbolic exe-
208] is a powerful method
5. The key idea is to sys

ering is how 10

on with the Breadih-First
while one with a Dey
ore deeply nested bran

overall branch covel

it exceptions or violated
* MADS, C
es such tes

5 e user (o effectivel
program’s exccution paths by treating input e

¢ the user often requires a set of complementary
. configurations whose test cases cover different

ParaSuit (ICSE’'26)

Minjong Kim, SKKU SAL

Enhancing Symbolic Execution with Self-Configuring Parameters

Symetra (EuroVis'26)

2026. 10. 16

5/52




Symbolic Execution

eAn effective technique for white-box software testing
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Parameters in Symbolic Execution

eoAll factors that affect the performance of symbolic execution (e.g., option configs)

—— lest-cases —

Q B K =238

User Symbolic Executor \

I / BN \jicrosoft @ Code Coverage 1

sdage HOMI

Minjong Kim, SKKU SAL Enhancing Symbolic Execution with Self-Configuring Parameters 2026. 10. 16



Parameters in Symbolic Execution

eoAll factors that affect the performance of symbolic execution (e.g., option configs)

-heuristic=DFS

—

Symbolic Executor

-heuristic=Random
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Parameters in Symbolic Execution

eoAll factors that affect the performance of symbolic execution (e.g., option configs)

-heuristic=DFS
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Parameters in Symbolic Execution

eoAll factors that affect the performance of symbolic execution (e.g., option configs)
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Difficulty of Parameter Tuning

e There are 148 parameters in KLEE

119 Boolean Params

A,

Symbolic Executor

11 Integer 12 String
Params Params
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Difficulty of Parameter Tuning

e There are 148 parameters in KLEE

Boolean
eAn example of parameter tuning in KLEE

Integer

$ klee --simplify-sym-indices --max-memory=1000 --optimize
--use-forked-solver --use-cex-cache --external-calls=all
--max-sym-array-size=4096 --max-instruction-time=30s
--max-time=60min --max-memory-inhibit=false
--max-static-fork-pct=1 --max-static-solve-pct=1
--max-static-cpfork-pct=1 --switch-type=internal
--search=random-path --search=nurs:covnew
--batch-instructions=10000 ./pgm.bc --sym-args @ 1 10
--sym-args @ 2 2 --sym-files 1 8 --sym-stdin 8 --sym-stdout
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Difficulty of Parameter Tuning

e There are 148 parameters in KLEE

Boolean
eAn example of parameter tuning in KLEE

Integer

$ klee —--simplify-sym-indices --max-memory= 2?2 --optimize
--use-forked-solver --use-cex-cache --external-calls= ?
--max-sym-array-size= 2?2 --max-instruction-time= ?
--max-time= 2?2 --max-memory-inhibit=false

--max-static-fork-pct=2 --max-static-solve-pct=?

--max-static-cpfork-pct=2? --switch-type= ?

--search= ? --search= ?

--batch-instructions= ? ./pgm.bc --sym-args ?
--sym-args 2 --sym-files 2?2 --sym-stdin ? --sym-stdout
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Difficulty of Parameter Tuning

ePrior Works

1) Use the baseline tool’'s default parameter values without any optimization
- “KLEE was configured with its default policy” (TOSEM’25)
- “We use recommended symbolic arguments setting provided by KLEE” (PLDI'24)
- “The symbolic arguments used in KLEE [1]” (FSE’20)
- “Unmodified KLEE with default settings” (ISSTA'19)
- “A configuration used in KLEE [1]" (ASE’18)
- “The default configuration of KLEE” (ASE’17)

- “The same argument configuration as in prior work” (ISSTA'17)

[1] Cristian Cadar, Daniel Dunbar, and Dawson Engler. KLEE: Unassisted and Automatic Generation of High-coverage Tests for Complex Systems Programs. (OSDI’'08)
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Difficulty of Parameter Tuning

ePrior Works
2) SymTuner (ICSE'22)

SYMTuUNER: Maximizing the Power of Symbolic Execution by
Adaptively Tuning External Parameters

Sooyoung Cha Myungho Lee Seokhyun Lee Hakjoo Oh’
Sungkyunkwan University Korea University Korea University Korea University
Republic of Korea Republic of Korea Republic of Korea Republic of Korea
sooyoung.cha@skku.edu myungho_lee@korea.ackr  seokhyunlee@korea.ac.kr hakjoo_oh@korea.ac.kr

ABSTRACT .
We present SYMTUNER, a novel techs 5m SymTuner: Maximizing the Power of Symbolic Execution by Adaptively Tuning External Parameters
external parameters of symbolic execy Ta/k Technical Track
ecution tools have important external SOO‘/OUng Cha ’ ) Myungho Lee : Seokhyun Lee y HakJOO Oh
arguments, seed input) that critically a
to the huge parameter space, however, & Pre-print B Media Attached
parameters is notoriously difficult eVerrToreXprIST T T OIS oL m e e e e s g

quence, symbolic execution tools have typically been used in a
suboptimal manner that, for example, simply relies on the default
parameter settings of the tools and loses the opportunity for bet-
ter performance. In this paper, we aim to change this situation by
automatically configuring symbolic execution parameters. With
SYMTUNER that takes parameter spaces to be tuned, symbolic ex-
ecutors are run without manual parameter configurations; instead,
appropriate parameter values are learned and adjusted during sym-
bolic execution. To achieve this, we present a learning algorithm
that observes the behavior of symbolic execution and accordingly
updates the sampling probability of each parameter space. We eval-
uated SymTuner with KLEE on 12 open-source C programs. The
results show that SyMTUNER increases branch coverage of KLEE by
56% on average and finds 8 more bugs than KLEE with its default
parameters over the latest releases of the programs.

ACM Reference Format:

Sooyoung Cha, Myungho Lee, Seokhyun Lee, and Hakjoo Oh. 2022. Sym-
Tuner: Maximizing the Power of Symbolic Execution by Adaptively Tuning
External Parameters. In 44th International Conference on Software Engineer-
ing (ICSE °22), May 21-29, 2022, Pittsburgh, PA, USA. ACM, New York, NY,
USA, 12 pages. https://doiorg/10.1145/3510003.3510185

—batch-instructions=10008 ./pgm.bc ~-sym-args @ 1 1@

—-sym-args @ 2 2 ——sym-files 1 8 ——sym-stdin 8 --sym-stdout

Figure 1: The parameter setting of KLEE used in [49]

and constraint solving [6, 14, 23, 34, 36, 38, 39, 45, 48, 52, 54, 66].
Equipped with these techniques, symbolic execution tools such as
KLEE [11] have become publicly available and widely used in both
academia and industry [12, 13].

Despite the progress, however, maximizing the performance of
modern symbalic execution tools is notoriously difficult in practice.
One main reason is that state-of-the-art symbolic executors have
a number of important external parameters that critically affect
their effectiveness. For example, Figure 1 shows a typical command
for running KLEE, which was tailored to GNU Coreutils by the
original authors of KLEE [11, 49]. These parameters, for example,
are to select which search strategy to use, to decide the symbolic
arguments, and to choose the memory budget. It is well-known that
these parameters have a huge impact on the runtime performance
of symbolic execution and therefore must be carefully tuned for

Minjong Kim, SKKU SAL
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Difficulty of Parameter Tuning

ePrior Works
2) SymTuner (ICSE'22)

~—— lest-cases —

Q B Y =238

User Symbolic Executor
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Difficulty of Parameter Tuning

ePrior Works
2) SymTuner (ICSE'22)

~—— lest-cases —
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Difficulty of Parameter Tuning

ePrior Works
2) SymTuner (ICSE'22)

~—— lest-cases —

>
O Y A R

User : — ! A
: —0- Symbolic Executor @ == | “-simplify-sym-indices”: [‘true”, “false’] !
-0— N i “-use-forked-solver”: [“true”, “false”] i
: —O- A~ _D.D.[ll_ : |
: parameter set (e Y results ! !
: | “_max-memory”: [500, 1500, 2500] ]
: — ) — : :
. ~ i “-batch-instructions”: [6000, 10000, 14000] i
: SymTuner i i
: A ! !
R : 1 "-switch-type™ ["simple”, "internal’] ]

Parameter Space | “_external-calls”: [‘concrete”, “all’] ,.:
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Limitations of State-of-the-art Technique

e\Which parameters should be selected for defining the search space?
- KLEE has 148 parameters,

- while SymTuner defines the search space for 20 of them.

“-simplify-sym-indices”: [‘true”, “false”]

“-use-forked-solver”: [“true”, “false”]

“-max-memory”: [500, 1000, 1500, 2000, 2500]

. _ . > 20 Parameters
-batch-instructions”: [6000, 8000, 10000, 12000, 14000]

“-switch-type”: [“simple”, “internal”]

™ B B B
N ———————————————— - - -

“-external-calls”: [‘concrete”, “all’]

-----------------------------------------------------------

Minjong Kim, SKKU SAL Enhancing Symbolic Execution with Self-Configuring Parameters 2026.10. 16 19/52



Limitations of State-of-the-art Technique

e\What values should be defined as the search space for each parameter?

- Integer/float parameter space is unbounded,

- while SymTuner defines five uniformly spaced values for each parameter.

“-simplify-sym-indices”: [‘true”, “false”]

“-use-forked-solver”: [“true”, “false”]

“max-memory”: [500, 1000, 1500, 2000, 2500]
“-batch-instructions”: [6000, 8000, 10000, 12000, 14000]
N—
5 Values

“-switch-type”: [“simple”, “internal”]

™ B B B
N ———————————————— - - -

“-external-calls”: [‘concrete”, “all’]

-----------------------------------------------------------
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ParaSuit

eFully automate the tuning process (parameter selection + value sampling)

elteratively define program-aware parameter values.

— test-cases —

/O\ o . \\ ;%%%

User @ = Symbolic Executor O
—O-
results parameter set
-\
ParaSuit
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Overview

eFully automate the tuning process (parameter selection + value sampling)

elteratively define program-aware parameter values.

R program

User

- ParaSuit
4 ™
parameters | Parameter selection
» Extraction o [P ———
data Score [-* Select
\ '
.
selected
parameters
4 ™

Value sampling

results

test-cases

>

Symbolic Executor

Explore Exploit

i\

parameter set
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Extraction Stage

eExtract initial information required for parameter selection and value sampling

ParaSuit (50‘20::)
( N
i ) alall
program parameters | Parameter selection osults
» Extraction I
data Score [-*| Select
User \ )
) test-cases
) selected .
parameters
( A

Symbolic Executor
Value sampling

Explore Exploit

i\

parameter set
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Extraction Stage

eExtract initial information required for parameter selection and value sampling

- String / Boolean : Extract possible values using help script and source code

- Integer / Float : Sample a value around the default value

(param, value, coverage)
(Popt, false, 70)
(Ppem, 1500, 60)

rogram P , DES, 40
P9 »| Extraction Psearch )>

(param, default value)
(Popt, true)
(Pmem, 1000)
(Psearch’ Random)

R
)

Symbolic Executor
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Extraction Stage

e Iry different values for each parameter and store the results as data

$ klee --optimize=true --max-memory=1000
--search=random-path ...

(default param set, 50)
(Popt, false, 70)

Yo W oo
\ (Psearcha DFS, 40)

Symbolic Executor

$ klee --optimize=false --max-memory=1000 _/

--search=random-path ...
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Iterative Process of ParaSuit

eAfter Extraction stage,

eParaSuit repeats its iterative stages until the time budget is exhausted.

R program

User

- ParaSuit
4 ™
parameters | Parameter selection
» Extraction o [P ———
data Score [-* Select
\ '
.
h selected
parameters
4 ™

Value sampling

Symbolic Executor

Explore Exploit

parameter set

test-cases

>
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Parameter Selection Stage

eProbabilistically select effective parameters using accumulated data

R program

User

- ParaSuit
4 ™
parameters | Parameter selection
» Extraction o [P —
data Score [-* Select
\ '
.
selected
parameters
4 ™

Value sampling

X

results

test-cases

>

Symbolic Executor

Explore Exploit

i\

parameter set
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Parameter Selection Stage

eProbabilistically select effective parameters using accumulated data

(param, covered branches) Parameter] Selected params

(Popt’ {blr ---:bi}) Selection J { Popta Pmem }
(Pmem’ {bli L b})
(Psearcha {blr LI bk})

>
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Parameter Selection Stage

e Compute the score of each parameter using the score function.

Minjong Kim, SKKU SAL

(param, covered branches) Parameter] Selected params
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I
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Parameter Selection Stage

e Compute the score of each parameter using the score function.

(param, covered branches) Parameter] Selected params

Selection J\

/
\
I
(Popta {bl:- rbi}) [ ‘I (Popta 0-7)
(Pmem’ {blr- rb]}) | ( ~ I (Pmema 0-6)
(Psearcha {bl; .- ;bk}) \ U VX--- I/ (Psearch’ 04)
\ na :
AW I | m— [+ ,'
ool CIf-
=11
Score Func.
\_ J
[How unique are the covered branches?
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Parameter Selection Stage

e Compute the score of each parameter using the score function.

(param, covered branches) Parameter] Selected params

>

Selection J\
/ \
I
(Popta {bl:- rbi}) [ ‘I (Popta 0-7)
(Pmem’ {blr- rb]}) | (Pmema 0-6)
4 N
(Psearcha {bl; .- ;bk}) \ U VX--- I/ (Psearch’ 04)
\ na :
AW | - [+ ,'
ool CIf-
=11
Score Func.
. J
[How unique are the covered branches?

How many branches are covered? J

Minjong Kim, SKKU SAL

Enhancing Symbolic Execution with Self-Configuring Parameters

2026. 10. 16

31/562



Parameter Selection Stage

eSelect parameters probabilistically based on their scores

Minjong Kim, SKKU SAL

(param, covered branches)

Parameter ] Selected params

Selection J\

/ \
I
(Popta {bli ---rbi}) [ ‘I (Popta 0-7)
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Parameter Selection Stage

o Give 0% selection probability to parameters with scores lower than the default set

Minjong Kim, SKKU SAL

(param, covered branches)

Parameter ] Selected params

Selection J\ g
! \
(Popts {by, - bi}) | | (Popt, 0.7) (70%, 30%)
(Pmem’ {blr ---rbj}) | s ~\ 'I (Pmema 0.6) (60%, 40%)
(Psearcha {b1: ---rbk}) \ U Vx--- ] (’%PTQ_‘H (O%! 100%)
\ v]
(default, {by, ..., br}) il [ BE L’ (default, 0.5) © ®
888] — l ~—~ Probs. —
Score Func. Threshold
- y,
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Value Sampling Stage

eSample the most appropriate values for the selected parameters

R program

User

Minjong Kim, SKKU SAL

results

Symbolic Executor

- ParaSuit
4 ™)
parameters | Parameter selection
» Extraction o [P ———
data Score [-* Select
" J
.
selected
parameters
4 R
Value sampling
Explore Exploit
S ~

i\

parameter set
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Value Sampling Stage

eSample the most appropriate values for the selected parameters

e Utilizes two policies: Explore / Exploit

- Explore : Try diverse values for each parameter

- Exploit : Sample a new value that is either the most effective one or close to it

’ Value Sampling \

Selected params, data Explore New parameter set X
{ Popt’ Pmem } Exploit { (Popt1 false)’ (Pmems 06)}
(Popt, true, {by, ..., b;})

(Popt, false, {by, ..., b;}) - J
(Ppem, 1000, {by, ..., b;})
(Ppem, 1500, {by, ..., b;})

Minjong Kim, SKKU SAL Enhancing Symbolic Execution with Self-Configuring Parameters 2026.10. 16 35/52



Value Sampling Stage

eEXxplore: Try diverse values for each parameter

- Perform greedy sampling based on the default value

Default Value

Candidate Space 1: 0.5xv; <x < v; Candidate Space 2 : v; <x < 1.5Xv;

Minjong Kim, SKKU SAL Enhancing Symbolic Execution with Self-Configuring Parameters 2026.10. 16 36/52



Value Sampling Stage

eEXxplore: Try diverse values for each parameter

- Perform greedy sampling based on the default value

Default Value
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Value Sampling Stage

eEXxplore: Try diverse values for each parameter

- Perform greedy sampling based on the default value

Default Value

Candidate Space 1 Candidate Space 2

Minjong Kim, SKKU SAL Enhancing Symbolic Execution with Self-Configuring Parameters 2026.10. 16 38/52



Value Sampling Stage

eEXxploit: Sample a new value that is either the most effective one or close to it

- Perform value sampling using clustering

0

Values in dataset

mean-shift clustering

0

After Clustering
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Value Sampling Stage

eEXxploit: Sample a new value that is either the most effective one or close to it

- Perform value sampling using clustering

Score : 0.15

Score : 0.3

Score: 04

4

Score Func. :
N y Score : 0.1

Score : 0.05
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Value Sampling Stage

eEXxploit: Sample a new value that is either the most effective one or close to it

- Perform value sampling using clustering

Score : 0.15 15%
Score : 0.3 30%
> Score: 0.4 @ 40% ?reolﬁgtti)my
kScore Func.)\ Score : 0.1 10%
Score : 0.05 5%
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Value Sampling Stage

eEXxploit: Sample a new value that is either the most effective one or close to it

- Perform value sampling using clustering

- Sample function: Sample a new value close to the most effective value within the cluster.

4 )
(e \ (e~~~ — )
DO | : I DO®
Sample Func. J}
\_ .
Sampled!
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Iterative Process of ParaSuit

e\When the time budget is exhausted,

eParaSuit outputs all test-cases generated across the three stages

R program

User

- ParaSuit
4 ™
parameters | Parameter selection
» Extraction o [P ———
data Score [-* Select
\ '
.
h selected
parameters
4 ™

Value sampling

Symbolic Executor

Explore Exploit

parameter set

test-cases

>
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Experimental Settings

eBaselines

- SymTuner: Semi-automatic parameter tuning technique (ICSE’22)
- KLEEg,: Use the parameter set provided by the KLEE developers without tuning
- RandSuit: Randomly select parameters and sample their values using only the explore policy

- SymTuner,p: Define the search space for all parameters in KLEE and run SymTuner.

eBenchmarks : 12 GNU open-source C programs
eOperating system : Ubuntu-18.04
e Symbolic execution tool : KLEE-2.1
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Experimental Results

oA significant increase in branch coverage

- ParaSuit > SymTuner (+25.8%) - ParaSuit > RandSuit (+46.8%)
- ParaSuit > KLEEg, (+97.4%) - ParaSuit > Symtunerpp (+95.6%)
Programs | ParaSuit | SymTuner | KLEE;;; | RandSuit | Symtuneryyp
xorriso-1.5.2 | 6,109.4 2,956.8 2,014.8 2,272.8 2,117.6
gcal-4.1 4,766.0 3,907.0 2,003.2 3,234.6 1,825.0
grep-3.4 3,613.8 3,280.2 2,208.4 3,344.2 2,017.8
gawk-5.1.0 | 4,393.2 3,747.0 2,841.6 2,893.0 3,261.8
sed-4.8 2,462.6 2,357.8 1,097.0 1,840.8 1,267.6
nano-4.9 1,909.6 1,721.0 1,457.0 1,662.2 1,289.0
total 31,878.8 | 253404 | 16,149.4 | 21,714.2 16,296.0
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Experimental Results

eFound 11 bugs across three benchmarks

- Detected all bugs found by the baselines,

- and additionally identified four bugs missed by all baselines.

Programs Error-Types Error Location ParaSuit Symtuner  KLEEg;, RandSuit Symtuneryp
Segmentation Fault Line 740 in /src/file-io.c v v v v v
Segmentation Fault Line 72 in /libc/string/strncasecmp.c v v v
Segmentation Fault Line 19 in libc/stdio/fputc.c v
gcal-4.1 Segmentation Fault Line 14 in /libc/stdio/fileno.c v
Segmentation Fault Line 3956 in /src/gcal.c v v v
Segmentation Fault Line 4934 in /src/gcal.c v
Abmornal Termination Line 29 in /libc/string/ memcpy.c v v v v v
gawk-5.1.0 Abmornal Termination Line 1337 in main.c v v v
Segmentation Fault Line 385 in /src/field.c v v v v v
combine-0.4.0 Segmentation Fault Line 18 in /libc/string/strlen.c v
Abmornal Termination Line 668 in /src/dstring.c v v
# Found Bugs 11 7 5 4 3
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Comparing with Other Tuning Methods

e Our value sampling algorithm outperforms other parameter tuning methods

- Baselines: Bayesian Optimization(Bayesian), Genetic Algorithm(Genetic), TPE, CMA-ES

- ParaSuit > Bayesian (+14.1% / +4 bugs)
- ParaSuit > TPE (+10.8% / +5 bugs)

- ParaSuit > Genetic (+15.3% / +5 bugs)
- ParaSuit > CMA-ES (+12.5% / +3 bugs)

ParaSuit Bayesian Genetic TPE CMA-ES
Programs
Coverage Bugs | Coverage Bugs | Coverage Bugs | Coverage Bugs | Coverage Bugs
xorriso-1.5.2 | 6,109.4 4,417.2 4,383.0 5,568.8 5,361.0
gcal-4.1 4,766.0 7 4,617.0 5 4,551.6 5 4,650.6 5 4,411.6 5
grep-3.4 3,613.8 3,559.2 3,348.8 3,474.2 3,455.4
gawk-5.1.0 4,393.2 1 4,116.0 1 3,902.4 3,929.6 3,801.2 1
sed-4.8 2,462.6 2,184.4 2,408.0 2,132.2 2,135.7
nano-4.9 1,909.6 1,889.8 1,945.3 1,873.8 1,917.0
total 31,8788 11 | 25,340.4 7 16,149.4 6 21,714.2 6 16,296.0 8
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Visualizing Parameter-tuning Results

A Symetra Target Program gca Trials 2,200 Branches 15,799 Parameters # Continuous P Binary 3¢ s Nominal & JColor Legend for Coverage Value i 2430 || &
J g 8 Y g 8
Parameter View (15 / 61 Visible) Coverage View Coloredby None v  Contour by CVRG Show cont Trial View (2,200 Trials) Code View (' S=dfs(180) vs S=bfs (184) 1)
Base Branch Coverage Value 8044 .
o vCVRG #Mi #SA #ST #M: #S5 #Ml QUL File Path Branch# S=dfs «Difference S=bfs
Name ~Effect  Distribution
778 1993 350 37 3530 771 1174 T 5,07. > hd-astro.c 91 97 % 29.7%p
@ # MF* 398 v 938 10, 133 1,663 14 23 383 T 57¢ > tty.c 86 71% 21 %
u”n 7,567 4,876 21 75 4179 6,681 T 45( v hd-use 288 132%p
® ¥SA 3.18 v 90 37, 138 2979 4 28 288 T 1,42 i Line: 882 1 128%p )
892 14, 55 1,663 27 8 245 T 56 | Line: 903 1 128%p |
o #5T 2.95 4 93 341 12 3 3863 33 685 T 1 | Line: 954 1
27 3,056 4 12 1, 5 1,507 T 1 1
@ & MSF* 2.53 v
156 458 42 5 430 95 668 T 2 Line: 1070 1
® #5S 250 > ~ rxl 1,503 165 24 4738 576 2,036 T 10, Line: 1074 1
i 62 8,138 12 5 8905 22 3,188 T 1 Line: 1084 1
# MD 1.61 v 133 320 3 1 495 S8 388 T )y 1
7] ,}? 1131 25, 32 72 426 10 27, T v hd-usec v (2,294 lines) Line: 903 v
» uis 1.36 > G 284 1,143 35 30 122 403 13 T
= = SeamS oo 1102 33, 15 2 71 5319 72 T 15, j result_txt, len i, TRUE
I ount « Effect lals Vi " € %
ui T y rs o 26 4,530 6 8 13, 8 2728 T % \s,cf:;mat (s;llform:( (\:,txgn( .:;
t 1114 82 1319 4126 963 13.. 15.. 935 165 T 50; HBITTAR, 8-ETOIMAR, TORIE, TN
L : ! » alla._ a ; len j
@ 1167 9,701 5015 25 75 5412 10, T 46 -
5 if (is_suffix
fa 1,086 87.0 . 1368 22, 4679 306 141 a4 160 T 1,861
924 58, 55 1,096 64 16 246 T 1,26 K += fwidth
® & MST 1.00 v = 1118 57... 32 15 64 5827 41,. T 5917 if G K
957 195 185 300 6,402 27 726 T 38.
@ 9 ucp 0.95 ¥ 1109 37, 17 12 45 4197 29 T 8 if (3 <k
’ P q 801 483 208 131 33853 531 1,339 T 289 |
® VSR 82 v 2 5 | Ny 3 g
@ # AVSR 0.82 ) e ~RZ._1297 1,555 422 956 9,017 11, 232 T s | 10 if ((Vint) len + k - j max1en_max
| t maxlen_max 1, F,
® # MSAS* 078 v ‘ FILE
gr f trials (1277 2,2 elected B + Create trial group e checkboxes to select a group of trials (6 / 2,200 Selected + Create trial group ng LINE
®@ oW 0.72 v | 314 for (1 - 0; 1 b
i i ffore 1 i Effe nall * o X 3% g & *result_txt « len - 1 + k - j
& cDze 036 = Trial Group View © Comparison View ) . Ve b et < &
# " siffer ymete ) mil ) Effect e 3 for (1 - 0, ¥ <k - 3; i+
o SDC* 0.35 ~ Name ¥ Size p<oos S=dfs (180) S=bfs(184) v *result_txt + len - j + 1
s, . 3 5 p - len 4= (k - j
sDC Count « Effect Trials by CVRG Group Size Mean Accum. |4, "o aximum Coverage Value o
| | Mean Coverage Value 756.2 8409 else if (is_fformat
n 7 1.7 | All ,200 | 8137
bin® 730 7 e N 2 3 | Minimum Coverage Value Aen 3:=K
o |
L |0 sotomiow 220 71 e eeone B F Cdoy
dec 7. - | e
L e ‘; Good1 97 ! ® NSCoverage Pattern | [ e B
» CCE 0.30 v | i vattern (ow =" |
| Good2 309 | Coverage Pattern (overlaid) -
| y m m} . = — — L —— - T e ptr_char
v | S=random 203 191372 | B * len int ptr_char
| . s | 931 if ((Uint) len >~ maxlen.max
| = v | |[@smas 2 180 7562 ! @ Ml | & ar ” ¢ alen e <1, Fl
| | S=bf . | FILE LINE
s 5 | S=bfs 184 | 8409 |
= | & SF ax *result_txt, ptr_char
| | S
@ Show parameters with effect under 0.3 S=dfs | / Select trials of this group in Trial View | | B Delete this group # MF *
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Visualizing Parameter-tuning Results

A ;Symetra Target Program gca
Parameter View (15 / 61 Visible) 3
Base Branch Coverage Value 8044 :
Name ~Effect  Distribution
@ ¥ MF* 3.98 v
® #SA 3.18 V
@ # ST 295 7
® & MSF* 2.53 v
® 2SS 2.50 v
# MD 1.61 v
» UIS 1.36 b "
uis Count « Effect Trials by CVRG&
true 1114 82 — ala._
086 87.0 - B -
© # MST 1.00 v
@ 9P UCpP 0.95 v
@ # AVSR 0.82 v
@ # MSAS* 0.78 o
@ ow 0.72 v
036 v
-0.35 ~
sSDC Count  Effect Trials by CVRG
bin® 730 5 JE e
hex* 750 L I e
el 720 39 | -
» CCE 0.30 v
= v

rials 2 Branches 15,799 Parameters # Continuous O Binary 3¢ #s Nominal & olor Legend for Coverage Value 1
Coverage View Coloredby None v  Contour by CVRG Show cont Trial View (2,200 Trials) Code View (' S=dfs(180) vs Swbfs (184) v )
o vCVRG #Mi #SA #ST #M: #S5 #Ml QUL File Path Branch# S=dfs «Difference S=bfs
778 1993 350 37 353 771 1174 T 507 > hd-astro.c 91 97 % 237 % 67 %
938 10 133 1,663 14 23 383 7 57¢ > ttyc 86 719 21% 49%
1”7 7567 4,876 21 75 4179 6681 T 4s( | v hd-usec 288 132%p 80 %
901 37, 138 2979 4 28 288 T 142 Line: 88 1 128%0 ) 223%
892 14, 55 1,663 27 8 245 T 56 Line: 903 1 128%0 | 223%
93 341 12 3 3,863 33 685 T 1 Line: 954 1 223%
27 3,056 4 12 1 5 1507 T 1 1 223%
156 458 42 5 430 95 668 T 2% 1 22.3%
= m 1,503 165 24 4738 576 2036 T 10, 1 22.3%
- 62 8,138 12 5 8905 22 3188 T 1 1 128%) 223%
133 320 3 1 495 s8 388 T 3 12850
ey 1131 25, 32 72 426.. 10 27 T cv > hdusecv (2294 lines) Line: 903 v
& 284 1,143 35 30 122 403 13 T
oy 1102 33, 15 2 71 5319 72 T 15, : j result_txt, len VTR
$ b 26 4530 8 13. 8 2728 T 3 o “"’;’;’“‘“ ‘5;‘(":"":" S,
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924 58, 1,09 64, 16 246 T 1,26 K += fwidth
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1109 37, 12 45 4197 29, T 811¢ if (3 <k
- g so1 483 131 3853 531 1339 T 289 0 ) )
® o SRS 0297 1,555 956 9,017 11.. 232 T  SL MECULntIGTeni 1 - 1> ~imaxlen-max
t maxlen_max 1, F,
FILE
)14 for (1 - 0; 1 b R S
Trial Group View © oiffer Comparison View Effe f parameter difference: small * *= % 33 *result_txt + len - 1 + k - J
*(*result_txt + len 1
s e iy ; Eagt il Name <Eilect p<oos S=dfs (180) S=bfs (184) v b TSZSU:L:Q 5 lc: ; “”
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Group Size Mean Accum. |4, ) "% ximum Coverage Vajue o
. | - Mean Coverage Value 7562 8409 else if (is_fformat
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Bottom 10 220 ‘ @ @ rged Cov Value 307 | )7 if (doy
| e T— - . -
Good1 ! verage Pattern l l V27 iFa
Good2 309 l | Coverage Pattern (overlaid) = . I v
| —_— = ———— ptr_char
S=srandom 203 B . len int ptr_char
sl 931 if ((Uint) len maxlen_max
® S=dfs ’@180 * # AVR o max1en_max 1, F,
| O s=bfs 184 FILE LINE
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Visualizing Parameter-tuning Results

R
/Symetra Target Program gca Trials 2 Branches 15,799 Parameters # Continuous O Binary 3¢ #s Nominal & olor Legend for Coverage Value 1
Parameter View (15 / 61 Visible) Coverage View Coloredby None v  Contour by CVRG Show ¢ Trial View (2,200 Trials) Code View (' 5=dfs(180) vs Swbfs (184) v )
Base Branch Coverage Value 8044 . =
o vCVRG #Mi #SA #ST #M: #S5 #Ml QUL File Path Branch# S=dfs «Difference S=bfs
Name ~ Effect  Distribution . h
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27 3,056 4 12 1, 5 1,507 T 1 95 1 223%
(O] & MSFe 2.53 v
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2 i if (is_suffix
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924 58, 1,09 64, 16 246 T 1,26 K fwidth
® ¥ MST 1.00 v S 115 57 15 64 5827 41,. T 5910 if 3 K
957 195 300 6,402 27 726 T 38.
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t maxlen_max 1, F,
® # MSAS* 078 v FILE
X ) ) g1 § + Create trial group € ] Bl + Create trial group ng LINE
®@ oW 0.72 v 314 for (1 - 0; 1 b
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*(*resu X + en 1
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Visualizing Parameter-tuning Results

R
/Symetra Target Program gca Trials 2 Branches 15,799 Parameters 61 # Continuous 20 O Binary 3¢ #e Nominal &

olor Legend for Coverage Value 1 D o | (o

Parameter View (15 / 61 Visible) Coverage View Coloredby None v  Contour by CVRG Show cont Trial View (2,200 Trials)
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SreRranc I Yo 10 vCVRG #MI #SA #ST #M: #55 zMml File Path Branch# S=dfs «Difference S=bfs
Name ~ Effect  Distribution . h
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Conclusion

/ Symetra (EuroVis’26) \

Artifact Artifact
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