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ABSTRACT1

Maintaining consistency between related models is achieved through Consistency Preservation Rules (CPRs) that propagate
changes from a source model to a target model. However, in many cases, additional input from the maintainer of a target
model, based on their domain knowledge, is required to integrate changes into target models. Therefore, the change cannot
be propagated automatically and introduces temporary inconsistency. To manage the temporary inconsistency, we propose
CoCoPath, a concolic execution framework for systematically exploring execution paths in consistency-preserving model
transformations. We combine dynamic taint tracking, concolic execution, and model transformation frameworks to derive
potential target models based on the source model, the consistency preservation rules, and optional domain constraints to
further restrict the search space. By comparing these alternative target models, users can explore the consequences of different
additional inputs and resolve temporary inconsistency in an informed manner. We validate our contribution by applying our
approach to an industry case study, showcasing its capabilities for one and multiple awaited user inputs.
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1. Introduction2

When a system’s architectural model declares “Task A has pri-3

ority five”, but the implementation code shows “Task A has4

priority three”, we say these two models are inconsistent. In5

Model-Driven Engineering (MDE), consistency refers to the6

state in which two or more overlapping elements in different7

models of the same system have a satisfactory joint descrip-8

tion (Lucas et al. 2009; Zhang et al. 2025). Maintaining such9

cross-model consistency is a fundamental challenge in view-10

based system development (Bruneliere et al. 2019; Cicchetti et11

al. 2019).12

One approach to consistency problems is to use a Single13

Underlying Model (SUM)—a complete system description that14
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contains all information about the system with no redundancy 15

and no implicit dependencies (Atkinson et al. 2008). In such 16

a SUM, all views are generated dynamically through projec- 17

tion, thus naturally guaranteeing consistency. However, defining 18

such a SUM for complex systems faces two fundamental diffi- 19

culties: first, defining a redundancy-free monolithic metamodel 20

is itself extremely challenging (Meier et al. 2019); second, this 21

approach cannot reuse existing domain-specific metamodels and 22

tool chains (Klare et al. 2021). To address this, the VITRUVIUS 23

approach proposes the concept of Virtual Single Underlying 24

Model (VSUM) (Klare et al. 2021). VSUMs adopt a modu- 25

lar structure, composed of multiple existing metamodels that 26

may contain redundancies, coupled through explicitly defined 27

Consistency Preservation Rules (CPR). While internally main- 28

taining consistency through CPRs, VSUMs externally behave 29

as contradiction-free system descriptions. However, in practice, 30

many CPRs cannot be executed fully automatically —they re- 31

quire input or decisions from the maintainer of a target model 32

based on their domain knowledge. Without the required user 33

input, temporary inconsistency is introduced, posing a ques- 34
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tion for developers: how to make informed decisions without1

knowing the consequences of alternative consistency-preserving2

paths?3

Consider an example from automotive software development,4

in which engineers work with AMALTHEA models1 for mod-5

eling multicore software and with Advanced Simulation and6

Control Engineering Tool (ASCET) (Lefarth et al. 1998; AS-7

CET Repository 2024) for modeling embedded control systems.8

When an engineer adds a new task to an AMALTHEA architec-9

ture model, the corresponding CPR needs to create a task imple-10

mentation in the ASCET model (Mazkatli et al. 2017). However,11

the abstract Task type in AMALTHEA must be mapped to one12

of four concrete task subtypes in ASCET, which requires the13

engineer to make a decision based on domain knowledge that14

cannot be inferred automatically. This decision is therefore15

modeled as a parameter of the corresponding CPR. In this situ-16

ation, the question arises: what are the possible paths formed17

by different user , and how can engineers reason about them18

systematically? While we use AMALTHEA and ASCET as an19

example and case study, the problem of user-driven branching20

during consistency preservation arises in many multi-model21

engineering scenarios where mappings are underspecified or22

context-dependent.23

To address these challenges, we propose CoCoPath, which,24

to the best of our knowledge, is the first concolic execution25

framework for systematically exploring execution paths in26

consistency-preserving model transformations. The contribu-27

tion of this paper is a novel combination of dynamic taint track-28

ing, concolic execution, and model transformation frameworks29

that enables systematic exploration of the decision space. Specif-30

ically, CoCoPath treats awaited user inputs as symbolic vari-31

ables and marks them with symbolic tags before execution,32

while automatically propagating symbolic information as the33

transformation logic executes. Path constraints are collected at34

control flow decision points, then negated and solved using an35

SMT solver (De Moura & Bjørner 2008) to systematically ex-36

plore different decision branches. CoCoPath employs a hybrid37

constraint collection framework that combines two complemen-38

tary mechanisms for constructing path constraints, optionally39

refined by domain constraints. For each explored path, CoCo-40

Path generates the corresponding target model, symbolic input41

combinations, and path constraint sets. To provide a precise42

foundation for this exploration, we further extend the formal-43

ization of CPR to integrate user inputs, which have not been44

covered in the formalizations we build upon and serve as the45

conceptual basis for CoCoPath. We implement a CoCoPath pro-46

totype within the VITRUVIUS framework, using Galette (Hough47

& Bell 2025) for dynamic taint tracking and GreenSolver (Visser48

et al. 2012) as the constraint solver, and validated the approach’s49

effectiveness through two case studies. By automatically ex-50

ploring all feasible paths, our method generates concrete result51

models for each option, allowing engineers to directly compare52

the model states resulting from different choices. By quantita-53

tively analyzing the model changes caused by each option (such54

as the number of added, deleted, and modified elements), engi-55

neers can identify high-impact decision points and low-impact56

1 https://eclipse.dev/app4mc/help/latest/index.html#section3

choices. Furthermore, complete path exploration can reveal the 57

feasibility of different decision combinations, helping engineers 58

understand the structure of the decision space. This enables 59

engineers to reason about decision consequences before com- 60

mitting to a repair, rather than reacting to unintended model 61

changes after the fact. 62

To systematically evaluate our approach, we address the fol- 63

lowing research questions (RQs): 64

RQ1: Can CoCoPath systematically explore all feasible exe- 65

cution paths induced by user decisions, and to what extent 66

are the resulting outcomes analyzable? Existing consistency 67

preservation approaches do not provide systematic support for 68

exploring all feasible execution paths induced by user inputs, 69

leaving engineers without a comprehensive overview of possible 70

transformation outcomes. 71

RQ2: What is the runtime performance and scalability of 72

multi-variable path exploration? Since concolic execution 73

introduces additional runtime overhead through symbolic prop- 74

agation and constraint solving, we assess whether the approach 75

scales to multi-variable decision spaces. 76

RQ3: How does CoCoPath compare to existing symbolic exe- 77

cution tools with respect to their applicability to consistency- 78

preserving model transformations in VITRUVIUS frame- 79

works? Existing symbolic execution tools such as Java 80

PathFinder, CATG, and JDart are designed for general-purpose 81

Java programs and have not been evaluated for their compatibil- 82

ity within MDE frameworks such as VITRUVIUS. 83

RQ4: What is the memory overhead of CoCoPath? Dynamic 84

taint tracking requires maintaining shadow state alongside con- 85

crete values, and constraint solving introduces additional data 86

structures. The resulting memory overhead in the context of 87

model transformations has not been previously quantified. 88

The remainder of this paper is structured as follows: Sec- 89

tion 2 provides background. Section 3 discusses related work. 90

Section 4 presents the CoCoPath approach. Section 5 describes 91

the prototypical implementation. Section 6 evaluates CoCoPath 92

through the AMALTHEA-ASCET case study and through a 93

BrakeSystem-ControlSystem case study and discusses threats to 94

validity. Section 7 discusses findings and limitations. Section 8 95

concludes the paper. 96

2. Background 97

We introduce the background concepts underlying CoCoPath: 98

CPR formalization, dynamic taint tracking, and concolic execu- 99

tion. 100

2.1. Formalization of CPRs 101

In the following, we base our formalization on Pascual et al. 102

(2024) as their approach is more lightweight and sufficient for 103

our purpose. For a formalization that provides a more in-depth 104

approach to consistency, we refer to Klare et al. (2021). 105

VSUM A metamodel M defines which syntactical constructs 106

are well-formed models. Analogous to a formal grammar G 107

producing a formal language L(G) of words, M produces a set 108

L(M) of models. For the sake of readability, we identify L(M) 109

with M in the following. The set of models within a VSUM 110
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metamodel is structured as a Cartesian product M = M1 ×1

. . . × Mn, accompanied by a relation CR ⊆ M determining2

which tuples of models within M are considered consistent.3

An instance of a VSUM is defined as m where m ∈ M and4

m = (m1, . . . , mn), {mi ∈ Mi | 1 < i < n}. For simplicity,5

we consider a VSUM metamodel M = M1 × M2, consisting6

of two individual metamodels M1 and M2. The extension to an7

arbitrary number of metamodels is straightforward.8

CPR A CPR c reacting to changes in M1 and M2 is a function9

c : M1 × M1 × M2 → M2. Given a transition from m1 to10

m′
1 in M1 and a model m2 ∈ M2, the output is the updated11

model m′
2 ∈ M2, i.e., c(m1, m′

1, m2) = m′
2. This function thus12

proposes a transition from m2 to m′
2 to reestablish consistency.13

A CPR c is called correct wrt. CR if (m1, m2) ∈ CR implies14

(m′
1, c(m1, m′

1, m2)) ∈ CR for all m1, m′
1 ∈ M1 and m2 ∈15

M2. We call the temporarily inconsistent VSUM msource =16

(m′
1, m2) the source VSUM, while the VSUM with restored17

consistency mtarget = (m′
1, m′

2) is called the target VSUM.18

Path In this context, an (execution-)path is an instance of an19

applied correct CPR per input combination, i.e., with the CPR20

definition there is exactly one execution path per input combi-21

nation. With the integration of user input, an input combination22

may have multiple paths. From a more technical standpoint, an23

(execution-)path is a concrete control flow path through a trans-24

formation execution, determined by the outcomes of conditional25

statements that depend on user input. Additionally, path con-26

straints can be used to impose further restrictions on behavior27

of a CPR on branching points. We call each conditional control-28

flow construct whose outcome depends on a CPR parameter a29

decision point. An execution path is then determined by the30

sequence of outcomes at all decision points encountered during31

a CPR execution.32

2.2. Symbolic Execution and Concolic Execution33

To systematically collect all possible paths, we employ concolic34

execution, which is also called dynamic symbolic execution.35

Concolic execution is the combination of symbolic and con-36

colic execution, which been developed to create test inputs to37

achieve branch coverage in code (Godefroid et al. 2005): With38

the help of concrete inputs, symbolic constraints are derived;39

while symbolic constraints are used to reduce the search space.40

This helps mitigate limitations imposed by (SMT) solvers to be41

able to explore the entire search space automatically. Recent42

approaches that are developed for fuzzing, i.e., creating test43

inputs to increase code coverage, include JDart (Luckow et al.44

2016) and CONFETTI (Kukucka et al. 2022). However, these45

approaches only support Java 8. We have repurposed a part46

of CONFETTI, namely Knarr, for our approach and integrated47

parts of it into Galette, which supports modern Java.48

2.3. Dynamic Taint Tracking49

Taint tracking originates from the security domain, where po-50

tentially malicious inputs are “tainted”, i.e., tagged, to track51

where they are used, and whether any critical function might52

be affected. Dynamic taint tracking denotes that tags are prop-53

agated during program execution. It is also applicable for the54

general purpose of tracking flows through a program. For our 55

prototype, we use the Reactions language of VITRUVIUS, which 56

is compiled into Java bytecode; therefore, we use taint tracking 57

for the Java Virtual Machine (JVM). There are multiple taint 58

trackers available, e.g., Phosphor (Bell & Kaiser 2014), Mirror- 59

Taint (Ouyang et al. 2023), or Galette (Hough & Bell 2025). We 60

use Galette because it is the most compatible with modern JVM 61

versions, which are used in VITRUVIUS. 62

3. Related Work 63

Consistency Preservation Tools Several tools have been 64

developed to manage consistency between models, e.g., De- 65

signSpace (Demuth, Riedl-Ehrenleitner, et al. 2015), Open- 66

Flexo (Golra et al. 2016), MetaEdit+ (Kelly et al. 1996; Kelly & 67

Tolvanen 2021), Comprehensive Systems (Stünkel et al. 2021), 68

or openCAESAR (Elaasar et al. 2023). While they share com- 69

mon goals with VITRUVIUS in general and also with CoCoPath 70

and its goal of developer guidance, they differ in the way they 71

treat user input and in parts the explicit definition of consis- 72

tency rules. CoCoPath exploits both for concolic exploration of 73

consistency-preserving paths under user-driven changes, provid- 74

ing guidance to developers in their task to preserve consistency 75

in a multi-model environment. 76

Model Transformation Approaches For the broader field of 77

model transformations, several approaches deal with related 78

questions. Eramo et al. (2015) generate multiple consistent 79

models from an underspecified relational transformation in JTL 80

and represent them compactly using uncertainty models. In 81

contrast, CoCoPath analyzes the execution paths of procedural 82

consistency-preserving repair programs with symbolic inputs 83

to systematically explore possible repair outcomes. Egyed et al. 84

(2011) highlight the central role of human guidance in model 85

transformation, arguing that change propagation across hetero- 86

geneous models often cannot be fully automated due to missing 87

or ambiguous information in their vision of a smart transforma- 88

tion assitant. Kretschmer et al. (2021) systematically explore 89

sequences of repairs to models that have been changed by devel- 90

opers, similarly to CoCoPath. In contrast to their approach, we 91

exploit the, in our approach defined and used, consistency rules 92

for computing such sequences. Constraint-driven Modeling 93

(CDM) (Demuth, Lopez-Herrejon, & Egyed 2015) expresses 94

the implications of changes to one model through constraints 95

on another model. Laghouaouta & Laforcade (2020) investigate 96

uncertainty within model transformations by introducing partial 97

patterns, which allow a transformation rule to encode multi- 98

ple possible matching and production scenarios. Famelis et al. 99

(2013) employ May Models to explicitly model uncertainty in 100

models and lift graph-rewrite transformations to operate cor- 101

rectly on those models. Outside model transformations, efficient 102

exploration has also been studied in directed controller synthe- 103

sis (Ubukata et al. 2025). 104

Symbolic Execution for Java Java Pathfinder (Păsăreanu 105

& Rungta 2010) is a symbolic execution engine for Java byte- 106

code that systematically explores program paths by combining 107

concrete and symbolic execution to detect errors and verify 108
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properties. Due to different requirements for the Java runtime,1

i.e., Java 8 for Pathfinder and 17 for VITRUVIUS, they are incom-2

patible TesMa and CATG (Tanno et al. 2015) are automated3

test generation tools designed for enterprise application models,4

leveraging concolic execution and constraint solving to system-5

atically explore execution paths and generate high-coverage6

test cases. TesMa and CATG focus on test generation for en-7

terprise application models and not consistency management8

across heterogeneous models. JDart (Luckow et al. 2016) is a9

concolic execution framework for Java, developed by CMU and10

NASA. It combines concrete and symbolic execution, uses Java11

PathFinder, and supports multiple constraint solvers, enabling12

advanced features, e.g., method summarization. As it builds13

on Java Pathfinder, it is incompatible with VITRUVIUS due to14

different requirements for the Java runtime.15

4. CoCoPath Approach16

This section presents the methodology underlying CoCoPath.17

We first give an overview of the approach in Section 4.1. We18

then formalize parameterized consistency-preserving rules and19

the notion of execution paths induced by user inputs in Sec-20

tion 4.2. We explain how user decisions are represented as sym-21

bolic inputs and how symbolic information is propagated during22

concrete execution in Section 4.4. Next, we introduce two com-23

plementary mechanisms for constructing path constraints and24

discuss their respective trade-offs in Section 4.5. Finally, we de-25

scribe the iterative concolic exploration loop that systematically26

explores all feasible execution paths in Section 4.6.27

4.1. Overview28

As established in Section 1, user inputs required during CPR29

execution may trigger different control-flow paths, leading to30

substantially different target models. Without systematic sup-31

port, engineers must reason about these consequences manually,32

without knowing which alternatives are feasible or how they33

differ in impact.34

Throughout this paper, we use the term user input to denote35

a value supplied by a human maintainer during transformation36

execution to resolve underspecified behavior in a CPR. In the37

formalization, such inputs correspond to parameters t ∈ T38

of a parameterized CPR, explained in Section 4.2. During39

execution, user inputs are represented as symbolic inputs whose40

propagation and constraints are handled by CoCoPath.41

CoCoPath enables systematic path exploration for CPRs that42

requires user inputs. Our key design principle is to separate sym-43

bolic propagation from constraint construction: (1) symbolic44

information is propagated uniformly during concrete execution,45

while (2) path constraints are constructed by dedicated mech-46

anisms at decision points. This allows CoCoPath to adapt to47

different transformation stacks: the same symbolic propaga-48

tion layer can be paired with different constraint construction49

mechanisms depending on runtime compatibility requirements.50

Figure 1 illustrates the overall concolic exploration loop51

employed by CoCoPath. Starting from an initial temporarily52

inconsistent model state, the missing user input is selected as a53

symbolic variable (step 1) with default initial values. CoCoPath54

then marks these inputs with symbolic tags (step 2) and exe- 55

cutes the CPRs concretely (step 3) while propagating symbolic 56

information (step 4). During execution, the taken control-flow 57

path is observed and path constraints are constructed (step 5). 58

After execution, our approach checks for unexplored paths (step 59

6) and negates selected constraints (step 7). If a satisfying as- 60

signment exists, the CPRs are re-executed under the new inputs 61

to explore a different path (step 8). This process is repeated 62

until no further feasible paths can be found. 63

4.2. Formalization of Parameterized CPRs 64

In the following, we extend the formalization introduced in 65

Subsection 2.1 to integrate user inputs, so that we can use it for 66

the CoCoPath approach. 67

Parameterized CPRs A CPR cp may also be parameterized, 68

in which case it incorporates an extra parameter from a param- 69

eter space T such that cp : M1 × M1 × M2 → (T → M2). 70

Consequently, the application cp(m1, m′
1, m2) of a parameter- 71

ized CPR cp to models from the respective metamodels does 72

not yield a single model m′
2 like in the unparameterized case, 73

but is a function from the parameter type T to the models in M2, 74

producing a single repaired model for each parameter selection. 75

A parameterized CPR is correct wrt. CR if (m1, m2) ∈ 76

CR implies (m′
1, c(m1, m′

1, m2)(t)) ∈ CR and m2 ∈ M2 and 77

additionally for all t ∈ T. As an example, a change in m1 may 78

trigger the introduction of a new element in m2. The name of 79

that new element may then be the CPR-parameter and T be the 80

space of admissible names. 81

The parameter space often depends on the input models, 82

which can be expressed through dependently typed functions: 83

cdp : (m1 : M1)× M1 × (m2 : M2) → T(m1, m2) → M2. 84

Here the parameter space T(m1, m2) now depends on the input 85

models m1 and m2. 86

Path Exploration With the formal setting in place, we apply 87

the formal framework to explore the path space in CoCoPath. 88

CPRs function as model transformations implemented within 89

a modeling framework. As such, they are programs in some 90

programming language with some form of control flow. While 91

the subsequent sections will focus on control structures within 92

programs in the modeling framework, we shall maintain a higher 93

level of abstraction for the moment. Whatever the means is to 94

implement a CPR, thanks to the control flow mechanics of 95

the implementation language, it can be represented as a case 96

distinction enumerating all paths, as follows: 97

cp(m1, m′
1, m2)(t) =

c(1)p (m1, m′
1, m2)(t) if φ(1)(m1, m′

1, m2, t)

c(2)p (m1, m′
1, m2)(t) if φ(2)(m1, m′

1, m2, t)
. . .

c(k)p (m1, m′
1, m2)(t) if φ(k)(m1, m′

1, m2, t)

where k denotes the number of paths through the program and 98

φ(i) (with 1 ≤ i ≤ k) is the path condition for each path through 99

the CPR implementation. The conditions φ(i) are mutually 100

exclusive if they describe different paths of a deterministic 101

4 Jiang et al.



Path Exploration 
Engine

Iterative 
Loop

1. Select 
symbolic variables

Exploration State Manager (Path Explorer)

6. Check for 
unexplored paths

7. Negate constraints and 
solve with SMT solver

Constraint Solver

5. Collect 
constraints

8. Generate new inputs 
and re-execute

Concolic Execution Runtime

4. Automatically 
propagate tags

2. Attach 
symbolic tags

Dynamic Taint Tracking

Model Transformation Framework

3. Execute model 
transformation

</
> </

>

Path Constraints Set

Generated Model

Symbolic Inputs Combinations

Figure 1 Overview of the CoCoPath approach

program. The function c(i)p represents the program’s effect for1

the i-th path through cp.2

The aim of the CoCoPath approach is the following:3

For given m1, m′
1 ∈ M1 and m2 ∈ M2, find a set4

of parameters T0 ⊆ T such that {i | 1 ≤ i ≤5

k, c(i)p (m1, m′
1, m2)(t), t ∈ T0} has maximum cardi-6

nality.7

The resulting set of repair alternatives {cp(m1, m′
1, m2)(t) |8

t ∈ T0} is then a representative set of target VSUMs sampling9

the parameter space T such that every feasible program path of10

the implementation is considered.11

The upcoming description of the concolic path exploration12

mechanism hence serves the goal to find a set of parameters that13

enumerates all feasible paths for the given CPR cp and models14

m1, m′
1, m2. Not all paths need be feasible, i.e., there may be15

unsatisfiable path conditions for the concrete input models.16

4.3. Running Example17

We now present a small running example of BrakeSystem-18

ControlSystem to exemplify our approach for the rest of this19

section. The source metamodel (BrakeSystem) and the target20

metamodel (ControlSystem) represent two engineering views.21

BrakeSystem has a set of BrakeDisc model elements with a22

diameter attribute, while ControlSystem has a correspond-23

ing set of AxleControlUnit model elements. The consistency24

relation CR specifies that each BrakeDisc has a correspond-25

ing AxleControlUnit whose controlProfile records the26

assigned drive mode, and whose absDecelThreshold repre-27

sents the target ABS deceleration limit for the axle unit and is28

computed as diameter/50 × multiplier, where the multiplier is29

determined by a user input.30

Adding a BrakeDisc triggers a CPR that reads31

pro f ileChoice ∈ [−1, 100] (denoted by pr): pr < 032

skips unit creation; 0 ≤ pr < 34 sets off-road (×0.70);33

34 ≤ pr < 67 sets comfort (×0.85); 67 ≤ pr ≤ 100 sets34

sport (×1.20). In the formal terminology of Section 4.2, cp is35

parameterized by t = pro f ileChoice ∈ T = [−1, 100], and36

the four intervals define four paths φ(1), . . . , φ(4) with effects37

c(1)p , . . . , c(4)p .38

4.4. Symbolic Inputs and Symbolic Propagation 39

CoCoPath treats awaited user inputs as symbolic variables dur- 40

ing execution. Conceptually, user inputs originate from interac- 41

tion points in the consistency-preserving process and correspond 42

to parameters t ∈ T in the formalization of parameterized CPRs. 43

For the purpose of systematic path exploration, CoCoPath rep- 44

resents these user inputs as symbolic inputs, which range over 45

an admissible finite or bounded domain and are associated with 46

concrete runtime values before execution. 47

To propagate symbolic identities through the execution, Co- 48

CoPath employs dynamic taint tracking on the JVM. In par- 49

ticular, Galette is used to attach and propagate tags alongside 50

concrete values, without altering program semantics. Impor- 51

tantly, taint tracking in CoCoPath is used only to propagate 52

symbolic identity (and derived symbolic expressions) through 53

data flow; it does not by itself prescribe how path constraints 54

are constructed. 55

In our running example (Table 1), when the CPR reads 56

profileChoice (denoted by pr), CoCoPath tags it as a sym- 57

bolic variable at initialisation (Init row) and propagates this 58

tag through all subsequent computations. When CPR takes any 59

branch based on this input, CoCoPath records the corresponding 60

inequality path constraint (PC). 61

4.5. Path Constraint Construction 62

During execution, CoCoPath records path constraints that char- 63

acterize why a specific control-flow path was taken. CoCoPath 64

supports two complementary mechanisms for constructing such 65

constraints from executions. Both mechanisms operate on the 66

same propagated symbolic information, but differ in where and 67

how decision semantics are extracted. 68

Mechanism A: Bytecode-Level Constraint Extraction (Fully Au- 69

tomatic). In environments where bytecode-level interception 70

is feasible, CoCoPath can derive constraints automatically from 71

branch predicates at the JVM bytecode level. Concretely, de- 72

cision points are identified by intercepting conditional branch 73

instructions whose operands are tainted. The corresponding 74

predicate is translated into a solver constraint and appended 75

to the current path condition. This mechanism provides full 76

automation of constraint construction and does not require CPR 77

CoCoPath: Concolic Exploration of Consistency-Preserving Paths 5



modifications.1

This mechanism requires that the bytecode instrumentation2

framework is compatible with the transformation runtime, in-3

cluding class loading and reflective execution patterns (e.g.,4

Open Services Gateway initiative (OSGi)).5

Mechanism B: CPR-Level Constraint Registration (Frame-6

work-Compatible). For complex MDE runtimes where full7

bytecode-level interception is not yet reliable, CoCoPath sup-8

ports a CPR-level mechanism that makes decision semantics9

explicit at the level of the transformation logic. Whenever a10

CPR performs a decision that depends on a symbolic value (e.g.,11

a switch or conditional), the CPR invokes a standardized helper12

that registers the executed decision together with the symbolic13

value. The helper constructs the corresponding constraint (e.g.,14

ℓ = k for enumerated choices or ℓ ▷◁ c for relational predicates,15

where ▷◁ ∈ {<,>,≥,≤, ̸=,=} is the relational operator) and16

adds it to the current path condition.17

This mechanism trades full automation for framework com-18

patibility while preserving systematic path exploration. In par-19

ticular, it avoids dependence on bytecode-level branch intercep-20

tion and remains compatible with complex execution stacks.21

In future work, automation could be increased by weaving in22

the standardized helper calls automatically, for example, when23

transforming a VITRUVIUS Reaction to its corresponding code.24

Still, as a limitation, this approach cannot handle decision points25

in third-party libraries.26

Relationship Between the Mechanisms Mechanism A and27

Mechanism B are complementary: both aim to construct log-28

ically equivalent path conditions for decisions that depend on29

symbolic inputs. The difference lies in how decision points30

are detected—either implicitly via bytecode-level branch inter-31

ception (Mechanism A) or explicitly via CPR-level registration32

(Mechanism B). Which mechanism is employed is an imple-33

mentation choice and may depend on the characteristics of34

the transformation framework and runtime environment (e.g.,35

OSGi). This dual design allows CoCoPath to maximize au-36

tomation where bytecode-level interception is feasible, while37

retaining applicability to complex MDE frameworks through38

CPR-level constraint registration.39

Optional Domain Constraints (Solver-Side Refinement) In ad-40

dition to path constraints derived from execution, CoCoPath can41

optionally incorporate domain constraints. Domain constraints42

restrict the admissible input domain based on external semantic43

knowledge (e.g., physical feasibility rules or application-specific44

configuration constraints). They do not affect the definition of45

paths and are not required for path completeness; rather, they46

serve as solver-side refinement to prune infeasible regions of47

the search space and improve performance.48

In our running example (Table 1), the branch if (pr < 0)49

in φ(1) is the decision point based on the symbolic input pr. In50

Mechanism A, the interceptor would automatically detect this51

branch when the guard is evaluated against the tagged value52

and the path condition (PC) is recorded without any changes53

to the CPR. In Mechanism B, the CPR explicitly records the54

PC through the standardized helper at the branch point. In55
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Figure 2 Systematic path exploration algorithm

both cases, the PC is the same: PC1 = {pr < 0} at the first 56

execution with pr = −1, intersecting with T to obtain [−1, 0), 57

as shown in the PC and PC∩ T columns. In the evaluation 58

presented in this paper, admissible input domains are derived 59

directly from the user interaction mechanism, and no additional 60

domain constraints are required. 61

4.6. Systematic Path Exploration Loop 62

CoCoPath explores paths in an iterative concolic loop as shown 63

in Figure 2. Starting from an initial concrete input assignment, 64

the CPRs are executed concretely while symbolic identities are 65

propagated and path constraints are collected. After each run, 66

CoCoPath negates a selected decision constraint (or conjunction 67

of constraints) and submits the resulting constraint system to 68

an SMT solver to obtain a new satisfying assignment. If a satis- 69

fying assignment exists, CoCoPath re-executes the CPRs with 70

the new concrete inputs to explore a different path. The loop 71

terminates when no further satisfying assignment can be gen- 72

erated for unexplored path conditions. For each explored path, 73

CoCoPath records the concrete inputs, the collected constraints, 74

and the resulting repaired target model. 75

In our running example, Table 1 shows the full exploration. 76

Starting with pr = −1, φ(1) records PC1 = {pr < 0} and 77

the solver negates it to generate pr = 0. Successive executions 78

cover φ(2)–φ(4), with the solver generating pr = 34 and pr = 79

67 from the Solver-Generated Input column. After φ(4), there 80
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Step Input p ControlProfile Branch Path Constraint (PC) PC ∩ T Solver-Generated Input

Init −1 — — — T = [−1, 100] —

φ(1) −1 skip if (pr < 0) { pr < 0 } [−1, 0) pr = 0
φ(2) 0 off-road if (pr >= 0 && pr < 34) { pr ≥ 0, pr < 34 } [ 0, 34) pr = 34
φ(3) 34 comfort if (pr >= 34 && pr < 67) { pr ≥ 34, pr < 67 } [34, 67) pr = 67
φ(4) 67 sport else (pr >= 67) { pr ≥ 67 } [67, 100] —

Table 1 CoCoPath Path exploration for the running example (pr = profileChoice, bounded domain T = [−1, 100]).

are no more negations with unexplored paths, and the loop1

terminates with target models corresponding to c(1)p , . . . , c(4)p .2

The concrete realization of this loop in the VITRUVIUS-based3

prototype is described in Section 5.4

5. Prototypical CoCoPath Implementation5

This section describes the prototypical implementation of Co-6

CoPath and its integration with the VITRUVIUS framework, illus-7

trated in Figure 3. The prototype instantiates the methodology8

presented in Section 4, in particular the separation between9

symbolic propagation and constraint construction. The CoCo-10

Path approach is language-agnostic: it applies to any CPR that11

can be represented as a program with branching control flow12

(Section 4.2), provided a suitable dynamic taint-tracking tool is13

available for the runtime. The current prototype is Java-specific14

because it relies on Galette (Section 5.2), which instruments15

JVM bytecode. In principle, other taint frameworks could serve16

the same role for different languages. Pure symbolic execution17

is a conceptual alternative, but is unlikely to scale to complex18

MDE frameworks such as VITRUVIUS (Section 6.7). Addition-19

ally, the current prototype targets CPRs implemented in Java20

within the VITRUVIUS framework.21

The current prototype realizes CPR-level constraint registra-22

tion (Mechanism B) together with optional domain constraints.23

Bytecode-level constraint extraction (Mechanism A) is not im-24

plemented in the prototype for VITRUVIUS. This is due to prac-25

tical limitations: VITRUVIUS relies on a modern Java 17 run-26

time, extensive reflection, and OSGi-based class loading, which27

currently prevents reliable interception of all control-flow deci-28

sions at the bytecode level. We have validated the feasibility of29

bytecode-level constraint extraction (Mechanism A) for plain30

Java model transformations in a separate prototype based on31

Galette, which can intercept native bytecode comparisons 2.32

This indicates that the limitation is not inherent to Java 17,33

but rather to the complexity of the VITRUVIUS execution stack.34

However, this prototype is not evaluated in this paper.35

Symbolic propagation is fully automated. User-decision36

inputs are exposed by VITRUVIUS, tagged as symbolic prior to37

execution, and propagated through the execution using dynamic38

taint tracking with Galette. Constraint construction is localized39

at explicit decision points in the CPR logic.40

During execution, CoCoPath observes the concrete transfor-41

mation runs, collects path constraints, and forwards them to the42

2 https://github.com/AnneKoziolek/galette-concolic-model-transformation/
tree/comparison-interception-internal

constraint solver. By negating previously observed path condi- 43

tions, the constraint solver generates new concrete input assign- 44

ments, which are reinjected to systematically explore alternative 45

execution paths. For each execution, CoCoPath records the gen- 46

erated target model, the concrete input values, the collected path 47

constraints, and execution time, providing analyzable feedback 48

on alternative repair decisions. 49

The complete prototype, including its integration with 50

VITRUVIUS, Galette, and GreenSolver, is available as an open- 51

source repository (Jiang 2025a). 52

5.1. Model Transformation Framework -VITRUVIUS 53

We implement CoCoPath in the context of the VITRUVIUS frame- 54

work (Klare et al. 2021), which supports bidirectional and multi- 55

view consistency preservation based on rule-based model trans- 56

formations. In VITRUVIUS, consistency is restored by executing 57

the CPRs whenever a predefined trigger action was performed 58

and committed that necessitates propagating changes to other 59

models. VITRUVIUS serves as a concrete execution environment 60

in which CoCoPath is applied. User decisions required during 61

consistency preservation are exposed as user interaction input 62

variables and are treated as symbolic inputs. CoCoPath observes 63

the execution at runtime without interfering with the VITRUVIUS 64

transformation semantics. 65

5.2. Dynamic Taint Tracking with Galette 66

In CoCoPath, Galette (Hough & Bell 2025) is used to tag 67

user-decision inputs with symbolic identifiers before execution. 68

Galette is a dynamic taint tracking system for the JVM that 69

instruments bytecode at class load time. Its instrumentation in- 70

troduces a shadow state that enables the propagation of symbolic 71

metadata with concrete runtime values. As the transformation 72

logic is executed, Galette automatically propagates these tags 73

through method calls, field accesses, and control flow constructs. 74

Galette allows symbolic metadata to be tracked without modi- 75

fying the transformation logic and requiring language-specific 76

symbolic semantics. 77

5.3. CPR-Level Constraint Construction 78

In the current prototype, path constraints are constructed ex- 79

plicitly at the level of CPR implementations, corresponding to 80

Mechanism B introduced in Section 4.5. Symbolic informa- 81

tion is propagated automatically by Galette, while constraint 82

construction is triggered only at explicit decision points in the 83

transformation logic. Following Mechanism B (Section 4.5), 84

constraint construction is triggered at explicit decision points in 85
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the transformation logic. For binary predicates, the constructed1

constraint relates the symbolic variable ℓ to the compared con-2

stant using the predicate observed during execution. For multi-3

way control flow based on enumerated decisions, the selected4

branch yields an equality constraint of the form ℓ = k, where5

k denotes the chosen option. This CPR-level approach local-6

izes constraint construction to semantically meaningful decision7

points and avoids reliance on bytecode-level branch interception.8

As a result, it remains compatible with the Java 17 runtime and9

the reflective execution patterns used by the VITRUVIUS frame-10

work. As a limitation, decisions occurring inside third-party11

libraries or framework-internal code are not captured by this12

mechanism.13

In future work, automation could be increased by weaving14

standardized constraint-registration calls into the generated Java15

code during the compilation of VITRUVIUS Reactions, while16

retaining the same conceptual approach.17

5.4. Constraint Solving with the GreenSolver18

The GreenSolver (Visser et al. 2012) is used in CoCoPath for19

transforming symbolic path and domain constraints into con-20

crete input values for subsequent executions. CoCoPath rep-21

resents both constraint types as symbolic expressions that are22

associated with tagged variables. The Solver collects these ex-23

pressions from the constructed constraint sets, translates them24

into Green’s internal representation, and delegates satisfiability25

checking to an SMT solver backend. In our current prototype,26

Green is configured to interface with the SMT solver Z3.27

6. Evaluation28

To address the RQs introduced in Section 1, we evaluate Co-29

CoPath through two case studies: Consistency preservation be-30

tween AMALTHEA and ASCET models based on an industrial31

case from Bosch and an extension of the running example.32

We first describe the industrial context and the AMALTHEA–33

ASCET scenario that induces user-driven branching decisions34

(Section 6.1). We then explain how the scenario was integrated35

into our CoCoPath prototype (Section 6.3) and summarize the36

experimental setup used for all measurements (Section 6.4).37

We then present our results for RQ1 (Section 6.5), RQ2 (Sec-38

tion 6.6), RQ3 (Section 6.7), and RQ4 (Section 6.8). We discuss 39

threats to validity in Section 6.9. 40

6.1. AMALTHEA-ASCET case study (A2 case) 41

Industrial Context. The evaluated scenario is drawn from an 42

industrial, model-driven development setting at Bosch, where 43

development incorporates the tool suites ASCET (Lefarth et 44

al. 1998; ASCET Repository 2024) and AMALTHEA (now 45

APP4MC). While both tool suites support model-driven devel- 46

opment of embedded systems, they focus on different concerns 47

and are therefore used in parallel by different engineering teams. 48

In the examined setting, Electronic Control Units (ECUs) are 49

developed concurrently using AMALTHEA and ASCET mod- 50

els. AMALTHEA is used to model the ECU architecture and 51

its components, targeting operating-system and hardware-level 52

aspects. In contrast, ASCET is used to specify the functional 53

behavior of components, largely independent of the target op- 54

erating system. Both AMALTHEA and ASCET generate C 55

code, which is subsequently integrated for deployment on the 56

ECU. As a result, there is a semantic overlap between the mod- 57

els, for example requiring that architectural elements defined in 58

AMALTHEA correspond to elements in ASCET. 59

A2 case We evaluate CoCoPath using an adapted consistency- 60

preservation scenario from the automotive domain described 61

by Mazkatli (2016). The evaluated CPRs are triggered when a 62

new Task is added to an AMALTHEA model and require the 63

creation of a corresponding task element in the ASCET model. 64

As illustrated in Figure 4, this mapping is not unique. 65

While AMALTHEA distinguishes tasks only at an abstract 66

level, ASCET defines multiple concrete task subtypes, in- 67

cluding InitTask, PeriodicTask, SoftwareTask, and 68

TimeTableTask. Selecting the appropriate target-side subtype 69

depends on domain knowledge and therefore cannot be resolved 70

automatically. 71

Consequently, the corresponding CPR contains an explicit 72

decision point that requires user input to select among these 73

alternatives. Different choices lead to structurally different 74

ASCET models: some task types introduce additional attributes 75

and references (e.g., PeriodicTask), while other options re- 76

sult in minimal or even no changes to the target model. As a 77
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result, the impact of a decision is not obvious without executing1

the transformation, making this scenario well-suited to evalu-2

ate CoCoPath’s systematic exploration of decision-dependent3

execution paths.4

6.2. BrakeDisc-ControlSystem case study (BCCS case)5

We created an open case study to assess generalizability, as in-6

dustrial artefacts are usually confidential. It evaluates CoCoPath7

on continuous inputs whose path condition is ranges partitioned8

by inequalities instead of discrete enumerations. The case study9

is an extension of the running example in Section 4.3. Figure 510

shows the two metamodels and their mapping relations. When11

a BrakeDisc is inserted, a CPR with two actions is triggered.12

The first reads profileChoice ∈ [−1, 100]: −1 skip unit cre-13

ation, while 0–33, 34–66, and 67–100 assign controlProfile14

(the drive mode) to Off-road, Comfort, and Sport, respectively.15

Each mode applies an aggressiveness multiplier (0.70, 0.85,16

1.20) to compute absDecelThreshold = diameter/50 ×17

multiplier. AbsDecelThreshold represents the ABS decel-18

eration limit for the unit. The second reads calibChoice19

∈ [0, 100] and sets calibrationOffset (a fine-tuning correc-20

tion). 0–32 is Conservative (−0.5), 33–66 Standard (0.0), and21

67–100 Track (+0.5). This results in effectiveBrakeGain 22

calculated as effectiveBrakeGain = absDecelThreshold 23

+ calibrationOffset. If the first action skips unit creation, 24

the second finds no matching element and is a no-op. 25

6.3. Prototype Integration 26

To apply CoCoPath to the case studies described in Section 6.1 27

and 6.2, we integrated the relevant parts into the VITRUVIUS 28

framework. Concretely, we (i) converted the involved meta- 29

model excerpts to Ecore models and (ii) implemented the CPRs 30

described above in VITRUVIUS’s Reactions language. Our imple- 31

mentation propagates changes from AMALTHEA to ASCET 32

and from BrakeSystem to ControlSystem, as this is the only di- 33

rection required for the evaluated scenario. The implementation 34

is accessible at Jiang (2025b) and Jiang (2026), respectively. 35

To execute the A2 case, we add AMALTHEA task(s) and 36

trigger CoCoPath to explore alternative repairs that restore con- 37

sistency in the VSUM. The CPR that reacts to adding a Task in 38

AMALTHEA contains an explicit decision point implemented 39

as a switch-case statement. The user provides a numerical 40

choice from “0” to “4”, which determines the mapping for 41

the newly created task in the ASCET model: “0” creates an 42

InitTask, “1” a PeriodicTask, “2” a SoftwareTask, “3” 43

a TimeTableTask, and “4” delays the decision (i.e., does not 44

create a corresponding ASCET task and keeps the inconsis- 45

tency). For the evaluation, we consider two scenarios to study 46

CoCoPath’s behavior under increasing parameter-space size: 47

(i) adding one AMALTHEA task, resulting in a single sym- 48

bolic input variable with five possible values, and (ii) adding 49

two different AMALTHEA tasks, resulting in two independent 50

symbolic input variables and 25 input combinations. 51

To execute the BCCS case, we likewise implemented the 52

metamodels as Ecore models and the CPRs in VITRUVIUS’s Re- 53

actions language with two decision points. The first decision 54

point implemented as a conditional branch on profileChoice, 55

which is partitioned into four intervals determining whether 56

and how an AxleControlUnit is created. The second deci- 57

sion point relies on calibChoice: a value partitioned into 58

three calibration levels that sets the calibrationOffset and 59

effectiveBrakeGain. For the evaluation, we consider one 60

scenario in which one BrakeDisc is added, yielding two sym- 61

bolic input variables (profileChoice and calibChoice). 62

6.4. Experimental Setup. 63

All experiments were conducted on a workstation equipped 64

with an Intel Core i7-9750H processor (6 cores, 2.6–4.5 GHz), 65

16 GB of DDR4 memory, and NVMe SSD storage, running 66

Windows 10 (64-bit, Build 19045). We used OpenJDK Temurin 67

version 17.0.2 with JVM options -Xmx4G -Xms1G -ea. The 68

setup was based on Eclipse Modeling Framework (EMF) ver- 69

sion 2.28, and constraint solving was performed using the Z3 70

SMT solver via the GreenSolver framework. 71

6.5. RQ1: Path Coverage and Outcome Analysis 72

To address RQ1, we conducted controlled experiments on two 73

case studies. All model differences were quantified using EMF 74

Compare (Brun & Pierantonio 2008). 75
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Path ID user_choice A At R D Total
0 0 1 1 1 0 3
1 1 1 3 1 0 5
2 2 1 1 1 0 3
3 3 1 1 1 0 3
4 4 0 0 0 0 0

Legend: A = Add Elements, At = Change Attributes, R = Change
Reference, D = Delete Elements, Total = Total Atomic Differences

Table 2 Single-enumerate exploration: outcome statistics.

6.5.1. A2 case: Single-Enumerate Variable Exploration1

A single symbolic parameter user_choice was explored,2

which ranges over a finite parameter space T = {0, 1, 2, 3, 4}.3

CoCoPath automatically explored all possible paths by itera-4

tively negating path constraints of the form user_choice = v,5

where v ∈ T. CoCoPath reached complete coverage (5/56

paths). Each explored path produced a concrete model transfor-7

mation result that could then be evaluated using EMF Compare8

metrics. Table 2 summarizes the number of added elements9

(A), changed attributes (At), changed references (R), deleted10

elements (D), and the resulting total atomic changes, computed11

as Total = A + At + R + D. The results show that the trans-12

formation is a no-op transformation when user_choice = 4,13

i.e., the option that does not create a new task; and the most14

significant structural change occurs when user_choice = 1,15

i.e., when a new PeriodicTask is created.16

6.5.2. A2 case: Multi-Enumerate Variable Exploration17

We extend the experiment to two symbolic variables18

(user_choice_1, user_choice_2) ∈ T × T, where T =19

{0, 1, 2, 3, 4}. This gives a Cartesian product of 25 decision20

combinations. CoCoPath achieved complete coverage (25/2521

paths). The result of the EMF Compare metrics is shown in22

Table 3. The total difference is calculated in the same way as the23

single-variable exploration. The systematic exploration of the24

parameter space yielded results in fully analyzable outcomes.25

Although the numerical values of model changes are specific26

to this case study, the form of the results shown indicates the27

practical value of CoCoPath: First, the complete path explo-28

ration allows engineers to immediately see the possible model29

outcomes that arise from different user inputs, without manually30

running 25 transformation executions. Second, the calculated31

model difference metrics provide actionable guidance: combi-32

nations with significant total differences signal decision points33

with high impact on the resulting model, while combinations34

with near-zero differences identify regions of the parameter35

space where engineers can delay decisions or choose with de-36

faults. Finally, because CoCoPath reports these results together37

with the associated path constraints, the exploration outcomes38

can be linked back to the transformation logic that triggered39

each model variant. In the evaluated scenario, this makes ex-40

plicit that choosing a PeriodicTask consistently leads to the41

largest structural changes, while delaying the decision yields a42

no-op transformation. Such insights allow engineers to quickly43

identify high-impact and low-impact choices without manual44

experimentation.45

6.5.3. BCCS case: Multi-Continuous Variable Explo- 46

ration Unlike the A2 case, in which path constraints are ex- 47

pressed as value equalities, the BCCS case engages another 48

qualitative aspect of the exploration engine: CoCoPath negates 49

interval constraints of the form, arising from the inequality 50

partitions over pro f ileChoice ∈ [−1, 100] and calibChoice ∈ 51

[0, 100]. CoCoPath achieved complete coverage (10/10 paths). 52

The skip branch (pro f ileChoice < 0) generates one path in 53

which no AxleControlUnit is created; the remaining nine 54

paths are generated by the Cartesian product of three intervals 55

for profileChoice and three intervals for calibChoice, for 56

a total of 1 + 3 × 3 = 10 paths. Table 4 lists the EMF Com- 57

pare metrics. The skip path is a structural no-op, while all nine 58

non-skip paths are structurally identical. Each produces one 59

AxleControlUnit with five attributes set and one containment 60

reference added. 61

Answer to RQ1

CoCoPath achieves a complete and systematic exploration of
all possible paths induced by user inputs with respect to the
evaluated consistency-preserving transformation paths. The
obtained outputs are analyzable: First, EMF Compare metrics
provide a structured and numeric characterization for each
transformation outcome. Engineers can thus compare paths,
estimate the relative impact of different user inputs, and inter-
action effects among symbolic inputs. The analysis provides
actionable feedback, such as showing the highest-impact in-
put combinations and regions of no-op in the parameter space,
and quantifying the consequences of delaying or altering user
inputs. Second, CoCoPath provides the path constraint and
output models for each path that engineers can inspect.

62

6.6. RQ2: Performance and Scalability 63

To answer RQ2, we evaluate the scaling efficiency of CoCo- 64

Path’s runtime performance as the number of symbolic variables 65

increases, which in turn leads to a larger decision space and 66

more possible execution paths, and we reason about the theoret- 67

ical complexity of path exploration. For the sake of space, we 68

only present the A2 case results here. The results for BCCS case 69

can be found on GitHub (Jiang 2025a). 70

In order to assess scalability independently of initialization 71

time, we analyze the average execution time per path. As pre- 72

sented in Table 5, execution time in the multi-variable scenario 73

increases to 49.0ms on average, compared to 34.4ms in the 74

single-variable scenario, indicating a rise of only 1.42× despite 75

a 5× increase in explorations of paths. Overall, the results in- 76

dicate that initialization overhead dominates short executions 77

but does not scale with the number of explored paths. Once 78

this one-time cost is amortized, the execution time grows with 79

the number of feasible paths and therefore scales fairly well for 80

multiple-variable path exploration. 81

Theoretically, the complexity of CoCoPath can be decom- 82

posed into (1) the number of feasible execution paths and (2) the 83

cost of exploring each path. Let d be the number of symbolic 84

decision points and bi the branching factor of decision point i. 85

In the worst case, the number of explored paths is bounded by 86
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Path ID c1 c2 A D At R Total Path ID c1 c2 A D At R Total Path ID c1 c2 A D At R Total

0 0 0 2 0 2 2 6 8 1 3 2 0 4 2 8 16 3 1 2 0 4 2 8
1 0 1 3 0 3 2 8 9 1 4 1 0 3 1 5 17 3 2 2 0 2 2 6
2 0 2 2 0 2 2 6 10 2 0 2 0 2 2 6 18 3 3 2 0 2 2 6
3 0 3 2 0 2 2 6 11 2 1 2 0 4 2 8 19 3 4 1 0 1 1 3
4 0 4 1 0 1 1 3 12 2 2 2 0 2 2 6 20 4 0 1 0 1 1 3
5 1 0 2 0 4 2 8 13 2 3 2 0 2 2 6 21 4 1 1 0 3 1 5
6 1 1 2 0 6 2 10 14 2 4 1 0 1 1 3 22 4 2 1 0 1 1 3
7 1 2 2 0 4 2 8 15 3 0 2 0 2 2 6 23 4 3 1 0 1 1 3

24 4 4 0 0 0 0 0

Legend: c1/c2 = user choices, A/D = Added / removed elements, At / R = Changed attributes / references, Tot = Total atomic differences.

Table 3 Multi-enumerate exploration: outcome statistics for all 25 combinations of user_choice_1 and user_choice_2.

Path profileChoice calibChoice A At R D Total

0 -1 – 0 0 0 0 0
1 0-33 0-33 1 5 1 0 7
2 0-33 34-66 1 5 1 0 7
3 0-33 67-100 1 5 1 0 7
4 34-66 0-33 1 5 1 0 7
5 34-66 34-66 1 5 1 0 7
6 34-66 67-100 1 5 1 0 7
7 67-100 0-33 1 5 1 0 7
8 67-100 34-66 1 5 1 0 7
9 67-100 67-100 1 5 1 0 7

Legend: A / D = Added / Removed elements,
At / R = changed attributes / references, Total = total atomic differences.

Table 4 Multi-continuous exploration: outcome statistics.

Scenario Paths Init. Avg./Path Total

Single-variable 5 962 34.4 1134

Multi-variable 25 1873 49.0 3099

Table 5 Execution time summary (ms)

∏d
i=1 bi, corresponding to the classical path-explosion problem1

known from symbolic execution (Cadar & Sen 2013). For each2

path, CoCoPath performs one concrete execution of the CPR3

chain and one SMT solver query generated from the negated4

path condition. The solver cost depends on the theory of the path5

constraints. In the current prototype, constraints consist only of6

linear equalities and inequalities, which can be solved efficiently7

even for many variables. More expressive constraint theories8

such as bitvectors or strings are also supported by modern SMT9

solvers, although their solving complexity can be higher in the10

worst case (De Moura & Bjørner 2008). In the CoCoPath set-11

ting, however, path constraints typically involve only a small12

number of symbolic variables originating from user inputs, so13

we expect feasible solver cost even when additional theories14

are used. Furthermore, CoCoPath explores only feasible paths;15

infeasible path conditions are pruned automatically by the SMT16

solver. Since exploration starts from a concrete model state17

and a specific change and assuming VSUMs with low coupling18

and high cohesion, we expect the number of feasible paths to19

typically be much smaller than the theoretical worst-case bound20

even in large VSUMs. Empirically exploring the scalability in 21

real-world use cases with larger VSUMs will be future work. 22

Answer to RQ2

CoCoPath demonstrates good runtime performance and scal-
ability for multi-variable path exploration. Despite the frame-
work initialization accounting for the majority of the total run-
time for small workloads, the amortized per-path execution
cost is relatively stable as the decision space increases, en-
abling efficient and systematic exploration of multi-variable
execution paths.

23

6.7. RQ3: Applicability 24

To answer RQ3, we compare CoCoPath with representative 25

state-of-the-art symbolic execution tools with respect to their ap- 26

plicability to VITRUVIUS frameworks. We select Java PathFinder 27

(Păsăreanu & Rungta 2010), CATG (Tanno et al. 2015), and 28

JDart (Luckow et al. 2016). These tools are used extensively 29

in research on symbolic execution techniques. JPF is a model- 30

checking-based symbolic execution tool, CATG is a concolic 31

testing tool with systematic path exploration, and JDart provides 32

dynamic symbolic execution for Java bytecode. 33

Table 6 summarizes the compatibility of the evaluated tools 34

with key technologies required by VITRUVIUS modeling frame- 35

works. VITRUVIUS relies on EMF-based models, extensive re- 36

flection, and dynamic class loading, and execution within an 37

OSGi runtime environment. The results reveal that existing sym- 38

bolic execution tools are not directly applicable to VITRUVIUS- 39

based MDE workflows. In particular, for these tools, there is 40

a need for customized virtual machines or restricted execution 41

environments, which are not compatible with EMF and OSGi- 42

based systems. In contrast, CoCoPath operates on standard 43

JVM bytecode and maintains full compatibility with VITRUVIUS, 44

EMF, and OSGi. Because of these fundamental incompatibili- 45

ties, it is impossible to compare CoCoPath directly with existing 46

tools at the workload level. 47

Answer to RQ3

To the best of our knowledge, CoCoPath is the only evaluated
symbolic execution approach that is fully compatible with
VITRUVIUS, EMF, and OSGi. workflows.

48
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Table 6 Framework compatibility comparison

Tool VITRUVIUS EMF OSGi

Java PathFinder ✗ ✗ ✗

CATG ✗ ✗ ✗

JDart ✗ ✗ ✗

CoCoPath ✓ ✓ ✓

Table 7 Peak heap memory usage and memory overhead.

Configuration Peak Heap (MB) OVmemory

Baseline (Pure VITRUVIUS) 14 1.00

Galette-only 17 1.21

Full CoCoPath 19 1.36

6.8. RQ4: Memory Overhead1

This research question explores the memory overhead intro-2

duced by CoCoPath. We focus on peak heap memory usage and3

quantify overhead. Memory consumption is measured based on4

peak heap usage during execution. All configurations are evalu-5

ated under identical workloads and execution environments, and6

the resulting peak values are stable across repeated experiments.7

Memory overhead is defined as:8

OVmemory =
Peak HeapConfiguration

Peak HeapBaseline

An overhead of 1.0× means there was no additional memory9

consumption compared to the baseline execution. In summary,10

table 7 displays the measured peak heap usage and associated11

memory overhead for all configurations.12

Introducing dynamic taint tracking alone (Galette-only) in-13

creases peak heap usage from 14 MB to 17 MB, denoted by14

a memory overhead of 1.21. The peak heap usage is further15

increased by enabling full CoCoPath functionality to 19 MB as16

it leads to a memory overhead of 1.36.17

A moderate additional memory overhead can be observed.18

For all experiments, the additional retained memory per ex-19

plored path is still in the order of a few kilobytes. This leads to a20

stable peak heap usage regardless of the increase in the number21

of explored paths, and the memory overhead mainly depends22

on the one-time initialization.23

Answer to RQ4

Galette-only execution results in a memory overhead of 1.21,
while full CoCoPath execution results in an overhead of
1.36. The majority of the memory overhead comes from the
dynamic taint tracking. In general, CoCoPath has low and
constant memory overhead.

24

6.9. Threats to Validity 25

Construct Validity. For RQ4, we measure memory overhead 26

using peak heap usage. Peak memory usage indicates worst- 27

case memory pressure but does not capture fine-grained object 28

lifetimes. Despite that, it is adequate for comparing configura- 29

tions under identical workloads. 30

Internal Validity. All experiments were run on the same hard- 31

ware and software configuration, using identical input models 32

and transformation logic across all configurations. The experi- 33

ments were run multiple times (five runs per configuration) to 34

obtain stable results and avoid the risk of measurement noise. 35

However, factors such as JVM warm-up and garbage collection 36

behavior could affect the measurements. 37

External Validity. Our evaluation focuses on a single but rep- 38

resentative case study from the industry involving consistency 39

preservation between AMALTHEA and ASCET models. Al- 40

though this case study considers real aspects of the MDE pro- 41

cesses used in industry, including user decisions and heteroge- 42

neous metamodels, the obtained results may not generalize to 43

all transformations or model sizes. Further studies on additional 44

case studies and domains are required to assess the general 45

applicability of CoCoPath. 46

7. Discussion 47

The prototypical implementation of CoCoPath demonstrates 48

the feasibility of combining dynamic symbolic execution tech- 49

niques with model transformation frameworks to systematically 50

explore consistency-preserving paths in VSUMs. One of the 51

key strengths of the prototype lies in its non-intrusive integra- 52

tion with VITRUVIUS. Therefore, the concept can be integrated 53

with other consistency preservation approaches or also model 54

transformation approaches in general. Moreover, since Co- 55

CoPath prototyped implementation is based on standard JVM 56

instrumentation, it is possible to generalize this implementation 57

to any Java-based model transformation framework. CoCo- 58

Path observes transformation executions without altering their 59

semantics, ensuring compatibility with existing CPRs and trans- 60

formation logic. Combined with SMT Solver, CoCoPath can 61

iteratively generate alternative user decisions, enabling system- 62

atic exploration of possible target VSUM states. This supports 63

developers in making informed decisions and reveals itself, e.g., 64

in the form of an aid in estimating the resulting model drift, 65

which can be used to determine how quickly the inconsistency 66

should be repaired. Despite these strengths, the prototype has 67

several limitations. First, the reliance on runtime observation 68

introduces overhead, which may become significant for large- 69

scale transformations with numerous decision points. Second, 70

the tag-based metadata extraction currently only works for com- 71

parisons in CPR implementation. It is not possible to track 72

comparisons in arbitrary Java code. Finally, while domain con- 73

straints can be manually specified to restrict the search space, 74

this process requires expert knowledge and may limit automa- 75

tion. We are also considering related approaches like (Eramo 76

et al. 2015) to represent the consistency-preserving paths in a 77

shorter way. Moreover, developing mechanisms to help navigate 78

12 Jiang et al.



and compare the generated target models, e.g., based on ranking1

according to model drift, is another future direction.2

8. Conclusion3

This paper presents CoCoPath, a concolic execution framework4

for systematically exploring execution paths in consistency-5

preserving model transformations. Our approach combines6

dynamic taint tracking with constraint solving to automatically7

explore all feasible paths induced by user decisions, generating8

corresponding target VSUMs and considering path constraint9

sets for each path. Through two case studies, we validated10

that CoCoPath achieves complete path coverage and produces11

analyzable transformation results, while demonstrating good12

performance and scalability in multi-variable path exploration.13

CoCoPath provides engineers with the capability to quantita-14

tively analyze the impact of decisions, enabling more informed15

decision-making when facing temporary inconsistency. Fu-16

ture work includes applying CoCoPath to larger-scale cases17

to evaluate its applicability, scalability on deeper CPR chains18

and non-linear constraint types, and exploring the potential of19

CoCoPath in general model transformations.20
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