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Abstract—Modern interacting digital systems are becoming
increasingly complex, making it difficult to ensure their actual
behavior aligns with design-time expectations, particularly in
uncertain or dynamic environments, even when specifications are
correct. This misalignment affects system scalability, reliability,
and increases maintenance costs.

We introduce a conceptual framework for identifying and self-
explaining mismatches between expected and observed system
behavior, together with an algorithm that generates explanations
and case studies that apply the conceptual framework for
explanation generation in an interacting digital systems setting.

Index Terms—Formal methods, model checking, action-
oriented explanation, logic and verification, knowledge represen-
tation and reasoning, and cyber-physical systems.

I. INTRODUCTION

Modern interacting digital systems exhibit increasing com-
plexity. Due to their complexity, it becomes difficult for
systems and operators to comprehend and ensure their actual
behavior aligns with design-time expectations, especially in
uncertain environments. As a result, future interacting digital
systems need to incorporate mechanisms to justify their actions
for users to increase trust [1]. Explanations to other systems
are also needed to optimize the interaction. These explanations
provide valuable insights for preventing similar unpredictable
behaviors in the future or for updating the system’s knowledge
base to enhance reliability and user confidence [2], [3].

The core idea is to have an abstracted model of expected
behavior aligned with the real system, so deviations between
these show the need for triggering explanations. Prior work
has introduced similar concepts, e.g. under the term self-
explanation in systems of systems [4], providing a conceptual
foundation for enabling one system to clarify its behavior
to another. Building on this foundation, our work advances
the idea by contributing a formal algorithmic framework that
generates explanations for mismatches between expected and
perceived behavior, together with case studies that demonstrate
the applicability and scalability of this approach.

An example of interacting digital systems is a wind park
and a wind turbine. The wind turbine’s expected behavior is
to follow the operator’s command in the wind park. However,
inconsistent behaviors could occur due to many factors that
might affect the turbine, e.g., local conditions cause a wind
turbine to adjust blades overriding a command. We suppose
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that the turbine’s expected behavior is bound to a specific set of
states and the transition relation between these states is defined
at design time forming predefined execution paths. These paths
are subject to various conditions induced onto the overall
system and its environment, which we refer to as assumptions.
Modeling assumptions and systems by temporal constraints
and Mealy machines, we leverage model checking and Satisfi-
ability Modulo Theories (SMT) to explain deviations between
perceived and expected execution. An explanation in this
conceptual framework is defined as a subset of assumptions
preventing the expected and perceived behaviors of interacting
digital systems from matching.

We introduce the conceptual framework through examples
and suggest an algorithm that can self-explain mismatches in
interacting digital systems’ behavior.

The resulting explanations are actionable, meaning they
enable the addressee to take appropriate actions by focusing
on relevant conditions [5], [6]; causal, in the sense that
they identify the reasons behind specific outcomes and help
understand how and why similar effects might arise under
different conditions [7]; and counterfactual, as they illustrate
what could have been done differently in a given situation to
produce a different outcome [8].

The contributions of our work are:
• A modeling approach for expected and actual behavior

without needing complete specifications.
• A reduction of self-explanation to bounded model check-

ing and SMT solving.
• Case studies illustrating the versatility and investigating

the scalability of the approach.
The rest of the paper is organized as follows: Section II dis-
cusses related work. Section III describes our modeling ap-
proach. Section IV describes the conceptual framework. Sec-
tion V describes the algorithm. Section VI introduces case
studies. Section VII reports experimental results, and Sec-
tion VIII concludes the paper.

II. RELATED WORK

Research on explanation spans philosophy, social sciences,
and computer science. Philosophical work often frames ex-
planation in terms of causality. Lewis [9] formalized causal-
ity using counterfactuals, while others distinguished explana-
tory, normative, and motivating reasons for action [10]. Prob-
abilistic accounts extend this to stochastic systems such as
Markov chains [11]. DARPA has highlighted the importance



of cognitive systems that can reason and explain their behavior
rather than simply execute predefined commands [12]. In con-
trast, our conceptual framework moves beyond philosophical
or probabilistic accounts to concrete system-level mismatches,
where explanations are derived from violated assumptions in
interacting digital systems.

In computer science, there is a close relation between moni-
toring, fault localization, self-repair and Model-Based Diagno-
sis (MBD). Reiter’s foundational theory [13] defined diagnosis
as identifying minimal faulty components explaining discrep-
ancies, while De Kleer extended this to multiple-fault sce-
narios with assumption-based truth maintenance [14]. Belief
management approaches have also been applied to dynamic
robotics domains, for example in IndiGolog, where inconsis-
tencies between a robot’s modeled beliefs and observed events
are explained through history-based diagnosis [15]. Optimiza-
tion techniques such as RC-Tree improve minimal hitting set
computation [16]. SAT-based techniques compare MBD and
error explanation approaches [17], and have been applied to
optimize fault localization in circuits [18], [19]. Kalech in-
troduced social diagnosis for multi-agent systems [20], while
others investigated distributed diagnosis under privacy con-
straints [21]–[23]. Complementary to such localization, work
on self-repairing hardware addresses autonomous recovery from
failures. This includes bio-inspired architectures for safety-
critical CPS [24], reconfiguration using genetic algorithms [25],
and neuromorphic self-repair mechanisms [26].

While these approaches restore functionality after faults,
our framework instead clarifies why mismatches occur. Both
perspectives are synergistic. Likewise, whereas MBD tech-
niques primarily localize faulty components or actions, often
in hardware or agent coordination settings, our framework
shifts to explanation generation: mismatches are explained not
by identifying faulty components but by isolating violated
assumptions observable in execution traces.

Also related is abductive diagnosis, where explanations are
hypotheses that account for observations. For example, [27]
defines abductive hypotheses in propositional Horn logic and
introduces “therapy” as the interleaving of diagnosis and re-
pair. These logical approaches provide a foundation for rea-
soning about causes, but they remain limited to static system
descriptions. Our framework builds on abductive reasoning
but extends it with causal, counterfactual, and actionable ex-
planations using model checking and SMT solving, enabling
explanation of mismatches in dynamic and interacting systems.

Work in formal methods and debugging has explored di-
agnosis at the specification and circuit levels. SAT-based de-
bugging with unsatisfiable cores localizes design errors [19],
while scenario-based diagnosis techniques target inconsisten-
cies in temporal logic specifications [28]. History/prophecy
variable methods and Craig interpolation expand the toolbox
for explaining mismatches [29]. Other work on finite-state
machine testing [30] and sequential circuit debugging empha-
sizes distinguishing states or identifying minimal diagnoses.
Safarpour and Veneris introduced bounded model debugging to
manage long error traces more effectively [31], and further ad-

vanced automated design debugging using abstraction and re-
finement techniques [32], [33], achieving significant scalability
improvements in practice. These methods improve verification
and debugging, but they largely remain focused on structural
or specification-level inconsistencies. In contrast, our concep-
tual framework addresses system-level behavioral mismatches,
generating explanations through conflicting assumptions rather
than through specification-level fault models.

Overall, our conceptual view for a system explaining its
behavior is entirely different from diagnosis settings, even
though similar reasoning techniques can be used.

Finally, research on self-explainability emphasizes trust and
usability. Empirical studies in intelligent systems [1], clinical
decision support [2], and context-aware applications [3] show
that explanation style (e.g., detailed, why-based, complete)
strongly impacts user trust. Recent frameworks such as MAB-
EX [34], self-explanation in systems-of-systems [4], and de-
sign methodologies for self-explanatory systems [35] provide
conceptual foundations but often lack formal mechanisms and
automation for explanation generation. Our view is similar
to the one in [4]; however, we go beyond by providing an
actual algorithm and related case studies to compute expla-
nations. Work on intelligent environments [36] and ambient
applications [37] highlights the importance of context-sensitive
explanations but relies on metadata or predefined models. Our
framework integrates formal verification with explanation gen-
eration, producing actionable, causal, and counterfactual ex-
planations for mismatches in interacting digital systems — a
gap not fully addressed in prior conceptual or empirical work.

III. MODELING AND BEHAVIOR

This section introduces the notation employed to model
interacting systems through Mealy machines and assumptions,
and explains how Bounded Model Checking (BMC) is used
to reason about their behavior.

A. Modeling
We adopt a hybrid modeling approach in which interacting

digital systems are modeled as Mealy machines, while assump-
tions are used to capture aspects of behavior not explicitly
defined in the state-transition model. This allows incomplete
or underspecified models to be handled in a practical manner
by representing missing details as assumptions.

Definition (Mealy Machine). A Mealy machine generates out-
put from current input and state, denoted by:

M = (Q,Σ, O, δ, λ, q0),

where: Q is a finite set of states; Σ is a finite input alphabet; O
is a finite output alphabet; δ : Q×Σ → Q is the state transition
function, which defines how the machine transitions between
states based on the current state and input; λ : Q×Σ → O is
the output function, which defines the output for a given state
and input pair; and q0 ∈ Q is the initial state of the machine.

Definition (Assumption). An assumption is a set of permis-
sible sequences of inputs and outputs describing temporal de-
pendencies.



For example, in the case of a wind turbine, an assumption
might state that “wind speed = 90m/s” at a given time step,
or more generally, “wind speed < 100m/s” across all time
steps. Based on such assumptions, the Mealy machine follows
a specific behavior (or belief). For instance, if the wind speed
input exceeds a certain threshold at a particular time step, the
turbine is expected to transition to a blade adjustment mode.
Practically, we map assumptions directly to SMT constraints,
while temporal logic may be used as a more expressive formal-
ism. These assumptions may partially specify system behavior,
reflect environmental conditions, or system expectations.

B. Behavior

BMC uses a boolean formula to decide whether a series of
states in a transition system satisfies a given set of assumptions
up to a specified bound k [38]. If no such path exists for a
given bound k, the bound is increased and the satisfiability
check is repeated for longer executions. Unlike traditional
BMC approaches that are formulated using Kripke structures,
our work uses Mealy machines and assumptions to model
system behavior. We use Satisfiability Modulo Theories (SMT)
expressions with BMC.

Definition (BMC Unrolling). Using the above model for a
Mealy machine, the formula for unrolling a model to represent
paths up to length k is the following:

[M ]k = q0 ∧
k−1∧
i=0

(δ(qi, σi) = qi+1). (1)

Let Γ denote assumptions for model M , e.g., constraining the
input data σi in Equation 1 and let each γ ∈ Γ be encoded over
a finite trace of length k by an SMT formula [γ]k. We encode
the whole assumption set by the conjunction of its members:

[Γ]k =
∧
γ∈Γ

[γ]k. (2)

The expected behavior of the system under these assumptions
is then:

[B]k = [M ]k ∧ [Γ]k. (3)

The operator [·]k maps a model or a set of assumptions to
a formula to be solved by an SMT solver. In our setting, we
always seek the minimal k that leads to a mismatch, ensuring
that explanations correspond to the shortest inconsistent trace.

The formulation presented here is a foundational one. More
advanced model-checking techniques, such as interpolation-
based model checking, property-directed reachability, and oth-
ers, can be directly applied on top of this setup. However, for
clarity and focus, we keep the explanation at the standard BMC
level using unrolling and satisfiability.

Our methodology does not use hyperproperties in the formal
sense; however, it does address a related class of relational
behaviors. We compare the observed execution traces with the
expected ones to identify mismatches, which requires reason-
ing over multiple traces in concurrently operating interacting
models.

IV. CONCEPTUAL FRAMEWORK

The conceptual framework can, in general, involve multiple
interacting systems, each of which may act as an explainer (the
source or producer of an explanation) or an addressee (the
recipient or target of an explanation). While our framework
can be applied to an arbitrary number of interacting systems
as we exemplify in VI-B, the following description considers
two interacting systems for simplicity. One system assumes the
role of the explainer, and the other the addressee. The explainer
aims to improve transparency of the interaction by eliminating
ambiguities that may arise during task execution. For example,
in the context of wind park management, the wind park control
acts as the addressee, receiving explanations from the wind
turbines. This framing assumes that interaction involves a flow
of information intended to clarify, justify, or make sense of
some aspect of the explainer’s internal state, actions, or outputs
for the addressee. Both the addressee and the explainer are
modeled as Mealy machines plus assumptions. Here, ME rep-
resents the explainer’s model (the state space of the explainer)
while MA represents the state space of the explainer from the
addressee’s perspective. Both the addressee and the explainer
maintain a set of assumptions, denoted ΓA and ΓE . In addition,
assumptions model their connectivity denoted as ΓC , which
concerns the exchange of commands and feedback between
the addressee and the explainer. Combining these assumptions
ΓE ,ΓA,ΓC with the behavioral models ME ,MA determines
the belief about expected behavior.

We distinguish between different sets of assumptions not
only for modeling clarity but also to guide the explanation
process. ΓC establishes the link between the explainer and the
addressee, ΓA represents the addressee’s expectations, while
ΓE describes environmental and internal conditions known to
the explainer but unknown to the addressee. We treat ΓA and
ΓC as hard assumptions that must always hold, while ΓE

forms the set of soft assumptions from which explanations are
generated. This separation defines the search space in which
the SMT solver identifies explanations.

A. Explanation

When the expected behavior of the interacting digital system
is consistent with the behavior as perceived by the addressee,
no explanation is required. However, if an inconsistency arises,
an explanation E must be generated.

This can directly be analyzed using the assumptions ΓA,
ΓE , ΓC with the models MA and ME . Specifically, in our
windpark example, both the windpark’s model of the turbine
MA and the turbine’s model ME are expected to produce con-
sistent output transitions after the turbine receives a respective
command from the wind park. We refer to this consistency
condition as the explanation target, denoted T ⊆ ΓC .

Definition (Explanation). If the explanation target T cannot be
achieved, an explanation is a set of assumptions that causes
this mismatch. Specifically, we consider assumptions ΓE of
the explainer to understand the mismatch, i.e., identifying a
minimal subset of assumptions E ⊆ ΓE . By removing this



subset from the assumptions of the explainer, i.e., ΓE \ E , the
explanation target T can be achieved.

Additionally, a weighting function can provide penalty val-
ues for removed assumption, i.e., w : ΓE → N.

B. Formalization using BMC

For generating explanations, we use reasoning similar to the
one in BMC to encode our conceptual framework. Thus, we
define our model [MC ]k of the interacting digital system as
the joint unrolling of [MA]k and [ME ]k:

[MC ]k = [MA]k ∧ [ME ]k, (4)

The conjunction of all assumptions is [Γ]k:

[Γ]k = [ΓA]k ∧ [ΓE ]k ∧ [ΓC ]k, (5)

The believed behavior of the interacting digital system under
a finite execution trace of length k is defined as:

[BC ]k = [MC ]k ∧ [Γ]k, (6)

Now, assume that ΓC has the explanation target T requiring
both models to end in the same final state. In that case, [ΓC ]k
would contain a constraint of the form [T ]k = (qA,k ==
qE,k). If [BC ]k is satisfiable, then the explaining digital sys-
tem can behave consistently with the behavior expected by
the addressee and no explanation is required. Otherwise, if
[BC ]k is unsatisfiable, the perceived behavior must lead to a
different state than expected. We consider this inconsistency
to be caused by some subset of the explainer’s assumptions
ΓE . The weighting function serves to find the explanation:

Emin = argmaxγ∈ΓE∩Umin
{ w(γ)}, (7)

where Umin is a minimal unsatisfiable core.
However, practically, there may be more than one minimal

unsatisfiable core, these cores may not overlap, and the SMT
solver may not return a minimal, but some larger unsatisfiable
core. Our algorithm handles these cases using a greedy ap-
proach to compute an explanation E from some unsatisfiable
core U .

V. ALGORITHM TO COMPUTE EXPLANATIONS

Our algorithm implements the BMC-based reasoning pro-
cedure to explain mismatches in interacting digital systems
behavior. Inputs to the algorithm are: ME , the explainer’s
model; MA, represents the state space of the explainer from
the addressee’s perspective; ΓE , the explainer’s assumptions;
ΓA, the addressee’s assumptions; and ΓC , the connectivity’s
assumptions. It produces the explanation E as an output.

The algorithm starts by initializing E as an empty set (Line
1), then defines the interacting digital system’s model as a
conjunction of [MA]k and [ME ]k (Line 2). A conjunction
operation of all assumptions in the interacting digital system
is performed according to Equation (5) (Line 3). The algo-
rithm then formulates the perceived behavior of the interacting
digital system by following Equation (6) (Line 4). To check
whether the expected behavior matches the perceived behavior,

Algorithm 1 Explainer (ME , MA, ΓE , ΓA, ΓC)
1: E ← ∅.
2: [MC ]k ← [ME ]k ∧ [MA]k.
3: [Γ]k ← [ΓA]k ∧ [ΓE ]k ∧ [ΓC ]k.
4: [BC ]k ← [MC ]k ∧ [Γ]k.
5: while CHECK SAT([BC ]k) = UNSAT do
6: ΓV ← ExtractConflictingAssumptions().
7: OrderConflictingAssumptions(ΓV ,weights).
8: ΓR ← RemoveAssumption(ΓV ).
9: E ← E ∪ ΓR.

10: [BC ]k ← [MC ]k ∧ [Γ \ E ]k.
11: end while
12: return E .

the algorithm performs a BMC check on [BC ]k (Line 5). If the
result is UNSAT, it indicates that the system behaved unexpect-
edly and that an explanation is needed. The algorithm extracts
the conflicting assumptions ΓV ⊆ ΓE ∩ U , where U is a—
not necessarily minimal or unique—unsatisfiable core (Line
6). The set ΓV serves as the basis from which the explainer
generates the explanation E using a greedy approach. To de-
termine this subset, the explainer performs the following steps
(Lines 7 to 10):

1) Apply a weighting strategy w over ΓV to identify the
conflicting assumptions that have the greatest impact on
the system’s unexpected behavior.

2) Remove the highest-weighted assumption from ΓV . The
removed conflicting assumptions are collected in the set
ΓR.

3) Update the explanation and belief: Add ΓR to E , and up-
date the perceived behavior using the revised assumption
set.

4) Repeat steps 2 and 3 while the following formula is
unsatisfiable:

[BC ]k = [MC ]k ∧ [Γ/E ]k.

The explanation is returned in (Line 12). What makes this
explanation causal is that it establishes a relation between
the cause (the conflicting assumptions) and their effect (the
inconsistency), making it clear which conflicting assumptions
caused the inconsistency. Moreover, our explanation is coun-
terfactual as well, because it works on exploring alternative
scenarios showing that if a minimal set of conflicting assump-
tions are removed, the inconsistency resolves. This process
of eliminating problematic assumptions explores the existence
of counterfactual situations by answering the question ”what
would happen if this assumption is not included” and by prov-
ing that the system would be consistent without it, confirming
that an alternative set of assumptions would resolve the is-
sues. Thus, the algorithm implements a form of counterfactual
reasoning. In practice, there may be several potential mini-
mal explanations, each of which would restore consistency
by collecting a different group of conflicting assumptions.
Currently, our algorithm uses a heuristic ordering technique to
choose one such explanation. However, exploring all minimal
explanations remains an area for future exploration. The source
code implementing the proposed algorithm, together with all
experimental setups, is publicly available [39].
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Fig. 1. Illustration of the interaction between a wind park (controlling system)
and a wind turbine (controlled system) within an explanatory framework.

VI. CASE STUDIES

To demonstrate our framework, we provide two examples
that illustrate its application in generating explanations.

A. Wind Park & Turbine

The wind park acts as the addressee, issuing commands to
the turbine, which acts as the explainer, executing commands
subject to internal and environmental conditions (e.g., wind
speed, battery power).

1) Interaction Model: Figure 1 illustrates the interaction
when the park issues a command based on power demand, the
turbine processes this command along with sensor inputs. The
park perceives only three outward states (shutdown, reduced
speed, normal operation) representing the turbine’s expected
behavior from the park perspective, whereas the turbine tran-
sitions through additional internal states (e.g., power ramp up,
power ramp down, synchronization connect, synchronization
disconnect, acceleration, deceleration, blade adjustment and
yaw alignment) to realize these observed behaviors.

2) Assumptions: ΓA represents the commands issued by
the park to the turbine. ΓC represents the synchronization
assumptions that link the park’s commands with the turbine’s
observable outputs. ΓE represents the turbine’s own assump-
tions, including environmental and internal conditions such as
wind speed and battery power.

3) Mismatch Example: A mismatch arises when the park
requests normal operation while wind speed exceeds the thresh-
old of 100m/s; the turbine enters blade adjustment mode in-
stead. The turbine identifies “wind speed > 100m/s” as the
conflicting assumption and reports it to the park. This forms
the basis of an explanation according to our framework.

B. Traffic Controller & Autonomous Vehicles

We next consider a centralized traffic controller and multiple
autonomous vehicles traveling in sequence along the same
direction. In this setting, the traffic controller acts as the ad-
dressee, while each vehicle functions as an explainer.

1) Interaction Model: The controller issues traffic com-
mands based on external demand, while each vehicle pro-
cesses these commands alongside its own local conditions
such as pedestrian detection, lane occupancy, road friction,
and battery health. The traffic controller can issue three out-
ward commands (stop, slow, and proceed). These commands
define the expected behavior of vehicles from the controller’s
perspective. Hence, the addressee’s model MA is abstract,

TABLE I
ASSUMPTIONS OF THE WIND PARK SCENARIO

Γ Description

ΓA. 1) The wind park issues a persistent command (Normal Operation).

ΓC . 1) Turbine outward states are exclusive (Shutdown, Reduced Speed,
Normal Operation).

2) If the park issues a Normal Operation command, the turbine must
operate in Normal Operation.

ΓE . 1) Wind speed exceeds the threshold (wind_speed > 100 m/s).
2) Battery power is within safe limits (battery_power > 10%).
3) If wind speed exceeds the threshold, the turbine must transition to Blade

Adjustment.
4) If battery power falls below the threshold, the turbine transitions to

Reduced Speed mode.

TABLE II
ASSUMPTIONS OF TRAFFIC SCENARIO

Γ Description

ΓA. 1) The traffic controller issues a persistent command (PROCEED).

ΓC . 1) Vehicle outward states are exclusive (STOP, SLOW, PROCEED).
2) If the controller issues PROCEED, both vehicles are expected to

outwardly PROCEED.
3) Safety coupling: if Vehicle 1 stops, then Vehicle 2 must also stop.

ΓE . 1) Vehicle 1 detects a pedestrian (ped1=1).
2) Vehicle 2 does not detect a pedestrian (ped2=0).
3) If a pedestrian is detected, the vehicle must outwardly STOP.
4) Lane ahead of Vehicle 1 is free (occ1=0).
5) Lane ahead of Vehicle 2 is free (occ2=1).
6) If a vehicle outwardly stops, its lane is assumed occupied.
7) Road friction sufficient for Vehicle 1 (friction_ok1=1).
8) Road friction sufficient for Vehicle 2 (friction_ok2=1).
9) Battery functional for Vehicle 1 (battery_ok1=1).

10) Battery functional for Vehicle 2 (battery_ok2=1).

consisting of only three states corresponding to the outward
commands. In contrast, each vehicle’s model ME includes
nine internal states (idle, align, gap assess, accel, sync merge,
cruise, crawl, hold, and brake). The transitions between these
states depend not only on the controller’s commands but also
on environmental assumptions, e.g., whether a pedestrian is
detected, a lane is occupied, road friction is sufficient, and
the vehicle’s battery is functional. This demonstrates how in-
completely specified behavior can (1) be sufficient within our
conceptual framework for explanation, (2) temporal assump-
tions are used to further constrain the (expected) behavior, and
(3) the framework handles more than two systems.

2) Assumptions: ΓA represents the commands issued by
the traffic controller to the vehicles. ΓC represents the syn-
chronization assumptions that align the controller’s commands
with the vehicle’s outward responses. ΓE represents the ve-
hicles’ own assumptions, including environmental and safety
conditions such as pedestrian detection, lane occupancy, road
friction, and battery status.

3) Mismatch Example: A mismatch arises when the con-
troller issues a proceed command, but a pedestrian is detected,
so the vehicle transitions to brake. From the controller’s per-
spective, this represents an unexpected deviation. The frame-
work then requires the vehicle to generate an explanation by
identifying the violated assumption (“pedestrian detected”) that
caused the mismatch.



VII. EXPERIMENTAL RESULTS

We show the explanatory performance of our approach by
illustrating two test scenarios based on the case studies in-
troduced previously. These scenarios evaluate how well the
system’s explanations align with the perceived behavior of the
interacting components. We focus on the scenarios when the
system’s expected behavior mismatches the actual observed
behavior, so an explanation is needed.

A. Wind Park Control & Wind Turbine

In this experiment, we implement the mismatch scenario of
Section VI-A3. Table I shows the assumptions. The UNSAT
core is {ΓA.1,ΓC .2,ΓE .3}. So the algorithm considers the
conflicting assumption in ΓC as an explanation target T , then
follows the four reconciliation steps described in Section V,
considering that the violated assumptions are stored in a vector.
After removing ΓE .1, none of the remaining assumptions in
the vector are violated and T is satisfied, indicating that E
contains the conflicting assumption in ΓE .

B. Traffic Controller & Autonomous Vehicles

This experiment implements the mismatch scenario of Sec-
tion VI-B3 using the assumptions in Table II. The UNSAT
core is {ΓA.1,ΓC .2,ΓE .1,ΓE .3}, resolved by E = {ΓE .1}.
The test results show that in mismatch cases, the algorithm
can successfully isolate the responsible assumptions and return
them as an explanation.

C. Scalability of the Explanation Algorithm

Let us consider QA as the finite set of states for the ad-
dressee’s model, while QE is the finite set of states for the
explainer’s model.

1) Depth scaling: We extend the wind park scenario to
evaluate the explanation algorithm under increasing k. We
constructed four versions of the composite model MC , each
with QA = 3 and varying values of QE : 10, 17, 24, and
31 states, respectively. These represent increasingly detailed
turbine models, each covering more operational scenarios.

• 1st configuration: The baseline model described in Sec-
tion VI, which includes the following states: normal oper-
ation, power ramp up, power ramp down, synchronization
connect, synchronization disconnect, acceleration, decel-
eration, reduced speed, blade adjustment, yaw alignment,
and shutdown.

• 2nd configuration: Extends the baseline by adding states
such as rotor position verification, dynamic balance check,
subsystem self-test, sensor recalibration, power system
pre-check, and control logic initialization.

• 3rd configuration: Further adds wind speed evaluation,
grid pre-synchronization check, brake release, bearing
warm-up, pitch calibration, inertia synchronization, volt-
age regulation, and frequency matching.

• 4th configuration: Further enriches the model with rotor
position verification, dynamic balance check, subsystem
self-test, sensor recalibration, power system pre-check,

TABLE III
SCALABILITY UNDER INCREASING MODEL COMPLEXITY (EXAMPLE 1).

|QE | |QA| CPU [s] Memory [MB] SMT Clauses SMT Vars k

10 3 0.22 25 4,931 1,063 7
17 3 2.42 36 83,325 3,219 14
24 3 33.38 62 575,346 6,992 21
31 3 71.52 102 531,517 11,871 28

control logic initialization, and safety systems engage-
ment.

These modifications preserve the turbine model’s semantics
while enlarging the decision space, enabling a controlled scal-
ability evaluation. The SMT model encodes both Mealy states
and environmental variables (e.g., wind speed, battery status),
which shape guards and transitions. The bound k (Table III)
grows with behavioral complexity, reflecting longer traces.
Solver metrics (Table III) show CPU and memory rising with
|QE |; SMT variable count grows consistently, while clauses
fluctuate due to solver optimizations.

2) Breadth Scaling: For breadth scalability, we evaluate
the traffic scenario by increasing the number of autonomous
vehicles from 1 to 10, while keeping each vehicle’s internal
model fixed (|QE | = 9). Unlike the turbine setting, the bound
k remains constant at 11, since the per-vehicle progression
depth does not change. Solver metrics (Table IV) show that
CPU time and memory usage grow nearly linearly with the
number of vehicles. Clause and variable counts also scale pro-
portionally with the number of vehicles, reflecting the additive
nature of parallel models.

The algorithm consistently produced correct explanations
across all cases, indicating that the approach remains robust
under both breadth and depth scaling.

TABLE IV
SCALABILITY UNDER INCREASING MODEL COMPLEXITY (EXAMPLE 2).

Vehicle No |QE | |QA| CPU [s] Memory [MB] SMT Clauses SMT VAR k

1 9 3 0.07 54.50 1,952 737 11
2 18 3 0.14 56.00 3,582 1,353 11
3 27 3 0.20 59.39 5,195 1,969 11
4 36 3 0.26 62.88 6,951 2,585 11
5 45 3 0.30 66.27 8,701 3,201 11

10 90 3 0.60 87.82 17,115 6,281 11

VIII. CONCLUSION

We demonstrated the capability of our framework and algo-
rithm to automatically explain mismatches between expected
and perceived behavior. Two case studies underpin the ca-
pabilities of the approach in system modeling. Future work
includes the exploration of other self-explanation aspects and
on real-time application for self-explanation.

For other self-explanation aspects, the conceptual frame-
work can be modified to, e.g., explain inconsistencies in other
parts of the models beyond assumptions. By this, explanations
may describe model transformations or situations to be avoided.

For real-time application in a self-explaining system, solv-
ing intermediate BMC instances is infeasible. Instead we plan
to explore storing pre-computed explanations for expected prob-
lematic situations.
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