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1. Introduction

The increasing complexity of autonomous sys-
tems, especially self-adaptive, is affected by ma-
chine learning (ML) because of their adapting
behavior based on external data, often resulting
in “black-box* models that are difficult to inter-
pret. This lack of transparency interferes with
decision-making and with costs for engineers. To
overcome this challenge, this work presents eX-
planation Driven self-Adaptation v2 (XDAv2),
an extension of a previous approach presented by
Negri, Nicolosi, et al. called eXplanation Drive
self-Adaptation (XDA) [6]. XDAv2 incorporates
model-agnostic and interpretable ML techniques
to enhance the explainability of the adaptation
process, making it easier for engineers to under-
stand and manage system behavior. The ap-
proach is integrated within the MAPE-K loop,
a feedback system for self-adaptive behavior |7,
and introduces two key components: an of-
fline pre-processor to establish system knowl-
edge, that is extended with a new feature rank-
ing module using SHAP and permutation fea-
ture importance [4, 5] is introduced to iden-
tify and prioritize the most critical features for
system performance and an online white-box
optimizer to select the best adaptations based

on the environment using Partial Dependence
Plots (PDPs) [5]. XDAv2 is evaluated through
empirical evaluations using three case studies
(robotics, autonomous flight, and autonomous
driving) and compared with different baselines
demonstrating its applicability and adaptability
in diverse contexts.

2. Methods

This section explores the challenges of manag-
ing the environment and state of an autonomous
system in the context of multi-objective opti-
mization and the proposed approach used to ad-
dress these challenges. The environment is rep-
resented by Observable Features (OF), such as
weather or road conditions, which are outside
the system’s control. In contrast, the Control-
lable Features (CFs) represent the aspects the
system can manipulate to meet its goals. To-
gether with the system’s requirements, these el-
ements form the system’s operating condition at
any given time.

Due to the multi-objective nature of the prob-
lem, where the system must satisfy multiple re-
quirements simultaneously, NSGA-III and Fitest
were selected to have solid baselines. NSGA-
IIT is a generative algorithm and is designed for



multi-objective optimization [2]. At the same
time, FITEST generates ideal test cases that
cover various objectives, particularly in identi-
fying undesired interactions between system fea-
tures [1].

2.1. Offline Pre-processor
2.1.1 Algorithm for PDP and SPDP

Generation

The offline pre-processor builds on the set of
trained classifiers M by generating Partial De-
pendence Plots (PDPs) that reveal how each fea-
ture affects the prediction of the classifiers. For
each feature C'F; and requirement M;, a par-
tial dependence plot PDP;; is created, display-
ing how different values of C'F; influence the sat-
isfaction of Mj. Using a scoring function, each
feature C'F; is evaluated across models, where
the score is calculated by multiplying individ-
ual conditional expectation curves across models
(Algorithm 1).

Algorithm 1: Generation of PDP and
SPDP
Input: Set of classifiers

M ={M,...,M,}, Set of
controllable features
CF ={CF,...,CF,}

Output: Set of PDPs PDP =
{PDP;jVi=1.n,j =1..m},
Set of m summary PDPs
SPDP =
{SPDP,..
Set PDP < ()
Set SPDP « ()
for i + 1 ton do
for j « 1 to m do
L PDP;j + buildPDP(M;, CF})

.,SPDP,,}

(=N BN I

PDP « updateSet(PDP, PDP;;)

end

~

end

for j «+ 1 to m do

10 scorej <

buildScoreFunction(PDP;j, ..., PDP,;)
SPDP < updateSet(SPDP, score;)

11 end

©

2.1.2 Feature Ranking with SHAP and
Permutation Importance

Two algorithms, SHAP, and permutation fea-
ture importance rank controllable features C'F.
SHAP values provide a global view of feature
importance across models M, ordering CFI by
cumulative SHAP value for each feature. The
SHAP ranking algorithm averages SHAP values
per classifier, accumulating them for a global
ranking (Algorithm 2).

Algorithm 2: Approximate Shapley Es-
timation for Single Feature Value
Input: Number of iterations M, instance
of interest z, feature index 7,
data matrix X, and machine
learning model f
Output: Shapley value for the value of
the j-th feature
1 for m <+ 1 to M do

2 Draw random instance z from the
data matrix X

3 Choose a random permutation o of
the feature values

4 Order instance x:
o= (z(1),...,2(j),...,z(p))

5 Order instance z:

2o = (2(1),...,2(j),. .., 2(p))
Construct two new instances:
With j :1;;L = (x(1),...,z(5 —

1),2(j),2(j +1),...,2(p))

8 Without j: z; = (z(1),...,2(j —
1),2(j),2(j +1),-.-,2(p))
9 Compute marginal contribution:

¢ = f(z]) = f(z})

10 end
11 return Shapley value as the average:

bj(x) = 17 Yoy O

Permutation importance sums the averages of
feature impacts across requirements, also re-
ordering C'FI by overall importance (Algo-
rithm 3).

2.2. Online White-box Optimizer

The online optimizer activates if a requirement’s
satisfaction is below a threshold P. It records
the current state (CF, OF) and generates new
values CF" based on offline pre-processor data,
aiming to achieve a true class label probability



Algorithm 3: Estimate Feature Impor-
tance Using Permutation

Input: Trained model f , feature matrix
X, taArget vector y, error measure
L(y, f)
Output: Sorted feature importance
scores
1 Estimate the original model error:

A

€orig = L(y7 f(X))
for each feature j € {1,...,p} do
3 Generate feature matrix Xperm by
permuting feature j in the data X
4 Estimate error:

€perm = L(ya f(Xperm))
5 Calculate permutation feature
importance:

e As quotient: F'I; =

N

€perm
€orig
e Or as difference: FI; = eperm — €orig

6 end
return Sorted features by descending F'I

BN

above P.

Climbing Step This initial adaptation finds
k neighbors of (CF,OF) in the training set D,
adjusting controllable features to maximize re-
quirement satisfaction. The algorithm identifies
the feature C'F}, that maximizes the satisfaction
score and modifies it accordingly.

Descending Step This refinement of adapta-
tion aims to improve satisfaction probabilities
while maintaining P over a certain threshold
for all requirements, adjusting values (adding or
subtracting a value A depending on optimiza-
tion direction) in the order of importance as
determined by SHAP and permutation impor-
tance.

2.3. Profiling and Optimization

Using Python’s cProfile to collect data on
the execution of the code, the main adapta-
tion function (findAdaptation) was optimized
by consolidating multiple feature updates within
each call. Additionally, tracemalloc was used
to monitor peak memory usage, enabling a vi-
sual comparison of memory consumption across
tests, which helped identify and address memory
inefficiencies.

This process optimizes both time and memory
usage for adaptation, balancing computational
load with the need for accurate feature optimiza-
tion in real-time scenarios.

3. Evaluations

Three research questions were selected to make
evaluations of the accuracy and efficiency of
XDAv2:
RQ1: What is the effectiveness of XDA
compared to our selected baselines in terms
of predicted and actual satisfaction of re-
quirements?
RQ2: What is the cost of the Online white-
box optimizer in terms of memory and
time?
RQ3: What is the cost of the Offline pre-

porcessor in terms of memory and time?

RQ1 The evaluation began by assigning 200
initial values across the variable space for each
system, representing an operational scenario
that led to at least one unmet requirement. Two
primary metrics were used to analyze the effec-
tiveness of different optimization algorithms in
addressing RQ1.

1. Satisfaction Likelihood: For each require-
ment R;, given a specific configuration of observ-
able features OF and a chosen adaptation C'F*,
this metric quantifies the probability (from the
black-box classifier M;) that the requirement is
met under the given conditions:

Py, (y = true | (CF*, OF)).

2. Success Rate: This metric represents the
proportion of scenarios in which a requirement
R; is met under simulated conditions. It is cal-
culated as the number of instances in which
(CF*,OF) satisfies R; over the total number of
conditions X.

The success rate focuses on observed simulation
outcomes, providing a grounded, empirical mea-
sure of algorithm effectiveness. In this analysis,
XDAv2 and XDA rely on a defined neighbor-
hood size k (set to 10) for finding similar config-
urations. This value balances effectiveness and
computational cost, with Faiss library optimiza-
tions applied exclusively to XDAv2 for efficient
nearest-neighbor searches [3|, thus reducing time
and memory usage.
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Figure 1: Satisfaction likelihood of rescue robot
requirements

Multiple multi-objective optimization algo-
rithms were tested for a consistent comparison,
each fine-tuned to achieve comparable baseline
performance. Key settings include:

e NSGA-III: Population size set to match
reference directions, a constraint tolerance
of 1075, and a 100-generation limit.

e FITEST: Tuned to match the population
size of NSGA-III, the number of objec-
tives, and a minimum satisfaction proba-
bility threshold of 0.8 for each requirement
R;.

For the rescue robot XDAv2 shows the highest
average confidence in meeting two out of four
requirements, while the other two requirements
show comparable results across algorithms (Fig-
ure 1).

For the UAV XDAv2 demonstrates confidence
levels comparable to other algorithms across all
requirements. For the autonomous vehicle re-
sults mirror the UAV case, with XDAv2 main-
taining similar confidence levels across require-
ments.

The success rates for each algorithm across dif-
ferent systems (rescue robot, UAV, and au-
tonomous driving) show that XDAv2 consis-
tently achieves equal or greater success rates
than FITEST and NSGA-III, though it is typi-
cally equal to or slightly lower than XDA base.

RQ2 To address RQ2, the costs of the online
white-box optimizer were evaluated, collecting
data for all 200 tests and comparing it with the
execution times of XDA, NSGA-III, Fitest, and
Random.

Execution time was measured using Python’s
time package, which records the start and end
times for each test and calculates total execution
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Figure 2: Execution times of rescue robot with
double the number of controllable features

time as:

Metric 3: timeiorqr = timeeng — timegyare (sec-
onds).

Two test setups were selected for comparison:
the first used the system’s original number of
controllable features, while the second doubled
this count by converting some observable fea-
tures to controllable ones. This allowed for an-
alyzing the effect of increased workload.

In the standard configuration, XDAv2 (SHAP
and FI) showed an initial speed-up over base
XDA, as well as a more substantial speed-up
compared to FITEST and NSGA-III. When
controllable features were doubled (e.g., rescue
robot double, UAV double), the advantage of
XDAv2 SHAP and FI became even more pro-
nounced. For the rescue robot double scenario,
NSGA-III was excluded due to excessive mem-
ory requirements (approximately 18.9 GB), ex-
ceeding the 8 GB available on the testing system.
Across all tests, XDAv2 achieved execution
times on the order of 1072 seconds in the stan-
dard setup, while XDA averaged around 107!
seconds. FITEST and NSGA-III, in contrast,
operated on a second-scale range for standard
controllable feature counts (4 for rescue robot,
3 for UAV, and 1 for autonomous driving). In
cases where controllable features doubled (8 for
rescue robot, 6 for UAV, and 2 for autonomous
driving), XDAv2 maintained times around 1071
seconds, while XDA remained under one minute,
and FITEST and NSGA-III extended to minute-
long execution times (Figure 2).

Percentage speed-ups are used to calculate the
reduction in execution time relative to the base-
line achieved by XDAv2 SHAP and FI. Posi-
tive values indicate improved performance, while
negative values denote slower performance.



The results indicate a clear increase in speed-up
for XDAv2 SHAP and FI as controllable feature
count and requirements increase. For example,
in the UAV and UAV double scenarios (with 3
controllable features and 12 requirements, and
6 controllable features and 12 requirements, re-
spectively), XDAv2 SHAP’s speed-up over XDA
increased from 284.30% to 15,961.63%. Simi-
larly, in the rescue robot and rescue robot dou-
ble tests (with 4 controllable features and 4 re-
quirements, and 8 controllable features and 4 re-
quirements), speed-up rose from 2,953.33% to
7,194.45%.

Memory usage was assessed using Python’s
tracemalloc package, which recorded peak
memory allocation for each test.

Metric 4: Peak memory allocated by the algo-
rithm during adaptation search (megabytes).
Percentage difference of memory allocation is
used to compare XDAv2 SHAP and FI to XDA,
FITEST, Random, and NSGA-III. Negative val-
ues indicate lower memory usage for XDAv2,
while positive values indicate greater usage.
Generally, XDAv2 SHAP and FI displayed mem-
ory efficiency, with negative percentages in most
cases. For instance, in the rescue robot sce-
nario, both XDAv2 methods achieved an 89%
reduction in memory allocation compared to
other algorithms, and similar efficiencies were
observed in the UAV and autonomous driving
cases. The exception was the rescue robot dou-
ble scenario, where XDAv2 SHAP and FI used
9.73% more memory. Although FITEST and
NSGA-III achieved memory savings, NSGA-III
was infeasible for the "Robot Double" scenario
due to excessive memory demands exceeding
system capacity. The Random algorithm used
the least memory, requiring only a single array
to randomly adjust controllable feature values.

RQ3 Following the profiling of the online
white-box optimizer, the next step involved pro-
filing the offline pre-processor, responsible for
building the knowledge base by creating the
PDPs and SPDPs, and performing feature rank-
ing using SHAP and permutation feature impor-
tance. This profiling aimed to observe the mem-
ory and time costs at system deployment, assess-
ing whether this phase is resource-intensive.

To obtain robust data for analysis, the construc-
tion of PDP and SPDP was repeated 20 times,

PDP and SPDP time execution
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Figure 3: Execution times PDPs and SPDPs
construction

creating multiple profiling instances for both ex-
ecution time and peak memory usage.

In the offline phase, immediately after training
the models to meet the requirements, the mod-
els are passed to a function that constructs a
PDP and an SPDP for each requirement and
each controllable feature. Both execution time
and peak memory allocation were recorded for
each construction.

Metric 5: Execution time for constructing
PDPs and SPDPs for each machine learning
model (seconds).

As the number of features and requirements in-
creases (e.g., in UAVDouble), the execution time
also rises, potentially causing delays during sys-
tem deployment, particularly in complex sys-
tems. This phase is critical, as it demonstrates
how feature variations affect the fulfillment of
requirements (Figure 3).

Metric 6: Peak memory allocated during the
creation of PDPs and SPDPs for each machine
learning model (megabytes).

Following the construction of PDPs and SPDPs,
the feature ranking phase starts, using control-
lable features and models representing the re-
quirements. For each requirement, both SHAP
and permutation feature importance rank each
controllable feature, and the execution time and
peak memory usage were recorded for each re-
quirement.

Metric 7: Execution time of SHAP and permu-
tation feature importance ranking for each ma-
chine learning model (seconds).

SHAP incurs a significantly higher execution
time compared to permutation feature impor-
tance for the Logistic Regression and Neural
Network models while remaining comparable for
other models (Figure 4).



Model Execution Time for Fl and SHAP

Figure 4: Execution times SHAP and permuta-
tion feature importance

Metric 8: Peak memory allocated by SHAP
and permutation feature importance during fea-
ture ranking for each machine learning model
(megabytes).

Memory usage patterns mirror previous results,
with SHAP showing a pronounced peak in mem-
ory usage for the Logistic Regression and Neu-
ral Network model while being comparable with
other models.

4. Conclusions

This thesis introduces XDAv2, an enhanced ver-
sion of the XDA approach that integrates model-
agnostic interpretable machine learning within a
MAPE-K control loop. XDAv2 improves the in-
terpretability and explainability of system mod-
els through two key components: an offline pre-
processor and an online white-box optimizer.
XDAv2 includes a feature ranking module in the
offline pre-processor, utilizing SHAP and permu-
tation feature importance algorithms to identify
the most influential features on system require-
ments.

To assess the performance of XDAv2, 18 empir-
ical experiments were conducted, each compris-
ing 200 tests across three experimental scenar-
ios: rescue robot, UAV, and autonomous driv-
ing. For each scenario, constraints were progres-
sively increased in three levels (no label, v2, and
v3), with additional tests conducted by doubling
the controllable features.

The results demonstrated that XDAv2 is highly
effective, outperforming XDA and baseline
methods (e.g., FITEST, NSGA-III). The exe-
cution time of the offline pre-processor is min-
imal, except for SHAP, which caused delays
in some models. XDAv2 showed impressive

speedups, achieving up to 18,776.81% over XDA,
169,933.72% over FITEST, and 26,096.41% over
NSGA-III. Additionally, memory usage was re-
duced by 60.1% compared to XDA, 99.04% com-
pared to FITEST, and 86.63% compared to
NSGA-III.

XDAv2 stands out for its time and memory
efficiency. Average execution times remained
under 107! seconds (or 1072 seconds for tests
with deployment-level features), and memory
savings were significant compared to the base-
lines. XDAv2’s scalability was demonstrated
through its performance with more complex
models, where execution time increases were less
pronounced compared to XDA. For instance, in
the rescue robot scenario, XDAv2’s execution
time increased by only 3.84%, while XDA'’s in-
creased by 9.15%. Similar improvements were
observed for the UAV and autonomous driving
scenarios.

While the offline pre-processor introduces over-
head during deployment, this can be managed,
as XDAv2 maintains efficiency even with in-
creased system complexity.
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