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Adaptive data provisioning is a key challenge in modern systems operating over heterogeneous and dynamic
data sources, where multiple providers may offer the same functionality with evolving quality characteristics.
Existing approaches typically perform data source selection at each invocation based on current context and
quality constraints. While this strategy maximizes responsiveness, it introduces runtime overhead and may
lead to unstable behavior under noisy or delayed observations. The paper proposes ARES, a configuration-
driven architecture for adaptive data provisioning. The approach elevates data source selection to an explicit
architectural concern by separating the set of available providers from the active runtime configuration used
to resolve requests, which is maintained over time and updated according to externally defined policies. We
evaluate ARES through a controlled simulation involving multiple data sources with dynamic quality profiles.
Preliminary results suggest that ARES can substantially reduce decision cost while maintaining acceptable
levels of execution quality under the considered conditions. Moreover, configuration-level decisions exhibit
higher effectiveness, enabling more robust adaptation despite imperfect estimated information. These findings
provide initial evidence that configuration-level decision strategies may represent a promising architectural

direction for balancing decision cost, execution quality, and adaptation stability in dynamic environments.

1 INTRODUCTION

Modern software systems increasingly operate in en-
vironments where the same information can be ob-
tained from multiple heterogeneous and dynamically
evolving data sources. This is particularly evident in
mobile, IoT, and edge-based systems, where wear-
able sensors, smart devices, cloud services, and user-
provided inputs coexist and provide alternative ways
to obtain the same capability. Recent cloud-edge col-
laborative architectures further emphasize the need
for adaptive QoS-aware resource and provider man-
agement under dynamic operational conditions (Fang,
2025). While this multiplicity enhances flexibility
and resilience, it introduces significant architectural
complexity, as data sources exhibit heterogeneous and
time-varying non-functional properties such as relia-
bility, latency, and availability (Atzori et al., 2010; Shi
et al., 2016; Satyanarayanan, 2017).

Recent visions such as the Cognitive Computing
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Continuum further highlight the emergence of highly
dynamic distributed ecosystems in which heteroge-
neous cognitive devices autonomously collaborate
across cloud, edge, and opportunistic networks while
continuously adapting to environmental changes and
QoS constraints (Ferrer et al., 2021). In these envi-
ronments, service provisioning decisions cannot rely
solely on static infrastructures or short-lived run-
time optimizations, since providers, connectivity con-
ditions, and resource availability may continuously
evolve over time.

A central challenge in these systems is therefore
not only what information is required, but also ow it
should be obtained and when decisions about provider
selection should be taken. Existing approaches typ-
ically perform data source selection at each invoca-
tion based on current context observations and quality
constraints. While this maximizes responsiveness, it
introduces runtime overhead and may lead to unsta-
ble behavior under noisy or delayed observations (Al-
rifai and Risse, 2009; Herrera et al., 2023). Recent
work on continuous QoS-aware adaptation in Cloud-
IoT systems has also highlighted the importance of
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limiting unnecessary re-optimization and preserving
stable placements over time (Russo et al., 2024).

In parallel, research on self-adaptive systems has
provided mechanisms for monitoring, analysis, and
runtime reconfiguration, often structured around feed-
back loops such as MAPE-K. Surveys confirm the
maturity of this area, highlighting extensive work
on optimizing system behavior under dynamic con-
ditions through continuous adaptation and decision-
making (Wong et al., 2022; Krupitzer et al., 2015).
However, although these approaches support runtime
adaptation and long-term reconfiguration, the tempo-
ral persistence of selection decisions and the explicit
modeling of decision validity over time are often not
treated as primary architectural design dimensions.

Similarly, digital twin technologies provide syn-
chronized virtual models to support monitoring, pre-
diction, and proactive decision-making in IoT and
cyber-physical systems (Hakiri et al., 2024). Nev-
ertheless, existing approaches remain largely entity-
centric, focusing on individual resources rather than
supporting architectural reasoning over alternative
providers and their selection over time. Existing
approaches optimize which provider to select, but
largely overlook when decisions should be taken and
how long they should remain valid. To address this
gap, we introduce ARES (Adaptive Runtime Execu-
tion over heterogeneous Sources), a configuration-
driven architectural approach for adaptive data pro-
visioning. The key idea is to elevate data source se-
lection from per-invocation decisions to a persistent
architectural configuration, maintained over time and
updated at explicitly defined points according to ex-
ternal policies. In this context, persistence does not
imply static deployment, but rather the explicit main-
tenance of provider-selection decisions across multi-
ple invocations.

ARES adopts a configuration-driven perspective in
which provider-selection decisions persist over time
and are revised through explicit policies. This sepa-
ration between execution and adaptation enables rea-
soning not only about which provider is optimal at a
given time, but also about the trade-off between deci-
sion frequency, execution quality, and system stabil-
ity. In particular, ARES makes explicit the temporal
dimension of decision making, typically implicit in
existing approaches. In ARES, the temporal dimen-
sion refers to explicitly modeling i) when provider-
selection decisions are re-evaluated and ii) how long a
selected configuration remains active before reassess-
ment. More importantly, it introduces when decisions
are taken and how long they remain valid as first-class
architectural design dimensions.

The paper presents an initial architectural explo-
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ration of persistent configuration decisions for adap-
tive data provisioning. In particular, the contributions
of this work are:

* A configuration-driven architectural model that
elevates data source selection to a persistent and
explicit architectural concern.

* A two-level adaptation model separating configu-
ration decisions from data production and quality
management.

* A policy-driven adaptation framework, enabling
customizable decision strategies.

The evaluation, conducted in a controlled digi-
tal health monitoring scenario, shows that ARES re-
duces decision cost by more than one order of magni-
tude while maintaining comparable execution quality.
These preliminary results highlight that the placement
and frequency of decision-making may represent rel-
evant architectural design parameters.

2 ARES ARCHITECTURE

This section introduces ARES, an architectural ap-
proach for adaptive data provisioning in environments
with heterogeneous data sources offering the same in-
formation under varying quality conditions. ARES is
grounded on three principles: (i) treating data source
selection as a configuration-level concern, (ii) sep-
arating candidate providers from the active runtime
configuration, and (iii) distinguishing global deci-
sions (which provider to select) from local ones (how
data is produced and maintained).

2.1 Architectural Model

ARES is built on a set of architectural abstractions
treated as first-class entities (Figure 1). These define
a capability-driven model that decouples application
requirements from concrete providers while enabling
reasoning about data quality, context, and adaptation.

Tasks. A rask represents an application-level re-
quest enriched with quality requirements:

t = (¢, KPly)

where c is the required capability and KPI,., denotes
quality constraints. Tasks express application needs
declaratively, without referring to concrete providers,
thus decoupling application logic from data provi-
sioning.
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Figure 1: Architectural model of ARES.

Example: A monitoring application may require ob-
taining the patient’s heart rate with a reliability of
at least 0.9 and within a response time of at most 2
seconds.

Capabilities. A capability specifies what informa-
tion is required, independently of how it is obtained.
ARES adopts a unified model covering both domain-
level and system-level concerns, enabling application
data and environmental observations to be handled
within the same abstraction.

Example: A monitoring application may require do-
main capabilities such as getBloodPressure
and getHeartRate, while the system may rely
on capabilities such as getBandwidth and
getBatteryLevel to observe environmental
conditions.

Data Sources. A data source is an abstraction rep-
resenting an entity that provides one or more capa-
bilities. Multiple data sources may offer the same
capability with different quality. ARES does not as-
sume that providers are strictly equivalent. Instead,
providers expose alternative ways of obtaining in-
formation that satisfy the same application-level in-
tent while exhibiting potentially different quality pro-
files, contextual limitations, and operational charac-
teristics. This abstraction decouples provider selec-
tion from runtime realization, enabling different data
provisioning and quality management strategies with-
out affecting the rest of the architecture.

Example: The capability get HeartRate may be
provided by a smartwatch (high accuracy, limited
availability), a cloud service (medium accuracy,
high availability), or manual input (low accuracy,
always available).

Capability-Data Source Associations. For each
capability ¢, ARES maintains the set of candidate data
sources that can provide it:

Assoc(c) = {(dsi,KPlL )}

where ds; is a candidate data source and KPI; . de-
notes the quality profile of ds; when providing capa-
bility c¢. Each association captures the quality profile
of a data source for a given capability, explicitly rep-
resenting alternative providers and their trade-offs.

Example: For the capability getHeartRate, a
smartwatch may exhibit high reliability and accu-
racy but limited availability, a cloud service mod-
erate accuracy with high availability, and manual
input lower reliability but full availability.

Active Configuration and Mapping. ARES main-
tains a single active configuration:

M:C—=D

At runtime, requests are resolved through M(c),
without per-invocation re-selection. This design sep-
arates decision-making from execution, ensuring pre-
dictable and lightweight runtime behavior while del-
egating adaptation to policy-driven mechanisms.
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Example: If getHeartRate is mapped to a
smartwatch, all requests are resolved through it
without re-selection. Changes occur only when the
configuration is updated by the adaptation mecha-
nism.

Confidence-Aware Results. A capability invoca-
tion returns:

result = (value,confidence)

The confidence reflects the estimated confidence
level associated with the produced data, derived from
the quality profile of the selected data source and cur-
rent context conditions.

Example: A heart rate acquisition is 72 bpm from a
smartwatch and may have confidence 0.95, while the
same value from manual input may have confidence
0.6.

2.2 Policy-Driven Adaptation

ARES adopts a two-level adaptation model driven by
externally defined policies. At the global level, con-
figuration policies determine when and how the map-
ping M is updated, while at the local level, data source
policies control how data is produced and how quality
estimates evolve over time.

The two levels are loosely coupled but interact
through quality estimates and contextual conditions:
local variations in quality may trigger global reconfig-
uration, while global decisions determine which local
behavior becomes active.

This design supports both intra-system variability
(different behaviors within the same system, includ-
ing multiple instances of the same data source config-
ured with context-specific policies) and inter-system
variability (reuse across applications with different
policies).

This design reframes data provisioning as a
configuration-level architectural concern, enabling
explicit reasoning over alternative providers and their
quality trade-offs while preserving efficient execu-
tion. However, the effectiveness of the approach de-
pends on the accuracy of quality estimates and on the
adequacy of the adopted policies. The current version
of ARES focuses on single-provider selection in order
to isolate and study the architectural implications of
configuration persistence and decision timing. Multi-
provider fusion strategies, redundancy mechanisms,
and aggregated capability composition are intention-
ally out of scope of this study and represent a key di-
rection for future work.
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2.3 Layered Realization

The ARES architectural model is independent of spe-
cific implementation choices. To illustrate its oper-
ationalization, we outline a possible layered realiza-
tion, which does not constrain the model or its ab-
stractions.

In this view, the architecture can be organized
into four conceptual layers. The Domain Layer ex-
presses application requirements through tasks, re-
maining independent of data provisioning concerns.
The Capability Layer provides the abstract interface
through which information is requested. The Config-
uration and Provisioning Layer maintains capability—
data source associations and the active mapping M,
and resolves capability invocations. Finally, the Run-
time Layer contains the executable counterparts of
data sources. Within this layer, data sources im-
plement their behavior according to associated poli-
cies, including data generation strategies (e.g., acqui-
sition, caching, or simulation) and quality estimation
mechanisms. Adaptive reconfiguration operates on
the mapping M and can be realized through standard
feedback-loop mechanisms (e.g., MAPE-K (Kephart
and Chess, 2003), AWARE (Sanwouo Chekam et al.,
2025)). Similarly, data sources can be implemented
using runtime abstractions such as Digital Twins to
encapsulate provider behavior and maintain quality
estimates.

3 EVALUATION

This section evaluates the effectiveness of ARES in
supporting adaptive data provisioning in the presence
of multiple alternative providers. The evaluation con-
siders a controlled scenario involving a single capa-
bility (getHeartRate) provided by three alternative
sources with different quality profiles. Focusing on a
single capability allows isolating the behavior of the
selection and adaptation mechanisms while preserv-
ing the core challenge of choosing among alternatives
under dynamic conditions.

The evaluation should be interpreted as a prelimi-
nary proof-of-concept study aimed at isolating the ar-
chitectural implications of configuration persistence
under controlled conditions, rather than as a compre-
hensive assessment of adaptive data provisioning in
real-world deployments.

3.1 Research Questions

The study addresses the following research questions:
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* RQ1 - Execution Quality: To what extent does
ARES maintain application-level constraint satis-
faction when capability invocations are resolved
through a configuration-level mapping under dy-
namic data source conditions?

* RQ2 - Configuration Adequacy: To what extent
are reconfiguration decisions effective in restoring
constraint satisfaction under changing data source
conditions?

* RQ3 - Decision—-Quality Trade-off: What trade-
off arises between decision cost and execution
quality when adopting configuration-level selec-
tion instead of per-request selection?

3.2 Experimental Setup

We consider a digital health monitoring scenario in
which the system repeatedly invokes the capability
getHeartRate under explicit quality constraints: re-
liability > 0.9 and latency < 2s.

3.2.1 System Model

The system model defines the evaluated data sources,
the quality representations used in the experiment,
and the observation model adopted to derive esti-
mated values from ground truth.

Data Sources. The capability getHeartRate is
provided by three alternative data sources, each char-
acterized by a capability-specific quality profile de-
fined in terms of reliability and latency. The initial
quality profiles are as follows:

» smartwatch: reliability = 0.95, latency = 1.2s

* cloud-based service: reliability = 0.9, latency =
1.8s

* manual input: reliability = 0.85, latency = 1.0s

Ground Truth and Estimated Quality. For each
data source, we distinguish between: (i) ground-truth
quality values, representing the actual provider be-
havior, and (ii) estimated quality values, used by the
system for decision making.

In this study, reliability denotes the probability
that a provider returns a semantically correct and us-
able result for the requested capability. Reliability
therefore captures successful service execution and
result correctness rather than measurement accuracy.
Accuracy-related aspects are intentionally abstracted
into the overall quality profile of a provider and are
not modeled as a separate dimension. In other words,
reliability represents the probability that a capability
invocation successfully returns a usable result.

The system never accesses ground-truth values di-
rectly. All decisions rely exclusively on estimated val-
ues, while all evaluation metrics are computed against
ground-truth values. This models realistic conditions
in which monitoring may be partial, delayed, or noisy.

Estimated Quality Generation. Estimated KPI
values are derived from ground-truth values by intro-
ducing both delay and noise. Specifically, reliability
and latency are observed with a fixed delay of 5 and 3
time steps, respectively. In addition, uniform noise is
applied in the ranges [—0.03,0.03] for reliability and
[—0.2,0.2] for latency. This models realistic monitor-
ing conditions in which observations are delayed and
imprecise.

3.2.2 Workload and Execution Model

The evaluation is based on a discrete-event simu-
lation consisting of N = 1,200 invocations of the
getHeartRate capability, indexed by a logical time
stepr €{0,...,N—1}.

Each time step represents a request issued by the
application. For readability, steps can be interpreted
as occurring at regular intervals, although the evalua-
tion does not rely on real-time assumptions.

At each time step ¢:

1. the application invokes getHeartRate;

2. adata source is selected according to the decision
strategy under evaluation;

3. the selected data source produces a value;

4. ground-truth values are used only to assess con-
straint satisfaction.

3.2.3 Decision Strategies

We compare two alternative strategies that differ
in how decisions are applied over time: (i) a
configuration-level strategy implemented by ARES,
and (ii) a per-request selection baseline.

Configuration Update Policy in ARES.
To  isolate  the  architectural effect of
configuration-level selection, ARES adopts a pe-
riodic reassessment policy. The active mapping is
re-evaluated every 25 invocations. The reassessment
interval was intentionally fixed to a coarse-grained
value in order to emphasize the architectural trade-off
between responsiveness and decision stability. The
goal of the study is not to identify an optimal interval,
but to investigate the effects of persistent configura-
tion decisions compared to continuous reselection.
At each reassessment:
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1. the system retrieves the latest estimated quality
values;

2. it evaluates whether the currently mapped
provider is still adequate;

3. if needed, it selects a new provider;
4. the mapping is updated accordingly.

Between reassessment points, the mapping remains
unchanged.

Selection Policy. Both ARES and the baseline adopt
the same deterministic selection policy. Given a capa-
bility ¢ and the set of candidate data sources providing
¢, the policy operates at each time step ¢ as follows:

1. Feasibility filtering. Only candidates whose es-
timated quality values satisfy all required con-
straints are considered:

Feasible(c,t) = {ds; | KPI (t) = KPlyeq}

2. Ranking. Among feasible candidates, the selected
source is the one maximizing:

score(dsi ) = w, - relf™ (1) = wi - lat; (1)

where relf () € [0,1] is the estimated reliability

and l/a\tfﬁ (#) € [0,1] is the normalized estimated
latency of ds; at time t. The weights are set to
w, = 0.7 and w; = 0.3. Latency is normalized as:

e lat®™ (¢
lat?l(z‘) = min< i ),1>

max

where Ly.x = 4s accounts for the maximum ob-
served latency across all scenarios and estimation
noise.

3. Fallback. 1If no candidate satisfies all required
constraints, the source with the highest score
among all candidates is selected.

This policy is intentionally simple and domain-
independent, so that observed differences can be at-
tributed to the architectural strategy rather than to the
complexity of the selection heuristic.

Baseline (Per-request Selection). As a baseline,
we consider a per-request selection strategy. At each
invocation, the system selects a data source by apply-
ing the same feasibility filtering and ranking policy
adopted by ARES, based on the current estimated val-
ues.

Differently from ARES, the baseline does not
maintain a persistent configuration: the selection pro-
cedure is executed independently at each time step.

The baseline does not aim to represent a specific
industrial system, but rather an intentionally reactive
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strategy that approximates continuous reselection un-
der noisy observations. The comparison is intended
to isolate the effects of decision persistence and re-
assessment frequency.

3.2.4 Evaluation Scenarios

We define three controlled scenarios that model dif-
ferent operating conditions affecting provider quality:

« Stable. Provider quality profiles remain constant
over time.

Degradation. The quality of the initially selected
provider (smartwatch) progressively deteriorates
over time. At each time step, its reliability de-
creases by 0.0003 while its latency increases by
0.0015, up to predefined bounds.

* Dynamic. Abrupt performance changes affect
one provider at a time through non-overlapping
degradation intervals of fixed duration (150 in-
vocations). During each interval, the affected
provider experiences a temporary drop in quality,
while the others remain stable.

All perturbations are injected at predefined log-
ical time steps and affect ground-truth quality val-
ues. Estimated values evolve accordingly based on
the adopted observation model.

3.3 Evaluation Methodology

Let N be the total number of invocations of the
getHeartRate capability. We denote by ds(r) the
data source selected at time step ¢ according to the de-
cision strategy. For each time step z € {0,...,N — 1},
we define binary indicators capturing whether the se-
lected data source satisfies the required quality con-
straints:

: real
Complt) = {1 if KPI (6) = KPlg

0 otherwise
Viol(t) = 1 —Comp(t).
3.3.1 RQ1: Execution Quality

RQ1 evaluates the extent to which the system satisfies
application-level quality constraints during execution.

Constraint Satisfaction Rate (CSR).

1 N-1
CSR = — C t
N t;) omp(t)

It measures the fraction of invocations satisfying all
required constraints.
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Violation Burst Length. Let {Bj,...,B;} be the
sequences of consecutive violating invocations (i.e.,
Viol(t) = 1). The average burst length is:

1 k
Burstyg = e Z |Bi]
i=1

This metric captures how long violations persist once
they appear.

3.3.2 RQ2: Configuration Adequacy

RQ2 evaluates how effective reconfiguration deci-
sions are in restoring constraint satisfaction under
changing provider conditions.

Reconfiguration Effectiveness. For each reconfig-
uration event i, we define:

1 if Comp(tll),, ) =1
0 otherwise

Eff(i)=
The overall effectiveness is:
1 R
E ti =—Y Eff(i
ffectiveness R ; §i0)

where R is the total number of reconfigurations.

This metric evaluates whether decisions based on
estimated values successfully restore constraint satis-
faction according to ground-truth conditions immedi-
ately after a reconfiguration takes place. The metric
intentionally evaluates the immediate correctness of
reconfiguration decisions rather than their long-term
stability, since the goal of RQ?2 is to isolate the local
effectiveness of reassessment under imperfect and de-
layed estimated information. Consequently, the met-
ric captures whether the reassessment process selects
an appropriate provider at the time the decision is
taken, independently from subsequent environmental
variations or future provider degradations. This met-
ric complements CSR by focusing on local decision
correctness rather than long-term execution behavior.

3.3.3 RQ3: Decision-Quality Trade-off

RQ3 evaluates the trade-off between decision cost and
execution quality.

Total Selection Operations. Let
Sel(t) =
®) 0 otherwise
Then:

N-1
TotalSelOps = Z Sel(t)
t=0

1 if a selection operation is executed at time ¢

1 Ml Baseline
Bl ARES
0.84
0.8 0.77
0.6 0.57
4
8 0.48
0.4
0.2
0 " "
degradation dynamic

Figure 2: RQ1 — Constraint Satisfaction Rate (CSR) across
scenarios.

This metric reflects the computational effort required
to perform decision making. In the baseline, selection
is performed at every invocation, while in ARES it is
performed only when the configuration is initialized
or updated.

Number of Constraint-Satisfying Invocations.

N-1
TotalComp = Z Comp(t)
=0

Decision Cost per Constraint-Satisfying Invoca-
tion.

TotalSelOps

TotalComp if TotalComp > 0

Costeomp =
b otherwise

This metric measures how many selection operations
are required, on average, to obtain one constraint-
satisfying invocation. Lower values indicate a better
trade-off between decision cost and execution quality.

Since both strategies use the same selection pol-
icy, this metric isolates the impact of decision timing
(configuration-level vs per-request) from that of the
selection heuristic.

3.4 Results
3.4.1 RQI1: Execution Quality

Figure 2 reports the constraint satisfaction rate (CSR)
for the degradation and dynamic scenarios.

In both scenarios, the baseline achieves higher
constraint satisfaction than ARES. This is expected,
as the baseline performs a selection at every invoca-
tion and can immediately react to changes in provider
quality. In contrast, ARES updates the configuration
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Table 1: RQ1 — Violation bursts in the degradation scenario.

#V Min  Max Avg Med Mode

Baseline 263 1 14 1.98 1 1(137)
ARES 12 25 150 52.08 375 25 (6)

#V: total violations. Min/Max/Avg/Med: burst length statistics. Mode: most
frequent burst (count in parentheses).

only periodically, introducing a delay in reacting to
changes.

Despite this limitation, ARES maintains accept-
able execution quality within the controlled exper-
imental setting. CSR decreases by about 16% in
the degradation scenario and 8% in the dynamic sce-
nario compared to the baseline. This indicates that
configuration-level selection can sustain acceptable
execution quality under changing conditions despite
reduced responsiveness.

To better understand the nature of violations, Ta-
ble 1 reports violation-burst statistics for the degra-
dation scenario. The baseline exhibits many viola-
tions, but they are typically short, reflecting frequent
but quickly resolved issues. In contrast, ARES pro-
duces far fewer violation bursts, but with substantially
longer duration. This behavior is a direct consequence
of the periodic reconfiguration policy: once a config-
uration becomes inadequate, it is maintained until the
next reassessment point.

Overall, these results highlight a key trade-oft: the
baseline minimizes violation duration through con-
tinuous adaptation, whereas ARES reduces the fre-
quency of violations at the cost of longer persistence
when they occur.

3.4.2 RQ2: Configuration Adequacy

Figure 3 reports reconfiguration effectiveness in both
scenarios.

ARES consistently achieves higher reconfigura-
tion effectiveness than the baseline, with an improve-
ment of about 22% in the degradation scenario and
up to 73% in the dynamic scenario. The larger
gain in the dynamic case highlights the robustness of
configuration-level decisions under rapidly changing
conditions.

These results indicate that, although ARES reacts
less frequently, its decisions are generally more reli-
able. Since reconfiguration is performed less often,
each decision has a stronger impact and is based on
more stable estimated conditions. In contrast, the
baseline performs frequent selections based on po-
tentially noisy estimates, increasing the likelihood of
choosing providers that do not satisfy ground-truth
constraints.

The periodic reassessment policy of ARES also
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explains the longer violation bursts observed in RQI.
As reconfiguration is evaluated every 25 invocations,
a delay between the onset of inadequacy and the cor-
responding reconfiguration is expected, reflecting the
trade-off between responsiveness and stability.

Moreover, because ARES performs fewer recon-
figuration actions, it is less exposed to ineffective
adaptations caused by transient fluctuations in esti-
mated quality values, although this aspect is not di-
rectly quantified.

Overall, these results show that configuration-
level strategies improve the effectiveness and robust-
ness of adaptation decisions, while trading some re-
sponsiveness for greater stability. This result com-
plements RQ1: although ARES achieves lower over-
all compliance due to delayed reactions, its individual
reconfiguration decisions are more reliable.

3.4.3 RQ3: Decision-Quality Trade-off

Figure 4 shows that ARES shifts the operating point
towards significantly lower decision cost with only a
moderate decrease in execution quality.

The baseline achieves slightly higher CSR values,
but at a significantly higher decision cost, as it per-
forms a selection at every invocation. In contrast,
ARES drastically reduces the number of selection op-
erations while maintaining acceptable execution qual-
ity.

In the degradation scenario, decision cost is re-
duced by more than one order of magnitude, while
CSR decreases by about 16%. In the dynamic sce-
nario, a similar cost reduction is achieved with only
an 8% decrease in constraint satisfaction.

Overall, ARES provides a significantly more effi-
cient solution, trading a limited reduction in execution
quality for a major decrease in decision cost.

It is important to note that ARES is not intended
to outperform per-request selection in terms of exe-
cution quality. Rather, its goal is to expose and man-
age the architectural trade-off between decision fre-
quency, adaptation stability, and decision cost. The
results suggest that reducing decision frequency may
lead to lower responsiveness, but can also improve de-
cision robustness and significantly reduce adaptation
overhead.

Taken together, the results across all research
questions show that ARES shifts adaptation from con-
tinuous, reactive decision making to a more stable
and efficient configuration-level approach, achieving
acceptable execution quality while substantially im-
proving decision effectiveness and reducing compu-
tational overhead.
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Figure 3: RQ2 — Reconfiguration effectiveness across sce-
narios.

4 THREATS TO VALIDITY

This section discusses the main threats to the valid-
ity of the evaluation and the adopted mitigation mea-
sures.

Internal Validity. A first threat lies in the
simulation-based nature of the evaluation. Data
source behavior, including degradation and dynamic
variations, is modeled through controlled perturba-
tions that may not capture the full complexity of real-
world systems. Furthermore, the numerical values
adopted for provider reliability, latency, observation
delays, and reassessment intervals were not derived
from a specific deployment. Rather, they were in-
tentionally selected to create controlled conditions in
which provider quality evolves over time and delayed
observations may affect adaptation decisions. Conse-
quently, the reported results should not be interpreted
as quantitative predictions for a particular application
domain, but as evidence of the architectural behav-
ior induced by persistent configuration decisions. Al-
though the specific values are synthetic, they were
chosen to create non-trivial situations in which de-
layed observations, quality degradation, and reconfig-
uration decisions interact, thereby enabling the study
of the architectural trade-offs targeted by ARES.

A second threat concerns the generation of esti-
mated quality values: KPIs are derived from ground
truth by introducing delay and noise, whose parame-
ters may influence the observed behavior.

Execution quality is measured through constraint
satisfaction rate and violation burst length, while con-
figuration adequacy is assessed through reconfigura-
tion effectiveness, and decision cost through cost per
compliant invocation. Although these metrics capture
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Figure 4: RQ3 — Trade-off between decision cost and exe-
cution quality.

the main trade-offs targeted in this study, they do not
cover all possible system qualities.

The evaluation is based on a fixed number of invo-
cations (N = 1,200) and deterministic settings, which
support reproducibility but do not account for statisti-
cal variability across runs.

To mitigate these threats, we use a controlled set-
ting where all factors except the decision strategy are
kept constant. Both ARES and the baseline rely on
the same estimated information and selection policy,
ensuring that differences are attributable to the archi-
tectural strategy rather than the selection heuristic.

External Validity. The evaluation intentionally ab-
stracts away from several aspects commonly found
in real deployments, including multi-capability de-
pendencies, provider fusion, heterogeneous work-
loads, contextual correlations among providers, and
application-specific criticality constraints. Conse-
quently, the current results should not be interpreted
as evidence of general superiority of configuration-
level strategies, but rather as an initial characteriza-
tion of their architectural trade-offs.

The evaluation focuses on a single capability and a
limited set of data sources. While this isolates the ef-
fect of decision strategies, it may limit generalizabil-
ity to scenarios with multiple capabilities, more com-
plex dependencies, or richer provider ecosystems.
Moreover, the simulated setting may not fully capture
the irregular behavior of real-world systems. In addi-
tion, aspects such as energy consumption, user effort,
or economic cost are not considered, which may fur-
ther limit the applicability of the results in real-world
settings.

However, the goal of the evaluation is not to pro-
vide a comprehensive performance assessment, but
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to isolate the architectural impact of decision tim-
ing under controlled conditions. We expect the ob-
served trends to generalize qualitatively to more com-
plex settings, although further validation in real-world
deployments is required.

S RELATED WORK

This section discusses the main research areas related
to this work, focusing on self-adaptive systems, QoS-
aware selection, and digital twin technologies.

Self-Adaptive Systems. Self-adaptive systems pro-
vide mechanisms for dynamically adjusting system
behavior in response to changes in the environment or
system state. The MAPE-K feedback loop (Kephart
and Chess, 2003) remains the canonical reference
model for structuring adaptation processes, while run-
time models support reasoning and reconfiguration
decisions (Morin et al., 2009). Recent surveys high-
light the maturity of this field across cloud, IoT, and
cyber-physical systems (Wong et al., 2022; de Lemos
et al., 2013). These approaches focus on optimizing
performance and quality of service through contin-
uous monitoring and runtime decision-making, with
reusable mechanisms for monitoring, planning, and
execution (Krupitzer et al., 2015). Despite these ad-
vances, adaptation is typically treated as a continuous
control problem, where decisions are taken at runtime
in response to observed changes. As a result, the tem-
poral dimension of decision-making (i.e., how often
decisions should be taken and how long they should
remain valid) is rarely modeled explicitly as an archi-
tectural concern.

More recent work has also investigated continuous
QoS-aware adaptation in Cloud-IoT systems, focus-
ing on incremental placement adaptation and mecha-
nisms aimed at limiting unnecessary re-optimization
under dynamic conditions (Herrera et al., 2023).
These approaches partially acknowledge the impor-
tance of adaptation stability over time, although the
persistence and validity of configuration decisions are
still not treated as first-class architectural concerns.

QoS-Aware Selection and Resource Management.
Quality-aware selection has been extensively studied
in service computing, cloud-edge systems, and IoT
environments. Classical approaches formulate ser-
vice selection and composition as optimization prob-
lems over QoS attributes such as latency, reliability,
and cost (Alrifai and Risse, 2009; Oh et al., 2008).
More recent work extends this paradigm to distributed
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and cloud—edge environments, proposing adaptive re-
source management and offloading strategies that dy-
namically select providers based on current condi-
tions (Mao et al., 2017; Russo et al., 2024). In IoT set-
tings, heuristic and multi-objective optimization tech-
niques are used to handle heterogeneous resources
and dynamic constraints (Hamzei et al., 2023).

QoS-aware dynamic fog service provisioning ap-
proaches have also explored runtime deployment and
release decisions to maintain latency and QoS guar-
antees in [oT environments (Yousefpour et al., 2019).

Recent approaches employ probabilistic infer-
ence, optimization, and reinforcement learning tech-
niques to support QoS-aware service composition and
dynamic service distribution under uncertain IoT con-
ditions (Sefati et al., 2026; Chen et al., 2025).

These approaches effectively identify suitable
providers under changing conditions, but typically
operate at the level of individual invocations or short
decision horizons. Consequently, they do not ad-
dress the architectural implications of maintaining
a persistent configuration over time, nor the trade-
offs between decision frequency, stability, and execu-
tion quality. In particular, existing solutions optimize
which provider to select, but do not explicitly consider
when decisions should be performed or how long they
should persist.

Digital Twins. Digital twins provide synchronized
virtual representations of physical or logical enti-
ties, enabling monitoring, simulation, and predictive
decision-making. The concept was introduced in
manufacturing and cyber-physical systems (Grieves,
2014), and recent surveys highlight its adoption
across domains such as IoT, smart infrastructures,
and healthcare (Barricelli et al., 2019; Hakiri et al.,
2024). Recent work emphasizes their role in data-
driven adaptation and real-time analytics in dynamic
environments (Lu et al., 2020). However, most ap-
proaches remain asset-centric, focusing on individual
entities rather than supporting architectural reason-
ing over multiple alternative providers. Furthermore,
although digital twins enable predictive decision-
making, they do not address the management of se-
lection decisions as persistent architectural configura-
tions, nor the impact of decision frequency on system
stability and cost.

Positioning of ARES. ARES explores the implica-
tions of treating data provider selection as a per-
sistent architectural concern and explicitly models
the temporal dimension of decision-making. While
prior work focuses on optimizing selection at run-
time, ARES adopts a configuration-driven approach in
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which decisions are maintained over time and updated
through explicit policies. This enables reasoning not
only about which provider is optimal, but also about
how often decisions should be updated and how long
they should remain valid.

By elevating selection from a local runtime mech-
anism to a global architectural construct, ARES re-
frames adaptive provisioning as an architectural con-
figuration problem rather than solely a runtime op-
timization task. This perspective enables reasoning
about stability, adaptation cost, and decision persis-
tence as explicit architectural dimensions.

6 CONCLUSION

This paper presented ARES, a preliminary archi-
tectural exploration of configuration-driven adaptive
data provisioning in environments with multiple alter-
native data sources. The key idea is to shift decision
making from per-request selection to configuration-
level decisions, explicitly treating when decisions are
taken and how long they remain valid as architectural
design dimensions.

The evaluation shows that this design leads to a
different trade-off between responsiveness and effi-
ciency. While per-request selection achieves slightly
higher execution quality due to its immediate reactiv-
ity, it incurs a significantly higher decision cost and
is more sensitive to noise in estimated quality values.
In contrast, ARES reduces decision overhead by more
than one order of magnitude while maintaining com-
parable levels of execution quality, and exhibits more
robust adaptation behavior. These preliminary results
suggest that configuration-level selection may provide
a viable trade-off between responsiveness, stability,
and decision overhead in dynamic provisioning envi-
ronments.

Future work will investigate adaptive configura-
tion policies, richer decision models including addi-
tional non-functional properties, and more complex
scenarios involving multiple capabilities and tasks.

DATA AVAILABILITY

The artifacts supporting the evaluation of the pro-
posed approach are publicly available at: https://gi
thub.com/sal-unimib/ares-simulation-evaluation.
The repository contains all materials required to re-
produce the experimental evaluation, including the
source code for the simulated scenarios, the compo-
nents used for simulation data generation, and the

scripts and datasets employed to compute the evalu-
ation metrics. Documentation is provided to support
the setup of the experimental environment, the exe-
cution of the simulations, and the replication of the
reported results.
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