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Abstract

Digital Twins (DTs) are emerging as enablers for real-time moni-
toring and control in IoT systems. In this work, we propose a DT
enabled with Active Inference (AIF), a framework rooted in the
Free Energy Principle, to endow DTs with predictive and decision-
making capabilities. Our approach is evaluated on a realistic edge
computing scenario where two co-located video processing services—
a computer vision pipeline using YOLOv8 and a QR code reader—
compete for limited CPU resources. The DT continuously infers
physical twin state, predicts future performance, and selects actions
to meet Service Level Objectives (SLOs). In a series of experiments,
we validate the predictive accuracy and control effectiveness of
the AIF-enabled DT. Notably, the DT achieves a cumulative SLO
fulfillment above 80% for both services, and predicted throughput
trajectories show high alignment with real observations, confirmed
through statistical testing.
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1 Introduction

The fast advancement of technology over the last few decades has
transformed the way systems are monitored, controlled, and op-
timized in diverse domains: from manufacturing and logistics to
smart cities and healthcare. The rise of smart devices, Internet of
Things (IoT), Artificial Intelligence (AI), and Cloud Computing have
enabled the emergence of Digital Twins (DTs).

In large-scale and distributed IoT environments, such as smart
manufacturing lines, intelligent transportation systems, or e-health
care infrastructures, managing the complexity of the system be-
comes a fundamental challenge [13]. DTs provide a suitable way to
monitor, model and manage these IoT systems by creating virtual
replicas of physical entities operating under real-time data flows
enabling proactive and adaptive decision making [7].

The DT concept was originally coined by Grieves and Vicker in
2003 defined as the coexistence of three elements: (1) a physical
space, (2) a virtual space, and (3) a bidirectional connection between
both spaces allowing their convergence [4]. Since then, the concept
has evolved, currently, DTs are understood as dynamic virtual rep-
resentations of physical entities that allow real-time monitoring,
simulation, prediction, and control of the modelled entities’ be-
haviour [8]. One of the main properties of a DT is the predictability
[12], which refers to the ability of the DT to anticipate and improve
the future behaviour of its physical twin [8]. This property is crucial
to enable intelligent decision-making within the DT, in particular
when leveraging Al-based techniques.

This property is deeply related to Active Inference (AIF), an algo-
rithm rooted in Bayesian brain theory and the Free Energy Principle
(FEP) [1]. The AIF algorithm operates on the premise that an agent
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minimizes uncertainty about its environment by reducing "sur-
prise", that is, the discrepancy between predicted and observed
outcomes. By using probabilistic generative models, AIF allows
a DT to anticipate future states and plan optimal responses. For
instance, an AlF-enabled DT can simulate multiple hypothetical or
counterfactual scenarios, such as the impact of varying resource
allocations on system performance, and select actions that align
with its goals while minimizing the uncertainty.

ATF enables DTs to not only simulate future behaviour but also
to continuously refine their predictions by actively interacting with
their corresponding physical twins. By combining perception, pre-
diction, and action, AIF enables DTs to dynamically interpret in-
puts, simulate future states, and execute deliberate actions aimed
at achieving desired outcomes. This ensures that the DT maintains
an accurate and evolving representation of its physical twin. This
approach contrasts with traditional deterministic or machine learn-
ing models, which often lack the adaptability required to handle
dynamic and uncertain scenarios.

Despite the potential of the AIF-enabled DT, its application is a
challenge. To date, there are no known proposals in the literature
(source: Scopus, date: July 2025) that use AIF for creating DTs. This
is a significant research gap that is addressed in this work. Our
hypothesis is that integrating Active Inference into the architecture
of Digital Twins enables them to effectively predict the future be-
haviour of their physical twins and autonomously make decisions
to ensure that their performance objectives are met. Based on this
hypothesis, we formulate the following research questions (RQs):
RQ1: Can an AlF-enabled DT accurately predict the performance
of its physical twin? and RQ2: Can an AlF-enabled DT select ac-
tions that ensure the achievement of performance objectives under
dynamic and uncertain conditions?

To answer these questions, we designed and executed a series
of experiments using a case study that involved real-world video
processing services deployed on a resource-constrained edge device.
The AlF-enabled DT is tasked with predicting throughput values
and making decisions to meet predefined service objectives. We
first evaluate the impact of enabling model learning and calibrate
the optimal learning rate for the AIF agent’s transition model. Then,
we assess the DT’s predictive accuracy by comparing its estimated
throughput with the real values observed on the physical system,
using statistical tests to quantify alignment. Finally, we test whether
the DT can effectively guide the system to fulfill its performance
objectives over time. The results show statistical evidence that an
ATF-enabled DT can both provide an accurate prediction of future
behaviour and meet the stated performance objectives.

The rest of the paper is organized as follows: Section 2 presents
the related work. Section 3 introduces the theoretical foundations
of AIF and its relevance to the predictability DT property. Section
4 presents the case study used to validate the proposed approach.
Section 5 shows the DT architecture proposed in this work. Sec-
tion 6 details the methodology for implementing the predictability
property using AIF. Section 7 describes the experimental setup and
presents the experiments and the results. Finally, Section 8 shows
the discussion and Section 9 concludes the work.
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2 Related Work

According to Minerva et al. [8], the predictability property of a
Digital Twin (DT) refers to its ability to anticipate and improve
the future behaviour of its physical counterpart. This capability is
achieved by embedding artificial intelligence algorithms that use
historical and real-time data to generate simulations of future states.
Predictability has thus become a central objective in the evolution
of DTs, particularly with the integration of Al techniques [18],
enabling decision-making and performance optimisation across
physical assets and complex systems such as cities, factories, and
logistics networks [8]. Industrial applications have already explored
this property: DTs have been used in Virtual Testbeds to carry out
controlled experiments [16], while large-scale organisations such as
NASA apply them in aerospace projects for system validation and
forecasting [16]. Findings in the IoT domain also reveal a strong
interest in exploiting simulation and prediction to enhance the
adaptability and resilience of interconnected infrastructures [6].

Despite these advances, achieving effective predictability re-
mains a challenge, particularly in dynamic and uncertain environ-
ments where most approaches still rely on reactive models with
limited ability to generalise or adapt in real time [21]. To over-
come this, DTs require Al methods capable of reasoning under
uncertainty, updating internal models continuously, and selecting
actions that not only predict but also shape outcomes. In this con-
text, Active Inference (AIF) [2] stands out as a promising paradigm,
offering a unified framework for perception, prediction, and action
that pushes DTs beyond passive forecasting toward active control
of complex systems.

3 Active Inference for Digital Twins

Active Inference (AIF) is an algorithm rooted in cognitive neuro-
science and based on the Free Energy Principle (FEP), which posits
that agents must reduce uncertainty about their environment in or-
der to remain viable [1]. This is achieved by minimizing a quantity
known as variational free energy, which allows the agent to resist
entropy by keeping its sensory states within the expected bounds,
thus preserving homeostasis and adaptability over time [2].

ATF distinguishes between two key concepts: the generative pro-
cess and the generative model [3]. The generative process refers to
the actual, but hidden, dynamics of the environment that produce
observations. Since the states are not directly observable, the agent
must infer them from the observations. In contrast, the generative
model is an internal probabilistic representation maintained by the
agent to explain and predict sensory input. It encodes the agent’s
beliefs about how observations arise from hidden states and how
its own actions affect future states and outcomes. If the model’s pre-
dictions diverge significantly from actual observations, producing
surprise, the agent updates its model to reduce this discrepancy.

AIF unifies three core processes [3]: perception: updating beliefs
about hidden states; action: selecting behaviours that are expected to
reduce future surprise; and learning: adjusting the generative model
based on accumulated experience. These three processes work to-
gether to minimise the expected free energy, thereby enabling the
agent to adaptively align its internal model with its environment.

The expected free energy is composed of two values [17]: (1) the
epistemic value, which is the expected information gain or reduction
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in uncertainty about hidden states, and (2) the extrinsic value, which
aligns with preferred outcomes, reflecting goal-directed behaviour.
By balancing exploration (epistemic value) and exploitation (extrin-
sic value), AIF promotes behaviours that reduce uncertainty.

3.1 AIF Principles for Predictability DT property

The predictability property of DTs is deeply rooted in the inferential
processes of AIF. Below, we present our view of the intersection
between AIF and predictability, highlighting how AIF concepts are
relevant to the development of this DT property:

e Adaptive perception: the DT not only receives data from
the physical twin, but actively interprets its meaning, gener-
ating probabilistic beliefs about its actual state. This involves
continuously updating its internal generative model to re-
flect the most likely explanations for incoming sensory data,
while accounting for uncertainty. This ability to dynamically
interpret and contextualize environmental inputs allows the
DT to maintain an accurate and evolving representation of
its physical twin, ensuring that its decisions are grounded
in a coherent and up-to-date understanding of reality.

e Active simulation and prediction: using an internal gen-
erative model, the DT can simulate possible future states
and evaluate their consequences. This active simulation pro-
cess enables the DT to anticipate relevant events and plan
appropriate responses in advance. For example, the DT can
explore multiple hypothetical scenarios, such as the impact
of different actions on the physical twin’s state or the likeli-
hood of certain environmental changes. By predicting future
outcomes, the DT can identify optimal strategies that align
with its goals while minimizing uncertainty.

e Deliberate action: thanks to the AIF, the actions of the DT
are not reactive responses but strategies aimed at reducing
the discrepancy between its predictions and observations,
adjusting both its beliefs and its behaviour. For instance, if
the DT observes a deviation from its expected state, it may
take corrective actions to bring the physical twin back into
alignment with its predictions.

e Continuous learning: The generative model underlying
the DT is not static but evolves over time through contin-
uous learning. This learning process involves updating the
model according to experience, allowing the DT to progres-
sively refine its understanding of the physical twin and its
own limitations or capabilities. For example, as the DT in-
teracts with its physical twin, it accumulates evidence that
either confirms or challenges its existing beliefs, prompting
adjustments to its internal representations.

4 Problem Statement

This work focuses on developing the predictability property of DTs
using Active Inference (AIF). Therefore, we investigate whether
an AlF-enabled DT can serve as a predictive and decision-making
controller capable of predicting the physical twin behaviour (RQ1)
and acting according to predefined performance objectives (RQ2).
To evaluate this, we implement a case study involving two services
deployed on a multi-core edge device with limited CPU resources.
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In IoT systems, efficiently managing computational resources is es-
sential to maintain optimal performance under dynamic workloads
and constrained environments [10].

The physical twin of our case study corresponds to an edge de-
vice equipped with 8 CPU cores, hosting two concurrent services
whose runtime behaviour and resource usage can be dynamically
reconfigured. The two services deployed are:

(1) Video Stream Inference Service. This service is a computer
vision (CV) pipeline that processes a continuous stream of
video frames using YOLOv8 object detection model, a deep
neural network from Ultralytics [20]. This service detects ob-
jects in real time. The configuration parameters include qual-
ity which determines the ingested video resolution, model
size which describes the Yolo model, and the number of CPU
cores which determines the maximum resources allocated.
The service throughput is measured in frames per second
(EPS).

(2) QR Code Reading Service. This service is implemented
using OpenCV2 [9] and scans each individual video frames
for the presence of QR codes. The configuration parameters
here include the quality and the number of CPU cores allo-
cated. Unlike the CV service, the QR reader does not use a
specific model size. Similar to the previous one, the service
throughput is measured in FPS too.

Both services are designed to be dynamically configurable in
terms of the number of cores allocated, the level of processing
quality, and the size of the model used (in the case of CV). This
flexibility is key to intervene at runtime with resource reallocation
decisions. On the other hand, the physical twin provides observable
data such as throughput, CPU usage, quality and model size that
the DT monitors.

This setup provides a realistic and challenging scenario to eval-
uate the effectiveness of an AIF-enabled DT, particularly its ability
to predict the future behaviour and proactively adapting configu-
rations to meet the Service Level Objectives (SLOs).

5 Architecture of the AIF-enabled DT

Figure 1 depicts the main components of the architecture of the
AlF-enabled DT proposed in this work. The physical twin is an edge
device that hosts two concurrent services whose resource alloca-
tion can be modified at runtime. The DT continuously monitors the
physical twin through a Prometheus Database that collects key run-
time metrics of the physical twin. These time-series data are used
by the DT to maintain an up-to-date internal representation of the
two services, as described in the previous Section. At the core of the
DT lies an AIF agent, which applies variational Bayesian inference
to minimize expected free energy and infer the most suitable con-
figuration actions to take on the physical twin. These decisions are
applied through a control interface that enables the DT to directly
influence the two services. This closed-loop interaction enables the
DT to perceive, reason, and act upon its physical twin in real time.
The AlF-enabled DT proposed addresses all the five properties of
a DT described in Section 1:

The DT-enabled with AIF fulfils the three essential properties
defined by Minerva et al. [8], as well as two additional properties
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Figure 1: Digital Twin architecture with integrated AIF agent,
Prometheus monitoring, and an edge device as physical twin.

that add value. The following explains each property and how it
is achieved in our design:

(1) Representativeness and Contextualisation: This prop-
erty requires that the DT captures only the attributes of the
physical twin that are relevant to its intended purpose. In
our approach, the DT focuses on the variables of the CV and
QR services shown in Table ?? and Table ??.

(2) Reflection: This property ensures that the value of each
attribute is properly reflected in the DT. The AIF-enabled DT
continuously collects data from the physical services, which
ensures that the DT accurately reflects the current state of
the physical twin.

(3) Entanglement: This property requires a bidirectional flow
of information between the physical and digital twins. The
AlF-enabled DT has two communication channels: (1) a mon-
itoring channel for collecting real-time data, and (2) an action
channel for applying decisions made by the AIF agent to the
physical services.

(4) Memorization: This property refers to the ability of the

DT to store both current and historical data from the phys-
ical twin. This is achieved by persistently storing data in
Prometheus database [14].
Predictability: As previously discussed, this property refers
to the DT’s ability to anticipate and improve the future be-
haviour of its physical twin. In our architecture, an embedded
ATF agent is responsible for predicting future states of the
services and selecting optimal actions to meet SLOs. The de-
velopment of this property through AIF is further discussed
in the following Section.

—
ol
~

6 Proposed methodology for developing
predictability of DT using AIF

This Section presents the methodology for implementing the pre-
dictability property of an AIF-enables DT. The methodology is struc-
tured into three main steps which form a generalizable pipeline
applicable across different DT use cases. In what follows, we detail
each step and describe its concrete application to the case study
described in Section 4.

6.1 Relevant data identification

The first step in the development of the AIF agent, which is inte-
grated into the DT architecture, is to identify the key elements that
structure the agent’s reasoning and behaviour. In the context of
our case study, this is instantiated as follows:
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¢ Goal elicitation and Preferences: The DT has specific per-
formance objectives Gp. These objectives are formalised as
preferences over observations. For example, in our DT, the
CV service prefers a throughput > 3 while the QR reading ser-
vice prioritises a throughput > 40 (see Table ?? and Table ??).
Neither service has any preferences regarding CPU usage.

e States and Observations identification: The state space
Spr and observation space Opr are defined around the con-
figurable parameters and performance metrics of CV and QR
service (see Table ?? and Table ??). In this work, we assume
perfect sensing, so Spr and Op7 are considered equivalent
and include the next variables: allocated CPU cores of CV
and QR, video resolution quality of CV and QR, model size
of CV, and throughput of CV and QR.

o Actions identification: Actions (Upr) represent possible re-
configurations the DT can apply, that is: increasing, staying
or decreasing core allocation for CV and QR; increasing, stay-
ing or decreasing quality for CV and QR; and increasing, stay-
ing or decreasing model for CV (see Table ?? and Table ??).

6.2 Generative model construction

The next step is to construct the generative model. An AIF agent
can be formally modelled as Partially Observable Markov Deci-
sion Processes (POMDPs) [15], which is represented by the tuple
(S,U,B,0,A,C,D), where S is the set of states of the system, U is the
set of available actionsU is the set of available actions, B encodes
the state transition probabilities, O is the set of possible observa-
tions, A is the observation likelihood model, C defines preferences
over observations and D is the prior distribution over initial state

State space (S). The state space S is defined over seven factors
S; €S that describe the configuration and performance of both ser-
vices. In order to make the inference computationally feasible, each
configuration factor S; is defined over a finite set of discrete values.
The subscript i identifies the factor and the superscript denotes the
cardinality, that is, the number of discrete values it can take. Each
factor is defined as follows: CV throughput (53), CV quality (S;g),
CV model size (S;), CV cores assigned (Sg), QR throughput (Sg), OR
quality (Sg) and QR cores assigned (Sg). The values of each factor
can be seen in Table ?? and Table ??. The complete state space S is
defined as the Cartesian product of all individual factors:

S=50X51XS2X853XS4XS5XS¢

Therefore, the state of the agent is a tuple s = (50,51,52,53,54,55,56 ),
where Vs; € S; encodes the current value of the corresponding factor.

Action space (U). Each service has its own independent action
set composed of discrete operations that adjust its configuration
parameters by one step. This design limits the exponential growth
of the joint action space. The CV service actions (Ucy) include 7
discrete options: no-op, increase/decrease quality, increase/decrease
model size, increase/decrease cores. The QR service actions (Ugr)
include 5 discrete options: no-op, increase/decrease quality, in-
crease/decrease cores. Both increase and decrease actions shift
the current value by one step within the discretized space (e.g.,
increasing CV quality from 160 to 192). The special no-op action
maintains the current setting. The overall joint action which allows
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simultaneous control of both services is defined as:
u= (ucv,uQR)

Observations (O). The set of observations represents the possi-
ble outputs of the physical twin produced after an action u has
been taken. In this work we assume perfect sensing, that is, an
identity mapping between states and observations. To this end, the
observation space O is equivalent to the state space S.

Likelihood model (A). The agent receives one observation per
state factor. As explained earlier, since we assume fully observable
outputs (i.e., perfect sensors), each observation variable corresponds
directly to its associated hidden state factor. Therefore, the Likeli-
hood model A is composed of identity matrices.

Transition model (B). Each state factor S; is governed by a tran-
sition model B;, which defines the probability distribution over
its future values s/*! €;, conditioned on the current state s! €S;
and the actions applied. These transition models capture how each
factor evolves over time, reflecting both the internal logic of the
physical system and its operational constraints.

The transition model B; is represented as a multidimensional tensor
whose entries specify, for each combination of current state and
action, the probabilities of transitioning to all possible next states.
This representation allows encoding deterministic updates (where
a specific outcome always follows a given condition) as well as
stochastic behaviour (where multiple future states are possible with
varying likelihoods).

For example, B; transition model for CV quality is affected by the
current value of CV quality state factor (s1) and by the CV action
4V The full transition model Bj is a 3D tensor of dimensions
8 x 8% 3, where 8 is the number of discrete quality levels, and 3
is the number of actions for the CV quality u®V (
tain, decrease). Each entry of the tensor By [i,j,u] =1 indicates a
deterministic transition from state s{ =51[j] to si“ =51[i] when

increase, main-

applying an action «©V. When the AIF agent chooses the action

increase quality” the quality level increases by a fixed step of 32 (see

Table ??), unless it is already at the maximum allowed value. This
transition tensor is constructed as follows:

t+1 .t CV —
Bi[sy S Uincrease quality] -

[« eNeNe el =]
O O O R OO O
O O Rk O O O O

S O kOO O o O

= e el e ==l

_O O O O O o O

_ O OO O O o O

0 0

Ccocoococoor o

Rows represent next values si*! €Sy, and columns represent cur-
rent values s{ €51, where: S; ={128,160,192,224,256,288,320,352}.
The last column models saturation: once the quality reaches 352,
further increase actions leave the state unchanged.

An additional example is By, corresponding to the CV throughput.
This factor is influenced by multiple states: CV quality s, CV model
size s, and CV allocated cores s3, as well as the applied CV action
u€V. Another example is B3, which models the number of cores
allocated to the CV service. Its next state depends on the current
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core allocation, both CV and QR actions, and the current allocation
of QR cores (s¢). The transition must satisty the constraint s3+s¢ <8.
The full matrix B can be seen in [11]

Preferences (C). Preferences over observations reflect the SLOs:
e CV: throughput >3, high quality, large model
e QR: throughput > 40, high quality
These preferences are encoded as log-probabilities. For instance, the
preferences of the QR throughput state factor (S*) are encoded as:

R
C4Q = [—5, 125, 25; 4; 43 4]

Initial state (D). It encodes the agent’s belief over its initial state
for each state factor s;. For example, both services start with 2 cores
each, so the initial belief distributions over the state factors S3 (CV
cores) and Sg (QR cores) are:

DSV =[0,1,000,00], DE*=[0.10,0,000]

6.3 Active Inference Cycle

The DT runs a continuous Active Inference cycle. This cycle enables
the DT to perceive, reason, and act under uncertainty while man-
aging the joint behaviour of both services within a shared resource
environment. In our case study, the cycle is instantiated as follows:

(1) Perception (Infer State): The AIF agent receives a obser-
vation from the physical twin and infers the most probable
hidden state configuration.

(2) Prediction and Planning: Using its internal generative
model, the AIF agent simulates future trajectories of sys-
tem behaviour under different policies z. Each policy de-
fines a joint configuration of actions for both services. For
each candidate policy, the AIF agent computes expected free
energy G(r), which balances epistemic value (uncertainty
reduction) and extrinsic value (goal achievement based on
performance preferences).

(3) Action Selection and Execution: The AIF agent selects the
policy 7* that minimises expected free energy and applies
the corresponding configuration to the physical twin.

(4) Learning: The AIF agent updates the parameters of its gen-
erative model, particularly the B matrix, to better reflect
observed transitions in the physical system over time.

This ATF cycle allows the AlF-enabled DT to continuously adapt
its control strategy based on real-time data and internal beliefs, op-
timizing resource allocation and service performance in a dynamic,
constrained edge computing environment.

7 Evaluation and Results

This section presents the experimental evaluation of the proposed
ATF-enabled DT and assesses its ability to predict and optimize the
performance of CV and QR services running on a physical edge
device.

7.1 Experiment design and setup

To validate the proposed approach, we implemented an AIF pipeline
using the pymdp library [5], which governs the behaviour of the
DT that manages the two services deployed on a physical twin:
a video stream inference service and a QR code reading service.
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The experimental setup is a realistic edge computing scenario with
shared and limited computational resources.

The physical twin is an 8 core edge device, where both services
are containerized by using Docker and executed concurrently. Each
service exposes configurable parameters, such as video quality,
number of CPU cores, and model size (for the CV service), as well
as observable outputs like the throughput (frames per second). See
Section 4 for more details.

The DT receives real-time observations from both services and
uses its generative model of ATIF to infer latent states and determine
optimal actions. The experiment consists of executions composed
of 50 iterations, that is, 50 AIF cycles. At each iteration, the AIF-
enabled DT receives an observation, infers the state, evaluates
candidate policies, and selects the one that minimizes the expected
free energy. The selected actions are then applied to the physical
twin, and resulting observations are collected to complete the loop.

All experiments were executed on Galgo, a high-performance
computing system maintained by the University of Castilla-La Man-
cha (UCLM) [19]. The experiments were deployed on a selection of
48 nodes within the Galgo supercomputer. Each node provides 64
GB of RAM and two Intel Xeon E5-2650 processors at 2.00 GHz, with
8 cores per node. This supercomputer provided a controlled and
reproducible environment for running the experiments, managing
the physical twin remotely.

7.2 Tuning parameters

Before proceeding with the main experiments addressing the re-
search questions (RQs), we conducted two preliminary experiments
to configure the AIF-enabled DT and understand the impact of
model adaptation and learning parameters on performance.

7.2.1 Learning vs. Fixed Transition Model. The objective of this
experiment is to assess whether an AlF-enabled DT that dynami-
cally updates its transition model (B matrix) in real time achieves
better prediction accuracy than one using a fixed model. To this
end, two configurations were compared: one with learning enabled,
where the DT updates the B matrix at each time step based on the
observed transitions; and one with learning disabled, where the
B matrix remains static throughout the episode. The evaluation
metric used was the Root Mean Squared Error (RMSE) between the
predicted and actual throughput, calculated independently for the
CV and QR services.

The average RMSE values obtained across the 50 iterations are
as follows:

e No update B: CV = 2.2700, QR = 20.9591
e Update B: CV = 0.9988, QR = 8.9329

The reduction in prediction error when updating the B matrix at
each iteration indicates that enabling learning improves the predic-
tive accuracy of AlF-enabled DT in both services. More specifically,
the RMSE decreases substantially for both CV and QR. For the CV
service, the error drops from 2.27 to 0.99, and for QR, from 20.96
to 8.93. This suggests that learning the B matrix allows the model
to better approximate the real physical twin behaviour.

7.2.2  Learning Rate Optimisation. The objective of this experi-
ment was to determine the optimal learning rate « for updat-
ing the B matrix in the AlF-enabled DT. To achieve this, a grid
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search was performed over a predefined set of candidate values
a €{0.1,0.3,0.5,0.8,1.0}. Each configuration was evaluated across
50 iterations, and the learning rate yielding the best overall predic-
tion performance was selected. The evaluation metric used was the
RMSE between the predicted and actual throughput for CV and for
OR for each learning rate value. The average RMSE values obtained
for each « across all iterations are as follows:

e 0=0.1: CV = 1.0378, QR = 9.4381

o =0.3: CV =0.9107, QR = 8.4020

e 0=0.5:CV = 1.0710, QR = 9.9882

e 0=0.8: CV = 1.0253, QR = 8.7431

e a=1.0: CV =1.0009, QR = 9.0860

Since the learning rate @ =0.3 produced the lowest prediction

error in both services, it was selected as the default setting for the
remaining experiments.

7.3 Experiment 1:
Prediction Accuracy of Future States

This experiment answers the RQ1: Can an AlF-enabled DT accu-
rately predict the performance of its physical twin? Accurate predic-
tion of future system states is a fundamental requirement for the
predictability property of DT. This experiment assesses the predic-
tive capability of the DT by evaluating how accurately it anticipates
the future performance of its physical twin. For each execution,
the DT generated throughput predictions for both services over
a 50-iteration horizon using its internal generative model. These
predicted values were then compared with the actual throughput
observed on the physical twin. The primary evaluation metric was
the Root Mean Square Error (RMSE) between predicted and real
performance values, computed over the last 15 iterations of each
run to focus on the post-learning phase. To ensure generalisability,
the experiment was repeated with four different random seeds.

Figure 2 shows a representative execution, comparing predicted
and real throughput over time for both the CV and QR services. This
figure shows the mean and standard deviation of the 30 executions.
The close match between both trajectories visually confirms the
predictive capabilities of the AIF-enabled DT. The results show that
in the first iterations, it learns the behaviour of the physical twin,
then, as it progresses through the iterations, a stable alignment
between its internal generative model and the actual behaviour of
the physical system is seen.

To statistically evaluate the prediction accuracy of the AIF-enabled
DT, we tested whether the two samples (predicted and real) are
statistically significant different. The descriptive statistics for CV
and QR services are shown in Table 1. We formulated the following
hypotheses for each service (CV and QR):

e Hj: Thereis no statistically significant difference between the
distributions of predicted and observed throughput values.
e Hi: There is a statistically significant difference between the
distributions of predicted and observed throughput values.

Since the normality assumption was violated (as assessed through
Kolmogorov-Smirnov test), we employed a non-parametric alter-
native: the Mann-Whitney U test. All four assumptions required
to validly apply the Mann-Whitney U test were assessed and found
to be satisfied for the two services. Specifically: (1) the dependent
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Figure 2: Predicted vs. real throughput for both services.

Table 1: Descriptive statistics for real and predicted through-
put values in CV and QR services

Statistic Cv QR
Real Predicted Real Predicted

N 450 450 450 450
Mean 4.66 4.73 52.25 51.74
Median 5.00 4.79 52.00 51.77
Standard Deviation 1.01 1.14 8.07 7.60
Minimum 3.00 2.15 34.00 35.05
Maximum 6.00 7.07 63.00 65.84
Mean Rank 444.57 456.43 465.32 435.67

Table 2: Mann-Whitney U Test Statistics

Statistic Ccv OR
Mann-Whitney U 98580.00 94578.00
Z -0.688 -1.713
p-value 0.491 0.087

variable was continuous: throughput value; (2) the independent vari-
able consisted of two independent and categorical groups: real and
predicted; (3) observations were independent between groups; and
(4) the distributions of the two groups exhibited different shapes,
therefore, the results will be interpreted as a comparison of mean
ranks rather than medians. The test was conducted over the last 15
iterations of 30 executions, comparing the predicted and real values
of throughput for both services. The last 15 have been selected
since the previous ones are considered for training. The results are
summarized below:

For the CV service, as the p-value =0.491 is higher than 0.05, we
fail to reject Hy, indicating that the predicted and real throughput
mean rank are statistically indistinguishable. On the other hand, for
the QR service, the p-value is 0.087, although this result is close to
the 0.05 threshold, it does not provide strong evidence to reject Hy
under the standard significance level, suggesting that the predicted
and real values are not significantly different neither. These results
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Table 3: Descriptive statistics for the cumulative objective
fulfilment rate in CV and QR services

Statistic CV QR
N 30 30

Mean 0.84 0.88
Median 0.90 0.89
Standard Deviation 0.11 0.06
Minimum 0.66 0.72
Maximum 0.96 0.96

support the ability of the AlF-enabled DT to accurately anticipate
future system states, addressing RQ1.

7.4 Experiment 2:
Fulfilling the performance service objective

This experiment directly addresses the RQ2: Can an AIF-enabled
DT select actions that ensure the achievement of performance objec-
tives under dynamic and uncertain conditions? Taking actions that
modify the configuration of the physical twin to achieve its perfor-
mance objective is a fundamental requirement for the predictability
property of the DT.

The objective of this experiment is to assess whether the AIF-
enabled DT can successfully fulfill the predefined performance
service-level objectives (SLOs) for both services. Throughout each
of the 50 iterations in an execution, we verify whether the through-
put exceeds the target threshold, greater than 3 for the CV service
and greater than 40 for the QR service. Each iteration in which a
condition is met, a counter is incremented. Then, the total count is
normalized by the number of iterations to obtain a cumulative SLO
fulfillment rate between 0 and 1. This procedure is repeated in 30 in-
dependent executions, each initialized with a different random seed,
to ensure the robustness and generalizability of the results. The
metric used in this experiment is the cumulative SLO fulfillment
rate, calculated separately for the CV and OR services.

As shown in Figure 3, which displays 30 independent executions,
the AlF-enabled DT consistently meets the defined SLOs. On av-
erage, the CV achieves a cumulative fulfillment rate of 0.84, while
the QR service achieves 0.88. The rest of the descriptive statistics
are shown in Table 3. Across all 30 executions, the AIF-enabled
DT demonstrates stable and effective behaviour, reliably guiding
the physical system toward its operational objectives. To statisti-
cally evaluate whether the AIF-enabled DT fulfils the proposed CV
and QR performance objective more than 80% of the time, we test
whether the median of each service’s cumulative SLO fulfilment
is equal to this value. We formulated the following hypotheses for
each service (CV and QR):

e Hj: There is no statistically significant difference between
the median of the observed fulfilment rates and the reference
value of 0.8.

e Hj: There is a statistically significant difference between the
median of the observed fulfilment rates and the reference

value of 0.8, with the median being greater than 0.8.
Since the assumption of normality (assessed by the Shapiro-Wilk
tests) is not met in both the CV and QR services, we use a non-
parametric alternative: the one-sample Wilcoxon Signed Rank
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Figure 3: Evolution of cumulative objective fulfilment rate.

Table 4: Results of the Wilcoxon signed-rank test
Statistic Ccv OR

Total N 30 30
Test Statistic 440.500 295.500
Standard Error  48.491  41.366
p-value <0.001 0.010

test. All four assumptions required to validly apply the one-sample
Wilcoxon signed-rank test were assessed and found to be satisfied
for the two services. Specifically: (1) the dependent variable is
continuous; (2) data are independent between observations; and (3)
data is distributed symmetrically around the median. The test was
conducted over 30 executions. The results of Table 4 indicate that
the null hypothesis can be rejected for both services as both p-values
are lesser than the threshold of @ =0.05. This suggests that both the
median CV and QR fulfilment rates are significantly higher than 0.8.

8 Discussion

This Section analyses how the experiments described above provide
empirical support for the theoretical claims made in Section 3, re-
garding the contribution of AIF to the predictability property of DTs.

o AdaptivePerception: Section 3 explains that an AIF-enabled
DT interprets sensory inputs probabilistically, updating its
internal generative model to infer latent states. This is con-
firmed by Experiment 1 (Section 7.3), where the DT accu-
rately infers the underlying physical twin state and aligns its
predictions with real throughput data. The close statistical
match between predicted and observed values supports the
presence of dynamic perception.
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e Active Simulation and Prediction: AIF enables the DT
to simulate future outcomes and assess their consequences.
Experiment 1 (Section 7.3) demonstrates this through predic-
tion of throughput over 50 iterations and 30 executions using
the generative model. The alignment between predicted and
real curves show the ability of the AIF-enabled DT to antic-
ipate system behaviour under different configurations.

e Deliberate Action: Theoretical principles in Section 3 em-
phasize that AIF agents act strategically to reduce expected
surprise. In the Experiment 2 (Section 7.4), the AIF-enabled
DT consistently selects configurations that lead to objective
fulfillment for both services (CV and QR), achieving average
fulfillment rates of 0.84 and 0.88 respectively. This shows
that the DT not only predicts, but also controls the behaviour
of two services deliberately.

e Continuous Learning: AIF relies on ongoing model re-
finement. The results from Section 7.2 show that updating
the transition model (B matrix) significantly reduces pre-
diction error, especially when using the optimized learning
rate @ =0.3. This shows how the AIF-enabled DT refines its
internal model over time to improve predictive performance.

9 Conclusion and Future Work

This work presented a novel approach to develop the predictability
property of DTs through AIF, enabling autonomous prediction and
control in dynamic, resource-constrained IoT environments. We
proposed an AlF-enabled DT capable of modelling and managing
two co-located video processing services deployed on an edge de-
vice. The DT continuously inferred latent system states, predicted
future performance, and selected optimal actions based on a genera-
tive model encoded as a POMDP. A series of experiments validated
the proposed approach. The tuning parameters confirmed that
learning the transition model (B matrix) significantly improved pre-
diction accuracy. Furthermore, we showed that the DT’s predictions
closely matched real system behaviour, as supported by statistical
tests (RQ1). Finally, the DT demonstrated its ability to meet the
SLOs performance with high consistency across multiple executions
(RQ2). Finally, with regard to future work, firstly, we plan to com-
pare the AlF-enabled DT with other approaches such as reinforce-
ment learning or deep neural networks. Secondly, we aim to explore
how AIF can contribute to the development of other DT properties.
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