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Abstract

Thermal limitations restrict the performance of low-cost, vertically stacked embedded
systems. This paper presents a self-referencing digital twin framework for thermal and
task management in a multi-device ESP32-S3 stack. The system combines a Mixture-of-
Experts (MoE) model for task allocation with a neural network for short-term temperature
prediction. Acting as a lightweight digital replica of the physical stack, the digital twin con-
tinuously monitors device states, forecasts thermal behavior 30 s into the future, and adapts
workload distribution accordingly. The MoE model evaluates each device individually
and asynchronously, estimating the portion of workload it should receive based on current
state features including SoC temperature, CPU frequency, stack position, and recent task
history. A separate neural network predicts future temperatures using real-time data from
local and neighboring devices, enabling proactive thermal-aware scheduling. Training
data for both models is collected through controlled experiments involving fixed-frequency
operation and structured frequency switching with idle phases. All predictions and control
actions are driven by in-built sensor feedback from the ESP32-S3 microcontrollers. The
resulting digital twin supports distributed task scheduling based on temperature and works
well in simple, low-cost edge systems with heat constraints. In one-hour experiments on
a 6 ESP32-S3 stack, the proposed scheduling method completes up to 572 computation
rounds at a 50 ◦C temperature limit, compared with 493 and 542 rounds under logistic
regression based control and 534 rounds at fixed 240 MHz operation, while keeping peak
temperature at 51 ◦C.

Keywords: digital twin; 3D package stack; thermal management; task allocation; temperature
prediction; mixture-of-experts; neural network; ESP32

1. Introduction
In recent years, the concept of the digital twin has gained attention as a method for

linking physical systems with their virtual counterparts to enable real-time monitoring,
prediction, and control. A digital twin is a dynamic virtual representation of a physical asset
that is continuously updated with live data, allowing simulations and decisions to reflect
actual system conditions [1,2]. This approach has been widely explored in domains such
as manufacturing, industrial design, and aerospace, where synchronized models support
predictive maintenance, resource optimization, and operational resilience. As the cost of
sensing and embedded computing continues to fall, lightweight digital twin systems are
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becoming increasingly feasible in edge environments and resource-constrained platforms.
In this context, the present work explores how a real-time control framework based on
ESP32-S3 microcontrollers and AI models can function as a self-referencing digital twin
for thermal and task management in compact, stacked ESP32-S3 microcontrollers. The AR
environment in this study serves only as a visual display of system states and predicted
temperatures and does not take part in sensing, prediction, or control.

Three-dimensional (3D) chip stacking has become an increasingly practical solution for
improving the performance and compactness of modern electronic systems. By arranging
devices vertically, this design reduces interconnect distance and saves space, making it
suitable for embedded and edge computing scenarios [3,4]. However, the dense layout
also brings new challenges in thermal management. Inner devices in the stack tend to
accumulate heat more quickly due to limited airflow and restricted cooling surfaces, leading
to uneven temperature distribution and potential performance degradation [5,6].

To maintain stable operation in such systems, dynamic thermal control and task
scheduling are essential. Basic strategies, such as lowering processor frequency or shifting
workloads when temperatures exceed a fixed threshold, have been widely adopted in
embedded and mobile devices [7,8]. These methods are simple to implement and work
under stable conditions, but they lack flexibility and may fail to respond effectively under
rapidly changing thermal states or non-uniform workloads.

Recent advances in machine learning offer new possibilities for thermal-aware control
in real time. Neural networks, in particular, have been shown to accurately predict temper-
ature trends by analyzing historical data, even under nonlinear thermal behavior [9–11].
In addition, Mixture-of-Experts (MoE) models can be used to divide computational tasks
among multiple units based on real-time system conditions, including thermal status and
operating capacity [12]. When combined, these models can support more precise and
adaptive scheduling in thermally constrained systems.

To evaluate the feasibility of this approach, a test platform based on six vertically stacked
ESP32-S3 microcontrollers was developed. While not designed for high-performance comput-
ing, the ESP32-S3 serves as a low-cost and controllable prototype to simulate the behavior of a
3D chiplet stack. This setup allows for real-time temperature monitoring, adjustable operation
frequencies, and distributed task execution, making it suitable for verifying thermal prediction
and scheduling strategies in a constrained environment.

The experimental results demonstrate that the AI-based system improves both thermal
stability and task throughput compared to static or rule-based methods. With accurate
short-term temperature forecasting and flexible load distribution, the system achieves
better performance under defined thermal limits.

Earlier thermal control methods operate by monitoring temperature changes and
adjusting workload when a temperature limit is reached. The controller developed with
logistic regression in previous work is used as one baseline because it predicts short-term
temperature changes and modifies workload after limits are exceeded. The approach exam-
ined in this study uses direct temperature prediction together with proportional workload
assignment, which enables task distribution to account for expected thermal conditions.
For consistency, the evaluation compares this approach with fixed frequency operation
and the logistic regression controller under the same thermal limits. The comparison
considers task throughput, temperature regulation, and the computation effort required for
model inference.

The remainder of this paper is organized as follows, and the overall architecture of
the proposed self-referencing digital twin system is illustrated in Figure 1. The system
consists of a digital twin layer that monitors device states and makes scheduling decisions,
and a physical layer where ESP32-S3 devices execute assigned tasks and provide real-

https://doi.org/10.3390/computers15010004

https://doi.org/10.3390/computers15010004


Computers 2026, 15, 4 3 of 18

time feedback. Section 2 reviews related work on thermal-aware scheduling and digital
twin frameworks. Section 3 details the design and training of the Mixture-of-Experts
(MoE) model for task allocation. Section 4 describes the hardware configuration and the
experimental protocol for data collection. Section 5 introduces the neural network used for
short-term temperature prediction. Section 6 presents experimental results, followed by
discussion in Section 7 and conclusions in Section 8.

Self-referencing
digital twin layer

Neural
Network

Mixture-of-
Experts

Parallel
computing tasks

Aggregated
task results

Physical device
layer

ESP32-S3
package stack

Device 1

Device 2

Device 3

Device 4

Device 5

Device 6

CPU frequency
adjustment

Task allocation

CPU frequency
SoC temperature
Historical task count, etc.

Figure 1. Overview of the proposed self-referencing digital twin framework for thermal-aware
task scheduling. The digital twin layer uses real-time device states to predict future temperatures
and dynamically adjust CPU frequency and task allocation across the ESP32-S3 stack to prevent
overheating and maintain throughput.

2. Background and Related Work
Thermal management and task scheduling have long been studied in systems where

power density and space constraints create thermal challenges. Traditional methods rely
on static thresholds to trigger actions such as frequency throttling, core disabling, or work-
load migration. These rule-based approaches are computationally efficient and easy to
implement but provide limited adaptability to real-time thermal variations and spatial
temperature gradients in densely integrated systems [3,4].

To improve responsiveness, temperature-aware scheduling policies have been devel-
oped. These typically monitor on-chip or core temperatures and shift computation toward
cooler units when imbalance is detected [8]. Techniques such as temperature-guided round-
robin or thermal-aware bin packing have been proposed for multicore processors and
system-on-chip (SoC) environments [6]. While these methods reduce thermal hotspots,
they generally assume a fixed workload profile and do not account for future tempera-
ture trends.

More recently, predictive models based on machine learning have been introduced to
estimate short-term temperature evolution. Regression-based models and decision trees
have shown promise in embedded and mobile computing platforms [9,10]. Neural net-
works, including lightweight convolutional and recurrent structures, have also been used
to anticipate thermal spikes and proactively manage workloads or frequency states [11,12].
In particular, these methods are effective in capturing the nonlinear relationships between
frequency, power consumption, and thermal dynamics.

To explore thermal management in a compact and cost-effective hardware environ-
ment, a prior study [7] developed and evaluated a real-time control strategy using a stack
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of six ESP32-S3 microcontrollers. The system was designed to mimic the geometric and
thermal characteristics of a vertically integrated 3D chiplet stack, with each ESP32-S3
capable of independent operation and internal temperature monitoring.

Figure 2 illustrates the workflow architecture of the scheduling system. A large ma-
trix is first constructed and divided into ten independent subtasks, each of which can be
processed by any available ESP32-S3 device. The host continuously scans all connected
serial ports to identify active devices. When one or more devices are available, subtasks are
dynamically assigned based on the scheduling policy. Each device reports task completion
back to the host, enabling the system to track overall progress. Once all subtasks are
finished, the host aggregates the results and proceeds to the next iteration. The figure there-
fore represents the structural organization of task generation, device discovery, dynamic
assignment, and result aggregation within the system.

In that prior system, each device was programmed to execute a computational task,
specifically a matrix-based edge detection simulation, and periodically report its temper-
ature and status to a host controller via serial communication. To reduce computational
overload on overheated devices, a logistic regression model was trained to predict whether
the temperature would increase in the next 10 s based on recent thermal history. The input
features included the current temperature and the moving average over the past 10 s,
sampled at 0.05 s intervals, as in Figure 3. A binary classifier was then used to determine if
frequency scaling or task redistribution should be triggered.

The temperature prediction model was implemented using Scikit-Learn and trained
on experimental datasets collected from ESP32-S3 devices running at different fixed fre-
quencies (80 MHz, 160 MHz, and 240 MHz). For each frequency level, a separate logistic
regression model was trained to fit the device’s thermal behavior. The trained models
achieved classification accuracies ranging from 96.9% to 97.7%, indicating that the model
could correctly anticipate whether the temperature would rise within the near future.

When the predicted temperature rise exceeded a preset threshold, a rule-based con-
troller adjusted the processor frequency downward or shifted part of the computation to a
different ESP32 device with a lower thermal load. A dynamic load-sharing mechanism was
implemented in the host computer to divide a large matrix into subtasks and allocate them
to the available ESP32 units. The decision to assign tasks was based solely on each device’s
current temperature and frequency.

Creating
matrix

Breakdown
into 10 tasks

Scan
serial port

ESP32-S3s
available?

Task 1 Task 2

Task 3 Task 4

Task 5 Task 6

Task 7 Task 8

Task 9 Task 10

Task
allocation

All tasks
completed?

Aggregated
results

Yes

Yes
No

No

Figure 2. Task scheduling flow for the federated ESP32-S3 system. A matrix is first created and
split into ten subtasks. The system scans for available ESP32-S3 devices via serial ports and dynam-
ically allocates tasks accordingly. Once all tasks are completed, results are aggregated for output.
Reproduced with permission from Liu et al. [2025] [7], published by MDPI, 2025.
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Experiments were conducted using both fixed-frequency (baseline) and AI-assisted
(logistic regression + control rule) setups. In the baseline configuration, devices running
at 240 MHz completed the highest number of computation rounds (534 in one hour)
but reached maximum temperatures of up to 56 ◦C. By contrast, the AI-driven approach
capped the temperature at 50 ◦C or 45 ◦C while completing 542 and 493 rounds, respectively,
indicating improved thermal safety with minimal performance loss.

However, this approach exhibited several limitations. First, the logistic regression
model is inherently linear and lacks the capacity to model complex, nonlinear thermal
interactions within the stack. This restricted its predictive accuracy, especially under rapidly
changing workloads or uneven spatial heat distribution. Second, the task allocation logic
was fixed and rule based, considering only current temperature and frequency without
modeling inter-dependencies or optimizing for global system performance. The load-
sharing model did not adapt to predicted future states or dynamically balance efficiency
across the stack.

Input values
• Ti
• Ti−200 · · · Ti−100
• SoC freq.

Logistic
regression

Predictions
• Ti+200

Adjust
frequency

Figure 3. Thermal prediction and frequency control framework used in the previous study. A logistic
regression model takes recent temperature history and SoC frequency as input, and predicts the
future temperature at time step Ti+200. Based on the prediction, the system adjusts the processor
frequency to avoid thermal violations. Caption reproduced with permission from Liu et al. [2025] [7];
published by MDPI, 2025.

Additionally, the previous work treated each ESP32 chiplet independently, with-
out modeling spatial interactions such as thermal diffusion between vertically adjacent
devices. This simplified the system design but may have limited the overall thermal control
precision. Finally, the prediction window of 10 s, while effective for simple workloads,
might not provide sufficient lead time for managing more complex computational tasks.

The present work builds upon this framework by addressing its key limitations.
A neural network model is introduced to provide more accurate short-term temperature
forecasting using multidimensional input features, including timestamp, frequency, current
and past temperatures, chiplet position, and neighboring chip temperatures. Furthermore,
the task allocation strategy is enhanced using a Mixture-of-Experts (MoE) model that adap-
tively selects target devices for computation based on both predicted thermal states and
runtime performance metrics. These improvements enable a more flexible and scalable
system suitable for complex or time-sensitive embedded applications operating under
thermal constraints. Recent work has also applied neural-network-based methods to em-
bedded optimization and system management tasks [13,14]. These works reflect a broader
trend toward learning-driven resource management, which aligns with the direction of the
present study.

3. Experimental Setup
3.1. Test Vehicle

The experimental platform is built using six ESP32-S3 microcontrollers arranged
vertically inside a custom 3D printed shell. Each device includes a dual core processor,
integrated temperature sensor, and supports selectable operating frequencies of 80 MHz,
160 MHz, or 240 MHz. The devices are spaced 1 mm apart and are connected to a host
computer via USB. The vertical structure and tight enclosure lead to significant temperature
gradients when the devices are active. The physical configuration is illustrated in Figure 4.
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Device 1
Device 2
Device 3
Device 4
Device 5
Device 6

Figure 4. Vertical stack configuration of ESP32 S3 devices, showing layout and device numbering.

3.2. Data Collection

To collect training data for MoE model, the ESP32-S3 stack was operated for one
hour under three fixed frequency settings (80 MHz, 160 MHz, and 240 MHz), shown in
Figure 5. During this period, the SoC temperature of each device was recorded continuously.
The temperature curves shown in Figure 6 illustrate the thermal behavior of the devices
across different frequencies.

80 MHz
1 h

Idling
0.5 h

160 MHz
1 h

Idling
0.5 h

240 MHz
1 h

Idling
0.5 h

160 MHz
1 h

Idling
0.5 h

80 MHz
1 h

a

240 MHz
1 h

Idling
0.5 h

160 MHz
1 h

Idling
0.5 h

80 MHz
1 h

Idling
0.5 h

160 MHz
1 h

Idling
0.5 h

240 MHz
1 h

b

80 MHz
1 h

Idling
0.5 h

240 MHz
1 h

Idling
0.5 h

80 MHz
1 h

Idling
0.5 h

240 MHz
1 h

Idling
0.5 h

80 MHz
1 h

c

Figure 5. Experimental protocols for alternating frequency tests with idling periods. (a) Frequency
sequence: 80 MHz → 160 MHz → 240 MHz → 160 MHz → 80 MHz, each active phase lasting 1 h,
separated by 0.5 h idling. (b) Frequency sequence: 240 MHz → 160 MHz → 80 MHz → 160 MHz →
240 MHz. (c) Frequency sequence: 80 MHz → 240 MHz → 80 MHz → 240 MHz → 80 MHz. Each
configuration explores the temperature response of the package stack under distinct transition paths
between frequencies.

To train the neural network model for short-term temperature prediction, a dedicated
dataset was collected by executing controlled, time
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Figure 6. (a–c) Measured SoC temperature trajectories of six ESP32-S3 devices under constant
workloads at (a) 80 MHz, (b) 160 MHz, and (c) 240 MHz. (d) Number of completed computation
rounds under corresponding frequencies. Reproduced with permission from Liu et al. [2025] [7],
published by MDPI, 2025.

4. Mixture-of-Experts Model Design
4.1. Input and Output Definition

The Mixture-of-Experts (MoE) model developed in this work is designed to sup-
port real-time task allocation under thermal constraints by evaluating one device at a
time. Rather than comparing multiple devices simultaneously, the model operates asyn-
chronously: it is invoked when a device completes its current subtask and reports its
internal status. The model then estimates what proportion of the upcoming workload
should be assigned to that device, based on its current condition.

To make this prediction, a fixed-length input vector is constructed to represent the
device’s operational state. This vector consist of the following features:

• SoC temperature: indicates the current processor thermal condition, which reflects
immediate thermal stress and risk of overheating.

• Operating frequency: represents the current CPU clock speed and reflects the recent
balance between power consumption and processing performance.

• Historical task count: defined as the number of subtasks the device has recently
completed, serving as a cumulative load indicator.
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• Positional index: encodes the device’s vertical location within the stack, capturing
spatial thermal effects due to heat accumulation and dissipation.

The output of the MoE model is a scalar value y ∈ [0, 1], interpreted as the recom-
mended proportion of the next task batch to assign to the querying device. For example,
if the total batch consists of 10 subtasks and the model predicts round(y, 1) = 0.3, then
three subtasks will be assigned to the device in the next scheduling cycle.

To construct supervision labels for training, task completion rates were measured
under fixed frequency operation; the thermal behavior and statistics are shown in Figure 6.
The ESP32-S3 stack was configured to run continuously at 80 MHz, 160 MHz, and 240 MHz,
with each device executing a repeated edge detection workload for one hour. The number
of completed task rounds per hour was recorded under each frequency setting, resulting in
180, 360, and 534 rounds, respectively. These values were used to estimate task-handling
capacity under each configuration.

Rather than applying global normalization or soft allocation rules, task ratio labels
were computed by dividing each measured by

task ratio =
measured throughput

534
. (1)

This gives task ratio labels of 0.337, 0.674, and 1.0 for devices operating at 80 MHz, 160
MHz, and 240 MHz, respectively. These values were then uniformly assigned to all input
samples corresponding to each frequency setting. Since the model performs predictions on
one device at a time, labels do not need to be normalized across devices or task batches.

Devices at different vertical positions exhibit different heating rates, and a device
operating at a higher temperature or with a rapidly increasing thermal slope must reduce its
sustainable operating frequency. This increases the time required to complete each subtask
and decreases the amount of workload the device can process before reaching its thermal
limit. Conversely, cooler devices can sustain higher throughput. Therefore, the measured
fixed-frequency throughput values (180, 360, and 534 rounds per hour) inherently capture
the thermal limitations of each device and serve as appropriate supervision labels for the
MoE model. The task ratio predicted by the MoE model thus reflects the device’s workload
suitability under its current thermal state.

Each output reflects an independent prediction of how much work the current device
can handle, without requiring knowledge of the global system state. Additionally, using
fixed-frequency data allows the model to observe a wide range of temperature and load
combinations in a stable way. Had the dataset been collected while running under neural
network thermal controller (thermal behavior shown in Figure 7), the resulting samples
would likely be biased.

4.2. Model Architecture

The MoE model applied in this work is structured to evaluate a single device at a
time and output a scalar representing the proportion of workload that the device should
handle in the next task round. Unlike conventional MoE implementations that perform
comparative inference across multiple candidates simultaneously, the proposed model
operates asynchronously, responding only to the current status of the querying device.

Figure 8 illustrates the structure of the model. The input state vector is processed in
parallel by each expert and the gating network. Expert outputs are collected and combined
via gating weights to produce the final task ratio output. Unlike classification MoE models,
this design focuses on scalar estimation per device, allowing individualized and continuous
load distribution over time.

https://doi.org/10.3390/computers15010004

https://doi.org/10.3390/computers15010004


Computers 2026, 15, 4 9 of 18

a

b

c

Figure 7. Training data consisting of temperature response of SoCs under alternating frequency
profiles. (a) Frequency sequence: 80 MHz → idling → 160 MHz → idling → 240 MHz → idling →
160 MHz → idling → 80 MHz. (b) Frequency sequence: 240 MHz → idling → 160 MHz → idling →
80 MHz → idling → 160 MHz → idling → 240 MHz. (c) Frequency sequence: 80 MHz → idling →
240 MHz → idling → 80 MHz → idling → 240 MHz → idling → 80 MHz. Each line corresponds to a
different ESP32-S3 device in the stack, with ambient temperature shown as reference.
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Figure 8. The MoE model evaluates one device at a time, producing a task ratio y(x) = f (x) · g(x)
based on expert outputs and softmax weights.

As previously defined in Section 3.1, the input to the model consists of a compact state
vector including thermal and operational characteristics of the device, and the output is a
scalar task allocation ratio in the range of [0, 1]. Internally, the model is composed of two
primary components, a set of expert networks and a gating network.

Each expert network independently processes the input and produces a scalar output
representing its assessment of the device’s suitability for additional workload. All expert
networks share the same input dimensionality but are parameterized independently, follow-
ing the classic structure proposed in the early MoE literature [15,16]. Prior work has shown
that even without explicit role assignment, experts can develop functional specialization
when trained with a gating network [17,18]; the gating mechanism in this model adaptively
weighs the expert outputs to produce a final task ratio to the current device.

In parallel, the same input vector is passed to the gating network, which produces a
weight vector via a softmax operation. These weights determine the contribution of each
expert’s output to the final decision. The final model output is calculated as the weighted
sum of expert predictions:

y(x) =
n

∑
i=1

gi(x) · fi(x), (2)

where fi(x) ∈ [0, 1] is the output of expert i, and gi(x) is the corresponding gating weight.
The result y(x) ∈ b{0, 1} is returned to the device that made the query and determines the
fraction of the next task batch to be assigned to it. In implementation, this value is typically
mapped to an integer number of subtasks based on the batch size.

To train the MoE model, real temperature and workload behavior were collected from
the ESP32-S3 stack operating at three fixed frequencies: 80 MHz, 160 MHz, and 240 MHz.
Each device continuously performed edge detection tasks for one hour, during which
internal temperature, operating frequency, and task execution status were recorded. The re-
sulting time–temperature profiles, shown in Figure 6, captured the thermal response
patterns of each device under a sustained load.

Using this dataset, a simple MoE model was implemented in PyTorch (V 2.7.1) [19].
The input to the model consisted of the SoC temperature, CPU frequency, historical task
count, and device position index. The output was trained to approximate the task ratio that
each device should be assigned.

Since the MoE model outputs a continuous task-ratio value rather than a discrete
class label, accuracy is not applicable to this regression-based allocator. Its behavior is
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instead validated through the consistency of its output trends with device thermal states
and through the resulting system-level throughput improvements.

5. Neural Network Model Design
Temperature prediction enables early thermal response in systems where workload

intensity directly affects heat accumulation. A regression-based neural network is used to
estimate the temperature of each ESP32 S3 device several seconds into the future, based
on its current and neighboring thermal state. The forecasted value is later used in the task
scheduling model to adjust workload before the temperature reaches a control threshold.

The model input includes ten features, listed in Table 1. These represent a snapshot of
the system state at a given moment. The features include the device’s internal temperature,
operating frequency, execution status, stack position, ambient temperature, and SoC tem-
perature of adjacent devices. This information is collected over serial communication at
20 samples per second and stored for offline training.

Table 1. Input features used for neural temperature forecasting.

Feature Description

Temp_SoC SoC temperature of the current ESP32 S3
M_Rec Whether the device is ready to receive a task
M_Proc Whether the device is processing a task
M_End Whether the device has completed a task
CPU_Freq Current CPU frequency (in megahertz)
Stack_Pos Vertical index of the device within the stack
Temp_a Ambient temperature near the device
Hum Local humidity measurement
Temp_0 Temperature of the device below
Temp_1 Temperature of the device above

The model uses the collected data shown in Figure 7 and is trained to predict the
SoC temperature 600 samples ahead, equivalent to approximately 30 s. Each training
example includes the feature vector at time t and a ground truth temperature at time
t + 10 s. The training dataset is generated by shifting and aligning the raw sensor data
collected from real-time experiments involving frequency switching and idle transitions.
The model is implemented using a feedforward neural network with two hidden layers,
each containing 64 units. The model is trained using Scikit-Learn [11] multilayer perceptron
regressor with ReLU activation and default optimizer settings. The training process uses
80 percent of the available data, while the remaining 20 percent is reserved for testing.

The training model achieves a mean absolute error of 0.18 degrees Celsius, a root mean
square error of 0.29 degrees, and a coefficient of determination (R2) of 0.996 on the test set.
These results indicate that the model can track thermal trends with high accuracy using
lightweight features and minimal historical data.

6. Results
6.1. Thermal Prediction Accuracy Comparison

To evaluate the temperature forecasting performance of the neural network model, raw
temperature traces collected from real-time execution were compared against exponential
curve fits. These experiments were conducted under both 45 °C and 50 °C target tempera-
ture constraints using two different control strategies: logistic regression and rule-based
task allocator (from prior work [7]) and neural network prediction combined with the
MoE-based task allocator.
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Figure 9 presents the raw temperature trajectories of all six ESP32-S3 devices. Subfig-
ures (a) and (c) show logistic regression control at 45 °C and 50 °C, respectively, while (b)
and (d) illustrate neural network-based control under the same thermal targets. In all cases,
the devices exhibit consistent heating behavior followed by saturation near the predefined
thresholds. Compared to logistic regression, the neural network controller more tightly
tracks the target temperature, particularly under the 45 °C constraint where overshoot
is minimal.

To observe the behavior more easily, an exponential function was fitted to each device’s
temperature trajectory as shown in Figure 10. These fitted curves reveal the system’s
thermal convergence patterns and help isolate differences between control methods. At both
temperature targets, the neural network-based controller exhibits faster convergence and
smaller thermal gradients across devices. The temperature response is smoother, more
uniform, and exhibits less cross-device variation compared to logistic regression.

a b

c d

Figure 9. Raw temperature response curves of six ESP32-S3 devices under AI-based thermal man-
agement at different target temperatures and control strategies. (a) Logistic regression control with
a 45 °C target. (b) Neural network control with a 45 °C target. (c) Logistic regression control with
a 50 °C target. (d) Neural network control with a 50 °C target. The black dashed line denotes the
temperature limit defined by the control algorithm. Subfigures (a,c) are adapted from our previous
work [7], published by MDPI, 2025.
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a b

c d

Figure 10. Exponential temperature response curves of six ESP32-S3 devices under AI-based thermal
management at different target temperatures and control strategies. (a) Logistic regression control
with a 45 °C target. (b) Neural network control with a 45 °C target. (c) Logistic regression control
with a 50 °C target. (d) Neural network control with a 50 °C target. The black dashed line denotes the
temperature limit defined by the control algorithm. Subfigures (a,c) are adapted from our previous
work [7], published by MDPI, 2025.

These observations suggest that the neural network predictor, though trained with a
limited future horizon (30 s), generalizes well to full-cycle thermal evolution and provides
sufficient stability for feedback-based scheduling. The prediction-guided scheduling ap-
proach results in more consistent thermal behavior across devices, which is particularly
important in tightly stacked architectures.

To assess the stability of the neural network predictor beyond point metrics, the distri-
bution of prediction errors was evaluated across the full test dataset. The residuals exhibit
a zero-centered, narrowly concentrated distribution with low variance, indicating that the
model does not produce large or systematic errors under different operating conditions.
More than 95% of the predictions fall within ±0.5 ◦C of the ground truth, consistent with
the reported MAE of 0.18 ◦C and RMSE of 0.29 ◦C. The high coefficient of determination
(R2 = 0.996) further confirms that the predictor captures the dominant thermal dynamics
with minimal unexplained variance. Together, these statistics demonstrate that the model
is both accurate and statistically stable for short-term thermal forecasting.
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6.2. Task Completed Rounds Comparison

To evaluate overall task throughput under different control strategies, the number
of completed task rounds was recorded for each configuration. Figure 11 summarizes
the results across seven conditions: three fixed-frequency baselines (80 MHz, 160 MHz,
and 240 MHz), logistic regression-based control at two thermal targets (45 °C and 50 °C),
and the proposed NN and MoE-based control under the same two temperature targets.

At 80 MHz, 160 MHz, and 240 MHz, the system completed 180, 360, and 534 task
rounds, respectively, with corresponding maximum temperatures of 39 °C, 49 °C, and 56 °C.
While higher frequencies yield greater throughput, they also result in higher thermal stress.
In particular, the 240 MHz configuration exceeds common thermal safety margins.

Under thermal control, the logistic regression baseline completed 493 rounds at 45 ◦C
and 542 rounds at 50 ◦C, with observed maximum temperatures of 48 ◦C and 51 ◦C. The NN
and MoE-based scheduling achieved slightly higher throughput: 514 rounds at 45 ◦C and
572 rounds at 50 ◦C. Both targets were respected, with peak temperatures held at 45 ◦C and
51 ◦C, respectively.
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Figure 11. Total number of completed task rounds under different control strategies. The first three
bars represent fixed-frequency baselines at 80 MHz, 160 MHz, and 240 MHz. The next two bars show
results from logistic regression-based scheduling at thermal targets of 45 °C and 50 °C. The final two
bars represent the performance of this newly proposed neural network and MoE-based scheduling
technique under the same thermal constraints. Peak temperatures for each case are annotated below
the x-axis labels.

These results can be interpreted from a benefits and costs perspective. The benefit
corresponds to the amount of completed work, reflected in the total number of task rounds
achieved under each thermal limit. The cost corresponds to the thermal load required to
sustain this throughput, expressed through the peak temperature and the temperature vari-
ation across devices. When these measures are considered together, the method examined
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in this study delivers higher task throughput under the same thermal constraints while
maintaining similar thermal load compared with the fixed frequency and logistic regression
baselines. The computation effort required for model inference remains small relative to
the control period, indicating that the added modeling does not introduce a significant
operational burden.

7. Augmented Reality Digital Twin Demonstration
To further illustrate the proposed self-referencing digital twin, an augmented reality

(AR) demonstration was implemented on the Microsoft HoloLens 2 platform. The AR
interface was developed in Unity 2022.3.62f1, with the HoloLens 2 connected wirelessly
to the host computer. Real-time data from the ESP32-S3 stack, including SoC temperature
and operating frequency, were transmitted to Unity and shared directly with the HoloLens
2 device.

Figure 12 shows the layered structure of the AR digital twin. The Physical Model
refers to the actual ESP32-S3 hardware stack. The Digital Model is a virtual 3D wireframe
model rendered in HoloLens 2. The Labels provide real-time overlays of temperature and
CPU frequency.

Labels
Digital Model

Physical Model

Figure 12. Structure of the AR-based digital twin. The Physical Model corresponds to the real
ESP32-S3 hardware stack, the Digital Model represents its virtual replica in HoloLens, and the Labels
provide real-time overlays of temperature and operating frequency. Together, these components
create a synchronized multi-layered interface for monitoring and control.

To provide a clearer view of the digital model, Figure 13 presents a close-up rendering
in Unity, highlighting the wireframe structure that corresponds to each ESP32-S3 layer.

Figure 13. Close-up view of the digital model in Unity. The wireframe highlights the CPU block
(green) and surrounding structure (blue). Arrows indicate the local coordinate axes, with red for X,
green for Y, and blue for Z.
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In normal operation, the AR environment displays each ESP32-S3 device as a block
outline with attached labels showing real-time temperature and frequency. The digital
twin demo also provides an interactive control panel accessible through the HoloLens 2,
enabling manual adjustment of CPU frequency and toggling of AI-based scheduling.
Standard MRTK 3.0 features allow resizing, repositioning, and gesture-based interaction
with the digital twin.

When the AI-enabled toggle button is active, the digital twin visualization adapts the
color of each CPU block according to the deviation from the predefined target temperature.
Devices closer to the target appear red, while cooler devices shift toward green. This
thermal-aware coloring highlights the proximity of each device to its safety threshold and
allows users to quickly assess the system’s overall thermal stability. Hardware-level feed-
back is provided by onboard WS2812 LEDs mounted on each ESP32-S3 device. The LEDs
report the current operating frequency, with red corresponding to 240 MHz, yellow to
160 MHz, and blue to 80 MHz. This dual feedback—combining AR overlays with physical
LED indicators—reinforces system transparency and enhances user awareness of both
thermal and computational states. Figure 14 illustrates the AI-enabled AR interface.

Figure 14. AR demonstration of the ESP32-S3 digital twin under AI-enabled scheduling. Block
outline colors represent deviation from the target temperature (green = below target, red = near
target). The control panel allows enabling or disabling AI mode and adjusting parameters. When
AI is disabled, ESP32 devices fall back to a default 80 °C threshold, with onboard WS2812 LEDs
indicating frequency states (red = 240 MHz, yellow = 160 MHz, blue = 80 MHz).

8. Discussion
The experimental results demonstrate that combining neural network-based temper-

ature prediction with a Mixture-of-Experts (MoE) task scheduler provides an effective
strategy for thermal management in stacked ESP32-S3 devices. Acting as a self-referencing
digital twin, the system continuously observes device states, forecasts temperature trends,
and adjusts task allocation before thermal violations occur. This closed-loop adjustment
enables stable operation even in densely packed configurations with limited airflow. In one-
hour tests under both 45 °C and 50 °C limits, all six devices maintained temperatures near
their respective thresholds, with no overshoot or thermal instability after initial warm up.

In terms of throughput, the digital twin-based scheduling method achieves perfor-
mance comparable to or better than fixed-frequency operation. Unlike fixed schemes that
assign equal work regardless of thermal status, the proposed system anticipates heating
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trends and reduces the workload of devices likely to overheat, while assigning more tasks
to cooler or less active devices. This predictive load balancing maintains overall system
performance without exceeding thermal constraints, and does so without requiring static
rules or manual configuration. These results confirm that a lightweight digital twin can
enhance both reliability and efficiency in low-cost, thermally constrained edge systems.

Unlike a digital shadow, which only mirrors system states without feedback, the pro-
posed framework acts as a real-time self-referencing digital twin. The AR model is con-
tinuously updated with live data, but it also provides control interfaces that allow users
or AI scheduling algorithms to directly influence the operation of the physical ESP32-S3
stack. This bidirectional interaction, monitoring and control, is the defining feature that
distinguishes a digital twin from a static visualization model.

9. Conclusions
This work presents a self-referencing digital twin system for thermally aware task

scheduling in a stacked ESP32-S3 platform. The system integrates a Mixture-of-Experts
(MoE) model for asynchronous task allocation and a neural network for short-term temper-
ature prediction. By continuously monitoring device-level features such as temperature,
frequency, position, and task history, the digital twin dynamically adjusts workload distri-
bution before thermal limits are violated.

Both models were trained using data collected from real hardware under fixed-
frequency and frequency-switching conditions. The MoE model was supervised using
measured throughput to estimate per-device task capacity without requiring global co-
ordination. The neural network predicts each device’s temperature 10 s ahead, enabling
proactive adjustments. Experimental results show that the system maintains thermal stabil-
ity and achieves throughput comparable to, or better than, fixed scheduling under 45 °C
and 50 °C limits.

Future work will extend this digital twin framework to the Raspberry Pi Zero 2 stack,
which introduces higher power density and thermal challenges due to its 1 GHz multi-core
processor. This transition will allow further validation of the method’s scalability to more
powerful edge platforms, and support broader applications in real-time thermal and energy
management for vertically integrated embedded systems.
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