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Abstract
This perspective article argues that
hyperparameters such as learning rate, batch
size, numerical precision, and training workers
are key determinants of energy scalability in CNN
training. These parameters directly influence
convergence dynamics, hardware utilization, and
training duration, leading to substantially different
energy profiles even when comparable accuracy is
achieved. Moreover, hyperparameter search itself
introduces a significant cumulative energy cost,
often exceeding that of the final selected model.
By analyzing the interaction between convergence
behavior and energy consumption, this work
highlights the need to treat energy as an explicit
scalability metric and to integrate energy-aware
considerations into hyperparameter optimization.
Adopting this perspective enables more efficient,
sustainable, and reproducible training practices for
large-scale image processing models.
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1 Introduction
The rapid growth of artificial intelligence has made
large-scale model training a central focus of both
academic research and industrial applications [1,
2]. In image processing, this trend is reflected in
the extensive use of architectures based on tensor
operations, particularly convolutional neural networks
(CNNs) [3], which belong to machine learning (ML)
and are part of deep learning (DL) models [4,
5]. CNNs constitute the core of most modern
computer vision systems [4]. Traditionally, the
scalability of these systems’ performance has been
evaluated using computational metrics such as the
number of floating-point operations, total training
time [6], and the number of processed images [7].
However, the sustained growth in model size, data
resolution, and training duration has positioned
energy consumption as a critical constraint on their
viability and scalability [8].

In this context, energy ceases to be an indirect
consequence of performance and becomes a first-order
scalability metric [9], with a direct impact on
operational costs [10], environmental sustainability,
and the accessibility of large-scale research [11].
However, one of the most influential elements in
training behavior-the selection of hyperparameters,
understood as external configuration variables defined
prior to training a CNN model-remains largely
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decoupled from energy considerations [12, 13].
Common tuning practices prioritize final accuracy,
convergence stability, or execution time, implicitly
assuming that energy efficiency is automatically
derived from these decisions [14].

In image processing models, this assumption
is particularly problematic. Hyperparameters
such as the learning rate determine not only the
convergence dynamics of deep convolutional
networks but also how hardware resources are
utilized throughout training [15, 16]. These choices
influence computational intensity, memory access
patterns, and the overall duration of the process,
leading to significantly different energy profiles
even when similar accuracy is achieved. From
a scalability perspective, hyperparameter search
additionally introduces a combinatorial growth
in energy cost, as each evaluated configuration
entails a partial or complete training run. Since
tuning procedures typically require the evaluation of
multiple combinations of learning rates, batch sizes,
or numerical precisions, the cumulative energy cost of
the search phase can exceed that of the final training
of the selected model [17].

This perspective article argues that, in the training
of AI models for image processing, energy should
be treated as a central scalability metric, and that
hyperparameters constitute one of the primary
mechanisms through which energy costs are amplified
or mitigated as scaling increases.

2 Convolutional Neural Networks,
Convergence, and Energy Consumption

CNNs excel at recognizing features and local patterns
across an image using filters. Consequently, they
are widely used in image recognition, analysis, and
processing tasks [5]. They are composed of three main
types of layers: convolutional layers, pooling layers,
and fully connected layers [5]. As such, they constitute
a paradigmatic case for studying the relationship
between hyperparameters, convergence, and energy
consumption. Their structure, based on intensive
tensor operations such as convolutions and matrix
multiplications, makes both the computational and
energy costs of training highly sensitive to the chosen
configuration.

A high learning rate can accelerate initial convergence
but may also cause oscillations and instability,
increasing the total number of iterations [18, 19].
Similarly, a large batch size can improve the per-step

accuracy of a CNN model but may require additional
adjustments to the learning rate or affect the model’s
generalization capability [16]. Numerical precision, in
turn, reduces the energy cost per operation, although
in some cases it may prolong the convergence process
if training stability is compromised [20, 21].

Thus, it is not sufficient to analyze whether a
convolutional network converges correctly; it is crucial
to understand the energy cost at which it does
so, particularly as model depth, image resolution,
and data volume increase. Even small decisions in
hyperparameter configuration can lead to substantial
differences in energy consumption, demonstrating
that energy scalability depends not only on the
size of the model or the dataset, but also on how
training is planned and computational workloads are
managed [13, 22].

3 The Role of Hyperparameters in The Energy
Scalability of AI Model Training

In large-scale training of image processing models,
hyperparameters act as control variables that
simultaneously determine algorithmic efficiency and
energy efficiency. The learning rate defines the speed
at which the model converges and the number of
epochs required to reach acceptable accuracy [18],
which directly translates into cumulative energy
consumption [2]. Batch size and the number of
workers influence the degree of effective parallelism,
memory utilization, and the balance between
computation and communication, thereby affecting
total energy consumption in a non-trivial manner [23].
Experimental evidence shows that increasing the
number of epochs leads to higher total energy
consumption, although the growth is not strictly linear.
In particular, intermediate configurations such as 80
epochs exhibit lower energy consumption than would
be expected under a linear scaling assumption, while
at 160 epochs the behavior approaches the linear trend
again [25]. Similarly, numerical precision reduces
the energy load per operation but may require more
training steps if learning stability is reduced [24].
Finally, epoch scheduling strategies and early stopping
determine whether training halts at an energetically
reasonable point or continues to consume resources
for marginal performance improvements.

These variables do not operate in isolation; their
effects are amplified in long-running trainings and
large-scale datasets; such that small configuration
changes can produce significant differences in total
energy consumption. This implies that ignoring this
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dimension can lead to systems that, while scalable
in terms of accuracy, may be inefficient or even
unviable from an energy perspective. By contrasting
computational load with actual energy consumption,
it becomes evident that hyperparameter optimization
not only improves convergence but can also reduce
total energy usage [1].

3.1 Implications and Future Research Directions
Methodologies are required that jointly characterize
convergence, accuracy, and energy consumption,
as well as hyperparameter search strategies that
account for the cumulative energy cost of the training
process. Likewise, it is relevant to investigate adaptive
mechanisms that dynamically adjust hyperparameters
such as learning rate, batch size, or numerical precision
based on the energy behavior observed during training.
Addressing these challenges would not only improve
the efficiency of existing models but also advance
toward more sustainable and reproducible training
practices in large-scale scenarios.

4 Conclusion
Energy scalability has become a determining factor
in the training of AI models for image processing.
In this perspective article, we have argued that
hyperparameters play a central role in how energy
consumption scales with model size, data volume, and
training duration, particularly in architectures based
on tensor operations such as convolutional neural
networks.

Adopting a perspective in which energy is treated as
an explicit scalability metric has profound implications
for the design and evaluation of AI systems for image
processing. Hyperparameter selection ceases to be a
purely algorithmic problem and becomes part of the
overall system design, linking optimization decisions
to cumulative energy costs.

This approach also enables a more transparent and
reproducible evaluation of large-scale systems by
revealing trade-offs that remain hidden when accuracy
is the sole criterion for success. From an industrial
standpoint, hyperparameter selection that is conscious
of energy scalability can translate into significant cost
reductions and more efficient use of infrastructure.
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