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Abstract

Training deep neural networks (DNNs) is increasingly recognized as a major contributor
to the energy footprint of Artificial Intelligence (Al). Existing dataset pruning (DP) and
active learning (AL) techniques reduce training data volumes but often introduce costly
computations that undermine their energy-saving potential. This paper introduces Play it
Straight and its enhanced variant Re-Play it Straight, two adaptive training algorithms that
combine random subset sampling with lightweight AL-inspired instance selection. The
proposed framework achieves a better balance between accuracy and energy efficiency by
incrementally fine-tuning models on small, informative subsets, while controlling compu-
tational overhead. Experiments on multiple benchmark datasets demonstrate substantial
reductions in training energy compared to state-of-the-art DP and AL methods, with Re-
Play it Straight consistently delivering superior performance. These results highlight the
potential of our approach to support more sustainable deep learning practices, contributing
to the broader goals of Green Al
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1 Introduction

Recent advances in Artificial Intelligence (AI) have profoundly transformed a wide range
of industries, offering innovative solutions to complex problems. Its applications span
healthcare, finance, manufacturing and beyond, reshaping both professional and everyday
life. However, this rapid diffusion raises serious concerns regarding the sharp increase in
energy consumption and the consequent growth in carbon emissions (de Vries, 2023). A
primary contributor to this issue is the training of Deep Learning models, which requires
massive computational resources and large-scale datasets to develop effective Deep Neural
Networks (DNNs), thereby significantly amplifying energy demand (Strubell et al., 2019).
In particular, the electricity consumed during model training is a key driver of Al-related
carbon emissions. Since electricity generation still largely relies on non-renewable sources
such as coal and natural gas, that is the backbone of global energy supply in various coun-
tries, for instance in Italy (Flesca et al., 2022), the training of Al models further aggravates
the challenges of climate change.

As a response to these environmental challenges, the emerging research field of Green
Al is devoted to reducing the energy and carbon footprint of Al systems while promot-
ing the development of energy-conscious models and algorithms. Key areas of Green-Al
research include: (i) Minimizing energy usage: minimizing energy consumption by design-
ing training and inference methods that are less resource-intensive; (ii) Harnessing renew-
able energy sources: leveraging renewable energy sources, such as solar and wind power,
to sustain Al workflows; and (iii) Optimizing hardware: optimizing hardware architectures
specifically tailored for efficient Al computations.

Within this context, our work aims at minimizing energy consumption by focusing on
the efficient integration of data selection strategies and deep learning methods, with the goal
of mitigating the energy impact of training large-scale DNN models while preserving high
levels of predictive accuracy.

1.1 Existing solutions, open issues and research gap

Several approaches have been proposed to reducing training costs by leveraging data selec-
tion/sampling methods. In this context, Data Pruning (DP) approaches (Guo et al., 2022)
specifically attempt to extract a small subset (a.k.a. coresef) of a given dataset that can be
used surrogate of the original dataset in performing a target learning task (Sachdeva &
McAuley, 2023).

A wide variety of DP solutions have been proposed in the literature, which feature dif-
ferent strengths and weaknesses, and can be grouped in the following main categories:
geometry-based methods (Sener & Savarese, 2017), loss/error based methods (Paul et al.,
2021), gradient matching methods (Mirzasoleiman et al., 2020), bilevel-optimization meth-
ods (Yang et al., 2024), and sub-modular methods (lyer et al., 2021). Unfortunately, most
DP methods entail heavy computations, which may vanish the benefit of shrinking the train-
ing set in some application settings.

In fact, recent studies (Okanovic et al., 2024; Guo et al., 2022; Ayed & Hayou, 2023)
revealed that random sampling schemes are a strong data-reduction baseline, which often
achieves similar/superior time-to-accuracy performances to DP methods —presumably
because of detrimental distribution-shift effects introduced by their underlying biased data
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extraction strategies (Ayed & Hayou, 2023). Starting from this observation, the Repeated
Sampling of Random Subsets (RS2) (Okanovic et al., 2024) method was recently proposed
that attempts to cut training costs by randomly selecting a subset of data for each training
epoch.

However, using RS2 to reduce the overall training costs requires predetermining the
number of data instances necessary to reach the target predictive accuracy. If this number
is under-estimated, and one still wants to achieve the desired accuracy level, the entire pro-
cedure must be redone, so incurring redundant training, increased computational overhead,
and unnecessary energy consumption.

In principle, as suggested in Park et al. (2022); Scala et al. (2024, 2025), Active Learning
(AL) offers a potential remedy to the limitation of RS2, since it does not require predefining
the data budget in advance. By iteratively selecting only the most informative instances, AL
can reduce the training cost of DNN models over large labeled datasets, effectively focus-
ing the learning process on compact yet highly representative subsets. Nonetheless, a mere
application of conventional AL schemes relying on repeated full retraining over progres-
sively larger data subsets, as proposed in Park et al. (2022), is likely to introduce signifi-
cant computational overhead and energy consumption, a drawback that has been confirmed
empirically in our experimentation.

It is also important to note that even computationally inexpensive AL strategies, such
as uncertainty-based methods (e.g. least-confidence, entropy or margin sampling), may in
some cases yield results that are less energy-efficient than standard full training. This coun-
terintuitive outcome arises from the bias introduced in the instance selection process: when
the selected samples are not sufficiently representative of the overall data distribution, the
training dynamics can suffer from slow convergence or, in the worst case, from overfitting.
Indeed, every AL cycle may cause a distribution shift in the training data and yield biased or
noisy (i.e. high-variance) gradient estimates, owing to the discarded examples, as discussed
in Yang et al. (2025). Since this may lead to low learning/convergence speed, the number of
optimization steps required to achieve a given accuracy target may increase substantially,
ultimately leading to higher energy consumption than conventional training approaches, as
shown in Sect. 4.2.1.

1.1.1 Research gap

As pointed out in Okanovic et al. (2024), despite the surprisingly impressive performance
of RS2 in the light of its above-mentioned limitations, it is natural to regard it as a (strong)
baseline for validating novel solutions addressing the problem of minimizing the computa-
tional costs needed to train a model with a given target accuracy. Conducting more research
on devising more effective importance sampling approaches was suggested in Okanovic
et al. (2024) as a promising way to further close the gap between RS2 and training on the
full dataset. Despite the solid accuracy performances of AL approaches to traditional label-
scarce supervised learning settings and the little computational burden and convergence
properties (Haimovich et al., 2024) of common loss and uncertainty-based data selection
methods, very few studies concerning the problem of efficiently training DNN models have
explored the opportunity to address it by repeatedly applying these methods in an AL-like
fashion (Park et al., 2022) (analogously to the repeated random sampling procedure of RS2),
instead of just using them to preliminary extract a fixed coreset for training the model. This
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research gap presumably descends from the fact that the pure AL-based approaches to the
problem explored so far have exhibited consistently underperformed the RS2 baseline in
extensive comparative studies (Okanovic et al., 2024). This behavior presumably descends
from the fact that the distribution shifts of multiple AL cycles may lead to slower conver-
gence of the training loss and/or towards a “false” optimum of it (i.e., a parameter setting
that minimizes the loss w.r.t. the distribution of the training data but not w.r.t. that of the
dataset) (Yang et al., 2025).

Thus, the following intriguing, yet unaddressed, research question arises from our analysis
of the state of the art in the field:

RQ1) Can AL approaches to efficient DNN training be improved in a way that allow them to close the
gap (and hopefully beat) the strongRS2 baseline in cost-to-accuracy performances?

1.2 Contribution

Motivated by the limitations of existing data pruning and sampling strategies for efficient
DNN training and the above mentioned research gap, this paper introduces a novel frame-
work that encompasses Play it Straight (originally proposed in Scala et al. (2025)) and its
enhanced variant, Re-Play it Straight. Both algorithms are grounded in the central idea
of synergistically integrating an RS2-based warm-up phase with an iterative, AL-inspired
refinement process. This combination enables the model to be progressively improved
through the inclusion of small, highly informative subsets of training instances, thereby
achieving a favorable balance between computational efficiency and predictive perfor-
mance. In general, AL methods rely on repeatedly choosing a subset of unlabeled data to
retrain a model, till a desired accuracy level is reached or a predefined (labeling) budget is
consumed. Such a basic iterative data-driven refinement scheme is here extended in several
technical facets to address the problem of efficiently and effectively training a DNN model
against a large collection of labeled data.

1.2.1 Overview of the proposed approach

As illustrated in Fig. 1, the two-phase training strategy of Play it Straight begins with a boot
(warm-up) phase, in which a randomly initialized DNN model ¢ is partially trained on the
entire dataset using the Repeated Random Sampling algorithm RS2 defined in Okanovic et
al. (2024), with a low reduction factor (high cost reduction). As confirmed by our experi-
mental analysis, this boot phase can yield a sufficiently informed initialization of the model
parameters, which allows us to provide the data instances with importance scores for guid-
ing the subsequent data selection step.

The second, fine-tune, phase consists in repeatedly selecting small-sized instance sub-
sets, based on their associated importance scores, and exploiting them to incrementally fine-
tune the DNN model. This fine-tune loop ends when either the target accuracy, computed on
a validation set (gathering labeled data instances, kept apart from the training ones), or the
maximum energy budget stated by the user have been overcome.

Within this AL-inspired training process, a critical design choice lies in the strategy
adopted for data selection at each fine-tuning round. Since the selection procedure may need
to be applied to a large pool of candidate instances, it should introduce only minimal com-
putational overhead while still ensuring the identification of highly informative examples.
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Fig.1 Overview of the proposed framework: processing flow of algorithms Play it Straight and Re-Play it
Straight. Specific additional components of Re-Play it Straight are highlighted in orange. Symbol ¢ here
denotes the DNN model being trained

Target acc.
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To this end, each data instance is assigned a combination of an uncertainty-based (namely,
least confidence, entropy or margin) score with an error-based score, both of which are
computationally inexpensive yet effective in guiding the selection process.

Algorithm Re-Play it Straight extends this basic two-phase computation by introducing
several additional mechanisms into the fine-tune loop, for the sake of effectiveness and effi-
ciency: (i) the training data volume at each cycle is kept bounded by using an extension of
RS2 over-sampling the instances that have been selected at that cycle by the data acquisition
procedure; (ii) one additional “boost” training epoch is performed over the entire dataset
whenever the training process seems to have converged to a (possibly non optimal or misled
by serious distribution shift phenomena) stationary point of the loss function; (iii) in each
training cycle, a cosine annealing schedule, with fixed initial and final values, is applied to
the learning rate hyperparameter (controlling the size of gradient-driven parameter updates).

1.2.2 Novelty and significance of the proposal

The proposed framework advances the state of the art in the field along three main direc-
tions, which address the open issues and research gap discussed before:

e First, by coupling AL with RS2, it overcomes a key limitation of pruning and sampling
approaches, namely the need to determine a-priori the number of epochs or data in-
stance required to reach a target accuracy. This way, the iterative refinement enabled by
AL allows the process to adapt dynamically, avoiding wasteful retraining.

e Second, the integration with RS2-like dataset-wide training steps (in both the boot phase
and occasional boost epochs) makes the use of AL itself more energy-efficient. In par-
ticular, RS2 mitigates the above-mentioned distribution shift issue (Yang et al., 2025;
Okanovic et al., 2024).
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e Third, the learning rate decay of Re-Play it Straight in each AL cycle results in a cy-
clic modulation of the learning rate across the fine-tuning phase, in the spirit of Smith
(2017); Loshchilov and Hutter (2017); Goujaud et al. (2022)), while possibly perform-
ing additional (boost) training epochs over the dataset as a whole.

This original mix of algorithmic solutions is ultimately meant to improve time-to-accuracy
(and energy saving) performances, by specifically leveraging AL data acquisition mecha-
nisms and cyclical learning rates to accelerate the model learning progress (and possibly
escape sub-optimal local minima) and additional dataset-wide (boost) training steps to help
curb gradient estimation bias and stabilize the training dynamics.

Experiments performed on two benchmark datasets have shown that algorithms Play it
Straight and, in a more pronounced way, Re-Play it Straight manage to substantially reduce
the compute and energy consumed of state-of-the-art solutions in the field, in training a
relatively large DNN model, without compromising accuracy performances. By empirically
providing a positive answer to research question RQ1, our study expands the state of the
knowledge in the field of data efficient DNN training, where several studies (Okanovic et
al., 2024; Ayed & Hayou, 2023; Guo et al., 2022) recently supported the superiority of ran-
dom data sampling with respect to importance-biased ones (like those used in most score-
based coreset selection methods and in pure Active Learning methods). From a practical
point of view, these results make us confident in the potentiality of the proposed framework
to foster a more sustainable approach to the training of DNN models, which looks particu-
larly important in Green-Al applications.

An abridged version of the framework proposed here was presented in Scala et al. (2025),
where a preliminary version of Play it Straight was introduced. Compared to this earlier
work, this manuscript makes three novel significant improvements: the extended version
of Play it Straight (named Re-Play it Straight) proposed in the current submission intro-
duces an adaptive mix of mechanisms that allow it to improve the performance and energy
efficiency of Play it Straight; the evaluation test bed described in this manuscript includes
a wider range of datasets and tasks than the one discussed in Scala et al. (2025); the use of
different performance metrics makes the comparative analysis between these algorithms,
and with the state-of-the-art RS2method, richer and more significant statistically, compared
to the one presented in Scala et al.(2025).

1.3 Organization

The rest of this paper is structured as follows: After providing an overview of existing
approaches in Sect. 2, the proposed methods Play it Straight and its extended version are
illustrated in detail, in Sect. 3. The experimental study conducted to evaluate this method,
comparatively with previous ones in the field, is then illustrated in Sect. 4. The concluding
section finally discusses the main experimental findings and the main contributions of our
research work, as well as some limitations of it and future research directions.
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2 Related work

Our proposed framework, which integrates Active Learning with the RS2 algorithm, aligns
with the objectives of Green Al and introduces a novel approach to improving training effi-
ciency for DNNs. This methodology builds upon a foundation of prior work across several
related domains, each contributing to the current understanding of efficient model train-
ing. The following sections review key advancements in three areas: dataset pruning and
sampling for efficient training, active learning-based training optimization and the usage of
cyclic learning rates for improving DNN training. This contextualization positions our work
within the broader research landscape and highlights its distinctive contributions. At the end
of the section we summarize the novelties of the proposed approach w.r.t. previous works
in these areas.

2.1 Dataset pruning/sampling for efficient model training

The significance of energy conservation has long been recognized (Garcia-Martin et al.,
2019; Patterson et al., 2021; Xu et al., 2021), leading to ongoing advancements in power
consumption estimation methodologies. Alongside these theoretical developments, practical
tools for building energy consumption modeling have emerged. Traditional training meth-
ods use large data volumes in a monolithic training phase, which can be computationally
expensive, especially for large datasets and complex models. In general, reducing the size
of training data can then be a lever for cutting computational costs and energy consumption,
at least linearly in the amount of pruned data. Indeed, dataset reduction methods (Yu et al.,
2024; Zhao et al., 2021; Loo et al., 2022; Wang et al., 2022) have gained significant attention
in machine learning due to their potential to improve model generalization and reduce com-
putational costs. These methods can be divided into two main categories: selection-based
and synthesis-based methods. Selection-based (a.k.a. dataset pruning) methods extract a
small sample (or coreset) of the most relevant samples from the original dataset. Synthesis-
based (a.k.a. dataset distillation) methods, on the other hand, create a new, smaller dataset
by condensing the information from the original dataset. The synthesized data aim to accu-
rately represent the original data distribution, even though they are not taken directly from
the original data. For example, a class containing hundreds of images could be condensed
into a single, more abstract yet information-rich image.

Although our proposal does not merely select a subset of data for model training, but
rather employs a cyclic and adaptive selection strategy, it nonetheless shares certain simi-
larities with DP techniques-particularly with Play it Straight. In contrast, Re-Play it Straight
diverges more substantially from the conventional notion of DP.

Quite a wide variety of DP methods have been proposed in the literature (Guo et al.,
2022), featuring different strengths and weaknesses. Over the years, numerous DP methods
have been proposed. The most representative approaches can be broadly categorized into
the following families:

® Geometry Based Methods: These approaches rely on the assumption that data points
located in close proximity within the feature space tend to share similar properties. Con-
sequently, geometry-based methods aim to eliminate data points that contribute redun-
dant information, thereby constructing a coreset from the remaining, more informative
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samples. Among these methods there is K-Center Greedy (Sener & Savarese, 2017);

e Uncertainty Based Methods: These methods are grounded in the intuition that samples
on which the model exhibits lower confidence exert a greater influence on optimization
compared to highly confident samples, and should therefore be prioritized for inclusion
in the coreset (Coleman et al., 2020);

o Error/Loss Based Methods: Within a dataset, training samples are considered more criti-
cal if they contribute substantially to the model’s error or loss during neural network
training. The importance of a sample can be quantified through its loss value, its gradi-
ent magnitude, or its influence on the predictions of other samples throughout the train-
ing process. Samples with the highest estimated importance are then selected to form
the coreset. Among these methods there are Gradient Normed (GraNd) and the Error
L2-Norm (EL2N) (Paul et al., 2021);

o Gradient Matching Based Methods: Since deep neural networks are commonly opti-
mized via (stochastic) gradient descent, a natural objective is to approximate the gra-
dients computed over the full training dataset D using those derived from a carefully
selected (weighted) subset S. The goal is to ensure that the gradients produced by S
closely match those of D, thereby minimizing the discrepancy between the two. Among
these methods there are methods like CRAIG (Mirzasoleiman et al., 2020);

e Bilevel Optimization Based Methods: Coreset selection can be naturally formulated as
a bilevel optimization problem. In this framework, existing studies typically treat the
selection of the subset (i.e. optimizing the samples S or the selection weights ) as the
outer objective, while the optimization of the model parameters 6 on S constitutes the
inner objective. Representative approaches include GLISTER (Yang et al., 2024);

o  Submodularity Based Methods: Submodular functions provide a natural way to quantify
diversity and informativeness, making them a powerful tool for coreset selection through
maximization. Numerous functions satisfy this property including GraphCut (Iyer et al.,
2021), Facility Location (FL) and Log Determinant (Iyer et al., 2021);

® Proxy Based Methods: Many coreset selection approaches require training models on
the entire dataset-sometimes multiple times-to compute features or evaluate certain met-
rics, which can be computationally expensive. To alleviate this cost, Selection via Proxy
methods (Coleman et al., 2020; Sachdeva et al., 2021) have been proposed. These meth-
ods construct lighter or shallower versions of the target models as proxies, typically by
reducing the number of hidden layers, narrowing feature dimensions, or limiting the
number of training epochs. Coresets are then selected efficiently based on these proxy
models, significantly reducing computational overhead.

We point out that many of these methods entail heavy computation in order to eventually
identify a data sample that is both small and representative/useful enough for subsequently
training a DNN model. Even though this cost could be amortized across several model train-
ing sessions (possibly including hyperparameter optimization), one must take full account
for the energy impact of it.

Notably, recent empirical studies (Okanovic et al., 2024; Guo et al., 2022; Ayed & Hayou,
2023) revealed that a pure (uniform) random sampling scheme often allows for learning
DNN models enjoying prediction performances quite similar (or even superior) to sophis-
ticated Data Pruning/Selection methods, especially in the high-compression regime (Ayed
& Hayou, 2023). Starting from this observation, recent efforts have been made to integrate
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pure random sampling in training a neural-network model, to achieve a better trade-off
between the representativeness and diversity of the sampled data and the efficiency of the
training process as a whole. Such a strategy is at the core of the Repeated Sampling of Ran-
dom Subsets (RS2) method proposed in Okanovic et al. (2024), which essentially consists
in randomly sampling a subset of training data for each epoch. This method takes as input:
a model to train, a dataset, the amount of epochs e, and a reduction factor . Using this
factor, it effectively performs £ training epochs, but basically executes e epochs with less
data, leveraging a one-cycle cosine annealing learning rate scheduler. In general, however,
extant Data Pruning and Sampling methods (including RS?) suffer from a drawback that
may limit their practical value in some real-life applications: the user is required to carefully
set a data-selection budget (i.e. a sampling percentage) beforehand in order to eventually
achieve a desired level of accuracy. Hence, if this budget is set inadequately, it may be nec-
essary to repeat the data-pruning and training processes as a whole, significantly increasing
consumption.

Clearly, data pruning is not the only way to reduce model training costs. Other approaches
to this task include, for example, modifying the sampling distribution during training, like in
Katharopoulos and Fleuret (2018), where an importance sampling-based algorithm is intro-
duced that accelerates training by exploiting a gradient-norm upper bound. An alternative
approach consists ion scaling sample losses during training, like in Quercia et al. (2023),
where the SGD optimization scheme is biased towards more important samples, identified
after a few training epochs, by sampling them more frequently during the remaining train-
ing. In a similar vein, Chang et al. (2017) proposed to leverage lightweight estimations of
sample uncertainty within SGD: variance in predicted probabilities and proximity to deci-
sion thresholds.

2.2 Efficient training via active learning (AL)

To the best of our knowledge, Salehi and Schmeink (2023) has been the first study on the
application of Active Learning (AL) techniques to Green Al contexts, as a possible way
to reduce the energy footprint of model training. Park et al. (2022) proposed to use an AL
framework for data pruning, demonstrating its effectiveness but at a high energy cost with-
out optimizations. In this context, some data acquisition methods widely used in AL studies,
such as uncertainty sampling strategies (Settles, 2009), offer relatively low energy consump-
tion. These strategies involve the model selecting data points it is most uncertain about for
labeling, with the idea that labeling the most uncertain points provides the most information,
improving performance with fewer labeled samples. Common uncertainty sampling criteria
include Entropy, Margin and Least Confidence sampling (Settles, 2009). In fact, definitely
higher computational burdens would be introduced by more sophisticated approaches, like
the BAIT method proposed in Ash et al. (2021), which tries to optimize a bound on the
Maximum Likelihood Estimators (MLE) error using Fisher information to guide batch
sample selection. However, using a classical AL-based scheme as done in Salehi and Sch-
meink (2023) is unsuitable for Green-Al settings, owing to the high computational cost of
repeatedly re-training (possibly up to convergence) a large DNN over increasingly larger
data samples. Moreover, distribution shifts in the training data produced by AL cycles may
lead to slow learning/convergence speed, so that more optimization steps will be needed to
achieve the given accuracy target compared to a repeated random sampling approach like
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that proposed in Okanovic et al. (2024) —and even compared to training on the full dataset
in certain cases, as shown in Section 4.2.1.

The convergence of AL processes based on classical (non mini-batch) SGD and loss
and uncertainty-based instance scores were recently studied in Haimovich et al. (2024),
where a novel AL algorithm was proposed that is guaranteed to converge linearly in the
number of acquired training instances. However, the convergence properties demonstrated
in Haimovich et al. (2024) only hold under certain assumptions (including, primarily, the
smooth convexity of the loss function), without ensuring fast convergence to good solutions
in the general case. Moreover, the algorithm proposed in Haimovich et al. (2024) hardly fits
real-life energy-efficient training applications where mini-batch SGD looks a more natural
and more efficient solution for fully exploiting the parallel tensorial computation capability
of contemporary GPUs/TPUs.

2.3 Cydliclearning rates for improving DNN training

As observed in Bartoldson et al. (2023), cyclic learning rate schedules have been shown
both empirically and theoretically to produce speedups in time-to-accuracy performances,
at least in certain scenarios (Loshchilov & Hutter, 2017; Goujaud et al., 2022). These sched-
ules operate by systematically varying the learning rate in a periodic pattern throughout
the training process, alternately raising and lowering the rate at regular intervals. The con-
cept was initially introduced by Smith (2017), where several sawtooth-pattern scheduling
approaches were introduced. Subsequently, Loshchilov and Hutter (2017) demonstrated that
implementing cycles consisting of cosine decay patterns followed by restarts achieved com-
petitive performance on image classification tasks. On the other hand, cyclic learning rate
schedules have proven beneficial in escaping suboptimal stationary points, in the complex
non-convex landscape of deep model losses, and in finding superior solutions, as well as in
the discovery of temporal/snapshot ensembles, combining the output (Huang et al., 2017)
or the weights (Izmailov et al., 2018) of models obtained at the end of different cycles. To
the best of our knowledge, despite these nice properties of cyclic learning rates, no previous
work in the field of data pruning and data-efficient DNN training has explored their combi-
nation with AL methods or with importance-based data selection/sampling —as proposed
in our current work.

2.4 A brief comparison with the proposed approach

The approach proposed in this work differs from existing solutions in the field in several
methodological and technical aspects.

Specifically, the core idea of training a model through multiple AL rounds (using at each
round a small subset of data instances chosen based on cheap-to-compute loss/uncertainty
scores) make our approach different from both Data Pruning and Coreset extraction meth-
ods (see Sect. 2.1 and from the algorithm RS2 proposed in Okanovic et al. (2024). As a
matter of fact, if at first sight this iterative shares some similarity with the repeated sampling
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loop of RS2, our approach features several major distinguishing points: (i) In each AL round
(consisting of multiple training epochs), we train the model on a biased data sample that
includes the data instances for which it has made the highest prediction uncertainty/error
(among those that have not been selected yet in previous AL rounds); by contrast, algorithm
RS2 keeps on training the model on uniformly sampled instance batches. (ii) In each AL
round, the learning rate is made decay according to a cosine annealing pattern so that a
cyclic learning rate schedule appears as different AL rounds unfold one after the other; in
algorithm RS2, instead, the learning rate varies according to a cosine-annealing cycle only
that spans from the first optimization step to the final one —notably, RS2 needs to be pro-
vided with the total number of training epochs to perform, differently from our algorithms.

On the other hand, differently from the few AL-based approaches to efficient DNN train-
ing appeared in the literature (Salehi & Schmeink, 2023; Park et al., 2022), in our proposal
several technical solutions are adopted to accelerate and stabilize the training dynamics and
possibly explore different local optima: (i) In addition to training the model through mul-
tiple AL rounds, it is also made undergo dataset-wide RS2-like training epochs (in the boot
phase and, in the case of algorithm Re-Play it Straight, in subsequent“boost” epochs). (ii)
Algorithm Re-Play it Straight also enforces a bound on the number of training instances per
AL bound, by introducing a “biased” variant of RS2 where the newly selected instances are
used more times than those that were used already in previous AL rounds.

In conclusion, a major trait of novelty of the proposed approach resides in the original
mix of strategies and algorithmic solutions (repeated AL-like training on greedly-selected
data, cyclical learning rate schedule, dataset-wide training epochs), which aim at synergisti-
cally minimizing the cost required to reach a desired level of model accuracy —while trying
to curb the risk of slow convergence and overfitting that is known to possibly affect biased
training data sampling/pruning strategies (Okanovic et al., 2024; Ayed & Hayou, 2023;
Yang et al., 2025).

3 Proposed approach

Let D = {(z;,y;)}"_, be a given set of example data, such that each x; € X is a data
instance and each y; € Y is the associated class label, represented as a one-hot vector in
[0,1]¢ (i.e. a vector containing only one non zero element equal to 1, indicating the class
label), where C' € N denotes the number of classes.

Let ¢g : X — Y be a Deep Neural Network (DNN) classification model, parameterized
by 6, that needs to trained on some subset Dy of D, and [ : Y x § — R be the loss func-
tion (continuous and twice-differentiable in ) to be used to train ¢g.

Notably, since D D D, training model ¢y on Dy approximately enjoys a % x speedup

per epoch, compared to training ¢y on Dj, so leading to a substantial reduction of the total
energy consumed in the training process when fixing the total number of epochs —even
though there is no guarantee that such an efficiency improvement also holds for the total
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time to convergence/accuracy, which depends on several other factors like the dataset distri-
bution, mini-batch sizes and distributions, and optimization dynamics.

3.1 Algorithm play it straight

Algorithm 1 outlines our proposed approach, dubbed Play it Straight. This name reflects
our hybrid strategy: we efficiently train a DNN model “play it" over subsets of informative
labeled instances extracted from a given large dataset Don the basis of “straight" (i.e. easy-
to-calculate with minor computation overhead) importance scores. In addition to the dataset
D, Play it Straight takes the following arguments: a neural network model ¢; the maxi-
mal numbers bootEpcs and fiEpcs of training epochs for the “boot" and “fine-tune" phase,
respectively; a maximum energy budget B; a dissimilarity measure d over Y; the number &
of instances to select at each fine-tune round; and an instance ranking function f.qn k.

Algorithm 1 Play it straight

Data: D: dataset; V validation set; ¢g: a neural network model (with randomly
initialized parameters 6); bootEpcs: number of boot epochs; 7: reduction
factor for RS2; ftEpcs: number of fine-tune epochs; k: number of instances to
select at each fine-tune round; f,.,,%: AL-like instance ranking function; d: a
dissimilarity measure over Y’; a;: target accuracy; B: energy budget

@9 < RS2(¢g,D, bootEpcs,r) // Training the model ¢y on D for bootEpcs epochs

using algorithm RS2 with reduction factor r )

Ds + 0

Dy < D

Be <+ 0 // variable storing the energy consumed by the algorithm

while the validation accuracy of ¢y on V is lower than a; and energy B. < B do

S

for (z,y) € Dy do

L score” < Frank (69(2))+d(y, ¢ ()

S + S U score®

-

© W N O s wN

10 top-k<— Select top-k instances from D, based on the scores in S

11 Dy < Dy \ top-k

12 Ds + Ds U top-k

13 Update the parameters 6 of ¢, via gradient descent over Ds for ftEpcs epochs
14 Update B. by adding, its current value, the energy consumed in this loop iteration

15 return ¢y

The algorithm consists of two phases in a sequence:
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1. Boot phase: First Play it Straight exploits the fast convergence of the RS2 algorithm
(Okanovic et al., 2024) to find an accurate enough preliminary setting for the parameters
of ¢(as shown in Okanovic et al. (2024), using RS2 algorithm to this end is more effec-
tive than performing the same number of optimization steps using a traditional SGD-
like procedure). However, as shown in our experimental study, RS2 tends to experience
a deceleration in accuracy gains. Thus, Play it Straight continues training ¢according to
an AL-like procedure, in order to revitalize the training process and eventually achieve
better model performance with acceptable energy consumption;

2. Fine-tune loop: Then, model ¢is made undergo an iterative fine-tune procedure, in
each round of which k additional instances are selected from D, based on their impor-
tance scores (as explained in the following) and incorporated into D. During each fine-
tune round, the model is updated and trained using both the newly-added instances and
previously chosen ones. Throughout these rounds, an AL-oriented importance score
is assigned to each instance x in D,, £ D\ D, by using the chosen ranking function
frank, combined with a dissimilarity measurement computed by applying the given
function d to the model’s output and the one-hot vector representing the ground-truth
class of x. This allows us to assign an enhanced importance score (score*) to x, which
accounts for both the uncertainty and error associated with the prediction returned for x
by the current version of the model being trained. The top-k instances from D,, are then
selected based on these enhanced scores, added to Dy, and removed from D,,. Finally,
the model is trained for ftEpcs epochs on the updated D,. By adopting such an iterative
and adaptive process, in place of a one-shot data pruning approach, we can significantly
decrease the computation and energy costs, especially in the initial rounds where quite
few data instances are used for model training. On the other hand, since the iterative
refinement procedure proposed here can be stopped as soon as the desired accuracy
level is achieved, our approach looks more flexible than typical data pruning (and core-
set selection) methods, which require the user to “guess the right data reduction level”
allowing to achieve the desired accuracy while minimizing the computation cost.

Once completed the loop, the fully-trained version of model ¢y is returned.

Please notice that as soon as the energy budget is depleted, the algorithm stops and
returns a model with the current parameter configuration (i.e. the one computed in the last
completed iteration of the main loop in the algorithm). In such a case, there is no guarantee
on how close the actual accuracy of the returned model is to the target accuracy. In other
words, considering the energy bound as a strict constraint, the algorithm just returns a sort
of “best-effort” solution, which it managed to find without infringing that constraint.
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3.2 Algorithm re-play it straight

Data: D: dataset; V validation set; ¢g: a neural network model (with randomly
initialized parameters 6); bootEpcs: number of boot epochs; r: reduction
factor for RS2; dy: discount factor for the boot phase; ftEpcs: number of
fine-tune epochs; k: number of instances to select at each fine-tune round;
Sfrank: AL-like instance ranking function; d: a dissimilarity measure over Y/
at: target accuracy; B: energy budget

1 if dp # 0 then

2 | Dygot + randomSample(D, dy,) randomly select 1/dy, of the original dataset

3 else

4 L Dboot <~ D

5 ¢g + RS2 (b9, Dyoot, bootEpcs,r) // Train ¢y on D for bootEpcs epochs using
algorithm RS2 with reduction factor r

6 Ds <0, Dy <+ D, Bc+ 0

7 while the validation accuracy of ¢y on V is lower than a; and energy B. < B do

8 S <[], reset the learning rate to the initial (top) value

9 for (z,y) € Dy do

11 S + S U score®

10 L score” < frank (¢(7))+d(y, ¢g(x))

12 top-k<— Select top-k instances from D,, based on the scores in S
13 Dy <+ Dy \ top-k
14 if | Ds | > 25,000 then

15 Splitsp, < split (DS7 min (‘Dksl ,ftEpcs))

16 for e in ftEpcs do

17 Jj e % |Splitsp,| // % stands for standard modulus operator

18 Dcurrent < top-kU Dsplit[.j]

19 Update 6 of ¢, via gradient descent'over Deyrrent for 1 epoch keeping

on decreasing the learning rate with cosine annealing. Let Lpre and
Leyr the loss values before ad after this step, respectively.

20 if stuckedLoss(Lpre, Leur) then

21 | ¢ < RS2 (¢9,D,1,1) % run 1 epoch of training on D

22 | Ds < Ds U top-k

23 else

24 Ds + Ds U top-k

25 Update the parameters 6 of ¢, via gradient descent! over Dy for ftEpcs

epochs using cosine-annealing learning rate decay

26 | Update B¢ by adding, its current value, the energy consumed in this loop iteration
27 return ¢y

Algorithm 2 Re-play it straightAlgorithm 3 split

Data: D;: dataset to split; n: amount of splits

1 if |[Ds| =0 then
L return [ |

3 splits + [ ]

. D,
sizegplits < L%J
Ds + randomShuffle(Ds)
for i < 0 ton —1do

Dsubsct + Ds [7' : Sizesplits : (7' + 1) : Sizesplits}
append Dy pset to splits

[+ "IN T~ < BN

©

return splits
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We enhanced the base algorithm introduced in Sect. 3.1 to address some of its limita-

tions. Specifically, we applied the following updates to Play it Straight in order to improve
its performances:

1.

Reduction of Training Data per Round: Algorithm 2 lines 14 — 21. A significant draw-
back of Play it Straight is that as it progresses through AL-like rounds, the volume
of training data (quadratic in the number of rounds) can grow excessively, leading to
high computational costs. To mitigate this, we control the size of training data in every
round by fixing a maximal threshold for how many of the instances selected in previ-
ous rounds can be kept. This threshold was empirically set to 25,000 samples, as we
observed that this choice allows for striking a satisfactory balance between efficiency
and model generalization'2. We devised a modified version of algorithm RS2 to suitably
mix the “old” data instances coming from previous rounds with the new ones added in
the current round, so that the model’s “memory" is effectively “refreshed" with old data
while consistently incorporating new samples. After splitting the old data instances into
chunks, through function split (line 15 of Algorithm 2), in each epoch of the current
round the model is fine-tuned using a distinguished chunk of the old data along with
all the new samples. More specifically, while using all the fresh instances selected in
the current AL round, in each epoch only a portion of the old data instances (selected
in previous rounds) is retained according the following scheme: (i) if the old instances
are less than the product between the number of new data instances and the number of
epochs, they are divided into chunks of size k (i.e., the same size as the newly selected
data sample); (i) otherwise, the old data instances are divided into as many data chunks
as the number of epochs in the current round, to ensure that each old data instance is
seen again at least once. Algorithm 3 presents the split function, devoted to split a data-
set D, into n chunks. It first computes the size of each split as L%J , then randomly
shuffles the old data to prevent samples from appearing in the same order, and finally
divides them into splits. This approach reduces the frequency of backward operations
by limiting the model’s exposure to old data, while still ensuring it does not forget them,
as they are periodically reintroduced;

Boost Epochs: Algorithm 2 lines 20 — 21. To address the issue of slow convergence
during training, especially when using small datasets, we introduced boost epochs. As a
matter of fact, we observed that the reduction of the amount of training data, described
above when introducing the Reduction of Training Data per Round, may result in a
slow down of the training algorithm convergence rate, thereby increasing training costs.
Hence, we introduced a new phase which checks whether the loss between training
epochs within AL-like rounds is not significantly reduced. If this happens, the algorithm
performs an additional training epoch using the RS2 algorithm on the whole dataset —
the boost epoch— before resuming the standard procedure. These epochs use a learning
rate set to 10% of the current rate in the AL-like round, allowing the model to refresh

A variant of mini-batch Stochastic Gradient Descent (SGD) procedure is used here to perform gradient
descent optimization. Details on this respect can be found in Section 4.

21In fact, we noted that Play it Straight looses its energy efficiency considerably when the number of samples
exceeded this threshold. In the enhanced Re-Play it Straight this specific threshold value was empirically
chosen as a way to ensure a satisfactory trade-off between two contrasting risks: on one hand, if the model is
trained on too few samples (i.e., less than 25,000) it is likely to overfit the newly-selected data; on the other
hand, when exceeding this threshold, the computational cost is likely to increase considerably with minor
performance improvements.
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its memory without deviating significantly. This approach is employed because when
using RS2, a Cosine Annealing learning rate is used, which starts with a high value
and gradually decreases towards the end of the training. While this high initial learn-
ing rate can help the model learn better during the early stages of training, it can also
cause significant deviations in the model’s behavior during later phases. By lowering
the learning rate in this phase, we prevent the model from losing the acquired knowl-
edge while still allowing it to refine and adapt its understanding without overfitting,
while also enabling the model to deviate from local minima and explore potentially bet-
ter solutions. This helps guiding the model toward a minimum more efficiently. Func-
tion stuckedLoss (Algorithm 2 line 20) checks the whether the loss is not significantly
reduced. To perform this check, any criterion for empirically assessing the convergence
of iterative deep learning procedures can be adopted. In the current implementation of
algorithm Re-Play it Straight, this is done by simply checking whether the difference of
the losses between the epochs is below a threshold;

3. Lightened Boot Phase: Algorithm 2 line 5. We introduced a new parameter called the
“boot discount factor", which reduces the amount of data used during the boot phase
and boost epochs by randomly selecting a subset of the data. This can be viewed as an
enhancement or variation of the RS2 algorithm, as the random selection is applied each
time the RS2 algorithm reshuffles the data. In many cases, using fewer data points dur-
ing these phases does not lead to performance degradation, making this parameter an
effective way to improve computational efficiency;

4. Cyclic learning rate: In Re-Play it Straight, the scheduling of the learning rate (in gradi-
ent-descent optimization steps) is a critical component, as multiple mechanisms interact
throughout the training process. During the boot phase, the learning rate is initialized
and updated following the RS2 scheme. Once the cyclic phase begins, the scheduler per-
forms a single cosine annealing cycle in each Active Learning (AL) round (the period
of each learning rate cycle is ft Epcs x nbatch, where nbatch is the number of batches
composing the current training set D yrent OF D). In boost epochs, the learning rate is
kept constant; subsequently, it decays monotonically (according to a cosine-annealing
law) from its maximum to minimum value, and is then reset. Learning rate adjustments
are applied at every optimization step.

3.3 Setting guidelines and implementation choices

Active learning (AL) offers a pathway to streamline Al model development while aligning
with the principles of Green-Al. The core concept lies in the strategic selection of the most
informative data samples from a larger labeled dataset. In principle, by using only such a
small subset of samples for model training, the total computational costs needed to reach a
predefined target accuracy level can be reduced. However, the amount of energy saving that
can be obtained strongly depends on the following factors:

e Data reduction effectiveness: A core measure of AL effectiveness is its ability to drasti-
cally reduce the training set size while preserving model performance. The greater the
reduction achievable, the higher the potential energy savings;

® Data sampling complexity: Data sampling methods proposed in AL literature differ a
lot in their computational overhead. Simpler methods like uncertainty sampling have
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minimal cost, while more sophisticated approaches entail heavier compute. Indeed, us-
ing some computationally intensive AL technique may render the proposed method in-
effective, because the selection process can become more burdensome than the neural
network’s training;

Impact on training convergence: The interaction between data reduction and the model’s
convergence behavior cannot be ignored. In some cases, a highly informative dataset
might lead to fewer training iterations, amplifying savings. However, it’s also possible
that more iterations might be required to converge, partially offsetting the energy gains.

In the current implementation of the approach, we have considered three alternative uncer-
tainty-based criteria to instantiate the function f,.,x attributing importance scores to the
data instances, in order to incrementally select a subset of those achieving the highest scores:

Least confidence (denoted hereinafter as /c, for short): Let p be the probability of the
most likely class for a data instance x. Then the least confidence score assigned to x is
simply computed as 1 — p;

Margin sampling (referred to as margin from now on): This criterion focuses on the
difference between the probability of the most likely class and the second most likely
class. If, for a data instance x, pop1 and popo are the probability of the most likely class
and of the second most likely class, respectively, then the margin score of x is computed
as Ptopl — ptopZ;

Entropy (simply denoted as entropy hereinafter): Entropy measures the overall uncer-
tainty across all classes. A high entropy value indicates the model is unsure about the
correct class. For a data instance x, if there are C classes and p; is the probability of the

i-th class, the entropy is calculated as — Zf’;l p; log p;.

4 Experimental evaluation

4.1 Testbed

4.1.1 Datasets

We used the following datasets to execute the experimental evaluation:

CIFAR-10 (Krizhevsky et al., 2009): which consists of 60000 instances representing
32x32 colour images, labeled using 10 mutually exclusive classes, with 6000 images
per class. The dataset is organized into 50000 instances as the training set and 10000
instances as the test set. The latter contains 1000 randomly-selected images from each
class, while the training set is comprised of 5 training batches, each containing 5000
images per class;

CIFAR-100 (Krizhevsky et al., 2009): which consists of 60000 instances representing
32x32 colour images, labeled using 100 mutually exclusive classes, with 600 images
per class. The dataset is organized into 50000 instances as the training set and 10000
instances as the test set. The latter contains 100 randomly-selected images from each
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class, while the training set is comprised of 5 training batches, each containing 500
images per class. Additionally, we have created two variations of this dataset, one with
50 classes and another with 20 classes, maintaining the same structure but reducing the
number of categories accordingly;

e [magewoof: This is a subset of the ImageNet (Deng et al., 2009) dataset that contains
images hard to be classified, as they’re all dogs’ images of various breeds. It consists
of 12,954 color images at a resolution of 256x256 pixels. The dataset is divided into a
training set of 9,025 images and a test set of 3,929 images. Imagewoof was specifically
curated to test the robustness of image classification models, as distinguishing between
similar dog breeds presents is more challenging than generic object classification tasks.

4.1.2 Terms of comparison and evaluation setting

We benchmarked Play it Straight against standard full-dataset training (referred to here-
inafter as Standard train), the RS2 algorithm proposed in Okanovic et al. (2024), the pure
AL-based approach presented in Park et al. (2022) (we reported results only with the Margin
measure in order to avoid overloading the tables and figures, as the other measures yield
comparable outcomes) and state-of-the-art Data Pruning (DP) methods Glister, GraphCut,
CRAIG, GraNd, by leveraging the respective implementations available in library Deep-
Core (Guo et al., 2022). In each test, we evaluated each of these methods by measuring both
the total amount of energy (measured in Wh) it consumed and the accuracy of the models
discovered. Inspired by the time-to-accuracy analysis conducted in Okanovic et al. (2024),
we fixed different accuracy targets (namely, from 60% to 90% on CIFAR-10, and from 50%
to 75% on CIFAR-100)* and measured the amount of energy consumed by each method to
reach each target —unless the method had exhausted its budget of energy/epochs before
reaching the target.

We evaluated Re-Play it Straight on all the previously described datasets, comparing its
performance exclusively with RS2 and Play it Straight. These two methods were chosen as
benchmarks due to their superior performance relative to other techniques. To assess com-
putational efficiency, we measured the number of backward operations performed during
training, which constitutes the main computational burden of model training. This approach
was selected because the evaluated techniques focus purely on optimizing the training pro-
cess, unlike data pruning methods, which incur significant energy costs during the pruning
phase before training begins. Additionally, forward operations used to compute AL-like
metrics were included in the analysis but assigned a weight of 0.5 relative to backward
operations. This weighting accounts for the fact that backward propagation involves both
error propagation and gradient computation at each layer, making its computational cost
approximately twice that of forward propagation. In fact, for most layers, the number of
floating-point operations (FLOPs) required for backward propagation is double that of for-
ward propagation.

All the experiments were run on an Intel Xeon CPU E5-2698 v4 @ 2.20GHz, 250GB
RAM, with Tesla V100-DGXS-32GB GPU. Energy measurements were made by using
library CodeCarbon, version 2.4.1 (Courty et al., 2024).

3These ranges were chosen differently, starting from the different accuracy scores that the Standard train,
energy-unaware, baseline obtained on the two datasets.
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Table 1 Energy consumption (Wh) required to achieve various target accuracies on the CIFAR-10 dataset
using different techniques

Target 60% 65% 70% 75% 80% 85% 90%
Standard train 20 39 59 78 157 626 1018
AL (margin) Park et al., (2022)) 135 218 288 357 711 1167 2421
GraNd Paul et al., (2021) 838 865 878 902 924 1042 1232
Craig Mirzasoleiman et al., (2020) 175 196 231 248 344 442 627
Glister (Yang et al., 2024) 108 117 133 172 192 380 599
GraphCaut Iyer et al., (2021) 239 364 396 486 621 762 993
RS2 w/o repl 20% 32 39 48 65 82 168 237
RS2 w/o repl 10% 44 59 75 97 108 153 197
RS2 w/o repl 5% 43 56 62 77 94 121 -
Play it Straight (margin) 19 38 42 47 63 94 196
Play it Straight (entropy) 19 39 41 42 63 99 220
Play it Straight (Ic) 19 38 41 42 63 98 204

Lower values indicate greater energy efficiency. The best method(s) is bolded

Table 2 Energy consumption (Wh) required to achieve various target accuracies on the CIFAR-100 dataset
using different techniques

Target 50% 55% 60% 65% 70% 75%
Standard train 101 395 622 1375 1606 1837
AL (margin) 1057 1304 1870 3265 5000 -
RS2 w/o repl 20% 107 189 210 250 304 -
RS2 w/o repl 10% 112 124 146 167 - -
RS2 w/o repl 5% 75 80 95 - - -
Play it Straight (margin) 65 72 94 140 199 418
Play it Straight (entropy) 65 72 105 150 212 527
Play it Straight (Ic) 65 70 103 149 212 362

Lower values indicate greater energy efficiency. The best method(s) is bolded

4.1.3 Hyperparameter configuration

In each tests, a ResNet18 (He et al., 2016) classification model was trained by using mini-
batch Nesterov’s Accelerated Gradient Descent (Botev et al., 2017), with an initial learning
rate of 0.1 and a momentum of 0.9, and Cross-Entropy loss.

In all the runs algorithms Play it Straight and Re-Play it Straight, we always instantiated
the function hyperparameter d (for measuring the dissimilarity between class-membership
probability distributions) with standard Euclidean distance.

We tested Play it Straight using three variants of the ranking function f.q,% (cf. Algo-
rithm 1), associating each data instance to its margin, entropy and lc (i.e. least confidence)
scores, respectively (see Sect. 3.3 for a definition of these scores). However, it is important
to note that our approach is flexible and can accommodate other AL techniques or combina-
tions thereof. After testing various dissimilarity measures, we eventually decided to only
show here the results obtained with the L2 distance, seeing as the other measures tested did
not improve these results appreciably.

As to the specific configuration of algorithm Play it Straight, in the boot phase, the RS2
procedure was always run with a data reduction factor (per epoch) of 30% (i.e. r = 0.3)
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Fig. 2 Energy-to-accuracy for Play it Straight compared to RS2, AL, and standard training of ResNet18
on the full CIFAR-10 dataset, targeting 90% (a) and 80% (b) accuracy. Values are reported every 10
epochs. Subfigures (a1, b1) showcases all techniques, while (a2, b2) focuses on the low-energy methods

while fixing a maximum of 20 epochs (i.e. bootEpcs = 20); in each fine-tune round, we
made Play it Straight select 1000 instances for CIFAR-10 (k = 1000) and 5000 instances
(k = 5000) for CIFAR-100, and run 10 optimization epochs (ftEpcs = 10) for CIFAR-10
and 5 epochs (ftEpcs = 5) for CIFAR-100. Regarding the specific configuration of Re-
Play it Straight, the RS2 procedure was always executed with the same settings as in Play
it Straight during the boot phase. In each fine-tuning round, Play it Straight selected 1000
instances for CIFAR-10 (k = 1000), 7000 instances for CIFAR-100 (k£ = 7000), 4000
instances for CIFAR-50 (k = 4000), 3000 instances for CIFAR-20 (k = 3000), and 6000
instances for Imagewoof (k¥ = 6000). The number of optimization epochs was set to 10 for
CIFAR-10 (ftEpcs = 10), 7 for CIFAR-100 (ftEpcs = 7), 5 for CIFAR-50 (ftEpcs = 5),
4 for CIFAR-20 (ftEpcs = 4), and 3 for Imagewoof (ftEpcs = 3). Additionally, the RS2
discount factor was set to 2 for CIFAR-10 (dp = 2), 1 for CIFAR-100 (dp = 1), 1.5 for
CIFAR-50 (dp = 1.5), 1.5 for CIFAR-20 (dp = 1.5), and 1 for Imagewoof (d, = 1). We
assumed an infinite energy budget B to evaluate the performance of our proposal without
interruptions until completion. In a production environment, this can be adjusted based on
specific requirements.

The hyperparameters of RS2 (Okanovic et al., 2024) and the pure Active Learning (AL)
method of Park et al. (2022) were favorably set following the papers in which they were
proposed. Specifically, the AL method was configured to perform 20 AL rounds, and to
select 1000 data instances per round based on Margin scores; at each of these AL rounds, the
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Fig. 3 Energy-to-accuracy for Play it Straight compared to RS2, AL, and standard training of ResNet18
on the full CIFAR-100 dataset, targeting 75% (a) and 70% (b) accuracy. Values are reported every 10
epochs. Subfigures (a1, b1) showcases all techniques, while (a2, b2) focuses on the low-energy methods

model was re-trained from scratch, for 200 epochs, over all the data instances accumulated
up to that moment as done in (Park et al., 2022). Algorithm RS2 was tested with different
values of the reduction factor (namely 30%, 20%, 10% and 5%), considering a total budget
of training epochs of 200, as proposed in Okanovic et al. (2024).

4.2 Testresults

The following paragraphs present the experimental evaluation results for Play it Straight,
highlighting its performance and key findings. Then is discussed the results for its exten-
sion, Re-Play it Straight, demonstrating its improved effectiveness. This comprehensive
comparison provides insights into the strengths of both approaches and areas for potential
improvement.

4.2.1 Play it straight

The analysis focuses on three key aspects: computational savings, accuracy, and pruning
ratio, comparing the performance of Play it Straight with the previously explained tech-
niques. A significant advantage of Play it Straight is its iterative approach to data selection:
it eliminates the need to pre-determine the amount of data to prune. Instead, it dynamically
adds only the data necessary to reach the target accuracy. The intelligent data selection of
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Fig. 4 Optimization steps needed to achieve different accuracy targets when using algorithms “Play it
Straight " (blue bars) and “Re-Play it Straight " (green bars) with different data selection strategies (name-
ly, Margin, Least Confidence, and Entropy), and algorithm RS2 (magenta bars) with different settings of
the reduction factor (namely, 10%, 20% and 30%). The shaded bars marked with nt in the chart indicate
that the respective method could not reach the target accuracy

Play it Straight enables it to reach the target accuracy more quickly, translating to compu-

tational savings despite potentially higher pruning ratio (pr) compared to other methods.
As easily seen in Tables 1 and 2, Play it Straight outperforms the other techniques in

terms of computational savings given the same target accuracy, demonstrating the effective-
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ness of its iterative data selection strategy. This suggests that the “better” data selected by
Play it Straight not only speeds the training process up but also allows it to achieve all the
considered target-accuracy levels. Notably, the latter nice property is not enjoyed by the
other methods analyzed (excluding the standard train baseline, performing no kind of data
reduction), which fail to meet some of the target accuracy thresholds.

Figure 2 for CIFAR-10 and Fig. 3 for CIFAR-100 illustrate the relationship between
energy consumption (x-axis) and accuracy (y-axis). These figures clearly demonstrate that
our proposed technique can achieve the target accuracy with a reduced energy consumption
compared to standard training, AL, RS2 and so on. Furthermore, in Fig. 3, the line corre-
sponding to the pure AL approach is not reported, since its convergence is very slow and its
inclusion would have made the results of the other techniques unreadable. Nevertheless, the
corresponding values are reported in Table 2 for completeness. Notably, as dataset complex-
ity increases, the energy savings achieved by our method become more pronounced across
both target accuracy levels.

We note that while precision, recall, and F1 score were computed for a comprehensive
evaluation, they are not detailed here for lack of space, considering that their trends closely
mirror those of accuracy. This let us focus on accuracy as a representative metric without
undermining the value of this empirical study.

4.2.2 Re-play it straight

In the experimental evaluation, we compared the number of steps required to achieve some
predefined accuracy thresholds. with the term we mean backward passes within the model,
while forward only passes are taken into account as follows: we assume forward passes to
be half the cost of backward passes, the reason is intuitive: in neural networks, most of the
computational cost comes, for simplicity’s sake, from Linear or Convolution layers, which
perform operations of the form:

y=W-a (1)

where W are the trainable parameters.

The forward pass requires one matrix multiply (W - x), while the backward pass must
compute gradients for both the weights (VW) and the inputs (Vx), each requiring a matrix
multiply. Therefore, the backward pass is approximately twice as costly as the forward pass.

As anticipated, Re-Play it Straight consistently outperforms the other methods in most
scenarios. The results are closely tied to the specific AL-like technique employed, but based
on the data, it is clear that the Margin-based approach performs better compared to the
others.

We observed that the performance of the method degrades as the number of classes
increases (see Fig. 4). This is primarily due to the fact that with a larger number of classes,
the amount of representative data for each class per round becomes significantly limited.
While increasing the amount of selected data could mitigate this performance gap, it would
also negate the advantage of using less data for training. To demonstrate this, experiments
were conducted by training the models in different settings with varying numbers of classes.

Overall, Re-Play it Straight performs on par with or better than the original version. This
is the case, indeed, of RS2, which despite seeming to perform slightly better in some cases,
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Table 3 This table presents the effectiveness values of the proposed techniques.
Dataset Acc. Play it Straight Re-Play it Straight RS2
Mar. Ic Ent. Mar. Ic Ent. 10% 20% 30%
CIFAR10 90% 0.80 0.80 0.72 1.23 1.53 1.47 n/a 0.76 0.54
85% 1.21 1.37 1.21 2.36 2.63 2.49 1.52 1.34 0.59
80% 1.71 1.71 1.71 291 291 291 2.00 1.69 0.61
75% 2.14 2.14 1.85 3.56 3.56 3.31 2.34 1.90 2.86
CIFAR100 75% 0.41 0.41 0.33 0.38 0.42 0.23 n/a 0.47 0.36
70% 0.79 0.95 0.79 0.90 0.90 0.75 n/a 0.63 0.38
65% 1.09 1.09 1.09 1.19 1.19 1.19 0.90 0.69 0.45
60% 1.25 1.25 1.25 1.28 1.28 1.28 1.07 0.76 0.57
Imagewoof  65% 0.29 0.29 0.26 0.29 0.27 0.27 n/a n/a 0.26
60% 0.36 0.36 0.36 0.36 0.36 0.36 n/a n/a 0.35
55% 0.42 0.42 0.42 0.42 0.42 0.42 n/a n/a 0.41
50% 0.47 0.47 0.47 0.47 0.47 0.47 n/a n/a 0.47
CIFARS50 75% 0.56 0.44 0.44 0.61 0.72 0.61 n/a 0.55 0.38
70% 0.75 0.75 0.75 0.83 0.83 0.83 1.09 0.63 0.44
65% 0.87 0.87 0.87 0.99 0.99 0.99 1.16 0.74 0.49
60% 1.01 1.01 1.01 1.20 1.20 1.20 1.36 0.75 0.76
CIFAR20 70% 0.55 0.46 0.46 0.74 0.74 0.74 n/a 0.51 0.26
65% 0.61 0.48 0.48 0.82 0.82 0.82 0.96 0.63 0.40
60% 0.68 0.50 0.58 0.95 0.95 0.95 1.15 0.68 0.44

Acc. stands for Target Accuracy, Mar. for Margin, Ic for Least Confidence, and Ent. for Entropy. Values
are expressed in percentage. Bold values indicate the best values for combination of accuracy target and
dataset

it fails to achieve high accuracy levels in those settings, unlike Play it Straight and Re-Play
it Straight. The shaded bars in the Fig. 4 marked with nt in the chart indicate that the respec-
tive method could not reach the target accuracy. Additionally, the results on the challenging
Imagewoof dataset, Fig. 4e, are particularly noteworthy. In this case, two settings of RS2
even failed to reach the minimum accuracy threshold, while the most efficient setting that
did achieve the threshold required a higher number of steps compared to Play it Straight.
The boost provided by Re-Play it Straight is significant, but a more detailed discussion on
this respect is provided in the ablation-study Sect. 4.3.

4.2.3 Comparison between play it straight and re-play it straight

As previously discussed, one key advantage of Re-Play it Straight over Play it Straight is
its ability to intelligently reduce the amount of data used in AL rounds when the number
of training samples becomes too high. As shown in Fig. 6, once the threshold of 25,000
samples is reached, the algorithm starts keeping fixed the total number of training instances
that will be used in each of the subsequent fine-tune rounds. Notably, this comes with a
neat efficiency improvement (in terms of required memory, compute and energy): while the
total number of optimization operations performed by Play it Straight follows a quadratic
trend, these (energy-dominant) operations are ensured to grow in a smoother, linear, way in
the case of Re-Play it Straight, once the above-mentioned threshold has been reached. This
allows, indeed, the latter algorithm to overcome a major limitation of the Play it Straight
method originally proposed in Scala et al. (2025).
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4.2.4 Effectiveness evaluation

To evaluate the effectiveness of our proposed technique, we define the following metric:

A

S

where:

Ay: is target accuracy;

e : is number of backward steps (as introduced in Section 4.2.2) required to reach the
target accuracy;

® 5.0y 1S minimum number of forward steps (as introduced in Section 4.2.2) required to
perform a full scan of the dataset.

This metric reaches 100% when the model achieves the target accuracy using only the mini-
mum number of steps needed to process the entire dataset (one forward pass), indicating
maximum efficiency.

As shown in Table 3, our proposed method Re-Play it Straight consistently outperforms
Play it Straight across all evaluated scenarios. It also surpasses RS2 in the cases where
RS2 outperforms Play it Straight (e.g., CIFAR10 and CIFAR100), except in one case in
CIFAR100 where the RS2 algorithm slightly outperforms our method, as previously dis-
cussed, due to the difficulty of the dataset. In some situations, such as the Imagewoof data-
set, performance is comparable because the Reduction of Training Data per Round feature
is not enabled due the threshold to enable it was not reached.

Furthermore, while RS2 may show slightly better performance at lower accuracy levels
in a few cases, it generally underperforms compared to our method. This is particularly evi-
dent in the CIFAR20 and CIFARSO0 datasets, where RS2 achieves higher effectiveness only
with a 10% reduction factor. However, it still fails to reach the higher accuracy levels that
our approach consistently attains.

4.2.5 Statistical validation

To assess the generalization ability of Re-Play it Straight, we conducted a statistical valida-
tion using a five-fold cross-validation approach. In this validation experiments, we divided
the dataset at hand into five equal parts: in each run, the algorithm was provided with the
instances in the union of four of these parts (by specifically assigning the arguments D and
V of the algorithm two subsets of this union set corresponding to a 80%-20% random split
of'it) and tested on the remaining part. This process was repeated five times, rotating the test
set in each iteration. The final performance values reported in the Table 4 are computed on
the test set after training with each corresponding fold.

We set the target accuracy to the highest value obtained in our previous experiments
and we took the best parameters’ combination for each technique as shown in Table 3. For
each dataset, we recorded the number of backward steps, as well as the accuracy, precision,
recall, and F1 score — along with their standard deviations and relative standard deviations.
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Fig. 5 These plots shows how the training steps in Re-Play it Straight can be influenced by the variation
of the parameters: & in (a), fine tuning epochs per cycle in (b), discount factor in (¢) and boot epochs in
(d). These experiments were carried out on the CIFAR10 dataset

As shown in Table 4, referring to Re-Play it Straight ’s results, the fluctuation in the
number of backward steps is approximately 12%. This indicates that, even in the worst-case
scenario, Re-Play it Straight outperforms the RS2 algorithm. The other evaluation metrics
also exhibit low variance, and the results demonstrate that the method consistently achieves
values very close to the target accuracy (calculated on the test set after the validation phase).
In several cases, the achieved accuracy even exceeds the predefined target.

As highlighted in the Table 4, the number of backward steps of RS2, being fixed due to
the algorithm’s design, is higher than that of Re-Play it Straight. This, referring to RS2 algo-
rithm’s results, value leads to achieving the target accuracy in only one case (specifically,
the CIFAR10 dataset), in all other cases, it could be more than 15% lower than the target
accuracy. Notably, this metric, along with others, exhibits low variance. While these results
differ from the previous experiments, the discrepancy is explained by the reduced amount
of training data used in this setting (as we now apply a five-fold cross-validation approach).
This demonstrates that our proposed method is not only more energy-efficient but also more
effective when training data is limited.

These findings highlight the robustness and statistical consistency of the proposed
method under systematic dataset variation.

4.2.6 Hyperparameters’sensitivity analysis

To better estimate the optimal set of hyperparameters for training with Re-Play it Straight,
we conducted a sensitivity analysis by varying key parameters and plotting their trends (Fig.
5). This empirical approach provides a basis for informed and deliberate hyperparameter
selection. In these experiments, all parameters were fixed as in the previous setups, by vary-
ing individually for these analysis: &, the number of epochs per round, the discount factor,
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and the number of boot epochs. All tests were carried out on the CIFAR10 dataset, with a
target accuracy of 90%, consistent with the benchmark used in earlier evaluations.

Figure 5a shows how performance varies with the k& parameter. The curve follows a
“—log(x)-like” trend, indicating diminishing returns as & increases. Therefore, an effective
value can be selected just after the steepest part of the curve (beyond approximately 2000
samples).

Figure 5b presents the effect of varying the number of epochs per AL-like round. The
trend is monotonically increasing, suggesting that smaller values are preferable. This obser-
vation aligns with intuition: larger values risk overfitting on the small initial training data
available during the early rounds.

In Fig. 5c, we analyze the impact of the discount factor. The curve decreases around
values between 1 and 2, implying that both very high and very low values increase train-
ing costs. Specifically, a high discount factor results in minimal data usage during the boot
phase, hindering the effectiveness of AL-like selection. Conversely, a very low value causes
oversampling during the boot phase (values below 1), making this stage unnecessarily
expensive and ineffective.

Finally, we examined the effect of the number of boot epochs. While this parameter is
important for the fast convergence of Re-Play it Straight, we observed that moderate varia-
tions in its value do not significantly impact the training cost.

These experiments demonstrate the robustness and effectiveness of our method. With a
more accurate hyperparameter selection based on empirical trends, we can achieve improved
performance compared to the results presented in Sect. 4.2.3.

4.2.7 On the effect of adopting a cyclic learning rate mechanism in Re-Play it Straight

This section provides a detailed analysis of the behavior of Re-Play it Straight in terms
of loss and accuracy on the CIFAR-10. The objective of this analysis is to assess not only
the training dynamics of the algorithm but also its ability to generalize. Specifically, Fig. 7
illustrate the evolution of loss and accuracy at the end of each training step, reported with
respect to the training subset used in that step as well as the validation and test sets. This
comparison makes it possible to evaluate both the stability of the optimization process and
the robustness of the learned models across datasets of increasing difficulty.

The plots highlight how both loss and accuracy undergo abrupt changes during the ini-
tial stages of each training cycle (Lines 7 — 26 of Algorithm 2). These variations are par-
ticularly pronounced in the case of the training set, which differs at each cycle, while they
appear less marked on the validation and test sets.

This behavior is typical when employing approaches such as cyclic learning rate sched-
ules or snapshot ensembles. We argue that such learning dynamics are crucial for maximiz-
ing predictive accuracy while maintaining low energy consumption. In the following, we
investigate the extent to which this behavior is attributable to the use of cyclic learning rates
versus the contribution of Active Learning-based training data selection. To this end, we
consider two variants of Re-Play it Straight. The first, referred to as LRD, preserves the use
of cyclic learning rates while progressively decreasing the initial learning rate at the begin-
ning of each cycle. The second variant, called GLRD, uses a non cyclical (global) learning
rate decay.
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The LRD variant still adopts a cyclic learning rate schedule with cosine annealing in each
training cycle, but at the beginning of each training cycle, the initial (maximum) learning
rate is set to a lower value than in the previous training cycle. Specifically, at the start of
each training cycle, the learning rate is set to 80% of the initial value used in the preceding
training cycle. The GLRD variant adjusts the learning rate by linearly decreasing it by 20%
at each training cycle.

The empirical results of this comparison for Re-Play it Straight and the LRD and GLRD
variants on the CIFAR-10 dataset are presented in Fig. 7, respectively (we use for Re-Play
it Straight and all the variants the Least Confidence selection criteria, as it performed best
in our previous experiments).

It can be observed from Fig. 7 that, after the initial boot phase, the trends of accuracy and
loss exhibit a sawtooth-like pattern. Each of these sawtooth segments corresponds to the
steps performed within a training cycle (Lines 7-26 of Algorithm 2), where the final point of
the cycle corresponds to the lowest loss and highest accuracy achieved in that cycle. Hence.
from the accuracy plots over the validation (e) and test (f) sets, it turns out that the use of a
cyclic learning rate as proposed in Re-Play it Straight is essential to achieve the desired tar-
get accuracy, as the accuracy values obtained at the end of each cycle for Re-Play it Straight
are consistently higher than those of the two variants. Furthermore, it appears evident that
Re-Play it Straight approaches the target accuracy faster than the two variants and that it
generalizes better than the two variants over the test set.

This confirms that the specific way of using cyclic learning rates in our approach is
essential for enabling it to reduce training energy consumption while preserving high pre-
dictive accuracy. In particular, it mitigates the risks that would arise from relying solely on
an iterative AL scheme following an initial RS2-based warm-up phase.

4.3 Ablation study: Re-Play it Straight with and without boost epochs
We conducted an ablation study to evaluate the impact of incorporating the extra “boost"
training epochs of Steps 20-21 in the training process of Re-Play it Straight. Our findings

indicate that the boost plays a significant role during training, particularly as the model

= Play it Straight = Re-Play it Straight

60000 50000
2 40000
40000
3 2 30000
Q he]
S & 20000
® 20000 S
X
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5 10 15 20 5 10 15 20
AL round AL round
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Fig.6 These plots compare the number of samples used in each AL round (a) and the number of backward
steps taken across different AL rounds (b) for Play it Straight and Re-Play it Straight, respectively. The
analysis is conducted on the CIFAR-20 dataset
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Fig. 7 Comparison between the standard Re-Play it Straight configuration and its Learning Rate Decay
variants (LRD and GLRD, see Sect. 4.2.7) on the CIFAR-10 dataset. The top row a-c presents the training
loss over steps for the training, validation, and test sets, while the bottom row d-f reports the correspond-
ing accuracies. The x-axis indicates training steps. These plots illustrate the distinct convergence dynam-
ics and performance differences between standard version, LRD and GLRD variant

approaches higher levels of accuracy. As illustrated in Fig. 8a and b, the boost mechanism
contributes to reducing the number of training steps required to achieve high accuracy com-
pared to the algorithm without it. However, its impact is minimal or negligible at lower
accuracy levels because the training progresses quickly to achieve such levels, and as a
result, the boost mechanism is rarely activated.

Interestingly, the boost proves to be more beneficial in more challenging scenarios. For
instance, as shown in Fig. 8b, at the 90% accuracy level, the boost reduces the number of
training steps by approximately 50% when using AL-like metrics such as Margin and Least
Confidence. In other cases, the reduction is less pronounced. The boost mechanism helps
the model overcome the limitation of getting stuck in local minima, which occurs due to
the extremely limited amount of data encountered during training. By enabling the model
to explore the entire dataset more effectively, it facilitates escaping local minima, thereby
enhancing overall performance.

5 Conclusion
5.1 Discussion: contribution relevance and implications

Based on the experimental analysis described above, the approach proposed here, encoded
in the form of algorithms Play it Straight and its enhanced version Re-Play it Straight,
emerges as a DNN model training solution ensuring significant computational savings com-
pared to standard training and AL approaches without compromising model accuracy. Both
algorithms demonstrate compelling performance with respect to the state-of-the-art algo-
rithm RS2 (recently shown to work better than existing data pruning techniques) in terms of
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Fig. 8 Ablation study: number of steps needed to achieve the target accuracy using Re-Play it Straight
with and without the “boost" steps 20 and 21 in Algorithm 2, using different data selection strategies
(namely, Margin, Least Confidence, and Entropy) and accuracy thresholds (namely, 90%, 85%, 80%,
75% for CIFAR-10 and 75%, 70%, 65%, 60% for CIFAR-100)

the ability to minimize the computation cost and energy needed to reach a given target level
of model accuracy.

Both algorithms Play it Straight and Re-Play it Straight stem from the core idea of
extending an AL-like scheme, where the model at hand is trained iteratively on importance-
driven data sub-samples, with additional optimization steps performed (as in algorithm
RS2 (Okanovic et al., 2024)) on uniformly-sampled data. The good performance exhibited
by these algorithms allow us to empirically provide a positive answer to the fundamental
research question RQ1 (“Can AL approaches to efficient DNN training be improved in a
way that allow them to close the gap to the strong RS2 baseline in cost-to-accuracy perfor-
mances?”’) that inspired our research work, and that was left as an open research direction
in Okanovic et al. (2024).

In our opinion, the empirical findings presented in this work expand the state of the
knowledge in the field, helping better understand the relative strengths and weaknesses of
approaches relying on either random data sampling or importance-based data sampling/
selection method alone (the former of which were recently shown to overcome the latter
in terms of time/cost-to-accuracy (Okanovic et al., 2024; Ayed & Hayou, 2023; Guo et al.,
2022)), and the advantage of adopting a hybrid approach like ours.
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From a practical point of view, the good achievements of the proposed approach make us
confident in the fact that it suits well resource-constrained Edge Al applications and aligns
with the goals of Green Al an increasingly important field in light of the climate crisis.
Furthermore, its ability to handle large datasets expands the potential applications of deep
learning models, contributing to more sustainable and affordable Al-empowered systems.

5.2 Limitations

Clearly, a major limitation of Play it Straight descends from the fact the volume of selected

data, accumulated across different AL rounds, can grow too fast (see Fig. 6 and associated
comments for an example of such a case). This exposes this algorithm to the risk of incur-
ring high computation costs and, in extreme cases, of reaching the energy budget limit “too
early”, when the classification model has not been trained yet below the desired level of
accuracy. This limitation has been addressed in the design of algorithm Re-Play it Straight,
which better controls the amount of training instances per AL round, by applying a filtering
mechanism to the “old” instances that have been already used in previous rounds. It is worth
noting that our experimental study shows that the advantage in terms of energy saving, for
a given target level of accuracy, tends to diminish when the model is to be trained at dis-
criminating among a higher number of data classes. Further research is needed to address
this issue. Anyway, both algorithms require manual setting of different hyperparameters,
including the number bootEpcs and ftEpcs of optimization epochs, the reduction factor »
and the number £ of instance to select at each fine-tune round. Improper choices for these
hyperparameters may undermine the energy saving ability of Play it Straight and Re-Play
it Straight, especially if a too high number of AL rounds is required to reach the target
accuracy, although in Sect. 4.2.6 we analyzed this issue and provided some practical hints
to guide their selection.

Additionally, the choice of the AL-like instance ranking function is critical, as it needs to
strike a balance between energy efficiency and effectiveness in data selection. If the selected
function is too computationally intensive, it may vanish part of the energy savings achieved
through data reduction.

5.3 Future work

To address these limitations, our future work will focus on several areas. First, we plan to
investigate adaptive methods for tuning the above hyperparameters, to alleviate the burden
of manual tuning and potentially improve the performances of the proposed framework
across different scenarios. Second, we plan to conduct a comprehensive analysis to establish
the boundaries within which Play it Straight and Re-Play it Straight demonstrates superior
performance compared to other techniques. This would provide valuable guidance to prac-
titioners and researchers in selecting the most suitable algorithm for their specific use cases.
Finally, we will explore other cheap data selection strategies, combined with model-training
acceleration techniques (e.g., based on model pruning, Cutout regularization, low-precision
parameter quantization), to further improve Re-Play it Straight ’s energy efficiency and
effectiveness.
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