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ABSTRACT

The rapid expansion of Deep Learning (DL) has intensified the
need for more rigorous evaluation methodologies for implementing
solutions in real-world scenarios. In view of this, this work presents
Optimized Assertiveness-Cost Evaluation (OACE), a method based
on Multi-Criteria Decision Making that integrates assertiveness and
computational cost criteria into a single parameterizable function,
aiming to systematize the evaluation of DL models. To demonstrate
its effectiveness, an experiment was conducted with Random Walk
and the CIFAR-10 database, evaluating five DL architectures in a
balanced scenario. The findings identified MobileNetV2 as the best
model for the defined scenario, with a score of S¢(m) = 0.9541,
surpassing MobileNetB0 by 38%, due to its superior efficiency.
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1 INTRODUCTION

The advancement of Deep Learning (DL) models has caused a trans-
formation in several areas [11]. The success of these technologies
applicability was motivated by their ability to optimize processes,
offering effective solutions to complex and routine problems. As
aresult, there has been an exponential increase in the availability
of models for implementation in a wide variety of scenarios [12].
Given this variety of options, the successful implementation of any
DL solution has become dependent on a careful decision-making
process, capable of guiding the choice of the most appropriate model
for the demands and constraints of each context.

The increase in the diversity of DL models has intensified a
recurring dilemma for researchers: “How to evaluate in order to
carefully choose the most appropriate model for a given applica-
tion context?”. The answer requires the analysis of several criteria,
two of which stand out: assertiveness, which reflects the model’s
ability to make correct predictions, and computational cost, which
quantifies the consumption of hardware resources [7].

The balance between these two factors is a critical point in the
DL ecosystem [6]. In applications that prioritize error minimization,
such as medical diagnostics, complex and costly models are accept-
able. On the other hand, in systems with limited hardware, such as
mobile devices, efficiency is key, requiring the use of lightweight
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architectures. Managing this trade-off between predictive perfor-
mance and efficiency is therefore central to developing effective
solutions that are appropriate for their deployment environment.

Despite the importance of this trade-off, the evaluation of DL
models is still conducted manually, exhaustively, and subjectively
[8]. This approach is usually performed by analyzing each metric in
isolation. This practice makes the evaluation process increasingly
costly, as its complexity grows proportionally to the number of
models and criteria evaluated, a challenge that makes more robust
analyses unfeasible. The absence of systematic approaches results
in inconsistent choices, revealing a gap in the literature for methods
that integrate conflicting criteria in a structured manner [5].

This paper presents the Optimized Assertiveness-Cost Evalua-
tion (OACE) method, a holistic approach to evaluating DL models
for different contexts. The method is based on Multi-Criteria Deci-
sion Making (MCDM), integrating assertiveness and computational
cost metrics into a single parameterizable objective function [16].
This study innovates through the MCDM approach and evaluation
with an experiment on the CIFAR-10. The experiment focuses on a
scenario of balance between assertiveness and cost criteria in order
to determine the most balanced architecture.

This article contributes (a) with the proposal of a new MCDM
method for the holistic evaluation of DL models and (b) with an
experiment to analyze the performance of different architectures
in a scenario of balance between assertiveness and cost.

2 RELATED WORK

The literature on DL model evaluation highlights assertiveness as
a fundamental criterion for system reliability. In [3], it is indicated
that, in critical applications such as surveillance, evaluation should
go beyond accuracy, emphasizing the need for metrics that better
capture the predictive robustness of models.

Concurrently, computational cost is recognized as an equally im-
portant factor, especially in contexts with limited resources. Studies
such as [2] and [14] demonstrate that predicting and optimizing
execution time and memory usage are essential for application effi-
ciency and scalability. Tools such as DNNAbacus, which estimate
the costs of deep networks, exemplify the community’s effort to
quantify and manage the impact of models on hardware.

Despite the recognition of these criteria, there is a gap in how
they are integrated. Most studies analyze them separately, treating
the metrics in isolation [8]. Although MCDM methods, such as An-
alytic Hierarchy Process (AHP) and Weighted Sum Model (WSM),
have proven effective in selecting software based on multiple indi-
cators, their application for an integrated evaluation of DL models,
which weighs assertiveness and cost, is under-explored [9].
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This paper proposes the OACE method to fill the identified gap.
The proposal’s unique feature lies in its MCDM modeling, which
systematizes the weighting of conflicting criteria. By integrating
multiple assertiveness and cost metrics into an adjustable objective
function, OACE offers a systematic and adaptable evaluation of DL
models, overcoming the limitations of traditional approaches.

3 PROPOSED METHOD

The methodology is based on three steps, starting with Subsection
3.1 with the formulation of the problem and the definition of the
method. Next, Subsection 3.2 describes the integration of RW and,
finally, Subsection 3.3 details the algorithm solution of the study.

3.1 Formulation and Definition

Developing DL models that operate effectively on limited resources
and are highly assertive is a significant challenge. The problem
arises when trying to balance metrics while maximizing reliabil-
ity and minimizing the cost of the models. Thus, the formulation
presented in Equation 1 is adopted.

The mathematical modeling of the method employs a central
optimization function, S¢ (m), which is based on two essential com-
ponents: the assertiveness function (A(m)) and the cost function
(C(m)). Both components, with their inherent constraints, are de-
signed based on the principles of WSM, a fundamental MCDM
technique for aggregating multiple criteria into a single score.

maxm

:Sp(m) =24 -A(m) + (1= 1) - C(m)
subjectto  :A(m) = Z wfl -aij(m)

C(m) = Z wg
J

m € M, (models set)

0<A<1

cj(m)

)

0<whwl <1,VijeN

The function A(m) evaluates the predictive capacity of the model,
calculated by the weighted sum of its normalized metrics (a;(m)),
each with its weight of importance w’. The cost function C(m)
quantifies the consumption of computational resources, aggregat-
ing its normalized cost metrics c¢;(m) with their respective weights
wé. The final score Sy (m) reflects the balance between these com-
ponents, adjusted by the weighting factor A, a parameter in the
range [0,1]. A value of A close to 1 prioritizes assertiveness A(m),
while a value close to 0 emphasizes low cost C(m).

This formulation aligns perfectly with MCDM modeling. Accord-
ing to Yang (2020), an MCDM problem, in the context of OACE,
is formally defined by four essential components. First, the al-
ternatives correspond to the set of candidate architectures M =
{mj, ..., my} that need to be evaluated. The criteria N = {qay, ..., ap,
¢1,...¢q} are the performance metrics used to judge these alter-
natives, divided into assertiveness criteria (a;) and cost criteria
(ep).

The relative importance of the criteria is established by a set
of weights w = {w?, ..,Wz, wf, wg}, obtained objectively via
AHP, an MCDM that hierarchizes and derives weights from paired
comparisons. The objective function Sg(m) operates as a decision
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function, consolidating the performance of each alternative by the
weighted criteria, generating a score for each architecture. The
parameter A is the weight that allows adjusting the priority be-
tween maximizing assertiveness or minimizing cost, making OACE
flexible to optimize model selection in different scenarios.

3.2 Random Walk

To understand the methodology, it is crucial to consider the Random
Walk (RW) algorithm. Developed by [15], RW describes a process
where an agent moves randomly in a multidimensional space, with
no memory of previous steps. Its relevance lies in the exploration
of high-dimensional spaces, common in DL problems.

RW is used to explore the search space when training archi-
tectures with varying configurations, adjusting parameters such
as learning rate and the selected architecture to create different
training conditions. It is important to note that RW does not aim to
optimize parameter configuration, but rather to generate distinct
scenarios to evaluate the applicability of the OACE method.

3.3 Solution Algorithm

The process, detailed in Algorithm 1, is executed for T iterations. Ini-
tially, the dataset D, the set of models M, and a base seed (base_seed)
are defined to ensure reproducibility and fair comparison. The as-
sertiveness (a;) and cost (c;) metrics are established as decision
criteria. The relative importance of these criteria is then quantified
using AHP (Subsection 3.1), allowing the derivation of weights (w;’
and w}q ) via pairwise comparisons between the metrics.

Algorithm 1 MCDM OACE: Problem Solution

: Define dataset D, A, number of iterations T and base_seed

: Define alternatives: set of models M, Y m € M

: Define criteria: assertiveness a; and cost ¢, where i, j index
: Define weights of criteria: w;’ and wy

N I N

5: Define normalization function: N (x, x™, xmax) = %
6: Initialize the warm-up for cost metrics to fix c}“i“

7: Initialize af"® < —oo, a‘ini" — oo, C;mx — —0

8: for each iteration ¢ from 1 to T do

9: Set current_seed = base_seed + (t — 1)

10: Set m and Ir as parameters and train

11: Evaluate a;, update aj"®, a;.“m and a; <« N(a;)

12: Compute A(m) = 3; N(a;) - wf

13: Evaluate cj, update c}"a" and ¢; < N(c;)

14: Compute C(m) = 31; N(cj) - w]?
15: Compute Sy (m) = A - A(m) +(1-21) - C(m)

16: if Sy (m) is higher than the current best Sy then

17: Update best model for m and best Sy, value
18: end if

19: Perform a random walk step to adjust parameters
20: end for

21: Store the metrics and return the Sy and best model

Subsequently, the metrics are scaled to the interval [0,1] using
iterative normalization N (x, x™, x™3X) A warm-up period pre-
cedes this normalization, establishing a minimum cost (c;.“in) for
the basic models, while the maximum and minimum values of the
?li“ and a{"®*) and the maximum cost (c}“ax)

are dynamically updated at each iteration, reflecting RW variations.

assertiveness metrics (a
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The iterative process adjusts the learning rate (Ir) and the model
(m), where RW advances at each iteration t with the base seed
incremented, expanding exploration. The metrics are evaluated and
normalized (lines 10 and 12), and the assertiveness (A(m)) and cost
(C(m)) functions are calculated. The score Sy (m) is then computed,
and the model with the highest score is retained. After T iterations,
the algorithm returns to the best model and its respective score.

4 EXPERIMENT

To evaluate OACE, an experiment was conducted using procedures
from Algorithm 1. The experiment was conducted in a scenario
balancing, with A = 0.5. Algorithm 1 operated in 50 iterations in
three rounds, totaling 150 iterations with fixed seeds to mitigate
dependence on randomness and ensure the robustness of the results.
The source code for the experiment is publicly available!.

4.1 Database

The dataset used was CIFAR-10, developed by Krizhevsky (2009)?,
widely used in image classification research. This dataset strikes a
balance between size and complexity, allowing different architec-
tures to be tested for different application scenarios.

CIFAR-10 consists of 60,000 color images, evenly distributed
across 10 classes: airplane, automobile, bird, cat, deer, dog, frog,
horse, ship, and truck. Each class in the dataset contains 6,000 im-
ages, 5,000 for training and 1,000 for testing. The preprocessing
pipeline standardizes images to 224x224 pixels and applies data
augmentation, with horizontal flips and 10° rotations. Finally, im-
ages are normalized to ImageNet’s standard mean and standard
deviation statistics, adjusting the data input to the networks.

4.2 Architecture Selection

The less complex architectures include EfficientNet, known for its
optimization through compound scaling, and MobileNetV2 , which
uses separable convolutions and residual blocks to significantly
reduce parameters and costs. Both demonstrated performance supe-
rior to 89% in CIFAR-10, which justifies their inclusion to evaluate
OACE in scenarios that demand low cost [17].

In the moderate complexity segment, ResNet-50 innovates with
residual connections to handle gradients in deep networks, and
InceptionV3 employs Inception modules to optimize resource usage.
With accuracy above 77% in CIFAR-10 and moderate cost [4], these
architectures allow OACE to be evaluated in intermediate contexts.

Finally, VGG-16 represents the high-complexity architecture,
with its deep and uniform 16-layer structure. Although it has a
high cost and number of parameters, its performance on CIFAR-10,
with accuracy above 70%, makes it relevant for scenarios where
assertiveness is a priority and cost constraints are secondary [1].

4.3 Warm-up and Parametrization

After selecting the architectures, Warm-up and Parameterization
established the operating conditions for training. The warm-up of
the models sought to capture the minimum cost metrics (c}nm) and
prepare them for normalization according to Algorithm 1. Each

model was run in its basic form on a sample of the CIFAR-10 dataset

!https://github.com/LyanhVini/OACE-randomWalk-monofocal-method
Zhttps://www.cs.toronto.edu/ kriz/cifarhtml

55

CTIC 2025, Rio de Janeiro/R}, Brasil

to determine these values, which were then fixed for normalization
N(cj, c}?ﬁn, CTax). This ensured that the cost metrics were scaled
fairly across the iterations of the process.

The parameterization involved the seed base_seed = [100, 600,
1100], fixed for each of the three rounds. Ir was dynamically ad-
justed at each iteration in the range [1 X 10741 x 1072]. The A
equal to 0.5 reflected an equilibrium scenario. The implementation
used Python 3.12 and PyTorch on a server with an NVIDIA A100-
SXM4 (40GB VRAM) and 196GB DDR4 RAM. The Adam optimizer,
5-fold cross-validation, and early stopping at 10 epochs were used.
Collecting the results took one day of processing.

4.4 Performance Evaluation

The performance evaluation stage applies the OACE method to
calculate the optimal solution. For assertiveness, the criteria of
precision, accuracy, and recall were adopted, selected for their fun-
damental relevance in the literature [13]. Using the AHP method for
weighting, the weights were defined as: precision (0.731), accuracy
(0.188), and recall (0.081), prioritizing the metric that best reflects
the proportion of correct predictions and avoids false positives.

In parallel, the cost was evaluated by three metrics: Model Total
Parameters (MTP), Time Per Inference (TPI), and Memory Used
(MS). These metrics were chosen because they represent the com-
plexity of the model, its hardware requirements, and its response
latency. The weights, also obtained via AHP, were: MTP (0.731), TPI
(0.188), and MS (0.081), with MTP being prioritized due to its direct
impact on execution speed and memory consumption. Details on
capturing these weights with AHP can be found in the repository!.

After capture, the metrics are scaled to the range [0, 1] through
iterative normalization, with dynamically updated limits to ensure
a fair comparison. With the normalized values, the functions A(m)
and C(m) are calculated, resulting in the final score Sy (m). At the
end of the iterations, the models are ranked by this score to select
the best alternative according to the scenario criteria.

5 RESULTS

The results of this study detail the performance of the MCDM
OACE and the algorithm for a balanced scenario (A = 0.5). In order
to ensure statistical reliability, the results were consolidated by
averaging three rounds of 50 iterations, which mitigates random
variations and reinforces the validity of the analysis.

—
i — —
0.8
s 06 °
%)
0.4
ResNet50 VGG16  EfficientNetB0 InceptionV3 MobileNetV2

Models

Figure 1: Variation of score Sy (m) by trained model
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The distribution of scores (Figure 1), reveals that the lightweight
architectures, MobileNetV2 and EfficientNetB0, were the main com-
petitors, although they showed high variability in their results,
reflecting sensitivity to the Ir. ResNet-50 demonstrated high consis-
tency, with a median of 0.85, while InceptionV3 was penalized for
its higher cost. VGG-16 obtained the lowest performance, indicating
its unsuitability for this equilibrium scenario.

Model: MobileNetV2; Iteration: 36

Best
1 Average
Vand Worst
0.8
= 0.6
tn
0.4
0.2
0
0 10 20 30 40 50

Number of Iterations

Figure 2: Convergence of Algorithm 1 to the best solution

The convergence of the algorithm (Figure 2) illustrates how the
optimal solution was achieved. The best performance curve (“Best”)
quickly stabilizes at a score Sy (m) close to 0.95, indicating that
the method found high-performance configurations early in the
process. The best global iteration occurred in run 36, in which
MobileNetV2 reached a maximum of Sy (m) = 0.9542. This result
was obtained with a maximum of A(m) = 0.8167 and a minimum
cost, reflected by C(m) = 1.0, using a learning rate of Ir = 0.0074.

Table 1: Best Solutions for the scenario

Model Sp A(m) C(m) Ir i

MobileNetV2 0.9542 0.8167 1.0000 0.007404 36
EfficientNetBO  0.9505 0.9080 0.9647 0.001522 41
EfficientNetBO 0.9496 0.9043  0.9647 0.001679 44
MobileNetV2 0.9496 0.7982 1.0000 0.010000 03
MobileNetV2 0.9485 0.7940 1.0000 0.006239 22

The analysis of the five best solutions (Table 1) points the superi-
ority of MobileNetV2, which not only obtained the highest score but
also appeared most frequently in Table 1. Although EfficientNetB0
proved to be a good alternative, with a score only 0.38% lower, its
greater assertiveness (A(m) = 0.9080) was not enough to offset its
cost, which was 3.53% higher. The advantage of MobileNetV2 is
rooted in its consistently minimal cost (C(m) = 1.0), reinforcing it
as the most effective choice for balance.

6 CONCLUSION

This work introduced OACE, a new MCDM-based method that
systematizes the selection of DL models based on the trade-off
between assertiveness and computational cost. Its effectiveness
was demonstrated in a balanced scenario experiment using the
CIFAR-10. The results revealed the superiority of MobileNetV2,
with a score S(m) = 0.9541, surpassing EfficientNetB0 by 0.38%.
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Although the experiment focused on the equilibrium scenario,
the methodology allows to be adjusted to meet different priorities,
whether to prioritize assertiveness in critical applications or effi-
ciency in limited environments (experiments in other scenarios can
be viewed in the repository'). The experiment focused on classifi-
cation, but for application in other tasks, adaptations to the set of
metrics to be used are necessary. The contributions present OACE
as a replicable and robust tool for optimizing the evaluation of DL
models, in addition to discussing insights into the performance of
the different state-of-the-art architectures selected.

For future work, we propose (i) expanding the method with
more evaluation metrics, (if) conduct a comparative study with
other MCDM approaches in order to ground the method in the
state of the art, and (iii) incorporating multiple hyperparameter
optimization to improve the solution robustness, and address the
practical challenge discussed in the Introduction.
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