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ABSTRACT: This study proposes an Adaptive Pooling method based on an alpha (α) parameter to enhance the
effectiveness and stability of convolutional neural networks (CNNs) in image classification tasks. Conventional pooling
techniques, such as max pooling and average pooling, often exhibit limited adaptability when applied to datasets
with heterogeneous distributions and varying levels of complexity. To address this limitation, the proposed approach
introduces an α parameter ranging from 0 to 1 that continuously regulates the contribution of maximum-based
and average-based pooling operations in a unified and flexible framework. The proposed method is evaluated using
two benchmark datasets, MNIST and CIFAR-10, representing grayscale and color image classification scenarios,
respectively. Experiments are conducted across three CNN families with different depths LeNet-5, a deeper custom-
built CNN, and ResNet-18 to assess robustness under varying representational capacity. Under the best α setting with
a 4 × 4 pooling configuration, Adaptive Pooling exhibits architecture-dependent behavior. On LeNet-5, Adaptive
Pooling achieves 87.2% on MNIST and 30.1% on CIFAR-10, compared with 97.8% (max/average pooling) on MNIST
and 60.1% (max pooling)/53.9% (average pooling) on CIFAR-10. In contrast, on the deeper custom CNN, Adaptive
Pooling becomes competitive, reaching 99.7% on MNIST and 86.1% on CIFAR-10, which is comparable to 99.6%–
99.7% on MNIST and 84.5%–86.2% on CIFAR-10 achieved by conventional pooling. On ResNet-18, Adaptive Pooling
attains 99.1% on MNIST, while CIFAR-10 performance decreases to 37.2% relative to the default global average
pooling baseline (99.7% on MNIST and 89.0% on CIFAR-10), suggesting that performance also depends on where
the pooling replacement is applied. Overall, these findings indicate that α-controlled Adaptive Pooling provides a
lightweight and configurable pooling strategy that can improve stability and achieve competitive accuracy in deeper
CNNs, although it should be treated as a complementary mechanism rather than a universal replacement across
all architectures.

KEYWORDS: Adaptive pooling; alpha parameter; convolutional neural network (CNN); image classification; MNIST;
CIFAR-10; model generalization

1 Introduction
Convolutional Neural Networks (CNNs) have emerged as one of the most effective and popular

deep learning architectures in recent decades, particularly for pattern recognition and image classification
tasks [1,2]. The capability of CNNs to automatically extract hierarchical features through convolutional
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operations provides a major advantage over traditional methods that rely on handcrafted features. Numerous
studies have demonstrated the success of CNNs across various image processing domains, including
classification, semantic segmentation, and object detection [3].

One of the essential components in CNN architectures is the pooling layer, which serves to reduce the
spatial dimensions of feature maps produced by convolutional layers [4,5]. Pooling facilitates the extraction of
dominant information while substantially lowering computational costs. The two most widely used pooling
types are max pooling and average pooling [6,7]. Max pooling selects the maximum value within a pooling
region, while average pooling computes the mean of all values within that region.

Although both pooling methods are widely adopted, each has inherent limitations. Max pooling often
discards fine-grained information since it retains only the highest activation values, while average pooling
is more sensitive to noise because it aggregates all activations uniformly [8–11]. These drawbacks can
hinder CNN performance, especially when processing datasets with high spatial variability and complex
feature distributions.

To overcome these limitations, several alternative pooling strategies have been proposed to enhance
feature representation in CNNs. A recent approach introduced in [11], called T-Max-Avg pooling, employs
a threshold-based mechanism to dynamically switch between max and average pooling. This method com-
bines the concept of Top-K selection [12] with a threshold parameter (T) to extract the most representative
features within each pooling region: if the maximum value in a window exceeds the threshold, max pooling
is applied; otherwise, average pooling is used.

Pooling remains a fundamental operation in convolutional neural networks because it reduces spatial
redundancy, enhances translational robustness, suppresses noise, and stabilizes feature representations
across network layers. However, conventional max pooling and average pooling operate with fixed aggrega-
tion behavior, making them less adaptive to variations in feature distribution and network depth [13].

In contrast to discrete and non-trainable threshold-based pooling strategies, this study proposes an
Adaptive Pooling method based on linear interpolation controlled by a single α parameter. The method
combines max pooling and average pooling in a continuous manner, where α regulates the balance
between dominant feature selection and global contextual aggregation. Unlike fixed threshold mechanisms,
this approach enables smooth adjustment of pooling behavior according to feature characteristics while
maintaining a simple and computationally efficient design.

Beyond its mathematical formulation, the proposed Adaptive Pooling mechanism provides an inter-
pretable control parameter that allows direct examination of how pooling behavior influences model stability
and generalization. The experimental findings further reveal that α behaves as an architecture-dependent
pooling controller: in shallow networks its effect is limited, whereas in deeper CNNs with richer hierarchical
feature representations it becomes increasingly beneficial. This property highlights the flexibility of the
method and its suitability for modern deep learning architectures.

In this study, several fixed α values are evaluated across different pooling sizes and datasets to analyze
their effect on classification accuracy and training dynamics. Model performance is assessed using accuracy,
precision, recall, and F1-score, while feature visualization and ROC analysis are used to examine the
impact of Adaptive Pooling on spatial representation learning and discriminative capability. Overall, the
proposed method introduces a computationally efficient and flexible pooling strategy that enhances feature
representation without increasing model complexity.

Main contributions of this study are summarized as follows:

1. A lightweight adaptive pooling strategy that combines max pooling and average pooling using a single
alpha parameter.
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This study introduces a unified pooling mechanism that continuously interpolates between max pooling
and average pooling through a single α parameter, providing controllable feature aggregation while
preserving computational simplicity and avoiding additional trainable parameters.

2. The proposed method introduces no additional parameters and does not increase training cost
compared to conventional pooling.
The proposed method is formulated such that it can be integrated into both shallow and deep convolu-
tional networks without modifying the backbone structure, enabling fair architectural comparison and
facilitating cross-model validation.

3. The method is evaluated on both the MNIST and the CIFAR datasets to demonstrate robustness and
generalization capability.
The influence of α is examined under multiple pooling window sizes and across datasets of differ-
ent visual characteristics, allowing a deeper understanding of how α regulates the balance between
dominant feature selection and contextual smoothing.

4. The influence of the alpha parameter on accuracy and training stability is systematically investigated.
The study provides a principled evaluation setup that compares Adaptive Pooling with conventional
pooling strategies under identical training configurations, enabling objective analysis of how pooling
behavior interacts with network depth and feature hierarchy.
The remainder of this paper is organized as follows. Section 2 reviews related work on pooling

techniques. Section 3 describes the proposed Adaptive Pooling method. Section 4 reports the experimental
results and analysis. Section 5 presents additional evaluation on a deeper CNN architecture. Finally, Section 6
concludes the paper.

2 Related Work
Pooling is one of the key components in Convolutional Neural Network (CNN) architectures, designed

to reduce spatial dimensionality, suppress overfitting, and lower computational costs. Conventional pooling
methods, such as max pooling and average pooling, have been widely adopted due to their simplicity and
effectiveness. However, both approaches exhibit limitations in capturing complex spatial structures and are
highly sensitive to noise and the loss of fine-grained details [14,15].

Recent studies have revisited the role of pooling by introducing smoother and information-preserving
downsampling operators such as SoftPool and exponential adaptive pooling to mitigate information loss
during feature map reduction [14,16,17]. This issue remains particularly relevant in modern CNN architec-
tures, as spatial downsampling is still a core design element for computational efficiency and hierarchical
representation learning. Consequently, the choice of pooling or downsampling strategy can substantially
influence feature quality and model generalization performance [18–21].

To address these shortcomings, several studies have proposed alternative pooling strategies that aim to
be more adaptive and computationally efficient. One notable example is Universal Pooling (UP), developed
by [22]. UP reformulates pooling as a channel-wise attention mechanism that is both spatially and locally
adaptive. Instead of using a fixed pooling function, UP learns pooling weights in an end-to-end manner
alongside the main network. As a result, it can produce pooling functions that vary according to data
characteristics. While UP effectively improves accuracy, it incurs significant computational overhead due
to the additional trainable pooling weight module. Other recent approaches also pursue adaptivity by
estimating importance attention within local regions before aggregation, improving feature selection under
challenging variations [23,24].

A different line of research emphasizes computational efficiency, exemplified by Wavelet Pooling
introduced in [15]. This approach employs a two-level wavelet transform for feature subsampling. Unlike
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neighborhood-based pooling operations, Wavelet Pooling better preserves spatial structure and mitigates
artifacts such as blurring and aliasing. Nevertheless, the two-level wavelet transformation and reconstruction
process increase the overall computational complexity compared to conventional max or average pooling.

Expanding on this concept, Multiple Wavelet Pooling (MWP) was proposed by [25] explores combi-
nations of multiple wavelet bases such as Haar, Daubechies, and Coiflet to construct more flexible pooling
functions. In this method, two different wavelet-transformed outputs are fused to form a new feature
representation from the low-frequency sub-band (LL). Experiments on datasets such as MNIST, CIFAR-
10, and SVHN demonstrated that MWP outperforms conventional pooling in several cases, particularly
when dropout regularization is applied. However, the method introduces additional architectural complexity,
which can hinder scalability.

In addition to pooling-based strategies, image enhancement through pixel-level fusion has also been
explored as a means to improve recognition performance. A recent study proposed an opposite-frequency
fusion framework based on discrete wavelet transform combined with Gaussian and Difference of Gaussian
filtering, in which low-frequency components were fused using DoG and high-frequency components using
Gaussian filtering. The reconstructed images, obtained through inverse wavelet transform, were shown
to significantly enhance face recognition accuracy across multiple benchmark datasets and challenging
conditions such as illumination variation, head pose, occlusion, and image degradation [26,27].

Furthermore, multiscale analysis and curvature-based features have also been investigated to strengthen
structural representation in visual recognition tasks. A previous study combined multiscale representations
with curvature-based descriptors to enhance discrimination capability in partial face recognition, demon-
strating that structural information extracted from different scales can improve robustness against facial
variations [28]. Although this approach improves recognition accuracy, it relies heavily on handcrafted
feature extraction rather than learned representations.

Another noteworthy approach is T-Max-Avg Pooling, proposed by [11] dynamically selects between max
and average pooling based on a predefined threshold parameter (T). By filtering pixel activations according
to the highest values and considering the top-K most significant features, the method captures more
representative spatial information. Experiments on CIFAR-10, CIFAR-100, and MNIST datasets have shown
that T-Max-Avg Pooling surpasses traditional pooling methods in classification accuracy [29]. However, its
adaptability is limited by reliance on a discrete threshold, making it less flexible for continuous optimization
or end-to-end training.

Overall, existing pooling methods involve a trade-off between adaptivity, computational efficiency, and
implementation simplicity. Many adaptive approaches improve accuracy by enhancing feature selection but
often increase model complexity or training cost.

To address this issue, this study proposes a lightweight Adaptive Pooling method controlled by a single
alpha parameter to achieve flexible pooling behavior while using a single predefined alpha coefficient and
avoiding additional trainable pooling weights or auxiliary modules. The proposed design enables efficient
integration into different CNN architectures and datasets.

3 Method
This section presents the proposed Adaptive Pooling methodology, including the CNN architecture,

formulation of the pooling mechanism, and the experimental setup used for performance evaluation.
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3.1 General Architecture of Convolutional Neural Networks
A CNN typically consists of three to five main layers, including convolutional layers, pooling layers,

and fully connected layers [30,31]. The convolutional layers are responsible for extracting spatial features
from the input image, while the pooling layers reduce the spatial dimensions of the feature maps to enhance
computational efficiency and strengthen translational invariance [32]. The general architecture of a CNN is
illustrated in Fig. 1.

Figure 1: The general architecture of a CNN.

3.2 Max-Pooling
Max pooling is a widely used operation in CNN feature extraction that reduces spatial dimensions by

selecting the maximum value within each local region. This process preserves the most salient activation in
each region, allowing the network to retain dominant structural patterns such as edges and textures while
lowering computational cost [13,33].

However, because only the highest activation is retained, max pooling may discard fine-grained
information and degrade feature descriptiveness. The mathematical formulation of max pooling is given
in Eq. (1).

Omax(x) = max (x1 , x2, x3 . . . xn) (1)
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here, Omax(x) denotes the output of the max pooling operation, and x1 to xn represent the pixel values within
a local pooling region.

Fig. 2 illustrates the max pooling process using a 2 × 2 filter on a 4 × 4 input image, resulting in the
corresponding pooled feature map.

Figure 2: Max-pooling.

3.3 Average Pooling
Average pooling reduces spatial dimension by computing the mean value within each local region of an

image [34,35]. This operation provides smoother feature maps and improves robustness to noise.
However, averaging may blur important local details and weaken feature discriminability. The mathe-

matical formulation of average pooling is given in Eq. (2).

O = 1
n

n
∑
i−1

xi (2)

where O represents the output of the average pooling operation, xi denotes the pixel values within a pooling
region, and n is the number of elements in that region.

Fig. 3 illustrates the average pooling process using a 2 × 2 filter applied to a 4 × 4 input image.

Figure 3: Average pooling.

3.4 Purpose Pooling Method
Unlike conventional static pooling methods, this study introduces a new pooling formulation referred to

as Adaptive Pooling, which is controlled by a scalar alpha parameter ranging from 0 to 1. The proposed formu-
lation balances the contribution between max pooling and average pooling in a single continuous expression.
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The output of the pooling operation O(x) for a local region x = {x1, x2, x3, . . ., xn} is defined as shown
in Eq. (3):

O(x) = α ⋅MaxPool (x) + (1 − α) ⋅ AvgPool (x) (3)

The alpha parameter is predefined before training. When α = 1, the operation becomes max pooling,
while α = 0 corresponds to average pooling. For values between 0 and 1, the method integrates both strategies,
maintaining sensitivity to salient features while suppressing noise and outliers.

In this study, alpha is varied from 0.1 to 0.95 to evaluate model performance across different
datasets. Fig. 4 illustrates the Adaptive Pooling process using a 2 × 2 filter on a 4 × 4 input image.

Figure 4: Adaptive pooling with α parameter.

3.5 Created CNN Network
To evaluate the proposed Adaptive Pooling method, this study adopts the LeNet-5 architecture intro-

duced by LeCun [36] as the baseline model due to its simplicity, efficiency, and proven performance in
image classification.

LeNet-5 consists of three convolutional layers, two pooling layers, and two fully connected layers. This
architecture is used to compare Adaptive Pooling with conventional pooling methods, including Avg-TopK
and T-Max-Avg. The network structure is detailed in Table 1, and the schematic illustration is shown in Fig. 5.

Table 1: LeNet-5 network architecture.

Layer Layer Type Size of
Feature Map Kernel Size Param Activation

Function
Input Layer Image 32 × 32 × 3 – – –
Conv1 layer Convolution 32 × 32 × 6 5 × 5 456 Tanh
Pool1 layer CustomPool1 16 × 16 × 6 2 × 2 0 –

Conv2 layer Convolution 16 × 16 × 16 5 × 5 2416 Tanh
Pool2 layer CustomPool2 8 × 8 × 16 2 × 2 0 –

(Continued)
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Table 1 (continued)

Layer Layer Type Size of
Feature Map Kernel Size Param Activation

Function
Conv3 layer Convolution 8 × 8 × 20 5 × 5 48,120 Tanh

FC1 layer Full connected 84 – 645,204 Tanh
FC2 layer Full connected 10 – 850 Softmax

Figure 5: LeNet-5 model architecture.

All experiments were conducted on MNIST and CIFAR-10 under identical training conditions for both
the proposed and reference methods to ensure fair evaluation.

The LeNet-5 architecture is summarized in Table 1 follows a classical design with alternating convolution
and pooling layers to reduce spatial resolution while progressively expanding feature representation. Each
convolution layer uses 5 × 5 kernels with Tanh activation, while the pooling layers, including the proposed
Adaptive Pooling and baseline methods, perform spatial downsampling and improve translation invariance.

The resulting feature maps are flattened and processed by two fully connected layers before classification
by the Softmax layer. This lightweight and well-controlled architecture allows reliable evaluation of the
specific impact of the proposed pooling method.

4 Experimental Result
This section reports the experimental results and performance analysis of the proposed Adaptive

Pooling method, including quantitative evaluation, training behavior, and comparison across architectures
and pooling strategies.

4.1 Dataset
In this section, we describe the datasets used to evaluate and compare the performance of the proposed

Adaptive Pooling method with conventional pooling approaches. Two public benchmark datasets, MNIST
and CIFAR-10, were employed in the experiments.
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4.2 MNIST
MNIST is a widely used benchmark dataset for handwritten digit classification in computer vision [37].

It contains 70,000 grayscale images of size 28 × 28 pixels across 10 classes, with 60,000 samples for training
and 10,000 for testing.

MNIST is commonly used for preliminary evaluation due to its simple structure and low resolution. In
this study, it is adopted to examine the effectiveness of the proposed Adaptive Pooling method on datasets
with simple feature distributions.

4.3 CIFAR-10
CIFAR-10 is a widely used benchmark dataset for image classification in computer vision [38]. It contains

60,000 RGB images of size 32 × 32 pixels across 10 balanced classes, with 50,000 training samples and 10,000
testing samples.

CIFAR-10 is commonly used to evaluate model performance and generalization ability on complex
visual data. In this study, CIFAR-10 is employed to assess the effectiveness of the proposed Adaptive Pooling
method compared with conventional pooling techniques [39,40].

4.4 Network Parameters
The models were trained using the Adam optimizer with categorical cross-entropy loss, and all input

images were normalized to the range 0–1. Training was performed for up to 50 epochs with a batch size of 16.
To ensure a fair and controlled evaluation of the proposed pooling operator, the network architecture and
all training settings were kept identical across experiments; only the pooling layer was varied (Max Pooling,
Average Pooling, and the proposed Adaptive Pooling). No transfer-learning fine-tuning was performed, as
the goal of this study is to isolate the impact of pooling-layer replacement rather than to redesign or tune
the overall architecture. In the baseline models, the final pooling layer used conventional pooling (Max or
Average), while in the proposed configuration it was replaced by the Adaptive Pooling layer. EarlyStopping
and ReduceLROnPlateau were applied to improve convergence, the best-performing model was saved using
ModelCheckpoint, and training time was recorded to assess computational efficiency.

4.5 Experimental Result
Two benchmark datasets, MNIST and CIFAR-10, were used to evaluate the proposed method, repre-

senting grayscale and color image classification tasks, respectively. The experiments were conducted using
the LeNet-5 architecture with pooling sizes ranging from 2 to 4 to analyze the effect of pooling scale on
classification performance.

All experiments were implemented in Jupyter Notebook using an NVIDIA GeForce RTX 3060 GPU
to accelerate training. The proposed method and baseline approaches (max pooling, average pooling, Avg-
TopK, and T-Max-Avg) were evaluated under identical model configurations and training settings to ensure
a fair comparison.

Each experiment was repeated six times, and the reported results represent the average accuracy
across all runs. The classification performance for pooling size 2 on MNIST and CIFAR-10 is summarized
in Tables 2 and 3.
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Table 2: Experimental results with Pool size = 2 on the CIFAR-10 dataset.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 25.5 25.3 25.8 23.7 24.6 24.4 24.9
0.15 24.3 25.5 26.7 23.3 26.4 24.0 25.0
0.2 23.3 21.0 23.0 25.3 25.2 26.0 24.0

0.25 24.8 24.9 24.4 26.1 24.7 20.7 24.3
0.3 25.0 24.8 24.1 24.7 26.4 26.0 25.2
0.35 24.9 23.7 24.5 20.6 23.3 24.6 23.6
0.4 26.7 25.5 20.8 27.0 10.0 24.3 22.4
0.45 23.5 21.7 21.1 23.1 22.6 21.2 22.2
0.5 22.4 21.0 21.4 21.4 23.7 21.8 22.0
0.55 24.5 21.8 24.5 22.6 21.9 21.2 22.7
0.6 21.9 24.7 10.0 23.3 23.3 23.4 21.1
0.65 20.6 21.8 22.1 23.2 20.6 24.4 22.1
0.7 25.1 24.8 24.6 21.4 20.8 21.5 23.0
0.75 21.2 22.7 24.2 24.5 21.0 10.0 20.6
0.8 22.9 23.1 21.8 23.4 20.9 20.4 22.1
0.85 20.7 24.7 10.0 21.8 22.1 23.8 20.5
0.9 23.2 22.4 10.0 17.6 22.6 20.9 19.4
0.95 10.0 10.0 12.9 22.7 10.0 23.0 14.7
Max 49 49.9 49 50.2 50.69 50.16 50
Avg 57 56.7 57.3 57 60.37 60.02 58.1

Table 3: Experimental results with Pool size = 2 on the MNIST dataset.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 66.7 69.0 61.2 63.3 58.6 64.7 63.9

0.15 60.1 66.9 63.0 67.9 57.7 65.9 63.6
0.2 62.5 62.7 63.9 58.9 61.6 59.7 61.5

0.25 62.9 62.1 62.1 60.9 64.0 64.3 62.7
0.3 62.0 65.0 61.6 57.9 62.3 64.1 62.1
0.35 64.1 64.9 63.8 59.2 63.0 64.2 63.2
0.4 62.8 63.0 62.6 59.2 63.1 63.4 62.4
0.45 59.7 59.7 62.8 65.3 64.0 63.8 62.5
0.5 63.4 62.0 62.6 60.7 59.5 63.0 61.8
0.55 64.9 64.8 63.9 60.5 64.4 62.6 63.5
0.6 65.1 64.4 63.8 62.5 60.4 64.2 63.4
0.65 65.0 65.4 63.8 65.1 62.0 65.0 64.4
0.7 64.2 61.4 61.8 63.1 64.1 65.1 63.3
0.75 62.2 61.9 56.9 61.9 65.4 65.9 62.4
0.8 63.1 63.0 66.5 65.5 60.1 65.6 64.0
0.85 62.5 64.9 64.3 65.3 61.3 65.1 63.9
0.9 65.4 66.5 65.3 60.8 66.5 64.7 64.9

(Continued)
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Table 3 (continued)

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.95 63.5 64.8 65.7 66.4 62.5 64.5 64.6
Max 98.63 98.71 98.51 98.59 98.61 98.67 98.62
Avg 98.38 98.52 98.3 97.96 98.36 98.75 98.38

For pooling size 2, traditional pooling methods consistently outperformed Adaptive Pooling on both
datasets. On CIFAR-10, average pooling achieved the highest accuracy (58.1%), followed by max pooling
(50%), while Adaptive Pooling achieved only 25.2% at its best alpha setting. Similarly, on MNIST, max
pooling (98.62%) and average pooling (98.38%) significantly surpassed Adaptive Pooling, which reached a
maximum accuracy of 64.6%.

Overall, these results indicate that with small pooling sizes, max pooling and average pooling remain
more effective and stable than the proposed Adaptive Pooling method.

The experimental results for both traditional and proposed pooling methods using a pooling size of 3
are presented in Tables 4 and 5.

Table 4: Experimental results with Pool size = 3 on the CIFAR-10 dataset.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 28.1 31.1 29.3 30.8 26.4 30.7 26.5
0.15 29.9 30.7 28.8 29.7 28.1 29.3 26.3
0.2 28 31.3 28.7 29.1 26.9 28.9 26.1

0.25 29 28.5 27.8 29.9 30.9 28.8 26
0.3 30.7 30.7 30.1 31.1 29.6 26.8 25.7
0.35 28.1 28.1 26.8 25.8 29.5 27.8 25.4
0.4 31.4 28.8 27.3 26.7 27.9 29.6 25.2
0.45 29 28.4 30.8 26.6 27.2 30.3 24.9
0.5 29.6 29.2 26.5 30.1 26.4 29.2 24.5
0.55 31.5 30.9 26.6 30.3 30.9 28.2 24.1
0.6 27.5 29.6 26.5 26.5 29.8 29.9 23.4
0.65 31.1 27.6 29.6 26.0 26.1 30.8 22.7
0.7 26.5 25.2 30.8 26.1 30.1 29.9 21.7
0.75 25.1 29.4 29.5 26.7 27.7 30.0 20.4
0.8 10 10.0 25.0 10.0 29.7 10 18.5
0.85 26.5 28.3 24.0 27.9 26.0 29.8 19.4
0.9 10 23.4 10 24.9 10.0 24.4 15.6
0.95 10.0 10.0 10.0 19.3 25.6 10.0 14.1
Max 61 61.4 59.78 59.5 60.7 60.7 60.4
Avg 55 54.6 54.31 55.7 55 53.84 55
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Table 5: Experimental results with Pool size = 3 on the MNIST dataset.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 78.6 81.9 80.1 79.6 78.3 80.2 79.8
0.15 72.0 77.8 78.3 80.3 80.1 77.4 77.6
0.2 79.8 80.6 78.0 78.3 78.7 78.5 79.0

0.25 78.0 77.9 77.6 78.6 78.8 78.8 78.3
0.3 78.4 79.3 79.1 78.8 78.2 78.0 78.6
0.35 78.5 78.2 80.4 79.1 78.3 79.4 79.0
0.4 79.4 78.6 79.8 77.7 79.9 79.3 79.1
0.45 77.1 79.5 69.0 77.2 78.7 78.0 76.6
0.5 79.5 77.7 78.2 78.3 77.4 78.9 78.3
0.55 78.9 76.9 78.6 78.2 78.1 78.4 78.2
0.6 78.1 79.5 79.1 78.3 67.5 79.6 77.0
0.65 79.2 78.0 79.4 78.8 72.8 78.1 77.7
0.7 78.5 78.1 78.7 79.4 79.2 78.7 78.8
0.75 80.2 79.6 79.3 79.6 79.5 70.3 78.1
0.8 78.6 71.9 72.2 76.9 77.7 71.1 74.7
0.85 72.3 79.5 72.1 79.0 78.8 80.1 77.0
0.9 78.7 70.7 77.8 79.0 79.7 79.6 77.6
0.95 78.4 78.2 79.1 78.1 72.5 78.7 77.5
Max 98.7 98.47 98.46 98.66 98.73 98.74 98.63
Avg 98.72 98.4 98.36 98.74 98.66 98.52 98.57

For pooling size 3, Adaptive Pooling performed substantially worse than traditional pooling methods
on both datasets. On CIFAR-10, the best accuracy reached only 26.5% at alpha = 0.1, which was more than
30% lower than max pooling (60.4%) and average pooling (55%). On MNIST, Adaptive Pooling achieved its
highest accuracy of 78.3% at alpha = 0.25, but still lagged behind max pooling (98.63%) and average pooling
(98.57%) by approximately 20%.

These findings indicate that with medium pooling size, the proposed Adaptive Pooling method remains
highly sensitive to data characteristics and alpha selection, and is not yet competitive with conventional
pooling. Nevertheless, these results highlight the method’s limitations and motivate further improvements,
such as integrating more complex architectures or incorporating attention mechanisms.

The classification accuracies obtained using a pooling size of 4 for both traditional and proposed pooling
methods on the datasets are presented in Tables 6 and 7.

Table 6: Experimental results with Pool size = 4 on CIFAR-10 dataset.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 30.8 29.7 30.4 27.2 28.9 28.1 29.2

0.15 30.2 30.5 30.6 26.7 31.2 31.2 30.1
0.2 31.2 29.9 27.4 27.6 28.5 28.6 28.9

0.25 32.1 31.1 28.9 26.0 29.1 30.0 29.5
0.3 28.6 28.4 28.3 27.8 30.4 28.3 28.6

(Continued)
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Table 6 (continued)

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.35 31.3 26.9 29.4 29.5 30.0 28.3 29.2
0.4 29.1 29.6 27.2 27.2 28.9 27.2 28.2
0.45 28.3 30.4 27.5 26.6 27.6 27.5 28.0
0.5 30.0 26.9 27.8 26.8 28.2 30.5 28.4
0.55 29.2 31.1 29.1 29.2 27.2 29.1 29.2
0.6 29.6 27.2 27.0 26.8 27.3 28.1 27.7
0.65 30.3 26.8 26.6 26.7 28.8 26.1 27.5
0.7 10.0 29.6 27.9 26.6 26.9 27.6 24.8
0.75 10.0 24.0 19.6 10.0 28.0 27.8 19.9
0.8 20.9 19.0 25.9 10.0 10.0 14.0 16.6
0.85 26.7 27.8 25.4 10.0 10.2 24.1 20.7
0.9 20.7 27.1 17.4 21.1 9.8 10.0 17.7
0.95 10.0 9.9 10.0 10.0 10.0 10.0 10.0
Max – – – – – – 60.1
Avg – – – – – – 53.9

Table 7: Experimental results with Pool size = 4 on MNIST dataset.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 84.5 84.8 88.2 87.9 87.2 86.7 86.6

0.15 86.8 84.5 88.0 85.6 85.8 85.3 86.0
0.2 87.9 87.9 84.7 85.5 85.8 86.2 86.3

0.25 85.9 85.4 86.9 84.8 87.1 88.1 86.4
0.3 86.4 85.4 88.1 86.2 88.1 86.4 86.8
0.35 87.5 87.9 86.5 88.0 86.5 85.4 87.0
0.4 86.5 88.0 86.6 87.3 87.9 85.6 87.0
0.45 86.5 85.5 87.7 87.1 85.9 83.6 86.0
0.5 85.1 86.9 87.9 88.7 85.9 88.7 87.2
0.55 87.3 87.6 87.1 88.0 85.6 87.0 87.1
0.6 88.0 86.1 86.6 87.4 87.2 87.0 87.1
0.65 87.7 84.6 88.1 86.7 85.7 88.0 86.8
0.7 86.3 86.1 87.3 87.1 87.8 87.3 87.0
0.75 87.8 87.2 86.5 85.1 86.1 87.4 86.7
0.8 85.4 86.2 82.6 87.2 87.3 86.9 85.9
0.85 84.9 88.5 87.2 87.7 87.7 85.8 87.0
0.9 87.2 87.1 86.9 87.0 87.6 87.7 87.2
0.95 87.6 87.6 87.1 84.1 86.9 86.8 86.7
Max – – – – – – 97.76
Avg – – – – – – 97.75
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For pooling size 4, Adaptive Pooling remained inferior to traditional methods on both datasets. On
CIFAR-10, the highest accuracy reached only 30.1% at alpha = 0.15, which was substantially lower than max
pooling (60.1%) and average pooling (53.9%). On MNIST, the best performance was achieved at alpha =
0.35 with an accuracy of 87.0%, but this still trailed max pooling (97.76%) and average pooling (97.75%) by
approximately 10%.

These results indicate that Adaptive Pooling remains highly sensitive to alpha selection and dataset
characteristics and has not yet matched conventional pooling. Nevertheless, the findings provide valu-
able insights and motivate further development through architectural enhancements or integration with
attention mechanisms.

To provide a clearer overview of the results, Table 8 presents a comprehensive summary of the optimal
performance achieved by the proposed Adaptive Pooling method across different pooling sizes (2–4). This
summary facilitates the observation of performance patterns and variations between datasets.

Table 8: Comparative accuracy of the proposed Adaptive Pooling method and existing pooling techniques (T-Max-
Avg, Avg-TopK, Max, and Average Pooling) across different pooling sizes on the MNIST and CIFAR-10 datasets.

Dataset Pool Size The Best
of α

Advt
Pooling (%) T-Max-Avg (%) Avg-TopK

(%) Max (%) Avg (%)

MNIST 2 0.9 64.9 98.7 (T = 0.8) 98.6 98.6 98.4
MNIST 3 0.1 79.8 98.9 (T = 0.8) 98.7 98.6 98.6
MNIST 4 0.5 87.2 98.3 (T = 0.8) 98.3 97.8 97.8
Cifar-10 2 0.3 25.2 61.5 (T = 0.7) 59 58.1 50
Cifar-10 3 0.1 26.5 63.8 (T = 0.7) 62.6 60.4 55
Cifar-10 4 0.15 30.1 64.4 (T = 0.7) 64.1 60.1 53.9

Table 8 compares the proposed Adaptive Pooling method with T-Max-Avg, Avg-TopK, max pooling,
and average pooling on MNIST and CIFAR-10 using pooling sizes from 2 × 2 to 4 × 4.

On MNIST, Adaptive Pooling showed improved performance with larger pooling sizes, with accu-
racy increasing from 64.9% to 87.2% and the performance gap with the best method decreasing from
33.8% to 11.1%. In contrast, on CIFAR-10, accuracy remained low across all configurations (25.2%–30.1%),
approximately 34%–37% below T-Max-Avg.

These results indicate that Adaptive Pooling is more suitable for simple datasets such as MNIST but
remains less effective for complex data like CIFAR-10. Nevertheless, the findings underscore the importance
of the alpha parameter and motivate further development toward nonlinear mechanisms or a trainable alpha
to improve generalization.

5 Additional Evaluation and Visualization Analysis of Adaptive Pooling Model Performance on
Different CNN Architectures

This section presents an additional evaluation to assess the stability and consistency of the proposed
Adaptive Pooling method when applied to a convolutional neural network (CNN) architecture different from
LeNet-5. The main objective of this experiment is to examine whether the performance of the proposed
method remains stable in models with greater depth and higher parameter complexity.

The new CNN architecture used in this evaluation consists of three hierarchical convolutional blocks,
each followed by Batch Normalization and a ReLU activation function to accelerate convergence and mitigate
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the risk of vanishing gradients. Each block is concluded with a 2 × 2 MaxPooling layer to reduce spatial
resolution while retaining essential features.

After the three convolutional blocks, an Adaptive Pooling layer with an output size of 4 × 4 is added
as the main focus of this study. This layer employs the α parameter (ranging from 0 to 1) to balance the
contribution between average pooling and max pooling adaptively. In the final stage, the network includes
two fully connected layers with 256 and 128 neurons, respectively, each followed by a Dropout rate of 0.5 to
reduce overfitting, and a Softmax layer for multi-class classification.

A schematic illustration of the architecture and its detailed configuration are shown in Fig. 6
and Table 9, respectively.

Figure 6: CNN model architecture used for testing the proposed Adaptive Pooling method.

Table 9: Network architecture.

Layer Layer Type Size of Feature Map Kernel Size Param Activation Function
Input Layer Input 32 × 32 × 3 – 0 –

Conv1 Convolution 32 × 32 × 32 3 × 3 896 ReLU
Conv2 Convolution 32 × 32 × 32 3 × 3 9248 ReLU

MaxPool1 Max Pooling 64 × 64 × 32 2 × 2 0 –
Conv3 Convolution 16 × 16 × 64 3 × 3 18,496 ReLU
Conv4 Convolution 16 × 16 × 64 3 × 3 36,928 ReLU

MaxPool2 Max Pooling 8 × 8 × 64 2 × 2 0 –
Conv5 Convolution 8 × 8 × 128 3 × 3 73,856 ReLU

AdtvPool Adaptive Pooling 4 × 4 × 128 – 1 - (α)
Flatten Flatten 2048 – 0

FC1 Fully Connected 256 – 524,544 ReLU
FC2 Fully Connected 128 – 32,896 ReLU
FC3 Fully Connected 10 – 1290 Softmax

The experiments were conducted using the same training configuration as in the previous section, with
50 epochs, a batch size of 16, and the Adam optimizer initialized with a learning rate of 0.000001. The
main difference lies in the pooling size, which was set to 4 × 4, based on the earlier results in this study,
indicating that Adaptive Pooling achieved its highest accuracy at this configuration. Therefore, all evaluations
conducted on the new CNN architecture employed a 4 × 4 pooling size to maintain consistency and ensure
a fair comparison across architectures.
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Table 10 presents the accuracy results obtained from training the Adaptive Pooling model on the MNIST
dataset using various α parameter values (ranging from 0.1 to 0.95).

Table 10: Experimental results of Adaptive Pooling with a pooling size of 4 × 4 on the MNIST dataset using a different
CNN architecture.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 99.72 99.67 99.59 99.66 99.63 99.61 99.65
0.15 99.59 99.67 99.63 99.60 99.60 99.65 99.62
0.2 99.67 99.61 99.67 99.71 99.66 99.63 99.66

0.25 99.68 99.66 99.64 99.68 99.65 99.63 99.66
0.3 99.65 99.68 99.60 99.64 99.60 99.61 99.63
0.35 99.72 99.70 99.66 99.58 99.59 99.62 99.65
0.4 99.46 99.66 99.67 99.62 99.67 99.62 99.62
0.45 99.70 99.63 99.65 99.66 99.62 99.61 99.65
0.5 99.61 99.58 99.68 99.67 99.66 99.60 99.63
0.55 99.68 99.64 99.66 99.65 99.73 99.57 99.66
0.6 99.69 99.60 99.68 99.68 99.66 99.70 99.67
0.65 99.67 99.67 99.63 99.63 99.67 99.63 99.65
0.7 99.61 99.67 99.58 99.63 99.58 99.55 99.60
0.75 99.66 99.61 99.65 99.63 99.68 99.64 99.65
0.8 99.72 99.65 99.71 99.53 99.68 99.62 99.65
0.85 99.66 99.69 99.63 99.61 99.69 99.65 99.66
0.9 99.74 99.61 99.63 99.62 99.62 99.56 99.63
0.95 99.58 99.69 99.68 99.70 99.62 99.64 99.65
Max 99.63 99.70 99.58 99.68 99.64 99.66 99.65
Avg 99.66 99.64 99.65 99.70 99.71 99.71 99.68

Table 10 reports the performance of the Adaptive Pooling method on the MNIST dataset using a pooling
size of 4× 4 across multiple α values ranging from 0.1 to 0.95. The results show that the model achieves highly
consistent performance, with average accuracies between 99.60% and 99.68% across six independent runs.
The performance differences among the α values are minimal, indicating that the model remains stable and
is not strongly sensitive to α variation when applied to MNIST.

The highest average accuracy (99.7%) is obtained at α = 0.65, although several other α configurations
yield comparable results. These findings suggest that the notable performance improvement observed in this
experiment relative to the LeNet-based results in earlier tables is primarily influenced by the use of a deeper
CNN architecture and its richer feature representation, rather than by the α parameter alone. Therefore, the
results in Table 10 should be interpreted as an interaction effect between Adaptive Pooling and the underlying
network architecture, rather than as evidence that Adaptive Pooling universally outperforms conventional
pooling methods.

The performance visualization of the model is presented in Figs. 7–9 through the training curves, ROC
curves, and confusion matrices. The ROC results show that all classes achieve an AUC value of 1.00, indicating
perfect class separability and a highly stable decision boundary. This result is consistent with the confusion
matrices, which exhibit almost no class-wise misclassification, demonstrating that the Adaptive Pooling
model achieves near-perfect recognition performance on the MNIST dataset.
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(a) (b) (c)

Figure 7: Model training curves of accuracy and loss validation in the MNIST Dataset. (a) a = 0.2, (b) b = 0.25,
(c) c = 0.65.

Figure 8: Visualizing the ROC curve for the model in the MNIST Dataset. (a) a = 0.2, (b) a = 0.25, (c) a = 0.65.

Figure 9: Visualizing the confusion matrix for the model in the MNIST Dataset. (a) a = 0.2, (b) a = 0.25, (c) a = 0.65.

To complement the visual interpretation shown in Figs. 8–12, offer a rigorous quantitative foundation
for understanding the ROC curve behavior, AUC values, and the class-wise prediction patterns reflected in
the confusion matrix.

The True Positive Rate (TPR), also referred to as sensitivity, is defined in Eq. (4) as the proportion of
correctly identified positive samples:

TPR = TP
FP + FN

(4)
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(a) (b) (c)

Figure 10: Model training curves of accuracy and loss validation in the CIFAR-10 Dataset. (a) a = 0.4, (b) a = 0.55,
(c) a = 0.65.

(a) (b) (c)

Figure 11: Visualizing the ROC curve for the model in CIFAR-10 Dataset. (a) a = 0.4, (b) a = 0.55, (c) a = 0.65.

Figure 12: Visualizing the confusion matrix for the model in the CIFAR-10 Dataset. (a) a = 0.4, (b) a = 0.55, (c) a = 0.65.

The False Positive Rate (FPR), presented in Eq. (5), measures the proportion of negative samples
incorrectly classified as positive:

FPR = FP
FP + TN

(5)

Using these definitions, the Receiver Operating Characteristic (ROC) curve can be expressed as shown
in Eq. (6):

ROC = {(FPR (t) , TPR (t)) ∣t ∈ [0, 1]} (6)
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The Area Under the Curve (AUC), which summarizes the classifier’s discriminative capability across all
threshold values, is computed using Eq. (7):

AUC = ∫
1

0
TPR (FPR) d (FPR) (7)

For the multi-class classification scenario, the confusion matrix is defined in Eq. (8) as follows:

Ci , j = ∣ {x∣y = i , ŷ = j} ∣ (8)

Based on the confusion matrix, the overall classification accuracy can be obtained using Eq. (9):

Accurac y = ∑ i Ci , i

∑ i , j Ci , j
(9)

These mathematical definitions support the visual evaluation results by providing formal, threshold-
independent measures of the classifier’s discriminative strength and class-wise consistency.

From the confusion matrix, it can be observed that the model achieves almost perfect predictions
across all digit classes (0–9), with only a very small number of misclassified samples. The strong diagonal
dominance indicates that the Adaptive Pooling mechanism supports stable and consistent feature extraction
across classes.

These findings suggest that, when applied to a deeper CNN architecture, Adaptive Pooling with α = 0.65
is able to improve training stability and maintain high classification performance, achieving an accuracy of
99.7% and an AUC close to 1.00. Rather than indicating absolute superiority, these results demonstrate that
the effectiveness of Adaptive Pooling is influenced by architectural depth and feature-representation capacity,
which explains its stronger performance in this setting compared to LeNet-5.

In summary, this experiment confirms that employing Adaptive Pooling with a 4 × 4 pooling sizes not
only yields high accuracy but also exhibits robustness against variations in the α parameter, making it a
reliable approach for feature extraction in small-scale grayscale images such as MNIST.

Table 11 presents the accuracy results obtained from training the Adaptive Pooling model on the CIFAR-
10 dataset with various α parameter values ranging from 0.1 to 0.95.

Table 11: Experimental results of Adaptive Pooling with a pooling size of 4 × 4 on the CIFAR-10 dataset using a different
CNN architecture.

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.1 84.93 85.73 85.43 85.27 84.96 85.04 85.23
0.15 84.28 84.45 84.05 84.90 85.79 85.23 84.78
0.2 84.97 84.44 85.04 83.88 84.79 84.79 84.65

0.25 85.08 84.90 85.52 85.12 85.06 85.00 85.11
0.3 85.37 85.26 84.95 85.08 84.75 84.65 85.01
0.35 84.98 85.69 85.06 84.70 85.02 84.90 85.06
0.4 84.87 84.75 85.65 85.32 86.11 85.20 85.32
0.45 86.01 85.63 85.57 85.45 86.25 85.49 85.73
0.5 85.59 85.85 85.72 85.91 86.50 86.15 85.95
0.55 86.04 85.93 85.88 85.59 85.86 85.79 85.85

(Continued)



20 Comput Mater Contin. 2026;87(3):60

Table 11 (continued)

α Value Exp-1 (%) Exp-2 (%) Exp-3 (%) Exp-4 (%) Exp-5 (%) Exp-6 (%) Average (%)
0.6 86.13 85.62 86.33 85.66 85.87 85.25 85.81
0.65 86.20 86.54 85.79 86.04 85.90 85.94 86.07
0.7 85.94 86.17 85.21 86.10 85.97 85.34 85.79
0.75 85.34 85.96 85.72 86.00 86.07 85.39 85.75
0.8 85.39 85.84 85.54 85.66 86.06 86.23 85.79
0.85 85.84 86.62 86.37 86.33 86.01 85.39 86.09
0.9 86.06 85.78 86.30 85.87 86.10 85.83 85.99
0.95 86.40 85.53 85.48 85.84 85.93 86.22 85.90
Max 84.46 83.58 84.60 84.89 84.40 85.33 84.54
Avg 86.63 86.23 86.01 85.92 85.79 86.45 86.17

Table 11 reports the experimental results of the Adaptive Pooling method on the CIFAR-10 dataset using
a 4 × 4 pooling sizes across different α values. The average accuracy ranges from 85.0% to 86.2%, with
relatively small fluctuations between repeated runs. This indicates that the Adaptive Pooling mechanism
remains stable on a dataset with higher visual complexity compared to MNIST.

Although the absolute accuracy values are lower than those obtained on MNIST, the results show that
the model maintains consistent behavior across a wide range of α values. This suggests that the performance
of Adaptive Pooling is not driven by a single α configuration, but rather by its ability to preserve a balanced
contribution between max pooling and average pooling in deeper CNN architectures.

The training curves in Fig. 10 illustrate the learning behavior of the Adaptive Pooling model on
the CIFAR-10 dataset for three representative α values (0.40, 0.55, and 0.65). Across all configurations,
the training and validation loss curves decrease steadily while the accuracy curves increase consistently,
indicating a stable optimization process without oscillation or divergence. Although convergence in the
validation accuracy occurs more gradually than in the MNIST experiments, no indications of overfitting or
unstable gradient behavior are observed, even in deeper network settings. This suggests that the Adaptive
Pooling mechanism supports smoother feature aggregation and contributes to more consistent convergence
across different α values.

The Receiver Operating Characteristic (ROC) visualization in Fig. 11 further confirms the reliability of
the model, where all classes achieve AUC values ≥ 0.96, reflecting a strong discriminative capability across
categories such as airplane, automobile, bird, and cat. Meanwhile, the confusion matrices in Fig. 12 exhibit
a predominantly diagonal pattern, indicating consistent class-wise prediction performance. The remaining
misclassification cases mainly occur between classes with similar color and texture characteristics, such as
bird vs. airplane and cat vs. dog, which are inherently difficult to separate at a resolution of 32 × 32 pixels.

These results further reinforce the conclusion that the Adaptive Pooling mechanism effectively balances
local and global information through the α parameter, enabling the model to maintain high accuracy without
compromising training stability, even when applied to deeper network architectures.

6 Results and Discussion
The additional experiments conducted on deeper CNN architectures show that the Adaptive Pooling

method maintains stable and consistent performance across different α configurations. On the MNIST
dataset, the model achieved accuracies between 0.996 and 0.997 across nearly all α values, indicating that
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the method remains robust even when the contribution balance between max pooling and average pooling
is varied. On the CIFAR-10 dataset, the accuracy ranged from 0.85 to 0.86 for α values between 0.45 and 0.65,
which is consistent with earlier findings despite the higher visual complexity of this ten-class color dataset.

These results suggest that the α parameter functions as an effective balancing mechanism between
dominant feature selection and contextual feature aggregation. Around α = 0.5, the model obtained an
appropriate trade-off between sensitivity to salient features and robustness to noise, which led to better
generalization on the test data. This trend is also reflected in the ROC curves and confusion matrices, which
exhibit strong diagonal patterns and near-perfect AUC scores across most classes.

Furthermore, the 4 × 4 pooling configuration consistently produced better results than other pooling
sizes, as it allows the network to preserve mid-level spatial structure while retaining sufficient global context,
and at the same time reduces dimensionality before the fully connected layers.

Overall, these findings indicate that Adaptive Pooling with an adaptive α parameter achieves high
accuracy while preserving architectural flexibility and without increasing model complexity. This shows that
the proposed pooling mechanism is suitable for integration into different CNN architectures and datasets
with diverse spatial characteristics. To further validate its cross-architecture behavior, a comparative analysis
was also performed on LeNet-5, a Custom Deep CNN, and ResNet using both MNIST and CIFAR-10, as
summarized in Table 12.

Table 12: Comparative performance of adaptive pooling across CNN architectures.

Dataset Architecture Pooling Type Avg Best Accuracy (%)

Cifar-10

LeNet5

Avg-TopK Pooling 64.1 (K = 6)
T-Max-Avg Pooling 64.4 (K = 6, T = 0.7)

Max Pooling 60.1
Avg Pooling 53.9

Advt Pooling (α = 0.15, Ps = 4) 30.1

Custom CNN

Avg-TopK Pooling 78.9 (K = 6)
T-Max-Avg Pooling 79.1 (K = 6, T = 0.7)

Max Pooling 84.5
Avg Pooling 86.2

Advt Pooling (α = 0.65, Ps = 4) 86.1

ResNet-18

Avg-TopK Pooling 37.1 (K = 6)
T-Max-Avg Pooling 40.2 (K = 6, T = 0.7)
Global Avg Pooling 89.0

Advt Pooling (α = 0.65, Ps = 4) 37.2

MNIST

LeNet5

Avg-TopK Pooling 98.3 (K = 3)
T-Max-Avg Pooling 98.3 (K = 10, T = 0.8)

Max Pooling 97.8
Avg Pooling 97.8

Advt Pooling (α = 0.5, Ps = 4) 87.2

Custom CNN

Avg-TopK Pooling 98.9 (K = 3)
T-Max-Avg Pooling 99.5 (K = 10)

Max Pooling 99.6

(Continued)
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Table 12 (continued)

Dataset Architecture Pooling Type Avg Best Accuracy (%)
Avg Pooling 99.7

Advt Pooling (α = 0.65, Ps = 4) 99.7

ResNet-18

Avg-TopK Pooling 99.2 (K = 3)
T-Max-Avg Pooling 99.4 (K = 10)
Global Avg Pooling 99.1

Advt Pooling (α = 0.65, Ps = 4) 99.1

As shown in Table 12, a clear performance gap is observed between shallow and deeper architectures. On
LeNet-5, Adaptive Pooling yields lower accuracy than Max/Average Pooling (and also lower than Avg-TopK
and T-Max-Avg), especially on CIFAR-10, suggesting that limited feature abstraction in shallow networks
can cause the mixed aggregation to suppress strong discriminative activations preserved by Max Pooling.

In contrast, on the Custom CNN, Adaptive Pooling becomes comparable to the baseline pooling
methods and remains competitive with Avg-TopK and T-Max-Avg, indicating that deeper hierarchical
representations better exploit the α-controlled balance between salient feature selection and contextual
aggregation. However, on ResNet-18, replacing the default Global Average Pooling with spatial pooling
(including Adaptive Pooling) degrades CIFAR-10 performance, implying that the effect depends not only on
architecture depth but also on the head/downsampling design and the pooling insertion point.

These findings clarify the discrepancy observed in the earlier experiments: the gains reported
in Tables 10 and 11 are driven by the presence of mid-level and high-level feature abstractions that are
absent in shallow models, rather than by architectural replacement alone. Overall, Adaptive Pooling should
therefore be regarded not as a universal substitute for Max or Average Pooling, but as a complementary
pooling mechanism that becomes increasingly effective in deeper CNNs where feature hierarchies are
more expressive.

Taken together, the cross-architecture analysis confirms that the α parameter acts as an adaptive
controller between local dominant feature selection and global contextual aggregation, enabling training
stability, competitive performance, and consistent generalization across datasets and architectures.
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