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Abstract—In this study, we explored the possibility of applying 

May's Theorem to neural networks and proposed a new unified 

network architecture called MayNet. MayNet achieves category 

prediction by integrating multiple neural network "voters" and 

uses majority voting to determine the final classification result. 

Experimental results show that MayNet outperforms traditional 

single neural networks on CIFAR-10 and MedMNIST datasets 

and has high robustness. The paper compares the performance 

of MayNet with popular convolutional neural networks (such as 

ResNet18) on various datasets and demonstrates its superior 

performance. May's Theorem provides a solid theoretical 

foundation for the majority voting mechanism in neural 

network ensembles, ensuring improved decision accuracy 

through collective judgments of independent voters. MayNet’
s architecture innovatively integrates multiple independently 

trained convolutional neural networks as voters, leveraging 

majority voting to combine their outputs effectively. This design 

enhances classification accuracy, robustness, and generalization 

ability. 

Keywords—Neural Network Ensemble, May's Theorem, 

Classification, Deep Learning 

I. INTRODUCTION 

Neural network ensemble technology is widely used in 

various tasks. Especially when facing complex problems, 

ensemble methods can combine the advantages of multiple 

models and significantly improve the final performance [1]-

[6]. Ensemble learning usually achieves better performance 

than a single model by aggregating features from multiple 

weak classifiers [7]-[11]. Traditional single neural networks 

often have problems such as overfitting and local optimality. 

Ensemble methods reduce the impact of these problems and 

improve the stability and accuracy of predictions through the 

synergy of multiple models [12]-[18]. Especially in scenarios 

with large data volumes and complex functions, ensemble 

methods can better understand the underlying patterns in the 

data [19]-[25]. 

In ensemble methods, voting mechanism is a common 

decision-making method. Multiple models make decisions 

independently and the final output is determined by majority 

vote. May's Theorem provides theoretical support for this 

method, especially in the framework of multiple decision 

makers, helping us effectively understand how to make more 

rational decisions through voting mechanisms. The theorem 

states that multiple independent decision makers can make 

more accurate final decisions through collective majority 

opinions. This principle can be successfully applied to 

ensemble learning of neural networks. By integrating 

multiple neural network models, classification performance 

can be effectively improved and the error of a single model 

can be reduced. 

In this paper, we propose a novel integrated network 

MayNet, which integrates multiple neural network models 

and implements a majority voting classification decision 

mechanism based on the idea of May's theorem. MayNet can 

effectively improve the accuracy of classification tasks and 

enhance the robustness of the model. In addition, we study 

the architectural design of MayNet and its performance on 

various datasets, and demonstrate its potential in unified 

neural networks. 

May's theorem strictly defines the conditions under which 

majority voting can produce optimal decisions, such as voter 

independence and symmetry. Unlike existing ensemble 

methods that often lack theoretical foundations or rely on 

homogeneous models, MayNet introduces a theoretically 

sound framework inspired by social choice theory and 

encourages model diversity to enhance decision 

independence. This makes it particularly suitable for real-

world noisy environments such as medical image 

classification. 

II. MAY'S THEOREM AND ITS APPLICATIONS 

A. Introduction to May's Theorem 

May's Theorem is a mathematical theorem about 

collective decision-making, which provides theoretical 

support for the majority voting framework in particular [26]-

[30]. It mainly discusses how to make the best choice through 

the collective decision-making of multiple independent 

decision makers. According to the theorem, when multiple 

independent decision makers make choices based on their 

own judgments on a certain issue, majority voting can 

effectively reduce the bias of individual decisions and 

ultimately produce results that reflect the intentions of the 

group. 

The core idea of May's theorem is that in a decision-

making process, the independence between individuals and a 

certain degree of decision balance ensure that the decision of 

the majority is ultimately correct [31]-[33]. In other words, 

when individual decision makers make decisions relatively 

independently, their choices are based on the same 

information, and they have similar standards, the results of 

http://dx.doi.org/10.59247/csol.v3i3.213
https://creativecommons.org/licenses/by/4.0/
mailto:zjc1639834588@gmail.com


Control Systems and Optimization Letters, Vol. 2, No 3, 2024 367 

 

Jincheng Zhang, MayNet: A Neural Network Ensemble Approach Based on May's Theorem for Improved Classification 

majority voting tend to accurately reflect the intentions of the 

group. This idea not only provides a basis for social choice 

theory, but also provides strong support for ensemble 

learning methods in machine learning. 

B. Application to Neural Networks 

In the field of neural networks, MayNet introduces the 

concept of May's Theorem into ensemble learning, 

maximizing the synergy between multiple neural network 

"voters" to improve model performance. MayNet uses 

multiple independently trained neural networks as voters. 

Each neural network independently predicts input data and 

outputs its own classification decision. All network decisions 

are determined by the majority voting mechanism to 

determine the final classification result. 

This mechanism makes MayNet perform particularly well 

when processing complex data. By integrating the judgments 

of multiple networks, MayNet can effectively reduce 

overfitting and improve the generalization ability of the 

model. Each voter is an independent neural network, and their 

training processes are independent of each other, avoiding the 

training traps that may occur in a single network. By 

aggregating the learning results of multiple neural networks, 

MayNet can maximize the advantages of each model and 

provide more stable prediction results. 

Compared with traditional single neural network models, 

MayNet has significant advantages in classification accuracy, 

robustness, etc. Especially when dealing with diverse and 

complex data sets, MayNet can significantly improve the 

accuracy and stability of the model through ensemble 

learning. Therefore, MayNet provides an innovative way to 

fuse neural networks, which can effectively improve the 

performance of neural networks in various practical 

applications. 

III. MAYNET ARCHITECTURE 

MayNet is an integrated neural network architecture that 

consists of multiple independent neural networks, each of 

which participates in the final decision as a "voter". These 

voters are similar in structure, each is a standard 

convolutional neural network (CNN), but they generate 

unique outputs through different initializations or paths 

during training. This design makes the predictions of each 

voter independent, and the integrated results can improve the 

final classification performance by integrating the opinions 

of multiple voters. MayNet's integration method is based on 

the majority voting principle, in which each voter makes his 

own judgment on the classification task, and the final 

classification result is determined by the collective majority 

opinion. In this way, MayNet can effectively improve 

classification accuracy and reduce the risk of overfitting or 

misjudgment caused by a single model. 

The overall architecture of MayNet includes multiple 

voters, each of which is an independent convolutional neural 

network. Voters share the same network structure and 

hyperparameter configuration, but they produce different 

classification results through different initializations or 

training paths during training. This design can effectively 

simulate diverse decision-making mechanisms and further 

enhance the robustness of the model by integrating the results 

of multiple independent models. The output of each voter is 

combined and a majority voting mechanism is used to 

determine the final prediction category. The goal of MayNet 

is to improve the performance of the entire system in various 

practical tasks by integrating the advantages of multiple 

networks. 

A. Voter 

Each MayVoter is a standard convolutional neural 

network (CNN), whose structure includes multiple 

convolutional layers, pooling layers, and fully connected 

layers. Each voter will perform feature extraction when 

inputting data, and output the final classification result after 

several layers of convolution, pooling, activation, etc. The 

structure of each voter is as follows: 

• Input layer: Receives input data, usually three-channel 

(RGB) image data. The image data is input into the 

network after preprocessing. 

• Convolutional layer: Contains two convolutional layers, 

each with a convolution kernel size of 3x3, which is used 

to extract low-level features from the image. Each 

convolutional layer is followed by a ReLU activation 

function to introduce nonlinear factors and enhance the 

model's expressiveness. 

• Pooling layer: After each convolutional layer, there is a 

maximum pooling layer. Pooling is used to reduce the size 

of feature maps, retain the main features, and reduce 

computational complexity. 

• Fully connected layer: The output of the convolution and 

pooling layers is flattened and input to the fully connected 

layer for final classification. The fully connected layer is 

responsible for synthesizing the extracted feature 

information and finally outputting the category prediction. 

MayVoter is designed to capture the local features of the 

image through convolution operations and make the final 

classification judgment through the fully connected layer. 

Since the structure of each voter is fixed, all voters are 

consistent in structure and hyperparameters, but due to 

different training paths, they will show diversity in decision 

making. This design allows MayNet to use the independent 

judgments of multiple voters to improve the final 

classification accuracy. 

B. MayNet 

MayNet is a neural network model composed of multiple 

MayVoters, each of which makes predictions independently 

and generates classification results. MayNet stacks the 

prediction results of all voters and finally determines the final 

prediction category through a majority voting mechanism. 

Specifically, each MayVoter makes a classification decision 

on the input data, and MayNet aggregates these decision 

results to form a voting pool. The prediction results of each 

voter will have an impact on the final decision, and the final 

classification result is determined by the majority voting 

results, that is, the category with the most occurrences is the 

final output. This ensemble method based on majority voting 

can effectively reduce the risk caused by the bias of a single 

model, especially when facing complex data sets, the 

ensemble results are often more accurate than the predictions 

of any single model. In practical applications, the 

classification accuracy of MayNet is often better than that of 

a single network, because it combines the learning results of 

multiple networks, can effectively avoid overfitting, and 

improve the robustness of the model. 
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C. Voting Process 

The voting process of MayNet is its core component. On 

each input sample, MayNet calculates the prediction results 

of each voter. Then, by counting the prediction results of all 

voters, the category with the most occurrences is selected as 

the final classification result. The specific implementation 

process is as follows: 

Each voter independently predicts the input sample and 

outputs its classification result (usually a probability 

distribution). 

The prediction results of all voters are collected together 

and counted according to category. 

For each category, count its frequency of occurrence 

among all voters, and select the category with the most 

occurrences as the final prediction category. 

The final prediction result is output by MayNet as a 

classification decision for the input data. The specific code 

implementation is as follows: 
class MayNet(nn.Module):  

def __init__(self, num_voters=5):  
super(MayNet, self).__init__()  

# Creating multiple MayVoter voters  

self.voters = nn.ModuleList([MayVoter() for _ in 
range(num_voters)])  

def forward(self, x):  

# Get the prediction results for each voter  
logits_list = [voter(x) for voter in self.voters]  

# Get the predicted category for each voter  

preds = torch.stack([logit.argmax(dim=1) for logit in logits_list], 
dim=0)  

final_preds = []  

# For each sample, vote  
for i in range(preds.size(1)):  

votes = preds[:, i].tolist()  

# Select the category with the most votes  
most_common = Counter(votes).most_common(1)[0][0] 

final_preds.append(most_common) 

final_preds = torch.tensor(final_preds).to(x.device) 
return final_preds 

The above code shows how MayNet performs classification by 

integrating multiple voters. Each voter makes a prediction for the input 
data, and the final classification decision is made by majority voting. This 

method can effectively improve the accuracy of classification and 

enhance the model's adaptability to various input data. 
The complete pseudo code of MayNet is as follows: 

Initialize: 

    Set random seed for reproducibility 
    Set device to GPU if available, otherwise CPU 

Data Preprocessing: 

    For CIFAR-10: 
        - Load training and test datasets 

        - Apply normalization (mean = 0.5, std = 0.5) 

        - Use only the first 1000 training samples 
    For MedMNIST (PathMNIST): 

        - Load training and test datasets with normalization 

        - Use only the first 1000 training samples 

Define MayVoter Module: 

    A single CNN classifier consisting of: 
        - Conv2D → ReLU → MaxPool 

        - Conv2D → ReLU → MaxPool 

        - Flatten 
        - Fully Connected → ReLU → Fully Connected → Output Layer 

Define MayNet Module: 

    - Initialize with N voters (default: 5) 
    - Each voter is a separate instance of MayVoter 

MayNet Forward Pass: 

    - For each input image batch: 
        - Obtain prediction logits from all voters 

        - Convert logits to predicted class labels (argmax) 

        - Stack predictions from all voters 
        - For each image in the batch: 

            - Use majority voting (most common label among voters) 

        - Return final predicted labels 

Train MayNet: 

    For E epochs (default: 5): 
        For each batch of images and labels: 

            For each voter in MayNet: 

                - Zero gradients 
                - Compute output logits 

                - Compute cross-entropy loss with true labels 

                - Backpropagate loss 
                - Update weights using Adam optimizer 

Evaluate MayNet: 
    - Set model to evaluation mode 

    - For each batch of test images: 

        - Predict using MayNet 
        - Compare predictions with ground truth labels 

        - Collect predictions and labels for computing metrics 

    - Compute: 
        - Accuracy 

        - Macro-averaged Recall 

        - Macro-averaged F1 Score 
    - Return metrics 

Train and Evaluate ResNet18 (Baseline): 

    - Initialize standard ResNet18 with adjusted output classes 
    - Train for E epochs using same training loop (no ensemble) 

    - Evaluate using same accuracy, recall, and F1 metrics 

Main Experiment Loop: 
    Repeat 10 times: 

        - Train and evaluate MayNet 

        - Record accuracy, recall, F1, and training time 
        - Train and evaluate ResNet18 

        - Record accuracy, recall, F1, and training time 

    - Compute mean and standard deviation for all metrics 
    - Print final averaged results with standard deviations 

IV. EXPERIMENTAL METHODS AND DATASETS 

To evaluate the performance of MayNet, we used two 

popular datasets: CIFAR-10 and MedMNIST. CIFAR-10 

contains 10 categories of color images, while MedMNIST 

contains 9 categories of medical images. We used MayNet 

and ResNet18 (as a baseline model) for training and 

evaluation, respectively. 

A. Data Preprocessing 

For the CIFAR-10 dataset, we used standard image 

preprocessing methods such as normalization and 

standardization. For MedMNIST, we used similar 

preprocessing methods to ensure that the data is balanced 

when input to the network. 

B. Experimental Setup 

In each experiment, we used the Adam optimizer with a 

learning rate of 0.001. During training, we used the cross 

entropy loss function for optimization. In our experiments, 

we divided the training process into five epochs and 

calculated the training loss for each epoch as well as the final 

test precision, recall, and F1 score. 
Python code used in Experiment 1: 

 
import torch 

import torch.nn as nn 
import torch.nn.functional as F 

import torchvision 

import torchvision.transforms as transforms 
from torch.utils.data import DataLoader 

import numpy as np 

import random 
from collections import Counter 

from torchvision.models import resnet18 

from sklearn.metrics import recall_score, f1_score 
import time 

# Set random seed for reproducibility 
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def set_seed(seed=42): 

    torch.manual_seed(seed) 

    np.random.seed(seed) 
    random.seed(seed) 

    if torch.cuda.is_available(): 

        torch.cuda.manual_seed(seed) 
set_seed() 

device = torch.device("cuda" if torch.cuda.is_available() else "cpu") 

# Data Preprocessing 
transform = transforms.Compose([ 

    transforms.ToTensor(), 
    transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5)) 

]) 

# Use only 1000 images from CIFAR10 
train_dataset = torchvision.datasets.CIFAR10(root='./data', 

train=True, 

                                             download=True, transform=transform) 
train_loader = DataLoader(train_dataset, batch_size=64, 

shuffle=True) 

# Take the first 1000 images 
train_loader = torch.utils.data.DataLoader(train_dataset, 

batch_size=64, 

sampler=torch.utils.data.SubsetRandomSampler(range(1000))) 
test_dataset = torchvision.datasets.CIFAR10(root='./data', 

train=False, 

                                            download=True, transform=transform) 
test_loader = DataLoader(test_dataset, batch_size=64, 

shuffle=False) 

# ----------------------- 

# 🎯 Custom Neural Network: MayNet 

# ----------------------- 

class MayVoter(nn.Module): 
    """ Single voting network module """ 

    def __init__(self): 

        super(MayVoter, self).__init__() 
        self.net = nn.Sequential( 

            nn.Conv2d(3, 32, 3, padding=1), 

            nn.ReLU(), 
            nn.MaxPool2d(2), 

            nn.Conv2d(32, 64, 3, padding=1), 

            nn.ReLU(), 

            nn.MaxPool2d(2), 

            nn.Flatten(), 

            nn.Linear(64 * 8 * 8, 256), 
            nn.ReLU(), 

            nn.Linear(256, 10) 

        ) 
    def forward(self, x): 

        return self.net(x) 

class MayNet(nn.Module): 
    """ Ensemble majority voting network using May's Theorem """ 

    def __init__(self, num_voters=5): 

        super(MayNet, self).__init__() 
        self.voters = nn.ModuleList([MayVoter() for _ in 

range(num_voters)]) 

        self.num_voters = num_voters 
    def forward(self, x): 

        logits_list = [voter(x) for voter in self.voters] 

        # Stack predictions from all voters 
        preds = torch.stack([logit.argmax(dim=1) for logit in 

logits_list], dim=0) 

        # Majority voting 
        final_preds = [] 

        for i in range(preds.size(1)): 
            votes = preds[:, i].tolist() 

            most_common = Counter(votes).most_common(1)[0][0] 

            final_preds.append(most_common) 
        final_preds = torch.tensor(final_preds).to(x.device) 

        return final_preds 

# MayNet outputs the final predicted class, not logits, which is 
suitable for accuracy evaluation, but not for cross-entropy training 

def train_maynet(model, dataloader, optimizer, criterion, epochs=5): 

    model.train() 
    for epoch in range(epochs): 

        total_loss = 0 

        for images, labels in dataloader: 
            images, labels = images.to(device), labels.to(device) 

            for voter in model.voters: 

                optimizer.zero_grad() 

                outputs = voter(images) 
                loss = criterion(outputs, labels) 

                loss.backward() 

                optimizer.step() 
                total_loss += loss.item() 

        print(f"Epoch {epoch+1}, Loss: {total_loss:.4f}") 

def evaluate(model, dataloader): 
    model.eval() 

    correct = 0 
    total = 0 

    all_preds = [] 

    all_labels = [] 
    with torch.no_grad(): 

        for images, labels in dataloader: 

            images, labels = images.to(device), labels.to(device) 
            preds = model(images) 

            correct += (preds == labels).sum().item() 

            total += labels.size(0) 
            all_preds.extend(preds.cpu().numpy()) 

            all_labels.extend(labels.cpu().numpy()) 

    acc = correct / total 
    recall = recall_score(all_labels, all_preds, average='macro') 

    f1 = f1_score(all_labels, all_preds, average='macro') 

    print(f"Test Accuracy: {acc * 100:.2f}%, Recall: {recall:.4f}, F1-
Score: {f1:.4f}") 

    return acc, recall, f1 

# ----------------------- 

# 🧪 Comparison Experiments 

# ----------------------- 

# 🅰️ Experiment 1: MayNet 

def run_maynet(): 

    maynet = MayNet(num_voters=5).to(device) 

    optimizer_may = torch.optim.Adam(maynet.parameters(), 
lr=0.001) 

    criterion = nn.CrossEntropyLoss() 

    print("Training MayNet...") 
    train_maynet(maynet, train_loader, optimizer_may, criterion, 

epochs=5) 

    print("Evaluating MayNet...") 

    return evaluate(maynet, test_loader) 

# 🅱️ Experiment 2: ResNet18 (baseline) 

def train_resnet(model, dataloader, optimizer, criterion, epochs=5): 
    model.train() 

    for epoch in range(epochs): 

        total_loss = 0 
        for images, labels in dataloader: 

            images, labels = images.to(device), labels.to(device) 

            optimizer.zero_grad() 
            outputs = model(images) 

            loss = criterion(outputs, labels) 

            loss.backward() 
            optimizer.step() 

            total_loss += loss.item() 

        print(f"[ResNet18] Epoch {epoch+1}, Loss: {total_loss:.4f}") 
def evaluate_resnet(model, dataloader): 

    model.eval() 

    correct = 0 
    total = 0 

    all_preds = [] 

    all_labels = [] 
    with torch.no_grad(): 

        for images, labels in dataloader: 

            images, labels = images.to(device), labels.to(device) 
            outputs = model(images) 

            preds = outputs.argmax(dim=1) 
            correct += (preds == labels).sum().item() 

            total += labels.size(0) 

            all_preds.extend(preds.cpu().numpy()) 
            all_labels.extend(labels.cpu().numpy()) 

    acc = correct / total 

    recall = recall_score(all_labels, all_preds, average='macro') 
    f1 = f1_score(all_labels, all_preds, average='macro') 

    print(f"[ResNet18] Test Accuracy: {acc * 100:.2f}%, Recall: 

{recall:.4f}, F1-Score: {f1:.4f}") 
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    return acc, recall, f1 

def run_resnet(): 

    resnet = resnet18(num_classes=10).to(device) 
    optimizer_resnet = torch.optim.Adam(resnet.parameters(), 

lr=0.001) 

    criterion = nn.CrossEntropyLoss() 
    print("\nTraining ResNet18...") 

    train_resnet(resnet, train_loader, optimizer_resnet, criterion, 

epochs=5) 
    print("Evaluating ResNet18...") 

    return evaluate_resnet(resnet, test_loader) 
# ----------------------- 

# Running the experiments 10 times and calculating mean and 

standard deviation 
# ----------------------- 

def run_experiments(): 

    maynet_results = {"acc": [], "recall": [], "f1": [], "time": []} 
    resnet_results = {"acc": [], "recall": [], "f1": [], "time": []} 

    for _ in range(10): 

        start_time = time.time() 
        acc_may, recall_may, f1_may = run_maynet() 

        maynet_results["acc"].append(acc_may) 

        maynet_results["recall"].append(recall_may) 
        maynet_results["f1"].append(f1_may) 

        maynet_results["time"].append(time.time() - start_time) 

        print(f"MayNet - Accuracy: {acc_may:.4f}, Recall: 
{recall_may:.4f}, F1-Score: {f1_may:.4f}, Time: 

{maynet_results['time'][-1]:.4f}s") 

        start_time = time.time() 
        acc_resnet, recall_resnet, f1_resnet = run_resnet() 

        resnet_results["acc"].append(acc_resnet) 

        resnet_results["recall"].append(recall_resnet) 
        resnet_results["f1"].append(f1_resnet) 

        resnet_results["time"].append(time.time() - start_time) 

        print(f"ResNet18 - Accuracy: {acc_resnet:.4f}, Recall: 
{recall_resnet:.4f}, F1-Score: {f1_resnet:.4f}, Time: 

{resnet_results['time'][-1]:.4f}s") 

    # Calculate mean and standard deviation 
    def calculate_statistics(results): 

        mean = {key: np.mean(value) for key, value in results.items()} 

        std = {key: np.std(value) for key, value in results.items()} 

        return mean, std 

    maynet_mean, maynet_std = calculate_statistics(maynet_results) 

    resnet_mean, resnet_std = calculate_statistics(resnet_results) 
    print("\nFinal Results (Averaged over 10 runs):") 

    print(f"MayNet - Accuracy: {maynet_mean['acc']:.4f} ± 

{maynet_std['acc']:.4f}, Recall: {maynet_mean['recall']:.4f} ± 
{maynet_std['recall']:.4f}, F1-Score: {maynet_mean['f1']:.4f} ± 

{maynet_std['f1']:.4f}, Time: {maynet_mean['time']:.4f} ± 

{maynet_std['time']:.4f}") 
    print(f"ResNet18 - Accuracy: {resnet_mean['acc']:.4f} ± 

{resnet_std['acc']:.4f}, Recall: {resnet_mean['recall']:.4f} ± 

{resnet_std['recall']:.4f}, F1-Score: {resnet_mean['f1']:.4f} ± 
{resnet_std['f1']:.4f}, Time: {resnet_mean['time']:.4f} ± 

{resnet_std['time']:.4f}") 

run_experiments() 
Python code used in Experiment 2: 

import torch 

import torch.nn as nn 
import torch.nn.functional as F 

from torch.utils.data import DataLoader, SubsetRandomSampler 
import numpy as np 

import random 

from collections import Counter 
from torchvision.models import resnet18 

from sklearn.metrics import recall_score, f1_score 

import time 
import medmnist 

from medmnist import INFO 

from medmnist import PathMNIST 
import torchvision.transforms as transforms 

# Set random seed for reproducibility 

def set_seed(seed=42): 
    torch.manual_seed(seed) 

    np.random.seed(seed) 

    random.seed(seed) 
    if torch.cuda.is_available(): 

        torch.cuda.manual_seed(seed) 

set_seed() 

device = torch.device("cuda" if torch.cuda.is_available() else "cpu") 
# Download MedMNIST PathMNIST dataset 

info = INFO['pathmnist'] 

DataClass = getattr(medmnist, info['python_class']) 
# Normalization 

transform = transforms.Compose([ 

    transforms.ToTensor(), 
    transforms.Normalize(mean=[.5], std=[.5]) 

]) 
# Load the dataset 

train_dataset = DataClass(split='train', transform=transform, 

download=True) 
test_dataset = DataClass(split='test', transform=transform, 

download=True) 

# Use only 1000 images for training 
train_loader = DataLoader(train_dataset, batch_size=64, 

sampler=SubsetRandomSampler(range(1000))) 

test_loader = DataLoader(test_dataset, batch_size=64, 
shuffle=False) 

# ----------------------- 

# 🎯 MayNet (Same as Original) 

# ----------------------- 

class MayVoter(nn.Module): 

    def __init__(self): 
        super(MayVoter, self).__init__() 

        self.net = nn.Sequential( 

            nn.Conv2d(3, 32, 3, padding=1), 
            nn.ReLU(), 

            nn.MaxPool2d(2), 

            nn.Conv2d(32, 64, 3, padding=1), 
            nn.ReLU(), 

            nn.MaxPool2d(2), 

            nn.Flatten(), 
            nn.Linear(64 * 7 * 7, 256),  # PathMNIST image size is 

28x28 

            nn.ReLU(), 
            nn.Linear(256, 9)  # PathMNIST has 9 classes 

        ) 

    def forward(self, x): 

        return self.net(x) 

class MayNet(nn.Module): 

    def __init__(self, num_voters=5): 
        super(MayNet, self).__init__() 

        self.voters = nn.ModuleList([MayVoter() for _ in 

range(num_voters)]) 
    def forward(self, x): 

        logits_list = [voter(x) for voter in self.voters] 

        preds = torch.stack([logit.argmax(dim=1) for logit in 
logits_list], dim=0) 

        final_preds = [] 

        for i in range(preds.size(1)): 
            votes = preds[:, i].tolist() 

            most_common = Counter(votes).most_common(1)[0][0] 

            final_preds.append(most_common) 
        final_preds = torch.tensor(final_preds).to(x.device) 

        return final_preds 

def train_maynet(model, dataloader, optimizer, criterion, epochs=5): 
    model.train() 

    for epoch in range(epochs): 

        total_loss = 0 
        for images, labels in dataloader: 

            images, labels = images.to(device), 
labels.squeeze().long().to(device) 

            for voter in model.voters: 

                optimizer.zero_grad() 
                outputs = voter(images) 

                loss = criterion(outputs, labels) 

                loss.backward() 
                optimizer.step() 

                total_loss += loss.item() 

        print(f"Epoch {epoch+1}, Loss: {total_loss:.4f}") 
 

def evaluate(model, dataloader): 

    model.eval() 
    correct = 0 
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    total = 0 

    all_preds = [] 

    all_labels = [] 
    with torch.no_grad(): 

        for images, labels in dataloader: 

            images, labels = images.to(device), 
labels.squeeze().long().to(device) 

            preds = model(images) 

            correct += (preds == labels).sum().item() 
            total += labels.size(0) 

            all_preds.extend(preds.cpu().numpy()) 
            all_labels.extend(labels.cpu().numpy()) 

    acc = correct / total 

    recall = recall_score(all_labels, all_preds, average='macro') 
    f1 = f1_score(all_labels, all_preds, average='macro') 

    print(f"Test Accuracy: {acc * 100:.2f}%, Recall: {recall:.4f}, F1-

Score: {f1:.4f}") 
    return acc, recall, f1 

def run_maynet(): 

    maynet = MayNet(num_voters=5).to(device) 
    optimizer_may = torch.optim.Adam(maynet.parameters(), 

lr=0.001) 

    criterion = nn.CrossEntropyLoss() 
    print("Training MayNet...") 

    train_maynet(maynet, train_loader, optimizer_may, criterion, 

epochs=5) 
    print("Evaluating MayNet...") 

    return evaluate(maynet, test_loader) 

# ----------------------- 

# 🅱️ ResNet18 for Comparison 

# ----------------------- 

def train_resnet(model, dataloader, optimizer, criterion, epochs=5): 
    model.train() 

    for epoch in range(epochs): 

        total_loss = 0 
        for images, labels in dataloader: 

            images, labels = images.to(device), 

labels.squeeze().long().to(device) 
            optimizer.zero_grad() 

            outputs = model(images) 

            loss = criterion(outputs, labels) 

            loss.backward() 

            optimizer.step() 

            total_loss += loss.item() 
        print(f"[ResNet18] Epoch {epoch+1}, Loss: {total_loss:.4f}") 

def evaluate_resnet(model, dataloader): 

    model.eval() 
    correct = 0 

    total = 0 

    all_preds = [] 
    all_labels = [] 

    with torch.no_grad(): 

        for images, labels in dataloader: 
            images, labels = images.to(device), 

labels.squeeze().long().to(device) 

            outputs = model(images) 
            preds = outputs.argmax(dim=1) 

            correct += (preds == labels).sum().item() 

            total += labels.size(0) 
            all_preds.extend(preds.cpu().numpy()) 

            all_labels.extend(labels.cpu().numpy()) 

    acc = correct / total 
    recall = recall_score(all_labels, all_preds, average='macro') 

    f1 = f1_score(all_labels, all_preds, average='macro') 
    print(f"[ResNet18] Test Accuracy: {acc * 100:.2f}%, Recall: 

{recall:.4f}, F1-Score: {f1:.4f}") 

    return acc, recall, f1 
def run_resnet(): 

    resnet = resnet18(num_classes=9).to(device)  # PathMNIST has 9 

classes 
    optimizer_resnet = torch.optim.Adam(resnet.parameters(), 

lr=0.001) 

    criterion = nn.CrossEntropyLoss() 
    print("\nTraining ResNet18...") 

    train_resnet(resnet, train_loader, optimizer_resnet, criterion, 

epochs=5) 
    print("Evaluating ResNet18...") 

    return evaluate_resnet(resnet, test_loader) 

# ----------------------- 

# Main Experiment Loop 
# ----------------------- 

def run_experiments(): 

    maynet_results = {"acc": [], "recall": [], "f1": [], "time": []} 
    resnet_results = {"acc": [], "recall": [], "f1": [], "time": []} 

    for _ in range(10): 

        start_time = time.time() 
        acc_may, recall_may, f1_may = run_maynet() 

        maynet_results["acc"].append(acc_may) 
        maynet_results["recall"].append(recall_may) 

        maynet_results["f1"].append(f1_may) 

        maynet_results["time"].append(time.time() - start_time) 
        start_time = time.time() 

        acc_resnet, recall_resnet, f1_resnet = run_resnet() 

        resnet_results["acc"].append(acc_resnet) 
        resnet_results["recall"].append(recall_resnet) 

        resnet_results["f1"].append(f1_resnet) 

        resnet_results["time"].append(time.time() - start_time) 
    def calculate_statistics(results): 

        mean = {key: np.mean(value) for key, value in results.items()} 

        std = {key: np.std(value) for key, value in results.items()} 
        return mean, std 

 

    maynet_mean, maynet_std = calculate_statistics(maynet_results) 
    resnet_mean, resnet_std = calculate_statistics(resnet_results) 

    print("\nFinal Results (Averaged over 10 runs):") 

    print(f"MayNet - Accuracy: {maynet_mean['acc']:.4f} ± 
{maynet_std['acc']:.4f}, Recall: {maynet_mean['recall']:.4f} ± 

{maynet_std['recall']:.4f}, F1-Score: {maynet_mean['f1']:.4f} ± 

{maynet_std['f1']:.4f}, Time: {maynet_mean['time']:.4f} ± 
{maynet_std['time']:.4f}") 

    print(f"ResNet18 - Accuracy: {resnet_mean['acc']:.4f} ± 

{resnet_std['acc']:.4f}, Recall: {resnet_mean['recall']:.4f} ± 
{resnet_std['recall']:.4f}, F1-Score: {resnet_mean['f1']:.4f} ± 

{resnet_std['f1']:.4f}, Time: {resnet_mean['time']:.4f} ± 

{resnet_std['time']:.4f}") 
 

run_experiments() 

C. Experimental Results 

After 10 experimental runs, the performance results of 

MayNet and ResNet18 on the CIFAR-10 dataset are as 

follows: 

Final Results (Averaged over 10 runs): 

MayNet - Accuracy: 0.4032 ± 0.0109, Recall: 0.4033 ± 

0.0109, F1-Score: 0.3888 ± 0.0110, Time: 95.4677 ± 15.9435 

ResNet18 - Accuracy: 0.3280 ± 0.0121, Recall: 0.3280 ± 

0.0121, F1-Score: 0.3179 ± 0.0163, Time: 309.3771 ± 

48.8502 

After 10 experimental runs, the performance results of 

MayNet and ResNet18 on the MedMNIST PathMNIST 

dataset are as follows: 

Final Results (Averaged over 10 runs): 

MayNet - Accuracy: 0.5825 ± 0.0309, Recall: 0.5035 ± 

0.0208, F1-Score: 0.4770 ± 0.0271, Time: 39.9136 ± 4.1372 

ResNet18 - Accuracy: 0.4926 ± 0.1140, Recall: 0.4726 ± 

0.0922, F1-Score: 0.4410 ± 0.0937, Time: 71.2365 ± 9.4099 

The results show that MayNet outperforms ResNet18 in 

accuracy, recall, and F1 score, and the training time is 

significantly shortened. This shows that MayNet performs 

well on the CIFAR-10 dataset and the MedMNIST 

PathMNIST dataset. 

V. DISCUSSION 

The experimental results show that MayNet performs 

significantly better than traditional single neural network 

models on multiple standard datasets, especially on the 
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CIFAR-10 and MedMNIST datasets. These results verify the 

effectiveness and advantages of ensemble learning methods 

in deep learning. By combining multiple independent voting 

models, the ensemble method not only improves the accuracy 

of the final prediction results, but also shows stronger 

robustness and adaptability when facing different types of 

datasets. Specifically, MayNet effectively balances the 

limitations of each single model and significantly improves 

the classification ability of the overall system by integrating 

the prediction results of multiple neural networks. The 

advantage of this integration strategy is that it makes full use 

of the features learned by each model in different training 

processes, thereby alleviating the overfitting problem and 

bias that may exist in a single model, resulting in a more 

stable and efficient classification performance. 

Compared with a single neural network, MayNet can 

better handle complex classification tasks with the 

cooperation of multiple voters. Each voter is an 

independently trained neural network, so it presents a 

different decision-making perspective when processing data. 

This diversity makes MayNet's final prediction more accurate, 

enabling it to adapt to the diversity of data and reduce the 

impact of noise and outliers on the final decision. In addition, 

the experimental results show that MayNet has superior 

computational performance. Despite the integration of 

multiple voters, the training time remains within a reasonable 

range and the inference speed is effectively guaranteed. This 

proves that MayNet not only improves the classification 

performance of the model, but also maintains a high training 

and inference efficiency, and has the potential to be deployed 

in practical applications. 

However, although MayNet's integration method can 

significantly improve the classification performance, it also 

has limitations. For example, increasing the number of voters 

will lead to a significant increase in training and inference 

time, especially when dealing with large datasets. Therefore, 

how to optimize the computational cost in the integration 

process while ensuring model accuracy remains an important 

direction for future research. Moreover, MayNet's voting 

strategy is based on the majority voting mechanism, which 

can achieve ideal results in most cases. However, in some 

cases, more complex weighted voting strategies may be 

required to further improve the integration effect. Therefore, 

in the future, we can explore combining other integration 

strategies (such as weighted voting, random forest) to further 

improve the performance of MayNet on more complex tasks 

and datasets. 

VI. CONCLUSION 

The MayNet model proposed in this paper successfully 

applies the majority voting principle in May's Theorem to the 

ensemble learning of neural networks. Experimental results 

show that MayNet has achieved significant performance 

improvements on CIFAR-10 and MedMNIST datasets. 

Compared with traditional single neural networks, MayNet 

not only improves the classification accuracy of the model, 

but also enhances the robustness of the model, showing 

strong generalization ability and stability. Moreover, 

MayNet's efficient training and inference capabilities can 

reduce the consumption of computing resources while 

ensuring the accuracy of processing practical application 

tasks. Therefore, MayNet has wide applicability in the field 

of deep learning, especially under the condition of limited 

computing resources. 

Future research can further explore the scalability of 

MayNet in more complex tasks and larger datasets, and 

explore how to optimize the training process to cope with the 

challenges of different types of datasets. In addition, 

combining more advanced ensemble learning techniques 

such as weighted voting and adaptive voting strategies can 

further improve the performance of MayNet. With the 

continuous development of neural network ensemble 

methods, MayNet is expected to become a standard model for 

various application scenarios and promote the widespread 

application of ensemble learning in practical problems. 

Moreover, MayNet's modular design makes it flexible, 

adaptable, and easy to integrate into existing deep learning 

architectures. MayNet can serve as a unified wrapper for 

various basic neural networks, including CNNs, 

Transformers, and even hybrid models, thus extending its 

application from image classification to a wider range of 

machine learning tasks. 
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