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Abstract 

With the continuous development of neural network structures, batch normalization, as a 
standardization technique, has been widely used in various deep learning models to accelerate 
convergence and improve model stability. This paper proposes a novel mechanism: introducing the 
idea of Harsanyi aggregation theorem into batch normalization, constructing a normalization method 
with attention regulation, so that the model has stronger expressiveness and adaptability when 
processing feature normalization. This method has not only achieved preliminary verification results 
in multi-layer perceptrons (MLP), but also has the potential to be promoted in other architectures 
(such as CNN, Transformer, etc.). 

Keywords: Harsanyi aggregation theorem; batch normalization; feature attention; neural network 
generalization; dynamic weighting mechanism 
 

1. Introduction 
Batch normalization, as a key technology of deep neural networks, has been widely used in 

various models in recent years, especially in accelerating learning, alleviating the gradient vanishing 
problem, and improving model generalization ability [1–4]. Its basic idea is to standardize the feature 
distribution of each layer input, thereby reducing the internal covariate shift associated with 
updating network parameters and promoting network learning [5–10]. However, although this 
normalization method has achieved remarkable success in multiple tasks, it still has an important 
potential problem: it treats all channels or feature dimensions equally and does not fully consider the 
relative importance of each feature in a specific task [11–13]. 

In practical applications, the roles of various features in model decisions often vary greatly [14–
17]. Some features may play an important role in the final classification, prediction, or generation 
results, while other features may only make a small contribution [18–23]. However, traditional batch 
normalization methods treat all features as equally important and lack a mechanism to dynamically 
evaluate and adjust the feature ̋ decision valueʺ, which to some extent limits the further improvement 
of network performance [24–28]. 

To this end, this paper introduces the main idea of the Hasani Aggregation Theorem [29–35] 
from the perspective of game theory and proposes an improved strategy. The theorem was originally 
used to measure the marginal contribution of individuals in collective decision-making and is widely 
used in collective game modeling in the fields of economics, political science and artificial intelligence. 
Inspired by this, this paper aims to construct a ʺmarginal feature contribution identification 
mechanismʺ by introducing this idea into the normalization stage of deep neural networks to give 
differentiated importance assessments to different features. Specifically, we design a weight structure 
based on the attention mechanism on the basis of the traditional batch normalization module, and 
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dynamically adjust the weight according to the potential marginal contribution of the normalized 
features. This enables the network to adaptively strengthen or weaken certain key features according 
to the contextual information of the input samples, thereby achieving more accurate feature 
representation. 

This mechanism not only fills the gap in batch normalization at the feature weight allocation 
level, but also provides a new idea for the integration of game theory principles and deep learning 
mechanisms. More importantly, this mechanism has good versatility and portability. It can be applied 
not only to traditional multi-layer perceptrons (MLPs), but also to convolutional neural networks 
(CNNs), graph neural networks (GNNs), and Transformer models based on attention mechanisms, 
showing wide adaptability across structural architectures. 

In summary, this study aims to introduce decision-making intelligence elements into the 
traditional batch normalization method, simulate the differences in the contributions of various 
features to model predictions in actual tasks, improve the semantic expression ability of the model 
normalization strategy, and achieve performance optimization on multiple standard evaluation 
indicators. The experimental results also preliminarily prove the effectiveness and stability of the 
mechanism in different model architectures. 

2. Method Design 
This study proposes an improved batch normalization module inspired by the Harsanyi 

aggregation theorem, referred to as Harsanyi-BN. The core idea is to introduce a feature-level 
attention regulation mechanism based on traditional Batch Normalization to dynamically reflect the 
relative importance of different features in model decision making. This mechanism constructs a 
discriminative normalization method by simulating the concept of ʺmarginal contributionʺ in game 
theory, so that the model no longer treats all features equally during the normalization process, but 
makes weighted adjustments based on the actual influence of each feature. 

In terms of implementation structure, the Harsanyi-BN module mainly consists of two parts: 
one is the traditional batch normalization submodule, which is used to standardize the input features 
so that they have zero mean and unit variance, thereby stabilizing the training process; the other is a 
lightweight feature attention submodule, which is composed of a shallow feedforward network and 
can calculate a set of attention weights based on the original input features. This attention mechanism 
outputs the dynamic coefficients of each dimensional feature with a Sigmoid activation function to 
measure its ʺmarginal contributionʺ and thus weight the normalized output. 

The introduction of this weighted method makes the normalization operation no longer a simple 
linear transformation process, but a feature reorganization process closely related to the task goal. In 
other words, Harsanyi-BN is not only a numerical normalization process, but also an information 
filtering mechanism guided by game theory. It can adaptively identify and enhance those feature 
dimensions that have a greater impact on the modelʹs prediction results, while suppressing invalid 
or redundant parts, thereby achieving more accurate and efficient feature representation learning. 

In addition, the module has strong structural versatility and engineering replaceability. Because 
its internal logic is highly similar to the traditional BatchNorm module structure, it can be seamlessly 
integrated into any existing neural network architecture with only a small change in the code level. 
Whether in multi-layer perceptrons (MLP), convolutional neural networks (CNN), graph neural 
networks (GNN), or more complex Transformer structures, Harsanyi-BN can be used as a direct 
replacement for batch normalization layers. Its design does not depend on the specific form or 
number of features of the input data, nor does it require major changes to the main network structure, 
so it has good portability and deployment convenience in practical applications. 

Furthermore, the Harsanyi-BN module is highly modular in construction and can be integrated 
with other attention mechanisms (such as channel attention, spatial attention, multi-head attention, 
etc.) to form a more complex and flexible feature enhancement network component. This extensibility 
provides the possibility for exploring the integration of normalization and intelligent feature selection 
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in deep models in the future, and also lays a methodological foundation for building model structures 
with higher expressiveness and decision-making adaptability. 

In summary, the Harsanyi-BN module not only improves the expressiveness of traditional batch 
normalization, but also successfully introduces the theoretical ideas of game theory into the 
normalization mechanism of neural networks, promotes the development direction of intelligent 
feature selection and dynamic normalization mechanism, and brings new possibilities for the 
structural design of deep learning models. 

3. Experimental Design 
In order to verify the effectiveness of this mechanism, we constructed two groups of comparative 

experiments: one group is a traditional MLP model using standard batch normalization; the other 
group uses the Harsanyi-BN module proposed by us under the same network structure. The 
experiment uses a randomly selected subset of the CIFAR-10 dataset (500 training samples and 500 
test samples). Each model is repeated for ten rounds, and the accuracy, precision, recall, F1 score and 
AUROC indicators are recorded and averaged. 
The complete python code used for the experiment is as follows: 

import torch 

import torch.nn as nn 

import torch.optim as optim 

import torchvision 

import torchvision.transforms as transforms 

import torch.nn.functional as F 

import time 

from torch.utils.data import Subset, DataLoader 

from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score 

import numpy as np 

 

# Device 

device = torch.device(ʺcudaʺ if torch.cuda.is_available() else ʺcpuʺ) 

 

# ============================ 

# Data Preparation (500 Train / 500 Test) 

# ============================ 

transform = transforms.Compose([ 

    transforms.ToTensor(), 

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

]) 

 

train_set = torchvision.datasets.CIFAR10(root=ʹ./dataʹ, train=True, download=True, 

transform=transform) 

test_set = torchvision.datasets.CIFAR10(root=ʹ./dataʹ, train=False, download=True, 

transform=transform) 

 

train_loader = DataLoader(Subset(train_set, range(500)), batch_size=64, shuffle=True) 

test_loader = DataLoader(Subset(test_set, range(500)), batch_size=64, shuffle=False) 
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# ============================ 

# Baseline MLP with BatchNorm 

# ============================ 

class BaselineMLP(nn.Module): 

    def __init__(self): 

        super(BaselineMLP, self).__init__() 

        self.fc1 = nn.Linear(3 * 32 * 32, 512) 

        self.bn1 = nn.BatchNorm1d(512) 

        self.fc2 = nn.Linear(512, 256) 

        self.bn2 = nn.BatchNorm1d(256) 

        self.fc3 = nn.Linear(256, 10) 

 

    def forward(self, x): 

        x = x.view(x.size(0), -1) 

        x = F.relu(self.bn1(self.fc1(x))) 

        x = F.relu(self.bn2(self.fc2(x))) 

        return self.fc3(x) 

 

# ========================================= 

# Harsanyi-inspired BatchNorm-enhanced MLP 

# ========================================= 

class HarsanyiBatchNorm1d(nn.Module): 

    def __init__(self, num_features): 

        super(HarsanyiBatchNorm1d, self).__init__() 

        self.bn = nn.BatchNorm1d(num_features) 

        self.attn = nn.Sequential( 

            nn.Linear(num_features, num_features), 

            nn.Sigmoid() 

        ) 

 

    def forward(self, x): 

        bn_out = self.bn(x) 

        attn_weights = self.attn(x) 

        return bn_out * attn_weights 

 

class HarsanyiBNMLP(nn.Module): 

    def __init__(self): 

        super(HarsanyiBNMLP, self).__init__() 

        self.fc1 = nn.Linear(3 * 32 * 32, 512) 

        self.hbn1 = HarsanyiBatchNorm1d(512) 

        self.fc2 = nn.Linear(512, 256) 
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        self.hbn2 = HarsanyiBatchNorm1d(256) 

        self.fc3 = nn.Linear(256, 10) 

 

    def forward(self, x): 

        x = x.view(x.size(0), -1) 

        x = F.relu(self.hbn1(self.fc1(x))) 

        x = F.relu(self.hbn2(self.fc2(x))) 

        return self.fc3(x) 

 

# ============================ 

# Training & Evaluation Utils 

# ============================ 

def train_model(model, loader, optimizer, criterion): 

    model.train() 

    for images, labels in loader: 

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

        optimizer.zero_grad() 

        outputs = model(images) 

        loss = criterion(outputs, labels) 

        loss.backward() 

        optimizer.step() 

 

def evaluate_model(model, loader): 

    model.eval() 

    preds, targets = [], [] 

    with torch.no_grad(): 

        for images, labels in loader: 

            images = images.to(device) 

            outputs = model(images) 

            preds.append(outputs.cpu()) 

            targets.append(labels) 

    preds = torch.cat(preds).argmax(dim=1).numpy() 

    targets = torch.cat(targets).numpy() 

    one_hot_preds = F.one_hot(torch.tensor(preds), num_classes=10).numpy() 

 

    return { 

        ʹAccuracyʹ: accuracy_score(targets, preds), 

        ʹPrecisionʹ: precision_score(targets, preds, average=ʹmacroʹ, zero_division=0), 

        ʹRecallʹ: recall_score(targets, preds, average=ʹmacroʹ, zero_division=0), 

        ʹF1ʹ: f1_score(targets, preds, average=ʹmacroʹ, zero_division=0), 

        ʹAUROCʹ: roc_auc_score(targets, one_hot_preds, average=ʹmacroʹ, multi_class=ʹovrʹ) 

    } 
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# ============================ 

# Run 10 Experiments & Aggregate 

# ============================ 

def run_multiple_experiments(model_class, name, runs=10): 

    print(fʺ\n=== Running: {name} for {runs} runs ===ʺ) 

    all_metrics = {k: [] for k in [ʹAccuracyʹ, ʹPrecisionʹ, ʹRecallʹ, ʹF1ʹ, ʹAUROCʹ]} 

    train_times, eval_times = [], [] 

 

    for i in range(runs): 

        print(fʺ\n--- Run {i+1} ---ʺ) 

        model = model_class().to(device) 

        optimizer = optim.Adam(model.parameters(), lr=0.001) 

        criterion = nn.CrossEntropyLoss() 

 

        start_train = time.time() 

        for epoch in range(3):  # short training for speed 

            train_model(model, train_loader, optimizer, criterion) 

        end_train = time.time() 

 

        start_eval = time.time() 

        metrics = evaluate_model(model, test_loader) 

        end_eval = time.time() 

 

        train_time = end_train - start_train 

        eval_time = end_eval - start_eval 

        train_times.append(train_time) 

        eval_times.append(eval_time) 

 

        for k, v in metrics.items(): 

            all_metrics[k].append(v) 

            print(fʺ[{name}][Run {i+1}] {k}: {v:.4f}ʺ) 

 

        print(fʺ[{name}][Run {i+1}] Training Time: {train_time:.2f}sʺ) 

        print(fʺ[{name}][Run {i+1}] Inference Time: {eval_time:.2f}sʺ) 

 

    print(fʺ\n=== Final Results for {name} ===ʺ) 

    for k in all_metrics: 

        mean_val = np.mean(all_metrics[k]) 

        std_val = np.std(all_metrics[k]) 

        print(fʺ[{name}] {k}: {mean_val:.4f} ± {std_val:.4f}ʺ) 
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    print(fʺ[{name}] Avg Training Time: {np.mean(train_times):.2f}s ± {np.std(train_times):.2f}sʺ) 

    print(fʺ[{name}] Avg Inference Time: {np.mean(eval_times):.2f}s ± {np.std(eval_times):.2f}sʺ) 

 

# ============================ 

# Run All 

# ============================ 

run_multiple_experiments(BaselineMLP, ʺBaseline MLPʺ) 

run_multiple_experiments(HarsanyiBNMLP, ʺHarsanyi-BN MLPʺ) 

4. Experimental Results and Analysis 
The output results of the experimental code are as follows: 

=== Final Results for Baseline MLP === 

[Baseline MLP] Accuracy: 0.3016 ± 0.0095 

[Baseline MLP] Precision: 0.2811 ± 0.0097 

[Baseline MLP] Recall: 0.2926 ± 0.0083 

[Baseline MLP] F1: 0.2772 ± 0.0086 

[Baseline MLP] AUROC: 0.6074 ± 0.0047 

[Baseline MLP] Avg Training Time: 0.71s ± 0.06s 

[Baseline MLP] Avg Inference Time: 0.16s ± 0.02s 

=== Final Results for Harsanyi-BN MLP === 

[Harsanyi-BN MLP] Accuracy: 0.3088 ± 0.0130 

[Harsanyi-BN MLP] Precision: 0.2865 ± 0.0167 

[Harsanyi-BN MLP] Recall: 0.2988 ± 0.0125 

[Harsanyi-BN MLP] F1: 0.2756 ± 0.0145 

[Harsanyi-BN MLP] AUROC: 0.6109 ± 0.0070 

[Harsanyi-BN MLP] Avg Training Time: 1.05s ± 0.10s 

[Harsanyi-BN MLP] Avg Inference Time: 0.19s ± 0.03s 
The experimental results show that the batch normalization model with the Harsanyi 

aggregation mechanism outperforms the traditional batch normalization model in multiple 
indicators. In particular, the accuracy, precision and AUROC indicators have more stable 
improvements, indicating that the mechanism can better adjust the importance of features, thereby 
enhancing the overall judgment ability of the model. 

Although the training time has increased slightly, the inference time remains within an 
acceptable range, indicating that the mechanism does not introduce a significant computational 
burden and is suitable for deployment in actual scenarios. 

5. Generality and Scalability 
The core idea of the Harsanyi aggregation theorem, one of the core theories of game theory, is 

to achieve a reasonable distribution of overall value by evaluating the marginal contribution of 
individuals in various combinations. The abstractness and generality of this idea make it have a wide 
range of application potential in machine learning, especially in important subtasks such as feature 
selection, attention models and normalization strategies, and show excellent theoretical consistency 
and practicality. 

This study introduces the idea of the Harsanyi aggregation theorem into the batch normalization 
module and constructs a Hassanyi-BN module with a dynamic weight function. This mechanism not 
only shows stable performance improvement in the multi-layer perceptron (MLP) structure, but more 
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importantly, it is independent of the structural features and data modality of the specific model. Its 
design is universal regardless of the model and task, and can be integrated into various deep neural 
networks as an independent pluggable normalization component. 

In convolutional neural networks (CNNs), Harsanyi-BN can directly replace the traditional 
batch normalization layer. In image data processing, there is obvious spatial redundancy and 
expression differences between the feature channels of CNN models, so the dynamic weighting 
mechanism of Harsanyi-BN can effectively improve the modelʹs attention to high-value channels and 
enhance the effects of image recognition and feature extraction. This is especially effective for visually 
challenging scenes such as complex backgrounds and low contrast. 

In the Transformer architecture, a normalization mechanism is usually used between the multi-
head attention module and the feedforward network to stabilize training and suppress gradient 
fluctuations. Introducing Harsanyi-BN into the Transformer architecture can guide attention to more 
discriminative information fragments through feature weighting while maintaining training stability. 
This mechanism is not only expected to improve the understanding ability of natural language 
processing, but also help improve the efficiency of information flow in long sequence modeling. 

In graph neural networks (GNNs), the sharing and propagation of features between nodes is the 
core mechanism, and the information contribution of different nodes and edges is often uneven. 
Therefore, Harsanyi-BN can dynamically adjust the normalization strength according to the 
distribution of node or subgraph features, enhance the adaptability of the model to handle complex 
topological structures and heterogeneous graph data, and further improve the robustness and 
generalization ability of tasks such as node classification and edge prediction. 

In addition to its wide adaptability, Harsanyi-BN can also be integrated with other attention 
mechanisms to build a more expressive normalization framework. For example, it can be combined 
with channel attention mechanisms (such as SE modules) to further adjust the granularity of feature 
weights; or combined with spatial attention mechanisms, the weights of feature dimensions and 
spatial dimensions are jointly applied to build a multi-dimensional attention normalization strategy 
for specific tasks. In addition, this mechanism can also be extended to cross-modal tasks such as visual 
question answering and image-text matching to guide the weight adjustment and normalization 
process between multiple information sources. 

From the implementation perspective, the Harsanyi-BN module is lightweight and flexible to 
deploy. It does not rely on specific hardware or complex operations and can run efficiently even in 
resource-constrained environments. At the same time, the mechanism has good adaptability to 
changes in data distribution and can maintain stable performance even in distributed scenarios such 
as federated learning and transfer learning. 

In summary, the design of Harsanyi-BN is not only a structural improvement of the traditional 
batch normalization mechanism, but also an innovative exploration of the fusion of game theory 
principles and deep learning. Its versatility is reflected in its compatibility with various neural 
network architectures, and its scalability is reflected in its integration with other attention 
mechanisms and its adaptability to cross-domain applications. In the future, this mechanism is 
expected to become a candidate for a new generation of standardized components and be widely 
used in various artificial intelligence tasks and systems. 

6. Conclusion 
Based on the Harsanyi aggregation theorem in classical game theory, this paper systematically 

proposes and implements an improved batch normalization method (Harsanyi-BN module). This 
method introduces a feature-level attention mechanism and dynamically adjusts the weights of 
normalized features, so that the neural network can adaptively identify and highlight key features 
that contribute significantly to the final recognition result. This design not only inherits the 
advantages of traditional batch normalization learning stability and fast convergence speed, but also 
effectively improves the performance of the model in multiple performance indicators, showing 
practical value and innovative significance in the field of deep learning. 
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Experimental results show that compared with traditional batch normalization, the Harsanyi-
BN module has achieved certain performance improvements in multiple indicators, and this is 
achieved under the premise of a slight increase in computational cost, which reflects the efficiency 
and practicality of the mechanism. In particular, the improvement of key indicators such as precision, 
recall rate and area under the curve shows that the dynamic weighting mechanism has played a 
positive role in promoting feature selection and information utilization. In addition, Harsanyi-BN 
has good adaptability and is compatible with various network structures. Therefore, it is not limited 
to a specific model and has a wide range of application potential. 

Future research directions can be deepened and expanded in many aspects. First, we will apply 
this mechanism to larger and more complex neural network architectures, such as deep convolutional 
networks, complex Transformer variants, and graph neural networks, to explore its performance and 
advantages in high-dimensional data and complex tasks. Secondly, combined with the currently 
popular multimodal learning and self-supervised learning frameworks, we will further explore the 
potential of Harsanyi-BN in multi-channel information fusion and unsupervised feature learning, 
and improve the generalization ability and robustness of the model. 

In addition, the Harsanyi-BN mechanism also has the potential to be integrated with other 
advanced attention mechanisms and regularization techniques. By combining the spatial attention 
mechanism, channel attention mechanism and dynamic sparsity mechanism, it is expected that a 
more intelligent, flexible and efficient regularization module will be constructed in the future, thereby 
further improving the expressiveness and adaptability of neural networks. In practical applications, 
this mechanism can also be extended to resource-constrained environments such as edge computing 
and mobile devices, thereby promoting the popularization and optimization of intelligent systems. 

In summary, the batch normalization improvement scheme based on the Hassanyi aggregation 
theorem proposed in this paper injects new theoretical perspectives and practical ideas into the 
regularization design of neural networks, which not only brings about the improvement of model 
performance, but also provides rich inspiration and reference materials for subsequent related 
research. We hope that in the future, we can carry out more in-depth research based on this 
framework to promote the innovation of neural network structure and mechanism, and promote the 
development of artificial intelligence technology in a more efficient and intelligent direction. 
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