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Abstract

Deep neural networks have achieved remarkable success in various applications,
including image recognition, natural language processing, and speech recognition.
However, these models are prone to overfitting, which can lead to poor general-
ization performance. Regularization techniques, such as L1/L.2 regularization and
dropout, have been proposed to address this issue. In this paper, we propose a
novel regularization technique called ”Adaptive Dropout” that adapts the dropout
rate of each neuron in the network based on its importance to the overall perfor-
mance of the model. Our method is based on the observation that not all neurons
contribute equally to the model’s performance, and therefore, the dropout rate
should be adjusted accordingly. We evaluate our approach on several benchmark
datasets, including CIFAR-10, CIFAR-100, and ImageNet, and demonstrate that
it outperforms existing regularization techniques. Furthermore, we show that our
method is robust to hyperparameter tuning and can be easily integrated into exist-
ing deep learning frameworks. Our results suggest that Adaptive Dropout can be
a valuable addition to the deep learning toolbox and can help improve the perfor-
mance of deep neural networks in various applications.

1 Introduction

Deep neural networks have become the state-of-the-art approach for various machine learning tasks,
including image recognition, natural language processing, and speech recognition. These models are
typically trained using stochastic gradient descent (SGD) or its variants, which optimize the model
parameters to minimize a loss function on a training set. However, deep neural networks are prone
to overfitting, which can lead to poor generalization performance on unseen data. Regularization
techniques have been proposed to address this issue by adding a penalty term to the loss function
that encourages the model to have simpler solutions. L1/L2 regularization and dropout are two pop-
ular regularization techniques that have been shown to be effective in improving the generalization
performance of deep neural networks.

L1/L2 regularization adds a penalty term to the loss function that encourages the model to have
smaller weights. This can help prevent overfitting by reducing the complexity of the model. Dropout
is another regularization technique that randomly drops out some neurons during training, which can
help prevent overfitting by reducing the co-adaptation of neurons. However, both L1/L2 regulariza-
tion and dropout have limitations. L1/L2 regularization can lead to sparse solutions, which can
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be computationally expensive to train and may not always improve the performance of the model.
Dropout can be difficult to tune, and the optimal dropout rate may vary depending on the architecture
and dataset.

In this paper, we propose a novel regularization technique called ”Adaptive Dropout” that adapts
the dropout rate of each neuron in the network based on its importance to the overall performance
of the model. Our method is based on the observation that not all neurons contribute equally to the
model’s performance, and therefore, the dropout rate should be adjusted accordingly. We evaluate
our approach on several benchmark datasets, including CIFAR-10, CIFAR-100, and ImageNet, and
demonstrate that it outperforms existing regularization techniques. Furthermore, we show that our
method is robust to hyperparameter tuning and can be easily integrated into existing deep learning
frameworks.

The rest of the paper is organized as follows. In Section 2, we review related work on regularization
techniques for deep neural networks. In Section 3, we describe our proposed method in detail. In
Section 4, we present experimental results on several benchmark datasets and analyze the perfor-
mance of our method. Finally, we conclude the paper in Section 5 and discuss future directions for
research.

2 Related Work

Regularization techniques have been extensively studied in the context of deep neural networks.
L1/L2 regularization and dropout are two popular techniques that have been shown to be effective
in improving the generalization performance of deep neural networks.

L1/L2 regularization adds a penalty term to the loss function that encourages the model to have
smaller weights. This can help prevent overfitting by reducing the complexity of the model. L1
regularization encourages sparsity in the model, which can be useful for feature selection and in-
terpretation. L2 regularization, on the other hand, encourages the model to have smaller weights
overall, which can help prevent overfitting by reducing

3 Methodology

In this section, we describe our proposed method in detail. Our approach, called ~Adaptive
Dropout”, adapts the dropout rate of each neuron in the network based on its importance to the
overall performance of the model. The intuition behind our method is that not all neurons contribute
equally to the model’s performance, and therefore, the dropout rate should be adjusted accordingly.

Formally, let z; be the output of the i-th neuron in a layer, and let p; be the dropout rate of that
neuron. During training, we randomly drop out each neuron with probability p;, and the output of
the layer is scaled by 1/(1 — p;) to maintain the expected value of the output. The dropout rate p;
is typically set to a fixed value for all neurons in the layer, but in our method, we adapt the dropout
rate of each neuron based on its importance to the overall performance of the model.

To determine the importance of each neuron, we use a technique called “Layer-wise Relevance
Propagation” (LRP) [?]. LRP is a technique for attributing the output of a neural network to its
input features, and it has been shown to be effective in identifying the contribution of each neuron
to the output. We use LRP to compute the relevance score r; for each neuron, which represents its
importance to the output of the network.

We then use the relevance scores to adapt the dropout rate of each neuron. Specifically, we set the
dropout rate p; of each neuron to 1 — r;, where r; is the relevance score of the neuron. Intuitively,
neurons with high relevance scores are important for the overall performance of the model, and
therefore, we should drop them out less frequently. Neurons with low relevance scores, on the other
hand, are less important, and we can drop them out more frequently without significantly affecting
the performance of the model.

Our method can be easily integrated into existing deep learning frameworks by modifying the
dropout layer to use the adaptive dropout rate. The implementation details are straightforward,
and we provide the code for our method in the supplementary material.



Table 1: Test accuracy and number of parameters for different regularization techniques on CIFAR-
10, CIFAR-100, and ImageNet.

Regularization CIFAR-10 CIFAR-100 ImageNet
None 93.76% (11.2M)  73.98% (11.2M)  75.92% (25.6M)
L1/L2 93.92% (11.2M)  74.73% (11.2M)  76.04% (25.6M)

Standard Dropout ~ 93.76% (11.2M)  74.56% (11.2M)  75.92% (25.6M)
Adaptive Dropout  94.23% (11.2M) 75.12% (11.2M)  76.23% (25.6M)

4 Experiments

In this section, we evaluate our proposed method on several benchmark datasets, including CIFAR-
10, CIFAR-100, and ImageNet. We compare our method to several existing regularization tech-
niques, including L1/L2 regularization and standard dropout.

4.1 Datasets and Experimental Setup

We use the standard train/test splits for each dataset, and we preprocess the images by subtracting the
mean and dividing by the standard deviation. We use the ResNet-18 architecture [?] for CIFAR-10
and CIFAR-100, and the ResNet-50 architecture [?] for ImageNet. We train the models using SGD
with a momentum of 0.9 and a weight decay of 0.0001. We use a batch size of 128 for CIFAR-10
and CIFAR-100, and a batch size of 256 for ImageNet. We train the models for 200 epochs for
CIFAR-10 and CIFAR-100, and 90 epochs for ImageNet. We use a learning rate schedule that starts
at 0.1 and is divided by 10 at epochs 100 and 150 for CIFAR-10 and CIFAR-100, and at epochs 30
and 60 for ImageNet.

4.2 Results and Analysis

Table ?? shows the results of our experiments on CIFAR-10, CIFAR-100, and ImageNet. We report
the test accuracy of each model, and we also report the number of parameters in each model. Our
method, Adaptive Dropout, consistently outperforms existing regularization techniques, including
L1/L2 regularization and standard dropout. On CIFAR-10, our method achieves a test accuracy
of 94.23%, which is a 0.47% improvement over standard dropout and a 0.31% improvement over
L1/L2 regularization. On CIFAR-100, our method achieves a test accuracy of 75.12%, which is a
0.56% improvement over standard dropout and a 0.39% improvement over L1/L2 regularization.
On ImageNet, our method achieves a top-1 test accuracy of 76.23%, which is a 0.31% improvement
over standard dropout and a 0.19% improvement over L1/L2 regularization.

We also analyze the performance of our method under different hyperparameter settings. We vary
the number of epochs, the learning rate, and the weight decay, and we evaluate the performance
of our method on CIFAR-10. Figure ?? shows the results of our analysis. We observe that our
method is robust to hyperparameter tuning, and it consistently outperforms existing regularization
techniques across a wide range of hyperparameter settings.

5 Conclusion and Future Work

In this paper, we proposed a novel regularization technique called ”Adaptive Dropout” that adapts
the dropout rate of each neuron in the network based on its importance to the overall performance
of the model. We evaluated our approach on several benchmark datasets and demonstrated that it
outperforms existing regularization techniques such as L1/L.2 regularization and standard dropout.
Furthermore, we showed that our method is robust to hyperparameter tuning and can be easily
integrated into existing deep learning frameworks.

In future work, we plan to investigate the effectiveness of our method on other types of neural
networks, such as recurrent neural networks and transformers. We also plan to explore the use of
other relevance attribution techniques, such as Integrated Gradients [?] and DeepLIFT [?], to adapt
the dropout rate of each neuron. Finally, we plan to investigate the use of our method in other
applications, such as reinforcement learning and generative models.
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