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Handwritten digit classification with convolutional neural
network

William Jiang
The Village School Houston, Houston, USA

weilian8888@outlook.com

Abstract. In this project, we develop a Convolutional Neural Network (CNN) to classify handwritten digits
from the MNIST dataset, a widely used benchmark in computer vision. Unlike traditional image-processing
pipelines that rely on engineered features, CNNs automatically learn hierarchical representations directly from
raw pixel data. Our model consists of two convolutional layers, max pooling, dropout for regularization, and
two fully connected layers. Trained for five epochs using the Adadelta optimizer with learning rate decay, the
network achieves a test accuracy of 98.92%. These results demonstrate that even a relatively small CNN can
achieve strong performance on MNIST with minimal tuning.
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1. Introduction

Deep learning has revolutionized how computer recognizes images and understand languages [1-6]. Compared
to classical computer vision methods for a task such as image classification, deep learning methods such as
Convolutional Neural Networks (CNN) [7] do not require hand-designed heuristics, can achieve a very high
success rate, and most importantly, can easily generalize to new unseen images.

ololalolololo]ololololsle]elolole]o]a]o
ranpuannanonnnupenane
2|ozl2]z]2|I])]|2]z]2]=2]2]2]2 ]3] =2]2]2
EIHEIEIHEIHEIEEEBEISHEHEHAE
I 1 7 % 2 7 I3 3 I 1 1 1 6 A 61 51 P 2

Sles]s]s|s|s|S]s|os] ] [S]s] ]
clelelelélefcleléelo]efclefele]éfe]olc
Z17z1zD 172l lzlzl= 7 2l 7 717 7] 7]
HEBEAOEGEAGAARBEEREEA
alslolalalslsllalalalzlzl ) la]slv]a]S

Figure 1. Samples from the MNIST dataset (source: Wikipedia)
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With the progress made in the field of deep learning, there have recently been many new datasets emerging

for benchmarking neural networks, such as the ImageNet [8] and the
MNIST [9] datasets. While ImageNet focuses on a larger dataset of RGB images, the MNIST dataset

provides a simpler benchmark with images of handwritten digits from 0 to 9 (examples of these images are

shown in Figure 1).
In this project, we choose the MNIST dataset as a test bench and build a CNN from scratch, using the

PyTorch [10] library. PyTorch is one of the most popular packages for the Python language to code a neural
network due to its readability and wide range of pre-built functions. We chose PyTorch over TensorFlow [11]
for its dynamic computation graph. Compared to a Multilayer Perceptron (MLP), CNNs are better at capturing
the spatial relationship among pixels, and the convolution behavior enables weight sharing such that it greatly
reduces the size of the network and consequently, the training time. With our CNN, we can achieve 98.92%

accuracy on the randomly selected held-out dataset.

2. Method

In this section, we describe how we build a CNN for handwritten digit classification using the MNIST dataset.

2.1. Network architecture
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Figure 2. Our network architecture

For Conv layer, the first number is the number of input channels, the second number is the number of
filters/kernels, the third number is the size of the square kernel, and the last number is the stride size. For Max
pooling layer, the number is the size of the kernel. For FC layer, the first number is the number of input
features, and the second number is the number of output features. For Dropout layer, the number is the
probability of an element being zeroed.

In our network architecture (shown in Figure 2), we use a couple of convolutional layers to learn the spatial
features of the MNIST images, and then we use pooling layers to reduce the dimension of the images. The
original image is a 28 x 28 x 1 gray scale image, and we first preprocess the images by normalizing them to
mean O and standard deviation 1. This normalization step is a very important step for deep learning and
ensures that all the pixel values are in a standardized range.

The preprocessed image is then passed through the first convolution layer Convl (1, 32, 3, 1). After this
convolution layer, we apply a Relu layer that brings non-linearity to this network by activating values greater
than zero. Then the data is passed through the second convolution layer Conv2 (32, 64, 3, 1), and followed by
another Relu activation. After the convolution layers, we need to reduce the dimension of the images by using
a max pooling layer of kernel size 2. To add regularization, we add a dropout layer that abandons 25% of the

neurons randomly. Then the data is flattened into a long vector.
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The principle that we are following is that we will reduce the width and length of the data while increasing
the depth. We increase the depth by using a lot of different kernels, and in deep learning, the hope is that each
kernel can learn some distinct features from the feature maps.

The flattened data is finally passed through a Multilayer Perceptron (MLP), which consists of two linear
fully-connected layers with a Relu and a dropout layer in between. We then get a 10-dimensional logit vector
for each sample, and we can pass it through a softmax layer to get the predicted probabilities over 10 classes.

2.2. Training recipe

We now describe how we train our network. We use 60,000 images for training, and 10,000 images for testing.
We use the ADADELTA [12] optimizer with learning rate decay. We reduce the optimizer's learning rate by
multiplying it by 0.7 at the end of every epoch. Starting from an initial rate of 1.0, the effective learning rate
shrinks exponentially over time. Because the scheduler is stepped once per epoch, each new epoch begins with
a smaller learning rate, helping the model transition from coarse, exploratory updates early in training to finer,
more stable adjustments later on. We train our model for 5 epochs. This is a simple classification task, and we
have a fairly capable network, so we don't need to train an extensive number of epochs. We will then save the
last model as the final product. The training is conducted on a 2021 MacBook Pro with an Apple M1 Max chip
and 64 GB unified memory.
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Figure 3. Learning plot for train and test losses

Accuracy Curve
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Figure 4. Learning plot for train and test accuracies
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3. Experiments

We report the train and test losses in Figure 3, train and test accuracies in Figure 4. Both the train and test
losses drop with the number of epochs, and both the train and test accuracies increase with the number of
epochs. The performance converges at the end of training, and we don't see any sign of overfitting at the end.
Our model reaches a success rate of 0.9892 on the test set.

We also load the saved model at the end of training and plot its prediction on 5 samples from the test set, as
shown in Figure 5. Our model has a very high success rate, but it still makes mistakes from time to time. One
such example is that it incorrectly predicts digit 6 as 0, which is an understandable mistake, since the two
digits are very similar.

v Pred=7 v Pred=2 v Pred=1 v Pred=0 X Pred=0
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Figure 5. Some examples of our model predicting on the test set

The first 4 examples are correct predictions, the last one is incorrect.

4. Conclusion

In this work, we implemented and trained a convolutional neural network for handwritten digit classification
on the MNIST dataset. The model converged quickly and achieved a high test accuracy of 98.92% without
requiring extensive hyperparameter tuning or prolonged training. Our experiments confirm the effectiveness of
CNN s in capturing spatial patterns in image data and demonstrate that a compact architecture is sufficient for
MNIST-level tasks. While MNIST is a relatively simple dataset, the workflow developed here—data
preprocessing, model design, learning-rate scheduling, and evaluation—provides a solid foundation for
extending CNN-based approaches to more complex image classification problems.
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