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| abstract | Neural Network Models

In this project, we have explored different neural network

architectures for “Quick Draw!” tasks, an experimental human-

Al interactive game released by Google in 2016.

Three different CNN models are adopted here: 4-layer CNN,

For 4-layer CNN model, we applied a 3*3 filter with same

padding followed by a 2*2 max pooling and 0.1 dropout for

MobileNetV2, and DenseNet169. We present qualitative result

analysis of these models and conclude that DenseNet169
model with RGB images as input performs better.
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Figure 1. Doodle Grayscale Images.

Data Processing

To test models, we split the data into three different folds: 80%
for training, 20% for test. To reduce computation time and
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Figure 5. 4-Layer CNN

each layer, and followed by 2 fully connected layers.r‘

¢

storage of the data, a smaller subset of the original dataset

produced by randomly sampling 2% of the totals.
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Figure 2. Schematic of data processing.
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Figure 6. Densenet169
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Figure 7. MobilenetV2

MobileNetV2 and DenseNet169
were directly adopted public

architecture trained from scratch.

All models are trained with a
minibatch size of 128.

All models yield an accuracy of higher than 70% despite different types of image input,

respectively. DenseNet169 trained on pseudo-RGB images gave out the best test accuracy of 75%.
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Figure 3. Pseudo-RGB Generation
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In order to include Time Sequence Information in the input : : o

images, we generated 3-channel pseudo-RGB images. The
first channel contains shape info, the second channel contains
stroke sequence info, and the last channel contains point

sequence info in each stroke.

Figure 4. as-rendered RGB Doodle Images
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Figure 8. Loss plot for all 3 models.
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Quick Draw! Doodle Recognition Deep Learning Strategy

Larger training sample size should help test accuracy

which is limited by computation hardware currently.

» Noisy nature of doodle images, such as bad drawing
incompleteness, or oversimplicity, prevent us from
achieve high accuracy with these neural networks.

+ Shallower neural networks worked well on this task,

deeper network not necessarily perform better.

The inclusion of more information like time sequence

in drawing only helped for DenseNet169, but not for

MobileNetV2 or shallow CNN models. Deeper

model better utilizes more complex information.

» Examine prediction results to figure out which classes
the models could not perform well on.

Fine tune parameters to achieve higher test accuracies.
Train models with larger sample size on computation
hardware with larger memory to improve accuracy.
Experiment with RNN models which hold promise in
dealing this kind of tasks since there are a lot of
sequence information.

Implement ensemble for different models to make
better prediction on doodle images
Implement the best model on an mobile device
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Table 1. Test Accuracy for Different Models
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