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Background

Methods

Movie posters are one way to encode the most information about a
movie in one picture. If broken down successfully, such a dense
representation can provide a lot of information about a movie that can
be helpful to viewers, producers, and distributors. In this paper, I
attempt to apply many different CNN architectures, namely resnet101,
VGG19, and AlexNet to the problem of Movie-poster-to-genre
classification to see if they can solve it and if so, which are better
adapted to the problem to suggest methods to improve on
performance in the future. Pobar et al. used ML-kNN, RAKEL and
Naïve Bayes on a dataset of around 6739 posters and achieved a top
accuracy with Naïve Bayes of 38% . Wi et al. used a Gram layer in a
CNN to extract style features from the poster before feeding it into the
network and were able to achieve an accuracy of 45%. Barney and
Kaya used a custom resnet34 implementation, a custom CNN
architecture as well as ML-KNN and were able to achieve a top
accuracy of 38.26% . Kundalia et al. Balanced the poster data collected
from IMDb to make sure all genres had an equal number of posters
associated with them, used inceptionV3 and were able to report a
remarkable 84% accuracy.

AlexNet is a large computer vision model with
more than 60 million parameters. AlexNet has 650,000 neurons, five
convolutional layers followed by 3 max pooling
layers and three fully connected layers. AlexNet popularize the
regularization technique of dropout whereby neurons
are dropped (activations set to zero) during training with
random probability so that they have no effect on the outcome for the
training batch and then used normally during
inference to make sure that the network doesn’t overweight some
neurons while ignoring others thereby nudging it to learn complex
features of the data.

Problem Statement
Problem:
INPUT:
Networks:
Output:
Metrics:

Dataset

Classify Movies to genres using posters.
Movie Poster Image.
Alexnet, VGG19, Resnet101.
Movie Genre Classification.
Accuracy, Precision, Recall.

8252 poster images from IMDb
dataset. All images were resized to
be (300,180,3) and the data was
split into 80:10:10
training:validation:test split. each
poster had an associated set of genre
labels that ranged from 1 to 3
associated genres. I pre-processed
the data to only in- clude one label
for each poster. The label was
selected according to alphabetical
order of genre names appearing for
the poster, a random selection
scheme that should maintain the
distribu- tion of the data. The
distribution of the labels for the data
can be viewed in Table 1.

The Resnet (Residual Network)
architecture was invented to
solve the problem of
increasing inefficiency of
training and optimization in
very deep neural networks,
since it had been shown that
depth can be very helpful to
the accuracy of CNNs. Resnets
are built on the corollary of the
hypothesis that states that if
one can asymptotically
approximate a complicated
function with multiple stacked
non-linear layers, then the
same can be said for residual
functions.
VGG16 and VGG19
architecture were an attempt
to see the effect of increasing
depth on effectiveness of
CNNs. The net contains eight
layers with weights; the first
five are convolutional and the
remaining three are fullyconnected. The output of the
last fully-connected layer is fed
to a 1000-way softmax which
produces a distribution over
the 1000 class labels for the
ImageNet challenge.

Experiments & Results
Training seemed to converge on a
result after 4 epochs
as we can see that both training a
validation loss converge
to the same value and training
loss starts to go lower than
validation loss indicating that we
might be over fitting if we
train for more epochs.

Confusion matrices shows
that the network is skewed to
predicting the most popular
genres when it's confused or
prompted by posters that are
towards the edges of the
distribution. This may signal
that additional pre-processing
of the data could have yielded
better results.

A peak accuracy of 42%
was achieved. Networks
were able to achieve
similar results which
suggests that architecture
is less important for this
problem although deeper
networks VGG19 and
ResNet101 got marginally
better results which
suggests depth may be
useful

It seems that the network is
fitting everything unfamiliar into buckets
of what its most likely to find in the
dataset. We can see that a good number
of the Drama movies are being classified
as Comedy and vice versa. When the
networks are confused about one label,
they just tend to predict one of those
two. We can also see that Action is
another label that gets thrown around
because it’s over-represented in the
data. All of this suggests that the
networks are learning the distribution of
the data to a good degree but haven’t
seen enough examples
from all the Genres to be able to make
predictions with high precision.

Conclusion and Future Work
The best model accuracy was 42% which is substantially better than
random guessing and is similar to State-of-the-Art when no preprocessing of the dataset is involved. In the future, creating a better
dataset should be strongly considered. Creating a bigger dataset
might involve creating more than one poster for existing movies or
creating fictional poster movies for each genre to augment the data.
Another thing that needs to be done is to balance the dataset so
that each Genre has equal representation. One more thing to
consider is feature engineering. Using segmentation and object
recognition, or text-recognition on the posters and feeding the
outputs of these networks as inputs to the genre-classification
network will add valuable information.
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