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Abstract

Classifying movies by their posters into their correct
genres is a problem that lends itself to Convolutional Neu-
ral Networks and can prove to be of immense benefit to
advertisers, producers and viewers as it can help align
the poster’s perceived genre by the audience with its ac-
tual genre making it easier for viewers to browse and se-
lect movies. Previous work in movie-genre classification
has tried extracting low level features from the posters, us-
ing standard resnet50 architecture, using features from the
movie itself, as well using KNN and Naive Bayes. In this
paper, I explore the application of deeper versions of pre-
trained traditional networks like VGGI9 and ResNetl01
as well as AlexNet to explore the viability of transfer-
learning and different architectures for this problem. Us-
ing the IMDb movie poster dataset A top accuracy of 42%
is achieved using ResNet101. Other networks seem to per-
form comparably well suggesting that improvements in per-
formance may depend more on balancing the dataset and
feature-engineering than on changing between these 3 net-
work architectures.

1. Introduction

The movie industry is a very big industry, with a size of
about $91.83 Billion dollars in 2020 in the US alone [8].
Movie posters are one way to encode the most information
about a movie in one picture. They serve many functions
like telling the audience the title of the movie and rele-
vant cast members, providing visual cues as to what type
of movie it is and what genre it may belong to, signaling
the cinema or art style predominantly used in the movie,
its setting, its main characters and maybe even some of its
main events. If broken down successfully, such a dense rep-
resentation can provide a lot of information about a movie
that can be helpful to viewers, producers, and distributors.
For example, streaming services (a distributor) can bucket
movies according to the genres that their posters signal to
the viewers and choose alternative posters that better match
the genre of the movie in case the poster is misleading to

avoid misleading viewers and losing retention. Film pro-
duction companies can choose posters that are more appeal-
ing and thus more likely to boost ticket and DVD sales. And
viewers can get better signals as to what they are about to
watch in the absence of a trailer (in the case of in-store pur-
chases). All these reasons combine to make the promise of
applying different Convolutional Neural Networks to infer-
ring information from a movie’s poster like its genre appeal-
ing. In this paper, we attempt to apply many different CNN
architectures, namely resnetl01, VGG19, and AlexNet to
this problem 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.

2. Related Work

There have been a few approaches trying to identify
movie genres from posters in the literature. For exam-
ple, Makita and Lenskiy used a multivariate Bernoulli event
model to learn the likelihoods of genres based on movie
posters. It had a success rate of 50% [7] which, although is
much better than random baseline, is still not strong enough
for industrial applications. Pobar et al. used ML-kNN,
RAKEL and Naive Bayes to detect 18 genres (merged into
11) using a dataset of around 6739 posters and achieved a
top accuracy with Naive Bayes of 38% [4]. Kundalia et
al. Balanced the poster data collected from IMDb to make
sure all genres had an equal number of posters associated
with them and used a network based on a pre-trained in-
ceptionV3 and were able to report a remarkable 84% ac-
curacy [0]. Sung and Chokshi used modified versions of
VGGI16, Resnet50, and DenseNet169 and reached a peak
validation accuracy of 79% but did not report test accu-
racy [10]. Wi et al. used a Gram layer in a CNN to extract
style features from the poster before feeding it into the net-
work and were able to achieve an accuracy of 45% using
resnet34 improving on the previous implementation [ 1].
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% [1]. The best re-
sults in genre classification however come from Huang and
Wang who didn’t just rely on posters but combined both au-



Figure 1. VGG-19 Network Architecture

dio and visual components from the movie to yield a classi-
fication accuracy of about 92% [3].

3. Methods
3.1. Transfer Learning

Using versions of the networks that were pre trained on
Imagenet data can help with our poster-to-genre classifi-
cation problem since there are probably features that can
transfer (transfer-learning) across different visual recogni-
tion datasets and tasks. Thus, I attempted to use pre-trained
versions of VGG19, AlexNet and resnetl101 to test the ef-
ficacy of transfer learning in this problem domain and the
properties of each of these networks.

3.2. VGG19

VGG16 and VGG19 [9] architecture was 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 fully- connected.
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. As shown in fig 1.

3.3. AlexNet

AlexNet [5] was is a large computer vision model with
more than 60 million parameters. AlexNet has 650,000 neu-
rons, five convolutional layers followed by 3 max pooling
layers and three fully connected layers. AlexNet popular-
ize 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 out-
come for the training batch and then used normally during
inference so as to make sure that the network doesn’t over-
weight some neurons while ignoring others thereby nudg-
ing it to learn complex features of the data. Architecture for
AlexNet can be seen in fig 2.

3.4. Resnet101

The Resnet (Residual Network) architecture was in-
vented to solve the problem of increasing inefficiency of
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Figure 2. AlexNet Architecture

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. [2]

4. Data and Features

I used the IMDb posters dataset but filtered it down to
8252 images to speed up the training process. All images
were resized to be of size (300,180,3) and the data was split
into 80:10:10 training:validation:test split to make the most
out of the few training examples that exist. Since there are
only about 40,000 movies in the IMDb and since the num-
ber of movies made in the world in general is a finite and
relatively small number, this was another reason why trans-
fer learning made sense to be used for this problem. When
it comes to labels, each poster had an associated set of genre
labels that ranged from 1 to 3 associated genres. To make
this problem simpler, I pre-processed the data to only in-
clude one label for each poster to ensure that it’s a single
label instead of a multi-label problem and reduce the com-
plexity of the features needed to be learned by the model.
The label was selected according to ascending alphabetical
order of genre names appearing for this particular 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. and Fig 4. Examples from
DataSet can be seen in fig 5. and fig 6.

S. Experiments, Results, Discussion
5.1. Resnet101

Training for 4 epochs with a learning rate of 0.01 using
the aforementioned loss yielded the following results Table
2:

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 matrix shows that the network is skewed to
predicting the most popular genres when it’s confused or
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Figure 3. Resnet34 Architecture, Resnet101 extends to 101 layers
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Figure 4. Data Distribution by Genre Table 2. Training Results for ResNet 101



0.5 1

0o T T T T T T T T
50 100 150 200 250 300 350 400

Figure 7. Training and Validation Losses over 4 epochs for
ResNet101

prompted by posters that are towards the edges of the dis-
tribution. This may signal that additional pre-processing of
the data could have yielded better results.

5.2. AlexNet

Training for 4 epochs with a learning rate of 0.01 using
the aforementioned loss yielded the following results Table
3:

Training seemed again 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

Confusion matrix
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Figure 8. Confusion matrix for resnet101. Each genre is denoted
by a class number. Refer to Table 1 for ordering of Genres (Drama:
1, Comedy: 2.. etc.)

Epoch  AccuracyPrecision  Recall
1 0.3472 0.1693 0.1412
2 0.3648 0.1704 0.1421
3 0.3854 0.1744 0.1515
4 0.3896 0.1756 0.1588

Table 3. Training Results for Alexnet
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Figure 9. Training and Validation Losses over 4 epochs for
AlexNet

fitting if we train for more epochs.

Confusion matrix 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 dis-
tribution. This may signal that additional pre-processing of
the data could have yielded better results.
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Figure 10. Confusion matrix for AlexNet. Each genre is denoted
by a class number. Refer to Table 1 for ordering of Genres (Drama:
1, Comedy: 2.. etc.)

Epoch  AccuracyPrecision Recall
1 0.3539 0.1510 0.1546
2 0.3787 0.1546 0.1531
3 0.4115 0.1747 0.1848
4 0.4175 0.1811 0.1837

Table 4. Training Results for VGG-19
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Figure 11. Training and Validation Losses over 4 epochs for VGG-
19

5.3. VGG 19

Training for 4 epochs with a learning rate of 0.01 using
the aforementioned loss yielded the following results Table
3:

Confusion matrix 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 dis-
tribution. This may signal that additional pre-processing of
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Figure 12. Confusion matrix for VGG-19. Each genre is denoted
by a class number. Refer to Table 1 for ordering of Genres (Drama:
1, Comedy: 2.. etc.)

Ground truth
Predictions

Figure 13. Confusing examples for all the networks top is predic-
tion class number and bottom is correct class number. Refer to
Table 1 for ordering of Genres (Drama: 1, Comedy: 2.. etc.)

the data could have yielded better results.

Some of the most confusing examples across networks
can be found in fig.



5.4. Discussion

By looking at the training and validation lossess, we
can see that our networks have converged on a result and
that further training would have most likely not improved
performance but led to over fitting. By looking at the
confusion matrix, however, we can start to see what the
networks are learning. Note that the 13th category is
an extra category in the data that I created to label the
posters that have no associated Genre or for which there
are very few training examples ;10 that the networks won’t
realistically be able to learn from. Notice how the 13th
cateogry gets mislabelled as either Comedy or Drama (the
two most prevalent labels) It seems that the network is
fitting everything unfamiliar into buckets of what its most
likely to find in the dataset. Furthermore, 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.

Our highest accuracy is 42%. This is in line with
previous attempts using pre-trained models that did not
attempt to modify the dataset. This shows that the specific
network out of the standard image recogntion models that
you choose may not matter as much as pre-processing the
dataset to make sure its balanced and that all labels are
represented by enough training examples that allow the
network to learn their features and distinguish them from
other labels.

6. Conclusion & Future Work

VGG19 and Resnet101 performed better than AlexNet,
suggesting that depth is more important than other factors
when it comes to Movie-to-Genre classification. My best
model accuracy was 42% which is substantially better than
random guessing and is similar to State of the Art perfor-
mance when no pre-processing of the dataset is involved.
As seen in the confusion matrices, most of the error can be
attributed to the network guessing a popular genre when it’s
confused about a less prevalent genre which suggests that
providing more training examples of less-prevalent genre
posters could boost the performance of our networks.

In the future, creating a better dataset should be strongly
considered. The total number of movies on IMDb is less
than 40,000 which is still a small dataset. Creating a bigger

dataset might involve creating more than one poster for ex-
isting 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. At the moment some Genres (Com-
edy, Drama, and Action) dominate the training examples
more than other genres which means that the network won’t
learn the features of the less-prevalent Genres as well. One
more thing to consider is feature engineering. Using seg-
mentation 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 infor-
mation that is hard to learn if not fed explicitly to the net-
work and could prove very valuable to its learning.
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