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Abstract

Neural networks have the potential to learn useful features from raw data and
successfully use them for a variety of downstream tasks. The performance of
a machine learning model relies upon the quality of the learned representations.
This work focuses on improving the performance of unsupervised representation
learning models by adding image generation as an extra task and using perceptual
image similarity as a loss function. Our experiments show that our method works
on different neural network architectures and on different datasets. Our method
achieves state of the art representation learning performance for AlexNet on CIFAR-
10, CIFAR-100, SVHN and yields significant improvement on ImageNet.

1 Introduction

Learning from data without any labels is an important paradigm in machine learning because it is
scalable and low-cost. Unsupervised learning algorithms learn the underlying distribution of the data
without having access to labels and the learned representations can be used for different applications.

Image representation learning models learn embeddings for images. These embeddings can be
used for a variety of downstream tasks. It is important to develop unsupervised learning models
because there are real world problems that do not have labeled data to train a model on. Learned
representations are generalizable and well suited for being used on different applications because an
unsupervised model is primarily interested in learning the underlying distribution of the input data, as
opposed to learning to fit on the data for a specific task as in supervised learning.

Training unsupervised models is hard mainly because there are no labels to train on. The lack of
labels make the learning signal weaker and inaccurate. There are statistical models that can learn
from data without labels such as K-means but these methods lack generalizability and do not work as
well as neural networks on learning the underlying distribution.

Most of the work in the unsupervised learning literature create a pretext task that can be constructed
from data alone such as clustering, inpainting and generation. Occasionally, there is a manual
algorithm that prevents the neural network from mapping all data points to the same class or cluster.
Better pretext tasks lead to better performance so the literature is focused on finding better pretext
tasks. There is no definite logic in the reason why some pretext tasks yield a better representation.
The only way to find whether a pretext task is superior to another is to train an unsupervised model on
it and see the results. Our method is a novel and general approach that is suitable to any pretext task.



Our novel approach consists of adding a generator to an unsupervised learning model and training it
along with the model using a perceptual similarity metric. Our method can be used on different archi-
tectures and on different datasets. We show that our method achieves state of the art representation
learning performance on CIFAR-10, CIFAR-100 and SVHN datasets.

Summary of Contributions:

• Using perceptual similarity metric for image generation from a learned representation
• Improving the performance of multiple unsupervised learning techniques by adding image

generation as an extra learning task

2 Related Work

All neural networks inherently do representation learning. In the supervised domain, the network
learns a good representation of the data and a classifier for the task at the same time. In the
unsupervised domain, representation learning is done as an exclusive task and the performance
of the model is determined by how well it does in a downstream task using the learned representations.

Unsupervised learning tasks in the literature include inpainting [10], colorization [14], gen-
eration [3] and transformation prediction [4]. Recent state of the art work in the literature focus on
self labeling and clustering. Self labeling models use a network to cluster the data and then use
the cluster assignments as labels. [1] follows a similar approach, they apply K-means on learned
representations to generate cluster assignments and train the model using these assignments. They
repeat this process after every epoch. Naively following this approach would make the network map
every data point to the same cluster. To prevent this, the authors manually move data points from
crowded clusters to empty clusters. [12] also uses a neural network to map data points to cluster and
then run a linear program to convert the cluster assignments to labels. The linear program is used to
prevent the network from mapping every data point to the same cluster.

3 Methods

3.1 Self Labeling

In the supervised learning setting, neural networks are trained on a task that requires data with labels.
The parameters of the network are learned by optimization with respect to a loss function that uses
the predictions of the model and the ground truth labels. Since there are no ground truth labels in the
unsupervised setting, there needs to be a task that can be constructed from data. In this project, we
are focused on self labeling and clustering as pretext tasks.

Self labeling methods use a neural network to label the data and use these labels to train
the network. It is an iterative process, after every epoch or every few epochs, the network labels all
data points again and use the new labels to train. Self labeling methods usually learn the parameters
of the network by optimization with respect to an energy function, as opposed to a loss function.
Iteratively updating the labels and optimizing with respect to an energy function is guaranteed
to continuously improve the quality of the labels. This does not mean that the process is able to
converge to a globally-optimum point. Please see [8] and [2] for details.

We follow the work of [1] and [12] and treat the data labels as cluster assignments. In [1],
parameters of the network are learned by classification and new cluster are assigned by applying
K-means on learned representations after every epoch. [12] also uses classification to learn the
parameters of the network. After every epoch, they use the network to create a label matrix. Then,
they run a linear program on top of that matrix with a constraint to put equal number of data points in
each cluster and use the output of the linear program as new labels. We tried our method on both
these work and improved their performance.
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Figure 1: Illustration of our method. Features learned by the convolutional part are used for
classification and generation. Classifier assigns images to clusters and cluster assignments are used
as pseudo-labels to train the network. Generator reconstructs the input images from the learned
representation. Figure is inspired from Caron et al. [1]

3.2 Reconstruction

In our method, learned representations are used both for the pretext task and input reconstruction.
Exploring data labels and learning the parameters of a neural network simultaneously is a method
that is used in the literature and our contribution is a simple generator that helps in learning better
representations. As shown in Figure 1, the generator takes the output of the last convolutional
layer and reconstructs the input image. L2 and perceptual similarity distances are used to train the
generator. We experimented training the generator with different loss functions and the addition of
L2 and perceptual similarity gave the best results. Figure 2 shows the quality of the reconstructions
with different loss functions.

Figure 2: Reconstructions of the generator when trained with L2 and perceptual similarity [15] as the
loss function.

4 Experiments

4.1 Datasets

We have used CIFAR [6], ImageNet ILSVRC-12 [11] and Street View House Numbers [9] datasets in
our experiments. These datasets are all standard benchmarks for evaluation in representation learning.
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Dataset
Method CIFAR-10 CIFAR-100 SVHN

Classifier/Feature Linear Classifier / conv5
Supervised 91.8 71.0 96.1
Counting 50.9 18.2 63.4
DeepCluster 77.9 41.9 92.0
Instance 70.1 39.4 89.3
AND 77.6 47.9 93.7
SL 83.4 57.4 94.5

Our method 83.6 58.5 94.6
Classifier/Feature Weighted kNN / FC
Supervised 91.9 69.7 96.5
Counting 41.7 15.9 43.4
DeepCluster 62.3 22.7 84.9
Instance 60.3 32.7 79.8
AND 74.8 41.5 90.9
SL 77.6 44.2 92.8

Our method 77.9 44.5 92.9

Table 1: Linear classification and Nearest Neighbour evaluation on CIFAR and SVHN using AlexNet.
Results of previous methods are taken from [12].

4.2 Approach

A good representation should capture a distribution similar to the distribution of the raw data. We
use the learned representations as an input to a supervised model to perform evaluation. We test
the quality of the learned representations using linear probes following [5]. After the unsupervised
training is finished, a linear classifier is trained on top of the pre-trained network. The pre-trained
network’s parameters are not optimized during this step and only the parameters of the linear classifier
are trained. We use AlexNet for the neural network architecture [7].

Although linear probing is the standard evaluation method for unsupervised representation learning,
some work in the literature add non-linearity to the evaluation process to increase the performance
and get results close to the supervised upper-bound. For non-linear probing experiments, we apply
our method on AET model [13] and report the results on Table 3.

4.3 Results

Table 1 shows the results on CIFAR-10, CIFAR-100 and SVHN datasets. Our method gets a higher
score than all previous methods. SL [12] was the previous state of the art model in unsupervised
representation learning and applying our method to their model achieves a new state of the art.

Table 2 shows the ImageNet experiments. We did not include all previous methods and we
did not use the largest model available in SL [12]. These experiments show that our method is able to
increase the quality of the learned representations on a large-scale dataset like ImageNet as well.
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Method c3 c4 c5

Inpainting 21.0 19.8 15.5
BiGAN 31.0 29.9 28.0
Instance retrieval 31.8 34.1 35.6
RotNet 38.7 38.2 36.5
AND 35.9 39.7 37.9
SL* 40.1 42.1 38.8

Our method 40.5 42.7 39.1

Table 2: Linear classification evaluation on ImageNet using AlexNet. Linear probes are inserted after
the third, fourth and fifth convolutional layers. * smaller version of SL [12] is used. See Experiments
section for details. Results of previous methods are taken from [12]

Method Error rate

Roto-Scat + SVM 17.7
ExamplarCNN 15.7
DCGAN 17.2
Scattering 15.3
RotNet + FC 10.94
RotNet + conv 8.84

AET-affine + FC 9.77
AET-project + FC 9.41

Our method 9.01

Table 3: Non-linear classification evaluation on CIFAR-10 using AlexNet. These experiments use a
non-linear activation functions in linear probe evaluation. The generator is added to AET-project +
FC setup. Results of previous methods are taken from [13]

5 Conclusion and Future Work

We build on the current state-of-the-art work in unsupervised representation learning and experiment
with a different architecture and set-up to further extend the strength of the learned representations.
Adding a generator and doing two pretext tasks from a single representation has the potential to make
the model learn better features from raw data. The next steps in this work include extending the
generator architecture to force the representation to include more information about the data and
using different perceptual similarity metrics.
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