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Abstract. In the age of big data and machine learning the costs to turn the data into fuel for
the algorithms is prohibitively high. Organizations that can train better models with fewer
annotation efforts will have a competitive edge. This work is an overview of techniques of
varying complexity and novelty for supervised, or rather weakly supervised learning for
computer vision algorithms. The paper starts describing various methods to ease the need
for a big labeled dataset with giving some background on supervised, weakly-supervised and
then self-supervised learning in general, and in computer vision specifically. The paper
describes the importance of these methods in fields such as medical imaging and
autonomous driving.

Keywords: knowledge distillation, knowledge transfer, self-supervised learning, semi-supervised
learning, weakly-supervised learning.

Rezumat. In epoca Big Data si a invatdrii automate devine tot mai costisitor de a converti
datele in combustibil pentru algoritmi. Organizatiile ce sunt capabile de a crea modele
algoritmice mai performante ce pot adnota datele cu efort minim fata de concurenti au un
avantaj competitiv major. Lucrarea datd prezinta un ansamblu de tehnici de complexitate si
noutate variabila pentru algoritmi cu fnvdtare supervizata pentru probleme de vedere
artificiald. Articolul incepe cu descrierea diferitor metode ce pot usura necesitatea de a avea
un set mare de date adnotate prin prezentarea catorva tehnici bazate pe invatare supervizata,
semi-supervizatd si auto-supervizata. Ulterior sunt descrise diferite seturi de date traditional
utilizate pentru a estima performanta acestor algoritmi. Pe parcurs articolul descrie
importanta acestor metode pentru asemenea domenii ca imagistica medicala si conducere
autonoma.

Cuvinte cheie: distilare de cunostinte, transfer de cunostinte, invdtare supravegheatd, invdtare
semi-supravegheatd, invdtare slab supravegheatd.

Introduction
With the advent of deep learning the number of organizations and practitioners who
think that they can solve problems using it also grows [1]. Deep learning algorithms normally
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require vast amounts of labeled data, but depending on the domain it is not always possible
to have a well-annotated huge dataset, just think about healthcare.

In recent years deep learning on visual data has become one of the hottest
subdomains of machine learning, especially given such well-recognized tasks as the
ImageNet Large Scale Visual Recognition Challenge (ILSVRC)[2], PASCAL VOC challenges [3],
and KITTI benchmark suite [4]. Image recognition is of paramount importance in medical
image analysis, self-driving cars technologies, and other implementations. Deep learning
works extremely well on this kind of tasks, but on the flip side, it requires vast amounts of
carefully annotated data to work properly. The process of data annotation is at least mundane
and slow, but sometimes also very expensive because the costs for one or several subject
matter experts can be prohibitively high. Also, depending on who does the annotation, it can
be prone to under-representation of groups/classes in the population, leading to biases in
the data which are hard to solve afterward.

This is the reason why numerous attempts and techniques have evolved in recent
years to try to reduce the data volume requirements for the algorithms. In this work, we will
cover the whole spectrum, starting from the simplest techniques like data augmentation or
transfer learning, and ending with self-supervised learning. Also, active learning and few-
shot learning techniques will be briefly discussed.

Neural networks are a class of machine learning algorithms that are very prone to
overfitting, due to them being over-parametrized [5], that is having more parameters than
necessary. As a result, if there isn’t enough data to learn from, they will start memorizing,
which is undesired.

Starting with simple methods like knowledge transfer the paper describes several
knowledge distillation techniques and ends with the latest methods from self- and semi-
supervised methods like Unsupervised Data Augmentation (UDA) [6], MixMatch [7], Snorkel
[8] and adding synthetic tasks to the learning model, thus touching the multi-task learning
problem too. Methods like few-shot learning and active learning are only briefly described to
give a holistic view of the problem. Some prominent datasets and their properties are then
described. Finally, the paper is closed with conclusions.

Knowledge Transfer

One of the simplest and oldest techniques is to use so-called transfer learning, a basic
type of knowledge transfer between tasks, where an existing, pre-trained model is fine-tuned
to be used on downstream tasks (see Figure 1). Transfer learning is considered to work so
well because of the hierarchical nature of the learned representations in the neural
networks.[9] Starting from simple edge representations and moving on onto more complex
shapes, neural networks can re-use a lot of these, therefore needing data only to fine-tune
for a given task.

As a rule of thumb, if having more data or the data distribution of the task at hand is
not close to the distribution of the pre-training task, for example, the task of interest is
medical image analysis and the pre-training task is ImageNet, then more final layers should
be retrained, and is recommended to also fine-tune the whole network with a significantly
lower learning rate.[10] For smaller datasets or tasks close to the original pre-training task,
usually, the last layer is sufficient to retrain.

Transfer learning has been successfully used in medical image analysis [11] and
various data science competitions.
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Figure 1. General view of the Transfer Learning process where the left hand side shows the
required pre-trained neural network and the right hand side the fine-tuning process.

Data augmentation

Data augmentation is not a tool to solve the lack of data, but it can work as one. It
enables us to reuse an existing dataset with a sometimes minor increase of risk of overfitting.
In a sufficient data setting, it also acts as a reqgularizer, by changing the aspect of the data
without altering it's meaning, thus making it less likely for the machine learning model to
memorize unimportant details about the data. It is, of course, important to remember that
some techniques must not be used depending on the original data. Data augmentation must
not alter the label(s) of a data point by altering the data point itself.

For computer vision, data augmentation techniques are probably the most developed
among modalities. Classic methods are based on rotation, translation and scale
manipulations, sometimes shear is used too. Another set of techniques are based on color
space manipulation like color inversion, whitening, color shift or changes in brightness (see
Figure 2, right). More recently, a transformation method named Cutout [12] was proposed and
seem to work fine. Cutout is based on occlusions of images (see Figure 2, left). Also, more and
more papers present methods that automatically discover optimal data augmentation
procedures for a given problem.

vy i TREA
Figure 2. (Left) An example of applying the Cutout augmentation to an image. Source:
github.com/xkumiyu/numpy-data-augmentation. (Right) A sample of possible data
augmentation schemes. Source: github.com/aleju/imgaug.
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Knowledge Distillation

Although this was initially a technique for model compression, and not explicitly
designed to alleviate the need for a big dataset, it works by using a pre-trained, teacher model
to transfer knowledge into a smaller, student network.[13] Assuming a combination of this
technique, lots of unlabeled data, and data augmentation, it is possible to obtain a small yet
sufficiently good student network on the final task. This approach is based on the so-called
Data Distillation[14]. Also, there seems to be interest in using the teacher model to give noisy
labels for unlabeled parts of datasets, thus entering the realm of weakly-supervised and semi-
supervised learning [15].

Model Distillation

Model distillation, as a type of knowledge distillation, requires at least one teacher
model, which is a bigger model that is already trained and a smaller, student model. The
student tries to predict a softened version of the outputs of the bigger model, or ensemble of
models. High temperature in softmax is commonly used as a way to soften the predictions
from the teacher model (see Python code below).

# np stands for numpy linear algebra library
def softmax(x, temperature=1):
return np.exp(x / temperature) / np.sum(np.exp(x / temperature))

By doing so the student model, as stated by Hinton et al, learns not just the true, or mostly
true outputs, but also the “dark” knowledge of the teacher model, hidden “representations”
encoded into the teacher model during its training.

Data Distillation

Another, more recent way of knowledge distillation is the so-called Data Distillation
[14], where instead of an ensemble of teacher models just one would suffice. The additional
information is taken from applying augmentations on the available data. In principle, such a
model could work even with unlabeled datasets (see Figure 3).

Dataset of interest
M ~ 100s-1000s labeled +
10k-100k unlabeled

v

|

'/ Teahcer Model pre-trained \\

on h J
N~ TULTE-TTIm

Student ML/DL
Supervision maogdel

signal

Possibly combined
loss from Teacher
model and own loss

Deep Learning
Maodel with high
temperature softmax

\- /

Figure 3. The diagram shows conceptually what components are employed in the Data
Distillation [14] process.
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Weakly-supervised and Semi-supervised methods

Weakly-supervised learning is an umbrella term for techniques that use datasets that
are either partially labeled, commonly known as semi-supervised learning, with noisy labels,
known in the literature as inaccurate supervision, or with coarse-grained labels, also known
as inexact supervision [16]. A very popular tool called Snorkel can be attributed to the second
type of weakly-supervised learning.

In Semi-supervised learning, unlabeled examples provide regularization and a hint to
the underlying distribution of the data. There is a couple of assumption that makes it possible
to leverage the unlabeled dataset. These are (1) Continuity assumption, (2) Cluster
assumption, and (3) Manifold assumption.

Continuity assumption states that points that are close to each other are more likely
to share a label. In the case of semi-supervised learning, the smoothness assumption
additionally prefers decision boundaries in low-density regions, that is, few points are close
to each other but in different classes.

Cluster assumption states that the data tends to form clusters, and points in the same
cluster are more likely to share a label. Also, note that data points that share a label may be
spread across multiple clusters. This is a special case of the smoothness assumption and gives
rise to feature learning with clustering algorithms.

The assumption that data lie approximately on a manifold of much lower dimension
than that of the input space is called manifold assumption and is a widespread assumption
in machine learning in general. In the case of semi-supervised learning the manifold, based
on both the annotated and unlabeled data points, can avoid the curse of dimensionality,
because of the possibility to limit the search space of the problem.

The simplest Semi-supervised technique is called Pseudo-Labeling. The core idea is
simple. Having a partially annotated dataset, first, train a model using the labeled part of the
dataset, then, if it performs fairly well, use it to label the unlabeled part of the dataset. Once
done, combine both and retrain the model. Of course, it might be the case that the pseudo-
labels are actually wrong, so keep in mind that this is just a heuristic. Anyway, most of the
time it works.

Two recent and most prominent solutions for semi-supervised learning are MixMatch
[7] and Unsupervised Data Augmentation [6]. These two techniques combine labeled and
unlabeled data in a clever way. Namely, both bootstrap part of their training set by classifying
unlabeled data and combining loss functions.

Snorkel

Snorkel [8] is a tool developed at Stanford University’s DAWN Laboratory, which aims
to leverage unlabeled data using low-quality supervision signal based on some heuristics and
constraints. That is, to use Snorkel, the user has to provide some functions, probably
developed with the help of subject matter experts, that must give a label for a given data
point based on some heuristic, rule of thumb. After that, the system aggregates the
predictions from these labeling functions and trains a generative model that estimates the
correlation and accuracy of these functions and outputs a probabilistic label made of the
weighted predictions of labeling functions. It does so by identifying the agreement between
functions’ outputs. In the end, the system uses probabilistic labels to train a final,
discriminative model.
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Authors specify that for labeling functions several methods can be used. Not only
heuristics but also interactions with knowledge bases and usage of other machine learning
models trained on different datasets is possible.

MixMatch

MixMatch [7] is a recent algorithm that combines a number of techniques in order to
build a useful prior from unlabeled data such that subsequently, the model will require fewer
annotated examples. Stochastic data augmentation is applied to an unlabeled image a
number of times, and each augmented image is fed through the classifier. Then, the average
of these predictions is “sharpened” by adjusting the distribution’s temperature (see Figure 4).
Besides, MixMatch uses a reqgularization technique called MixUp [17] that using convex
combinations of both inputs and labels promotes strictly linear behavior between examples.
It requires that the model’s output for a convex combination of two inputs is close to the
convex combination of the output for each individual input.

An example of code for the MixUp regularization, using Pytorch library, is shown
below.

#y1, y2 should be one-hot vectors

for(x1, y1), (x2, y2) in zip(loaderl, loader2):
lam = numpy.random.beta(alpha, alpha)
x = Variable(lam*x1 + (1. - lam)*x2)
y = Variable(lam*yl + (1. - lam)*y2)
optimizer.zero_grad()
loss(net(x), y).backward()
optimizer.step()

Algorithm 1 MixMatch ingests a batch of labeled data A" and a batch of unlabeled data If and
produces a collection A" of processed labeled examples and a collection U’ of processed unlabeled
examples with “guessed” labels.

1: Input: Batch of labeled examples and their one-hot labels X' = ((z5,ps);b € (1,..., B)). batch of
unlabeled examples U = (up;be (1...., B)), sharpening temperature 7', number of augmentations K,
Beta distribution parameter o for MixUp.

: forb=1to Bdo

&, = Augment(x)

for k =1to K do
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end for
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Figure 4. The MixMatch algorithm as described in the original paper [7].

Unsupervised Data Augmentation

Another recent approach towards efficient learning with little annotated data comes
from Google and is called Unsupervised Data Augmentation, UDA [6] for short. UDA, just like
MixMatch uses data augmentation to its advantage. In the case of UDA, a combined loss of
cross-entropy, for labeled data, and a consistency loss applied to a pair of the original
unlabeled example, and its randomly augmented variant (see Figure 5). The consistency loss
is based on the KL-divergence. This scheme proves to be efficient in using the unlabeled part
of the dataset. UDA applies simpler data augmentation schemes to the labeled examples too.
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In the original paper, authors apply UDA not only to vision problems but also to text,
consistently achieving superior results.
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Figure 5. The description of the UDA technique as of the original paper [6].

Self-supervised learning

It is possible to bootstrap a supervision signal out of an unlabeled dataset by trying to

predict parts of it, or some features for example. This approach is called self-supervised
learning.
Thus without explicit labels self-supervised learning makes a seemingly unsupervised
learning problem into a supervised one. For example, the prediction of affine transformations
applied on an image is a technique initially regarded as unsupervised pre-training [18], and
it's authors argued that by doing so, the model is forced to learn only features that vary
slightly. Such features are significant and can be easily used to discriminate between classes.
More recently, such tasks as solving a jigsaw puzzle, coloring, filling of cropped regions are
used for self-supervised learning for neural networks acting on image input.[19] In case of a
video signal common methods are trying to order frames or learn the optical flow in some
way.

A robust way to ensure an even stronger supervision signal for a task with little labeled
data is to combine tasks during training [19], thus forcing a model to learn features that are
transferable between tasks and therefore significant for the classes in the dataset. For
example, combining several self-supervised tasks with the main classification task.

Datasets

Caltech 256 dataset

Released in 2006, the Caltech 256 dataset [20], by Griffin, Holub, and Perona, is an
image-based dataset consisting of more than 30000 images of 256 classes. It is considered
an improvement to its predecessor, the 2003 Caltech 101 dataset, due to the increased
number of classes and more cluttered images, making it harder to learn. With the number of
images per class ranging between 80 and more than 800 images, with 119 on average it
proves to be quite challenging.

CIFAR datasets
The CIFAR-10 and CIFAR-100 [21] are labeled subsets of the 80 million tiny images
dataset. They were collected by Alex Krizhevsky, Vinod Nair, and Geoffrey Hinton. They are
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almost an omnipresent benchmark for computer vision deep learning algorithms. Both CIFAR-
10 and CIFAR-100 have 60000 images, 50000 for training and 10000 for validation, and they
differ only by the number of available classes. CIFAR-100 is a refinement of CIFAR-10 with
those 100 classes being grouped into 20 superclasses. Each image comes with a "fine" label
(the class to which it belongs) and a "coarse” label (the superclass to which it belongs).

PASCAL VOC 2007

PASCAL VOC [3] datasets are primarily used for object detection and segmentation
tasks. The 2007 dataset is made up of 20 classes and the data has been split into 50% for
training/validation and 50% for testing. The distributions of images and objects by class are
approximately equal across the training/validation and test sets. In total there are almost
10000 images, containing almost 25000 annotated objects.

STL-10 dataset

The STL-10 [22] dataset’s primary applications, outlined by its authors, are for
developing unsupervised feature learning, deep learning, and self-taught learning
algorithms. It based on ImageNet dataset, and is inspired by the CIFAR-10, namely has 10
classes but with only 500 training labeled images, and 800 more test images (see Figure 6).
A set of 100000 unlabeled examples is provided to learn image models prior to supervised
training. These are extracted from a similar but broader distribution of images than the base
dataset. It contains other types of related classes in addition to the ones in the labeled set.
The primary challenge posed by the authors is to make use of the unlabeled data, with a
similar but different distribution, to build a useful prior. By increasing the resolution of the
examples to 96x96 pixels, they also expect it to be a challenging benchmark for developing
more scalable unsupervised learning techniques.
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ImageNet dataset

The ImageNet project [2], first presented by Fei-Fei Li in 2009 at CVPR, is a large visual
database which design was inspired by the WordNet taxonomy, for use in visual object
recognition software research. It is made of more than 14 million images, which were hand-
annotated using Amazon Mechanical Turk service, and for at least 1000000 images, bounding
boxes are also provided. ImageNet contains more than 20,000 categories, out of which 1000
non-overlapping categories are part of the trimmed down to 1000000 images dataset used
since 2010 in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) competition.
The deep learning saw an upheaval starting 2012 when the AlexNet model won ILSVRC with
a 10.8% error difference with the runner up.

Caltech-UCSD Birds (CUB) 200 dataset

Especially popular in the active learning community, the CUB-200 [23], the 2011 and
2010 editions, the dataset is a very challenging one due to the closeness of the classes in it.
It is made of about 7000 and 12000 images for 2010 and 2011 years versions respectively
and consists of 200 different species of birds (see Figure 7), mostly from North America.

iNaturalist 2018 dataset

In recent works on semi-supervised and self-supervised learning, a new dataset has
been used, the dataset from the iNaturalist 2018 Kaggle challenge. The iNaturalist Species
Classification and Detection Dataset’s [24] authors argue that to advance the computer vision
discipline we need datasets that are more aligned with the real-world conditions. Their
approach consists of collecting over 850000 images of plants and animals, from over 5000
categories, made with different types of cameras and in different illumination conditions.
Moreover, there is a big class imbalance present in the dataset which drastically affects
existing neural networks results on it. The authors observed poor results specifically for
classes with small numbers of training examples, suggesting more attention is needed in
low-shot learning to achieve decent results on this dataset.

Final words on datasets

In general, for low-shot learning, we need specially designed datasets. Of course, a
small number of images per class is necessary, but to truly test algorithms capabilities, we
need these images to have varying quality and made in different real-world conditions. Also,
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having an ImageNet like dataset, with a well-ordered taxonomy, could be further used in
tasks requiring efficient knowledge transfer between tasks, another important direction
towards true Al.

Active learning

Active learning means having a human in the loop that will interactively label the data
points classified with low confidence by some model. The assumption for this kind of learning
is that fixing low certainty data points can quickly increase the predictive power of a classifier.
It'’s a rather handy way to bootstrap a dataset. For a good overview of the technique see [25].

Few-shot learning

Few-shot learning is posed as a problem of how to learn a class from very few
examples, sometimes even from one example. It is mostly a problem of model parameter
initialization, a meta-learning approach, or as a problem of matching classes/instances. The
field is broad and existing techniques are rarely used in practice (yet). For a survey on various
approaches within the few-shot learning technique see [26].

Conclusions

Most of the time a combination of techniques works best. Also, one should always
keep in mind that some methods cannot be used due to problem constraints, for example in
case of data augmentation. Most techniques outlined above still require a lot of data, but this
time unlabeled, thus alleviating the expenses and time requirements to label it. Some other
problems are still out there, mostly regarding privacy or representability.

No method outlined above can work in extremely low data setups, like a few samples
per class. They all require at least tens to hundreds of labeled samples, depending on the
hardness of the problem. For this kind of problem, few-shot learning is the only way.

This paper does not go into few-shot and one-shot learning, because this is another huge
sub-domain, with a scope a bit different from the one of weakly-supervised and self-
supervised learning.

The general trends in empowering algorithms to use less labeled data are multi-task
learning, self-supervision and relying on existing representations. Combining these three
methods it is possible to design machine learning systems that learn efficiently and give a
competitive edge.

Another problem needed to be solved to accelerate the development of new data-
efficient algorithms is the lack of proper benchmarks and datasets. Of course, there is STL-
10 and CUB-200 datasets, but this is not enough. The new iNaturalist dataset is a move in
the right direction concerning the design of datasets closely resembling real-world scenarios.
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