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Abstract

The leading approaches in Machine Learning are notoriously data-hungry. Unfortu-
nately, many application domains do not have access to big data because acquir-

ing data involves a process that is expensive or time-consuming. This has triggered

a serious debate in both the industrial and academic communities calling for more
data-efficient models that harness the power of artificial learners while achieving good
results with less training data and in particular less human supervision. In light of this
debate, this work investigates the issue of algorithms'data hungriness. First, it surveys
the issue from different perspectives. Then, it presents a comprehensive review of
existing data-efficient methods and systematizes them into four categories. Specifically,
the survey covers solution strategies that handle data-efficiency by (i) using non-super-
vised algorithms that are, by nature, more data-efficient, by (i) creating artificially more
data, by (iii) transferring knowledge from rich-data domains into poor-data domains, or
by (iv) altering data-hungry algorithms to reduce their dependency upon the amount
of samples, in a way they can perform well in small samples regime. Each strategy is
extensively reviewed and discussed. In addition, the emphasis is put on how the four
strategies interplay with each other in order to motivate exploration of more robust
and data-efficient algorithms. Finally, the survey delineates the limitations, discusses
research challenges, and suggests future opportunities to advance the research on
data-efficiency in machine learning.

Keywords: Data hungry algorithms, Data-efficiency, Small sample learning, Transfer
learning, Data augmentation

Introduction
Building machines that learn and think like humans is one of the core ambitions of Arti-
ficial Intelligence (AI) and Machine Learning (ML) in particular. On the quest for this
goal, artificial learners have made groundbreaking accomplishments in many domains
spanning object recognition, image processing, speech recognition, medical information
processing, robotics and control, bioinformatics, natural language processing (NLP),
cybersecurity, and many others. Their success has captured attention beyond academia.
In industry, many companies such as Google and Facebook devoted active research
instances to explore these technologies.

Ultimately, Al has succeeded to speed up its pace to be like humans and even defeats
humans in some fields. AlphaGo [1] defeats human champions in the ancient game of
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Go. The deep network ResNet [2] obtains better classification performance than humans
on ImageNet. And, recently, Google launched Meena [3] a human-like Al chatbot that
can conduct sensible and specific conversations like humans. However, there is another
side to this coin, the impressive results achieved with modern ML (in particular by deep
learning) are made possible largely by the use of huge datasets. For instance, Deep-
Minds’s AlphaGo used more than 38 million positions to train their algorithm to play
Go. The ImageNet database used by ResNet contains about 1.2 million labeled examples.
And Meena has been trained on a massive 341 GB corpus, the equivalent of roughly
341,000 books, far more than most people read in a lifetime. This is obviously far from
human-like learning. One thing that makes human learners so efficient is that we are
active, strategic information-seekers. We learn continually and we make use of our pre-
vious experiences. So far, it is not clear how to replicate such abilities into artificial learn-
ers. In the big data era, algorithms continue to be more data-hungry, while real facts
indicate that many application domains can often only use a few data points because
acquiring them involves a process that is expensive or time-consuming.

Consequently, many researchers and engineers began to recognize that the progress
of ML is highly dependent on the premise of the availability of large number of input
samples (generally with annotations). Without massive data, ML success is uncertain.
Hence, key ML researchers have sounded a cautionary note regarding the data hunger
behavior of algorithms. In his controversial work “Deep Learning: A Critical Appraisal”
[4], Marcus listed ten concerns about deep learning research, at the top of the list data
hungriness. he noted that “in problems where data are limited, deep learning often is
not an ideal solution”. Data-hungriness was also included in the unsolved problems in Al
research, described in the book “Architects of Intelligence” by Martin Ford [5]. Most of
the experts interviewed in this book are calling for more data-efficient algorithms. For
instance, Oren Etzioni quoted in the book that “stepping stone [towards AGI] is that it’s
very important that [AI] systems be a lot more data-efficient. So, how many examples do
you need to learn from?” [5, p. 502].

As such, our work extends the recent call for more research on data-efficient algo-
rithms. In fact, we view these concerns as an opportunity to examine in-depth what it
means for a machine to learn efficiently like humans, what are the efforts deployed to
alleviate data- hungriness, and what are the possible research avenues to explore. Study-
ing data hungriness of ML algorithms is unfortunately a topic that has not yet received
sufficient attention in the academic research community, nonetheless, it is of big impor-
tance and impact. Accordingly, the main aim of this survey is to stimulate research on
this topic by providing interested researchers with a clear picture of the current research
landscape.

Prior to this paper, we know of few works that attempted to investigate the issue of
data-hungriness. Shu et al. [6] proposed a survey that covers learning methods for small
samples regime, they focused on concept learning and experience learning. Wang et al.
[7] surveyed few-shot learning by putting on light methods operating at the level of data,
model, and algorithms. Qi et al. [8] discussed small data challenges from unsupervised
and semi-supervised learning perspectives, they presented an up-to-date review of the
progress in these two paradigms. As a matter of fact, existing surveys are limited in the
way they approach the problem and in the scope they cover. In contrast, our work seeks
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comprehensiveness, we tackle the issue from an interdisciplinary perspective and dis-
cussed potential solutions from different backgrounds and horizons. In doing so, we
brought different concepts under one roof that were never discussed together and tried
to draw connections between them. Furthermore, as all Al players are concerned by the
issue, while elaborating the survey we deliberately tried to make it accessible to the non-
theoretician while still providing precise arguments for the specialist. In this respect, we
make three main contributions:

+ We propose a comprehensive background regarding the causes, manifestations, and
implications of data-hungry algorithms. For a good understanding of the issue, par-
ticular attention is given to the nature and the evolution of the data/algorithm rela-
tionship.

+ Based on an analysis of the literature, we provide an organized overview of the pro-
posed techniques capable of alleviating data hunger. Through this overview, readers
will understand how to expand limited datasets to take advantage of the capabilities
of big data.

+ In our discussions, we identify many directions to accompany previous and potential
future research. We hope it inspires more researchers to engage in the various topics
discussed in the paper.

Accordingly, the remainder of the survey is organized as follows. “Background” sec-
tion presents a preliminary background. “Review” section surveys existing solutions
and organizes surveyed approaches according to four research strategies. “Discussion”
section discusses research directions and open problems that we gathered and distilled
from the literature review. Finally, “Conclusion” section concludes this survey.

Background

Data and algorithms: a match made in heaven

Communicating, working, entertaining, traveling and other daily life activities perfectly
exemplify the fruit of combining algorithms and data. Notwithstanding, in order to dig
deep into the complex nature of the link between these two concepts, we must look
below to understand its germination. In this section, we provide an exhaustive investi-
gation of data/algorithms link. The link is developed in light of four perspectives: (i) by
examining the historical trajectory followed by the two concepts, (ii) by drawing insights
from biology, as the two concepts can be observed both in nature and in digital, (iii) by
studying the related technical and theoretical background, (iv) and by identifying busi-
ness motivations that feed this link.

Historical perspective

Because the historical evolution in form and content of “Data” and “Algorithm” con-
cepts has a poignant bearing on the issue, it is worth exploring the intellectual history of
these two concepts in order to illustrate how they are intertwined. A curious fact about
our data-obsessed era is that little is known about the origin and the evolution of this
vital concept. Indeed, it is common to think of “big data’, “machine learning” and related
technologies as relatively modern technologies. Yet the roots across these domains, that
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gave rise to the spectacular advances we are witnessing today, are often not well known
and have never been assembled in a single work, to be studied or analysed.

Presumably, the word “data” began to be used around the 17th century [9], it is derived
from the Latin meaning “facts given or granted” The concept of data as a given has been
criticized by many social scientists [9, 10], they claimed that the concept symbolizes
rather “the facts taken or observed from nature by the scientist” and should instead be
characterized as “capta” which means taken and constructed. It was mainly the invention
of Gutenberg’s Printing Press upon the Renaissance that helped the rapid transmission
of ideas and expanded access to knowledge. People started then to use “data” originally
to refer to “facts given as the basis for calculation in mathematical problems” The age of
Enlightenment ushered in many fields and disciplines like economics, biology, and polit-
ical science which accentuated the proliferation of data. Centuries of data sharing and
scientific methodologies have led to the emergence of a new field: Statistics, data became
to refer, at the time, to “numerical facts collected for future reference”.

Meanwhile, the word “algorithm” was derived directly from the 9th century mathe-
matician al-Khwarizmi, the author of the oldest work of algebra “al-Mukhtasar fi Hisdb
al-jabr wa 1-Mugabala” [11]. Beyond the etymological roots of the term, the concept of
“Algorithm” can be traced back to the third millennium BCE. The first examples of algo-
rithms can be found in Babylonian tablets and in Egyptians scrolls [12]. In the 12th cen-
tury, the book of al-Khwarizmi was translated from Arabic to Latin and so the denary
numeration system began to spread throughout medieval Europe under the name of
“algorismus”. Around the 18th century the term “algorismus” became the modern “algo-
rithm” The use of the word has also evolved to include arithmetic procedures for solving
problems or performing tasks [13].

A major series of achievements came during the industrial revolution (IR) with intense
investment in technological innovations. This was a turning point for “data” and “algo-
rithms” that henceforth will be used synergistically to produce tools that indented to
substitute human labour: Machines [14]. Basically, data were fed to machines and algo-
rithms guided their actions. During this period, capturing and recording data prac-
tice was developed through Jacquard’s loom and Hollerith’s tabulating machines. The
punched cards, used at the time, were the primary data entry medium. Furthermore, a
myriad of algorithms was developed at the time to automate all sorts of human actions.
The first algorithm meant to be executed on a machine was created by Ada Lovelace in
1843. In 1847, George Boole invented binary algebra, the basis for modern computer
code. In 1888, Giuseppe Peano established the axiomatization of mathematics in a sym-
bolic language.

The 20th century was the digital era par excellence. It marks the modern evolution
of “data” and “algorithm” concepts. Driven by advances in electronics, the concept of
“algorithm” was formalized in 1936 through Alan Turing’s Turing machines and Alonzo
Church’s lambda calculus, which in turn formed the foundation of computer science
[15]. Data took now a digital form and it refers to collections of binary elements trans-
mittable and storable by which computer operations (implemented algorithms) are
performed. This opened up the evolution of data modelling for databases [16], program-
ming languages and paradigms [17], and as foreseen by Moore [18], computing power
has exposed, resulting on sophisticated tools and methods to store and process data,
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and complex algorithms with higher level of computational prowess. The 1990s brought
a real communication revolution with the arrival of the Web and the expansion of the
Internet, which was as disruptive as Gutenberg’s Printing Press 600 years ago but with a
much larger impact and scale. Indeed, as more and more social networks start appearing
and the Web 2.0 takes flight, the volume and speed of data creation were increased with
a velocity that had never been experienced before, data are literally everywhere. Starting
from the early 2000s we called these very large datasets: Big data [19].

Data by themselves are useless, to be useful, it must be processed [20]. While the devel-
oped infrastructures managed to store and retrieve massive data, traditional business
intelligence tools started to show their limitations in terms of processing data with high
velocity, volumes, and varieties. Thus, sophisticated algorithms with advanced capabili-
ties of extracting knowledge from a large amount of data were needed. Artificial Intel-
ligence offered a very interesting solution at this regard: Machine learning algorithms.

Right from the beginning, the ultimate goal of machines was to be as intelligent as
humans. Back to the 1950s, Alan Turing’s infamous question “Can machines think?” [21]
was a landmark that set the foundations of Al. That was followed by heavy investments
in Al research and projects. Experts predicted that it will take only a few years until we
reach strong Al of an average human being. Yet, unfortunately, these predictions turned
out to be wildly off the mark. In the 1970s, after the Lighthill report [22] stated that
Al has failed to live up to its promises and that it was too brittle to be used in prac-
tice, Al research took the back seat, and remained an area of relative scientific obscurity
and limited practical interest for over half a century. This period is known as Al winter.
During this time, ML research, as a subfield of Al, struggled too with slow and modest
realizations. It mainly focused on Artificial Neural Networks (ANN) which despite their
potential theory, their practical feasibility was very limited due to the lack of available
data and computational power. Indeed, in contrast to traditional algorithms, ML algo-
rithms are not purpose-built programs for specific data. Instead, they are fed by obser-
vation data that enable them to gradually learn how to solve problems by induction. So,
they need large data to make accurate predictions. In other words, they were waiting for
the big data era to flourish again. This indeed was the case, with the rise of Big Data and
improvements in computing power, ANN made a comeback in the form of Deep Learn-
ing [23]. At the present time, with a quite mutualistic relationship, ML and big data are
making unprecedented and stunning success stories in diverse domains and more are
still ahead of us. Figure 1 illustrates the remarkable recent interest in the two fields using
google trends.

In hindsight, it seems clear by now that the concepts of “algorithms” and “data”
are deeply rooted in history, not just a short-lived phenomenon. Figure 2 traces the
growing interest in the two concepts over time, starting from the 18th century using
Google Books Ngram Viewer. It seems also clear that these two concepts share a tan-
gled causal chain of events. Surprisingly, few historical studies exist on the particular
interaction between Algorithms and Data. This aspect is often neglected by contem-
porary scientists and researchers, more concerned with advances in the modern age.
Here, we attempted to connect the history of the two concepts, believing that the his-
torical background can help us to put facts in context and to understand the source
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Machine Learning

Big Data

Fig. 1 "Big Data"and “Machine Learning”search trends, 2004-2020. Data source: Google Trends (https://www.

google.com/trends)
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Fig. 2 Interest evolution of “Data”and "Algorithm”terms between 18th and 20th century. Data source: Google
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of the voracious appetite of contemporary algorithmic practice for massive data. As
summarized in Fig. 3, during the prehistoric space, foundations, and theories around
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the two concepts have been established. Starting from IR period, fields related to the
two concepts started to converge with the emergence of machines. In the course of
events, both data and algorithm concepts have evolved —Data in nature and size, and
algorithms in complexity and intelligence. What brings them together is a common

goal —Reproducing human intelligence.
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Biological perspective

From a biological standpoint, data and algorithms have been around since the begin-
ning of time and existed well before a special word has been coined to describe them.
After all, data is a physical concept, as Landauer quoted in his paper [24] “Informa-
tion is not a disembodied abstract entity; it is always tied to a physical representation.
It is represented by engraving on a stone tablet, a spin, a charge, a hole in a punched
card, a mark on paper, or some other equivalent” Following this line of thinking, many
theorists support the idea of data being the essential unit of the physical universe [25-
27]. This was famously encapsulated by physicist John Wheeler in his pithy slogan “It
from Bit” [27], meaning that every aspect of a particle can be expressed as data, and
put into binary code, which makes in Wheeler view “everything is data (information)”
[27]. Indeed, many examples in nature depict the world as an entity capable of encod-
ing data. The DNA molecule encodes biological data about all known organisms. The
retina encodes visual data seeing through the eyes. And fingerprints encode biometric
data that uniquely identify a natural person.

The same research line claimed the so-called “The computational theory of the uni-
verse”. Lloyd [28] argued that “the computational paradigm for the universe supplements
the ordinary mechanistic paradigm: the universe is not just a machine; it is a machine
that processes information. The universe computes”. Referring back to Wheel’s ‘it from
bit’ view [18], every process in the universe can be reduced to interactions between par-
ticles that produce binary answers: yes or no. That means nature, at its most fundamen-
tal level, is simply the flipping of binary digits or bits, just like algorithms do. The idea
of the universe being a computer might seem to be only a metaphor. Metaphors usu-
ally reflect the most advanced thinking of the era that spawned it, and computers are
the defining machines of our era, it seems thus natural to draw a parallelism between
the Universe and Computer. Lloyd [28], however, argued in the defense of the theory
that the computing universe stem from mathematics and physics facts: Maxwell, Boltz-
mann, and Gibbs showed that all atoms register and process information long before
computers arrive. Aristotle has also discussed the physics of the computing universe and
its implications thousands of years ago in his “beyond the physical” book [29]. Assuming
that the universe is a computational entity, processing and interpretation of bits (data),
give naturally rise to all sorts of complex order and structure seen in nature, which make
the laws of physics essentially algorithms that calculate and handle data [24]. How plan-
ets move in the solar system is an algorithm, how a spider spins its webs is an algorithm,
and how a baby recognizes his mother’s face is also an algorithm.

In light of this, we can conclude that data, algorithms, and hence their interaction are
shaping every biological organism and physical phenomena in the world. They are con-
cepts giving by nature and not created by humans. In fact, what we are attempting to do
is use these biologically inspired paradigms to create ever more intelligent technology.
Nature teaches us, all tools and machines invented throughout human history are sim-
ply reverse-engineering the data processes that underlie biology, including that of our
brain. Indeed, the most powerful information-processing system known has inspired
many researches that try to mimic its functioning [30—33]. The most obvious example is
ANN which as the name implies, try to learn tasks (to solve problems) by mimicking the
networks of biological neurons. Other nature and biological organisms have also been
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a source of inspiration for many algorithms [34—36]. Taking animals as an example, a
large variety of bio-inspired algorithms that simulate biological processes or mimics a
collective behavior of animals has been reported in the literature [34]. Ant algorithms
mimic the foraging behavior of social ants, Bees-inspired algorithms are inspired by the
foraging behavior of honey bees in nature. Bat algorithm is inspired by the echoloca-
tion behavior of microbats. And genetic algorithm is inspired by biological evolution, to
name a few. In spite of the popularity and success of nature- and bio-inspired computa-
tion, researchers in the field warn against the growing gap between the original biologi-
cal models and the man-made models [34, 37]. Indeed, as reported by Molina et al. [34]
a poor relationship is often found between the natural inspiration of an algorithm and its
behavior. We are interested in one particular behavior “data consumption” By taking the
previous example of ANN, this learning algorithm is known for being exceptionally data-
hungry, it needs many examples and experiences to learn. However, it is not the case for
its biological counterpart. For instance, a self-driving car powered by a deep learning
algorithm may need to crash into a tree thousands of times in virtual simulations before
it figures out how not to do that. While a person can learn to drive a car in only 15 h of
training without crashing into anything. Visibly, nature is much less demanding in terms
of data to learn. Therefore, the question here is why (learning) algorithms do not inherit
the capacity of learning from a few experiences like their biological inspiration?

Technical perspective

In the introduction of his book “Machine Learning” [38], Tom Mitchell provides a short
yet useful formalism for learning algorithms: “A computer program is said to learn from
experience E with respect to some class of tasks T and performance measure B, if its per-
formance at tasks in T, as measured by B, improves with experience E”.

This formalism is broad enough to include most tasks that we would conventionally
call “learning” tasks. It puts emphasis on three core features that define a learning prob-
lem: (i) the learner’s output (T), (ii) measures of success (P), and (iii) the training data
(E). Although considered vital in the learning process, Mitchell’s definition of experience
or training data is not enough concrete to explore the requirement aspect in a precise
formal setting. Fortunately, learnability has been extensively theorized in a dedicated
field called Computational Learning Theory (CLT) [39]. In a broader sense, CLT for-
mally studies fundamental principles of learning as a computational process, it seeks to
formalize at a precise mathematical level the learning efficiency in terms of both data
usage and processing time. CLT proposes the Probably Approximately Correct (PAC)
model of learning [40] to formally define the efficiency of learning algorithms (referred
to as learners). More precisely, the PAC allows analysing whether and under what condi-
tions a learner L will probably output an approximately correct classifier.

Formally, given a [40]:

+ Input data X.

+ Output values Y ={—1,+1}.

+ Training data Data ={ {x;, c(x)=y;) , X, € X,y; € V}/*,
+ Cset of training concepts c € C: ¢: X — {0, 1}.
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+ Instances are generated at random from X according to some probability distribu-
tion D. In general, D may be any distribution and it will be unknown to the learner. D
must be stationary, i.e. it does not change over time.

+ A set H of possible hypotheses.

+ Alearner L outputs some hypothesis h from H as a model of c.

Definition 1 True error errory, (h) of the hypothesis & with respect to the target func-
tion ¢ and the probabilistic distribution D is the probability that the hypothesis & wrongly
classifies a randomly selected instance according to D (errory(h)=Pr,. , [c(x) = h(x)])

Definition 2 Consider a concept class C defined over a set of instances X of length  (n
is the size of instances, i.e. the size of their representation) and a learner L using hypoth-
esis space H. C is PAC-learnable by L using H if for all ¢ € C, distribution D over X, & such
that 0<e <%, § such that 0< 8 <, learner L will with probability at least 1 — § (confidence)
output a hypothesis /1 € H such that errory, (h)< ¢, in time that is polynomial in %, %, n.

The definition of PAC learnability contains two approximation parameters. The accu-
racy parameter & determines how far the output classifier can be from the optimal
one (this corresponds to the “approximately correct” part of “PAC”), and a confidence
parameter § indicating how likely the classifier is to meet that accuracy requirement
(corresponds to the “probably” part of “PAC”). In short, the goal of a PAC-learner is to
build a hypothesis with high probability (1- 8) that is approximately correct (error rate
less than €). Knowing that a target concept C is PAC-learnable allows us to bound the
sample size necessary to probably learn an approximately correct classifier. Indeed, one
of the fundamental questions in CLT is sample complexity, that is how much training
data is required to achieve arbitrary small error with high probability. Valiant [40] pro-
posed the following theorem (Formula 1), for use with finite concept classes, which gives
an upper bound on required data as a function of the accuracy (g) and confidence (§)

parameters:
1 1
m > < In|H| + lng (1)

m is the amount of data needed to assure that any consistent hypothesis will be prob-
ably (with probability (1-8)) approximately (within error €) correct. We note that m
grows linearly in 1/e and logarithmically in 1/8 and H. Which means as € gets smaller
(i.e., as we want a more accurate hypothesis), we need more and more data. As there are
more hypotheses in our hypothesis space, we also need to see more data. Likewise, as
the probability of an approximately correct learner grows. More plainly, as we consider
more possible classifiers, or desire a lower error or higher probability of correctness, we
absolutely need more data. However, it is worth noting that there’s only a logarithmic
dependency on 1/8, which means we can learn within an exponentially small probability
of error using only a polynomial number of training data. There’s also a log dependence
on the number of hypothesis H, which means that even if there’s an exponential number
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of hypotheses in our hypothesis space, we can still do the learning with a polynomial
amount of data.

The theoretical role and influence of data in the learning process emphasized before,
have been supported by a large number of empirical studies [41-43] which based on
practical observations and experiences have confirmed the premise of “using more train-
ing data is necessary to improve performance” Figure 4 is an example of a learning curve
of some of these works.

As noted by Gibbons et al. [41] (Fig. 4c), although for most learning algorithms, per-
formance grows as data expands, not all algorithms are equally hungry. Indeed, there are
algorithms that are more hunger than others are, and there is often a direct correlation
between complexity and hungriness; the most complexe algorithms usually are more
demanding in terms of data (e.g. deep learning), and the less complexe algorithms usu-
ally do not require massive data to learn (e.g. decision tree) [44]. Another observation
to point out is that there is a saturation point which, as depicted in Fig. 4a), marks cer-
tain stability in performance and beyond which more data does not improve the overall

model.

Business perspective

If ML algorithms were some products we buy in the supermarket, packing would
surely be labeled: “Just add data and mix” From a business perspective, rather than
being inherent, this dependency seems to be naturally derived from the data-driven
strategy empowering the modern economy. The declining costs of computing ele-
ments and the ever-rising amount of accessible data has brought us past a point of
inflection that marks the transition to a new economic era, that of the data-driven
economy (DDE) [45]. In DDE, data is considered a strategic asset, and the success or

failure of a firm now depends on how much data it has. An ever-expanding body of
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evidence points to the crucial role of data in economic growth. According to Research
and Markets report [46], the global big data market size will grow from USD 138.9 bil-
lion in 2020 to USD 229.4 billion by 2025, at a compound annual growth rate of 10.6 %
during the forecast period. 98.8 % of Fortune 1000 represented in the last version of
NewVantage Partners executive survey [47] confirm an active investment in Big Data
underway. 64.8 % of these leading firms are investing greater than USD 50MM in Big
Data and Al initiatives. The business benefits of data-driven strategies can be grouped

into three broad axes:

+ Innovating better: Data is regarded as a relevant determinant for the likelihood of
a firm becoming a product innovator as well as for the market success of product
innovations [48]. Insights obtained from data can be used to generate new innova-
tive products, services, and processes leading to improved firms’ innovation per-
formance and thus the firm performance overall.

+ Understanding customer better: Data is revolutionizing the matching function
between firms and customers. Data is generated primarily by customers and can
be used to getting close to customers, understand their behavior, and reflect their
value co-creating actions. This benefits firms with regard to precision marketing,
new product development, and realigning business strategy to maintain sustain-
able competitive advantage [49].

o Managing better: Another business benefit from data is realized through signifi-
cant changes in management practices. More precisely speaking, the emergence
of data driven decision making [50]. Data have led many managers to change how
they make decisions, relying less on intuition and more on data. As Jim Barksdale,
the former CEO of Netscape quipped, “If we have data, let’s look at data. If all we
have are opinions, let’s go with mine” [50]. According to scholars [50, 51] embrac-
ing the data-driven decision-making practice creates opportunities to make bet-
ter decisions that lead to commercial growth, evolution, and an increased bottom

line.

All these cases of data use generate more business value, but also more data-hungry
apps and practices. Digital native firms that, naturally, due to their business model,
utilize data (e.g. Google and Amazon) are the most innovators in the area. However,
not all firms or businesses can afford to generate or collect massive data, for such
businesses it should be some viable alternatives to compete in the Al race.

In the end, the multi-perspective study has genuinely served to clearly articulate
the issue. Each perspective has brought its own valuable insights to understand the
complementary and closely intertwined nature of the “data/algorithms” relationship.
The main conclusion that we can draw so far is that data and algorithms have shared
a long history together, and a tight relationship exists between the two concepts in
nature, however, in stark contrast to their artificial counterparts, the biological algo-
rithms do not require massive data to learn. Formally, the theory of learning shows
that the amount of data we need for a learning algorithm depends on the targeted

performance. If we want more performance, we need more data. Last, seeking more
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business value from data has resulted in a data-driven economy that lacks alternative
algorithms that can learn even if only small data is available.

Data hungry algorithms: an inconvenient truth

Against the presented backdrop, resolving the hungriness issue might appear evident.
After all, we live in the data era. If algorithms need more data, we should feed them with
more data. While it might be value in this approach, whether it is the right or the wrong
one, is debatable. There are largely two main reasons that make such approach prob-
lematic: data scarcity and Al sustainable progress, which reflects respectively industrial
need for cost-effective learning and academic ambition of Artificial General Intelligence
(AGI).

The curse of scarcity

While it would be natural to think that almost every single business or market is snowed
under with an avalanche of data, it is far from the truth. Data are available for only a sub-
set of companies, in many cases data are considered a scarce resource. In fact, in a real-
world setting, data are hard to acquire and if it openly exists, it often has questionable
quality. A recent survey by Dimensional Research shows that 96 % of enterprises encoun-
ter data quality and labeling challenges in ML projects [54]. Obtaining voluminous and
accurately labeled data is challenging for many reasons: First, (i) the high cost of data
collection or annotation, learning algorithms do not only crave massive samples, but
the data have also to be manually annotated beforehand, involving tasks as complex as
making human-like judgments about images or videos which implies a significant cost,
time and effort. Crowdsourcing can be utilized to harness the crowd to directly anno-
tate data and thus reducing human labor cost. The result, however, inevitably contain a
large amount of low-quality annotations [55]. Second, (ii) limited domain expertise, to
label some general images with trivial categories such as “cats” and “dogs” we need to
understand the difference between these two animals, which might seem very “common
sense’, but to label medical images as “cancer” or “not cancer’, we need deep medical
expertise, and it is often hard to find such domain experts who can credibly identify and
label a specific type of data such as tumors or chemical formulas [56]. Finally, (iii) access
limitation is also a pain point for acquiring more data. Especially for domain involving
sensitive data, the amount of data can be limited due to privacy, safety or ethical issues.
For example, the collection and labeling of DICOM medical image scans is challeng-
ing for privacy reasons [47]. Recently, compliance and regulatory issues have become
pressing concerns for enterprises dealing with data, especially after GDPR entered into
force [58]. Even companies who used to have access to a large amount of data might face
increasing difficulties.

Moreover, besides being laborious and expensive, in some cases having more data is
simply impossible. In some domains and for rare events sufficient data might not be
available, which may hinder ML adoption in such applications. The most striking sce-
narios include: (i) Studying rare phenomena such as earthquakes, epidemics and floods.
(ii) Aggregate modeling of states, countries, rare animal’s race, or any situation where the
population itself is limited. And (iii) time series forecasting which often lacks historical
or seasonality data for a target variable. These scenarios can be found in many domains
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such as production, marketing, government, military, and education. Perhaps the most
obvious domains that are the most cursed by the scarcity of data are: (a) Robotics, robots
are expected to act like humans or animals, they often have to operate in ever-chang-
ing, uncontrolled real-world environments, and will inevitably encounter instances of
classes, scenarios, textures, or environmental conditions that were not covered by the
training data [59]. This is why operating reliably in irregular scenarios such as strange
weather occurrences or other vehicles” unpredictable driving patterns still problematic
for autonomous vehicles. (b) Medicine is also deeply cursed; medical data require a
ground truth normally provided by an expert physician ending up with only a small set
of annotated data, microarray and RNA-Seq data are typical of this type of small sam-
ple problem [310, 311]. In addition, new diseases consistently occur with little historical
data, and rare diseases frequently occur with few cases, which can only obtain scarce
training data with accurate labels [56]. This is why it is still challenging for Computer-
Aided-Diagnosis to detect rare tumors such as bladder cancer, for which there are only a
few medical records [60].

Al's next frontier

Data superpowers to increase algorithm’s performance has sparked the so-called “The
Unreasonable Effectiveness of Data” mindset [61], which advances that even very com-
plex problems may be solved by simple statistical models trained on massive datasets.
Google’s director of research, Peter Norvig, puts it this way: “We don’t have better algo-
rithms. We just have more data” [52]. This leads us to consider a fundamental question
about the ML field future: will continually increase amounts of training data be suffi-
cient to drive continued progress in ML absent the development of more advanced and
sophisticated algorithms?

While many primary works answered affirmatively to the question [61, 62], other
recent studies are attempting to prove the opposite. As stated by Domingos [53] “Data
alone is not enough, no matter how much of it you have” Basing his statement on “no
free lunch” theorem, Domingos argued that learners need to be improved in a way to
embody knowledge beyond the data it is given in order to generalize beyond it. Zhu
et al. [63] highlighted by the evidence a surprising observation that is at some point,
off-the-shelf implementations often decrease in performance with additional data. At
such point, improving the algorithm is required to uphold performance. Greco et al. [64]
provided a qualified defense of the value of less data, they claimed that seen through the
lens of cognitively inspired Al, the future of the field is about less data, not more.

Furthermore, the move toward data-efficient Al is also a necessity in order to make
learners more human-like. In fact, in spite of their biological inspiration and perfor-
mance achievements, in their current implementation learners differ from human
intelligence in crucial ways [66]. As previously discussed, humans or even animals can
quickly learn new skills or adapt to changing circumstances based on a few experiences.
A child, for instance, can learn to recognize a new kind of object or animal from just a
short exposure to a single example. Getting burned once will teach him to be careful
with fire, he may recognize a face that he has seen only briefly, and he can recognize
a lullaby that he has heard only a few times before [67]. Similarly, soon after birth and
without the benefit of massive data sets, animal babies start to figure out how to solve
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problems of feeding, fighting, fleeing, and mating. A squirrel can jump from tree to tree
within months of birth, a colt can walk within hours, and spiders are born ready to hunt
[68]. The main reasons why young animals (including humans) learn faster, better, and
with less data, is that they rely heavily on innate mechanisms [68] and make use of prior
knowledge. Such innate learning process is yet to be reproduced in artificial learners,
hence the need to rekindle the old “nature versus nurture” debate [69] in Al context, if
the goal is to achieve AGI, a human-level machine intelligence that is capable of learning
the way we do.

A final and a more general motivation for developing data-efficient algorithms stems
from the aim of achieving a more robust Al. As described by Marcus [70], the next level
of Al is not necessarily superhuman, but has to solve problems in a systematic and reli-
able way, it should not be a “pointillistic” intelligence that works in many cases but fails
in many others, but rather it must implement a “solutionism intelligence” that solves
any problem encountered, under all conditions. Thus, it is our contention that to reach
the next level of Al, algorithms should work for both data and non-data-driven settings.
Hence, a research agenda for robust Al should include solutions to improve learners’
performance for problems with a small dataset.

As a result, at the frontiers of Al, efforts should be underway to develop improved
forms of ML that are more robust and more human-like. Enhanced algorithms that will
allow autonomous vehicles to drive us around both usual and unpredictable places, and
that will work as well for rare diseases as for the common ones without being excessively
demanding in their requirements for data. This new generation of learners will reshape
our understanding of Al and disrupt the business landscape in profound ways.

Review

This part reports on the findings of our extensive literature review conducted by exam-
ining relevant works dealing with learners’ data-efficiency issue. Different perceptions to
approach the problem lead to different ways to solve it. Based on the study of the related
body of research, we distilled four main strategies to alleviate algorithms data hungri-
ness. Each one is spanning its own spectrum and together they shape the advanced in
this research landscape. Figure 5 categorizes existing techniques into a unified taxonomy
and organizes them under the umbrella of each strategy. We devote a section to each
strategy. First, we point out research exploring learning algorithms that go beyond the
realm of supervised learning. Second, we review relevant techniques to enlarge artifi-
cially the training dataset. Third, we overview the different forms that learning from pre-
vious experiences can take. Finally, we introduce a new research direction that aims to
conceive innovative hybrid systems that combine both high-prediction, explainability,
and data-efficiency.

Non-supervised learning paradigms

When talking about data hungriness in ML, we are mostly referring to supervised learn-
ing algorithms, it is this type of learning that had the most voracious appetite for data.
Supervised methods need labelled data to build classification and regression models and
the performance of these models relies heavily on the size of labelled training data avail-
able. One straightforward strategy to alleviate this data-dependency would be then to
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Fig. 5 Taxonomy of data-efficient methods, while many methods lie in the intersections of multiple
categories they are grouped by where they are reviewed in this survey

use other learning paradigms. Paradigms that either do not require pre-existing data and
could generate ones by interacting with their environment (i.e. reinforcement learning),
or paradigms that need only small set of labelled data (i.e. semi-supervised learning),
or paradigms that use for learning raw unlabelled data (i.e. unsupervised learning). In
this section, we scan recent methods in the literature that involve these non-supervised

learning paradigms.

Semi-supervised learning methods

The wide availability of unlabeled data in several real-world scenarios, and, at the same
time, the lack of labeled data has naturally resulted in the development of semi-super-
vised learning (SSL) [71]. SSL is an extension of supervised learning that uses unlabeled
data in conjunction with labeled data for better learning. SSL can also be viewed as
unsupervised learning with some additional labeled data. Accordingly, SSL may refer to
either semi-supervised classification [71] where unlabeled data are used for regulariza-
tion purposes under particular distributional assumptions to enhance supervised classi-
fication. Or semi-supervised clustering [72], where labeled data are used to define some
constraints to obtain better-defined clusters than the ones obtained from unlabeled
data. In the literature, most attention has been paid to the methods of these two groups.
Relatively less studies deal with other supervised/unsupervised problems such as semi-
supervised regression [73] and semi-supervised dimensionality reduction [74]. Depend-
ing on the nature of the training function, SSL methods are commonly divided, in the
literature, into two settings: inductive and transductive. Given a training dataset, induc-
tive SSL attempts to predict the labels on unseen future data, while transductive SSL
attempts to predict the labels on unlabeled instances taken from the training set [71].
Abroad variety of SSL methods have been proposed in the two settings. These methods
differ in how they make use of unlabeled data, and in the way they relate to supervised
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algorithms. Next, we review the most three dominant families of methods namely: (i)
self-labeled methods, (ii) graph-based methods, and (iii) extended supervised methods.

(i) Self-labeled methods

These techniques are used to solve classification tasks, they aim to obtain enlarged
labeled data by assigning labels to unlabeled data using their own predictions [75]. As
general pattern, one or more supervised base learners are iteratively trained with the
original labeled data as well as previously unlabeled data that is augmented with pre-
dictions from earlier iterations of the learners. The latter is commonly referred to as
pseudo-labeled data. The main advantage of this iterative SSL approach is that it can be
“wrapped” around any supervised learner.

The basic iterative process schema for self-labeled techniques is self-training [75], it
consists of a single supervised classifier that is iteratively trained on both labeled data
and data that has been pseudo-labeled in previous iterations of the algorithm. Tanha
et al. [76] discussed the choice of the base learner, they stated that the most important
aspect of the learner is to correctly estimate the confidence of the predictions so as to
be successful. They experimentally showed that ensemble learner as a base learner gives
an extra improvement over the basic decision tree learners. Livieris et al. [77] proposed
an algorithm that dynamically selects the most promising base learner from a pool of
classifiers based on the number of the most confident predictions of unlabeled data. Li
and Zhou [78] addressed the issue of erroneous initial predictions that can lead to the
generation of incorrectly labeled data, they presented the SETRED method which incor-
porates data editing in the self-training framework in order to actively learn from the
self-labeled examples.

Co-training is a variant of self-training schema that uses multiple supervised classi-
fiers [79]. Considered as a special case of the multiview learning [80], cotraining schema
assumes that, by dividing the feature space into two separate categories, it is more effec-
tive to predict the unlabeled data each time. In the work of Didaci et al. [81], the relation
between the performance of cotraining and the size of the labeled training set was exam-
ined, and their results showed that high performance was achieved even in cases where
the algorithm was provided with very few instances per class. Jiang et al. [82] introduced
a hybrid method which combines the predictions of two different types of a generative
classifier (Naive Bayes) and a discriminative classifier (Support Vector Machine) to take
advantage of both methods. The final prediction is controlled by a parameter that con-
trols the weights between the two classifiers. Their Experimental results showed that
their method performs much when the amount of labeled data is small. Qiao et al. [83]
proposed a deep cotraining method that trains multiple deep neural networks (DNN) to
be the different views and exploits adversarial examples to encourage view difference, in
order to prevent the networks from collapsing into each other. As a result, the co-trained

networks provide different and complementary information about the data.
(i) Graph-based methods

Transductive methods typically define a graph over all data points, both labeled
and unlabeled, the nodes of the graph are specified by unlabeled and labeled samples,
whereas the edges specify the similarities among the labeled as well as unlabeled samples
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[84]. The common graph-based SSL methods are based on a two-stage process that are:
(i) constructing a graph from the samples and then (ii) propagating the partial labels to
infer those unknown labels via the graph [71]. Initial research on graph-based methods
was focused on the inference phase. Pang and Lee [85] approached the inference from
a min-cut perspective. They used the min-cut approach for classification in the context
of sentiment analysis. Other works approached graph-based inference phase from the
perspective of Markov random fields [86] and Gaussian random fields [87]. On the other
hand, the process of construction of the graph basically involves two stages: the initial
phase involves graph adjacency matrix construction, and the second phase deals with
graph weight calculation. Blum and Chawla [88] experimented graph construction using
k-nearest neighbor and € nearest neighbor. The approach simply connects each node to
all nodes to which the distance is at most e. The most used functions for calculation of
graph weights are: the Gaussian similarity function and the inverse Euclidean distance
[71]. We note that although graph-based methods are typically transductive, induc-
tive graph-based methods do also exist in the literature, this line of work encompasses
approaches that utilize the intrinsic relationship from both labeled and unlabeled sam-
ples to construct the graph to estimate a function [89]. However, it is generally acknowl-
edged that transductive graphs usually perform better than inductive ones [84]. Another
line of work, that has received recently much attention, is the scalable graph with SSL.
A commonly used approach to cope with this issue is called anchor graph regularization
[90]. This model builds a regularization framework by exploring the underlying structure
of the whole dataset with both datapoints and anchors. Liu et al. [90] provided a com-
plete overview of approaches for making graph-based methods more scalable.

(ili) Extended supervised methods

These methods are direct extensions of traditional supervised learning methods to the
semi-supervised setting. The most prominent examples of this class of methods are: (i)
semi-supervised support vector machine and (ii) semi-supervised neural networks.

Mainstream models of semi-supervised SVM include many variants such as S3VM
[91], TSVM [92], LapSVM [93], meanSVM [94], and S3VM based on cluster kernel [95].
The related literature presents S3VM and TSVM as the two most popular variants. The
optimal goal of S3VM is to build a classifier by using labeled data and unlabeled data.
Similar to the idea of the standard SVM, S3VM requires the maximum margin to sepa-
rate the labeled data and unlabeled data, and the new optimal classification boundary
must satisfy that the classification on original unlabeled data has the smallest generaliza-
tion error. TSVM exploits specific iterative algorithms which gradually search a reliable
separating hyperplane (in the kernel space) with a transductive process that incorpo-
rates both labeled and unlabeled samples. Since their introduction, semi-supervised
SVM models have evolved on different aspects and various approaches have proposed to
improve existing variants or to create new ones [96].

Recently, numerous research efforts have been made to build an effective classifica-
tion model using semi-supervised neural networks (SSNN) methods. The hierarchical
nature of representations in DNN makes them a viable candidate for semi-supervised
approaches. If deeper layers in the network express increasingly abstract representa-
tions of the input sample, one can argue that unlabeled data could be used to guide the
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network towards more informative abstract representations. A common strategy of this
line of research is to train the DNN by simultaneously optimizing a standard supervised
classification loss on labeled samples along with an additional unsupervised loss term
imposed on either unlabeled data or both labeled and unlabeled data [97]. The typical
structure for such strategy is Ladder Networks [98], an autoencoder structure with skip
connections from the encoder to decode. proposed by Rasmus et al. [98], this model
is trained to simultaneously minimize the sum of supervised and unsupervised cost
functions by backpropagation, avoiding the need for layer-wise pre-training. Prémont-
Schwarz et al. [99] extended the Ladder Network architecture to the recurrent setting
by adding connections between the encoders and decoders of successive instances of
the network. A related group of SSNN methods is known as teacher- student models
[71] where a single or an ensemble of teacher models are trained to predict on unlabeled
data and the predicted labels are used to supervise the training of a student model. Thus,
the teacher guides the student to approximate its performance under perturbations in
the form of noises applied to the input and hidden layers of models. The teacher in the
Teacher-Student structure can be summarized as being generated by an exponential
moving average (EMA) of the student model. Various ways of applying the EMA lead
to a variety of methods of this category. In the VAT Model [100] and the IT Model [101],
the teacher shares the same weights as the student, which is equivalent to setting the
averaging coefficient to zero. The Temporal Model [101] is similar to IT Model except
that it also applies an EMA to accumulate the historical predictions. The Mean Teacher
[102] applies an EMA to the student to obtain an ensemble teacher. There are other
types of SSNN methods that are based on generative models [130], the primary goal of
these methods is to model the process that generated new data, this technique will be
reviewed in the “Data Augmentation” section.

Unsupervised representation Learning methods

The limited performance of data-hungry models when only a limited amount of labeled
data is available for training has led to an increasing interest in literature to learn fea-
ture representations in an unsupervised fashion to solve learning tasks with insufficient
labeled data. Unsupervised representation learning [300] encompasses a group of meth-
ods that make use of unlabeled data to learn a representation function fsuch that replac-
ing data point x by feature vector f{x) in new classification tasks reduces the requirement
for labeled data. Such learners seek to learn representations that are sufficiently gen-
eralizable to adapt to various learning tasks in future. In this case, the representations
learned from unsupervised methods are usually assessed based on the performances of
downstream classification tasks on top of these representations. Thus, the focus here
is not on clustering or dimensionality reduction, but rather on learning unsupervised
representations. Accordingly, we review in this subsection the recent progress and the
most representative efforts on unsupervised representation learning methods. Gen-
erally, three groups of research fall under the umbrella of methods for training unsu-
pervised representations, namely: (i) Transformation-Equivariant Representations, (ii)
Self-supervised methods, and (iii) Generative Models.
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(i) Transformation-equivariant representations

The learning of Transformation-Equivariant Representations (TERs), was introduced
by Hinton et al. [103] as the key idea of training capsule nets and has played a critical
role in the success of Conventionnel Neural Networks (CNNs). It has been formalized
afterward in various ways. Basically, TER learning seeks to model representations that
equivary to various transformations on images by encoding their intrinsic visual struc-
tures. Then the successive problems for recognizing unseen visual concepts can be per-
formed on top of the trained TER in an unsupervised fashion. Along this line of research,
Group-Equivariant Convolutions (GEC) [104] have been proposed by directly training
feature maps as a function of different transformation groups. The resultant feature
maps are proved to equivary exactly with designated transformations. However, GEC
have a restricted form of feature maps as a function of the considered transformation
group, which limits the flexibility of its representation in many applications. Recently,
Zhang et al. [105] proposed Auto-Encoding Transformations (AET), this form of TER
guarantees more flexibility to enforcing transformation equivariance by maximizing
the dependency between the resultant representations and the chosen transformations.
Qi et al. [106] proposed later an alternative Auto-encoding Variational Transformation
(AVT) model that reveals the connection between the transformations and representa-
tions by maximizing their mutual information.

(i) Self-supervised methods

Self-supervision is a form of unsupervised learning where the data provides the super-
vision. Broadly speaking, self-supervised learning converts an unsupervised learning
problem into a supervised one by creating surrogate labels from the unlabeled dataset,
potentially greatly reducing the number of labeled examples required [107]. Currently,
there are several techniques to achieve that, including Autoregressive models, such as
PixelRNN [108], PixelCNN [109], and Transformer [110]. These methods are trained by
predicting the context, missing, or future data, they can generate useful unsupervised
representations since the contexts from which the unseen parts of data are predicted
often depend on the same shared latent representations. Generative models can also be
considered as self-supervised, but with different goals: Generative models focus on cre-
ating diverse and realistic data, while self-supervised representation learning care about
producing good features generally helpful for many tasks.

(iii) Generative models

As for SSL, Auto-Encoders [141], Generative Adversarial Nets (GAN) [130] and many
other generative models have been widely studied in unsupervised learning problems,
from which compact representations can be learned to characterize the generative pro-
cess for unlabeled data. By using an unsupervised fashion such models aim essentially at
generating more data, this is why, as mentioned before, generative models are reviewed
under the “Data Augmentation” strategy.
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Reinforcement learning
Another learning paradigm that has driven impressive advances in recent years without
the need for gobs of real-world data is Reinforcement Learning (RL) [111].

RL is one step more data-efficient than supervised learning. In supervised learning,
the learner learns from a labeled dataset with guidance. Whereas RL agent interacts with
its environment, performs actions, and learns by a self-guided trial-and-error method
[301]. In other words, in the absence of a training dataset, RL agent is bound to learn
from its experience. Seen from this perspective, RL algorithms can be viewed as an opti-
mized-data alternative to supervised learning algorithms, since the sample complexity
does not depend on preexisting data, but rather on the actions the agent takes and the
dynamics of the environment [302].

One of the remarkable achievements of such learning paradigm is AlphaGo Zero
[1], as given absolutely no prior data other than the game’s rules. With no other input,
simply by playing against itself, AlphaGo Zero learned the game of Go better than any
human or machine ever had. Another example is PILCO (Probabilistic Inference for
Learning Control) [303], a model-based policy search method that propagates uncer-
tainty through time for long-term planning and learns parameters of a feedback policy
by means of gradient-based policy search. It achieved an unprecedented data efficiency
for learning control policies from scratch (it requires only about 20 trials, experience of
about 30 s), and is directly applicable to physical systems, e.g., robots.

Following the taxonomy of Arulkumaran et al. [112] two main RL approaches can be
distinguished: (i) methods based on value functions which are based on estimating the
value (expected return) of being in a given state. This approach forms the foundation
of the state-action-reward-state-action (SARSA) algorithm [113], and Q-learning [114]
the most commonly used RL algorithms. And (ii) methods based on policy search that
do not need to maintain a value function model, but directly search for an optimal pol-
icy. There is also a hybrid, actor-critic approach, which employs both value functions
and policy search. Between the two approaches, policy-based methods are known to be
significantly more sample-efficient because they reuse data more effectively [304]. For
instance, Guided Policy Search [305] is very data-efficient as it uses trajectory optimiza-
tion to direct policy learning and avoid poor local optima.

From the model perspective, RL algorithms can be categorized as (i) model based and
(if) model free depending on whether the agent has the access or learns a model of the
environment [112]. Having a model in hands allows the agent to plan ahead to predict
state transitions and future rewards. Thus, If the model is correct, then the learning
would be greatly benefited in terms of sample efficiency compared to model-free meth-
ods. Hence, model-based algorithms are taking the lead in terms of data efficiency as
they try to derive a model of the environment and use that model for training the policy
instead of data from real interactions (e.g., PILCO) [304].

Contemporary deep reinforcement learning (DRL) has led to tremendous advance-
ments [115], but has also inherited shortcomings from the current generation of deep
learning techniques that turned the paradigm of trial-and error-learning to a data-
hungry model [116]. Indeed, the combination requires humongous experience before
becoming useful, it is even claimed that DRL hunger for data is even greater than
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supervised learning. This is why although DRL can potentially produce very complex
and rich models, sometimes simpler, more data-efficient methods are preferable [112].

In fact, DRL excels at solving tasks where large amounts of data can be collected
through virtually unlimited interaction with the environment such as game settings.
However, training DRL model with limited interaction environment such as production-
scale, healthcare or recommender systems is challenging because of the expensiveness
of interaction and limitation of budget at deployment. The recent wave of DRL research
tried to address this issue, for instance, Botvinick et al. [117] suggested in its recent
work two key DRL methods to mitigate the sample efficiency problem: episodic deep
RL and meta-RL. Buckman et al. [306] proposed a stochastic ensemble value expansion
(STEVE) to combine deep model-free and deep model-based approaches in RL in order
to achieve the high performance of model-free algorithms with low sample complexity
of model-based algorithms. To reduce the number of system interactions while simulta-
neously handling constraints, Kamthe et al. [307] introduced a model-based DRL frame-
work based on probabilistic Model Predictive Control (MPC) with learned transition
models using Gaussian processes. The proposed approach requires on average only six
trials (18 s). Popov et al. [308] introduced two extensions to the Deep Deterministic Pol-
icy Gradient algorithm (DDPG) for data-efficient DRL. They showed that by decoupling
the frequency of network updates from the environment interaction, data-efficiency
has substantially been improved. In a recent work, Schwarzer et al. [309] proposed
Schwarzer Self-Predictive Representations (SPR), a method that makes use of self-super-
vised techniques along with data augmentation to train DLR in limited interaction envi-
ronment. The model achieves a median human-normalized score of 0.415 on Atari in a
setting limited to 100 k steps of environment interaction, which represents, according to
the authors, 55 % relative improvement over the previous state-of-the-art.

Discussion

Ultimately, unlabeled data are expected to be a game-changer for Al to move forward
beyond supervised, data-hungry models. While introducing his most recent research
« SimCLR » [118] a framework for contrastive learning of visual representations that
has achieved a tremendous performance leap in image recognition using unsupervised
learning, Al pioneers Geoff Hinton quoted recently in AAAI 2020 Conference that «
unsupervised learning is the right thing to do ». Appearing on the same AAAI stage,
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Fig. 6 Categorization of non-supervised learning methods
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Table 1 Summary of non-supervised learning methods

Non-supervised Learning paradigms Non-supervised Learning techniques References
Semi-Supervised Learning Self-labeled Methods [76-78,81-83]
Graph-based Methods [85, 88, 90]
Extended supervised [90, 92, 93]1,94,95,
Methods 100,101,102]
Unsupervised Representation learning  Transformation-Equivariant Representa-  [103-106]
tions
Self-supervised methods [108-110]
Generative methods [130, 141]
Reinforcement Learning Model-based methods [303, 306, 307]
Policy-based methods [305, 308]

Turing Award winner Yann LeCun agreed that unsupervised learning, semi-supervised
learning, or any model training that does not require manual data labeling are vital tools
for the progress of ML and its applications. The literature is flourishing with a broad
variety of semi-supervised and unsupervised algorithms (Fig. 6; Table 1 summarizes the
key discussed methods). As a matter of fact, recently, both lines of research have strongly
focused on DNN, particularly deep generative models that have been extensively used
for self-supervision and have also been extended to the semi-supervised setting. How-
ever, despite the success of these methods, a considerable amount of empirical studies
reveals that exploiting unlabeled data might deteriorate learning performance [71]. The
potential performance degradation caused by the introduction of unlabeled data is one
of the most important issues to be resolved especially in SSL. Furthermore, we noted
that the evaluation aspect has received relatively little attention in the literature. Prag-
matic baselines to be used for empirically evaluating the performance of non-supervised
learning methods in order to choose an approach that is well suited to a given situa-
tion are relatively rare. Recently, Oliver et al. [119] established a set of guidelines for the
realistic evaluation of SSL algorithms. In turn, Palacio-Ninoe et al. [120] have proposed
evaluation metrics for unsupervised learning algorithms. In recent works, there has been
a notable shift towards automatic selection and configuration of learning algorithms for
a given problem. However, while automating ML pipeline has been successfully applied
to supervised learning [121], this technique is yet to be extended to the non-supervision

settings.

Data augmentation

To fight the data scarcity problem and to increase generalization, the literature suggests
the use of Data Augmentation (DA) techniques. DA entails a set of methods that apply
mutation in the original training data and synthetically creating new samples [122]. It
is routinely used in classification problems to reduce the “overfitting” caused by limited
training data [123]. Indeed, when a model is trained with a small training set, the trained
model tends to overly fit to the samples in the training set and results in poor generaliza-
tion. DA acts as a regularizer to combat this. Considered more and more as a vital and
ubiquitous instrumental data processing step in modern ML pipelines, DA has become
a subject of big interest in both academic and industrial settings. Contributions in this

field are actively growing; new DA techniques emerge in a regular basis. Being unable to
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cover all existing techniques, based on the studied literature, we rather propose a classi-
fication of existing augmentation strategies hinge on four aspects: (i) Whether the muta-
tion/transformation is handcraft or smart (learning-based), accordingly we distinguish
between basic and generative augmentations. (ii) Whether the augmentation is per-
formed in the data or the feature space, accordingly we distinguish between data-space
and feature-space augmentations. (iii) Whether the data to be augmented are acquired
or come from another similar dataset, accordingly we distinguish between in situ aug-
mentation and borrowed augmentations. (iv) Whether the data to be augmented are
labeled or unlabeled, accordingly we distinguish between supervised and unsupervised
augmentations. In the following, we briefly introduce the main methods and review
works that made the biggest impact in each class of augmentation.

Basic vs generative augmentations

The most popular and basic augmentation schema is the traditional transformations, the
aim of this class of methods is to preserve the label of the data through simple trans-
formations which can happen in realistic data. For image augmentation, for example,
this can be achieved by performing geometric transformations (such as random flip-
ping, cropping, translation, rotation...), or by changing color, brightness, or contrast
(Fig. 7). Intuitively, a human observer can still recognize the semantic information in the
transformed image, while for the learner it is perceived as new data. The manipulations
applied to ImageNet [123], remains the standard for this class of technique. The model
has been used extensively for various purposes since its development. Vast amounts of
research have used it to benchmark their models against or as a base model to test new
transformations. On the other hand, the MNIST (handwritten digit) dataset [124] is
commonly augmented using elastic distortions [125], another transformation technique
that mimics the variations in pen stroke caused by uncontrollable hand muscle oscilla-
tions. Yaegeret al. [126] also used the same technique for balancing class frequencies,
by producing augmentations for under-represented classes. Mixing paring samples [127]
proposed by Inoue et al. is another basic augmentation technique for image classification
task, which can create the new image from an original one by overlaying another image
randomly picked from the training set. Zhong et al. [128] introduced random erasing
as a means to make models more robust to occlusion, by randomly erasing rectangu-
lar regions of the input image. Generally, basic class of augmentations has been proven
to be fast, reproducible, and reliable technique with an ease implementation [122, 129].
However, it relies on simple and basic transformation functions, in some specific cases,
this could result in further overfitting. This has prompted further investigation for new
more advanced and powerful DA techniques that include learning algorithms in the aug-
mentation process.

Motivated by the recent advance of generative models especially adversarial learning,
Generative Adversarial Networks (GAN) [130] have been increasingly used for generat-
ing synthetic data. In a nutshell, in GAN based augmentation, two networks are trained
to compete with each other, the Generator and the Discriminator, the first creates new
data instances (typically an image) while the second evaluates them for authenticity
(real or fake), this co-optimized process results in generating realistic synthesized data
(Fig. 7). The result obtained using generative models differs from the one obtained by
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basic transformations. The latter modifies real data with some sort of predefined trans-
formation functions while the former creates new synthetic data. The synthetic data
need to be different enough from the original ones so that these variations lead to a
better generalization capacity. In contrast to basic augmentation techniques which are
limited to minor changes on data to not damage the semantic content. This makes gen-
erative augmentation similar to imagination or dreaming, it has a creative effect that
makes it known for its artistic applications, but this schema also serves as a great tool for
DA.

Basic GAN architectures are unable to create high-quality new samples. This is why
the main contributions in GAN based augmentation are new architectures that modify
the standard GAN framework through different network architectures, loss functions,
evolutionary methods, and others to produce higher quality additional data. One of
these variants is conditional GAN introduced by Odena et al. [131] in 2016 to generate
data by controlling the random noise generation. Many extensions of conditional GANs
have been proposed afterward. ACGAN (Auxiliary classifier GAN) [131] changed the
GAN energy function to add the discrimination class error of the generated sample and
the real sample. This variant demonstrates that a complex latent coder could boost the
generative sample’s resolution. Antoniou et al. proposed DAGAN (Data Augmentation
GAN) [132] that generates synthetic data using a lower-dimensional representation of a
real image. The authors train a conditional GAN on unlabeled data to generate alterna-
tive versions of a given real image. Mariani et al. proposed BAGAN (balancing GAN)
[133] as an augmentation tool to restore balance in imbalanced datasets. The use of
non-conditional GANs to augment data directly has only very recently been explored.
Karras et al. used PGGAN (Progressive Growing of GAN) [134] a stable architecture to
training GAN models to generate large high-quality images that involves incrementally
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increasing the size of the model during training. This approach has proven effective at
generating high-quality synthetic faces that are startlingly realistic. The DCGAN (deep
conventional GAN) [135] is one of the successful network architectures for GANSs.
The main contribution of the DCGAN is the use of convolutional layers in the GAN
framework which provides stable training in most cases and produces higher resolution
images.

Rather than generating addition samples, another class of innovative variants of GAN
attempts to translate data across domains, this consists of learning a mapping between
data from a source domain (typically with large samples) and data from a similar tar-
get domain (with small samples), such as dogs to wolfs. This helps to compensate the
domain with few samples by data from other related domains. Inpix2pix [136], a condi-
tional GAN was used to learn a mapping from an input image to an output image; Inpix-
2pix learns a conditional generative model using paired images from source and target
domains. CycleGAN (Cycle consistent adversarial networks) was proposed by Zhu et al.
[137] for image-to-image translation tasks in the absence of paired examples through
introducing the cycle consistency constraint. Similarly, Disco GAN [138] and Dual GAN
[139] used an unsupervised learning approach for image-to-image translation based on
unpaired data, but with different loss functions. CoGAN [140] is a model which also
works on unpaired images, using two shared-weight generators to generate images of
two domains with one random noise.

Another generative technique to synthesize data using neural networks is the so-called
variational autoencoder (VAE). Originally proposed in [141], VAE can be seen as a gen-
erative model that learns a parametric latent space of the input domain from which new
samples can be generated. This has been mostly exploited for image generation [142].
However recently, VAEs have also been recently used for speech enhancement [143] and
also for music sounds synthesis [144].

As reported by many scholars [122, 145], the primary problem with generative aug-
mentations is that it is hard to generate data other than images, and even within image
data setting it is very difficult to produce high-resolution output images. Moreover, like
any ANN, GAN and VAE require a large amount of data to train and its model can be
unstable or it can overfit. Thus, depending on how limited the initial dataset is, genera-
tive may not be a practical solution [145].

Data-space vs feature-space augmentation

Basic augmentations discussed above are applied to data in the input space, they are
called “data warping” methods [146] as they generate additional samples through
transformations applied in the data-space. The main challenge with such augmenta-
tion schemes is that they are often tuned manually by human experts. Hence, they are
“application-dependent” (transformations are domain-specific) and they require domain
expertise to validate the label integrity and to ensure that the newly generated data
respects valid transformations (that would occur naturally in that domain).

On the other end of the spectrum, we have “synthetic over-sampling” methods,
which create additional samples in feature-space. This class of techniques presents
thus the advantage of being domain-agnostic, requiring no specialized knowledge, and
can, therefore, be applied to many different types of problems [146, 147]. Synthetic
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Minority Over-sampling Technique (SMOTE) [148] is a well-known feature augmenta-
tion method which handles imbalanced dataset by joining the k nearest neighbors to
form new instances. Adaptive Synthetic (ADASYN) [149] is similar to SMOTE, they
function in the same way. By contrast, ADASYN adds a random small bias to the points
after creating the samples to make them not linearly correlated with their parents, which
increases the variance in the synthetic data. The fact that image datasets are often imbal-
anced poses an intense challenge for DA. Like SMOTE and ADASYN, a lot of work has
emerged focusing on restoring the balance in imbalanced images while creating new
samples. Milidiu et al. [312] proposed the Seismo Flow, a flow-based generative model
to create synthetic samples, aiming to address the class imbalance. Shamsolmoali et al.
[313] introduced a GAN variation called CapsAN that handles the class imbalance prob-
lem by coalescing two concurrent methods, GANs and capsule network. Lee et al. [314]
showed that pre-training DNNs with semi-balanced data generated through augmenta-
tion-based over-sampling improves minority group performance.

Furthermore, by manipulating the vector representation of data within a learned fea-
ture space, a dataset can be augmented in a number of ways, DeVries and Taylor [147]
discussed adding noise, interpolating, and extrapolating as useful forms of feature space
augmentation, while Kumar et al. [150] studied six feature space DA methods to improve
classification, including Upsampling, Random Perturbation, Conditional Variational
Autoencoder, Linear Delta, Extrapolation and Delta-Encoder.

In situ augmentations vs borrowed augmentations

Common augmentation techniques described so far are self-sufficient, that is they make
use of the available small data to generate larger dataset without the need for any exter-
nal data. For this, we can consider them “In situ augmentations” However, they only
work under the assumption that some initial data are available in the first place. In sce-
narios where no primary data are available, previously discussed techniques are not
applicable. A very human-like way to tackle this issue is to ask someone to lend you what
you are missing (such as borrowing salt or pepper from a neighbor or asking a dress
from a friend). Similarly, instead of being limited only to the available training data, a
“Borrowed augmentations” schema -if we may call it- augments data by aggregating and
adapting input-output pairs from similar but larger data sets. A typical application of
this method is autonomous vehicle where training data can be transferred into a night-
to-day scale, winter-to-summer, or rainy-to-sunny scale (Fig. 7). Basically, transform-
ing samples from a dataset to another aims at learning the joint distribution of the two
domains and finding transformations between them. This line of research addresses the
problem of domain shift [151] known as the dataset bias problem, i.e. mismatch of the
joint distribution of inputs between source and target domains. An early work [152] that
addressed the problem, proposed to learn a regularized transformation using informa-
tion-theoretic metric learning that maps data in the source domain to the target domain.
This is considered one of the first studies of domain adaptation [153] in the context of
object recognition. However, this approach requires labeled data from the target domain
as the input consists of paired similar and dissimilar points between the source and the
target domain. In contrast, Gopalan et al. [154] proposed a domain adaptation tech-
nique for an unsupervised setting, where data from the target domain is unlabeled. The
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domain shift, in this case, is obtained by generating intermediate subspaces between the
source and target domain, and projecting both the source and target domain data onto
the subspaces for recognition. Unsupervised domain adaptation has been largely investi-
gated afterward [155—158]. Recently, it was shown that a GAN objective function can be
used to learn target features indistinguishable from the source ones. Hence, most recent
works regarding data transportation cross-domains are based on generative models. For
instance, the aforementioned technique of image-to-image translation based on GANs
is a successful example of such schema, other similar techniques include neural style
transfer (translate images from one style to another) [159], Text-to-Image Translation
[160], Audio-to-Image Generation [161], Text-to-Speech synthesis [162] ... etc. By rely-
ing on GAN, other recent works made use of this model to boost performance. Wang
et al. [163] proposed Transferring GANs (TGANs) which incorporate a fine-tuning tech-
nique into GAN, to train this latter with low-volume target data. Yamaguchi et al. [164]
import data contained in an outer dataset to a target model by using a multi-domain
learning GAN. Huang et al. [165] proposed AugGAN, a cross-domain adaptation net-
work, which allows to directly benefit object detection by translating existing detection
RGB data from its original domain other scenarios. As one may note, while most works
address transferring data cross domain for image generation, the challenge is still mod-
estly explored in other domains [166].

Supervised vs unsupervised data augmentation

Augmentations schemas are class-preserving transformations, they rely on labeled data
(supervised augmentation). However, if getting more data is hard, getting more labeled
data is harder. Whilst collecting unlabeled data is easier and cheaper as human effort
is not needed for labeling, a major issue is how to augment data without labels. Typi-
cally, SSL and unsupervised methods discussed previously are the best candidates to
address the issue. Remarkably, tackling the challenge of using unlabeled data has been
the subject of relatively few works in the literature in comparison with supervised aug-
mentation methods. In recent work, Xie et al. [167] showed that data augmentation
can be performed on unlabeled data to significantly improve semi-supervised learning.
Their model relies on a small amount of labeled examples to make correct predictions
for some unlabeled data, from which the label information is propagated to augmented
counterparts through the consistency loss. Aside cycle consistency regularization, the
commonly used approach for augmenting smaller labeled datasets using larger unla-
beled datasets is self-training or more generally co-training [75], as discussed in the pre-
vious strategy, this type of training relies on an iterative process that use pseudo-labels
on unsupervised data to augment supervised training. Always with the goal of leverag-
ing a large amount of unlabeled data and a much smaller amount of labeled data for
training, others methods have been proposed in the literature using methods such as
Temporal Ensembling [101], Mean Teacher [102], self-paced learning [168], and data
programming [169].

Discussion
To sum up, there no best augmentation schema, the choice of the technique to use
depends on the application scenario. When no data is available, borrowed augmentations
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Table 2 Summary of augmentation methods

Augmentation techniques References
Basic transformation [125,126,128]
Generative augmentation [131-140
142-144]
Feature-space augmentation [147-150]
Domain adaptation [153-158, 165]
Unsupervised augmentation [167,75,101, 102, 168, 169]

should be considered. When a large amount of unlabeled samples exists, unsupervised
augmentations are the best choice. Fig. 7; Table 2 depicts the main reviewed DA tech-
niques. However, it is noteworthy that there are very few studies in the literature that
compare empirically the performance of the different augmentations. Wong et al. [146]
compared data-space or feature-space and found that it was better to perform data aug-
mentation in data-space, as long as label preserving transforms are known. Shijie et al.
[170] compared generative methods with some basic transformations. They found the
combinations of the two types of augmentation drive better performance. Indeed, the
choice of combining augmentation techniques can result in massively inflated dataset
sizes. However, this is not guaranteed to be advantageous, especially in very limited data
setting, this could result in further overfitting [122]. Furthermore, the classes of tech-
niques described in this section are neither mutually exclusive nor exhaustive. That
means depending on the complexity, the space, the domain, and the data annotability on
which the augmentation occurs, techniques can belong to different classes. For example,
generative augmentations like cycleGAN are used to implement image to image transla-
tion, which is a type of borrowed augmentations. GANs have been also exploited in the
context of unsupervised augmentation. For instance, Wang et al. [171] proposed a vari-
ant of CycleGAN (DicycleGAN) that performs an unsupervised borrowed augmentation
based on a generative model.

Regardless their numbers and capacities, current DA implementations remain man-
ually designed. A key research question is then to find automatically the effective DA
schema for a given dataset by searching in a large space of candidate transformations.
State-of-the-art approaches to address this problem include TANDA a framework pro-
posed by Ratner et al. [172] to learn augmentations based on GAN architecture. And,
AutoAugment [173] demonstrated state-of-the-art performance using a reinforcement
learning algorithm to search for an optimal augmentation technique amongst a con-
strained set of transformations with miscellaneous levels of distortions. Several subse-
quent works including RandAugment [174] and Adversarial AutoAugment [175] have
been proposed to reduce the computational cost of AutoAugment, establishing new
state-of-the-art performance on image classification benchmarks.

As noted several times before, DA has essentially been used to achieve nearly all
state-of-the-art results for image data, particularly for medical imaging analysis. In
this domain where high-quality supervised samples are generally scarce and fraught
with legal concerns regarding patient privacy, image augmentation is considered a de
facto technique [176—178]. Medical data suffer also from the so-called “p large, n small”
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problem (where p is the number of features and n is the number of samples), hence,
some works [310] attempted to fight the curse of data dimensionality along with the
curse of data scarcity by proposing a dimensionality reduction-based method that can
be used for data augmentation. Unfortunately, dataset augmentation is not as straight-
forward to apply in other domains as it is for images. Current effort of exploring DA
in others non-image domains includes mainly sound, speech, and text augmentation. In
this vein, Schluter and Grill [179] investigated a variety of DA techniques for application
to singing voice detection. Wei et al. [180] proposed a text augmentation technique for
improving NLP application performance.

Knowledge sharing

A common assumption in most ML algorithms states that the training and future
(unknown) data must be drawn from the same data space and have to follow the same
distribution [182] (as stressed before, following the PAC-learnability criteria, the dis-
tribution D must be stationary-see the "Background" section). This implies that when
the task to be learned or its domain change, the model needs to be rebuilt from scratch
using newly collected training data. This paradigm is called single task learning or iso-
lated learning. The fundamental problem with this way of learning is that it does not
consider any other related information or the previously learned knowledge to alleviate
the need for training data for a giving task. This is in sharp contrast of how we humans
learn. As discussed in the "Background" section, human learning is very knowledge-
driven: we accumulate and maintain the knowledge learned from previous tasks and use
it seamlessly in learning new tasks and solving new problems with little data and effort.
Towards the ultimate goal of building machines that learn like humans, some research
areas attempted to break the training data exclusive dependency by exploring the idea of
using prior knowledge as additional inputs for ML models apart from standard training
data. We characterize this family of approaches as knowledge sharing strategy. Depend-
ing on how, when and what extent of knowledge is shared, the research is conducted
under different guises, however all approaches share the same spirit: reusing knowledge
instead of relying solely on the tasks’ training data. Next, we investigate the four main
ways of sharing knowledge found in the literature, namely (A) Transfer Learning, (B)
Multi-Task-Learning, (C) Lifelong Learning, and (D) Meta-Learning.

Transfer Learning

Inspired by human beings’ capabilities to transfer knowledge across tasks, Transfer
Learning (TL) aims to improve learning and minimize the amount of labeled samples
required in a target task by leveraging knowledge from the source task. Following the
Pan et al. [182] definition: given a source domain Dg and a learning task T, a target
domain Dy and a learning task T, TL aims to help improve the learning of the target
predictive function fI(.) in Dy using the knowledge in Dg and Tg, where Dg = D or T =
T Accordingly, TL allows the tasks and distributions used in training (source) and test-
ing (target) to be different. When the target and source domains are the same, i.e., Dg =
Dy, and their learning tasks are the same, i.e., Tg = T, the learning problem becomes a
traditional ML problem.
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Surveys [182] and [183] proposed and discussed a taxonomy of TL which has been
widely accepted and used. Depending on the availability of labeled data in source and/
or target data, they distinguished between [182]: (i) inductive TL, (ii) transductive TL
and (iii) unsupervised TL, which correspond respectively to the case of having availa-
ble labeled target domain data, the case of having labeled source and no labeled target
domain data, and the case of having no labeled source and no labeled target domain
data. Domain adaptation, the DA technique discussed before is a type of transductive TL
in which the source task and the target task are the same but their domains are different.
Furthermore, regardless of the availability of labeled and unlabeled data, TL problems
can generally be categorized into two main classes [183]: homogeneous transfer learning
and heterogeneous transfer learning, the former category focused on generalization per-
formance across the same domain representations, meaning that the samples in a source
domain and those in a target domain share the same representation structure but follow
different probability distributions, the majority of TL approaches belong to this category.
In the latter category, the feature spaces between the source and target are nonequivalent
and are generally non-overlapping, this case is more challenging as knowledge is avail-
able from source data but it is represented in a different way than that of the target. This
method thus requires feature and/or label space transformations to bridge the gap for
knowledge transfer, as well as handling the cross-domain data distribution differences.

The effectiveness of any transfer method depends on the source task and how it is
related to the target task. A transfer method would produce positive transfer between
appropriately related tasks, while negative transfer occurs when the source task is not
sufficiently related to the target task or if the relationship is not well leveraged by the
transfer method [184]. Increasing positive transfer, and avoiding negative transfer is one
of the major challenges in developing transfer methods.

TL methods in the literature share the same function: leveraging the knowledge in the
source domain. Three classes of TL methods can be defined based on the type of the
shared knowledge: instance, feature, or model (parameter), accordingly we can distin-
guish between: (i) instance-based TL approaches that reuse labeled data from the source
domain by re-weighting or resampling instances to help to train a more precise model
for a target learning task [185]. (ii) feature-based TL approaches, the transfer in this type
of approaches is operated in an abstracted “feature space” instead of the raw input space.
The aim is to minimize domain divergence and reduce error rates by identifying good
feature representations that can be utilized from the source to target domains [186]. And
Model-based TL, also known as parameter-based TL, here the transferred knowledge
is encoded into model parameters, priors or model architectures. Therefore, the goal
of this class of approaches is to discover what part of the model learned in the source
domain can help the learning of the model for the target domain [187]. Model-based TL
is arguably the most frequently used method. Additionally, we also identified relational
based TL where data are non-independent and identically distributed. The three main
TL approaches implicitly assume that data instances are independent and identically
distributed. However, in real-world scenarios often contain some structures among the
data instances, leading to relational structures in these domains, like for example social
network domain. A family of approaches called relational-based TL attempts to handle
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this issue by building a mapping of the relational knowledge between the source rela-
tional domain and the target relational domain [188].

In the studied literature, TL methods are used in the classic learning tasks including
classification, regression, and clustering tasks, relatively fewer but impactful works have
also handled TL for reinforcement learning [189]. Success applications of TL include
computer vision [190], NLP [191], and urban computing [192]. Emerging and promis-
ing research lines in TL include (i) Hybrid-based approaches, TL solutions that focus on
transferring knowledge through the combination of different TL methods, for instance
by using both instances and shared parameters. This is relatively a new approach and a
lot of interesting research is emerging [193]. (ii) Deep transfer learning, as deep learning
becomes a ubiquitous technique, researchers have begun to endow deep models with
TL capabilities. The powerful expressive ability of deep learning has also been leveraged
to extract and transfer knowledge such as the relationships among categories. Fine-tun-
ing [194] is a glaring example of popular and effective technique for knowledge transfer
in terms of model parameters based on pre-trained models. The knowledge distillation
technique [195], which involves a teacher network and a student network, is also a good
example of this line of work. (iii) Transitive TL [196], a new type of TL problem where
the source and target domains have very few common factors, making most TL solu-
tions invalid. Always by following the human learning model which can conduct tran-
sitive inference and learning, novel TL solutions have proposed to connect the source
and target domains by one or more intermediate domains through some shared factors.
(iv) AutoTL, addresses the issue of learning to transfer automatically [197]. Wei et al.
[198] proposed a transfer learning framework L2T that automatically explores the space
of TL method candidates to discover and apply the optimal TL method that maximally

improves the learning performance in the target domain.

Multi-task learning
If a TL method aims to improve the performance of the source task and target task
simultaneously, we are dealing with a Multi-task learning (MTL) problem [199]. MTL
shares the general goal of leveraging knowledge across different tasks. However, unlike
TL there is no distinction between source and target tasks, multiple related tasks each
of which has insufficient labeled data to train a model independently, are learned jointly
using a shared representation. The training data from the extra tasks serve then as induc-
tive bias, acting in effect as constraints for the others, improving general accuracy, and
the speed of learning. As a result, the performance of all tasks is improved at the same
time with no task prioritized. MTL is clearly close to TL, in some literature it is even
considered as a type of inductive TL [182], this is why it is generally acknowledged that
MTL problem could be approached with TL methods, however the reverse is not pos-
sible [200]. Some works investigated hybrid scenarios where new task is arrived when
multiple tasks have been already learned jointly by some MTL method. This could be
seen as MTL problem for old tasks and TL problem to leverage knowledge from the old
tasks to the new task. Such setting is called asymmetric multi-task learning [201].

A variety of different methods has been used for MTL, basically to each nature of the
learning task corresponds a different setting in MTL [202]. Accordingly, (i) the multi-
task supervised learning is based on training labeled data for each task. As for TL,
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researches in this area have been conducted on three categories, that are, (a) feature-
based multi-task supervised learning, specifically the problem of feature-selection [203]
and feature transformation [204]. (b) Model-based multi-task supervised learning, nota-
bly, the low-Rank approach [205], the task clustering approach [206], and task relation
learning approach [207]. Finally, very modest contributions have been done on the third
category, (c) instance-based multi-task supervised learning [208]. (ii) In multi-task unsu-
pervised learning, each task deals with discovering useful patterns in data. (iii) In multi-
task semi-supervised learning, tasks based their predictions on labeled data as well as
unlabeled data. (iv) In multi-task active learning, each task selects representative unla-
beled data to query an oracle with the hope to reduce the labeling cost as much as possi-
ble. (v) In multi-task reinforcement learning, each task aims to maximize the cumulative
reward by choosing actions. (vi) In multi-task multi-view learning, each task exploits
multi-view data. Recent years witness extensive studies on streaming data, known as
online multi-task learning [209], this class of methods is used when training data in mul-
tiple tasks arrive sequentially, hence (vii) in multi-task online learning, each task is to
process sequential data.

In settings where MTL consists of tasks with different types including supervised
learning, unsupervised learning, reinforcement learning...etc., the MTL is characterized
as heterogeneous. In contrast to the homogeneous MTL which consists of tasks of the
same type. Unless it is explicitly underlined, the default MTL setting is the homogeneous
one [202].

Given the nature of its process, MTL has been studied under the decentralized set-
tings where each machine learns a separate, but related, task. In this vein, multiple paral-
lel and distributed MTL models have been introduced in the recent literature [209-211].
Recently, research in MTL using DNN has produced a wide spectrum of approaches that
have yielded impressive results on some tasks and application such as image process-
ing [212], NLP [213] and biomedicine [214]. Conversely, there have been exciting results
using MLT methods in DNN. Generally, there are two commonly used approaches to
carrying out MTL in deep learning: hard and soft [215]. Hard parameter sharing implies
the sharing of hidden layers between all tasks, and the output layers are different. Soft
parameter sharing gives each task its own model with its own parameters, where these
model parameters have a regularized distance to facilitate the sharing of learning.

Lifelong learning

One of the long-standing challenges for both biological systems and computational
models (especially ANN) is the stability-plasticity dilemma [216]. The basic idea is that
a learner requires plasticity for the integration of new knowledge, but also stability in
order to prevent the forgetting of previous knowledge. The dilemma is that while both
are desirable properties, the requirements of stability and plasticity are in conflict. Stabil-
ity depends on preserving the structure of representations, plasticity depends on alter-
ing it. An appropriate balance is difficult to achieve. Generally, ANN models tend often
to have excessive plasticity, a problem that is dramatically referred to as “catastrophic
forgetting” (or “catastrophic interference”) [216] which basically means the loss or dis-
ruption of previously learned knowledge when a new task is learned. Recently, a num-
ber of approaches have been proposed to mitigate catastrophic forgetting. They aim to
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design models that are sensitive to, but not disrupted by, new data. These approaches are
categorized as lifelong/continual learning (LL) approaches. LL embodies a knowledge
sharing process as it makes use of prior knowledge from the past observed tasks to help
continuously learning new/future tasks. Hence, LL studies scenarios where a large num-
ber of tasks come over time. Thus, to deal with the continuous stream of information,
LL approaches include essentially two elements: (a) a retention strategy to sequentially
retain previously learned knowledge and (b) a transfer mechanism to selectively transfer
that knowledge when learning a new task. Most of the research effort in LL has focused
primarily on how to retain knowledge, in doing so, the focus has been shifted to counter
catastrophic forgetting. various approaches have been proposed in this sense including
(i) architectural methods, (ii) regularization methods, and (iii) rehearsal methods [217].
A high-level analysis of LL literature shows that since its introduction 25 years ago in
[218], LL concept has mainly evolved in respect of the four-learning paradigms:

(i) Lifelong supervised learning: Early contributions in this area were based on memory
systems and neural networks. Thrun [219] proposed two memory-based learning
methods: k-nearest neighbors and Shepard’s method. Although they are still used
today, memory-based systems suffer from the drawback of large working memory
requirements as they require explicit storage of old information [216]. On neural
networks level, initially, Thrun and Mitchell worked [220] on a LL approach called
explanation-based neural networks EBNN. Since, Silver et al. have extensively work
on the extension and the improvement of the neural network approaches through
many works [221-223]. Furthermore, a lifelong naive bayesian classification tech-
nique was proposed by Chen et al. [224], which is applied to a sentiment analy-
sis task. Ruvolo and Eaton [225] proposed an efficient LML algorithm (ELLA) to
improve an MTL method to make it a LL method. Clingerman and Eaton [226]
proposed GP-ELLA to support Gaussian processes in ELLA.

(i) Lifelong unsupervised learning: Works in this area are mainly about lifelong topic
modeling and lifelong information extraction. Lifelong Topic Modeling approaches
extract knowledge from topic modeling results of many previous tasks and uti-
lizes the knowledge to generate coherent topics in the new task related works in
this vein include [227, 228]. As the process of information extraction is by nature
continuous and cumulative, information extraction represents an evident area for
applying LL. Significant works of this line of research include [229, 230].

(iii) Lifelong semi-supervised learning: The most well-known and impactful work in this
area is NELL, which stands for Never-Ending Language Learner [231 — 230]. NELL
is a lifelong semi-supervised learning system that has been reading the Web con-
tinuously for information extraction since January 2010, and it has accumulated
millions of entities and relations.

(iv) Lifelong reinforcement learning: Thrun and Mitchell [218] first studied lifelong rein-
forcement learning for robot learning. Recently, many works have been proposed
in this area due to the recent surge in research in RL after being successfully used
in the computer program. Bou Ammar et al. [232] presented a policy gradient effi-
cient lifelong reinforcement learning algorithm. Tessler et al. [233] proposed a life-
long learning system that transfers reusable skills to solve tasks in a video game.
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Rolnick et al. [234] introduced CLEAR, a replay-based method that greatly reduces
catastrophic forgetting in multi-task reinforcement learning.

By analyzing the LL literature, we note that despite the first pioneering attempts and
early speculations, research in this field has never been carried out extensively until
the recent years. In their book, Chen et al. [235] emphasized some reasons behind the
slow advancement. The main reason according to them is that ML research in the past
20 years focused only on statistical and algorithmic approaches. Moreover, much of the
past ML research and applications focused on supervised learning using structured data,
which are not easy for LL because there is little to be shared across tasks or domains.
They also underlined the fact that many effective ML methods such as SVM and deep
learning cannot easily use prior knowledge even if such knowledge exists. However
recently as most of the limits caused by these factors have been exceeded, LL is becom-
ing increasingly a rich area of scientific contributions and new approaches have emerged.
Notably, continual learning in DNN [216] and lifelong interactive knowledge learning for
chatbots [236]. Still, we believe that existing LL literature does not sufficiently cover the
evaluation aspect, that is what makes a LL system successful, how to compare existing
LL algorithms, and what metrics are most useful to report. Hence, much more efforts

are expected in the research area for years to come.

Meta-learning

Meta-learning, or learning to learn (LTL), improves the learning of a new task by using
meta-knowledge extracted across tasks [237]. In a nutshell, LTL treats learning tasks
as learning examples. It aims to improve the learning algorithm itself, given the experi-
ence of multiple learning episodes. Basically, in a meta-learning system, we distinguish
the meta-learner, which is the model that learns across episodes, and the inner-learner,
which is instantiated and trained inside an episode by the meta-learner. More specifi-
cally, the inner-learner model, typically a CNN classifier, is initialized, and then trained
on the support set (e.g., the base training set). The algorithm used to train the inner-
learner is defined by the meta-learner model. This latter, updates the inner-learner to
be able to improve while solving a task in the classic way (base learning) with only a
very small set of training examples. At the end of the episode, the meta-learner’s param-
eters are trained from the loss resulting from the task learning error [238]. Thus, meta-
learning is tightly linked to the process of collecting and exploiting meta-knowledge.
Meta-knowledge collecting is performed by extracting algorithm configurations such
as hyperparameter settings, pipeline compositions and/or network architectures, the
resulting model evaluations, the learned model parameters, as well as measurable prop-
erties of the task itself, also known as meta-features. Then the meta-knowledge is trans-
ferred to guide the search for optimal models for new tasks [239].

From our perspective, we consider LTL a tool for knowledge sharing more than an
approach of reusing knowledge per se. Indeed, in the scanned literature, LTL is usually
introduced as a method to solve other knowledge-sharing scenarios. Particularly, LTL
is commonly described as the de facto method to solve few-shot learning (FSL) prob-

lems [7], a regime where only few experiences are available. Therefore, we propose in the
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following to review LTL methods in respect of the three discussed approaches, namely:
TL, MTL, and LL, while shedding light on FSL, the most popular instantiation of LTL in
the field of supervised learning.

A. Meta-learning-based methods for FSL

As the name implies, FSL refers to the problem of learning a new concept or task with
only a few training examples or no pre-labeled learning example [7]. FSL is not a knowl-
edge sharing approach itself, but it is an umbrella term encompassing techniques that
make use of prior knowledge methods to deal with data scarcity scenarios. There are
three main variants of FSL, (i) zero-shot learning [240], which deals with learning a task
that has no associated labeled training samples, (ii) one-shot learning [241] where tasks
are learned from a single example, and (iii) low shot learning, assumes that a handful
(typically 2—5) labeled examples exist for target/novel classes. Recently, FSL has sparkled
with several successful applications in literature including few-shot classification [242],
few-shot object detection [243], semantic segmentation [244], and landmark prediction
[245]. Generally, existing FSL models fall into two main groups, (i) Hallucination-based
methods (practically data augmentation) deal directly with the data scarcity by “learn-
ing to augment’, however DA could alleviate the issue, but does not solve it. In this sec-
tion, we focus on the second group (ii) Meta-learning-based methods that tackle the FSL
problem by “learning to learn”. The majority of this class of methods can be labeled as
either a metric learning algorithm or as a gradient-based meta-learner.

(i) Metric learning algorithm: These methods address the FSL problem by “learn-
ing to compare” The basic idea of metric learning is to learn a distance function
between data points (like images). It has proven to be very useful for solving FSL
problem for classification tasks: instead of having to fine-tune on the support set
(the few labeled images), metric learning algorithms classify query images by com-
paring them to the labeled images. Koch et al. [246] proposed the Siamese Neural
Networks to solve few-shot image classification. Their model learns a siamese net-
work by metric-learning losses from a source data, and reuses the network’s fea-
tures for the target one-shot learning task. Vinyals et al. [247] proposed Matching
Networks that use an episodic training mechanism. Snell et al. [248] introduced
prototypical Networks that learn a metric space in which classification can be per-
formed by computing distances to prototype representations of each class. Sung
et al. [249] proposed Relation Network that uses CNN-based relation module as
a distance metric. Li et al. [250] designed a model named Covariance Metric Net-
works (CovaMNet) to exploit both the covariance representation and covariance
metric based on the distribution consistency for the few-shot classification tasks.
Wertheimer et al. [251] localized objects using a bounding box. Garcia et al. [242]
used Graph Neural Network based model. Despite the rich contributions in this
line of research, relation measure, that is how to robustly measure the relationship
between a concept and a query image remains a key issue in this class of FSL meth-
ods.

(i) Gradient-based Meta-Learning: These methods address the FSL problem by “learn-
ing to optimize” They embed gradient-based optimization into the meta learner.
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More specifically, in such models, there is an inner- loop optimization process that
is partially or fully parameterized with fully differentiable modules. The methods
of this class differ according their choice of the meta-model algorithm. The most
famous meta-learners in the literature are perhaps (i) Meta-LSTM introduced by
Ravi & Larochelle [252], a meta-learner that uses a Long-Short-Term-Memory net-
work to replace the stochastic gradient decent optimizer and the weight-update
mechanism. And (ii) Model-Agnostic Meta-Learning (MAML) [253] is currently
one of the most elegant and promising LTL algorithms. MAML provides a good
initialization of a model’s parameters to achieve optimal fast learning on a new task
with only a small number of gradient steps. This method is compatible with any
model trained with gradient descent (model-agnostic), and has been shown to be
effective in many classification and reinforcement learning applications. Following
this line of work, many recent studies [315-318] focused on learning better ini-
tialization by adaptively learning task-dependent modifications. In these works, the
inner-loop optimization is generally based on first-order optimizer algorithms such
as SGD and Adam. A few recent studies propose optimizer-centric approaches
[319-321], they are models that focus not only on adjusting the optimizer algo-
rithm but on learning the inner optimizer itself.

B. Meta-learning in TL setting

There are many works in the literature that combined TL with LTL. Aiolli [254] pro-
posed an approach to transfer learning based on meta kernel learning. Eshratifar et al.
[255] propose a joint training approach that combines both TL and meta-learning loss
functions into a learning algorithm. Sun et al. [256] proposed a novel FSL method called
meta-transfer learning which learns to adapt a DNN for FSL tasks. Later, the authors
introduced the hard task meta-batch scheme as a learning curriculum that further
boosts the learning efficiency of the proposed meta transfer learning [257]. Li et al. [258]
bring forward a novel meta-transfer feature method (MetaTrans) for measuring the
transferability among domains. Some of the recent applications of meta-transfer learn-
ing include meta-transfer learning for learning to disentangle causal mechanisms [259],
meta-transfer learning for zero-shot super-resolution [260], meta-transfer learning for
code-switched speech recognition [261], and meta transfer learning for adaptive vehicle
tracking in UAV Videos [262].

3 Meta-learning in MTL setting

LTL has recently emerged as an important direction for developing algorithms for
MTL. Indeed, meta-learning can be brought in to benefit MTL, notably by learning
the relatedness between tasks or how to prioritize among multiple tasks. In this vein,
Lin et al. [263] proposed an adaptive auxiliary task weighting to speed up training for
reinforcement learning. Franceschi et al. [264] proposed a forward and reverse gradient-
based hyperparameter optimization for learning task interactions. Epstein et al. [265]
proposed a meta-learning framework for extracting sharing features among multiple
tasks that are learned simultaneously. Chen et al. [266] used a shared meta-network to
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Table 3 Summary of knowledge sharing methods

Knowledge sharing methods References

Transfer learning 185-189, 193-196, 198]

Multi-Task learning 201, 203-209]

[

[
Lifelong learning [219, 220, 224-230]

[232-234]
Meta learning [258, 264],[266, 268, 271- 273]
Few-shot learning [246-253]

capture the meta-knowledge of semantic composition and generate the parameters of
the task-specific semantic composition models in MLT setting. Amit et al. [267] pro-
posed a PAC-Bayes meta-learning method designed for multi-task learning.

4 Meta-learning in LL setting

LL can also be realized through LTL. Riemer et al. [268] proposed a framework
called Meta-Experience Replay (MER) that integrates meta-learning and experience
replay for continual learning. Javed et al. [269] proposed OML, a meta-learning objec-
tive that directly minimizes catastrophic interference by learning representations that
accelerate future learning and are robust to forgetting under online updates in continual
learning. He et al. [270] proposed task agnostic continual learning framework based on
meta-learning that is implemented by differentiating task specific-parameters from task
agnostic parameters, where the latter are optimized in a continual meta-learning fash-
ion, without access to multiple tasks at the same time. Munkhdalai et al. [271] intro-
duced a meta-learning model called MetaNet that supports meta-level LL by allowing
ANN to learn and to generalize a new task or concept from a single example on the
fly. Vuiro et al. [272] proposed a meta-training scheme to optimize an algorithm for
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mitigating catastrophic forgetting. Xu et al. [273] described an LTL method to improve

word embeddings for a lifelong domain without a large corpus.

Discussion

In this section, by knowledge sharing we referred to all types of learning based on prior
experiences with other tasks. When, how, and what knowledge is shared determinate
the class of methods (Table 3 summarizes the reviewed class of methods). Neverthe-
less, throughout the literature, we noted a number of terminology inconsistencies.
Phrases such as “transfer learning” and “multi-task learning” or “few-shot learning”
and “meta-learning” are sometimes used interchangeably. This is often a source of con-
fusion as the studied concepts are closely related and boundaries between them aren’t
always clear. Certainly, the reviewed approaches are similar in their common goal of
knowledge reuse, however, they are different in their specific ways to handle knowledge
transfer (Fig. 8 highlight the transfer mechanism of each approach). TL improves the
learning of a target task through the transfer of knowledge from a related source task
that has already been learned. MTL considers how to learn multiple tasks in parallel, at
the same time, and exploit their intrinsic relationship, such that they help each other to
be learned better. LL is sequential learning that continually learns overtime by accom-
modating new knowledge while retaining previously learned experiences. Meta-learn-
ing transfers meta-knowledge across tasks, it can thus be considered a meta-solution
to transfer knowledge in TL, MTL, and LL. FSL is a problem and not a solution, that
studies learning tasks with a few experiences. Hence, reviewed knowledge sharing solu-
tions can be used to solve this problem, particularly meta-learning approaches. Among
the five concepts, TL is probably the largest one, as all reviewed approaches involve, at
some level, transfer related operations. However, it is important to note that TL is uni-
directional, its goal is to improve the learning of only the target task, learning of the
source task(s) is irrelevant and not considered. Similarly, LL (in its vanilla version) only
transfer knowledge forward to help future learning and do not go back to improve the
model of previous tasks. While in MTL all tasks and data are provided together, allow-
ing the model to be trained on and then to improve all tasks at the same time, but at a
potentially high computational cost. Recently, backward or reverse knowledge transfer is
increasingly studied in the context of LL [274]. Furthermore, TL and MLT typically need
only few similar tasks and do not require the retention of explicit knowledge. LL, on the
other hand, needs significantly more previous tasks in order to learn and to accumulate
a large amount of explicit knowledge so that the new learning task can select the suit-
able knowledge to be used to help the new learning. Hence, the growth of the number
of tasks and knowledge retention are key characteristics of LL, this why many optimiza-
tion efforts have been observed in the presented literature regarding these two aspects.
On another note, meta-learning trains a meta-model from a large number of tasks to
quickly adapt to a new task with only a few examples. It can be useful for better knowl-
edge retention through metric learning or for measuring relatedness between tasks or
to select the useful knowledge to be transferred. However, one key assumption made
by most meta-learning techniques is that the training tasks and test/new tasks are from
the same distribution, while other approaches do not make this assumption. This is a
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major weakness that can limit the scope of LTL application and which has to be seriously
addressed in the future LTL research.

Despite the underlined differences, clearly, knowledge sharing approaches are closely
related, they share many challenging issues that are expected to preoccupy the future lit-
erature in this field as well as key characteristics that allow them to work collaboratively
and synergistically. For example, if we continuously apply TL in a learning system, we
can obtain a lifelong machine learning system, inversely we can view TL as LL system in
the particular case where the number of the tasks is two. On the other hand, LL could
also be considered as online MTL where we deal with multiple tasks, and data points
arrive in sequential order. Another special case of LL that is worth to be mentioned that
at level, is curriculum learning [275]. Similarly to MLT, in this case, all tasks and data
are made available, but the problem is to identify the optimal order in which to train
on data for the most efficient and effective learning. An intuitive type of curriculum is
to learn tasks from “easy” to “hard” (similar to the way humans often learn new con-
cepts). Another common characteristic is the regularization effect, knowledge sharing
approaches, especially those dealing with multiple tasks, benefit from the effect regulari-
zation due to parameter sharing and of the diversity of the resulting shared representa-
tion. They also somehow implicitly augment data (e.g., domain adaptation).

On the other end of the spectrum, knowledge sharing approaches share also the
same concerns. Notably, the effectiveness of all reviewed approaches depends on the
task relatedness, defining task similarity is a key overarching challenge. As mentioned
before, considerably less attention has been given to the rigorous evaluation to com-
pare between methods of the same approach or between approaches of different nature.
Also, dealing with knowledge implies to answer some important questions such as what
forms of knowledge are important, how to represent them, and what kinds of reasoning
capabilities are useful, since reasoning allows the system to infer new knowledge from
existing knowledge, which can be used in the new task learning. However, so far, lit-
tle research has been done to address these questions in knowledge sharing literature.
Hence, we believe that research in knowledgeable systems needs more engagement and
wider attention of academic researchers, more efforts are expected in order to bring this
fields to maturity and make it able to compete classical paradigms of learning.

2.4 Hybrid learners

Data hungriness is mainly related to DNN when they are used in a supervised fashion,
these models represent a branch of learning called connectionism. Another potential
strategy to cure hungriness would be then to go out of the box and to look for other
branches of learning that are more data-efficient. In his recent book, Domingos [276]
has drawn borders between five schools of thoughts in ML, namely symbolists, connec-
tionists, evolutionaries, bayesians, and analogizers. Driven by the same goal of building
learning machines, each type of learner makes different assumptions about data. Evo-
lutionaries take roots in evolutionary biology, they use genetic algorithms to deal with
structure discovery problem. By being basically research and optimization algorithms,
learners of this family require relatively less data. They are mainly used to optimize other
hungry learners [277, 278] but they are known to be costly. Bayesians find their origins
in statistics, they use probabilistic inference to cope with uncertainty. Algorithms of this
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family are mostly supervised such as SVM, accordingly they require a large amount of
data. Similarly, analogizers also need data about the solution of a known situation to
transfer it to a new situation faced using mainly Kernel machines, recommender systems
are the most famous application of analogy-based learning. Generally, all three fami-
lies obey the rule of “more data, better learning” However, connectionists represented
by ANN are without a doubt the most data-driven tribe, inspired by neuroscience this
branch produces learning algorithms to find the connection weights that make it possi-
ble for a neural network to accomplish some intelligent task. Connectionism is generally
associated with an empiricist position that considers all of mind as the result of learning
and experience during life. According to connectionists experiences/data are the only
sources of learning, the more data we have the more we can learn [276]. On the other
end of the spectrum, symbolists are arguably the most data—efficient tribe. Symbolists
view learning as the inverse of deduction and take ideas from philosophy, psychology,
and logic. They presume that the world can be understood in the terms of structured
representations and assume that intelligence can be achieved by the manipulation
of symbols, through rules and logic operating on those symbols to encode knowledge
[279]. “Symbolic” Al is considered as the classic Al it is sometimes referred to as GOFAI
(Good Old-Fashioned AlI). It was largely developed in an era with vastly less data and
computational power than we have now. Symbolic Al bases its intelligent conclusions
and decisions on the memorized facts and rules rather than raw massive data. However,
it suffers from several drawbacks regarding generalization and change adaptation that,
interestingly, are the strengths of connectionists models. The right move would be then
to integrate connectionists models, which excels at perceptual classification, with sym-
bolic systems, which excel at inference and abstraction. This movement is known in the
literature as Neural-Symbolic Computing (NSC) [280].

NSC aims at integrating robust connectionist learning and sound symbolic reasoning.
The idea is to build a strong hybrid AI model that can combine the reasoning power
of rule-based software and the learning capabilities of neural networks. In a typical
neural-symbolic system, knowledge is represented in symbolic form, whereas learn-
ing and reasoning are computed by a neural network. Hence, the symbolic component
takes advantage of the neural network’s ability to process and analyze unstructured data.
Meanwhile, the neural network also benefits from the reasoning power of the rule-based
Al system, which enables it to learn new things with much less data. It is believed that
this fusing would help to build a new class of hybrid Al systems with a non-zero-sum
game conception that are much more powerful than the sum of their parts [280]. It is
also claimed that this way of perceiving intelligence is much more analogical to the brain
that uses mechanisms operating in the two fashions [4]. In that NSC is expected to bring
scientists closer to achieving true artificial human intelligence.

The integration of the symbolic and connectionist paradigms has been pursued by a
relatively small research community over the last two decades. Recently, with the strong
penetration of DNN and the rise of complaints regarding explainability and data hun-
griness of these models. NSC has yielded several significant results that have shown to
offer powerful alternatives for opaque data-hungry DNN. Yi et al. [281] proposed NS-
VQA, neural-symbolic visual question answering approach that disentangles reasoning
from visual perception and language understanding. The model uses DNN for inverse
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graphics and inverse language modeling, and a symbolic program executor to rea-
son and answer questions. According to the authors, incorporating symbolic structure
as prior knowledge offers three advantages: (i) robustness, (ii) interpretability, and (iii)
data efficiency. They verified that the system performs well after learning on only a small
number of training data. In the same vein, Vedantam et al. [282] also demonstrated that
their neural-symbolic VQA model performs effectively in low data regime. Evans et al.
[283] proposed a differentiable inductive logic framework which is a reimplementation
of traditional Inductive Logic Programming (ILP) in an end-to-end differentiable archi-
tecture. The framework attempts to combine the advantages of ILP with the advantages
of the neural network-based systems; a data-efficient induction system that is robust to
noisy and ambiguous data, and that does not deteriorate when applied to small data.
Furthermore, the idea of neural-symbolic integration has also tempted knowledge
transfer community. The idea is to extract symbolic knowledge from a related domain
and transfer it to improve the learning in another domain, starting from a network that
does not necessarily have to be instilled with background knowledge [284]. In this vein,
Silver [285] discussed the link between NSC and LL, he exposed an integrated frame-
work for neural-symbolic integration and lifelong machine learning where the symbolic
component helps to retain and/or consolidate existing knowledge. Hu et al. [286] pro-
posed a self-transfer approach with symbolic-knowledge distillation. They developed an
iterative distillation method that transfers the structured information of logic rules into
the weights of neural networks. The transferring is done via a teacher training network
constructed using the posterior regularization principle. The proposed framework is
applicable to various types of neural architectures, including CNN for sentiment analy-

sis, and RNN for named entity recognition.

Discussion

All in all, there is no general standard solution regarding how to cure data hungriness,
many perceptions exist but none of them can be asserted to be an absolute solution.
Beyond research laboratories, results produced in real-world conditions indicate that
existing techniques are yet to be industrialized. And more importantly, with the absence
of rational metrics to evaluate and compare techniques, we cannot objectively justify
the choice of a technique over another. That being said, we believe that research on this
issue is just in its infancy. Without a doubt, considering the facts from industrial and
academic worlds, it is a golden time for data-efficient algorithms to rise. However, con-
sidering what has been done in the literature so far, improvements are expected from
the community working on the issue in order to advance research in this area. In this
section, we discuss some research directions and open challenges distilled from the sur-
veyed works, we propose to group them in four themes, namely: (i) Hybridization, (ii)
Evaluation, (iii) Automation, and (iv) Humanization.

+ Hybridization. The last strategy discussed in the review advocates the use of hybrid
systems in order to benefit from the strength of each component and achieve more
powerful systems. This perception is an interesting avenue for future research, in the
sense that further value-added combinations can be investigated.
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In the literature, we have seen how some techniques from the same strategy can be
used in complementary to each other, like generative augmentations and basic transfor-
mations in DA, and meta-learning and TL in knowledgeable systems. However, works
that study this kind of composition are still limited in both variety and depth. Further-
more, hybridization of techniques from different strategies is restrictively steered, in
some way, towards almost one direction; combining DA with TL for DNN as an effec-
tive method for reducing overfitting, improving model performance, and quickly learn-
ing new tasks with limited dataset. Much research has been devoted into this vein
[287-289], the aim is to develop practical software tools for systematical integration
of DA and TL into deep learning workflows and helping engineers utilize the perfor-
mance power of these techniques much faster and more easily. It is indeed the best we
can hope to empower DNN and mitigate its limitations. However, we believe it is also
healthy to explore the potential of other innovative combinations similar to neural-sym-
bolic systems, that not only integrate the reviewed techniques but also call upon other
domains such as evolutionary approaches, statistical models, and cognitive reasoning.
In this sense, multi-disciplinary studies like this paper are needed to build links between
backgrounds and domains that are studied separately and to bring closer their bodies
of research that are moving in different directions. Here, we intuitively and seamlessly
bridged between the different strategies by considering, for instance, that FSL problem
can be viewed as a semi-supervised learning problem with few available labeled data. Its
aim is to transfer the knowledge of learning (e.g., meta-learning) from the source tasks
to the target ones. Domain adaptation, which is a particular way of transfer learning is
also a useful technique of data augmentation. We believe that making connections and
enabling hybridization is a rich, under-explored area for future research that could help
to converge to one unified solution. A general, adaptable, data-resistant system that will
perform well in domains where ample data is available but also in data-scarce domains.
It’s far from obvious how to combine all the pieces and to explore others to conceive
such custom systems that work on both settings, but researchers have to shift their
attention towards this goal in order to fill the gap in thinking of how to build robust Al

«+ Evaluation. There are very few studies in the literature that compare empirically the
performance of techniques of the same strategy, and even fewer techniques of differ-
ent strategies.

Semi-supervised and unsupervised methods are often evaluated based on their perfor-
mances on downstream tasks by using datasets such as CIFAR-10, ImageNet, Places, and
Pascal VOC. CIFAR-10 and SVHN are popular choices for evaluating the performances
of semi-supervised models by training them with all unlabeled data and various amount
of labeled examples. To provide a realistic evaluation, it is important to establish more
high-quality baselines to allow for proper assessment of the added value of the unlabeled
data. Researchers should thus evaluate their algorithms on a diverse suite of data sets
with different quantities of unlabeled data and report how performance varies with the
amount of unlabeled data. Oliver et al. [119] compared several SSNN on two image clas-
sification problems. They reported substantial performance improvements for most of
the algorithms, and observed that the error rates declined as more unlabeled data points
were added. These results are interesting in the sense that they indicate that, in image
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classification tasks, unlabeled data used by ANN can drive consistent improvement in
performance. Likewise, it would be interesting to explore more empirical evaluations
to draw more promising results that will guide research for better unlabeled data-based
learners.

As for DA and knowledgeable systems, more theory and formalisms are needed in
order to accurately compare and fairly evaluate techniques from these strategies. Indeed,
despite the rapid progress of practical DA techniques, precisely understanding their
benefits remains ambiguous. There is no common theoretical understanding regard-
ing how training on augmented data affects the learning process, the parameters, and
the overall performance. This is exacerbated by the fact that DA is performed in diverse
ways in modern ML pipelines, for different tasks and domains, thus precluding a general
theoretical framework. Hence, more theoretical insights are expected to theoretically
characterize and understand the effect of various data augmentations used in practice
in order to be able to evaluate their benefits. On the other hand, knowledgeable systems
research community still does not have a good understanding of what the knowledge is
in general, how to represent knowledge, and how to use knowledge in learning effec-
tively. A unified theory of knowledge and the related issues is urgently needed in order
to compare between knowledgeable systems and to measure how they optimize data
requirement.

Certainly, enriching the evaluation baselines of each strategy is an important research
avenue to pursue. However, the ultimate goal would be to develop approaches to evalu-
ate in an abstract level, that is to be able to evaluate an altered data-hungry system by
measuring how the alteration techniques, abstracting from their nature, have optimized
the need for data, and by verifying the performance resistance against the change in the
availability of data.

Automation. A common research question discussed in the reviewed strategies is
automated design. Automatic generation of a DA schema for a given dataset or auto-
matic learning of a transfer algorithm for a given domain or tasks, are examples of the
projection of the general concept of Automated Machine Learning (AutoML) [290].
AutoML has recently emerged as a novel idea of automating the entire pipeline of
learners’ design by using ML to generate better ML. AutoML is advertised as a mean
to democratize ML by allowing firms with limited data science expertise to easily build
production-ready models in an automatic way, which will accelerate processes, reduce
errors and costs, and provide more accurate results, as it enables businesses to select the
best-performing algorithm. Practically, AutoML automates some or all steps of a stand-
ard ML pipeline that includes data preparation, feature engineering, model generation,
and model evaluation [290]. Hence, one of the missions of autoML is to automatically
manage data quality and quantity in the first step of the pipeline. Currently, autoML ser-
vices rely only on data searching [291] and data simulator [292] to deal with effective
data acquiring, we expect however that advances in autoML will deeply revolutionize
the way we deal with data needs in ML pipeline.

Furthermore, it is worth to highlight the strong interaction between autoML and
the reviewed techniques. As discussed before autoML as a general concept can also
be instantiated for DA [172-175] and TL [197, 198] solutions that can also be pack-
aged in an end-to-end automatic process. On the other way around, DA, TL, and
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other techniques are very useful for autoML tools. In the data preparation step, DA
can be regarded as a tool for data collection and as a regularizer to avoid overfitting.
In model generation step, as auoML become most popular for the design of deep
learning architectures, neural architecture search (NAS) techniques [293] which tar-
get at searching for good deep network architectures that suit the learning problem
are mostly used in this step. However, this method has a high computational cost, to
address this, TL can use knowledge from prior tasks to speed up network design. In
this vein, Wong et al. [294] proposed an approach that reduces the computational
cost of Neural AutoML by using transfer learning. They showed a large reduction
in convergence time across many datasets. Existing AutoML algorithms focus only
on solving a specific task on some fixed datasets. However, a targeted high-quality
AutoML system should have the capability of lifelong learning. Pasunuru et al. [295],
introduced a continual architecture search (CAS) approach enabling lifelong learn-
ing. In addition, as the core idea of auoML is to learn to learn, it is natural to find a
growing body of research that combines meta-learning and autoML, particularly for
NAS improvement [296, 297]. AutoML has also been studied in few-shot learning
scenarios, for instance, Elsken et al. [297] applied NAS to few-shot learning to over-
come the data scarcity, while they only search for the most promising architecture
and optimize it to work on multiple few-shot learning tasks. Recently, the idea of
unsupervised autoML has begun to be explored, Liu et al. [298] proposed a gen-
eral problem setup, namely unsupervised neural architecture search (UnNAS), to
explore whether labels are necessary for NAS. They experimentally demonstrated
that the architectures searched without labels are competitive with those searched
with labels.

+ Humanization. At the root of every intelligent system is the dream of building
machines that learn and think like people. Naturally, all attempts to cure data
hunger behavior of ML models stem from mimicking the mechanism of human.
Currently, humans still retain a clear advantage in terms of sample efficiency of
learning. Hence, an obvious research path to keep pursuing is to explore more
human-inspired theories and human-like techniques.

We contend that the quest for non-data hungry learning may profit from the rich
heritage of problem descriptions, theories, and experimental tools developed by
cognitive psychologists. Cognitive psychologists promote a picture of learning that
highlights the importance of early inductive biases, including core concepts such
as number, space, and objects, as well as powerful learning algorithms that rely on
prior knowledge to extract knowledge from small amounts of training data. Stud-
ies and insights drawn from cognitive and psychology can then potentially help to
examine and understand mechanisms underlying human learning strengths. After
all, FSL has been modeled after children’s remarkable cognitive processes to general-
ize a new concept from a small number of examples. According to developmental
psychologists, humans fast learning is hugely reliant on cognitive biases, Shinohara
et al. [299] suggested symmetric bias and mutually exclusive bias as the two most
promising cognitive biases that can be effectively employed in ML tasks. Follow-
ing this line of thought, many advances might come from exploring other cognitive
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abilities, an interesting avenue might be the study of the commonsense knowledge,
how it develops, how it is represented, how it is cumulated, and how it is used in
learning. A related study would be to explore intuitive learning theories of physical
and social domains. Children at early age have primitive knowledge of physics and
social rules, whether learned or innate, it is an intriguing area of research to inves-
tigate the prospects for embedding or acquiring this kind of intuitive knowledge in
machines, and to study how this could help capturing more human-like learning-to-
learn dynamics that enable much stronger transfer to new tasks and new problems,
and thus, accelerate the learning of new tasks from very limited amounts of experi-
ence and data.

Conclusions

This paper provided a comprehensive survey on the current progress regarding data-effi-
ciency in ML, a promising area in Al that has been attracting prominent research atten-
tion in recent years. Understanding the data-efficiency issue from different perspectives
helped to categorize typical methods along four lines of research, according to how they
solve the issue, namely, by using non-supervised algorithms, data augmentation, shared
knowledge, or hybrid systems. In each category, advances and challenges were thor-
oughly discussed and some summaries and insights were presented.

The key findings motivate the need for more value-added synergy between existing
data-efficient methods in order to build more robust systems. The automated ML design
was also identified as an important avenue for optimizing the way Al is using massive
data in the ML pipeline. Furthermore, the results also suggest the necessity of draw-
ing more insight from cognitive science and behavioral studies to achieve data-efficient
human-like learning.
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