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Abstract
To facilitate the current and future automation needs, the research community constantly seeks to 
develop dynamic and efficient autonomous decision-making agents. These agents must not only be 
robust to modeling uncertainties, internal and external changes, but can adapt to a range of tasks 
also. Recent progress in deep reinforcement learning has corroborated to its potential to train such 
autonomous and robust agents. At the same time, the introduction of curriculum learning has made 
the reinforcement learning process significantly more efficient and allowed for training on much 
broader tasks. This combination, Curriculum-based Deep Reinforcement Learning (CDRL), presents 
a powerful solution to meet the increasing complexity of today’s automation industry that demands 
highly intelligent machines. With this work we present a concise review of CDRL methods within the 
context of their application to the field of adaptive robotics.
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as a vital paradigm of Machine Learning (ML) and 
Artificial Intelligence (AI) [2]. Fueled by the recent 
advancements in processing hardware technolo-
gy, the potential of the field has attracted research 
interest and scientific contributions from several 
domains like robotics, chemistry, neuroscience, 
gaming, business services and web management 
industries [3]. The field boasts an extremely pow-
erful framework that allows for a software learn-
er (dubbed agent) to observe and manipulate the 
world (dubbed environment). The outcome of the 
interaction between the agent and the environ-
ment, if successful, is a trained agent that maps 
simulated data into real-world actions. The nature 

Introduction
In this work, we briefly introduce the fields of re-

inforcement and curriculum learning and highlight 
curriculum-based deep reinforcement learning 
methods and their robotics applications. While the 
conceptual curriculum generation is a wide topic 
[1], we focus on recent works where a curriculum is 
utilized in a strict sense and the method is demon-
strated for a robotics environment with a neural 
network-based reinforcement learning agent.

Reinforcement Learning
In the last couple of decades, the field of Deep 

Reinforcement Learning (DRL) has established itself 
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design process can be either domain-expert spec-
ified [8] or automatic [9]. Domain-expert specified 
curricula rely heavily on human knowledge and 
thus lack new knowledge discovery, scalability, and 
robustness to unseen scenarios and may exhibit 
bias towards certain tasks. Automatic curricula, on 
the other hand, can offer what the latter lacks but 
are extremely difficult to generate and implement. 
The amalgamation of curriculum learning with re-
inforcement learning allows an agent to train in 
complex scenarios and learn a range of tasks, for 
which the domain of robotics stands to be the per-
fect recipient.

Adaptive Robotics
Evolved from traditional industrial robots and 

static automation, adaptive robots boast the abil-
ity to adapt to dynamic environmental changes, 
handle numerous tasks and safely collaborate with 
human agents. The interconnectivity and interop-
erability of adaptive robots further enable them 
to be an indispensable discipline for modern and 
future industrial, manufacturing, medical and as-
sistive technological needs. Nonetheless, advanc-
ing robots beyond conventional automation pose 
unparalleled challenges like autonomous deci-
sion-making and semantic perception, specially for 
real-world implementations. Through the introduc-
tion of artificial intelligence and machine learning, 
the current state-of-the-art adaptive robots show 
tremendous potential and invites interest from nu-
merous research domains.

of the framework and its ability to train an agent 
without an explicit supervisor poses a significant 
advantage, which however is surmounted by its 
need for colossal amounts of data. While reinforce-
ment learning continues to dominate the simula-
tion-based applications, there is a principal need to 
study and apply sample-efficient extensions to the 
field, viz. curriculum learning, to enable applicabili-
ty in practical and real-world scenarios [4].

Curriculum Learning
Formally proposed in 2009 [5], curriculum learn-

ing derives its inspiration from human learning 
style and the intuition that it is easier to learn by 
accumulating knowhow through simple tasks rath-
er than trying to tackle a complex task directly. 
Figure 1 demonstrates the process as a flow dia-
gram, where a given task (π) is broken down in mul-
tiple subtasks (π1, π2,… π5) and presented to the 
learning RL agent in a particular order. Sometimes 
studied as a specific case of continuation methods 
and dynamic programming [5], curriculum learning 
strategies have been widely employed to improve 
supervised and reinforcement learning algorithms. 
Curriculum-based Reinforcement Learning (CRL) 
agents have shown significant improvement in con-
vergence rates, training time and generalization ca-
pabilities when compared to standalone RL agents 
[6]. Moreover, CRL agents have also been able to 
solve tasks where standalone RL agents prove in-
tractable [7]. While the nature of the curriculum 
itself has a myriad of possibilities, the curriculum 

Figure 1: Curriculum interaction with the reinforcement learning process. A complex task (𝜋) is broken into easier tasks (𝜋1, … , 𝜋5) and 
ordered based on a measure of complexity (color shades). The curriculum generator (𝜇) interacts with the RL framework and iteratively 
updates the process.
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In learning-based robotics, end-to-end au-
tonomy often involves three principle compo-
nents-perception, cognition, and control. The 
components are complementary in nature which 
allows for intelligent perception and cognition 
algorithms to enable autonomous control. Com-
pared to traditional robotics where planning is an 
independent phase, the cognition phase is often 
embedded within the control framework of the 
learning-based robotics. In this way, the combi-
nation of cognition and control constitute the de-
cision making process [27]. The curriculum-based 
reinforcement learning methods strictly focus on 
the decision-making framework of autonomous 
agents. Depending on the nature of the training 
data available, the decision-making agent frame-
work can range from an end-to-end solution that 
also includes perception to one that only captures 
a low-dimensional control strategy. An example 
of the former can be the implementation of deep 
drive that replaces all the steps of a traditional Au-
tonomous Vehicle (AV) process. A comparison of 
different implementations of learning-based AV 
can be found in [28]. In the same way, RL-based 
training is a quintessential choice for implementa-
tion that can collapse different required processes 
of industrial robots into the decision-making pro-
cess of an adaptive robot. Task-specific trajectory 
planning from traditional control methods have 
proven to be more efficient for designated tasks 
[29,30] though may lack the flexibility to repur-
pose a robot to cope with the changes of dynam-
ic environments. On the other hand, optimiza-
tion techniques from various trajectory planning 
methods [31], have effectively been adopted for 
reinforcement learning agents [32,33] that allow 
for better convergence and learning of the auton-
omous decision-making process. The introduction 
of curriculum to RL training process (CRL) helps 
learning by improving sample efficiency and gen-
eralization capabilities of the agent. The ability of 
CRL to train incrementally complex agents based 
on scheduled experiences allow for maximal 
learning required for the promotion of adaptive 
robots in practical applications.
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The robotics research community investigating 
the notion of behavioral adaptivity is actively seek-
ing solutions to alleviate challenges including effi-
cient and automatic curriculum generation, multi-
task learning and sim-to-real curriculum genera-
tion to improve applicability and implementation 
across a wide range of domains. Curriculum-based 
reinforcement learning methods allow the field of 
adaptive robotics to surpass its era of explicitly pro-
grammed robots with limited functionalities and 
thrust the progress in automation towards a true 
behaviorally adaptive machine intelligence to train 
and implement sophisticated and hard-to-engineer 
behaviors.

Work in [10] extends the work of [11] to design 
a curriculum based on Hindsight Experience Replay 
(HER) transitions. The design of curriculum is based 
on the measure of similarity between the intended 
and achieved goals while tuning the measure for di-
versity among goals to aid exploration. On the other 
hand, [12] argues that a natural curriculum can be 
learnt in competitive multi-agent environments and 
that such a setting can produce complex behaviours 
that surpass the complexity of the environment it-
self. Similarly, cooperative multi-agents [13], diverse 
environments [14] and self-plays [15] have demon-
strated better generalization and faster training us-
ing intrinsic and natural curriculums. Work in pro-
poses a curriculum of start states for a constant goal 
state while the work in [16] estimates the next or in-
termediary goal of the appropriate complexity using 
a Generative Adversarial Network (GAN). [17] uses 
the backward reachability decomposition between 
different goal and start states to estimate reachabil-
ity and obtain a measure of complexity of the task 
[18] quantifies the complexity of different training 
environments (teacher network) and generates a 
curriculum for the student networks to learn. [19] 
masks certain features of the goal vector to reduce 
its complexity and trains the agent on the reduced 
complexity goal states. It has also been shown that 
the development of a simple curriculum based on 
the accuracy requirements of a given task, on basis 
of a measure of a degree of competence like [20], 
leads to faster and more efficient training [21]. An 
extension to the work with Universal Value Function 
Approximators (UVFA) [22] is studied in [23]. While 
the current state of research mostly focusses on 
simulated objectives, notable efforts are being put 
into introducing simulation-trained intelligent and 
highly adaptive agents to the real-world [24-26].
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