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Abstract— The applicability of deep reinforcement learning
algorithms to the domain of robotics is limited by the issue of
sample inefficiency. As in most machine learning methods, more
samples generally mean better learning effectiveness. Sample
collection for robotics application is a time-consuming process
in addition to safety issues for both the robot itself and the
environment surrounding it that come into play for real-world
scenarios. Because of these limitations, sample efficiency plays a
very vital role in the field of robotic learning. To deal with this,
curriculum learning offers a methodology that allows robots to
suffer less from the sample collection burden required, trying
to keep it at a minimum. This study aims to tackle the sample
inefficiency that deep reinforcement learning algorithms face in
the domain of robotics by designing a curriculum. We propose
an algorithm which decides on the sequence of tasks that the
agent must learn to enable the transfer of knowledge in a
sample-efficient manner towards the target task. Our algorithm
performs a parameter-space task representation for the purpose
of deciding on the difficultiness of the tasks. Once the difficulty
level of each is determined, easy tasks are learned first before
the final target task. We perform a study on a double inverted
pendulum setup. Simulation results showed that transfer of
knowledge via curriculum is more sample efficient than a direct
transfer.

I. INTRODUCTION

The field of reinforcement learning has shown many ad-
vancements in recent years [1] in tandem with deep learning
[2]. Numerous fields have made advancements with deep
reinforcement learning, such as autonomous driving [3] and
human-level game-playing [4]. For the case of autonomous
robots, deep reinforcement learning offers powerful insight
on such applications, based on numerous studies that have
taken place in recent years. These range from robotic manip-
ulation tasks such as pick and place [5], pushing and grasping
[6] to vision-based control [7].

Despite all these efforts, sample efficiency [8] remains as
an obstacle for autonomous robots currently. Assuming that
you can collect enough data with your robot or robots [9],
this approach is not suitable practically because a tremendous
amount of trajectory samples is required for an algorithm
to achieve an optimal policy. We cannot assume that data
is cheap for robots, at least for the ones that need to
physically interact with the world. Example cases would be
a study by Levine et al. [10] for robotic grasping, where
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14 robotic manipulators were used to collect 800,000 grasp
attempts for 2 months, and a humanoid learning to walk
in 100 hours within a simulation environment [11]. More
recently, in [9], seven robots operated together for grasp
data collection, where a total of 580,000 grasp attempts
were collected to train a neural network policy with over
1.2 million parameters.

Sample efficiency has been achieved in the literature with
methods such as representation learning and transfer learning
and their variants. Among numerous examples, [12] has
achieved data efficiency by feature learning. The authors
argue that during a reinforcement learning task an agent must
learn both the feature representation of states and a policy, at
the same time. Data efficiency is achieved in this task by pre-
training the agent with non-expert human demonstrations,
which in turn allows the agent to focus more on policy
learning. Sample efficiency has been improved in [13] with
visual priors of the world. It is stated that mid-level vision
features help the agent in learning navigation-oriented tasks;
instead of an end-to-end learning approach, the extraction of
mid-level visual features enables sample efficiency. Transfer
learning applications also try to overcome the sample com-
plexity of deep reinforcement learning algorithms in a variety
of ways. One study [14] has achieved this by transferring
knowledge between morphologically different agents. This
has been achieved by training invariant feature spaces that
are then transferred to an agent for a specific task.

The issue with transfer learning is that the transfer occurs
between a source task and a target task. Such an approach
would not be able to function in cases where a direct
connection between the source and target tasks does not exist.
This connection loss between tasks could be related to having
a high variety of possible choices to choose from when
transferring knowledge between these tasks. This in turn
would lead to very high training times; although theoretically
there is a connection between the source and target task,
this connection would not be found by the learning agent
within a reasonable amount of training time, diminishing the
advantage of transfer learning.

Curriculum learning does overcome what transfer learning
suffers from. Instead of a direct transfer, intermediate tasks
are employed between the source and final task. Such an
approach holds promise as well for robots suffering from
the sample efficiency problem [15].

The main concern of the study is on how to form this
curriculum [16]. Since every robot has a different configura-
tion, even if the target task is kept the same, the curriculum
would be different for different robot configurations. Vice
versa, for the same robot, once the target task has changed,



the already formed curriculum may not be of benefit any-
more. A study to address this problem on how to form
intermediate tasks would be [17]. Narvekar et al. designed
seven heuristics for creating a subtask once the target task
is given. The algorithms include heuristics such as task
simplification, promising initializations, etc. Although such
an approach seems to work fine with Atari-like games, more
sophisticated algorithms are required to solve robotic tasks.
To give an example, think about the locomotion behaviour
of a quadrupedal robot. For such a complex configuration,
applying such heuristics may not be that straightforward; e.g.
one cannot say that increasing or decreasing the number of
limbs the robot has could ease the locomotion tasks. As the
dynamics of the agent’s embodiment becomes more complex,
deciding on what causes the difficultiness of the task could
not be solved by heuristic functions as in [17].

The motivation behind this study is to come up with an al-
gorithm that designs a curriculum for an agent autonomously;
it is evident that learning based on a curriculum is suitable
for tackling the sample complexity that arises within deep
reinforcement learning, however the methodology of design-
ing a curriculum that all agents would benefit is not trivial.
Our algorithm is capable of forming a parameter space where
the parameters are meant to represent the dynamics of the
environment. Such an approach would be more useful than
a heuristic approach for creating new tasks from the target
task.

II. BACKGROUND

This paper employs both deep reinforcement learning and
curriculum learning. A background knowledge is presented
next for these two topics in addition to how they hierarchi-
cally relate to one another.

A. Deep Reinforcement Learning

Reinforcement learning is the interaction between an agent
and the environment that the agent is present in [18]. The
agent receives a state input s; from the environment at
timestep t, which could be fully or partially descriptive of
the environment. After processing this state input, the agent
decides on an action a; that is available within its action
repertoire. The action chosen by the agent is executed within
the environment, and because of this, the environment returns
a new state description sy to the agent with a reward signal
r¢+1 that implicitly governs the importance of the action
executed. This agent-environment interaction loop continues
until the agent ends up in the goal state or the amount of
time allowed for the task ends up [19].

The  state-action-reward  pairs collected in a
specific amount of time is named as a trajectory
Sty Aty Tty St1, Qtt1, Ti41, St42, Ar42, Te+2. .. and constitute
the data that an agent would use for learning a task. A
critical point in reinforcement learning is the exploration-
exploitation problem; should an agent choose an action that
it has no idea about the consequences, or should it choose
the action that it knows what the result of it would be?
Being a problem open for research, a simple approach is

the e-greedy method [20]; according to the value of epsilon,
the agent initially performs totally exploratory actions.
As time proceeds, these random actions leave themselves
to non-random ones made by the agent, according to the
knowledge that has been acquired by the agent itself.

The rewards collected in a trajectory are named as return
Gi;
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meaning the total amount of reward obtained by an agent
starting from timestep ¢ until the end of the episode. For
episodes that have a high timestep, the agent is required to
focus more on the recent rewards, compared to the future
ones. For this purpose, the notion of discount factor = is
introduced into the formula;
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the discountfactor decreases the effect of a reward in
the future timesteps on the return; for cases in which the
task never ends (i.e. locomotion tasks), such a formulation
becomes very useful for calculating the reward received as
rewards that are in the very future could be ignored.

Next comes the definition of the value function, v,(s).
This function is the expected return when one starts in state
s and then follows policy ;
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k=0
where E.[.] refers to the expectation operator since the
policy could be stochastic in some cases. Once the value
function is obtained for an environment, the agent could
select its actions based on this function.

The idea of deep reinforcement learning is that the agent
is now represented by a deep neural network [21], which
takes the state .S; as input and outputs action a;. This type
of configuration is also named as a parameterized policy
representation, where the weights w of a neural network are
abbreviated as the parameters of the policy 7. The reward r,
obtained from the environment is used to update the weights
of the neural network; a high reward strengthens the weights
that outputted action a; with input s;, while a low reward
weakens the respective weights. This training loop brings the
neural network policy 7 closer to the optimal one desired.
As input-output data pairs are used in deep learning to train
a neural network, state-action-reward trajectories are used
in deep reinforcement learning to train a neural network.
This setup has led to different variations that function best
according to the setup at hand.

B. Curriculum Learning

The formulation of curriculum learning in this report is
mostly inspired by [22]. A higher-level MDP is defined
on top of the regular MDP that the agent itself is present.
This higher-level MDP is defined as the curriculum MDP,
consisting of states S¢, actions A® and rewards ¢,



The goal of curriculum learning is to find policy 7¢ which
is named as the curriculum policy. Recall how a standard
policy m in an MDP functioned as mapping states s to
actions a. This time, since we are in a higher-level MDP,
the curriculum policy 7€ will be mapping curriculum states
5% to curriculum actions a®. The goal can be formulated as
minimizing the total cost;

T
> (st a)
i=0

for achieveing an amount of threshold reward compared to
the cost incurred by the direct transfer case;
C( C C)
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For this curriculum MDP;

o S¢ represents the state-space. This refers to the policies
that the agent could learn after learning a task. S§
represents the initial policy that the agent has learned,
whereas S$ represents the final policy that the agent
must learn.

o A€ represents the action-space. This refers to the tasks

that the agent could be trained on. If an agent is at state

S¢ and an action A§ is performed, meaning that the

agent is asked to learn a new task represented by the

curriculum MDP action-space, the agent would end up
in state Sgrl after learning that task.

r¢ represents the reward that the agent receives when

transitioning from S¢ to S&,. In other words, the

reward is the amount of timesteps it takes an agent to
learn a new task A{ when in state SC.

C. Learning Hierarchy

About the hierarchical relation between these two main
topics; deep reinforcement learning is used by an agent
when learning a specific task, corresponding to the lower-
level learning phase, whereas curriculum learning is used for
learning which task to tackle next, constituting the higher-
level learning phase. An overall description is provided
in Figure 1; each task is learned by the agent via deep
reinforcement learning, and curriculum learning is used to
choose the task to learn. Once an agent is placed in a
task, it masters that task by deep reinforcement learning.
Once a task is mastered by the agent, curriculum learning
is used to choose the next task to learn. The agent then
transfers it’s knowledge to this task and tries to master it with
deep reinforcement learning. This process continues until the
target task is mastered by the agent.

ITII. AUTONOMOUS CURRICULUM GENERATION

Although the problem formulation of this study is based on
[22], the intermediate tasks are not created according to the
method presented in [17], which is what [22] have employed.
Instead of this approach, with inspiration from [23], a latent-
space representation approach is employed. With accordance
to this approach, the parameter-space of the environment is
taken into consideration when forming the intermediate tasks.

Intermediate Task

Easy Task

Initial Task Hard Task

Fig. 1. An overall view of the proposed approach. Once the agent has
learned how to solve the initial task, a direct transfer to the hard task may
not be possible. In this case, the agent follows a curriculum in which it first
learns an easy task, followed by an intermediate task. After this process,
the knowledge of the agent can be used to solve the hard task in a much
more feasible way compared to the direct transfer case.

The idea of a parameter-space offers the freedom for
curriculum learning to be applied on a wide range of applica-
tions. The parametrization of an environment depends solely
on things that change the functioning of that environment;
once that quantity is changed, the environment could no
longer be controlled as in the past. The decision process on
these parameters requires a very solid understanding of the
environment at hand, especially for complex systems where
these parameters may not be that explicit. Once an environ-
ment is parametrized, Algorithm 1 becomes applicable for
the generation of a curriculum that ties the source task in
that environment to the final task.

Algorithm 1 AUTONOMOUS CURRICULUM GENERA-
TOR

1: Define cost = ax Ty, + (3 * dist(M;, M)
Solve task M; from scratch, obtain policy 7;
Decide on parameter-space dimension p and interval n
nP candidate curriculum tasks formed, where the first
task My is M; and last task M,» is M,

Ll

5: taSkS:M(),Ml,...,an

6: while T'rue do

7: for #oftasks do

8: Try to solve each task within budget B with m;
as initial policy

9: if 7; obtained then

10: break

11: end if

12: Save timesteps required to solve tasks and poli-
cies Obtained; {M@olued,ly Msolved,Qy R M@olued,n}

13: Choose task with minimum cost; Moyed,n

14: end for

15: Choose policy of task with minimum cost; m; <

Tsolved,n
16: Delete solved tasks from the list; tasks = tasks —

{Msolved,la Msolved,27 R Msolved,n}

17: end while

18: Return list of intermediate task(s) choosen for curricu-
lum




Task M, refers to the first task that an agent is supposed
to learn. Being the first task, the agent learns it from scratch.
Once an agent learns a task, say task M, the policy acquired
is mentioned as 7;. In accordance, task M, refers to the target
task which the agent is supposed to learn in a data-efficient
manner, for the sake of obtaining 7;. The parameter-space
dimension p is about the independent variables that relate to
the difficultiness of a task. As an example, for a peg-in-a-hole
task, the dimensions could be the diameter of the peg and the
diameter of the hole. The interval n determines how many
discrete cases arise from the independent variables. Referring
again to the peg-in-a-hole task, the interval determines how
many cases would be created for the diameters of the peg and
the hole in between the initial and final task configurations.
The hyper-parameter B named as the budget holds a very
important position in this algorithm. The budget is a way
for the agent to assess whether a task is difficult or not for
it at that time. When learning a task, if the total amount
of timesteps passes the budget, the agent stops learning that
task and marks it as a difficult one, keeping it for later time.
In each iteration, from the tasks solved, the one with the
minimum cost is chosen for the curriculum. The idea behind
is to transfer knowledge to the task which is closest to the
target task but also to the task with a useful amount of
timesteps required to learn. In other words, transferring to
a task which takes very few timesteps is interpreted as if
that task does not teach much. So we want to choose tasks
for our curriculum that are close enough to the target task in
order to reduce the number of elements in the curriculum,
and tasks that could have enough timesteps to teach the agent
sufficiently. At the end of each iteration, tasks that could be
solved in that specific iteration are removed from the tasks
that would be tackled for the next iteration. This is because
solved tasks do not offer anything new for the agent, and
as a result of this there is no need for them anymore in
the curriculum. The algorithm ends by returning the list of
chosen tasks for the curriculum.

IV. EXPERIMENTAL SETUP

The experiments are carried on an inverted double pen-
dulum setup. See Figure 2 for a sample run. Blue pole
represents the first pendulum and the green pole represents
the second pendulum. The total mass of the pendulums
is kept the same; whereas the length of the pendulums is
varied. Regarding the algorithm for reinforcement learning,
Deep Deterministic Policy Gradient algorithm has marked
itself as perfectly suitable for continuous control tasks in
most benchmark tests and has proven to be handy in lots of
robotics applications [24]. Roboschool [25] is used as the
simulation environment with OpenAl Gym [26] integration.
Apart from the simulation software, there are also libraries
[27] that have built-in reinforcement learning algorithms
and are ready for use in any simulation software. Stable-
Baselines [28] is a recent library that features the state-of-the-
art algorithms employed in deep reinforcement learning. The
DDPG algorithm employed in the low-level reinforcement
learning scheme is obtained from this library. A sample

experiment is presented in the following chapter including
the results with numbers.

V. RESULTS & DISCUSSION

Our numerical results are as follows; first, we present
the case when each of the twenty-five different environment
configurations (Mg, My, ...Ms4) are learned from scratch.
Next comes the case of direct transfer; the initial task (M)
is learned from scratch, and the policy of this task (mg) is
used as a prior to learn the remaining tasks (M7, Mo, ...May).
Finally, we present our curriculum learning approach where
knowledge acquired from the initial task () is transferred to
at least one intermediate task (M7, Mo, ...Ms3) before being
transferred to the final task (Msy).

A. Learning from Scratch

Results for learning each environment configuration from
scratch are presented as a heatmap in Figure 3.

B. Direct Transfer

Results for the direct transfer are presented as a heatmap
in Figure 4. We state this transfer as my being used as a prior
when learning all the environment configurations, including
the target task. As a side note, 7 is obtained by learning the
initial task configuration 0.3 — 0.3 from scratch.

C. Transfer via Curriculum

Here we present the gray-scale heatmaps obtained with the
use of Algorithm 1 in Figures 5, 6 and 7. Tasks that were
difficult during that run are colored black, and tasks that are
no longer needed within the curriculum are hatched out. A
detailed explanation is presented next.

1) Initial Configuration: We initially assume that our
agent has no prior knowledge at all and present it with
the task named as M,, where the pendulum lengths are
of 0.3 units each. The final setup we want our agent to
learn is where the pendulum lengths are of 1.1 units each,
abbreviated as Ms4. The parameter space is formed from the
lengths of the pendulums, with a 0.2-unit increment for each
pendulum. Figure 5 gives a view of these tasks.

2) Learning Task My: The first thing that our agent does
is to learn the initial task, M. Since this is the first task
that the agent must learn with no prior knowledge at all,
the amount of timesteps required to learn this task is much
higher compared to the other tasks. The policy that the agent
has learned for solving task My is abbreviated as my. This
is the policy used in Figure 5 when learning the remaining
tasks.

3) Training o with budget B: The next step that the agent
performs is to use 7 as its initial policy and try to learn tasks
My to Ms4 within its budget B. The assumption here is that
closer tasks to My would be easier for the agent to learn
with the prior policy mg. As such, the agent attempts each of
the tasks, solves the ones that it could before the time limit
expires and stops solving a task if it was not able to within
the budget B. We have decided to set a budget of B being
equal to 20.000 timesteps. As in Figure 5, tasks painted black
are the ones that could not be solved within the budget.
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Fig. 3. Heatmap for the case when each environment configuration is

learned from scratch, independently. The increase in timesteps are observed
as both pendulum lengths increases.
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Fig. 4. Heatmap for the case when each environment configuration is

learned with 7o as the prior policy, acquired by learning the initial task
0.3 — 0.3 from scratch. The increase in timesteps are observed as both
pendulum lengths increases.

Representation of the inverted double pendulum setup. The blue and green pole are numbered as 1 and 2, with their lengths represented as

4) Choosing Intermediate Task: The next step is to choose
upon one of the tasks that the agent was able to solve within
the budget B. This is done according to the cost function
mentioned in Algorithm 1. The task chosen here is the 0.9 —
0.3 environment, which will be used as a prior for the next

5) Training my.9—q.3 with budget B: This step is somewhat
like what the agent had done while using 7y as an initial

1200000

1050000iteration.

900000

750000 policy; this time the agent is going to use my9_g.3 as the

initial policy and attempt to learn the remaining tasks. An
important point to mention here is that the previous tasks
are not going to be considered anymore for the curriculum;
we assume that the agent has acquired all the knowledge it
could from those, so it must move on with the remaining
tasks. This could be seen in Figure 6 where such tasks are
hatched out.

6) The Iteration Loop: The curriculum design process
iterates in a manner explained in the previous steps; as long
as the agent will not be able to solve the target task Moy
within the budget B, intermediate tasks are going to be
visited, which would be the ones that the agent could solve
within the given budget B. Referring to Figure 6, only task
0.9 — 1.1 is solvable, so the algorithm decides on that task
and knowledge is transferred. In the final iteration, given
in Figure 7, the target task does become solvable with the
prior policy obtained previously. As a result, a curriculum
is designed by Algorithm 1 for a double inverted pendulum
setup.

The learning curves for all three methods are presented
in Figures 8 and 9 based on the values of the heatmaps
presented. Learning by following a curriculum takes less
timesteps compared to direct transfer and learning from
scratch. There are two intermediate tasks for the curriculum
case before learning the final task, with the same reward
threshold for all three. For the purpose of representing the
curriculum learning curve, we have taken one-third and two-
third of the threshold reward amount and drawn the graph
as if these values are the threshold reward for the two
intermediate tasks. This enables one to observe the timesteps
required learning for both the two intermediate tasks and the
final task in a compact way, in addition to the comparability
with the other two learning methods.
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Fig. 5. Parameter space of the inverted double pendulum setup. The space
is two-dimensional based on the lengths of the pendulums abbreviated as
Ly and Lg. The first iteration of algorithm 1 uses the policy from task
0.3 — 0.3 as a prior to solve the remaining tasks, with a budget equal
to 20.000 timesteps for this example. From the ones that are solvable, an
intermediate task, according to the score function of Algorithm 1, is chosen
to transfer the prior.

VI. CONCLUSIONS AND FUTURE WORKS
A. Conclusions

This study has been an attempt towards learning to design
a curriculum for an agent in the field of robotics. The
emergence of such a learning form is based on the sample
inefficiency of current reinforcement learning algorithms;
even though this issue is not very apparent on computer
simulations, it drastically affects the applicability of these
algorithms to robots present in the real world. The reason be-
hind this is that there exists a hardware limit for such robots
and safety must be considered for both the robot itself and its
environment. Thus, an agent must train itself with minimal
amount of sample data and must acquire its prior knowledge
for this purpose. Curriculum learning is promising on sample
efficiency by leading an agent through intermediate tasks
ordered from simple to difficult. The benefit of this learning
strategy is as such; knowledge acquired in a prior task is
carried onwards to the target task in a shorter amount of
training time compared to a direct transfer. Initial simulation
results in a higher-level grid-world environment based on
mass parameter space of an inverted double pendulum were
presented as a proof of concept. The results showed that
learning via curriculum is more sample efficient than a direct
transfer-based learning.

B. Future Works

Our future aims would be to demonstrate curriculum-
design based learning with real robots. There exists a vast
majority of robot-learning related applications, such as robot
locomotion and object manipulation. We would like to make
a special emphasis on tool manipulation performed by robots,
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Fig. 6. In this second iteration, tasks that no longer are between the selected
task and the final task are traced out. Algorithm 1 is iterated through the
remaining tasks using the policy from 0.9 — 0.3. The only task solvable
within the budget is 0.9 — 1.1, so the policy is transferred to this task.
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Fig. 7. Last iteration for Algorithm 1. Using the policy from 0.9 — 1.1,

the agent is able to solve the target task within its budget limit.

as in [29]. In this study, the authors designed an algorithm
that enabled a robot to use tools without having any prior
knowledge about the tools. More specifically, the robot made
a correlation between its end effector and the tools available
in the environment; according to the shape of the end effector
for a specific task, the robot searched for a tool of the same
shape as the end effector when the end effector by itself was
not enough to solve the task. Such an approach would not
suffice in cases where the task could not be achieved by the
end-effector itself in any way and a tool becomes necessary.
Such scenarios would lead to learning of how to use a
tool by an agent. A curriculum-based learning schema could
be employed for tool manipulation tasks where knowledge
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ransfer curve, while the scratch curve is way below the two. The curriculum curve makes two




transfer would be useful by the agent.
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