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ABSTRACT

ROBOT SKILL ACQUISITION VIA REPRESENTATION

SHARING AND REWARD CONDITIONING

Skill acquisition is a character trait of intelligent behavior, which Robot Learning

aims to give to robots. An effective approach is to teach an initial version of the skill by

demonstrating as a form of Supervised Learning (SL), called Learning from Demonstra-

tions (LfD), then let the robot improve it and adapt to novel tasks via Reinforcement

Learning (RL). In this thesis, we first propose a novel LfD+RL framework, Adaptive

Conditional Neural Movement Primitives (ACNMP), that simultaneously utilizes LfD

and RL together during adaptation and makes demonstrations and RL guided trajec-

tories share the same latent representation space. We show through simulation exper-

iments that (i) ACNMP successfully adapts the skill using order of magnitude fewer

trajectory samples than baselines; (ii) its simultaneous training method preserves the

demonstration characteristics; (iii) ACNMP enables skill transfer between robots with

different morphologies. Our real-world experiments verify the suitability of ACNMP

in real-world applications where non-linearity and the number of dimensions increases.

Next, we extend the idea of using SL in reward-based skill learning tasks and pro-

pose our second framework called Reward Conditioned Neural Movement Primitives

(RC-NMP), where learning is done using only SL. RC-NMP takes rewards as input,

generates trajectories conditioned on desired rewards. The model uses variational infer-

ence to create a stochastic latent representation space from where varying trajectories

are sampled to create a trajectory population. Finally, the diversity of the population

is increased using crossover and mutation operations from Evolutionary Strategies to

handle environments with sparse rewards, multiple solutions, or local minima. Our

simulation and real-world experiments show that RC-NMP is more stable and efficient

than ACNMP and two other robotic RL algorithms.
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ÖZET

ROBOTLARIN TEMSİL PAYLAŞIMI VE ÖDÜL

KOŞULLANMASI YOLUYLA BECERİ KAZANMALARI

Beceri kazanımı zeki davranışın karakteristik özelliklerinden biridir ve robot

öğrenmesi bu özelliği robotlara kazandırmayı amaçlar. Etkili yöntemlerden birisi be-

cerinin basit halini örnekleyerek, gözetimli öğrenmenin bir çeşidi şeklinde, robota öğret-

mek ve daha sonra robotun kendi kendine beceriyi geliştirmesini ve yeni görevlere

pekiştirmeli öğrenme ile uygun hale getirmesini sağlamaktır. Biz bu tezde ilk olarak

Uyarlanır Koşullu Nöral Hareket Primitifleri (ACNMP) adlı, güdümlü ve pekiştirmeli

öğrenmeyi uyarlama esnasında eşzamanlı kullanarak örneklemeler ve keşif hareketlerini

aynı temsil uzayına kodlayan yapıyı sunacağız. Simulasyon deneylerimiz bize (I) AC-

NMP’nin en gelişmiş yapılara göre en az on kat daha verimli olduğunu; (II) eş za-

manlı öğrenme yönteminin örnekleme özelliklerini yeni hareketlerde koruduğunu; (III)

vücut yapıları farklı robotlar arasında beceri aktarımına olanak sağladığını gösterdi.

Gerçek robot deneyleri de ACNMP’nin daha yüksek boyutlu ve karmaşık gerçek dünya

koşullarına uyum sağlayabildiğini gösterdi. Daha sonra güdümlü öğrenmeyi ödül bazlı

uyarlama görevlerinde kullanma fikrini ilerleterek oluşturduğumuz Ödülle Koşullu Nö-

ral Hareket Primitifleri (RC-NMP) adlı ikinci yapıyı sunacağız. Bu yapı ödülleri girdi

olarak alarak, istenen ödülü veren hareket güzergahları oluşturabilmektedir. RC-NMP

varyasyon çıkarımı yöntemiyle olasılıksal bir temsil uzayı oluşturup, bu uzaydan çeşitli

hareket güzergahları çekerek bir populasyon oluşturmaktadır. Son olarak bu popu-

lasyonun çeşitliliği seyrek ödüllü, birden fazla çözümlü veya lokal çözümlere sahip or-

tamlarla başa çıkmak için evrimsel stratejilerden krosover ve mutasyon yöntemleriyle

arttırılmaktadır. Simulasyon ve gerçek dünya deneylerimiz RC-NMP’nin ACNMP ve

diğer iki robotik pekiştirmeli öğrenme yöntemlerine göre daha istikrarlı ve verimli

olduğunu gösterdi.
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1. INTRODUCTION

Robot Learning aims to develop robots that are capable of adapting to different

situations and can be functionally good at a variety of tasks. Skill acquisition, which

can be defined as the learning of a task to give accuracy and speed after practice, is

an important stepping stone to achieve such an intelligent robot behavior. A fruitful

skill learning approach is called Learning from Demonstrations (LfD), where an expert

provides demonstrations of the skill to the robot by controlling it via teleoperation or

letting the robot observe the skill via its sensors. Then, the robot learns to reproduce

the demonstrations and develops a policy to use in the environment [3]. If the demon-

strations are provided in the intrinsic space of the robot, they can be played back on the

robot with a controller or a model which can be an Artificial Neural Network (ANN)

that captures the mapping from states to actions can perform the skill (e.g. [4,5]). LfD

is often used with Reinforcement Learning (RL) [6] to provide a good start for policy

search, to increase learning efficiency by encouraging found policy trajectories to be

close to demonstrations, and to preserve demonstration characteristics like user prefer-

ences and concepts hard to specify formally [7]. Although RL algorithms coupled with

ANNs are shown to synthesize complex skills from scratch in simulation [8–10], they are

not directly implemented in robotic systems due to limited time and resources as the

number of trajectory samples for successful learning can be excessive [11]. Therefore

again, LfD approaches are used together with RL algorithms.

Even though this LfD and RL idea seems really promising and is well studied,

there are still many open challenges to develop robots that can be used flexibly in dif-

ferent real-world environments. In this thesis, we first propose Adaptive Conditional

Neural Movement Primitives (ACNMP) that addresses three important challenges in

this context:



2

Sample Efficiency is still the most important challenge in real-world learning

problems. The relationships between task parameters and the robot’s policy are non-

linear and high dimensional. Therefore, learning a mapping that captures these rela-

tionships requires excessive trajectory samples and we need sample-efficient machine

learning methods to use with real robots.

Interference of novel goals with demonstrations is another important challenge

that we face when we use LfD together with RL algorithms. The demonstrations

provide skill characteristics that are difficult to specify formally in a reward function.

These skill characteristics can reflect safe behaviors, demonstrator’s preferences, or

robot and environment constraints. Thus, the learning algorithms should produce

trajectory samples that preserve these skill characteristics while updating the policy

to adapt to novel goals or environments.

Skill transfer between agents with different embodiments is another challenge when

the demonstrated skill is not provided in the robot’s own action space. The demon-

stration trajectories should be translated to intrinsic coordinates of the robot with an

additional step to complete the initial skill transfer. This can be problematic if the

mapping is not well defined and multiple solutions exist. This problem may also arise

in multi-robot systems where one skill is needed to be transferred to another robot.

Hence, an automatic transfer mechanism between agents that does not require the

design of an explicit coordinate mapping is required.

Our proposed method ACNMP [12] addresses the aforementioned challenges by

(i) introducing a novel LfD+RL framework that captures the complex relationships

between task parameters and sensorimotor trajectories order of magnitude more sample

efficient than the state-of-the-art algorithms, (ii) sampling the exploratory trajectories

of RL algorithm from the same latent representation space where demonstrations are

encoded so that maintaining the demonstrated skill characteristics in new trajectories

is ensured, and (iii) forming a common latent representation space between robots with

different morphologies, that allows automatic skill transfer between them.
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ACNMP uses a recently developed robotics model called Conditional Neural

Movement Primitives (CNMP) [13], which is built on top of Conditional Neural Pro-

cesses [14], as the LfD model, and it uses a novel RL component to step in case the LfD

model fails when it is queried with inputs from outside of the training range or it is

placed in a novel environment. The LfD model of ACNMP consists of an encoder and

decoder network that learns the distribution of sensorimotor trajectories in relation to

task parameters from a few demonstrations. The RL component employs the same

network for adaptation but it is trained in a novel way using simultaneous RL and LfD

(SL) objectives. Concretely, the model uses error-based SL loss for the demonstration

set and policy gradient loss for RL-guided actions in alternating steps. After adap-

tion is successful, the newfound trajectory is regarded as a new demonstration and the

generalization capacity of the framework is increased. To realize skill transfer between

robots with different embodiments, two ACNMPs are trained together to construct

the common latent space by using proxy skill demonstrations provided to both robots.

Afterward, one robot can autonomously learn a novel task by observing the skill execu-

tion of its peer robot. We showed the superiority of ACNMP over other state-of-the-art

methods in three simulation experiments, and its suitability for real-world applications

in two real robot experiments.

The advantages of using Supervised Learning loss in Reinforcement Learning

training motivated us to benefit further from SL during reward-based policy learning.

We investigated whether we can train the robot fully using Supervised Learning in

Reinforcement Learning tasks so that the robot can learn a new skill or improve an old

skill for a new environment in a more efficient and stable way.

Barto and Dietterich [15] argued that such an approach is not possible. In Super-

vised Learning, inputs and outputs are given to the model, and the model is trained to

find the unknown mapping. The training is implemented using error signals between

desired and produced outputs. However, in Reinforcement Learning, there is a reward

function and the model tries to find an unknown input that maximizes the obtained

reward. Here, only evaluation signals (rewards) are provided based on the performance

of the current input and there is no direct knowledge about the desired input.
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Recently, Schmidhuber [16] proposed to use the environmental feedback (reward)

together with desired time horizon as input to predict actions to convert the problem to

a mapping problem as in the Supervised Learning. This method is called Upside Down

RL and realized in [17] in Atari environments. Here, it is shown that URDL performs

better than the traditional RL algorithms. However, robotic systems bring additional

challenges and requirements that hinder the direct implementation of the same method.

This method is shown to produce discrete actions for a given state, desired reward, and

time horizon but robotic tasks require complex continuous sensorimotor trajectories.

In addition, contrary to used Atari environments, the reward is typically sparse in

robotic systems, i.e. the reward is obtained after the execution of the full trajectory in

robotic systems. Moreover, many robotic tasks have multiple solutions and multiple

local minima difficult to escape with standard policy search algorithms.

In our second proposed method, namely Reward Conditioned Neural Movement

Primitives (RC-NMP) [18], we study reward-based skill learning in robotics systems as

a supervised learning problem and address the aforementioned challenges. Our frame-

work is built on top of a recent ANN architecture called Neural Processes [19], that

encodes multi-modal trajectory distributions and their non-linear relation with exter-

nal task parameters. Differently from [14], the trajectory distribution is captured in

latent space using variational inference [20] instead of the task space. Our framework

constructs the latent representation distribution conditioned on rewards, uses stochas-

tic sampling to generate varying continuous trajectories for the desired reward, and

is fully trained in SL settings. Stochastic sampling from different reward landscapes

contributes to the exploration of the environment but we further benefit from Evo-

lutionary Strategies (ES) [21] to effectively deal with multiple solutions and multiple

local minima in the search space. First, we propose a novel crossover operation, that

temporally blends the generated trajectories in the latent representation space. We

observed that this operation accelerates the learning, because sub-parts of undesired

trajectories, which receive rewards from different portions, could possibly be combined

to achieve high rewards at early steps. We further implemented a mutation operation

to increase the diversity of trajectories by adding a smoothed Gaussian noise in the

task space.
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We compared our framework’s encoding and trajectory generation capability with

CNMP [13], and its skill learning performance with ACNMP [12] and two other state-

of-the-art RL algorithms with three experiments.

In Chapter 2 we introduce the robot, its gripper, and software tools that we used

in this thesis. In Chapter 3, we provide an analysis of the literature together with

the state-of-the-art methods in the areas that we worked on. Chapter 4 provides the

background information that may help to comprehension of this study. The proposed

frameworks, their experimentation results, and their comparison with state-of-the-art

models will be introduced in Chapter 5 and Chapter 6 respectively. Chapter 7 presents

the discussion and the conclusion.
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2. EXPERIMENT PLATFORM

In this chapter, we present the robot, simulation environments, and other tools

that we used in this thesis to provide a better understanding. Section 2.1 introduces the

robot arm and the gripper that we used in our experiments, and Section 2.2 introduces

the software components that we benefit from in our thesis.

2.1. Physical Components

2.1.1. UR10 Robot

In this thesis, we used the UR10 robot of Universal Robots [22] in real-world

experiments. UR10 is a versatile collaborative industrial robot, that can carry a 12.5

kg load and has 1.3 meters reach. It is designed to perform with high accuracy and

reliability in a wide range of applications like machine tending, palletizing, and pack-

aging. The robot has 6 rotational joints, thus 6 degrees of freedom (DoF). The robot

is able to manipulate objects in three-dimensional (3D) space in all directions. In our

experiments, the robot is used via Robot Operating System (ROS) [23] in 3D and

planar manipulation, and high precision water pouring tasks.

2.1.2. 3F Robotiq Gripper

The gripper attached to the UR10 robot is a three-fingered Robotiq gripper [24].

The gripper has 20 to 155 mm object diameter for encompassing, it can apply 30 to

70 N grip force, and carry a 10 kg load. It can operate in 4 modes: basic mode, pinch

Mode, scissor mode, and wide mode. Basic mode is used for grasping objects in our

experiments. The gripper is connected to ROS using present Python packages.
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2.2. Software Components

2.2.1. Robot Operating System (ROS)

ROS [23] is not an actual operating system but a very flexible open-source frame-

work to develop robotic software. It is widely used among the robotic community and

includes a wide variety of libraries, tools, and conventions. ROS assigns nodes to dif-

ferent processes that control different components of a robotic system, like the robot,

the gripper, sensors; and connects them via a message-passing system. Each node can

publish information using a topic, and other nodes can listen and process this infor-

mation. It also eases robot control by providing forward and inverse kinematic chains

and path planning. We used ROS to record demonstrations and control movements of

the UR10 robot and the Robotiq gripper.

2.2.2. CoppeliaSim

CoppeliaSim [25] is a robotic simulator. It inherited most of the features from

its ancestor, V-Rep simulator [26]. It has a distributed control architecture: embedded

scripts, plugins, ROS nodes, remote API clients, and custom solutions are used to con-

trol each individual object/model separately. It supports various computer languages

and platforms for the development of controllers: Python, Java, Lua, C/C++, Matlab,

or Octave. We used its ROS backend to control robots in simulation.

2.2.3. Tensorflow and Keras

Tensorflow is a free open-source library developed for machine learning applica-

tions. It particularly eases the design and training of ANNs in deep learning. It builds

common knowledge in machine learning by providing comprehensive, flexible ecosys-

tem tools and libraries that allow easy development of machine learning models and

the usage of state-of-the-art models. Keras is an API designed to reduce the cognitive

human effort in machine learning applications. Its guides, documentation, clear error

messages accelerate the development of deep learning architectures.
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2.2.4. Pyrep

Pyrep is a robot learning toolkit for robot learning researchers who use the Cop-

peliaSim simulator. Instead of using slower remote procedure calls to reach the sim-

ulator, Pyrep python codes can be run synchronously with the simulation loop, and

increase the speed of interaction with the simulator. Therefore, it is very practical to

be used in reinforcement learning and learning from demonstration.

2.2.5. Jupyter Notebook

The Jupyter Notebook is an open-source python editor, where codes can be stored

and run as independent blocks. Text and equation blocks can be added as well to build

a more complete project. The source codes of our both frameworks are written in the

Jupyter Notebook and shared with the community with its format.

2.3. External Library and Packages

Additionally, Matplotlib [27] is used for data visualization, scikit-learn [28] and

numpy [29] are used for data processing.
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3. RELATED WORK

3.1. Learning Movement Primitives

Learning from Demonstration (LfD) [3] is a widely used technique in robotic prob-

lems [7]. Some examples include object grasping and manipulation [30–34]. Popular

learning frameworks include dynamic systems [35], statistical modeling [36] and their

combination [37,38]. Dynamic Movement Primitives (DMP) [35] represent the demon-

strated trajectory with a set of differential equations. It uses a spring-mass-damper

system with a non-linear function, and it can learn non-linear movements in one shot.

It also provides a guarantee for reaching the goal point under perturbations thanks to

its point attractor. The expressiveness of DMP trajectories is determined by the num-

ber of basis functions, a hyper-parameter needs additional tuning efforts. Probabilistic

Movement Primitives (ProMP) [39] learns the distribution of these basis functions

for a trajectory distribution and therefore, can generate stochastic policies. Condi-

tional Neural Movement Primitives (CNMP) [13], built on a recent ANN architecture,

Conditional Neural Processes (CNP) [14], can also represent trajectory distributions.

It extracts non-linear relationships between task parameters and complex sensorimo-

tor trajectories from a few demonstrations. Our first proposed framework (ACNMP)

uses CNMP as the LfD model, and its performance and generalization capabilities of

ACNMP are compared against adaptive ProMPs. Our second proposed framework

(RC-NMP) is built on a similar ANN architecture called Neural Processes [19] that

adds variational inference on top of CNP. This architecture allows capturing trajectory

distributions in latent representation space so that full trajectories can be sampled,

whereas an explicit trajectory shaping mechanism is required to combine trajectory

points for each time point for CNMP.
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3.1.1. Variational Inference in Movement Primitives

In recent years, variational inference has been used to develop generative mod-

els that produce movement primitives [40–42]. [40] benefited from Deep Variational

Bayes Filtering [43] to encode the model parameters of DMPs in a Variational Au-

toencoder (VAE). In [41], Temporal Convolution Networks [44] were used to represent

trajectories, and a VAE conditioned on task parameters was trained as the generative

model. [42] combined discrete and continuous latent variables to train a VAE, and the

decoder network was conditioned on goal parameters to produce trajectories. All these

methods require training trajectories on a scale of thousands but RC-NMP is sufficient

to perform well from only a few demonstrations because Neural Processes takes random

observation samples to learn trajectory representations.

3.2. Adapting Primitives

Sample efficiency is the bottleneck of RL algorithms that are aimed to be used in

real-world environments. Expert demonstrations are often combined with an RL agent

which later generates its own experiences [11]. These efforts can be categorized into two.

The first one utilizes the RL agent at the core and uses demonstrations to provide an

initial experience and reference trajectories for RL training [45–47]. For instance, [45]

defines a trade-off cost function that balances the effect of obtained rewards from the

environment with the knowledge obtained from demonstrations. However, [48] states

that trade-off weighting hyper-parameters should be carefully tuned. Otherwise, the

agent either can not benefit from expert trajectories or imitates only the expert and

cannot show adaptation.

The second category, where our frameworks belong, uses an LfD engine at the

core and extends its capabilities by RL training. ACNMP is closely related to [1, 2],

which used ProMP as the LfD model and adapted it to novel environments using RL. [1]

used ProMP to learn demonstrations of a planar robot arm that push an object to a

goal point. Here, the framework requires separate ProMPs to learn demonstrations for

different goal points, and RL is used to find trajectories for an unseen goal point.
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The algorithm, namely, Relative Entropy Search (REPS) [49] defines an additional

metric, KL divergence, to stay close to previous parameters of the model with the

purpose of preserving the shape of the movement. [2] used a single ProMP to con-

dition with different task parameters by combining it with Gaussian Processes. For

the RL part, relations between task parameters and trajectories were found using a

relevance metric. In comparison with the studies above, ACNMP and RC-NMP do

not benefit from any additional/weighted loss, relevance metrics, or KL-divergence

term. The training procedure of ACNMP, which uses demonstrations and RL-guided

trajectories simultaneously, allows preserving demonstration characteristics inherently.

On the other hand, RC-NMP regards all trajectories (demonstrations and exploration

trajectories) similarly to produce a trajectory population without additional efforts.

3.2.1. Use of Learning Data with Varying Quality

An important challenge in LfD and trajectory adaptation is to exploit trajectories

fully from different reward landscapes. RC-NMP addresses this challenge by learning

a mapping between reward values and trajectories. In this way, the model benefits

from all trajectories in the population to understand the trajectory reward relation. In

this respect, Double REPS [50] particularly addresses this problem by improving the

REPS [49]. High reward trajectories and low reward trajectories are clustered during

learning, and policy updates are constrained to make the policy closer to the high

reward cluster and further away from the low reward cluster. In other words, these

clusters work as force fields. The experiments showed that this approach is highly

beneficial for problems, that include multiple solutions and local minima. In this the-

sis, RC-NMP is compared with both DREPS and REPS in terms of performance in a

similar problem.



12

3.2.2. Transfer Learning

Another way of task adaption is taking additional demonstrations for the novel

task. These demonstrations can come from the expert or another agent proficient in

that particular task. Therefore, transfer learning in robotics is an important topic

for task adaptation [51]. A common method is to pair all the corresponding states

of different agents [52]. Another practice is constructing a common feature space

manually instead of direct pairing [53], or aligning states via unsupervised manifold

alignment [54]. [55] learned the common feature space using ANN after aligning states

by expectation-maximization-based dynamic time warping. In comparison with other

studies, our method, ACNMP, finds the common feature space to transfer skills at the

trajectory level rather than the state level. Thus, it does not require any explicit state

pairing and aligning efforts.

3.2.3. Evolutionary Policy Optimization

Recently, Evolutionary Strategies (ES) have been used first as an alternative to

RL [56], [57], and later approaches using them together came forward. While ES ap-

proaches are quick for a small number of parameters and effective to deal with challeng-

ing search spaces with multiple local minima, they suffer from exponential complexity

for a large number of parameters. So, they are used together with RL algorithms, which

are able to handle a large number of parameters. Genetic-Gated Networks [58] em-

ployed a chromosome vector, to which crossover and mutation operations are applied to

control gating choices of the policy network. The chromosome vector that corresponds

to the best solution is selected, and the resulting network is optimized based on the

gradient. Genetic Policy Optimization [59] exploits both imitation learning and deep

reinforcement learning. Offspring networks of two parent policy networks are trained

with imitation learning to share a similar state distribution with parents. Policy gra-

dient methods are applied for mutation operation with high variance in order to create

enough diversity for better exploration. [60] used ES directly on network parameters.

Differently from the above studies, [60] studied problems in dynamic environments,

and the learning is adjusted using instance weighting that favors quality and novelty.
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In [61], robustness against deceptive rewards is investigated and it is shown that the

ES approach performs better on such tasks than RL, since it encourages different be-

haviors more through novelty search [62], avoiding the local optima that RL gets stuck

on. [63–65] combined deep RL algorithms with ES. Compared to these studies, RC-

NMP introduces a novel crossover operator that temporally blends parent trajectories

to create offspring using the self-organized latent representations.
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4. BACKGROUND

In this chapter, we will introduce the models that we inspired from and used while

developing our frameworks ACNMP and RC-NMP to provide a better understanding.

First, we will explain Conditional Neural Processes and Neural Processes, two recent

ANN architectures. Then, we will talk about Conditional Neural Movement Primitives

that extend Conditional Neural Processes to the robotics domain.

4.1. Conditional Neural Processes

Neural networks have been widely used as function approximators and showed

great success. Yet, they usually require big datasets and are trained from scratch. If

different functions are needed to use without retraining models, Bayesian approaches

are really useful. For instance, Gaussian Processes exploit the prior knowledge about

a function set and infer specific functions at test time. Prior selection and training

time for large datasets are the main disadvantages of Gaussian Processes. Conditional

Processes claim to bring the best of the two worlds. This model family is inspired by the

flexibility of Gaussian Processes (GP) but organized and trained like neural networks.

Here, the model extracts the prior knowledge directly from the data and can infer the

underlying function distribution from observations. The structure of the model, which

is adopted from [14] is shown in Figure 4.1. The observations (xi and yi pairs) are passed

through a parameter-sharing encoder network to get the corresponding representations

ri. Then, these representations are merged with an arbitrary differentiable aggregation

A operation to get the function representation r. In the experiments, this operation is

selected as averaging. The query network, denoted with Q, uses this representation r

together with query inputs xq to predict the corresponding output yq with a Gaussian

distribution parametrized with µq and σq. The model is trained with the log-likelihood

loss in the following equation:

L(θ, φ) = − logP (yq | µq, softplus(σq)) (4.1)
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θ and φ denote the parameters of the encoder and query network respectively. At each

training iteration, random observations are selected from a random function and the

output for the target input is predicted.

Figure 4.1. Architecture of the CNP.

4.2. Neural Processes

Conditional Neural Processes work arguably well to model function distributions

in the task space. It produces a mean and variance to model the likelihood of the func-

tion output for the given query inputs. Since the model lacks a global latent variable

that allows different function samples for the given observations, an external shaping

mechanism is required to connect sampled outputs to obtain a full function. Neural

Process is developed as the generalized version of CNP with a global latent variable.

Variational inference is used to learn the latent representation distribution, and rep-

resentation samples from this distribution are used to generate function samples as in

Variational Autoencoders (VAE) [66]. The model architecture adopted from [19] can

be seen in the Figure 4.2. Similarly to CNP, a parameter-sharing encoder network E

extracts the representations ri of corresponding observations (xi and yi pairs). These

representations are again merged with a differentiable aggregation operation A. Dif-

ferently here, the resulting representation r is used to construct the parameters of a

latent variable Gaussian distribution Nz. The sample from this distribution z is fed to

the query network along with the query inputs xq to predict the corresponding outputs

yq.
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The error between the true and the predicted outputs is the reconstruction error

but the variational model also needs to tighten the variational bound between the

true posterior and the variational posterior. The combination of these two errors is

called the evidence lower bound (ELBO), the training objective. Normally, the prior

is modeled with a standard Normal distribution p(z) in practice, and the ELBO would

look like this:

log p(y1:n|x1:n) = Eq(z|y1:n,x1:n)[
n∑
i=1

log p(yi|xi, z) + log
p(z)

q(z|y1:n, x1:n)
] (4.2)

For the purpose of predicting a function from random observations, the dataset is

divided into two: the observation set (y1:m, x1:m) and the target set (ym+1:n, xm+1:n). We

can use the prior as p(z|y1:m, x1:m) using the observations for our purposes. Since calcu-

lating this probability will be intractable, it can be approximated with q(z|y1:m, x1:m).

The equation becomes:

log p(ym+1:n|y1:m, x1:n) = Eq(z|y1:n,x1:n)[
n∑

i=m+1

log p(yi|xi, z) + log
q(z|y1:m, x1:m)

q(z|y1:n, x1:n)
] (4.3)

Here, the latent variable is sampled with the reparametrization trick. The training

of the model is very similar to the training of CNMP. The only difference is the sampling

of the latent variable for each observation set.

Figure 4.2. Architecture of the NP.
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4.3. Conditional Neural Movement Primitives

Conditional Neural Movement Primitives [13] extend the CNP model to the

robotics domain. The illustration of the model can be seen in Figure 4.3. Here, the

data set consists of sensorimotor trajectories with respect to time. The time interval of

the trajectories is scaled into the interval [0, 1] to make the model time-invariant. Al-

though the trajectories are shown in one dimension here, they can be multidimensional.

The observations are sensorimotor values SM(t) and time points t, and the output is

again mean and the variance of possible sensorimotor values for the query time point

tq. Here, both encoder and decoder networks are queried with the external task param-

eters γ to learn the non-linear relationships between trajectories and task parameters.

At test time, condition points (via-points that the trajectory should follow) and task

constraints in form of parameters are given to the model. The query network takes all

time points in the time horizon [0, 1] to produce the mean sensorimotor trajectory and

the variance around it.

Figure 4.3. Architecture of the CNMP.



18

5. ADAPTIVE CONDITIONAL NEURAL MOVEMENT

PRIMITIVES

5.1. Proposed Method

Adaptive Conditional Movement Primitives (ACNMP) is a robot skill learning

framework that consists of one LfD component and one RL component. Given expert

demonstrations, the LfD component learns the initial version of the skill. Then, the

RL component steps in and improves the skill whenever a failure occurs due to a new

environment of new task constraints. ACNMP also allows transfer of skills between

morphologically different robots by finding a common latent space between the agents.

This becomes quite useful when the reward is too sparse for the RL component and

there exists another robot that acquired the skill before.

We use CNMP as the LfD component of ACNMP, and its underliying model CNP

and CNMP were introduced in Chapter 4. We employ a policy gradient approach

for the RL component because our action space consists of continuous sensorimotor

trajectory values. The stochastic policy of the agent is denoted with πθ(a, s) = P (at ∈

A|st ∈ S, θ), where θ represents the policy parameters (network parameters), A and

S represents action and state spaces. We generalize policy to depend on a context

signal c, which is often time augmented with some task parameters. The aim is to

maximize the expected reward R(τ) =
∑

t=1,..T

R(st, at, ct) obtained through the course of

a trajectory τ = {s0, a0, ...sT , aT} in policy gradient algorithms [67]. In this setting, the

gradient of the policy gradient objective with respect to policy parameters becomes:

∇θJ(θ) = Eπθ [
T∑
t=1

∇θ log πθ(st, at, ct)(
T∑
t′=t

R(st′ , at′ , ct′))] (5.1)
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Figure 5.1. The ACNMP architecture and the learning loop.

Furthermore, since the RL agent produces actions with respect to context pa-

rameters, and there is no natural state transitions with respect to actions, the problem

becomes a generalized multi-armed bandit problem where the policy distribution de-

pends on the context parameters c. In this case, the gradient simplifies to:

∇θJ(θ) = Eπθ [
T∑
t=1

∇θ log πθ(at, ct)(
T∑
t′=t

R(at′ , ct′))] (5.2)

The proposed framework ACNMP can be seen in Figure 5.1. First, the LfD

model (CNMP) is trained with demonstration trajectories (I) by following the explained

procedure in Section 4.3. Then, the model is conditioned with task parameters and

via-points (II) to generate the desired behavior (III), which is carried out by the real

robot (IV). If the generated trajectory is found unsatisfactory or a runtime failure

occurs during execution in extrapolation cases (V), the RL agent is triggered (VI).

RL agent uses the same network architecture as the policy network and updates it via

policy gradient while it is also being trained with demonstrations in alternating steps

(VII). After the RL agent finds a satisfactory trajectory based on the rewards of the

new task, this trajectory is added to the trajectory set as a new demonstration (VIII).

The LfD framework updates itself using the new trajectory set, and the loop continues.
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Simultaneous Training with SL and RL: The critical contribution of our proposed

model is that while RL agent explores the environment to find a sufficient trajectory,

Supervised Learning using expert demonstrations is applied simultaneously to preserve

expert knowledge. This training method does not only find new trajectories that satisfy

the novel tasks but also makes those new trajectories share similar characteristics with

expert demonstrations. The reason is that the SL updates avoid catastrophic forgetting

of the formed representation space by demonstrations, and the representation of the

novel trajectory is placed to an appropriate location in the same space. In short,

discovered trajectories by RL agent share the same representation space and therefore

similar characteristics with demonstrations.

The network updates itself using two loss functions for SL and RL objectives:

likelihood loss of CNMP, Equation (4.1), and the policy gradient loss, Equation (5.2).

The former is used to train the network for the input data (observation and task

parameters) coming from demonstrations. The latter is used to guide actions of RL

agent for extrapolation cases, e.g. unseen task constraints or novel environments.

Although we are saying that there are two loss functions, they are actually quite similar.

If we manipulate the loss function of CNMP, Equation (4.1), it will look like another

policy gradient loss:

∇θJ(θ) = ECNMPθ [(
T∑
t=1

∇θ logCNMPθ
(at,demo, ct))] (5.3)

where R(τ) = 1 because the ground truth action (at,demo) is known. This manipula-

tion can be summarized as follows: CNMP generates a trajectory distribution to make

the demonsration trajectories more likely whereas policy gradient updates a policy

distribution to make the most rewarding action sequences or trajectories more likely.

policy gradient adjusts policy distribution to make the most rewarding action most

likely whereas CNMP adjusts trajectory distribution to make the observed actions

most likely.
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Figure 5.2. The transfer learning architecture.

Assimilating New RL Solution into the CNMP: The RL agent only uses the

provided via-points as inputs while discovering the new trajectory. However, the LfD

model is trained by sampling random observations from a full trajectory at each training

step. For that reason, the solution of the RL agent is added to the dataset of the LfD

model for further training. In the end, the capability of the model is extended from

the range of demonstrations to the range of trajectories that include RL solutions and

demonstrations.

Transfer Learning: For knowledge transfer between robots, two ACNMP models

are deployed in two robots. These two models learn the proxy skills, demonstrations

of which are available to both of them, together to form a common representation

space. The Figure 5.2 illustrates learning of common space for two agents. Here task

parameters are not used to find task invariant latent space, only the joint trajectories

of robots are used as inputs to show agent to agent transfer capability.
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The training of a single CNMP here is same as in Section 4.3 but the found

representations by encoders for the corresponding trajectories of the proxy skills are

forced to be as close as possible by adding a distance metric to the loss:

L(θ1, φ1, θ2, φ2) = LCNMP1(θ1, φ1) + LCNMP2(θ2, φ2) + LMSE(r1, r2) (5.4)

Here, r1 stands for the representation produced by the encoder of the first CNMP,

r2 stands for the representation produced by the encoder of the second CNMP, and

LMSE denotes the mean squared error. We would like to attract attention to the fact

that the observations coming from two robots have different numbers, different dimen-

sions, and different time points. Our framework can successfully find trajectory to

trajectory transfer by encoding the whole trajectory into latent space from observa-

tions.

For the test task, problem formulation assumes that the source agent can demon-

strate the skill that the target cannot perform. Skill transfer occurs as follows. The

encoder network of the first ACNMP extracts the representations of skill trajectories.

Then, these trajectories are fed to the decoder of the second ACNMP to find the

translation of the trajectory of the source robot to the joint space of the target robot.

Afterward, the RL agent of the target robot can optimize these translation trajectories

to learn the skill perfectly.

5.2. Experiments

We evaluated the performance of ACNMP in four simulation experiments, where

the state-of-the-art comparisons and two real robot experiments were made. The sim-

ulation models, dataset, and code can be found in [68]. We were not able to find the

source codes of two state of art algorithms that we used for comparison [1,55], and our

implementations were based on the descriptions (including reward functions) in the

papers.
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Figure 5.3. (a) The simulated obstacle avoidance task. The six demonstrations are

colored, obstacles are represented with gray ellipses, and pink point shows the

via-point. (b) CNMP model fails to extrapolate. (c) The trajectory found by RL-only

model. (d) Simultaneous LfD+RL based ACNMP.

5.2.1. Extrapolation in Obstacle Avoidance

This toy experiment shows in which situations the LfD (CNMP) model fails and

RL agent is triggered and evaluates the performance of ACNMP. For this purpose, we

placed 4 elliptic obstacles and provided 6 different expert demonstrations that avoid

the obstacle and share the same starting and endpoint. The experiment is illustrated

in Figure 5.3 (a) where different demonstrations have different colors. Given a condi-

tioning point (pink dot in the figure), the model is expected to produce a trajectory

that avoids the obstacles and goes through the via-point. The LfD-only model fails to

generate a sufficient trajectory if the via-point is outside of the training range 5.3 (b).
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Figure 5.4. ACNMP performance with respect to the increasing amount of

extrapolation. Black dot is the via-point, black line is the generated trajectory, and

colored lines are demonstrations.

Figure 5.3 (c) shows the result if we employ only an RL agent to solve the task where

the reward function calculates the minus distance between the trajectory and the via-

point, and it does not give any feedback about the obstacles. The RL-only trajectory

does not preserve the demonstrated shape while going through the via-point. Fig-

ure 5.3 (d) illustrates the performance of ACNMP. The found trajectory of ACNMP

after 35 rollouts both preserves the demonstrated shape and avoids the obstacles with

the same reward function due to its training procedure that uses demonstrations and

discovered trajectories by RL simultaneously.

Next, we checked the limit of this shape preservation by placing the via-point

further away from demonstrations. It seems that the algorithm had more difficulty

in expressing the same shape with demonstrations when the extrapolation point move

away although the trajectories continue to meet the via-point. Still, we should note

that what is the right trajectory shape is not a well-defined question.

Assimilating new constraints into CNMP representations: This part of the ex-

periment investigates how demonstrations and RL trajectories are encoded in the rep-

resentation space after ACNMP training.
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Figure 5.5. Illustration of the representations for each trajectory in the latent

representation space. The top and bottom parts show latent representation before

and after RL solution is assimilated into the model, respectively.

For this visualization, the bottleneck of the neural network, representation layer of the

CNMP, is decreased to 2 neurons, and Figure 5.5 shows color-coded trajectories and

their corresponding representations before and after ACNMP training. It is shown that

different representation clusters are formed for different trajectories. The top figure il-

lustrates that if we take a sample from a point in representation space, where we would

expect the solution trajectory would be, we see that the corresponding trajectory does

not satisfy task constraints. However, the novel training method of ACNMP ensures

that the interpretation of representation space is changed and the RL solution is en-

coded into the right spot. This analysis suggests that ACNMP robustly integrates new

knowledge into the existing representations.
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5.2.2. Adaptation to Novel Environments in Simulation Experiments

We evaluate the adaptation capabilities of ACNMP in a simulated tabletop push-

ing and 2D obstacle avoidance task, and compare its performance with the baseline

studies [1, 2]. For the first experiment, we replicated the experiment setup of [1] in

CoppeliaSim [25]. Figure 5.6 (a) illustrates the task. A joint-controlled 3-DoF planar

robot arm is placed on the table along with a black cylinder, which the robot should

push to 10 different target locations. The robot is provided with demonstrations for

the 9 target locations except for the test target location, and the experiment measures

how effective the learning model can use expert knowledge for other target points to

learn how to push to the test target location. The reward that both [1] and we set is the

minus distance between the object positions during the execution of the demonstration

and the generated trajectory. [1] had to use one ProMP to represent the demonstra-

tions for each target point because the initial version of ProMP cannot learn relations

between trajectories and task parameters.

Figure 5.6. Tasks and performance comparisons for [1] (a-b) and [2] (c-e)
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Figure 5.7. The demonstrations for the 2D obstacle avoidance experiment are shown.

The blue circle shows the start point and the red circle shows the end point.

On the other hand, ACNMP can learn that non-linear relationships between tra-

jectories and task parameters and can generate trajectories conditioned on the desired

target position. Thus, a single ACNMP is used to learn all the demonstrations. We

consider the target points in two categories: interpolation and extrapolation, which

are shown in Figure 5.6 (a) with blue and red respectively. Figure 5.6 (b) provides the

analysis. As shown, ACNMP almost did not require any adaptation for the interpola-

tion cases and used 130 rollouts (2 per iteration) for adaptation for the extrapolation

cases. In [1], it is indicated that their model solved the task using around 1200 rollouts

where interpolation cases dominated the dataset (80%).

Table 5.1. Comparison summary.

ACNMP ProMP+RL

# of trajectories 130 1200 [1]

# of trajectories (single environment) 1.4K 20K [2]

# of trajectories (total) 0.7M 10M [2]

In the second experiment, we replicated a 2D obstacle avoidance task [69] of [2]

that is shown in Figure 5.6 (c). Here, where the model is required to produce trajec-

tories that start from a fixed point (shown with blue), go through the aperture of the

wall without collision, and end at a randomly located goal point (shown with red).
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The task parameters are coordinates of the center of the aperture in the wall (xc, yc),

and coordinates of the goal point (xg, yg). The objective is determined as minimizing

the distance to the start and goal point and the signed distance to the walls. The

coordinates of the wall and goal point are sampled uniformly from the following ranges

to create various environments: 2 ≤ xc ≤ 8, 1 ≤ yc ≤ 9, xc + 1.5 ≤ xg ≤ 10 and

0 ≤ yg ≤ 10. 30 environments with demonstrations are used to initialize both models.

Figure 5.7 shows sample trajectories that ACNMP used. Note that all trajectories

are traveled uniformly in 200 time points and aperture behaviors are not aligned in

time. Therefore, ACNMP is successful at preserving non-aligned demonstrated shapes

as well. Both models use RL to create a self-improvement loop to be able to gener-

ate sufficient trajectories for any random points from the specified range. Figures 5.6

(d) and (e) show performance comparisons with respect to environments used in the

self-improvement loop and samples used in total for 1000 unseen test environments.

Although ACNMP and [2] show similar performance increase with respect to environ-

ments, ACNMP is much more efficient in terms of trajectory samples used for training.

On average, ACNMP uses 1400 trajectories at maximum for each new environment

whereas [2] uses 20k trajectories. In the end, the performance level achieved in 700k

samples by ACNMP can be achieved in 10 Million samples by [2]. The Table 5.1 sum-

marizes the comparison of ACNMP with the two baseline ProMP+RL methods. This

difference makes ACNMP more suitable for real-world applications.

Figure 5.8. The three training tasks (on the left) and the test task (on the right) for

transfer learning.
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Figure 5.9. Snapshots of overlaid latent space representations obtained during

learning.

5.2.3. Skill Transfer between Robots with Different Morphologies

The last simulation experiment analyzes the transfer learning capability of AC-

NMP. This experiment setup is adopted from [55] based on the descriptions in the

paper. There are 2 robots with different numbers of DoFs (3 and 4) and different link

lengths simulated in CoppeliaSim [25] using the PyRep toolkit [70]. Both robots are

provided with 4 demonstrations of 3 proxy skills: reaching, pushing, and peg insertion

as shown in Figure 5.8. Figure 5.9 illustrates how a common latent space is formed us-

ing these proxy skills for the two robots. Here, t-SNE visualizations [71] of the learned

representations at different phases of training are plotted from left to right. For the

test task, named button pressing and shown at the right of Figure 5.8, a demonstration

is only provided to the 3 DoF robot and the skill transfer to the 4 Dof robot is tested.

This task, where the robot should reach the blue cube through a narrow opening and

push it to the location of the red cube, is extremely hard to learn from scratch because

the reward is determined as the minus distance of the blue cube to the red cube. The

robot does not get any feedback unless it can touch the blue cube, which has a very

low probability due to obstacles around it. So, the knowledge transfer should generate

a trajectory for the 4 DoF robot close enough to the optimal one. Indeed, this was the

case for both models, and RL algorithms optimize this skill in comparable iterations.

The difference is that [55] used an explicit time-warping mechanism to align and pair

the states before the learning but ACNMP was able to learn the correspondences at

trajectory level and did not require any state aligning or state matching mechanism.
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Figure 5.10. 3 snapshots from the pick & place task.

5.2.4. Extrapolation in Real-Robot Adaptation

The first real robot experiment, which is adopted from [13] using [72], targets

to evaluate the adaptation ability of ACNMP in a non-linear and high-dimensional

task. Here, a 6 DoF UR10 robotic arm mounted with a Robotiq gripper should carry

an object with varying sizes over a tower with varying sizes (Figure 5.10). LfD-only

model (CNMP) was successful to generalize the skill within the demonstration range

(interpolation range) but it failed to produce successful trajectories when it was faced

with objects and towers higher than the demonstrated ones [13].

ACNMP was also trained in similar settings to see the performance improvement. 8

demonstrations are provided for object heights between 2 and 6 cm and tower heights

between 2 and 8 cm. The reward is determined as the sum of minus distances to

obstacle avoidance and grasp points. The left part of the Table 5.2 shows that ACNMP

successfully adapted to novel task requirements that have non-linear relationships with

the trajectories of 6 joints. Figure 5.12 shows the solution trajectories of ACNMP

for the task parameters the furthest away from the demonstration range. Note that

ACNMP solutions preserve the demonstrated shapes even though the reward function

does not include a term for them.

The second real robot experiment shows that ACNMP can also adapt to novel

task constraints outside of the demonstration range using the reward coming from the

real-world that is not directly related to the demonstration trajectories.
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Figure 5.11. 2 snapshots from the pouring task.

Figure 5.12. ACNMP predictions for pick and place task. Gray lines show expert

demonstrations. Blue lines show the expert behaviour, and the red lines show

ACNMP prediction for the extrapolation task parameters.



32

Table 5.2. Left: Average joint errors in pick & place task. Right: Error change in

pouring during RL.

Joint Errors (deg)

Method Parameters Base Shoulder Elbow Wrist1 Wrist2 Wrist3

CNMP Obj: 8∗ Obs.: 10∗ 1.038 2.325 8.879 8.094 0.360 0.830

ACNMP Obj: 8∗ Obs.: 10∗ 0.889 1.589 4.668 3.465 0.845 0.861

CNMP Obj: 9∗ Obs: 11∗ 1.861 5.380 17.978 14.894 0.590 1.386

ACNMP Obj: 9∗ Obs: 11∗ 0.994 0.507 1.780 1.514 0.814 1.007

Error in Grams

1-4 591 447 435 175

5-8 511 604 305 42

9-12 417 284 144 194

13-16 367 364 79 177

17-18 133 27

The robot is provided with a cup that contains marbles with varying weights. It is sup-

posed to pour the varying target amount into a second cup (Figure 5.11). Therefore,

the task parameters are the target pouring amount and weight of the cup, and ACNMP

is conditioned with them to produce the required trajectory for the wrist joint. The

LfD model was trained with 16 expert demonstrations with initial cup weights in the

range of 85-95 degrees. The extrapolation task includes 1400 gram initial cup weight

of which 1322 grams need to be poured. ACNMP was able to find a suitable trajectory

using only 18 rollouts. The learning progress is shown in the right part of the Table 5.2.

In the beginning, the RL agent was triggered with 600 grams error, which was dropped

to 27 grams after training. In the two real robot experiments, the built-in controller

that comes with robot software is used because ACNMP produces trajectories.
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6. REWARD CONDITIONED NEURAL MOVEMENT

PRIMITIVES

6.1. Proposed Method

Reward Conditioned Neural Movement Primitives (RC-NMP) is a robot skill

learning framework, which is trained fully using supervised learning. It captures the

trajectory distribution in the latent space using variational inference. For the given

target reward, it can generate various trajectories to create a trajectory population

thanks to the stochastic sampling from the latent space. The diversity of this popu-

lation is increased by benefiting from Evolutionary Strategies with a novel crossover

operation organized in the latent space and a mutation operation. This diversity helps

with the exploration of the environment in order to deal with local minima, sparse

rewards, and multiple solutions.

The learning loop of the proposed framework is illustrated in Figure 6.1. Replay

buffer saves the training data, previous trajectory executions (I). The ANN uses this

data to learn to produce various trajectories for desired rewards (II). A trajectory

population is generated by conditioning the network with the maximum reward that

is experienced. Diversity of trajectories is increased with a crossover operation applied

in the latent space (IV) and a mutation operation applied in the task space (V).

The generated trajectories are given to a PD controller for execution (VI), and the

resulting trajectories are added to the replay buffer. In the following, the details of the

architecture are provided in detail.

Replay Buffer (I). The replay buffer consists of sensorimotor (SM) trajectories

and the reward values obtained after execution of the trajectories. The replay buffer

can be initialized with demonstrations or random trajectories with the corresponding

rewards. Our system uses these reward trajectory pairs to learn a model that can

generate SM trajectories that give the desired reward as follows.
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Figure 6.1. Training the RC-NMP by sampling observations from the demonstration

set and predicting the trajectory value over the queried time-step and generating a

trajectory according to the best reward parameter at test time. © 2021 IEEE

Reward Conditioned Neural Movement Primitives (RC-NMP) (II). Before get-

ting to the training model, we would like to introduce the problem formulation where

there is a reward function (R) that maps trajectories (τ) to real-valued rewards:

R(τ) = r, r ∈ R. Standard reinforcement learning algorithms maximize expected

reward Eτ∼πθ(τ)[R(τ)] by updating the policy parameters θ. On the other hand, RC-

NMP aims to generate the trajectory distribution that returns the global maximum

reward value or a satisfactory local maximum (r∗). Our approach takes the direct path

by conditioning the trajectory generation with rewards r, and it is trained using the

reconstruction error between the generated trajectory and the original trajectory. The

network updates its parameters to find a trajectory distribution conditioned on r∗.

Figure 6.1 (II) illustrates the training of our ANN using (SM, r) pairs. The neural

network architecture is built upon Neural Processes [19] explained in the Section 4.2.

At each training iteration, a random SM trajectory and its reward value are selected

from the replay buffer. A random number of observations (O) consist of SM value and

time tuples (the green dots) are sampled from random locations along the trajectory.
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The parameter sharing encoder network finds the corresponding representations for

these observations as in CNP and NP. Then, these representations are merged to find

the parameters of a Gaussian distribution in the latent representation space (µz, σz).

Differently from NP, we are using a Gaussian prior N(0, I) for the latent space. The

model is trained using variational inference similar to Conditional Variational Au-

toencoders (CVAE) [73] and β-Variational Autoencoders [74]. Reconstruction error is

calculated with log-likelihood of the trajectory, and it is composed of the log-likelihoods

of individual data points: log pθ(τ |t, r) =
T∑
t=1

log pθ(xt|t, r).

By following the steps in [66], this log-likelihood can be expressed as:

log pθ(xt|t, r) = Eqφ(z|O,r)[log pθ(xt|t, r)]

= Eqφ(z|O,r)[log
pθ(xt, z|t, r)
qφ(z|O, r)

]

+ Eqφ(z|O,r)[log
qφ(z|O, r)
pθ(z|xt, t, r)

]

(6.1)

Evidence lower bound (ELBO) is the first term before the plus, and the non-

negative Kullback-Leibler (KL) divergence term is right after the plus. Therefore, we

can conclude that ELBO is a lower bound on the likelihood of data, and it will be equal

to the log-likelihood when the KL term goes to 0. Thus, it can be used as a training

objective. By following steps in [74], ELBO can also be expressed as:

L(θ, φ) = Eqφ(z|O,r)[log pθ(xt|z, t, r)]

− βDKL (qφ(z|O, r)‖pθ(z|t, r))
(6.2)

Gaussian N(0, I) can be used in the place of pθ(z|t, r) because we sample trajec-

tories from this Gaussian independently at the test time [75]. Our proposed model is

different from CNMP [13], where trajectories are mapped to deterministic representa-

tions, and the trajectory distribution is represented in the task space. RC-NMP learns

to represent the trajectory distribution in the latent space, and differently, RC-NMP

uses rewards as external task parameters for conditioning.
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Generating population of individual solutions (III). After RC-NMP is trained

and the mapping between trajectory distributions and reward values is learned, our

system attempts to search the environment to find better trajectories to increase the

reward gradually. For this purpose, multiple trajectories are produced by conditioning

the ANN with the maximum reward that has been experienced until that training

iteration. Various latent representations zi are sampled from the latent distribution,

and the diversity is increased to help exploration by applying two operations from

evolutionary algorithms as follows evolutionary operations as follows.

Crossover operation (IV). The decoder network produces a full trajectory when

it is queried with all time points, the latent representation that explains the trajectory

characteristics, and the target reward. In order to create offspring from previously

generated representations, the trajectories are temporally blended as a crossover oper-

ation through representations. Two random representation pairs (zi, zj), and a random

time point tk from the time horizon t0− tn are selected. Afterward, the query network

generates the part of the trajectory until tk using zi and the rest of the trajectory using

with zj. The resulting trajectory carries one trajectory part of each of its parents. The

symmetric operation is also applied (first zj, then zi), and 2 offspring trajectories are

obtained in total from 2 parents. This operation is repeated for m trajectories, another

m trajectories are generated.

Mutation operation (V). We also apply a mutation operation in task space to

diversify solutions and increase the exploration further. A smoothed Gaussian noise

with zero mean that shares the same time horizon is added to each trajectory. The

standard deviation (σ) of the noise is a hyperparameter tuned for each movement

dimension and gradually decreased during training. Since the latent representation

distribution fits the trajectory distribution in the replay buffer, traversing in latent

space provides limited exploration. Therefore, we used mutation operation in the task

space.
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PD controller (VI). We also employed a PD controller to ensure that the trajec-

tories will reach the target point and they will be smooth enough for robotic applica-

tions. All trajectories obtained after mutation operation are given to PD controller for

execution. Since our PD controller has two objectives: ending at the goal point and

smooth trajectory following, we use 2 weight parameters to balance the behavior:

u(t) = Kp ∗ e(t)−Kd ∗
de(t)

dt

e(t) = λ1 ∗ (g − x(t)) + λ2 ∗ (τ(t)− x(t))

(6.3)

where g stands for the goal position. τ(t) and x(t) stand for desired and current

positions respectively, and e(t) denotes the error between the two at time t. Kp and

Kd are PD parameters that define control behavior. λ1 is the coefficient of the objective

goal-reaching, and λ2 is the coefficient for smooth trajectory following. Since we want

λ1 to be active around the end of the trajectory, λ1 grows exponentially over the time

horizon between 0 and 1. Similarly, λ2 does the opposite to ensure that the given

trajectory is followed as much as possible.

After trajectories are played on the robot, best-performing trajectories and a

few random trajectories are added to the replay buffer, the process repeats, and the

framework improves itself progressively.

6.2. Experiments

We evaluated the performance of RC-NMP in three experiments, where the state-

of-the-art comparisons were made. The dataset and code can be found in [76].

6.2.1. Stochastic Sampling in Latent Space

This experiment investigates how well RC-NMP generates trajectories that cover

the demonstration distribution by stochastic sampling in comparison with its deter-

ministic counterpart CNMP [13]. Here, 6 colored demonstrations are provided to both

models as in Figure 6.2.
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Figure 6.2. 6 demonstrations are shown with colored curves in both figures. Given

the initial position, the generated trajectories for CNMP (left) and RC-NMP (right)

are compared. © 2021 IEEE

The trajectories start from the same (0, 0) point, follow a curvy path with different

lengths, and end at the same (1, 0) point. Both models are trained without any task

parameters like the reward because the purpose is to analyze the contribution of vari-

ational inference in trajectory generation. At test time, both models are conditioned

with the (0, 0) start point, and this point is shared by all demonstrations. Therefore,

the models are expected to output the whole demonstration distribution. The left

part of Figure 6.2 shows the performance of CNMP, which represented the trajectory

distribution in task space by finding the mean of the demonstrations with the bold

black line and the variance of the trajectories with the gray shaded area. Note that

this model lacks a global latent variable to sample a trajectory from the shaded region.

One possible forced approach would be sampling SM points for each time point and

connecting them via a trajectory shape mechanism. On the other hand, RC-NMP can

generate trajectories that cover the demonstration range as shown in the right part

of Figure 6.2. RC-NMP does possess a global latent distribution to sample represen-

tations that correspond to trajectories. Note that RC-NMP can generate trajectories

that look similar to demonstrations at the edges of the demonstration range.
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Figure 6.3. Example environment configurations for the task generating complex

trajectories. The complexity is determined how random via-points are placed, and it

affects the model’s performance. © 2021 IEEE

6.2.2. Performance in Generating Complex Trajectories

This experiment investigates the limit of our model in finding and generating the

most rewarding complex trajectories in comparison with our first proposed method

ACNMP. In addition, the contribution of our genetic operations was investigated by

ablation experiments, where either the mutation operation or the crossover operation

was removed from the learning cycle. In the experiment, a random integer between 1

and 6 is generated indicating the number of locations (via-points) to go through. To

give context, the expert may not be able to provide full trajectories but via-points,

guiding the robot to follow some important locations or to avoid collisions while learn-

ing. The x and y positions are sampled from a uniform distribution: X ∼ U(0, 1) and

Y ∼ U(0, 1)), and the x position of trajectory is changing linearly with time. The

reward function is defined as the average of minus distances from the trajectory to all

the via-points. Here, PD controllers are not used not to create any biases. Trajectories

generated by RC-NMP are shown for 2 example task configurations with 4 points in

Figure 6.3. The black dots represent the via-points. For each of the number of via-

points, 10 different environment configurations were created, and all the models were

trained until they sampled 300 trajectories.
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The left part of Figure 6.4 illustrates performances of all models (RC-NMP,

RC-NMP without crossover, RC-NMP without mutation, and ACNMP) in terms of

error decrease. The colored bold lines indicate the mean performances and shaded

areas indicate the standard error throughout different runs. It is shown that crossover

operation accelerates the learning in the beginning because the trajectory population

has a high genetic diversity although they are far from optimal. This genetic diversity

increases the probability of combining 2 locally well-performing parts of trajectories

through the crossover operation and having a rapid performance increase. On the other

hand, mutation operation is more useful at the later stages of learning. We see that

the progress stops without small changes made by mutation operation when generated

trajectories are close to the optimal solutions. When both operations are included,

RC-NMP can show fast progress at the beginning and produce optimal trajectories at

the end. Our first method, ACNMP, progressed fast at the beginning as well but its

performance was marginally worse than RC-NMP at the end. The most important

difference is that ACNMP shows oscillatory progress like most of the RL algorithms

but RC-NMP offers more stable learning because it uses error-based Supervised Learn-

ing. A mapping from reward values to trajectory distributions is learned by utilizing

both poor and well-performing trajectories fully. In addition, the most rewarding tra-

jectories can be transferred to the next generations to avoid performance drop. On

the other hand, ACNMP updates its parameters using gradient descent to make well-

performing trajectories more likely and poor-performing trajectories less likely. The

gradient is dependent on the current batch of experiences, and it may become noisy.

Old trajectories can not be transferred to the next batch because then, the policy that

produced the trajectories and the current policy would be different. In this case, the

gradients may become even noisier.

The right part of Figure 6.4 plots the error of RC-NMP with respect to the num-

ber of via-points. The performance of RC-NMP drops if the number of points increases

because challenging configurations are more likely to happen. For instance, RC-NMP

achieves the perfect score in environments with 2 points because it is possible to find

a simple line. Figure 6.3 illustrates this fact more in detail.
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Figure 6.4. Learning performance of RC-NMP, RC-NMP without crossover, RC-NMP

without mutation, and ACNMP for Experiment 6.2.2 on the left, and learning

performance of RC-NMP for different number of via-points on the right. © 2021

IEEE

The via-points in the left environment are well-spaced along both the x and y-axis

and the model can produce trajectories that meet the via-points. On the other hand,

the last two points in the last figure are very close to each other along the x-axis but

very distant from each other along the y-axis. In addition, the second via-point is at the

bottom side and the trajectories require a sharp turn to go through all the via-points.

RC-NMP could not generate successful trajectories for this challenging configuration.

6.2.3. Multi-modal problem: Passing through Linearly Aligned Objects

This experiment aims to analyze our method in a challenging planar obstacle

avoidance task, and compare its performance with two baseline RL algorithms, DREPS

[50] and REPS [49]. This task was introduced in [50] to create a problem with multiple

solutions and a challenging reward function. The task is on a tabletop setting where

there are two bottles placed close to each other, but with enough space so that the

end-effector can pass between them safely.
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a) b) c)

d) e) f)

Figure 6.5. Snapshots from the ‘passing through linearly aligned objects experiment.

(a) gives the setup; (b,c,d) show snapshots from collisions observed during learning,

and (e,f) show snapshots from successful execution after learning is accomplished.

The produced trajectories for 2 modes are shown in the plots on the right. The black

circle represents the bottle on the table and it is expanded with the radius of the

bottle at the hand of the robot to the gray circle. © 2021 IEEE

The end-effector of the robot should start from one side of the table and should pass

between these bottles without knocking them over. The reward function for the task

encourages quick completion by punishing longer trajectories. Other than that, it gives

sparse signals, which makes the problem harder. There is a binary penalty for knocking

each bottle over, and there is also a binary penalty for not passing between the bottles;

which is a symmetric reward considering that this way the robot can pass from left

to right or from right to left. The expected result is similar to an S-shaped or reverse

S-shaped trajectory, so this is in fact a multi-modal problem.
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Figure 6.6. Learning curves of RC-NMP, DREPS, and REPS for the multi-modal

problem for 50 runs. © 2021 IEEE

Many approaches like [49] get stuck between two alternative minima, different modes

of solutions as reported in [50]. The reward function is:

R = −2Nbottlesdown − 4Icross − 0.15Ltrajectory (6.4)

where Nbottlesdown stands for the number of bottles that the robot collided with, Icross

denotes whether a crossing between bottles happened, and Ltrajectory stands for length

of the trajectory in meters. Note that there is no term that indicates the direction of

the crossing.

In the experiment, the sum of radii of the bottle and the end effector was set

as 6.5 cm like in [50]. Similar to DREPS, we used simulated experiences to learn the

model and then transferred the end results to the real robotic system. We realized the

experiment setup using the UR10 robot. To create a similar environment in the real

world, we used bottles with a radius of 3 cm as obstacles and gave another bottle with

a similar size to the gripper. The remaining 0.5 cm left is the error margin because the

bottles can not be placed inch-perfect by us on the table between training runs.
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RC-NMP uses a straight line to initialize the replay buffer like the two other

models (REPS and DREPS). Both baselines use DMP as the movement primitive

architecture and they fit DMP to the trajectory that goes straight from the initial

point to the endpoint. On top of this, DREPS and REPS learn the weights of the

basis functions of DMP to solve the task. DMP can satisfy initial and end position

requirements naturally because of its internal PD controller. Therefore, we employ the

PD controller described in 6.1, to run the trajectories found by RC-NMP on the robot.

The models are trained with 100 runs repeatedly in 50 experiments, and RC-NMP

found a satisfactory solution, that ends up at the final point after crossing between

bottles without touching them, in 48 of 50 trials. DREPS and REPS had success 47

and 35 times respectively. Figure 6.6 illustrates this performance comparison. The bold

lines show the mean reward obtained in 50 experiments and the shaded area indicates

the standard deviation. The higher bold line means the method found a satisfactory

solution more in 50 experiments. When we check the graph with respect to generation

number, we see that RC-NMP finds the sufficient trajectory in around 10 generations

and obtains almost the maximum reward, whereas DREPS requires 50 generations to

reach the same reward level, and REPS could not solve the task in many cases. At each

generation, our method samples 20 trajectories for the initial population, and 20 more

trajectories are obtained using the crossover operation, whereas DREPS and REPS use

50 trajectories for each policy update. As a result, RC-NMP uses 5 times fewer samples

than the two baselines. Figure 6.5 provides snapshots of robot trajectory execution

at different generations during training and illustration of solution trajectories found

by RC-NMP for two modes. Note that trajectories for two modes are obtained in

different runs, and the variance of trajectory distribution is small since reward values

are continuous and they correspond to a single trajectory during learning.



45

7. DISCUSSION AND CONCLUSION

In this thesis, we proposed two skill learning methods using the movement primi-

tives approach. The first one, ACNMP, employs an LfD network at core, improves the

learned skill whenever the network fails because of new task constraints or a new envi-

ronment. It utilizes Reinforcement Learning and Supervised Learning simultaneously

to outperform two other state-of-the-art adaptive movement primitive approaches in

terms of adaptation performance and sample efficiency while still preserving the key

characteristics of the demonstration data. Furthermore, ACNMPs are shown to con-

struct a common latent space for different robots to transfer skills even if they have

different morphology. The knowledge transfer is used to solve spare reward tasks, which

would be extremely hard to solve from scratch. While the proof-of-the-concept realiza-

tion of ACNMP in real robots has been provided, ACNMP is planned to be verified in

more complex real-robot problems and settings in the future. Next, we extended the

idea of using Supervised Learning in task adaptation and proposed another framework,

RC-NMP, that learns to generate trajectory distributions conditioned on the desired

reward, and trained fully by Supervised Learning. Variational inference is used to form

latent representation distribution where samples are used to generate varying full tra-

jectories for creating a population. The diversity of this population is increased via a

crossover operation that blends the trajectories w.r.t. time and a mutation operation

implemented in task space as additive noise. The genetic diversity is shown to be quite

beneficial for environments with sparse rewards, multiple solutions, and local minima.

The experiments verified that RC-NMP is more stable than its policy gradient variant

ACNMP, and it is more sample efficient than two other RL algorithms used to find

parameters of another movement primitives architecture. In the future, we plan to

extend the latent space with discrete variables which capture different modalities in

the data.
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