
E�cient robotic manipulation skill learning

by

Jianlan Luo

A dissertation submitted in partial satisfaction of the

requirements for the degree of

Doctor of Philosophy

in

Mechanical Engineering

in the

Graduate Division

of the

University of California, Berkeley

Committee in charge:

Professor Alice Agogino, Co-chair
Professor Pieter Abbeel, Co-chair

Professor Roberto Horowitz

Summer 2020



E�cient robotic manipulation skill learning

Copyright 2020
by

Jianlan Luo



1

Abstract

E�cient robotic manipulation skill learning

by

Jianlan Luo

Doctor of Philosophy in Mechanical Engineering

University of California, Berkeley

Professor Alice Agogino, Co-chair

Professor Pieter Abbeel, Co-chair

In this thesis, we study how to e�ciently learn robotic manipulation skills from various
perspectives. We start by reviewing the current trend of applying learning-based methods in
the domain of robotics; despite their great potentials, these methods still have limits on sample
e�ciency and the ability to generalize across domains. We aim to tackle these issues from
roughly two aspects: introducing suitable policy priors into the learning process and robotic
specific representations that are e↵ective and generalizable. We first introduce an e↵ective
algorithm called residual reinforcement learning, which essentially regularizes policy learning
in function space by superimposing its action with the control signal from a “prior controller”,
the variance during policy learning is reduced at the cost of injecting certain amount of bias
which can be quantified. We validate our method on a variety of contact-rich fine-grained
robotic manipulation tasks. On the other perspective, we study how robot learning could
benefit from an e↵ective representation. We introduce an action space representation for
reinforcement learning algorithms: an operational space force controller. When a RL agent
is combined with this operational force controller, it tends to learn substantially faster and
perform better than other action space in several high-precision assembly tasks. We then
propose a representation that explicitly models gripper features in grasping tasks, this allows
us to collect data entirely in simulation and transfer to real-world without any fine-tuning nor
loss of performance. We conduct large-scale real world experiments on a variety of objects
and environments to validate this method. On a similar fashion, we extend a method called
domain randomization by explicitly modelling robot rigid transformations in the task of pose
estimation, which again trains entirely on synthetic data and follows a zero-shot transfer to
real world. Results show that our method could achieve significantly better accuracy. Finally,
we conclude that injecting prior information in suitable forms such as control bias, state
representation, simulation model, etc., will dramatically increase the performance in a broad
range of hard robotic problems; however these inductive bias will make our solution less



2

general. We point future directions as to come up with principled way to design and inject
such prior information to learning systems.
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Chapter 1

Introduction

1.1 Deep learning and its application in robotics

Deep learning has demonstrated remarkable performance in a variety range of domains such
as computer vision, natural language process, speech synthesis and others [1]. Compared
to classical machine learning algorithms where hand-crafted features are often needed, the
expressive power of deep neural networks and massive amount of data available today makes
deep learning algorithms discover those features from data automatically [2]. The key
component in deep learning is a deep neural network that is trained on some training datasets;
if the training data comes with pairs of inputs and labels, we often refer it as supervised
learning; if no labels are provided in the training dataset, we often use deep neural networks
to extract features from the data themselves, which we refer as unsupervised learning. Such
deep neural network models are typically trained with first-order methods such as gradient
descent, an algorithm called backpropagation can e�ciently compute the gradient w.r.t all
parameters in the neural network by using chain rules [3]. Figure 1.1 shows a classical
neural network architecture: input data are passed through the input layer, several hidden
layers connected to each other apply linear transformation to inputs then followed by some
nonlinear operations which we call “activation functions”, finally outputs from hidden layers
will be consolidated into the output layer with desired dimension. Outputs from neural
network will be compared to provided labels in the training dataset, the resulting errors will
be used to find gradient directions to minimize such discrepancies. An important aspect of
the design of such neural network is to select a proper cost function. Usually, we simply
choose the maximum likelihood principle to design cost functions, this way the burden of
choosing specific cost function for each individual model is removed since the neural network
is entirely parameterized. More rigorously, the neural network usually models a parameterized
conditional distribution p(y|x; ✓), where ✓ represents parameters in our neural network. Of
course, there are also several other generative models aiming for recovering the complete
marginal distribution in unsupervised, or semi-supervised ways; however, in this thesis we
focus mostly on supervised learning where we merely want to predict some statistics of y
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Figure 1.1: A common neural network architecture.

conditioned on x. As we described in the last paragraph, we usually adopt the negative
log-likelihood as cost function, equivalently as the cross-entropy between the training data and
the neural network model distributions. We can write down this cost function as following:

J(✓) = �Ex,y⇠p̂data
logpmodel(y|x) (1.1)

Depending on the specific form pmodel(y|x), equation 1.1 could exhibit di↵erent forms. For
instance, in regression problems, pmodel(y|x) = N (f(x; ✓), I), where f represents operations
applied by the neural network; plug this into equation 1.1, we can easily find equation 1.1
reduces to mean-squared error:

J(✓) =
1

2
Ex,y⇠p̂data

||y � f(x; ✓)||2 + constant, (1.2)

the constant term depends on the variance of the Gaussian, which we usually don’t choose to
parameterize. With this cost function in hand, we can then use gradient-based methods to
optimize it:

✓k+1 = ✓k + ↵rJ(✓k), (1.3)

where k is the optimization iteration, ↵ is the step size, and we can calculate this gradient very
e↵ectively by chain rule, the associated algorithm is called backpropagation as we mentioned
before, we refer reader to [2], [3] for more details.

Recently, deep learning methods have gained a lot of attraction in the robotics community.
Its significant advancement in computer vision opens a new door for many visuomotor
control problems. Almost every single advancement in any sub-domain of computer vision
could find a direct application in robotics: pose estimation [4]–[8], object detection[9]–[12],
classification[2], [13], [14], instance segmentation[15] and etc. And there are also work trying
to tie perception with control in the same loop [16]–[20]. The success of these methods heavily
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rely on the availability of high-quality labeled training data, which comes at the price of
significant manual labeling e↵ort; furthermore, such datasets may be not available at all in
many application scenarios such as pose estimation, visuomotor control, whose labels are not
as simple as classification tags or bounding boxes. Additionally, these end-to-end methods do
not e↵ectively exploit certain existing properties of robotic problems, injecting these priors
will make the learning process more structured and e↵ective. We aim to solve these issues
from two perspectives: 1) e↵ective use of simulation data with simulation-to-real transfer,
this way we theoretically get unlimited amount of data we can train our neural network on; 2)
e↵ective use of well-understood structures of certain robotic problems, we leverage principles
of rigid transformations in chapter 4 to improve accuracy of pose estimation, and we explicitly
model grasping-invariant features in chapter 3 to get a good grasping representation that
could generalize better.

1.2 Deep reinforcement learning and its application
in robotics

Reinforcement learning is about learning what to do, i.e., how to map situations to actions,
so as to maximize a numerical reward signal [21]. The agent is not told which action to take,
instead, it must discover those actions with highest reward by trying them out. Reinforcement
learning is di↵erent from supervised learning which we discussed in the previous section:
supervised learning requires a training dataset with labeled data which can be provided by an
external supervisor; however, reinforcement learning is guided by a reward signal which can
only be acquired through interaction with the environment. Figure 1.2 gives an illustration
of such process.

We often study reinforcement learning in the context of Markov decision process (MDP),
for its proper abstraction of problems. An MDP consists of a state space S, an action space A,
and the state transition probability p : S⇥S⇥A ! [0,1); where p represents the probability
distribution of the next state st+1 given the current state st and action taken at; and there is
often a reward function r : S ⇥A ! R associated with such MDP process. We often denote
an MDP with the tuple (S,A, p, r), and the resulting policy ⇡(at|st); a trajectory distribution
p(⌧ ) can be induced by applying this policy, where we denote ⌧ = (s0, a0, s1, a1, ......). Usually,
the policy ⇡(a|s) is parameterized somehow, let’s denote it as ⇡✓(at|st); if ✓ is a deep neural
network, we often refer the associated problem as deep reinforcement learning.

The goal is often to learn such a policy ⇡(at|st) to maximize accumulated expected rewards
under its distribution; which we can define using quantities as above

P
t
E(st,at)⇠p⇡ [r(st, at)].

We can solve this problem generally from two perspectives: value-based methods and policy-
based methods. A value function is defined as total expected rewards if we act according
to some policy ⇡ at a specific time step: V⇡(s) =

P1
k=t

[rk|st = s]. Similarly, we define a
Q-function as the total expected rewards if we take a specific action at a specific time step:
Q⇡(s, a) =

P1
k=t

[rk|st = s, at = a]. These two quantities obey the so-called Bellman backup
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Figure 1.2: Reinforcement learning illustration, source: Sutton and Barto, Reinforcement
learning: an introduction [23].

as follows:
Vk+1(s) = E⇡[rt+1 + �Vk(st+1)|st = s] (1.4)

Q⇡(s, a) = E[rt+1 + �V⇡(st+1)|st = s, at = a], (1.5)

where � 2 [0, 1] is a discount factor, Vk is the estimation of value function at the k-th iteration
With these equations, we can solve the aforementioned MDP by recursively applying them
to get estimates of value function. We can extract the desired policy ⇡(a|s) by performing
maximization operation over the value function: in discrete case, this can be done analytically;
in continuous case, this could be approximated by some sampling methods or we could use
a neural network to learn such maximization. On the other side, without resorting to use
these action-value methods, we can solve for a policy by directly optimizing its parameters,
these methods are usually called policy-based methods. Note our objective is to maximize
total return J(✓) =

P
t
E(st,at)⇠p⇡✓

[r(st, at)] under current policy ⇡✓, and this utility is only
a function of policy parameter ✓, therefore we can optimize J(✓) by gradient ascent on the
parameter ✓:

✓t+1 = ✓t + ↵rJ(✓t) (1.6)

Taking the full gradient rJ(✓t) can be prohibitive since we don’t have access to all
state-action marginals; however, we could estimate this quantity by Monte Carlo sampling
at each iteration, these are so called policy gradient methods. Since sampling may lead to
high variance in our gradient estimator, many policy gradient style methods use variance
deduction techniques such as inserting baselines, constraining parameter update to a trust
region [22], [23].

As we described, deep reinforcement learning(DRL) has the advantage to acquire complex
sensorimotor skills by constantly interacting with the environment rather than engineering
complicated heuristic; and the use of general purpose deep neural network also enables DRL
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algorithms to handle complex sensory inputs [20], [24]–[26]. Due to such nature of deep
reinforcement learning, it has emerged as a promising direction to tackle many hard robotic
problems such as manipulation and locomotion where handcrafted controller design can be very
di�cult. There have been several attempts applying deep reinforcement learning in learning
locomotion policies both in simulation and real world [27]–[30], fine-grained manipulation
in real world [19], [20], [31]–[35]. However, challenges still remain in scaling DRL up in the
domain of robotics. The first is sample e�ciency, typically these methods require hundreds of
thousands of trials in real world, which can be prohibitive; secondly, reinforcement learning is
often guided by a reward signal, it might require enormous engineering e↵ort to design such
reward functions. In this thesis, we aim to address these two issues in the domain of robotics:
we dramatically increase the sample e�ciency by what we call residual reinforcement learning
– RL algorithms is supposed to learn a residual policy to some base policy which can be easily
obtained, which later we show in fact is a bias-variance trade-o↵; we also empirically validate
that our method can be trivially extended to adopt to visual inputs, which users can specify
goals and reward functions by just providing a snapshot of desired outcomes.

1.3 Dissertation outline and contributions

Though end-to-end learning has proven to be tremendously successful in many domains
such as computer vision, natural language processing, playing video games, etc., it still
remains challenging to apply such algorithms directly in real world robotic applications for
reasons we discussed above. In this thesis, we study how to e�ciently learn robotic skills
by best exploiting structures and properties of di↵erent robotic problems. This has several
benefits: there are already many mature methods handling control of kinematics, dynamics or
other robotic specific problems, injecting these knowledge as priors will abstract the learning
problem in a more structured way thus greatly improving sample e�ciency of these learning
algorithms; moreover it modulates the problem into a interpretable form so that learned skills
has a better ability to transfer across tasks. Specifically, we organize this thesis as following:

• In chapter 2, we proposes a simple yet e↵ective algorithm which we call residual
reinforcement learning. We decompose a di�cult control problem in real world into
a part that can be solved e�ciently by a easily obtained ’prior controller’, and the
residual part is solved with RL. The final control policy is a superposition of both
signals. We evaluate our method on contact-rich robotic manipulation tasks such as
inserting tight-fitting connectors and high-variant blocks; results show that our method
can solve these tasks which are unsolvable by neither the prior controller nor RL
alone. Furthermore, we extend our method to adopt to visual inputs and what we call
natural rewards, the user will only need to specify his intention by taking a snapshot of
desired outcome, our method can solve it directly in pixel space with a proper prior
controller. Finally we show in theory that our method is in fact a bias-variance trade-o↵:
prior controller injects bias in the final solution, however, reducing the variance to a
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quantifiable extent, we can also guarantee stability of the final controller if the prior
controller satisfy certain properties.
This chapter is composed of two previously published papers:
Residual reinforcement learning for robot control. Tobias Johannink⇤, Shikhar Bahl⇤,
Ashvin Nair⇤, Jianlan Luo, Avinash Kumar, Matthias Loskyll, Juan Aparicio Ojea,
Eugen Solowjow, Sergey Levine. ICRA 2019.
Deep Reinforcement Learning for Industrial Insertion Tasks with Visual Inputs and
Natural Rewards. Gerrit Schoettler⇤, Ashvin Nair⇤, Jianlan Luo, Shikhar Bahl, Juan
Aparicio Ojea, Eugen Solowjow, Sergey Levine. IROS 2019.

• In chapter 3, we present a better action space for RL algorithm in learning high-precision
robotic assembly skills. This is motivated by human heuristically mapping perceived
force to control actions, which results in completing high-precision tasks in a fairly easy
manner. Our approach combines RL with force/torque information by incorporating a
proper operational space force controller; it greatly reduces the search space for RL,
making the reinforcement learning process more structured and interpretable. Our
method can be used in both inherently compliant and non-compliant robots; we tackle
two specific use-cases: 1)deformable object manipulation 2)the open-source Siemens
Robot Learning Challenge; both of them requires precise and delicate force-controlled
robotic behavior. Results show that our method not only learns fast, also is the only
method that solves high-precision assembly tasks we study in this chapter.
This chapter is composed of two previously published papers:
Deep reinforcement learning for robotic assembly of mixed deformable and rigid objects.
Jianlan Luo, Eugen Solowjow, Chengtao Wen, Juan Aparicio Ojea, Alice M Agogino.
IROS 2018.
Reinforcement learning on variable impedance controller for high-precision robotic
assembly. Jianlan Luo, Eugen Solowjow, Chengtao Wen, Juan Aparicio Ojea, Alice M
Agogino, Aviv Tamar, Pieter Abbeel. ICRA 2019.

• In chapter 4, we propose a method of learning large-scale grasping policies e�ciently.
We explicitly consider the gripper feature as an e↵ective representation in robotic
grasping, which we call the Action Image representation, this is built based on the idea
that object features are invariant to translation in image space. Action Image represents
a grasp proposal that can take multi-modal visual inputs and uses a deep convolution
neural network to infer grasp quality. We show that Action Image representation can
e↵ectively extract reusable, salient features of grasping tasks that generalize across
di↵erent objects and environments. The neural network is trained entirely with synthetic
data generated from simulation, however could transfer to real world without loss of
performance. We achieve 84% success rate on a variety of objects across di↵erent
environments.
This chapter is composed of one previously published paper:
Action Image Representation: Learning Scalable Deep Grasping Policies with Zero
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Real World Data. Mohi Khansari, Jianlan Luo, Daniel Kappler, Je↵ Bingham, Mrinal
Kalakrishnan. ICRA 2020.

• In chapter 5, we extend domain randomization, a method transfers simulation policies
to real world, with an active learning component by explicitly considering geometric
transformations in solving pose estimation tasks. Domain randomization based pose
estimation trains a neural network to directly infer Cartesian poses from a 2D image
of the scene. The network is trained on randomly generated synthetic images from a
simulator with di↵erent varying factors such as lighting, textures, object scale etc. Our
main idea is that active perception – moving the robot to get a better estimate of pose
– can be trained in simulation and transferred to real using domain randomization. In
our approach, the robot trains in a domain-randomized simulation how to estimate
pose from a sequence of images. We show that our approach can significantly improve
the accuracy of standard pose estimation in several scenarios: when the robot holding
an object moves, when reference objects are moved in the scene, or when the camera is
moved around the object.
This chapter is composed of one previously published papers:
Domain randomization for active pose estimation. Xinyi Ren, Jianlan Luo, Eugen
Solowjow, Juan Aparicio Ojea, Abhishek Gupta, Aviv Tamar, Pieter Abbeel. ICRA
2019.

Finally, in chapter 6, we make our conclusions and propose future research directions.
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Chapter 2

Learning residual policies for robotic
control

2.1 Introduction

Robots in today’s manufacturing environments typically perform repetitive tasks, and often
lack the ability to handle variability and uncertainty. Commonly used control algorithms, such
as PID regulators and the computed torque method, usually follow predefined trajectories
with little adaptive behavior. Many manufacturing tasks require some degree of adaptability
or feedback to the environment, but significant engineering e↵ort and expertise is required
to design feedback control algorithms for these industrial robots. The engineering time for
fine tuning such a controller might be similar in cost to the robot hardware itself. Being
able to quickly and easily design feedback controllers for industrial robots would significantly
broaden the space of manufacturing tasks that can be automated by robots.

Why is designing a feedback controller for many tasks hard with classical methods? While
conventional feedback control methods can solve tasks such as path following e�ciently,
applications that involve contacts between the robot and its environment are di�cult to
approach with conventional control methods. Identifying and characterizing contacts and
friction is di�cult—even if a physical model provides reasonable contact behavior, identifying
the physical parameters of a contact interaction accurately is very hard. Hence, it is often
di�cult to achieve adaptable yet robust control behavior, and significant control tuning e↵ort
is required as soon as these elements are introduced. Another drawback of conventional
control methods is their lack of behavior generalization. Thus, all possible system behaviors
must be considered a priori at design time.

Reinforcement learning (RL) methods hold the promise of solving these challenges because
they allow agents to learn behaviors through interaction with their surrounding environments
and ideally generalize to new scenarios that di↵er from the specifications at the control design
stage. And RL can handle control problems that are di�cult to approach with conventional
controllers because the control goal can be specified indirectly as a term in a reward function
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✓
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Figure 2.1: We train an agent directly in the real world to solve a model assembly task
involving contacts and unstable objects. An outline of our method, which consists of combining
hand-engineered controllers with a residual RL controller, is shown on the left. Rollouts of
residual RL solving the block insertion task are shown on the right. Residual RL is capable
of learning a feedback controller that adapts to variations in the orientations of the standing
blocks and successfully completes the task of inserting a block between them. Videos are
available at residualrl.github.io

and not explicitly as the result of a control action. All of these aspects are considered enablers
for truly autonomous manufacturing systems and important for fully flexible lot-size one
manufacturing [36].

However, standard RL methods require the robot learn through interaction, which can be
unsafe initially, and collecting the amount of interaction that is needed to learn a complex
skill from scratch can be very time consuming. Moreover, deep RL has thus far not seen wide
adoption in the automation community due to several practical obstacles. Sample e�ciency is
one obstacle as mentioned above: tasks must be completed without excessive interaction time
or wear and tear on the robot. Progress in recent years on developing better RL algorithms
has led to significantly better sample e�ciency, even in dynamically complicated tasks [37],
[38], but remains a challenge for deploying RL in real-world robotics contexts. Another
often-underappreciated major obstacle is goal specification: while prior work in RL assumes
a reward signal to guide the optimization, it is often carefully shaped to allow the system to
learn [39]–[41]. Obtaining such densely-shaped reward signals can be very challenging in most
cases, as one must build additional such reward shaping models; and building these systems
may require considerable domain knowledge and manual e↵ort. In an ideal RL system, the
agent should learn from rewards that are natural and easy for human to specify; this way
both the RL agent and human can benefit from each other: human can express his intention
in its simplest form to the RL agent while the RL agent can gain enough learning signals
from such specified goals.

To address the first issue, we introduce an method we call residual reinforcement learning
which essentially inject inductive bias into RL learning process by introducing suitable control
priors. Such problems possess structure that can be partially handled with conventional
feedback control. The residual part of the control task, which is the part that must consider

http://residualrl.github.io
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contacts and external object dynamics, is solved with RL. The outputs of the conventional
controller and RL are superposed to form the commanded control. This method combines
conventional feedback control with deep RL methods and is illustrated in Figure 2.1. Our
main motivation is a control approach that is suitable for real-world control problems in
manufacturing, where the exploratory behavior of RL is a safety concern and the data
requirements of deep RL can be expensive. We provide a thorough evaluation of our method
on a block assembly task in simulation and on physical hardware. When the initial orientation
of the blocks is noisy, our hand-designed controller fails to solve the task, while residual RL
successfully learns to perform the task in under 3 hours. This suggests that we could usefully
apply our method to practical manufacturing problems.

To address the second issue, we extend the aforementioned method to adopt to visual
inputs and binary reward signal. In this case, one can specify his intention by showing a
goal image to the robot, and construct a simple binary mechanism tells the robot if it’s a
success or failure during the learning process. This method gives human a great deal of
flexibility and convenience to specify their intention while maintaining sample e�ciency for
the learning agent. In our experiments, we show that we can successfully complete real-world
tight tolerance assembly tasks, such as inserting various industrial connectors and sockets with
our method as shown in Figure 2.7. These reward signals require no extra engineering and
are easy to specify and can be as simple as binary signals from successful electric connections.
Additionally, beyond showing the feasibility of RL for solving these tasks, we evaluate multiple
RL algorithms across three tasks and study their robustness to imprecise positioning and
noise.

We also include an interpretation of our method as bias-variance trade o↵ between the
injected control prior and the RL controller. This chapter is organized as follows:

• Section 2.1 and 2.2 gives introduction and related work.

• Section 2.3 details our method.

• Section 2.4 describes experiments of our methods without visual inputs, instead full
state information is handed to the robot.

• Section 2.5 extends our method to take visual inputs and natural rewards.

• Section 2.6 describes additional experiments on visual inputs and natural rewards.

• Section 2.7 proves that our method is actually a bias-variance trade-o↵ between prior
policy and RL policy.

• Section 2.8 concludes this chapter and points to directon of future work.
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2.2 Related work

Reinforcement learning for robotics holds the promise of greater autonomy and reliability,
which could be vital to improving our manufacturing processes beyond its current limitations.
RL methods have been di�cult to apply in robotics because of sample e�ciency, safety, and
stability issues. Still, RL has been used to allow robots to learn tasks such as learning robotic
locomotion policies [27]–[29], playing table tennis [42], swinging up a cartpole and balancing
a unicycle [43], grasping [44], [45], opening a door [33], and general manipulation tasks [20],
[31], [32], [37]. The use of large function approximators, such as neural networks, in RL has
further broadened the generality of RL [46]. Such techniques, called “deep” RL, have further
allowed robots to be trained directly in the real world to perform fine-grained manipulation
tasks from vision [20], open doors [47], play hockey [48], stack Lego blocks [49], use dexterous
hands [50], and grasp objects [51]. RL, particularly deep RL, tends to be data-hungry; even
learning simple tasks can require many hours of interaction. To bring these methods into
factories and warehouses, they must be able to consistently solve complex tasks, multi-step
tasks. One way to enable these methods to solve these complex tasks is to introduce prior
human knowledge into the learning system, as our method does.

Prior work in RL has incorporated human prior knowledge for solving tasks in various
ways. One such way is reward shaping [39], where additional rewards auxiliary to the real
objective are included in order to guide the agent towards the desired behavior. Reward
shaping can e↵ectively encode a policy. For example, to train an agent to perform block
stacking, each step can be encoded into the reward [40].

Often, intensive reward shaping is key for RL to succeed at a task and prior work has
even considered reward shaping as part of the learning system [41]. Reward shaping in order
to tune agent behavior is a very manual process and recovering a good policy with reward
shaping can be as di�cult as specifying the policy itself. Hence, in our method we allow for
human specification of both rewards and policies—whichever might be more practical for a
particular task.

Further work has incorporated more specialized human knowledge into RL systems. One
approach is to use trajectory planners in RL in order to solve robotics tasks [52]. However,
since the method optimizes trajectory following instead of the task reward, generalization
can be di�cult when aspects of the environment change. Other work has focused on human
feedback [53]–[57] to inform the agent about rewards or to encourage safety. However, in many
robotics tasks, providing enough information about the task through incremental human
feedback is di�cult.

Another way to include prior knowledge in RL is through demonstrations [34], [58]–[62].
This could be in the form of initializing a policy [34], [58], inferring reward functions using
inverse reinforcement learning [63], [64] or improving the policy throughout the learning
procedure [59], [60], [62]. These methods require multiple demonstrations, which can be
di�cult to collect, especially for assembly tasks, although learning a reward function by
classifying goal states [65] may partially alleviate this issue. More recently, manually specifying
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a policy and learning the residual task has been proposed [66], [67]. Demonstrations can
substantially simplify the exploration problem as the agent begins training having already
received examples of high-reward transitions and therefore knows where to explore [68].
However, providing demonstrations requires humans to be able to teleoperate the robot to
perform the task. In contrast, our method only requires a conventional controller for motion,
which ships with most robots.

Prior knowledge can also be induced through neural network architecture choices. Deep
residual networks with additive residual blocks achieved state of the art results in many
computer vision tasks by enabling training of extremely deep networks [69]. In RL, structured
control nets showed improvement on several tasks by splitting the policy into a linear module
and a non-linear module [70]. Prior work in adaptive flight control has also considered
compensating linearized controllers with neural networks [71]. Most closely related to our
work, residual policy learning concurrently and independently explores training a residual
policy in the context of simulated long-horizon, sparse-reward tasks with environment variation
and sensor noise [67]. Our work instead focuses on achieving practical real-world training of
contact-intensive tasks.

Previous work has also tackled high precision assembly tasks, especially insertion-type
tasks. One line of work focuses on obtaining high dimensional observations, including
geometry, forces, joint positions and velocities [32], [72]–[74], but this information is not easily
procured, increasing complexity of the experiments and the supervision required. Other work
relies on external trajectory planning or very high precision control [73], [74], but this can be
brittle to error in other components of the system, such as perception. We show how our
method not only solves insertion tasks with much less information about the environment,
but also does so under noisy conditions.

2.3 Method

Preliminaries

In this section, we set up our problem and summarize the foundations of classical control
and reinforcement learning that we build on in our approach.

Problem Statement - System Theoretic Interpretation

The class of control problems that we are dealing with in this section can be viewed from
a dynamical systems point of view as follows. Consider a dynamical system that consists
of a fully actuated robot and underactuated objects in the robot’s environment. The robot
and the objects in its environment are described by their states sm and so, respectively. The
robot can be controlled through the control input u while the objects cannot be directly
controlled. However, the robot’s states are coupled with the objects’ states so that indirect
control of so is possible through u. This is for example the case if the agent has large inertia
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and is interacting with small parts as is common in manufacturing. The states of agent and
objects can either be fully observable or they can be estimated from measurements.

The time-discrete equations of motion of the overall dynamical system comprise the robot
and objects and can be stated as

st+1 =


sm,t+1

so,t+1

�
=


A(sm,t) 0

B(sm,t, so,t) C(so,t)

� 
sm,t

so,t

�
+D


ut

0

�
, (2.1)

where the states can also be subject to algebraic constraints, which we do no state explicitly
here.

The type of control objectives that we are interested in can be summarized as controlling
the agent in order to manipulate the objects while also fulfilling a geometric objective such
as trajectory following. It is di�cult to solve the control problem directly with conventional
feedback control approaches, which compute the di↵erence between a desired and a measured
state variable. In order to achieve best system performance feedback control methods
require well understood and modeled state transition dynamics. Finding the optimal control
parameters can be di�cult or even impossible if the system dynamics are not fully known.

In (2.1) the state transition matrices although A(sm) and C(so) are usually known to a
certain extent, because they represent rigid body dynamics, the coupling matrix B(sm, so) is
usually not known. Physical interactions such as contacts and friction forces are the dominant
e↵ects that B(sm, so) needs to capture, which also applies to algebraic constraints, which are
functions of sm and so as well. Hence, conventional feedback control synthesis for determining
u to control so is very di�cult, and requires trial and error in practice. Another di�culty for
directly designing feedback controllers is due to the fact that, for many control objectives,
the states so need to fulfill conditions that cannot be expressed as deviations (errors) from
desired states. This is often the case when we only know the final goal rather than a full
trajectory.

Instead of directly designing a feedback control system, we can instead specify the goal
via a reward function. These reward functions can depend on both sm and so, where the
terms that depend on sm are position related objectives.

Interpretation as a Reinforcement Learning Problem

In reinforcement learning, we consider the standard Markov decision process framework for
picking optimal actions to maximize rewards over discrete timesteps in an environment E.
At every timestep t, an agent is in a state st, takes an action ut, receives a reward rt, and
E evolves to state st+1. In reinforcement learning, the agent must learn a policy ut = ⇡(st)
to maximize expected returns. We denote the return by Rt =

P
T

i=t
�(i�t)ri, where T is the

horizon that the agent optimizes over and � is a discount factor for future rewards. The agent’s
objective is to maximize expected return from the start distribution J = Eri,si⇠E,ai⇠⇡[R0].

Unlike the previous section, RL does not attempt to model the unknown coupled dynamics
of the agent and the object. Instead, it finds actions that maximizes rewards, without making
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any assumptions about the system dynamics. In this section, we use value-based RL methods.
These methods estimate the state-action value function:

Q⇡(st, ut) = Eri,si⇠E,ui⇠⇡[Rt|st, ut] (2.2)

= Ert,st+1⇠E[rt + � Eut+1⇠⇡[Q
⇡(st+1, ut+1)]] (2.3)

Equation 2.3 is a recursive version of Equation 2.2, and is known as the Bellman equation.
The Bellman equation allows us to estimate Q via approximate dynamic programming.
Value-based methods can be learned o↵-policy, making them very sample e�cient, which is
vital for real-world robot learning.

As mentioned in introduction part in this thesis, extracting an optimal action in afore-
mentioned Bellman equation requires taking a maximum over Q values. In discrete case, this
could be achieved by directly taking the argmax from the action vector; however in continuous
case this could become intractable. Continuous RL algorithms such as deep deterministic
policy gradients (DDPG) [75] additionally train a neural network to learn the maximizing
action. In our study we specifically consider two related reinforcement learning algorithms
that lend themselves well to real-world learning as they are sample e�cient, stable, and
require little hyperparameter tuning.

Twin Delayed Deep Deterministic Policy Gradients (TD3). Like DDPG, TD3
optimizes a deterministic policy [22] but uses two Q-function approximators to reduce value
overestimation [76] and delayed policy updates to stabilize training.

Soft Actor Critic (SAC). SAC is an o↵-policy value-based reinforcement learning
method which puts an additional entropy regularization term to encourge diverse solutions.
[37].

Method: Residual Reinforcement Learning

Based on the analysis in Sec. 2.3, we introduce a control system that consists of two parts.
The first part is based on conventional feedback control theory and maximize all reward
terms that are functions of sm. An RL method is superposed and maximizes the reward
terms that are functions of so.

In most robotics tasks, we consider rewards of the form:

rt = f(sm) + g(so). (2.4)

The term f(sm) is assumed to be a function, which represents a geometric relationship of
robot states, such as a Euclidean distance or a desired trajectory. The second term of the
sum g(so) can be a general class of functions. Concretely, in our model assembly task, f(sm)
is the reward for moving the robot gripper between the standing blocks, while g(so) is the
reward for keeping the standing blocks upright and in their original positions.

The key insight of residual RL is that in many tasks, f(sm) can be easily optimized a
priori of any environment interaction by conventional controllers, while g(so) may be easier
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to learn with RL which can learn fine-grained hand-engineered feedback controllers even with
friction and contacts. To take advantage of the e�ciency of conventional controllers but also
the flexibility of RL, we choose:

u = ⇡H(sm) + ⇡✓(sm, so) (2.5)

as the control action, where ⇡H(sm) is the human-designed controller and ⇡✓(sm, so) is a
learned policy parametrized by ✓ and optimized by an RL algorithm to maximize expected
returns on the task.

Inserting (2.5) into (2.1) one can see that a properly designed feedback control law for
⇡H(sm) is able to provide exponentially stable error dynamics of sm if the learned controller
⇡✓ is neglected and the sub statespace is stabilizable. This is equivalent to maximizing (2.4)
for the case f represents errors between actual and desired states.

The residual controller ⇡✓(sm, so) can now be used to maximize the reward term g(so) in
(2.4). Since the control sequence (2.5) enters (2.1) through the dynamics of sm and sm is in
fact the control input to the dynamics of so, we cannot simply use the a-priori hand-engineered
feedback controller to achieve zero error of sm and independently achieve the control objective
on so. Through the coupling of states we need to perform an overall optimization of (2.5),
whereby the hand-engineered feedback controller provides internal structures and eases the
optimization related to the reward term f(sm).

Algorithm 1 Residual reinforcement learning

Require: policy ⇡✓, hand-engineered controller ⇡H.
1: for n = 0, ..., N � 1 episodes do
2: Initialize random process N for exploration
3: Sample initial state s0 ⇠ E.
4: for t = 0, ..., H � 1 steps do
5: Get policy action ut = ⇡✓(st) +Nt.
6: Get action to execute u0

t
= ut + ⇡H(st).

7: Get next state st+1 ⇠ p(· | st, u0
t
).

8: Store (st, ut, st+1) into replay bu↵er R.
9: Sample set of transitions (s, u, s0) ⇠ R.
10: Optimize ✓ using RL with sampled transitions.

Our method is summarized in Algorithm 1. The key idea is to combine the flexibility
of RL with the e�ciency of conventional controllers by additively combining a learnable
parametrized policy with a fixed hand-engineered controller.

As our underlying RL algorithm, we use a variant of twin delayed deep deterministic
policy gradients (TD3) as described in [22]. TD3 is a value-based RL algorithm for continuous
control based o↵ of the deep deterministic policy gradient (DDPG) algorithm [75]. We have
found that TD3 is stable, sample-e�cient, and requires little manual tuning compared to
DDPG. We used the publicly available rlkit implementation of TD3 [77]. Our method is

https://github.com/vitchyr/rlkit
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Figure 2.2: Block assembly task in simulation (left) and real-world (right). The task is to
insert a block between the two blocks on the table without moving the blocks or tipping them
over. In the learning curves, we compare our method with RL without any hand-engineered
controller1. In both simulation and real-world hardware experiments, we see that residual RL
learns faster than RL alone, while achieving better performance than the hand-engineered
controller.

independent of the choice of RL algorithm, and we could apply residual RL to any other RL
algorithm.

2.4 Experiments

We evaluate our method on the task shown in Figure 2.2, both in simulation and in the real
world. This section introduces the details of the experimental setup and provides an overview
of the experiments.
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Simulated Environment

We use MuJoCo [78], a full-featured simulator for model-based optimization considering body
contacts, to evaluate our method in simulation. This environment consists of a simulated
Sawyer robot arm with seven degrees of freedom and a parallel gripper. We command the
robot with a Cartesian-space position controller.

Two blocks each with 3-DOF and one angled corner on the top are placed on a defined
platform on the table in front of the robot. To allow block insertion between the standing
blocks, a su�ciently large gap is defined (this gap represents the goal position). Both standing
blocks can slide in x- and y-direction and topple around the y-axis. The agent receives the
end e↵ector position, the end e↵ector forces and torques in relation to the x-, y- and z-axes,
all block positions, and the goal position as the observation. In the robot’s initial position
one block for the insertion process is already picked up by the gripper claws and the gripper
is located above the blocks on the tabletop.

We use a reward function

rt = �kxg � xtk2 � �(k✓lk1 + k✓rk1) (2.6)

where xt is the current block position, xg is the goal position, ✓l, ✓r are the angles with respect
to the table (in the y-axis) of the left and right blocks, respectively. � is a hyperparameter.

Real-World Environment

The real-world environment is largely the same as the simulated environment, except for
the controller, rewards, and observations. We command the robot with a compliant joint-
space impedance controller we have developed to be smooth and tolerant of contacts. The
positioning of the block being inserted is similar to the simulation but the observation is
estimated from a camera-based tracking system as we do not have access to ground truth
position information.

Due to the blocks’ slight weight and their capability of sliding in the plane (x, y), the
Sawyer is not able to measure contact forces regarding these axes. Therefore, we only add
the end e↵ector forces in z-direction to the observation space instead of observing the end
e↵ector forces and torques regarding to the x-, y- and z-axes. The reward function was
slightly di↵erent, being defined as:

rt = �kxg � xtk2 � �(k✓lk1 + k✓rk1)
�µkXg �Xtk2 � �(k�lk1 + k�rk1)

(2.7)

where xt is the current end e↵ector position, xg is the goal position, Xt describes the current
position of both standing blocks, Xg their desired positions, ✓l, ✓r are the angles of the current
orientation with respect to the table (in the y-axis) and �l and �r are the angles of the current
orientation with respect to the z-axis of the left and the right block respectively �, µ, and �
are hyperparameters.
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Overview of Experiments

In our experiments we evaluate the following research questions:

1. Does incorporating a hand-designed controller improve the performance and sample-
e�ciency of RL algorithms, while still being able to recover from an imperfect hand-
designed controller?

2. Can our method allow robots to be more tolerant of variation in the environment?

3. Can our method successfully control noisy systems, compared to classical control
methods?

Sample E�ciency of Residual RL

In this section, we compare our residual RL method with the human controller alone and RL
alone. The following methods are compared:

1. Only RL: using the same underlying RL algorithm as our method but without adding
a hand-engineered policy

2. Residual RL: our method which trains a superposition of the hand-engineered controller
and a neural network policy, with RL

First, we compare residual RL and pure RL without a hand-engineered controller on the
insertion task. Figure 2.2 shows in simulation and real-world that residual RL achieves a
better final performance and requires less samples than RL alone, both in simulation and on
physical hardware. Unlike residual RL, the pure RL approach needs to learn the structure of
the position control problem from scratch, which explains the di↵erence in sample e�ciency.
As samples are expensive to collect in the real world, residual RL is better suited for solving
real-world tasks. Moreover, RL shows a broader spatial variance during training and needs
to explore a wider set of states compared to residual RL, which can be potentially dangerous
in hardware deployments.

E↵ect of Environment Variation

In automation, environments can be subject to noise and solving manufacturing tasks become
more di�cult as variability in the environment increases. It is di�cult to manually design
feedback controllers that are robust to environment variation, as it might require significant
human expertise and tuning. In this experiment, we vary the initial orientation of the blocks
during each episode and demonstrate that residual RL can still solve the task. We compare
its performance to that of the hand-engineered controller.

To introduce variability in simulation, on every reset we sampled the rotation of each
block independently from a uniform distribution U [�r, r], r 2 {0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3}.
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Figure 2.3: Simulation results for di↵erent experiments. In each plot, the final average return
obtained by running the method for various settings of a parameter is shown. Plot (a) shows
that residual RL can adjust to noise in the environment caused by rotation of the blocks in a
range of 0 to 0.3 rad. In plot (b), residual RL finds robust strategies in order to reduce the
e↵ect of control noise, as the final average return is not greatly a↵ected by the magnitude of
noise. Plot (c) shows that residual RL can compensate for biased controllers and maintains
good performance as control bias increases, while the performance of the hand-designed
controller dramatically deteriorates with higher control bias.

Similarly, in the real world experiments, on every reset we randomly rotated each block
to one of three orientations: straight, tilted clockwise, or tilted counterclockwise (tilt was ±
20� from original position).

In previous set of experiments, both standing blocks were placed in their initial position
without any position or orientation error. In this case, the hand-engineered controller performs
well, as both blocks are placed such that there is a su�ciently large defined gap for insertion.
However, once the initial orientation of the blocks is randomized, the gap between the
blocks and the goal position does not a↵ord directly inserting from above. Therefore, the
hand-engineered controller struggles to solve the insertion task, succeeding in only 2/20 trials,
while residual RL still succeeds in 15/20 trials. These results are summarized in Figure
2.4 (a). Rollouts from the learned policy are included in 2.1. In this experiment, the agent
demonstrably learns consistent small corrective feedback behaviors in order to slightly nudge
the blocks in the right direction without tipping them over, a behavior that is very di�cult
to manually specify.

The result of this experiment showcases the strength of residual RL. Since the human
controller specifies the general trajectory of the optimal policy, environment samples are
required only to learn this corrective feedback behavior. The real-world learning curve for the
experiment in Figure 2.4 (b) shows that this behavior is gradually acquired over the course of
eight thousand samples, which is only about three hours of real-world training time.

We further studied the e↵ect of the block orientation changing after every reset in
simulation. The results are shown in Figure 2.3 (a). The simulation results show that the
performance of the hand-engineered controller decreases as the block rotation angle increases,
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Figure 2.4: Outcome of our residual RL method in di↵erent experiments during the block
assembly task in the real-world. Success rate is recorded manually by human judgment of
whether the blocks stayed upright and ended in the correct position. Plot (a) compares
the insertion success of residual RL and hand-designed controller depending on the block
orientation during run time. Plot (b) shows the success rate of the insertion process during
training, where on every reset the blocks are randomly rotated: straight, tilted clockwise, or
tilted counterclockwise (± 20�) and plot (c) shows the increasing success rate of our method
for biased controllers as well even as control bias increases.

whereas our control method maintains a constant average performance over di↵erent variations.

Recovering from Control Noise

Due to a host of issues, such as defective hardware or poorly tuned controller parameters,
feedback controllers might have induced noise. Conventional feedback control policies are
determined a priori and do not adapt their behavior from data. However, RL methods are
known for their ability to cope with shifting noise distributions and are capable of recovering
from such issues.

In this experiment, we introduce a control noise, including biased control noise, and
demonstrate that residual RL can still successfully solve the task, while a hand-engineered
controller cannot. The control noise follows a normal distribution and is added to the control
output of the system at every step:

u0
t
= ut +N (µ, �2) (2.8)

To test tolerance to control noise, we set µ = 0 and vary � 2 [0.01, 0.1]. In theory, RL
could adapt to a noisy controller by learning more robust solutions to the task which are less
sensitive to perturbations.

Furthermore, to test tolerance to a biased controller, we set � = 0.05 and vary µ 2 [0, 0.2].
To optimize the task reward, RL can learn to simply counteract the bias.

In this experiment, we observe that residual RL is able to cope with actuator noise,
including biased actuator noise. Quantitative results for simulation are shown in Figure 2.3 (b)
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and (c). In Figure 2.3 (c) our method keeps the average return constant and correct for biased
controllers even as control bias increases, whereas the hand-engineered controller cannot
compensate biased input and its performance deteriorates as control bias increases. The same
applies for adding control noise to the control output as shown in Figure 2.3 (b).

For the hardware experiments, only biased actuator noise is investigated. These results
are shown in Figure 2.4 (c). These learning curves show that even as more control bias is
introduced, training in the real world proceeds without significant issues. This result suggests
the potential for RL to address practical issues in automation such as sensor drift.

Figure 2.5: Real-world block insertion results using residual RL for sim-to-real transfer. “Sim”
indicates that the real-world policy was initialized by reinforcement learning in simulation.
Residual RL with simulation initialization successfully solves the task with little environment
experience required.

Sim-to-Real with Residual RL

As an alternative to analytic solutions of real-world control problems, we can often instead
model the forward dynamics of the problem (i.e., a simulator). With access to such a model,
we can first find a solution to the problem with our possibly inaccurate model, and then use
residual RL to find a realistic control solution in the real world.

In this experiment, we attempt the block insertion task with the side blocks fixed in
place. The hand-engineered policy ⇡H in this case comes from training a parametric policy in
simulation of the same scenario (with deep RL). We then use this policy as initialization for
residual RL in the real world.

The result of the sim-to-real experiment is shown in Figure 2.5. In this experiment,
each setting was run with three random seeds. Adding policy initialization from simulation
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significantly speeds up both RL and residual RL. In particular, residual RL with policy
initialization from simulation successfully solves the task extremely quickly: in under one
thousand timesteps of environment interaction. This method poses a highly sample e�cient,
practical way to solve robotics problems with di�cult contact dynamics.

2.5 Extension to visual inputs and natural rewards

As we mentioned in the introduction part of this chapter, another concerning question in
reinforcement learning is to conveniently specify goal and associated rewards. To this end,
we can extend our method to fulfill these requirements by adding visual inputs and natural
rewards. In this case, we only need to specify the goal by taking a snapshot image of what
we want the robot to achieve, and the reward could be calculated by means of measuring how
far the current visual observation is from the desired one. This could be challenging since the
pixel space of an image could be high-dimensional, hence directly calculating some sort of
discrepancy between images could be intractable in most cases. However, in our method, the
use of control prior largely mitigates this issue.

Figure 2.6: A close-up view of the three connector insertion tasks shows the contacts and low
tolerances the agent must navigate to solve these tasks. These tasks require sub-millimeter
precision without visual feedback.

We empirically evaluate learning methods on a set of electric connector assembly tasks,
pictured in Figure 2.6. Connector plug insertions are di�cult for two reasons. First, the robot
must be very precise in lining up the plug with its socket. As we show in our experiments,
errors as small as ±1mm can lead to consistent failure. Second, there is significant friction
when the connector plug touches the socket, and the robot must learn to navigate under this
constraint in order to insert the plug. Image sequences of successful insertions are shown in
Figure 2.7, where it is also possible to see details of the gripper setup that we used to ensure
a failure free, fully automated training process. In our experiments, we use a 7 degrees of
freedom Sawyer robot with end e↵ector control. The action signal ut provides the relative end
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Figure 2.7: We train policies directly in the real world to solve connector insertion tasks from
raw pixel input and without access to ground-truth state information for reward functions.
Left: a rollout from a learned policy that successfully completes the insertion task for each
connector is shown. Right: a full view of the robot setup. Videos of the results are available
at industrial-insertion-rl.github.io

e↵ector movement in Cartesian coordinates, the action space is 3-dimensional. The robot’s
underlying internal control pipeline is illustrated in Figure 2.8.

To comprehensively evaluate connector assembly tasks, we experiment on a variety of
connectors. Each connector o↵ers a di↵erent challenge in terms of required precision and force
to overcome friction. We chose to benchmark the controllers performance on the insertion of
a USB connector, a U-Sub connector, and a waterproof Model-E connector manufactured
by MISUMI. All the explored use cases were part of the IROS 2017 Robotic Grasping and
Manipulation Competition [79], included as part of a task board developed by NIST to
benchmark the performance of assembly robots.

Connectors

In the following we describe the used connectors, USB, D-Sub, and Model-E. The observed
di�culty of the insertion increases in that order.

USB. The USB connector is a ubiquitous, widely-used connector and o↵ers a challenging
insertion task. Because the connector becomes smoother and therefore easier to insert
over time due to wear and tear, we periodically replace the connector. Of the three tested
connectors, the USB connector is the easiest.

D-sub. Inserting this connector requires aligning several pins correctly, and is therefore
more sensitive than inserting the USB connector. It also requires more downward force due
to a tighter fit.

https://industrial-insertion-rl.github.io/
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Model-E. This connector is the most di�cult of the three tested connectors as it contains
several edges and grooves to align and requires significant downward force to successfully
insert the part.

Experimental Settings

We consider three settings in our experiments in order to evaluate how plausible it is to solve
these tasks with more convenient state representations and reward functions and to evaluate
the performance of di↵erent algorithms changes as the setting is modified.

Visual In this experiment, we evaluate whether the RL algorithms can learn to perform
the connector assembly tasks from vision without having access to state information. The
state provided to the learned policy is a 32⇥ 32 grayscale image, such as shown in Figure 2.9.
For goal specification, we use a goal image, avoiding the need for state information to compute
rewards. The reward is the pixelwise `1 distance to the given goal image. Being able to learn
from such a setup is compelling as it does not require any extra state estimation and many
tasks can be specified easily by a goal image.

Sparse In this experiment, the reward is obtained by directly measuring whether the
connection is alive and transmitting:

r =

(
1, if insertion signal detected

0, else.
(2.9)

This is the exact true reward for the task of connecting a cable, and can be naturally obtained
in many manufacturing systems. As state, the robot is given the Cartesian coordinates of
the end e↵ector xt, relative to the assumed goal location, and the vertical force fz that is
acting on the end e↵ector. The state space is 4-dimensional. Providing relative position
measurements allows to apply the same policy at a di↵erent goal location after recalibration.

Dense In this experiment, the robot receives a manually shaped reward based on the
distance to the target location x⇤. We use the reward function

rt = ↵ · kxt � x⇤k
1
+

�

(kxt � x⇤k
2
+ ")

+ ' · fz, (2.10)

where 0 < " ⌧ 1. The hyperparameters are set to ↵ = �100, � = 0.002, and ' = �0.1.
When an insertion is indicated through a distance measurement, the sign of the force term
flips, so that ' = 0.1 when the connector is inserted. This rewards the agent for pressing
down after an insertion and showed to improve the learning process. The force measurements
are calibrated before each rollout to account for measurement bias and to decouple the
measurements from the robot pose. The state space is the same as in the sparse setting.
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Figure 2.8: Illustration of the robot’s cascade control scheme. The actions ut are computed
at a frequency of up to 10Hz, desired joint angles are obtained by inverse kinematics, and a
joint-space impedance controller with anti-windup PID control commands actuator torques
at 1000Hz.

2.6 Experiments

We evaluate our method, which combines residual RL with easy-to-obtain reward signals, on a
variety of connector assembly tasks performed on a real robot. In this section, we consider two
types of natural rewards that are intuitive for users to provide: an image directly specifying
a goal and a binary sparse reward indicating success. For both cases, we report success rates
on tasks they solve. We aim to answer the following questions: (1) Can such trained policies
provide comparable performance to policies that are trained with densely-shaped rewards?
(2) Are these trained policies robust to small variations and noise?

Vision-based Learning

For the vision-based learning experiments, we use only raw image observations and `1 distance
between the current image and goal image as the reward signal. Sample images that the robot
received are shown in Figure 2.9. We evaluate this type of reward on all three connectors. In
our experiments, we use 32⇥ 32 grayscale images.

The learning curves of the vision-based experiment are presented in Figure 2.10, the
graphs show the final distance at the end of each 50 step long episode, plotted over the
total number of environment steps throughout the training. Our experiments show that a
successful and consistent vision-based insertion policy can be learned from relatively few
samples using residual RL. In the early stages of the training, the human-engineered controller
in residual RL guides the robot towards the point of insertion and due to the RL algorithm’s
exploration noise, successful insertions are experienced much earlier in the training than with



CHAPTER 2. LEARNING RESIDUAL POLICIES FOR ROBOTIC CONTROL 26

Figure 2.9: Successful insertion on the Model-E connector. The image-based RL algorithms
receives only receives the 32⇥ 32 grayscale image as the observation.
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Figure 2.10: Resulting final mean distance during the vision-based training; the distance is
calculated as pixel-wise L1 norm. One rollout amounts to 50 time steps. The comparison
includes RL, residual RL, and RL with learning from demonstrations. Only residual RL
manages to deal with the high-dimensional input and consistently solve all the tasks after
the given amount of training. The other methods learn to move downwards, but often get
stuck in the beginning of the insertion and fail to recover from unsuccessful attempts.

standard RL. During the training on the USB connector, the residual RL policy consistently
improved in performance. On the D-Sub and Model-E connector, the residual RL policy
became too deterministic and decreased in performance at certain times, but managed to
recover and solved the task consistently at the end of the training. This result suggests that
goal-specification through images is a practical way to solve these types of industrial tasks.
Although image-based rewards are often very sparse and hard to learn from, in this case the
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USB Connector
Goal

Perfect Noisy

Pure RL

Dense 28% 20%
Sparse, SAC 16% 8%
Sparse, TD3 44% 28%
Images, SAC 36% 32%
Images, TD3 28% 28%

RL + LfD
Sparse 100% 32%
Images 88% 60%

Residual RL

Dense 100% 84%
Sparse, SAC 88% 84%
Sparse, TD3 100% 36%
Images, SAC 100% 80%
Images, TD3 0% 0%

Human P-Controller 100% 60%

Figure 2.11: Average success rate on the USB insertion task. Residual RL and RL + LfD
solve the task consistently. Moreover, residual RL stays robust under ±1mm noise.

distance between images corresponds to a relatively dense reward signal which is su�cient to
distinguish the di↵erent stages of the insertion process.

Interestingly, during training with standard RL, the policy would sometimes learn to
“hack” the reward signal by moving down in the image in front of or behind the socket.
In contrast, the stabilizing human-engineered controller in residual RL provides su�cient
horizontal control to prevent this. The initial controller also sca↵olds the learning process, by
providing a very strong initialization that requires the reinforcement learning algorithm to
only learn the final phase of the insertion. This produces substantially better performance in
conjunction with vision-based rewards.

Learning from Sparse Rewards

In the sparse reward experiment, we use the binary signal of the connector being electrically
connected as the reward signal. This experiment is most applicable to electronic manufacturing
settings where the electrical connection between connectors can be directly measured. We
only evaluate the sparse reward setting on the USB connector, as it was straightforward to
obtain the electrical connection signal.

In this experiment, we compare these methods on the USB insertion task with sparse
rewards. The success rates during the training process are reported in Figure 2.13. All
methods are able to achieve similar performance at the end of the training in the sparse
setting. Learning from demonstrations showed to provide a very good initialization and,
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Figure 2.12: Plots of the final mean distance to the goal during the state-based training.
Final distances greater than 0.01m indicate unsuccessful insertions. Here, the residual RL
approach performs noticeably better than pure RL and is often able to solve the task during
the exploration in the early stages of the training.

after a short decrease in performance due to exploration, managed to reach a continuously
succeeding policy in the least amount of training, shortly followed by Residual RL. After
twice the amount of time, standard RL also achieved a high success rate during the training.
This result shows that we can learn precise industrial insertion tasks from sparse rewards,
which can often be obtained much more easily than a dense, shaped reward. In fact, prior
work has found that the final policy for sparse rewards can outperform the final policy for
dense rewards as it does not su↵er from a misspecified objective [80].

Perfect State Information

After evaluating the tasks in the above settings, we further evaluate with full state information
with a dense and carefully shaped reward signal, given in Eq. 2.10, that incorporates distance
to the goal and force information. Evaluating in this setting gives us an “oracle” that can
be compared to the previous experiments in order to understand how much of a challenge
sparse or image rewards pose for various algorithms.

The results of the experiment with perfect state information and dense rewards is shown
in Figure 2.12. In this case, residual RL outperforms standard RL by a large margin, although
the shaped reward function allows standard RL to partially solve the task early in the training.
However, the hand-designed shaped reward function makes it harder for the policy to actually
perform the full insertion, potentially because the more complex reward landscape provides
other competing goals to the policy. The final performance with sparse rewards on the USB
insertion task is substantially better.

Robustness

For safe and reliable future usage, it is required that the insertion controller is robust against
small measurement or calibration errors that can occur when disassembling and reassembling
a mechanical system. To test robustness towards small goal perturbations, we artificially
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Figure 2.13: Learning curves for the training of the USB insertion task with a sparse reward.
Success rate is shown; higher is better. One rollout amounts to 50 time steps. Residual RL
and RL with learning from demonstrations both solve the task relatively quickly, while RL
alone takes about twice as long to solve the task at the same performance.

perturb the goal by ±1mm in x and in y direction, such that the perturbed goals lie on the
edges and corners of a square with side length 2mm, centered on the exact goal location. This
distribution results in 8 perturbed goal locations, on which we evaluate the trained policies.
We measure the success rate over 25 policy executions, during which each of the perturbed
goal locations is sampled at least 3 times. In addition to translational errors, rotational errors
are very likely to occur as well when modifying a robot setup. However, since we calibrate the
rotation of the goal location before each experiment, we did not notice rotational errors as the
reason for unsuccessful insertions. As our policies only output translational movement and
no rotations, a study of the robustness towards rotational errors is left out. In the previous
set of experiments, the goal locations were known exactly. In this case, the hand-engineered
controller performs well. However, once noise is added to the goal location, the deterministic
P-controller struggles. All results of our robustness evaluations are listed in Figure 2.14 and
Figure 2.11. In the presence of a ±1mm perturbation, the residual RL controller succeeds
more often on the USB and D-Sub tasks, and significantly more often on the Model-E task,
than the other methods. Unlike the P-controller, residual RL consistently solved the Model-E
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task and overcame goal perturbations in 19/25 trials. On the USB task, residual RL was
able to achieve successful insertions in 21/25 trials in the presence of goal perturbations. The
agent demonstrably learns small but consistent corrective feedback behaviors in order to
move in the right direction during the descent motion, a behavior that is very di�cult to
specify manually. This behavior illustrates the strength of residual RL. Since the human
controller already specifies the general trajectory of the optimal policy, environment samples
are only required to learn this corrective feedback behavior.

D-Sub Connector
Goal

Perfect Noisy

Pure RL
Dense 16% 0%
Images, SAC 0% 0%
Images, TD3 12% 12%

RL + LfD Images 52% 52%

Residual RL
Dense 100% 60%
Images, SAC 100% 64%
Images, TD3 52% 52%

Human P-Controller 100% 44%

Model-E Connector
Goal

Perfect Noisy

Pure RL
Dense 0% 0%
Images, SAC 0% 0%
Images, TD3 0% 0%

RL + LfD Images 20% 20%

Residual RL
Dense 100% 76%
Images, SAC 100% 76%
Images, TD3 0% 0%

Human P-Controller 52% 24%

Figure 2.14: We report average success out of 25 policy executions after training is finished
for each method. For noisy goals, noise is added in form of ±1mm perturbations of the goal
location. Residual RL, particularly with SAC, tends to be the best performing method across
all three connectors. For the Model-E connector, only residual RL solves the task in the
given amount of training time.

Exploration Comparison

One advantage of using reinforcement learning is the exploratory behavior that allows the
controller to adapt from new experiences unlike a deterministic control law. The two RL
algorithms we consider in this section, SAC and TD3, explore di↵erently. SAC maintains
a stochastic policy, and the algorithm also adapts the stochasticity through training. TD3
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has a deterministic policy, but uses another noise process (in our case Gaussian) to inject
exploratory behavior during training time. We compare the two algorithms, as well as when
they are used in conjunction with residual RL, in order to evaluate the e↵ect of the di↵erent
exploration schemes.

All experiments were also performed using TD3 instead of SAC. The final success rates
of these experiments are included in Figure 2.14 and Figure 2.11. Without added goal
perturbations, SAC and TD3 perform comparably. However, TD3 is often substantially less
robust. These results are likely explained by the exploration strategy of the two algorithms.
TD3 has a deterministic policy and fixed noise during training, so once it observes some
high-reward states, it quickly learns to repeat that trajectory. SAC adapts the noise to
the correct scale, helping SAC stay robust to small perturbations, and because SAC learns
the value function for a stochastic policy, it is able to handle some degree of additive noise
e↵ectively. In combination with residual RL, TD3 only managed to solve the sparse reward
settings and did not train well in the vision-based setting. Here found that the outputted
action of TD3 approaches the extreme values at the edge of the allowed action space, while
SAC executed less extreme actions, which showed to produce better training results.

We analyze the performance of policies learned with residual RL, as well as other methods,
based on their ability to achieve the task goal, as well as the distance of the final object
location to the goal pose over the course of training. To study the robustness of the learned
policies, we also evaluate them in conditions where the goal connector position is perturbed,
in order to understand the tolerance of RL policies to imprecise object placement.

2.7 Interpretation as bias-variance trade-o↵

In this section, we analyze the proposed algorithm in more depth. We will show the learned
policy can be interpreted as a bias-variance trade-o↵ between the prior policy and the RL
policy; the prior policy serves as a function regularization for RL policy. Our analysis is
heavily built on the work [81].

Background and problem formulation

Let’s start by analyzing the variance of a standard policy gradient RL algorithm. Denote a
stochastic RL policy ⇡✓(a|s) : S ⇥A �! [0, 1], parameterized by ✓. We want to maximize the
expected accumulated reward J(✓):

J(✓) =
NX

t=1

E(st,at)⇠p⇡✓
[r(st, at)]. (2.11)

Policy gradient style methods maximize the reward in equation 2.11 by estimating its
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gradient from sampled trajectories:

r✓J(✓) = E⌧⇠⇡✓
[r✓log⇡✓(⌧)Q

⇡✓(⌧)] (2.12)

⇡
NX

i=1

TX

t=1

[r✓log⇡✓(si,t, ai,t)Q
⇡✓(si,t, ai,t)], (2.13)

where Q⇡✓(s, a) = E⌧⇠⇡✓
[
P1

k=0
�kr(st+k, at+k)|st = s, at = a], ⌧ is a trajectory whose actions

and states are sampled from the policy distribution ⇡✓(a|s) and the environment ⌧ =
(s0, a0, s1, a1, ......) .

The resulting policy gradient estimator can be a low-bias estimator if we can obtain a
good estimate of Q function, however it can have high variance since we can only use a small
number of sampled trajectories to calculate the expectation in (2.12).

We usually update the policy as follows:

✓k+1 = ✓k + ↵r✓J(✓k), (2.14)

this update will bring the high variance from previous policy to the new policy.
We apply Tylor’s expansion around ⇡✓k to approximate ⇡✓k+1

:

⇡✓k+1
= ⇡✓k + ↵

d⇡✓k
d✓

r✓J(✓k) +O(�✓2), (2.15)

variance of policy at next time step can be seen below:

var[⇡✓k+1
] ⇡ ↵2

d⇡✓k
d✓

var[r✓J(✓k)]
d⇡✓k
d✓

T

, (2.16)

this holds when ↵ ⌧ 1 which is almost always true when we choose learning rate. Note we
are evaluating variance of updated policy with respect to its parameters ✓, not the noise for
exploration, so the variance of ⇡✓k is zero.

Now let’s write our mixed policy between prior policy and RL policy:

uk(s) =
1

1 + �
u✓k

(s) +
�

1 + �
uprior(s), (2.17)

where uk is the mixed policy, uprior is a control prior, ⇡✓k is the control sampled from our
stochastic RL policy ⇡✓k(a|s).

Bias-variance trade-o↵

We now analyze bias and variance of the mixed policy.

Theorem 2.7.1. The variance in 2.16 of mixed policy from equation 2.17 is reduced by a
factor of ( 1

1+�
)2 when compared to a pure RL policy. However, it will introduce inductive bias

proportional to the sub-optimality of the policy prior. If we denote the optimal policy to be
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⇡opt, and D(·, ·) to be some divergence measure between two policies. We first measure the
sub-optimality Dsub = DTV (⇡opt, ⇡prior), where DTV (·, ·) means the total variation divergence.
Then, the policy bias DTV (⇡k, ⇡opt) is bounded as follows:

DTV (⇡k, ⇡opt) � Dsub �
1

1 + �
DTV (⇡✓k , ⇡prior) (2.18)

DTV (⇡k, ⇡opt) 
�

1 + �
Dsub as k �! 1 (2.19)

Proof: Let ak+1 be the stochastic action sampled from pure RL policy ⇡✓k+1
(a|s), from

equation 2.16, we can have following:

var[ak+1|s] ⇡ ↵2
d⇡✓k
d✓

var[r✓J(✓k)]
d⇡✓k
d✓

T

; (2.20)

plug equation 2.17 into equation 2.20, we get following:

var[⇡k+1] = var✓[
1

1 + �
ak+1 +

�

1 + �
uprior|s] (2.21)

=
1

(1 + �)2
var✓[ak+1|s] (2.22)

⇡ ↵2

(1 + �)2
d⇡✓k
d✓

var[r✓J(✓k)]
d⇡✓k
d✓

T

, (2.23)

compare equation 2.23 with equation 2.20, we can clearly see the variance is reduced by the
factor of ( 1

1+�
)2, this completes proof of the first part of our theorem.

Let’s now analyze the bias of the mixed policy. We can obtain following relation by
applying triangle inequality of metric:

DTV (⇡k, ⇡opt) � DTV (⇡prior, ⇡opt)�DTV (⇡prior, ⇡k), (2.24)

We calculate the last term DTV (⇡prior, ⇡k) as follows:

DTV (⇡prior, ⇡k) = sup
s,a

|⇡prior �
1

1 + �
⇡✓k | (2.25)

=
1

1 + �
sup
s,a

|⇡✓k � ⇡prior| (2.26)

=
1

1 + �
DTV (⇡✓k , ⇡prior). (2.27)

Then we can obtain the lower bound:

DTV (⇡k, ⇡opt) � Dsub �
1

1 + �
DTV (⇡✓k , ⇡prior). (2.28)
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Now we switch to the upper bound part, it’s been proven that for certain classes of
function approximators, RL can achieve asymptotic convergence to optimal policy [21]. So,
as k �! 1, ⇡✓k �! ⇡opt, we use this property to get an upper bound:

DTV (⇡opt, ⇡k) = sup
s,a

|⇡prior �
1

1 + �
⇡✓k | (2.29)

=
1

1 + �
sup
s,a

|⇡opt � ⇡prior| as k �! 1 (2.30)

=
1

1 + �
DTV (⇡opt, ⇡prior) as k �! 1 (2.31)

=
�

1 + �
Dsub as k �! 1. (2.32)

But in reality, ⇡✓k will be influenced by ⇡prior, so it will not necessarily reach ⇡opt, hence
the equality in equation 2.32 becomes inequality, we can therefore get an upper bound:

DTV (⇡k, ⇡opt) 
�

1 + �
Dsub as k �! 1 (2.33)

⇤

Control regularization

In this section, we will look at the mixed policy from another perspective, we will show that
the mixed policy can be actually formulated as a regularized optimization.

Lemma 2.7.2. The mixed policy in equation 2.17 can be seen as the solution to the following
regularized optimization problem:

uk(s) = argmin
u

||u(s)� u✓k
||⌃ + �||u(s)� uprior(s)||⌃ (2.34)

Proof: From definition, ⇡✓k(a|s) ⇠ N (u✓k
,⌃), and the distribution of mixed policy is shifted

by the prior policy as follow:

⇡k(a|s) = N (
1

1 + �
u✓k

+
�

1 + �
uprior,⌃) (2.35)

=
1

cN
N (u✓k

, (1 + �)⌃) · N (uprior,
1 + �

�
⌃), (2.36)

where cN is normalizing constant. Denote ⌃-Norm as ||u1 � u2||⌃ = (u1 � u2)T⌃�1(u1 � u2).
Let’s re-write equation 2.36 in terms of PDF.
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P(X(s)) = �c1 exp(�
1

2(1 + �)
||X(s)� u✓k

(s)||⌃) ⇥ (2.37)

�c1�
k
2 exp(� �

2(1 + �)
||X(s)� uprior(s)||⌃), (2.38)

where c1 is normalizing constant., P(X(s)) represents the probability of taking action X from
state s under policy in equation 2.17. We can further break down the PDF as following:

P(X(s)) = c2 exp(�||X(s)� u✓k
(s)||⌃ � �||X(s)� uprior(s)||⌃) (2.39)

where c2 is normalizing constant.
Usually, the RL policy is single-mode, so we choose the action when the PDF is maximized;

which can be obtained when the argument of exponential is minimized. So the action can be
seen as solution to the following optimization problem:

uk(s) = argmin
u

||u(s)� u✓k
||⌃ + �||u(s)� uprior(s)||⌃. (2.40)

So we can conclude the mixed policy is the solution to equation 2.34. ⇤

Insights from the bias-variance trade-o↵

From the analysis above, we can actually gain several interesting and useful insights. We can
see the policy prior actually servers as function regularization to the pure RL policy and bias
the final solution to it. If � is too high, then the explorable set for RL can be constrained so
that it could not reach (local) optimal policy. On the other side, if the (local) optimal policy
is within explorable region, then the final policy can reach the optimal solution at a faster
speed.

From the bias-variance trade-o↵ analysis, we can see that we could lower the variance
during learning by a certain factor; however at the cost injecting bias which can be quantified.
This gives us guarantee on the performance of final learned controller.

2.8 Discussion

In this section we study the combination of conventional feedback control methods with deep
RL. We presented a control method that utilizes conventional feedback control along with RL
to solve complicated manipulation tasks involving friction and contacts with unstable objects.
We believe this approach can accelerate learning of many tasks, especially those where the
control problem can be solved in large part by prior knowledge but requires some model-free
reasoning to solve perfectly. Our method extends conventional feedback control and allows
us to automatically solve problems from data that would otherwise require human experts
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to design solutions for. In this sense, our method is related to di↵erentiable programming
[82] or automated algorithm design [83]. Our results demonstrate that the combination of
conventional feedback control and RL can circumvent the disadvantages of both and provide
a sample e�cient controller that can cope with contact dynamics.

We also showed that we can learn insertion policies with raw image observations with
either binary outcome-based rewards, or rewards based on goal images. We conducted a series
of experiments for various connector type assemblies, and demonstrated the feasibility of our
method under challenging conditions, such as noisy goal specification and complex connector
geometries. Reinforcement learning algorithms that can automatically learn complex assembly
tasks with easy-to-specify reward functions have the potential to automate a wide range of
assembly tasks, making this technology a promising direction forward for flexible and capable
robotic manipulators.

Future direction includes a principled way to design prior controllers for di↵erent problems,
and investigating properties of the final controller when the prior controller satisfy certain
criterion.
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Chapter 3

Learning complex manipulation with
action space representation

3.1 Introduction

Today, industrial robots deployed across various industries are mostly doing repetitive tasks.
The overall task performance hinges on the accuracy of their controllers to track pre-defined
trajectories. To this end, endowing these machines with a greater level of intelligence to
autonomously acquire skills is desirable. The main challenge is to design adaptable, yet
robust, control algorithms in the face of inherent di�culties in modeling all possible system
behaviors and the necessity of behavior generalization. Reinforcement learning (RL) methods
hold promises for solving such challenges, because they promise agents to learn behaviors
through interaction with their surrounding environments and ideally generalize to new unseen
scenarios [20], [21], [84], [85].

In this chapter, we study how an RL algorithm will benefit from a better action space
representation in settings involving high-precision robotic assembly. Specifically, we tackle
two such problems: 1) assembly of a rigid peg into a deformable hole, where the diameter of
the hole is smaller than that of the peg; and the robot is non-compliant which only provides
position and velocity control interface; 2) assembly of high-precision work-pieces, in this case
robot is compliant, we can access torque control interface.

In both tasks, the required precision exceeds the robot position controller’s accuracy. In
real manufacturing, human labor can accomplish such high-accuracy complex tasks in a fairly
easy manner. For example, a peg in hole insertion is achieved by “feeling” the contacts.
This can be achieved with heuristics based on force feedback, for instance by probing the
hole before inserting or moving the peg around the surface to search for the insertion point.
Hence, designing robust strategies by properly processing observations is more desirable
than estimating perfect physical dynamics. RL allows to find control policies automatically
for problems where traditionally heuristic have been used. The question arises how do we
properly integrate observed force information into reinforcement learning process to produce
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desirable behaviors?
RL is a method for learning such reactive policies automatically, through trial and error

interaction in the domain, guided only by a reward signal that specifies how well the robot is
performing the task. In practice, RL requires an informative reward signal to works e↵ectively,
which can be hard to design automatically. With sparse reward that just specifies successful
task completion, RL is prone to getting stuck in local optima. However operational space
control could mitigate this problem by specifying high-level goals in task-space. [86]–[89].
One particular way to achieve this is to combine RL with a proper operational force controller,
this has the benefit of implicitly shaping control actions so that policies only search the space
where a “good” solution exists for our problems.

Furthermore, combing RL with such force controllers is highly relevant to industrial
applications if we want such robots to learn contact-rich manipulation skills. Currently, most
policy search algorithms for contact-rich assemblies are implemented on inherently compliant
robot arms such as the PR2, the Kuka iiwa or Rethink Robotics’ Sawyer [90]–[92]. These
robot arms have either passive compliance through spring mechanism in motors or have
the ability to measure and command joint torques. These properties enable safe physical
interaction of the robot with its environment, and joint torque readings can be encoded as
features in learning algorithms to describe contact situations. Unfortunately, this is only of
limited use for industrial applications because industrial robots are in general not compliant
and o↵er only velocity and position control, but no torque control. However, they can often
be equipped with a wrist force-torque sensor. While this still does not provide the ability to
command joint torques, it opens the possibility for admittance force-torque control in task
space, which introduces a principled way for such non-compliant robots to learn contact-rich
tasks.

The reminder of this paper is organized as follows: section 3.2 introduces related work;
section 3.3 describes proposed method; section 3.4 presents our experiments; section 3.5
discuss limits and future work.

3.2 Related work

Recent advances in RL have gained great success in solving a variety of problems from playing
video games [24], [75], [93] to robotic locomotion[23], [27], [94]–[96], manipulation[20], [42],
[73], [97]–[102]. Reinforcement learning can be distinguished in model-based methods and
model-free methods [21], [84], [85]. While model-based policy search is computationally more
expensive than model-free methods, it requires less data to solve a task. Recent progresses in
the area of Deep Neural Networks suggest to also deploy them for parametrizing policies and
other functions in RL methods [20], [23], [103]. This is often referred to as Deep Reinforcement
Learning (DRL).

A recently developed model-based reinforcement learning algorithm called guided policy
search (GPS) provided new insights into training end-to-end policy for solving contact-rich
manipulation problems [20], [48], [95], [103], [104]; however; this method is not suitable for
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this high-precision setting because it has no means of avoiding local optima by its formulation.
There are also approaches tackling this problem by explicitly modeling contact dynamics
[105]–[109] Inoue et al. [110] use LSTM to learn two separate policies for finding and inserting
a peg into a hole; however, their methods require several pre-defined heuristics, and also the
action space is discrete.

Thomas et al. [52] combine RL with a motion planner to shape state cost in high-precision
settings. This method essentially learns a trajectory following torque controller, and assumes
access to a trajectory planner that could roughly avoid local optima. They also encode
such planned reference into a neural network with attention mechanism, they show good
generalization results in simulation.

3.3 Method

Preliminaries

We consider all tasks here that can be described as moving already-grasped objects to their
goal position. This is the most common setting in today’s manufacturing. The success of such
tasks can be measured as minimizing the distance between objects and their goal positions.
We make no particular assumptions about encountered dynamics during tasks especially
contacts. These need to be learned by the robot from various interaction with its environment.
Let xt and ut denote robot states and actions respectively ; `(xt,ut) be the cost function
related to the task, T be the time horizon of a task. Our problem can be formulated as

min
u1,u2...uT

TX

t=1

`(xt,ut)

s.t. xt+1 = f(xt,ut) t = 1, 2...T � 1,

where f governs (unknown) system dynamics, x, u can also be subject to other algebraic
constraints.

We consider our control action u to be operational force controller
Ftip = [Fx, Fy, Fz,Mx,My,Mz]. They represent desired force/torque or impedance in op-
erational space, our goal is to optimize them through reinforcement learning. We make
no particular assumption about the implementation of such controller; neither the specific
reinforcement learning algorithm.

Operational Space Force Controller

There are various ways to implement such controller in operational space with or without a
wrist force/torque sensor [86] [88][111]. We present two such force controllers depending on
whether a wrist force/torque sensor is available.
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For setup in Figure 3.1, a wrist force/torque sensor is mounted on the robot’s end-e↵ector;
we feed Cartesian-space force/torque sensor signals to the robot’s Cartesian-space velocity
control loop. Specifically, denote ⌧ as the desired force/torque vector in tool space; this
includes three forces and three torques in three corresponding Cartesian axes. ⌧̂ denotes
the measured force/torque vector from the robot’s wrist sensor. We apply a PD feedback
controller to the di↵erence between ⌧ and ⌧̂ , and feed the resulting control to the Cartesian-
space velocity command interface of the robot. This involves calculating the inverse Jacobian
matrix of the robot and converting Cartesian-space velocity into joint-space velocity. We set
this admittance controller as output of reinforcement learning algorithm.

For setup in Figure 3.5, no force/torque sensor is available; however we have access to
joint torque readings. We can convert operational space force into joint space using robot
Jacobian, then close the control loop in joint space using joint torque feedback. Let Ftip be
the desired wrench on the end-e↵ector, we can then express the control law in joint space as
[112]

M(q)q̈ + c(q, q̇)q̇ + g(q) + JT (q)Ftip = ⌧, (3.1)

where q represents joint angles in generalized coordinates, M(q) is the inertia, c(q, q̇) is the
Coriolis matrix, g(q) are gravitational forces, J(q) is the Jacobian, ⌧ is the torque vector
applied to manipulators’ joints. In many force control tasks, robots move slowly, hence we
ignore acceleration and velocity terms in Eq. 3.1. For a 7-DOF Sawyer manipulator arm that
we consider in this paper, we can also project torques to its non-empty nullspace. Denoting
the nullspace torque vector as ⌧null, joint space control law is:

⌧ = g(q) + JT (q)Ftip + [I � JT (q)JT †(q)]⌧null, (3.2)

where JT †(q) is the pseudo-inverse of JT (q). The control law in Eq.3.2 is appealing and simple,
but it would generate undesirable and dangerous motion without enough resistance provided
by the environment. In our experimental setup, we do not assume in-contact situations of
objects being assembled, there is a relative open free-space that the robot needs to move
through; directly applying Eq.3.2 would result in continuous acceleration. To mitigate this
issue, in all our experiments, we wrap a position loop with small gains around the controller
in Eq.3.2:

⌧ = g(q) + JT (q)Ftip + [I � JT (q)JT †(q)]⌧null (3.3)

+Kqp(q � q⇤) +Kqd(q̇ � q̇⇤), (3.4)

where Kqp and Kqd are diagonal gain matrices with small entries, q and q̇ are current joint
positions and velocities, q⇤ and q̇⇤ are the desired ones obtained via inverse kinematics from
end-e↵ector pose. Aforementioned Ftip will be calculated by an RL controller.

Model-Based Reinforcement Learning Algorithm: iLQG

The specific model-based reinforcement learning algorithm that we consider here is iterative
Linear-Quadratic-Gaussian (iLQG) [95], [113]. It is sample e�cient and convenient second-
order methods are available to solve it quickly [114]. Let ! = {x1,u1, ... ,xT ,uT} denote
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a trajectory, such that p(!) = p(x1)
TQ
t=1

p(xt+1|xt,ut)p(ut|xt), `(!) =
P

T

t=1
`(xt,ut) denotes

the cost along a single trajectory !; where x typically consists of joint angles, end-e↵ector
pose and their time derivatives. We wish to minimize this cost; the goal is to minimize the
expectation Ep(!)[`(!)] over trajectory ! by iteratively optimizing linear-Gaussian controllers
and re-fitting linear-Gaussian dynamics. This algorithm iteratively linearizes the dynamics
around the current nominal trajectory, constructs a quadratic approximation of the cost,
computes the optimal actions with respect to this approximation of the dynamics and cost by
dynamic programming, and forward runs resulting actions to obtain a new nominal trajectory.
We use subscripts, e. g. `xut to denote derivatives with respect to vector [xt;ut]. Under the
dynamics model and the cost function described in this section, we can write the Q-function
and value function as

V (xt) =
1

2
x|
tVx,xtxt + x|

tVxt + const

Q(xt,ut) =
1

2
[xt,ut]

|Qxu,xut[xt;ut] + [xt;ut]
|Qxut + const.

We can solve for V and Q with a recurrence that can be computed backwards through time
starting from the last time step t = T :

Qxu,xut = `xu,xut + f|
xutVx,xt+1fxut

Qxut = lxut + f|
xutVxt+1

Vx,xt = Qx,xt �Q|
u,xtQ

�1

u,utQu,xt

Vxt = Qxt �Q|
u,xtQ

�1

u,utQut. (3.5)

This actually leads to the maximum entropy LQR objective whose solution is a time-
varying linear-Gaussian controller p(ut|xt):

min
p(ut|xt)

TX

t=1

Ep(ut|xt)[`(xt,ut)�H(p(ut|xt))]

The entropy term in the objective function above encourages exploration to acquire diverse
samples for fitting dynamics. This objective can be optimized by setting p(ut|xt) = N (Ktxt+
kt,Ct), and Ct = Q�1

u,ut.We brief the overall scheme in Alg. 2.

3.4 Experiments

Non-Compliant Robot arm with Deformable Objects

Problem statement

Consider a robot arm without the possibility of joint torque sensing or joint torque control
as in Fig. 3.1 The robot has no inherent compliance and permits only position and velocity
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Algorithm 2 Force-based RL controllers

1: for iteration k 2 {1, ..., K} do:
2: Train local RL controller using iLQG, where ut is set as operational space force

controller
3: Project calculated desired force to joint space according to Chapter 3.3 depending on

robot type

Figure 3.1: Experimental setup for peg insertion task.

control. However, the robot arm is equipped with a wrist mounted force-torque sensor, whose
signals are available. Moreover, the joint angles of the robot are accessible as well. The robot
end-e↵ector holds a rigid peg whose position and orientation relative to the end-e↵ector are
known with a certain degree of uncertainty. Moreover, the grasp is not tight and the peg
exhibits some bounded motion relative to the end-e↵ector whenever the peg is in contact
with the environment. A work piece with a hole is placed in the work space of the robot.
The work piece consists of a deformable material with nonlinear material properties. The
diameter of the hole is smaller than the diameter of the peg. The position of the whole
relative to the robot frame is known, but also exhibits uncertainty.

The goal of the peg-in-hole problem is to control the robot in order to insert the rigid peg
into the deformable hole. It is challenging to design a feedback control law for achieving this
task due to the unknown contact mechanics. Figure 3.2 illustrates the assembly situation.
In Figure 3.2 (a) the peg is successfully inserted into the elastic hole. The deformation
poses challenges to the insertion tasks, because unlike rigid pairings, material yields if the
robot pushes the peg into it as shown in Fig Fig. 3.2 (b). The key to escape from this local
optimum is to properly adjust force/torque on the end-e↵ector promptly.



CHAPTER 3. LEARNING COMPLEX MANIPULATION WITH ACTION SPACE
REPRESENTATION 43

rigid peg

gripper

robot arm

deformable
material

force/torque
wrist sensor

(a) Peg in hole. (b) Peg stuck in material.

Figure 3.2: Assembly modes for rigid peg and deformable material.

Experimental Setup Details

As shown in Figure 3.1, we use a UR5 robot manufactured by Universal Robots, Polyscope
version 3.5 with the motherboard in the control box having been upgraded to CB3.1. We
use the force/torque sensor FT300 from Robotiq with a range of measurements of 300N for
forces and 30Nm for torques. The noise levels (estimated standard deviations) for Fx, Fy

are 1.2N; Fz is 0.5N; Mx,My are 0.02Nm; and Mz is 0.03Nm. The data output frequency
is 100Hz. We use a 85mm adaptive gripper from Robotiq. We remove the fingertips from
the gripper, and fixed the peg directly to the gripper. However, the gripper connection
allows bounded motions of the peg, which introduces some uncertainty. The hole is part of a
work piece, which is made of ethylene-vinyl acetate. Its diameter is 20mm while the peg’s
diameter is 25mm. The cycle time for the UR5 is 8ms, the robot does not provide access to
its real-time control loop, also the force/torque sensor rate is 100Hz. The robot neither has
joint compliance nor does it o↵er joint torque control. Hence, it is well suited to benchmark
our approach.

We vary the robot starting configuration for training local policies. The algorithm will
be iteratively executed by deterministic reset to the same configuration after sampling
trajectories. We collect five samples for each starting configuration in every iteration. We
send control commands at 25 HZ; and each trajectory is 3.5 seconds long.

The robot state space consists of joint angles, joint velocities, the end-e↵ector pose,
which is represented by three Cartesian points and the velocities of these points. For an
initial condition (robot configuration), we specify their target end-e↵ector pose by three
points in end-e↵ector plane, the cost function is given by r`(d) = wd2 + vlog(d2 + ↵), with
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↵ = 10�5, v = 0.01 and w = 1.0. This shaped cost function performs better than an l2
distance cost function because the second term encourages precise placement near the target
position. In order not to damage the material, in all our experiments, we locked rotations
in three Cartesian axes, thus the policy outputs an action ut = [Fx, Fy, Fz]. Denote the
forces measured by F/T sensor as ût, the commanded joint velocity vt to the robot can be
calculated as following:

Kp ⇤ (ut � ût) = Jt ⇤ vt

where Kp is the feedback gain, and Jt represents robot Jacobian matrix.

Results

Figure 3.3: (a) Successful insertion. (b) Failure mode where the policy is unable to locate
the hole.

We design our experiments by varying the starting positions of the peg, near to far; to
test the if our method could learn policies e↵ectively searching for the hole. Since the robot
can only be position or velocity controlled, 1) it is not capable of running RL algorithm
using torque control, which will provide compliant behaviors; 2) it is not capable of running
RL algorithm directly commanding velocity or position either, it will stick to pre-calculated
trajectories thus yielding unexpected large force or moments when facing contact. So, we
consider only one baseline that includes several way-points, and use robot position controller
to track them; since the hole is smaller than the peg, this baseline almost failed every single
time because of safety stop from the robot itself. We report following results in Figure 3.4,
three di↵erent starting positions are tried, the distance is regarded as di↵erence of horizontal
projection between center of peg and hole; we can see the policy training is able to reach a
reliable convergence in roughly five iterations. Success rate comparison of our method and
aforementioned baseline is listed on Table 3.1.

Figure 3.3(a)(b) shows some of the successes and failures. Several learned strategies can
be observed. In the case that the initial position is slightly o↵ the hole, the robot tends to
apply large vertical forces to “slide” into the hole. While for the case that the initial position
is further o↵ the hole, the robot often first gets stuck in the material, then slightly lifts its
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Figure 3.4: Learning curve in three experiments starting from di↵erent positions.

Table 3.1: Comparison of success rate, with di↵erent distance to the hole.

distance to hole 1 mm 6 mm 8 mm

our method 5/5 5/5 3/5

baseline 3/5 0/5 0/5

arm to reduce the exerted force from the material, and moves its arm quickly after the lifting
to find the hole.

To summarize our contributions: We introduce a principled way for extending non-
compliant robots to learning contact-rich manipulation skills. Currently, most policy search
algorithms for contact-rich assemblies are implemented on inherently compliant robot arms
such as the PR2, the iiwa or Rethink Robotics’ Sawyer [90]–[92]. These robot arms have
either passive compliance through spring mechanism in motors or have the ability to measure
and command joint torques. These properties enable safe physical interaction of the robot
with its environment, and joint torque readings can be encoded as features in learning
algorithms to describe contact situations. Unfortunately, this is only of limited use for
industrial applications because industrial robots are in general not compliant and o↵er only
velocity and position control, but no torque control. However, they can often be equipped
with a wrist force-torque sensor. While this still does not provide the ability to command joint
torques, it opens the possibility for admittance force-torque control in task space. We show
how this can be exploited for GPS usage even if joint torques cannot be directly commanded,
but only positions and velocities. To the best of our knowledge force-torque signals have not
been incorporated in variants of the GPS algorithm yet.
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a) Robot learning for complex assemblies. b) Assembled gear.

Figure 3.5: Learning control policies for assembly tasks.

Compliant Robot Arm with Rigid Objects

Problem statement

Consider the task of assembling the gear set shown in Fig. 3.5. The gear model was introduced
by Siemens Corporation as a benchmark task for robotic assembly www.usa.siemens.com/

robot-learning. The overall assembly task consists of four sequential steps, which are
illustrated in Fig.3.7: first the robot needs to insert a cylindrical peg into its matching hole;
then the large brown gear should be inserted through the gear shaft; then the small brown
gear with the squared hole should be assembled; lastly the gear wheels need to be matched
by aligning the corresponding gear teeth. In general the tolerances are tight. For example,
step two requires tolerances tighter than 0.1 mm, which is beyond most deployed industrial
robots’ accuracy today. Additionally, in step two, the peg can freely rotate at contact, the
gear must be precisely oriented to match the squared peg; in step three, the small brown gear
must be rotated by the large brown gear properly so that they can align with each other.
This poses additional challenges: since none of these pegs or gears are fixed during assembly,
this added uncertainty makes assembly even more di�cult.

Interpretation as learning Pfa�an constraints

Our method could be regarded as generating Pfa�an constraints for each task. At contact,
we can formulate holonomic and nonholonomic constraints enforced by the rigid environment
as Pfa�an constraints:

A(q)V = 0, (3.6)

where V is the operational space twist in SE (3) that V 2 R6, A(q) 2 Rk⇥6, k is the number
of natural constraints. In motion control part, we can write down operational space dynamics

www.usa.siemens.com/robot-learning
www.usa.siemens.com/robot-learning
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of the robot as:
F = ⇤(q)V̇ + ⌘(q,V), (3.7)

where ⇤(q) = J�T (q)M(q)J�1(q), ⌘(q,V) = J�T (q)c(q, J�1V) � ⇤(q) ˙J(q)J�1(q)V . This is
essentially the same motion dynamics without Ftip expressed in Eq.3.1, but calculated in
operational space.

By combining Eq.3.6 and Eq.3.7, we can express constrained dynamics for this hybrid
motion/force controller as

F = ⇤(q)V̇ + ⌘(q,V) + AT (q)�| {z }
Ftip

, (3.8)

where � 2 Rk; and in this case, requested wrenches Ftip must lie in the column space of
AT (q). In general, constraints A(q) come from the environment the robot is interacting
with. Abstracting this type of constraint for each individual manipulation task can be time-
consuming and prone to errors. Instead, if we let Ftip be learned by RL through continuous
interactions; we can roughly regard this process as iteratively improving A(q) to generate
increasingly accurate description of tasks, which is a key ingredient in high-precision settings.

Training neural network controller using MDGPS

We introduce a novel neural network architecture to process noisy force/torque readings
from wrist sensors or other sources, which provide measurements in tool space. The neural
network is shown in Fig. 3.6. Force/torque information is filtered with a low-pass filter
(LFP), then concatenated in the second last layer of the neural network. Intuitively, we
would like to provide most direct haptics information to the neural network as principle
features; also avoiding the neural network to establish unreasonable correspondence between
external force/torque readings and robot internal states. Also, the robot needs to move in free
space before it is in contact; and the learned policy should be robot-configuration-dependent
rather than force-dependent in free space. Since F/T readings are noisy, the learned policy
dependent on robot state and coupled F/T generates random motions, if we directly treat
F/T as an input to the first layer of the neural network.

For training this neural network, we adopt the mirror descent guided policy search
(MDGPS) algorithm in [104]. Denote the neural network parameterized by ✓ as ⇡✓(ut|xt), the
goal is to minimize the KL-divergence between linear-Gaussian controller learned via iLQG:

minDKL(⇡✓(ut|xt)||p(ut|xt)) 8xt,ut, t,

this can be implemented by supervised learning. These guided policy search methods also
have some mechanism to enforce agreement between distributions of local policy and global
policy by adding an additional KL-divergence cost [20], [103], [104].
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Figure 3.6: Neural Network Architecture

Experimental setup details

We evaluate our methods on four assembly tasks, which are shown in Fig.3.2. We use a
Rethink Robotics Sawyer robot. Sawyer o↵ers an interface to query its wrist force/torque
measurement, the noise levels (estimated standard deviations) for Fx, Fy are 2.0N; Fz is
0.5N; Mx,My are 0.5Nm; and Mz is 0.1Nm. Sawyer is commanded via ROS at 20 Hz.
During training, we take four roll-outs per iteration. Typically, it takes three iterations to
achieve successful behaviors, five iterations for convergence. We define a plane by three
points in end-e↵ector space, the cost function is a weighted mixture of the `1 and `2 norms
of the di↵erences between the current plane and the target plane as specified by the three
aforementioned points.

Assembly performance results

We compare our method with the following baselines:

• Kinematics Only: For task 1 and task 2, we only specify target poses; for the more
di�cult task 3 and task 4, we also introduce several way-points. Note that for task 1
and 2, we should get the same result every single time since robot kinematic controller
is deterministic as well as these tasks. But for task 3 and 2, the peg and gear can move
freely, so it is hard to specify the desired trajectory.

• iLQG with torque control: This is the main baseline for comparison. The control
actions from iLQG are directly the seven joint torques. For comparison, we use the
same cost function as in our method, i.e., sparsely-defined target end-e↵ector pose, no
intermediate way-points are introduced.

• iLQG with torque control, augmented state space: We augment the state space
with the F/T vector such that x̃t = [xt, ft], where ft are F/T measurements. We apply
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direct torque control. The purpose of this is to verify if other formulation other than
what we proposed could also actively use this additional information.

• Our Method: We refer to the operational space controller with iLQG.

• Our Method with augmented state space: Additional to operational space con-
troller, we augment the state space to x̃t = [xt, ft]. This experiment is for verifying if
our method can be further improved.

A success is considered if an object is being assembled to a desired pose with defined
tolerance. We report success rates for each individual task separately, because we train an
individual policy for each task. However, it would be straightforward to report overall success
rate by multiplying individual success rates together since policies are trained independently.
We execute learned policies after training to calculate the success rates. Table 3.2 presents
aforementioned success rates for four di↵erent tasks.

Table 3.2: Comparison of success rates for di↵erent tasks. Baseline 1 refers to kinematics
only; baseline 2 refers to iLQG with direct torque control; baseline 3 refers to iLQG with
direct torque control, augmented state space, our method w/ augmented refers augmented
state space in our method.

Task 1 Task 2 Task 3 Task 4

baseline 1 0/5 0/5 0/5 0/5

baseline 2 1/5 0/5 0/5 0/5

baseline 3 0/5 0/5 0/5 0/5

our method 5/5 5/5 2/5 4/5

our method w/ augmented 5/5 5/5 3/5 3/5

We interpret these results several fold: (1) kinematics baseline fails consecutively, this
confirms the required accuracy and complexity for the gear set; (2) an iLQG with torque
control, but without extensive cost shaping fails; the single success we observed is due to
Gaussian noise in the controller, which generated some lucky motion to insert, and it is on
the easiest task. (3) we did not find reliable improvement by augmenting state space with
F/T information. Since F/T signals are not Markovian, fitting a time-correlated dynamics
model to them does not produce meaningful information.

We made several interesting observations during the experiments. During task one, the
robot moves quickly in free-space to reach in-contact status, then it reduces its speed to
slowly probe around, trying to ”feel” the surface; once it has a level of confidence of the
hole’s position, it becomes aggressive towards the goal it predicted, resulting in quick motions
followed by a large downward force to complete insertion. The most interesting experiment
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a) Task 1: Round peg in round hole. 

b) Task 2: Gear wheel on shaft.

c) Task 3: Squared hole on squared shaft.

d) Task 4: Alignment of gear wheel teeth.

Figure 3.7: Snapshots of experimental runs for the four studied assembly tasks.

is task 3, where the added uncertainty comes from a rotating peg. The robot first brings
the small gear in contact with the peg, while applying a downward force so that small gear
would not fall into free-space again; but this amount of downward force also allows room
for applying additional rotating torque to the peg and gear aligning them with each other
roughly; then the downward force increases to try insertion, if not successful, downward
forces decrease but small horizontal force are also observed to fine-tune poses, this procedure
iterates until the peg is fully inserted. This kind of behavior roughly aligns with humans’
heuristics when facing such tasks. These behaviors can be found in the supplemental video1.

Fig.3.8 shows computed actions (only desired forces in x-directions and y-directions are
plotted) for task 2 during one successful insertion. It is interesting to observe how the variance
computed by the policy changes over time. Initially, there is a certain level of variance for

1https://www.youtube.com/watch?v=kqA1tlPaT8E

https://www.youtube.com/watch?v=kqA1tlPaT8E
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exploration to search for the target position; once the policy is confident about the goal,
the variance reduces dramatically, the robot aggressively moves the object towards the goal;
finally during the insertion phase, a certain level of noise is again injected for fine-tuning
the gear’s pose to overcome friction. This force-based insertion pattern is automatically
discovered through interactions by the algorithm, and matches a human’s intuition on such
tasks well. Fig.3.9 presents F/T measurements during a successful insertion. We can observe
peaks both in force and torque data, indicating some critical phases, e.g., contact. This
motivates explicit use of F/T measurements, because of its informative nature.

Exploration
Confident 
about goals Insertion

Figure 3.8: Action computed by learned policy during one successful insertion. Solid line
shows computed action mean, and error bar for computed variance.

Generalization results

We only train the neural network controller based on a single instance of the local linear-
Gaussian controller. Hence, our purpose is not to see if the trained neural network controller
can interpolate between multiple local controllers as in original guided policy search methods
[20]. Instead, we are interested in examining if the proposed architecture can e↵ectively use
F/T information and adapt to environment variations. We compare our proposed neural
network against two baselines: one is to directly input F/T information into the first layer
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Figure 3.9: Six degree of freedom force torque measurements from a successful Task 2
insertion.
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of the neural network; second is the iLQG controller that the neural network controller is
trained on. We again only consider task 2 in these generalization experiments. We design
our experiments as following: we train these three policies towards with the goal fixed,
i.e., base does not move; after all policies are trained, we move base to slightly di↵erent
positions but policies will be kept unchanged; then we count success rates for these variations
of di↵erent base positions. The intuition is that even base is moved, the proposed neural
network controller should still be able to find the hole if F/T information is actively used,
since variations in base positions bear same force pattern in terms of peg-hole insertions. The
comparison with iLQG baseline is due to the fact that slight variations in the goal position
could also result in low cost in LQR. We want to distinguish between this and active F/T
information.

We test these three methods in three di↵erent settings where the base is moved 1cm, 2cm,
5cm respectively. Success rates are reported in Table 3.3

Table 3.3: Comparison of success rate in generalization capability

1cm 2cm 5cm

iLQG 8/10 5/10 6/10

our method 9/10 8/10 6/10

F/T input to first layer 0/10 0/10 0/10

For neural networks that input F/T data to their first layer, the training was often aborted
due to large KL-divergence between iLQG and neural network; for few scenarios we could
successfully train a policy, it often generates random, undesirable motions in free-space before
insertion; it behaved poorly on three experiments. This validates our hypothesis for not
establishing correspondence between external F/T readings and robot internal states.

For the comparison of the proposed neural network controller against iLQG controller, we
found that neural network controller produced slightly better results; but at the mean time,
the variance of the result was also high. The neural network controller did not outperform
iLQG consistently. Getting a more accurate six axes F/T controller might mitigate this issue.

3.5 Discussion

In this chapter we combine RL with an operational space force controller to solve the problem
of high-precision robotic assembly. We specifically exploited one of the model-based RL
algorithm, iLQG, compared with several ablations. We evaluated our method with two use-
cases: deformable object manipulation with a non-compliant robot, high-precision assembly
with a compliant robot. Results show our method can not only perform well in high-precision
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settings, but o↵er a principled way for industrial non-compliant robot learning contact-rich
assembly skills.

One future direction is to add raw vision and tactile inputs to the architecture in Figure
3.6, thus becoming an end-to-end multi-modal neural network. It would be interesting to
see if such learned policy can succeed from arbitrary starting positions in free space, and
tactile sensing could further improve policy performance. Another interesting direction is
to explicitly model contact, and encode such information as priors for a more structured
Pfa�an constraint matrix, this would further reduce sample complexity and serve as a general
primitive for policy transfer.
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Chapter 4

Learning scalable robotic grasping
with action image representation

4.1 Introduction

Grasping is a fundamental task that is a prerequisite for robots to manipulate the environment
and interact with the world. Common household tasks, such as tidying a room, setting
a table, or preparing a meal all require grasping as a fundamental capability. Due to its
importance for manipulation, nearly every facet of grasping has been studied in the field of
robotics. In this section, we build on previous work on inferring grasp poses through models
and propose a new representation, Action Image, to predict successful grasps from perceptual
observations.

A common practice for data-driven grasping is a two-stage method of first using perception
to detect objects and/or estimate their poses in a scene, and then synthesizing a feasible
grasp using a planner or a learned policy in the robot’s tasks-space. We refer to these types
of methods as perception-dependent grasp synthesis approaches, see [115] for an extensive
literature review. More recently, there has been a shift towards end-to-end grasping, inferring
grasps directly from sensory information such as images and/or depth.

End-to-end approaches compare favorably to two-stage perception-dependent methods,
since they are jointly optimized and the overall performance is not bound by the performance
of each individual stage. This improvement is in large part due to the di�culty in recovering
from errors. Multistage methods benefit from abstractions that allow solving a collection of
easier sub-problems, but the downside is each stage increases the possibility of irrecoverable
failure. As an example, if the perception stage poorly estimates the pose of an object,
then all subsequent grasp synthesis will accumulate this error. In contrast, end-to-end
grasping policies learn implicit object-centric representations where object-detection and pose
estimation become a fused part of the network and multiplicative errors are avoided. The cost
of a combined representation is typically the need for massive datasets to produce quality
results and the increased complexity of optimization during training. While these large
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Figure 4.1: Real-world grasp success evaluation of policies trained only in simulation using a
cluster of 8 mobile manipulators.

datasets are possible to obtain in simulation it is often unfeasible to obtain the same scale of
data in the real-world. A further concern is that most end-to-end methods do not generalize
well to data distribution shifts, which is unfortunately very common when transferring from
synthetic to real-world data.

End-to-end approaches for grasping are roughly formulated to solve a one-to-many problem.
This is because grasping is naturally multimodal; given a single observation there exist many
grasp poses that will lead to a successful grasp. There are two predominant end-to-end
approaches for tackling this: 1) Stochastic actor networks that produce a multimodal
distribution between a sensory observation and possible grasps. 2) Critic networks that
produce a map between sensory observation with grasp proposal and probability of success.
In this section we choose to focus on a critic network approach, building on the recently
demonstrated e↵ectiveness of its use in grasping by [18].

We hypothesize that by representing grasps (actions) with a representation that is
compatible with the intrinsic assumptions of the network predictions of grasp success, it is
possible to learn grasps for novel objects in the real world without the necessity of any real
world training data. We argue that a meaningful representation for grasping must be: 1)
Applicable to common sensory modalities accessible to robots; namely color images, depth
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images, and their combination, 2) Domain invariant, such that it can seamlessly work in
either simulated or real environments; in other words, the representation of grasp quality
should be independent of whether the sensory input is synthetic or real, 3) Generalizable
to new objects, and 4) Invariant to translations in sensor-space; grasp experience should be
e�ciently transferred between locations of the task-space.

We test our hypothesis by proposing a novel representation, called Action Image, that
contains the above characteristics through embedding a grasp proposal as rendered features
and included as channels of an image. This representation allows us to build a deep
convolutional grasp policy that innately is invariant to translation in image space, assuming
both the object and grasp is transformed in the same manner; information about the grasp
hypothesis naturally fits the implicit structural assumption imposed by convolutions.

Furthermore, this section provides experimental validation of our hypothesis that Action
Image is a meaningful representation that improves grasp success prediction and facilitates
domain transfer. We first demonstrate performance gains and compare e�ciency of the
method across increasing amounts of simulated data. Then, we provide strong evidence of
domain invariance with transfer to real-world scenarios, achieving 90% grasp success. Finally,
we show that Action Image networks trained with synthetic data generalize to real world
objects with only slightly degraded performance

In summary, the contributions of this section are as follows:

• A new representation, called Action Image, that makes grasp prediction invariant to
translation in image space.

• Demonstrating an Action Image representation is easily extensible to di↵erent input
modalities, e.g. RGB, D, and RGB-D images.

• Experimentally verifying the data e�ciency and the domain invariant performance of
our method.

4.2 Related work

Grasping is a building block for manipulation and has long been explored by the robotics
community [115], [116]. Early approaches to grasping used models of the environment coupled
with grasp planning based on force closure metrics [117] or grasping-specific simulations [118]
to compute optimal grasps. In order to execute these predicted grasps in the real world, the
3D object models have to be identified, located and their pose estimated [119]–[122].

Recently, data-driven methods have become popular [115], due to their flexibility in
specifying sensory input and ease of incorporating data from experience through real robot
grasp executions [123]. Some of the first work to apply deep learning to the problem of
grasp detection used manually annotated datasets of images and corresponding grasps. These
approaches applied two-stage learning pipelines similar to those used in object detection and
classification in computer vision [16], [124]. Since manual annotation can be time-consuming,
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simulation approaches have been exploited to generate real-world like sensory data [125]–
[128]. For real world data collection researchers have since moved towards self-supervised
data collection, wherein a robot labels its own grasps based on heuristics [17]. Pushing
self-supervised learning to millions of trials has allowed learning of hand-eye coordination
for grasping [18], as well as applying a variant of Q-learning [129] to grasp unknown objects
in a cluttered environment using a single color camera. These aforementioned data-driven
approaches are related to our work, since they both train a critic network that accepts images
and actions as inputs and output a metric of grasp success. In our work we also use the
cross-entropy method(CEM) [130] to find optimal actions from a critic network. Our work is
di↵erentiated from previous e↵orts in a few ways: (1) we represent actions directly in image
space, which simplifies the network and allows learning from just simulated data, and (2) our
network is easily extensible to use depth data.

With the rise of data-driven techniques considerable attention has been given to leverage
simulation to reduce the need for real-world robot data, tedious and time-consuming to
collect. Researchers have used domain randomization [131]–[133] or trained pixel-to-pixel
networks, converting either from simulated images to real images [134], or vice versa [135].
Compared to [135], our network is trained supervised, significantly smaller and faster to train,
as it does not rely on another network to transfer images from one domain to another.

Work in this area has also demonstrated that using depth data [126] (as opposed to
RGB images alone) results in better performance when transferring policies trained in
simulation directly to real robots. This observation informed our experimental design to test
improvements in performance using depth data over RGB data alone. Compared to [126], our
representation is applicable to both RGB and depth, and allows easier extension to higher
action dimensions such as 6D grasping or the gripper angle.

Fully convolutional networks have also been leveraged to perform grasp detection in
image space by producing several output heat maps indicating grasp success discretized over
top-down gripper orientation [136]. While this approach shares some of the advantages of
our grasp representation, such as translation-invariance, our approach naturally extends to
higher degrees of freedom without the need to further discretize the output heat map space.

4.3 Method

The grasping problem was formulated as an iterative optimization procedure using a supervised
critic network approach, similar to [18]. A learned critic network G was used to evaluate the
likelihood of grasp success for the inputs of sensor observations and action representations
for table-top grasps. The Cross Entropy Method (CEM) was used in conjunction to refine
the best grasp candidate by iteratively sampling in an action space [130].

The grasp prediction process is laid out in Figure. 4.2. The initial sample distribution
at t = 0 is a design parameter and without lack of generality this implementation used a
uniform distribution over a predefined robot workspace for simplicity. All following samples
were fed through the Action Image preprocessor (Section 4.3) that generated the network
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Figure 4.2: The procedure for performing end-to-end grasping using an Action Image
representation. Our mobile manipulator first approaches the workspace and then grasp
candidates are uniformly sampled from the workspace. Next, a preprocessor generates pairs
of sensed-image and action-image data corresponding to crops centered around the grasp
proposals. Then, an Action Image network evaluates the candidate pairs and if a grasp
proposal exceeds the desired probability of success the grasp will be executed by the robot.
Otherwise, the grasp candidate distribution is updated with the top 10% of elite proposals
and the process is repeated.

input representation based on the grasp proposals. Next, the critic network G evaluated the
probability of success P for all grasp candidates. When the grasp with the highest probability
exceeded a threshold P � Pthr that grasp was selected and executed by the robot. Otherwise,
the sampling distribution was updated using the top M% of elite candidates and the process
was repeated until a grasp was found or a maximum number of iterations was reached. During
evaluation, if no grasp reached the success criteria the best available candidate was selected.
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Figure 4.3: The description of the Action Image preprocessor. Given a sample pose, the 3D
position of the gripper features is calculated and projected into camera-space producing the
Action Image representation. The number of these features determines the expressiveness
of the representation and at least 3 points are required to estimate the pose. The values of
the projected points can carry additional information, such as depth in camera frame. Next,
the resulting Action Image and sensor-image data are adaptively cropped to a 128⇥ 128⇥ 3
square centered at the proposed grasp candidate and then are resized to 256⇥ 256⇥ 3.
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Action Sampler

In general, grasp candidates are generated by sampling from an action-space that describes
the task. For this study we defined a specific task-space appropriate for top-down grasping
from a table. A grasp candidate was represented by a four dimensional vector s = [x, y, ,↵],
where x and y corresponded to the planar position of the object on the table,  was the
gripper yaw angle, and ↵ was percentage of gripper closure where 0 was fully open and 1 fully
closed. Bounds on the action-space were set by assuming information about the workspace,
such as table height, width, and length, and denoted as W .

Given a sampling distribution D, we generated a batch of N top-down grasp candidates.
Samples that were outside the workspace W or kinematically unfeasible were filtered out
leaving a subset of allowed samples, N̂ . This process was repeated until a desired batch size
N⇤ was obtained.

Action Image Representation

In this section we describe the core contribution of this section; Action Image representation
combines the power of convolutional networks to capture the spatial relationship of a grasp
hypothesis with the local appearance and shape of objects. This process is outlined in Fig. 4.3.
In general, any salient feature set that expresses relevant grasping data and is expressible in
image-space, such as rendering of gripper wireframes or CAD models or simple points could
be used by this approach. For this work we chose to encode information about the gripper
using virtual points.

For a given grasp candidate, we can use the end-e↵ector kinematics to determine the
relative transform from end-e↵ector E to feature point ⇠k, T E

⇠k
. Further, since the grasp

candidate is expressed in a workspace W relative to the robot, we know the transform from
the robot frame R to the end-e↵ector pose given in W , TR

E (s;W). Assuming the camera is
calibrated to the robot frame, we can also use the robot kinematics to find the camera frame
c relative to the robot frame as T c

R
. Combining these, we can find the location of each feature

point in the camera frame as:

T c

⇠k
(s;W) = T c

R
TR

E (s;W)T E
⇠k

(4.1)

These feature points can in turn be projected onto the camera image plane through the
camera intrinsic projection matrix. As a result, the Action Image feature points can be
synthesized for any grasp candidate without the need to execute the grasp.

In this study, we described our specific pinch gripper using 3 feature points as can be
seen in Fig. 4.4. Only 3 points were selected to provide the simplest graphical representation
su�cient to infer the top-down grasp pose and opening of the gripper.

In addition to the spatial features of an Action Image, the value of the rendered feature
pixels can embed additional information relevant to the sensory modality. In our work, the
virtual point features were rendered as a simple binary mask channel for the models with
RGB information alone. In this case depth information was implicit, encoded only through
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Figure 4.4: Left: We represent a gripper by 3 feature points: two features are placed on the
gripper finger tips and the third one is placed on the point where the fingers are attached to
the wrist. Right: These feature points can be easily projected into camera-space through
known kinematic transformations available from the robot. The generated Action Image is
shown in the bottom-right image.

the projection of the 3D points. In contrast, the D and RGB-D models directly set depth
values for the feature patches and explicitly encoded this information. This showcases another
advantage of the Action Image representation, since it allows the network to exploit the
intrinsic structural assumptions of convolutional neural networks and supports encoding prior
knowledge in the value of the pixels.

The final piece of the representation used in this study was to exploit the locality of the
image-based sensory information (RGB, D, RGB-D) by cropping image-data and Action
Image tightly around the gripper features. This preprocessing step resulted in partial network
re-computation and could be further optimized by region-of-interest (ROI) feature pooling
[15]. In practice, the application of CEM-based grasp optimization to our naive input cropping
approach was su�ciently fast, resulting in inference times on the order of a few milliseconds.

Critic Network Architectures

The architecture employed in this study was a composable critic network that allows the
assembly of feature towers to rapidly incorporate di↵erent sensory modality inputs. Fig. 4.5)
illustrates the architecture for the three Action Image networks proposed in this work and
the architecture for the baseline following the design proposed in [18].
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(b) Action depth image net.
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(c) Action RGB-D image net.
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(d) Baseline: Action vector
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Figure 4.5: Representations for the Action Image networks used in this section were (a) action
RGB (b) action D and (c) action RGB-D. All networks were composed solely of convolutional
layers. These networks were compared to a baseline (d) action vector network where the
grasp candidates were fed to the network as a 4D vector of floats [x, y, ,↵].
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(d) Depth action image tower.
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(e) Depth image tower.
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(f) Post merge tower.

Figure 4.6: Details that illustrate the sub-components of the di↵erent action image networks.

Each Action Image network was composed of a collection of feature towers from the
set of: 1) image tower, 2) depth tower, 3) RGB action image tower, 4) depth action image
tower, and 5) post-merge tower, Figure 4.3 shows the architectural details. These towers
used convolution or ResNet layers as their building blocks (see Fig. 4.6a). The output from
the first 4 feature towers was a 32⇥ 32⇥ 32 tensor. The post-merge tower was the common
tower across all networks. This tower took a 32⇥ 32⇥ 32 tensor input and produced a grasp
success probability.

The baseline model, called action-vector, di↵ered from the Action Image networks, since it
represented a grasp as a vector of floats (see Fig. 4.5d). In this network, action-vector feature
tower consisted of the input, a grasp vector, passing through a series of fully connected layers
(size 256 and 32) and then concatenating with the output from the image tower by repeating
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Algorithm 3 Scripted data collection policy in sim.

Require: ✏, �x, �y, � , �↵ and workspace W
1: Create a new scene with n ⇠ Uniform(8, 12) objects.
2: Store a snapshot of the scene I.
3: Draw p ⇠ [0, 1]
4: if p > ✏ then:
5: Get objects position: [xi, yi, i], i 2 [0, n].
6: For each object generate grasp pose by:

�i = [N (xi,�x), N (yi,�y), N ( i,� )].
7: Randomly select a Kinematically feasible grasp pose

� 2 {�0, · · · ,�n}.
8: else
9: Draw a feasible top-down pose from the workspace.
10: Generate gripper opening angle ↵ = N (0.5,�↵),
11: Set the grasp pose s [�,↵]
12: Execute the grasp pose s.
13: Determine the grasp success ls by lifting the object.
14: Return I, s and ls =0

the same feature vector across the 32x32 spatial representation.

4.4 Experiments

Model Training

Supervised training of the critic networks was accomplished using 3 datasets generated solely
in simulation. No real world data was used during training for any of the models. We used
Bullet to simulate the task [137]. Fig. 4.9 shows the simulation setup for the data collection
in sim. Fig. 4.7 illustrates our training object dataset consisted of 48 objects distributed
between four object classes: bottles (8), cans (6), cups (19), and mugs (15). For each run,
the robot moved to a random base location within its base workspace illustrated in Fig. 4.9.
From the set of objects, a random number was drawn from the range of [8, 12] and distributed
randomly within the workspace. Objects were initialized slightly above the table and allowed
to fall, introducing additional randomness for their position and orientation. This resulted in
some objects being placed outside the workspace or on the floor. Domain randomization was
applied to the table, floor and objects by shu✏ing the texture and color during each run.

Curriculum training was employed for each model to generate a rich collection of 7.2
million samples containing both grasp success and failures (Table 4.1). The initial bootstrap
dataset (o↵-policy) contained 2.7 million training examples collected in simulation using
a scripted grasping policy using Algorithm 3. We trained all of the networks by using an
ADAM optimizer on the cross-entropy loss between the estimated outcome from G and the
true label O. We used batch size 32 and balanced each batch with equal number of successful
and failed grasp data.

Next, each trained network was used to generate on-policy datasets according to Algorithm
4. Please refer to Fig. 4.2 and Section 2.3 for further details on how a grasp candidate was
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selected. By pooling the 850 thousand grasps from each of the 4 models the on-policy #1
dataset of 3.4 million grasps is created. Finally, each network was trained on both the
bootstrap and on-policy #1 datasets and in a similar fashion the on-policy #2 dataset of 1.1
million grasps was generated.

Figure 4.7: Set of 48 simulated objects used in the training of all models.

Figure 4.8: In total 172 objects are used in the real robot evaluation, including 80 familiar
(left) and 92 novel (right) objects.

Experiments and Results

We developed a set of experiments to explore whether an Action Image representation can im-
prove performance over a direct-abstract representation and tested its performance in domain
transfer from simulated to real-world scenes. Simulation evaluation was performed for the
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Algorithm 4 On-policy data collection and eval in sim.

Require: Policy G, initial sampling distribution D, and workspace W
1: Create a new scene with n ⇠ Uniform(8, 12) objects.
2: Store a snapshot of the scene I.
3: Get the grasp pose s G(I;D,W).
4: Execute the grasp pose s.
5: Determine the grasp success ls by lifting the object.
6: Return I, s and ls

sole purpose of comparing the best possible performance across the di↵erent models. Testing
on-robot was used to evaluate both domain transfer to real-world data and generalization
to new objects. Furthermore, we compared 3 Action Image representations to evaluate the
e�cacy of the method to fuse di↵erent image information. We also present these results
against purely random and action-vector baselines to demonstrate the relative performance
of the method.

Simulation Evaluation

The simulation evaluation was performed according to Algorithm 4. No hold-out objects and
no real-world data were used during simulation evaluation. The same set of objects used
during training were used, but due to randomization of the color, texture, and pose, each
scene was unique and di↵erent from those at training time.

Table 4.2 provides a summary of the evaluation in simulation. All the three Action
Image models reached +75% success rate when trained only from scripted policy data. Using
on-policy data improved all models to +85% success rate and action-depth network had the
best performance at 89%. As hypothesized, the baseline model was less data-e�cient and only
achieved 20% success rate using the scripted policy data. The baseline model performance
improved significantly (69%) when trained on all data, i.e. Dataset C, but did not reach the
success rates of Action Image models that had been trained on much less data.

scripted policy on-policy #1 on-policy #2 total # grasps

Dataset A 2.7m - - 2.7m
Dataset B 2.7m 3.4m - 6.1m
Dataset C 2.7m 3.4m 1.1m 7.2m

Table 4.1: A list of simulation datasets and their size. On-policy data #1 and #2 were
collected from policies trained on Dataset A and B, respectively.

On-robot Real-world Evaluation

The real-world experiments were performed using a cluster of 8 mobile manipulators, see Fig.
4.1. On-robot evaluation was similar to the simulated data collection setup. First, the robot
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Dataset A Dataset B Dataset C

Action RGB image 79.09% 85.08% 85.47%
Action depth image 75.04% 87.42% 89.27%
Action RGB-D image 76.38% 85.32% 87.85%
Action Vector (baseline) 20.45% 60.53% 69.06%

Table 4.2: Evaluation results in simulation. Success rate for each model is based on +5K
grasp evaluations.

moved to a random pose in front of the table and then executed the grasping policy (see Fig.
4.9). To evaluate the generalization capabilities of the di↵erent policies, we considered two
object datasets (see Fig. 4.8): 1) A familiar set that included 80 objects from the classes of
bottles, cans, cups, and mugs. These objects were similar, but not identical to the simulation
dataset. 2) A novel set that included 92 random house-hold objects ranging from staplers,
gloves, and sponges to combs, flashlights, and crushed cans. Both familiar and novel datasets
had di↵erent visual properties from the simulated data, since the simulation did not render
transparency or high reflectance. The novel dataset di↵ered significantly from the simulation
dataset in all aspects. It contained deformable objects, gloves; thin objects, combs; and
complex concave objects, scoops.
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Figure 4.9: Workspace and random base footprints for real-world (right) and simulated (left)
scenarios.

We considered three di↵erent scenario sizes each with an increasing number of objects,
small (5), medium (10) and large (20), see Figure 4.10. For each evaluation run, we initialized
a scene with one of a small, medium or large number of objects and drawn from either
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familiar novel
small medium large small medium large Overall

Action RGB
85.3% 81.1% 88.8% 74.2% 83.5% 71.3%

80.6%
85.1% 76.2%

Action depth
83.9% 91.7% 82.7% 81.5% 83.1% 64.4%

81.3%
85.8% 76.9%

Action RGB-D
91.6% 94.8% 83.3% 76.1% 86.3% 74.4%

84.4%
90.0% 78.8%

Baseline: 62.1% 51.9% 58.2% 40.2% 53.8% 54.5%
53.4%

Action Vector 57.8% 49.0%

Baseline: Random
4.2% 15% 7.5% 0% 0% 5.0%

5.4%
8.3% 2.4%

Table 4.3: Quantitative evaluation of on-robot testing. These results are based on 2160 grasps
in total. The success rate for each scenario was calculated from, on average, 83 grasps, except
for the random policy where only, on average, 28 grasps were performed.

a familiar (objects similar to the training set) or novel (objects unlike those seen during
training) set. This produced 6 di↵erent experimental setups: 3 levels of object count ⇥ 2
object sets.

After each scene setup, the robot made 3 (small), 5 (medium), or 10 (large) grasp attempts
based on the size of the scene. Successfully grasped objects were placed in a basket behind
the robot. Only objects placed in the basket were counted as success. Objects that fell out of
the gripper during placing in the basket were counted as failure. Objects that were disturbed
and fell o↵ the table during grasp attempts were not returned to the table. This implicitly
penalized grasp mistakes by reducing the available objects.

In total, we performed 18 Action Image evaluations, 3 scene sizes ⇥ 2 object sets ⇥
3 networks, and an additional 12 baseline evaluations, 3 scene sizes ⇥ 2 object sets ⇥ 2
benchmark policies (action-vector and pure-random). The random policy was simply to query
a single sample from the action sampler and execute the proposal. Table 4.3 reports the
quantitative results of the real-world experimental evaluation based on 2160 grasps in real
world. The success rate 5.4% from the random policy provides the lower-bond and illustrates
the di�culty of the task and the experiment setup. Overall, every Action Image model
achieved a success rate over 80%, while the action-vector baseline model only achieved a
53.4% success rate. Note, Action Image performs well from sim-to-real, with between 4� 8
percent points decrease whereas Action Vector dropped by 15 percent points. This indicates
that Action Image indeed allows to better generalize to the real world.

The results suggest that the medium-sized scene with familiar objects. This is likely
because familiar objects were generally easier to grasp and the medium-sized scenario provided
a goldilocks case where there was a minimum of clutter and plenty of objects to grasp. The
small scene actually turned out to be more di�cult than the medium scene due to the scarcity
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Figure 4.10: Snapshots of the grasping attempts on novel objects in the scenes large, medium,
and small (from top to bottom). Images correspond to the initial scene (left) and the time of
grasp (right).

of the objects. The base randomization before at the beginning of each grasp could potentially
make some of the objects kinematically unreachable, hence giving the network less options for
grasping. As expected the large scene with novel objects correspond to the hardest scenario
due to the di�culty finding a good grasp for an object and the significant visual and physical
di↵erences between the novel and familiar objects.

Another interesting result was that all models, including action-vector, actually generalized
decently to the novel objects. However, Action Image models with depth data were relatively
more over-fit. In the medium-sized scene action-RGB-D decreased in performance for the
novel objects (familiar at 95% vs. novel at 86%) while action-RGB actually improved slightly
(familiar at 81% vs. novel at 84%).

4.5 Discussion

In this section we hypothesized that the action representation for visual-based grasping is key
to learning critic networks e�ciently and allowing them to generalize. We introduced Action
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Image, a visual representation of grasps to better exploit the structural assumptions implicitly
encoded in convolutional neural networks. By simply rendering gripper feature into image-
space and providing a cropped, focused image-based information to the network we achieved
over 80% real-world grasping performance without training on any real-world examples.
In our experiments, we showed that Action Image representations can easily incorporate
additional image-based information, such as depth, and outperforms vector-based action
representations. We confirm an established observation that grasping is an object-centric,
local problem by demonstrating that Action Image with image-space cropping and diverse
simulation training data can achieve high rates of grasp success. Furthermore, we provide
more evidence that domain transfer and object generalization is achievable, strengthening
the theory that grasping behaviors can be learned in simulation and transferred to real-world
robots.
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Chapter 5

Learning active pose estimation with
domain randomization

5.1 Introduction

In the past decades, robots have become dominant in industrial automation. A recent
trend in manufacturing is the move toward small production volumes and high product
variability [138], where reducing the manual engineering for automation becomes important.
For automating many industrial tasks, such as picking, binning, or assembly, accurate pose
estimation is essential. In this work, we focus on model based pose estimation from RGB
cameras. This setting is relevant to many industrial applications, where a 3D model of
the objects can easily be obtained, while it does not require expensive hardware such as
high-precision depth cameras [139], [140], nor making modifications to the object such as
adding markers [141]. Methods using markers often require significant human e↵ort and have
limited accuracy when the marker is far away or perpendicular to the image plane.

While a number of methods have been proposed for model-based pose estimation using
expensive depth cameras or extensive labelled datasets in the real world [8], [142], the cost and
manual e↵ort required for these methods prevent them from being widely and easily applicable.
Recently proposed methods proposing leveraging simulation as a tool for model-based pose
estimation given accurate models of objects in an environment [134], [143], [144]. These
methods are typically trained by leveraging known poses in simulation and training pose
estimators which transfer e↵ectively to the real world, bridging the simulation to reality gap.

In [143], it was shown that domain randomization was able to reach a 1.5 cm error on 3D
pose estimation. Many robotic tasks, such as assembly or bin placing, require a much higher
precision. In this work, we investigate how to improve the accuracy of pose estimation based
on domain randomization such that it is suitable for high precision robotic assembly tasks.

In this work, we aim to improve the accuracy of domain randomization based pose
estimation by making the observation that robots don’t have to be passive observers of a
scene and can in fact interact with objects in the scene. We can perform a known geometrical
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Figure 5.1: Inverse Transform Domain Randomization: We show that we can improve the
accuracy of real world pose prediction with multiple images of a scene with known geometric
transformations between object poses in the scenes.

transformation to the scene, such as moving objects in the scene, moving the arm or distractors,
or changing the camera angle. Since this transformation between scenes is known and applied
by the robot, all of these data-points can be used in order to improve the accuracy of pose
predictions. We use this idea to propose a method for active pose estimation, which exploits
the fact that being able to see an object from di↵erent angles and in di↵erent positions leads
to a more accurate and robust predictions. In this way, we find that actually leveraging
consistency among multiple di↵erent images of a scene ensures a much more accurate pose
estimation compared to standard ensemble methods such as domain randomization.

Using models for active pose estimation transferred from simulation, we are able to
decrease the average error predicted on real camera image from 2 cm to under 0.5cm, which
is su�cient to enable a variety of high precision robotic manipulation tasks which were
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otherwise very challenging with current methods.

5.2 Related work

Our work has several connections to a number of prior works from various fields

2D model based pose estimation Model based pose estimation of rigid objects from a
2D image has been studied extensively, largely building on a predefined feature points [145]–
[148], edge detectors [149], [150], or image templates [151]. We refer to [152] for an extensive
survey. Most of these algorithms rely on careful selection of the features to track, or on
textured surfaces for points matching, and a careful calibration of the RGB camera. Our
approach is agnostic to these factors.

3D model based pose estimation Using a depth camera, high precision pose estimation
can be obtained [139], [140]. However, accurate depth cameras (e. g. a Photoneo) can be
very expensive, limiting their use in many applications. Our approach only requires a 2D
RGB image.

Fiducial markers The use of fiducial markers has become popular in augmented reality
and robotics applications [141], [153], [154]. However, in realistic industrial applications,
adding fiducials to objects may be undesirable, and the accuracy of fiducial based pose
detection is limited for certain poses (for example, when the fiducial is perpendicular to the
image plane). Our approach does not require any external modification of the object for pose
detection.

Pose estimation based on supervised learning Several recent studies learned to map
an image directly to pose using deep convolutional neural networks (CNNs) [8], [142]. While
the CNN structure in these works is similar to ours, these works require a labeled training
set for learning, which can be di�cult to obtain. The domain randomization approach, in
contrast, generates its own training data by rendering in simulation.

Active perception The study of active perception [155], [156] concerns how a robot should
take actions to better estimate parameters of its environment. To our knowledge, our work is
the first to study active perception in a simulation-to-real setting.

Domain randomization The gap between simulation and reality has been challenging
robotics for decades. Recent work on trying to bridge this gap learns a decision making policy
in simulation that works well under a wide variation in the simulation parameters, with the
hope of learning a robust policy that transfers well to the real world. This idea has been
explored for navigation [144] and pose estimation [143], by varying visual properties in the
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scene, and also for locomotion [35] and grasping [143], by varying dynamics in simulation. In
this work, we consider variation in the visual domain, and combine domain randomization
with active perception, to improve its accuracy in pose detection.

5.3 Method

Problem Formulation and Preliminaries

We consider a model-based rigid body pose estimation problem. In our setting, we assume
that we have geometrical 3D models of an object x and some reference object y. Let Oy

denote a coordinate frame relative to y, and let Px denote the 6D pose of x in the coordinate
frame Oy. We are given an image of the scene I, that contains x and y, and our goal is to
estimate Px from the image.

Tobin et al. [143] proposed a domain randomization method for solving the pose estimation
problem described above. In this method, a 3D rendering software is used to render scene
images with di↵erent poses of x and y, and random textures, lighting conditions, camera
orientations, and camera parameters. Let D = {I1, P 1

x
..., IN , PN

x
} denote the data set of the

rendered images and matching object poses (which are known, by construction). Supervised
learning is then used to train a deep neural network mapping I to Px. Since the network is
trained to work on various texture, camera, and lighting conditions, it is expected that it
also works on real world images since their statistics would roughly fall under the extremely
wide distribution that was trained on. By making the training distribution extremely broad
in terms of components such as texture, camera, and lighting, this method is able to ensure
generalization to real world test environments by reducing the covariate shift. Indeed, the
method in [143] reportedly obtained an average 1.5 cm error in predicting 3D pose on real
world test images.

In this work, we propose an active perception approach based on domain randomization.
To motivate our approach, we start by discussing the working hypothesis underlying domain
randomization:

Working Hypothesis (Domain Randomization): There exists a set of features that
can be extracted from all images in the data and are su�cient for predicting the image label
(pose). These features can also be extracted from real images and are su�cient for predicting
the real label.

This working hypothesis means that if the training data is su�ciently randomized, and
the neural network is expressive enough, then with enough data, the model has to discover
the features which are common to all images, and base its prediction only on these features
(otherwise it would su↵er a higher training loss on spurious correlations that it picks up on).
In that case, the network predictions are likely to transfer well to the real world.

One may question whether such features should even exist. However, for pose prediction,
we know that the relative pose Px is a purely geometrical property of the objects, and since
we assume an accurate 3D model of x, then geometrical properties (e.g., relative sizes and
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shapes) should be maintained in all the rendered images and also in the real images. Thus,
the network has the potential to learn predictions based solely on geometrical properties
of objects, abstracting away any other visual cues such as textures and lighting, and such
features should transfer well to real images.

As discussed thus far, this pose estimation process is done completely passively. The
robot does not interact with objects in the scene, but simply observes a single image of the
scene and needs to predict the pose. In this work, we provide a key insight that we can
in-fact interact with the scene, and apply known geometric transformations to objects in the
scene. These transformations allow us to obtain a number of di↵erent images of the scene to
estimate the pose of the object as the transformations are all applied by us. In this sense, we
propose an active procedure to improve pose estimation by interacting with the scene and
using multiple images to make a better prediction.

Active Perception based on Domain Randomization with
Geometric Transformations

Recall that in the standard domain randomization problem, training data is in the form
of image-pose pairs, {I, Px}. Following the active perception paradigm [155], we can apply
to the scene some known geometric transformation, with the hope that it improves our
perception capabilities. For example, consider a robotic arm grasping an object, and the
problem of estimating the position of the object within the robot’s gripper. In this case, we
can move the gripper closer to the camera to obtain a better pose estimate. Since we know
the transformation applied when moving the gripper, we can potentially combine several
images to obtain a better prediction. As another example, consider moving the camera to
obtain a better view of the object.

Concretely, we define the Domain Randomization with Geometric Transforma-
tions problem (DR-GT). let T1, . . . , Tk denote a set of k transformations that can actively be
applied to the geometry of the scene both in the real world and in simulation. In particular, we
consider rigid body transformations applied to objects in the scene and to the camera [157]. We
propose to generate training data in the form of tuples {I, T1(I), . . . , Tk(I), Px, T1(Px), Tk(Px)},
where, slightly abusing notation, we denote by Ti(I) and Ti(Px) the rendered image and pose
when applying transformation Ti to the scene. The supervised learning problem we consider
now is learning a mapping from I, T1(I), . . . , Tk(I), T1, . . . , Tk to Px.

Inverse Transform based Domain Randomization

To solve the DR-GT problem, we propose the following method, based on inverse transforms.
Let T�1

i
denote the inverse transform of Ti.1 Let f be the standard domain randomization

1We restrict our approach to transformations with a well-defined inverse, such as rotations and translations.
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mapping from I to Px. Then, we propose to calculate

Px;0 = f(I),

Px;1 = T�1

1
(f(T1(I))),

. . . ,

Px;k = T�1

k
(f(Tk(I))).

(5.1)

Note that for each i 2 0, . . . , k, the inverse transformation in (5.1) means that the prediction
Px;i is an estimate of Px. Therefore, we can predict Px as the sample average:

P̂x =
1

k + 1

kX

i=0

Px;i.

We term this method Inverse Transform based Domain Randomization (ITDR). We expect
that as we enlarge the number of transformations k, the precision of ITDR improves.

While it is seemingly naive to use the sample average as a prediction, we found that it is
surprisingly e↵ective compared to more complicated methods with models which consider
several images at once as input and produce a single pose estimate directly.

The key intuition behind using ITDR for improved estimation is that using known
transformations in an environment allows us to use a wider data distribution to make several
predictions of the same pose. Since several of these transformations provide easier to model
prediction problems than the original problem, it makes the accuracy of the model significantly
higher in the real world.

Model Architecture

In order to perform accurate pose estimation directly from images, we used a convolutional
neural network architecture [1]. The neural network takes a single image as input, and
generates a pose as output. In our experiments we investigated predicting 3DoF pose
composed of 2DoF translation and 1DoF rotation. The model architecture takes in an
RGB image through 16 convolutional layers, each two convolutional layers is followed by a
max-pooling operation and a ReLU nonlinearity. These convolutional layers are followed by 3
fully connected layers with decreasing hidden units and ReLU nonlinearity. This architecture
is similar to the one used in [143], based on the VGG architecture [13] using convolution
layers pretrained on ImageNet. The loss function for training this model is a combination of
L1 regression loss for the 2DoF translation, and a cosine loss for the orientation, given by

L(x, ✓) = ||x� x̂||+ ||cos(✓ � ✓̂)� 1||,

where x and x̂ are the true and predicted pose, and ✓ and ✓̂ are true and predicted orientation.
For active pose estimation, we pass a number of di↵erent images through the same network

and then average the predictions after applying a known rigid transform between them, as
described in the ITDR algorithm.
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In Simulation

In Real Life

Figure 5.2: Simulation to reality transfer with active reference object tabletop movement

5.4 Experiments

In this section we report our experiments on active perception using domain randomization.
In our investigation, we aim to determine whether geometric transformations can give
significantly better performance for model-based pose estimation in the real world. We
designed our experiments to investigate whether using the robot to actively move elements
of the scene yields gains in estimating the pose of objects in the scene. In particular, we
investigate the performance of ITDR in the following situations:

1. Moving reference objects in the environment,

2. Moving a robot manipulator holding an object, and

3. Moving a camera held by the robot.

We believe that these experiments showcase the potential of active perception used within
domain randomization.
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Average error x [cm] y [cm] ✓ [radians]
Using only one image 1.57 1.10 0.065
Reference Object on Diagonal 0.64 0.456 0.025
Reference Object in Parallel 1.17 0.47 0.038
Reference Object on Four Corners 0.62 0.46 0.037

Table 5.1: Table showing the mean prediction error for pose prediction for the moving
reference object scenario described in Section 5.4. This table shows that performance of
pose prediction transferred from simulation to reality can be significantly improved by using
the robot actively to modify the scene being considered. Prediction error is low when the
reference object is placed at all four corners or on diagonal corners rather than along an edge
of the table. This indicates that multiple images with known transformations do help reduce
pose prediction error, and the choice of which transforms to use has a significant e↵ect on
the prediction error.

(a) Relative pose measurements with respect to
green reference object (Section 5.4)

(b) Relative pose measurements when the object
is grasped in the gripper (Section 5.4)

Figure 5.3: Experiment setups: (a) estimate pose relative to movable reference object. (b)
estimate pose relative to robot gripper.

Moving Reference Objects

We consider estimating the pose of a peg-shaped object x resting on a table, similar to the
experimental setting of [143] (see Figure 5.3a for more details). This is an important task for
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estimating where to grasp an object for further manipulation. Since the table has a fixed
height, and the object is at rest, the relevant degrees of freedom are 3-dimensional – the 2D
position of the object center and its orientation.2 We predict the pose of x with respect to
the green cylinder object y. For active perception, we consider moving the reference object y
between a fixed set of 4 points in the corners of the table, and using ITDR to predict the
pose from all images. We expect that actively moving objects in the scene will give us much
more accurate pose estimation than if we had just a single image since the diversity of data
to predict from is larger.

In Table 5.1 we show the results of pose estimation from a single image, and compare to
using multiple images using ITDR. The improvement is on the order of 3x bringing down
the estimation error to sub-centimeter ranges which enables a number of high precision
applications.

We also investigate how to choose the best set of transformations for the reference object
such that the pose estimation error is minimized. It is preferable for us to choose as few
points as possible while ensuring accurate pose estimation. We choose pairs amongst the
four points shown in Figure 5.5 to evaluate whether particular transformations are more
e↵ective than others. In Table 5.1 we report the error of each pair of possible reference
object positions on real data. We see that the real world error when moving object y to the
diagonal corners is significantly lower than if we moved the object to corners which share an
edge. This is likely caused because it gives a more significant di↵erence in the relative poses.

This experiment helps us understand the e↵ect of moving objects in the scene actively in
enabling better pose estimation. We see that simply moving reference objects in the scene
and using the known geometric transformations allows us to estimate pose more accurately
for real-world peg insertion tasks.

Moving Robot Manipulator Holding an Object

From the results above, we see that moving reference objects in the scene to get a wider variety
of relative poses significantly helps with pose estimation. Alternatively, we can consider a
scenario where an object has already been grasped, but its position within the gripper is not
known accurately. This would be a typical case when the pose estimation before grasping is
not perfect. It is also important in robotic reinforcement learning experiments [97], where
during learning, interaction with other objects in the environment can move an object that is
grasped within the gripper.

As in the previous section, the object x is peg-shaped, while the reference object y in this
case is the robot gripper. We estimate a 2-dimensional pose: the distance of the center of
the object from the gripper, and its orientation within the gripper. The measured quantities
are depicted in Fig 5.3b. These are challenging to estimate with extreme precision but are
extremely important for the tasks we consider.

2Note that Tobin et al. [143] only predicted the 2D position, while here we also predict orientation.
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In Simulation

In Real Life

Figure 5.4: Simulation to reality transfer with active gripper motion. Left: simulated images
with domain randomization. Right: real images. Active perception here is based on moving
the robot gripper.

For active perception, in this case we move the robot gripper between a set of 5 fixed
positions, and use ITDR to estimate the pose from all images. The di↵erent movements of
the gripper show the camera di↵erent elements of the object itself, which is likely to help
with better pose estimation since the model can latch on to di↵erent parts of the object. We
find that this strategy indeed helps with pose estimation in the real world. We are able to
identify the o↵set and the angle of the object grasped within the gripper significantly more
accurately. ITDR performs significantly better than the baseline of simply using a single
image and a model trained with domain randomization. As we can see from Table 5.2, the x
position error is improved by around 20% and the angle accuracy is improved by around 3⇥,
from 0.129 to 0.047. Additionally, we find that using fewer gripper locations leads to worse
performance. This suggests that using the multiple images does indeed improve performance
and scales with using more images for estimation. Note that in this setting, the object does
not change pose with respect to the gripper, therefore the inverse transformations in ITDR
are just the identity.
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Figure 5.5: Di↵erent transform applied to the reference object as described in Section 5.4.
The green cylinder is the reference object and we are estimating the pose of the black peg. As
seen from these figures we can transform the position of the green cylinder to four di↵erent
positions and use multiple images to improve pose estimation

Average error x [cm] ✓ [radians]
one image 0.30 0.129
five images 0.26 0.047
two images 0.27 0.086

Table 5.2: Table showing the mean prediction error for pose prediction for moving gripper
scenario described in Section 5.4. We see that using multiple images with known geometric
transformations is able to significantly reduce the angle error and provide some improvements
in the estimation of the o↵set of the gripped object as well.
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In this experiment, we demonstrate that actively moving the camera can improve the
pose prediction performance. Figure 5.6 depicts our experimental setup.

Figure 5.6: Di↵erent camera angles of the same setting with target object boxed up. We
want to estimate the position and orientation of the target object relative table corner. We
can use multiple observing angles to explore the geometric properties of the target object
and achieve a better pose estimation.

Figure 5.7: Distribution of the error in horizontal direction, vertical direction, and ✓ with
respect to the orientation of the object(✓). Using one image, we see a high prediction error
when the peg is orientated away from the camera (✓ around 3.14) due to the asymmetric
shape of the peg. When using three images, the prediction for this previous di�cult object
orientation is significantly improved.

Moving a Robot-Held Camera

As in Section 5.4, we estimate the pose of a peg-shaped object x resting on a table among
various distractor objects, and a fixed reference object y. To obtain more contrasting result,
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Average error x [cm] y [cm] ✓ [radians]
Using only one image 1.97 0.12 0.11
Using three images 1.50 0.08 0.08

Table 5.3: Table showing the mean prediction error for pose prediction for the moving camera
scenario described in Section 5.4. We see that using multiple images taken from di↵erent
point of view is able to reduce both the coordinates and angle error.

the peg is 0.73 times smaller than the one use in 5.4. Here, we mounted our camera to the
robot’s end e↵ector, and we actively change the viewpoint by moving the robot arm to various
positions. In particular, we chose a set of three fixed positions in which we can view the
object from. Note that similarly, to Section 5.4, the object does not change pose with respect
to the reference, therefore the inverse transformations in ITDR are just the identity.

In Table 5.3, we show the results for our method. We observe a significant improvement
in pose prediction for the x, y coordinates the object. To better understand these results,
in Figure 5.7 we plot the prediction error as a function of the orientation of the object.
We observe that for some orientations, estimating the pose from a single viewpoint is very
di�cult, which is attributed to the asymmetric shape of the peg – when placed such that
it is perpendicular to the camera plane, most of the object is occluded, making it di�cult
to estimate a correct orientation. In test cases, adding additional viewpoints significantly
improves the results.

5.5 Discussion

In this work, we evaluated the use of active perception within the domain randomization
paradigm. We have shown that active perception strategies which are able to interact with
objects in the scene with known geometric transformations can significantly improve the
performance of pose estimation compared to passive perception approaches. In particular,
we have reduced the 1.5cm pose estimation error in domain randomization state-of-the-art to
less than 0.6cm, which can lead to new robotic capabilities in downstream tasks such as tight
fitting assembly problems.

In future work, we intend to explore additional methods for improving the performance
of domain randomization based pose estimation, for example, in a semi-supervised setting
where unlabeled images from the real domain are available to the learning algorithm.
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Chapter 6

Conclusions

In this thesis, we discuss how to learn robotic skills e�ciently from several perspectives:
injecting suitable policy priors, constructing generalizable representation, using simulation
data, etc. Our main motivation is to explore most suitable ways to leverage prior information
in robot learning; making the problem more structured in that the learning part could mostly
focus on generalizing instead of reinventing every nut from scratch. Despite our various
attempts, we are not concluding that our methods are only ways to solve robot learning
problems neither do we state that end-to-end learning methods are not suitable for robot
learning. No one has a concrete answer on how to improve or manipulate a complex dynamic
system by best leveraging massive data available, we should best exploit structures and
properties for di↵erent problems.

As we show in chapter 2, injecting suitable policy prior indeed helps us speed up the
learning process a lot; but we are getting this advantage at the cost of potentially being
sub-optimal: the amount of residual correction that the RL agent can do has an upper bound
that is proportional to the divergence between prior policy and the “optimal policy”. In other
words, if the prior policy is far away from the “optimal policy”, the RL agent would never
reach it. However, this provable property does not mean that residual RL is fundamentally
limited. Instead, this inspires us to analyze the problem in hand more carefully rather
than putting a brute-force learning agent everywhere. That’s the message we try to convey
throughout this thesis, there won’t be a “panacea” to all problems we are solving in robotics,
di↵erent problem has di↵erent properties that we should consider.

In chapter 3, we introduce an action space for RL algorithms, which shows superior
performance in terms of learning e�ciency and success rate in several high-precision assembly
tasks. This method essentially moves all action calculations from joint space to task space
with an additional stabilizing torque term; this adjustment makes a lot sense because task
space is the space we care about; sampling actions in this space thus becomes meaningful. In
this regard, we are also injecting a prior into the learning system since the operational space
controller is a robot specific formulation that’s widely studied in classical robotics. As we
can see in the results, injecting such a prior dramatically increase the performance of learned
policy, this layer of abstraction together with RL can serve as a powerful tool for solving
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contact-rich high-precision robotic manipulation problems.
In chapter 4 and 5, we show how a good geometric representation can dramatically increase

performance on two specific domains: grasping and pose estimation; we only use simulation
data for training in these two scenarios. For the grasping problem, the gripper representation
“action image” serves as a crucial ingredient in the successful sim-to-real transfer because of its
geometric invariance. For the pose estimation problem, rigid transformations between robot
frames also contribute to the success of sim-to-real transfer again because of its geometric
invariance. These two vivid examples inspire us to think more about such beautiful properties
amongst robotic problems: once integrated properly, the learning component can play a
powerful role in generalizing to new scenes owing to the shared discovered properties.

We argue that in certain hard robotic tasks such as high-precision manipulation, large-scale
grasping, etc., injecting such prior information is the key to make learning algorithm work
and generalizable. An end-to-end learning algorithm has its advantage for being universal
applicable, but it is less suitable when the complexity of the problem scales up or tremendous
additional engineering needs to be done to make such algorithm work. While injecting priors
into learning process could make the final solution biased towards a certain class of problems,
we should actually analyze such bias more deeply, quantify them in a way that we can
systematically design such priors for di↵erent kinds of problems.

We are just entering an exciting new area where AI and robotics merges, AI is certainly
unlocking great potentials for robotics, we are firm believers the right mixture between
classical robotics and AI would bring an exciting time for researchers in robotics.
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