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Abstract

Dexterity, the ability to perform complex interactions with the physical
world, is at the core of robotics. However, existing research in robot
manipulation has been focused on tasks with limited dexterity, such as
pick-and-place. The motor skills of the robots are often quasi-static, have
a predefined or limited sequence of contact events, and involve restricted
object motions. In contrast, humans interact with their surroundings with
dynamic and contact-rich manipulation skills, allowing us to perform a
wider variety of tasks in a broader range of settings.

This thesis explores using Reinforcement Learning (RL) to equip robots
with generalizable dexterity. RL solves sequential decision-making prob-
lems modeled as Markov Decision Processes (MDPs). RL has shown
remarkable success in many domains such as games, making it a promis-
ing technique for developing advanced manipulation skills. Our research
advocates for the following thesis statement: Reconsidering how we frame
the robotics problem as an MDP is effective and essential to achieve gener-
alizable dexterity through RL. We examine three challenges when applying
RL to manipulation and discuss our approaches to overcome them by
reconsidering the MDP formulation.

First, robot data is time-consuming and expensive to collect. To reuse
robot data effectively, we propose an offline RL algorithm by constructing
a latent action space of the MDP. In addition, we discuss a framework
that effectively reuses robot data across environments with non-stationary
dynamics.

Second, robot dexterity is often assumed to be limited by the hardware
design of the robot. We propose to enhance the robot’s dexterity beyond
its hardware limitations by exploiting the external environment, showing
dynamic and contact-rich emergent behaviors. We demonstrate that
rethinking how we define the environment of the MDP is effective in
improving robot dexterity with RL.

Third, learning dexterous skills that can generalize is challenging. We
propose an RL framework with an action representation that is spatially-
grounded and temporally-abstracted which allows the robot to learn
complex interactions that can generalize to unseen objects. This further
supports our claim that rethinking the action space of the MDP can lead
to generalizable dexterity.
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Chapter 1

Introduction

Despite signi�cant progress in robotics over recent decades, robots are still mostly

limited to highly constrained interactions with the physical world due to their limited

dexterity. For example, an extensively studied category of tasks in manipulation is

pick-and-place, where the robot interacts with the object only during the gripper's

opening and closing [54, 74, 96, 145]. Other examples include planar pushing and

articulated object manipulation, such as opening or closing a drawer, in which the

objects have limited possible movement [22, 26, 81, 136]. The interactions in these

tasks are typically quasi-static, involve very few contact events, and involve limited

changes of the physical world.

However, performing more advanced tasks in the real world often requires robots

to have more dexterous motor skills that are dynamic and contact rich. For instance,

to pick up a book lying on a table, the robot may need to rotate the book before

grasping it from the side [149]. Similarly, organizing a messy cabinet would require

the robot to interact with the objects in the cabinet using more sophisticated skills

than pick-and-place or planar pushing [68]. As a result, improving the dexterity

of robots is a crucial step in building more intelligent and capable robots that can

perform a wider range of tasks in the real world.

In this thesis, we aim to enhance the dexterity of robots with Reinforcement

Learning (RL) [121]. In RL, decision-making is framed as a Markov Decision Process

(MDP): an agent, such as a robot, interacts with the environment and receives rewards

for its actions. The agent then learns to improve its decisions based on the rewards
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1. Introduction

to eventually master the given task. Since RL has shown tremendous progress in

decision-making problems such as games and animated characters [69, 78, 114], it

holds great promise for developing robot skills. However, applying RL to robotics

presents additional challenges compared to games. In this thesis, we discuss and

address three challenges when leveraging the power of RL for robot dexterity. We

advocate for the following statement:Reconsidering how we frame the robotics problem

as an MDP is e�ective and essential to achieve generalizable dexterity through RL.

Limited real world data. As the robot's required motor skills become more

complex, real robot data becomes increasing crucial. More dynamic motor skills

often depend on the details of the physics that are di�cult to capture accurately

in simulation. However, collecting real robot data is often a time-consuming and

expensive process, resulting in limited data availability. Therefore, e�ectively reusing

data becomes increasingly important.

In Chapter 2, we address the challenges of limited data by proposing an o�ine

reinforcement learning algorithm that operates over an MDP with a latent action

space [151]. The goal of o�ine reinforcement learning is to learn a policy from a �xed

dataset, without further interactions with the environment [67]. Existing o�-policy

algorithms have limited performance on static datasets due to extrapolation errors

from out-of-distribution actions [31]. This leads to the challenge of constraining the

policy to select actions within the support of the dataset during training. We propose

to learn the Policy in the Latent A ction Space (PLAS) such that this requirement is

naturally satis�ed. We evaluate our method on continuous control benchmarks in

simulation and a deformable object manipulation task with a physical robot. We

demonstrate that our method provides competitive performance consistently across

various continuous control tasks and di�erent types of datasets, outperforming existing

o�ine reinforcement learning methods with explicit constraints.

In Chapter 3, we study the challenges of reusing robot data with non-stationary

dynamics in RL [152]. Robots will experience non-stationary environment dynamics

throughout their lifetime: the robot dynamics can change due to wear and tear, or

its surroundings may change over time. Eventually, the robots should perform well

in all of the environment variations it has encountered. At the same time, it should

still be able to quickly adapt to a new environment. We identify two challenges

of RL algorithms under such a lifelong learning setting with o�-policy data: �rst,
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existing o�-policy algorithms struggle with the trade-o� between being conservative

to maintain good performance in the old environment and learning e�ciently in the

new environment, even if we keep all the data in the replay bu�er. We propose

the \O�ine Distillation Pipeline" to break this trade-o� by separating the training

procedure into an online interaction phase and an o�ine distillation phase. Second,

we �nd that training with the imbalanced o�-policy data from multiple environments

across the robot's lifetime creates a signi�cant performance drop. We identify that

this performance drop is caused by the combination of the imbalancedquality and

size among the datasets which exacerbate the extrapolation error of the Q-function.

During the distillation phase, we apply a simple �x to the issue by constraining the

policy closer to the behavior policy that generated the data. In the experiments,

we demonstrate these two challenges and the proposed solutions with a simulated

bipedal robot walking task across various environment changes.

Limited robot hardware. A robot's dexterity are often assumed to be limited

by its hardware design. Complex motion skills are often associated with complex robot

hardware such as dexterous hands with high degree-of-freedom �ngers [13, 87, 99]. In

contrast, we take an alternative perspective to improve the robot's dexterity beyond

its limited hardware by rede�ning the environment of the MDP.

In Chapter 4, we investigate such an idea known as \Extrinsic Dexterity" [18, 149].

The key idea is that asimple gripper can solve morecomplexmanipulation tasks if it

can utilize the external environment such as pushing the object against the table or

a vertical wall. Previous work in extrinsic dexterity usually has careful assumptions

about contacts which impose restrictions on robot design, robot motions, and the

variations of the physical parameters [16, 18, 43, 45]. In this work, we develop a

system based on RL to address these limitations. We study the task of \Occluded

Grasping" which aims to grasp the object in con�gurations that are initially occluded;

the robot needs to move the object into a con�guration from which these grasps can be

achieved. We present a system with model-free RL that successfully achieves this task

using a simple gripper with extrinsic dexterity. The policy learns emergent behaviors

of pushing the object against the wall to rotate and then grasp it without additional

reward terms on extrinsic dexterity. We discuss important components of the system

including the design of the RL problem, multi-grasp training and selection, and policy

generalization with automatic curriculum. Most importantly, the policy trained in
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simulation is zero-shot transferred to a physical robot. It demonstrates dynamic

and contact-rich motions with a simple gripper that generalizes across objects with

various size, density, surface friction, and shape with a 78% success rate.

Limited generalization. Robots to be deployed in the real world need to face

diverse scenarios. For example, in manipulation, robots might encounter unseen

objects in diverse con�gurations. Thus, robots not only need to solve the task, but

also need to generalize. However, learning complex motor skills that can generalize

imposes challenges to the RL algorithms. In this thesis, we explore the e�ectiveness in

rethinking the action space of the MDP to enable complex and generalizable dexterity.

In Chapter 5, we introduceH ybrid A ctor-Critic Map for Man ipulation (HAC-

Man), a reinforcement learning approach for 6D non-prehensile manipulation of

objects using point cloud observations. HACMan proposes atemporally-abstracted

and spatially-groundedobject-centric action representation that consists of selecting a

contact location from the object point cloud and a set of motion parameters describing

how the robot will move after making contact. We modify an existing o�-policy

RL algorithm to learn in this hybrid discrete-continuous action representation. We

evaluate HACMan on a 6D object pose alignment task in both simulation and in

the real world. On the hardest version of our task, with randomized initial poses,

randomized 6D goals, and diverse object categories, our policy demonstrates strong

generalization to unseen object categories without a performance drop, achieving an

89% success rate on unseen objects in simulation and 50% success rate with zero-shot

transfer in the real world. Compared to alternative action representations, HACMan

achieves a success rate more than three times higher than the best baseline. With

zero-shot sim2real transfer, our policy can successfully manipulate unseen objects

in the real world for challenging non-planar goals, using dynamic and contact-rich

non-prehensile skills.

Furthermore, we demonstrate the generality of HACMan when applied to other

robot platforms and manipulation tasks. We apply HACMan to a quadruped robot and

enable non-prehensile manipulation of objects using legs, breaking the boundaries of

manipulation and locomotion. In addition, we extend HACman into a hierarchical RL

framework by incorporating a library of spatially-grounded primitives. The extended

framework, HACMan++, demonstrates complex synergies between prehensile and

non-prehensile skills in a diverse set of manipulation tasks.
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Chapter 2

PLAS: Latent Action Space for

O�ine Reinforcement Learning

2.1 Introduction

Reinforcement learning (RL) has achieved much success on many robotics tasks

in simulation [80, 93]. However, it still has limited applications in the real world

including real robots. One major challenge of applying RL in the real world is that it

requires a large number of online interactions with the environment, usually more

than millions of time steps. O�ine Reinforcement Learning, or Batch Reinforcement

Learning, aims to develop algorithms that can optimize the policy given a static

dataset of transitions without any active data collection [65, 67]. This is especially

important for robotics because algorithms that train from static datasets can provide

additional 
exibility in terms of data collection. We may take into account safety,

use better exploration methods [92], and leverage demonstrations [100]. In addition,

we can accumulate past experience during the development of the algorithm by

re-using the replay bu�er or evaluation trajectories from previous RL experiments.

Furthermore, static datasets can be shared within the community, and thus, they are

more likely to be scaled up in size.

In contrast to o�ine RL, o�-policy RL uses a replay bu�er that stores transitions

that are actively collected by the policy throughout a training procedure. Past
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Figure 2.1: Overview: Instead of explicitly matching the action distribution of the
agent policy with the behavior policy using divergence metrics such as KL or MMD,
we implicitly constrain the policy to output actions within the support of the behavior
policy through the latent action space.

work has shown that o�-policy RL methods cannot be directly applied to static

datasets due to the extrapolation error of the Q-function caused by out-of-distribution

actions [31]. To avoid extrapolation error, we need to constrain the policy to select

actionswithin the support of the dataset. On the other hand, the constraint cannot be

\overly restrictive"; in the extreme case, an overly constrained policy will degenerate to

behavior cloning on the dataset. The design of such a constraint remains a challenging

problem.

We propose a simple yet e�ective method that trains the Policy in the Latent

Action Space (PLAS) to implicitly constrain the policy to output actions within

the support of the dataset instead of using explicit constraints, as illustrated in

Figure 2.1. Following previous work, we model the \behavior policy" of the dataset

as a Conditional Variational Autoencoder (CVAE). Our insight is that we can learn

a policy in the latent action space of the CVAE and then use its decoder to output

an action in the original action space of the environment. The latent action space

implicitly constrains the policy by construction.The bene�t of such a constraint is that

it can be naturally satis�ed without a�ecting the optimization of the other components

and without being restricted by the density of the behavior policy distribution.

We demonstrate that PLAS allows generalization within the dataset and can

provide consistently good performance for datasets with diverse actions. In cases

where the Q-function generalizes well without signi�cant extrapolation error, we

augment our approach by allowing out-of-distribution actions in a controlled way to
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achieve better performance. This explicit separation of in-distribution generalization

and out-of-distribution generalization allows the user �ne-grained control over the

generalization of the method. We evaluate our method on the continuous control

tasks from the d4rl benchmark datasets [29] as well as real-robot experiments on

deformable object manipulation and show superior performance to previous methods,

despite the simplicity of our approach.

2.2 Related Work

O�ine Reinforcement Learning: O�ine reinforcement learning studies the prob-

lem of learning policies from static datasets without any active data collection [65, 67].

Recent work proposes di�erent approaches in this direction [4, 57, 94, 95, 141]. It

has been empirically shown that the performance of o�-policy algorithms drasti-

cally degrades when directly applied to static datasets due to out-of-distribution

actions [31]. Several papers propose to avoid out-of-distribution actions by enforcing

constraints on the policy such as using a KL-divergence constraint or maximum

mean discrepancy (MMD) constraint [49, 62, 132]. In the most similar approach to

our work, Fujimoto, et al. [31] (BCQ) propose to learn a generative model for the

behavior policy and perturb the randomly generated samples to �nd good perturbed

actions that maximize the Q-function. Our experiments show that these approaches

have worse performance than our method, likely due to the di�culty of satisfying the

constraints or balancing in-distribution vs out-of-distribution generalization.

Imitation Learning: The most naive way of using a static dataset is to perform

behavior cloning. This approach is usually used when the dataset is generated by

an expert policy. Behavior cloning only mimics the actions in the dataset and does

not reason about which actions in the dataset are better than others. Imitation

learning methods sometimes also assume access to an expert policy [103] and may

allow interactive data in the environment [42], which is very di�erent from o�ine RL.

Generative Models for Actions: Previous work has used a conditional variational

autoencoder to model actions, although not in the o�ine RL setting. Mishra et al.[77]

samples action sequences from the CVAE when they perform trajectory optimization
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with the learned latent dynamics model. Krupnik et al.[61] extended the previous

method to multi-agent RL by learning a disentangled latent action representation. In

contrast to these works, we focus on demonstrating the capability of using a CVAE

over actions to deal with the out-of-distribution issue in o�-policy RL in the o�ine

setting.

2.3 Background

2.3.1 Preliminaries

As is common in reinforcement learning, we de�ne the environment as a Markov

Decision Process (MDP) represented as the tupleM = ( S; A ; P; r; 
 ), where S is the

state space,A is the action space,P : S � A � S ! [0; 1] is the transition probability

function, r : S � A � S ! R is the reward function, and
 is the discount factor.

The general objective of RL is to �nd a policy that maximizes the expectation of the

return Gt =
P 1

k=0 
 kr (st+ k ; at+ k ; st+ k+1 ).

Given a policy � , the action-value function, or Q-function, is de�ned asQ� (s; a) =

E� [Gt jSt = s; At = a]. Our method builds on top of the commonly used o�-policy

actor-critic procedure with a deterministic policy [30, 69]. The Q-function of the

deterministic policy � is estimated based on the Bellman Operator:

T Q̂� (st ; at ) = Est +1 [r t + 
 Q̂� (st+1 ; � (st+1 ))] (2.1)

The policy � � is updated following the Deterministic Policy Gradient [113]:

r � J (� ) = Es� � � [r � � � (s)r aQ� � (s; a)ja= � � (s) ] (2.2)

2.3.2 O�ine RL: From Pessimistic MDP to Policy

Constraints

In this section, we will discuss the objectives for o�ine reinforcement learning and

the limitations of existing methods that build on top of o�-policy RL.

In o�ine RL, we are given a �xed dataset D = f (st ; at ; r t ; st+1 ) i g with a �nite

number of transitions. The di�culty comes from the fact that the static dataset
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does not cover the entire state space and action space of the MDP. This is especially

true when the state and action spaces are continuous. The objective of o�ine RL

is typically to �nd the policy that maximizes the cumulative reward during its

deployment in the environment. However, the performance of the policy will be

limited by our knowledge over the MDP, which is inferred from a limited set of

transitions.

Reconsidering this problem, another reasonable objective for o�ine RL is to

maximize the cumulative reward of the MDP under the transitions that have been

visited in the dataset. Following [57], we may assume a pessimistic MDP such

that r (s; a) is signi�cantly small for any unvisited (s; a). Optimizing under such a

pessimistic MDP is an intuitive surrogate objective. In addition, [57] proves that the

performance of any policy for such a pessimistic MDP is a lower bound in the true

MDP.

An additional reason to optimize for this pessimistic MDP is the extrapolation

error of approximated Q-functions [31]. In o�-policy algorithms, we bootstrap Q(st ; at )

by using Q(st+1 ; � (st+1 )) according to the Bellman operator as in Equation(2.1). If

(st+1 ; � (st+1 )) is not in the dataset, Q(st+1 ; � (st+1 )) can be arbitrarily wrong. This

error caused by out-of-distributionactions will be accumulated and exacerbated

by the policy update. (Note that out-of-distribution states do not occur during

training.) Thus, optimizing the policy under the pessimistic MDP is equivalent to

forcing the policy to select known actions that avoid any error accumulation. This is

the motivation for constraining the policy to be within the support of the dataset.

On the other hand, the constraint should not be overly restrictive and should not

be a�ected by the distribution of the dataset as proposed in [62]. The policy should

have the full 
exibility to choose actions within the support.

Existing o�ine RL methods enforce such a constraint in di�erent ways. BCQ [31]

constrains the policy by sampling from the behavior policy. However, the policy is

then restricted by the distribution of the behavior policy. BEAR [62] and BRAC [132]

incorporate the constraint on the policy as a regularization term into the optimization

process for the policy or the Q-function. This regularization term is calculated by a

divergence metric, such as KL-divergence or MMD. There are two practical challenges

to these approaches. First, this additional loss term creates a trade-o� between

optimizing the original objective and satisfying the constraint. Although BEAR uses

9
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a Lagrangian multiplier to solve a constrained optimization problem, in practice, the

constraint is almost never satis�ed [132]. Second, the choice of the divergence metric,

such as KL and MMD, might be overly restrictive given datasets that have diverse

actions. We provide further discussion on MMD constraint in Appendix A.5. These

past approaches have shown that properly enforcing an explicit policy constraint is

di�cult; this observation motivates our approach.

2.3.3 Variational Auto-encoder

Since our method uses a conditional variational autoencoder, we include a brief

background of VAE in this section in its most general form based on [59] and [20].

Given a datasetX = f x(i )gN
i =1 , the goal of a VAE is to generate samples that are from

the same distribution as the data points, in other words, to maximizep(x) for all x(i ) .

This is achieved by introducing a latent variablez sampled from a prior distribution

p(z) and modeling a decoderp� (xjz) with parameter � . Directly maximizing the

marginal likelihood p� (x) =
R

p� (z)p� (xjz)dz is intractable. Instead, Kingma and

Welling [59] propose to approximate the true posteriorp� (zjx) by training an encoder

q� (zjx). In this way, they derive the following evidence lower bound (ELBO) on the

log-likelihood of the data:

max
�

logp(x) � max
�;�

Eq� (zjx) [logp� (xjz)] � D KL [q� (zjx)jjp� (z)] (2.3)

The term logp� (xjz) (where z is sampled fromq� (zjx)) represents the reconstruc-

tion loss. The second term is the KL-divergence between the encoder outputq� (zjx)

and the prior of z, p� (z), usually set to beN (0; 1). Thus, optimizing for this objective

enables us to train a model that generates samples similar to the data distribution

by sampling z and then passing it into the decoder.

2.4 Method

In this section, we introduce our method PLAS (Policy with Latent Action Space)

that implicitly constrains the policy to be within the support of the behavior policy.

Our method disentangles the in-distribution and out-of-distribution generalization

10
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Figure 2.2: Network architecture for PLAS: Given a state, the latent policy outputs a
latent action, which is then input into the decoder. The latent action space implicitly
de�nes a constraint over the action output. An optional perturbation layer can be
added on top of the output from the decoder to allow controlled generalization out of
the training distribution.

of actions, enabling �ne-grained control over the generalization of the method. The

network architecture of our method is shown in Figure 2.2.

2.4.1 Policy in Latent Action Space (PLAS)

Given a static dataset, we use a conditional variational autoencoder (CVAE) to model

the behavior policyp(ajs), as in other recent methods [31, 62, 132]. The CVAE is

trained to reconstruct actions conditioned on the states. Converting Equation 2.3

into our problem formulation, the objective of the CVAE is to maximizelogp(ajs) by

maximizing its lower bound:

max
�;�

logp(ajs) � max
�;�

Ez� q� [logp� (ajs; z)] � D KL [q� (zja; s)jjP(zjs)] (2.4)

wherez is the latent variable, � and � are the parameters of the encoder and the

decoder, respectively. This is similar to Equation 2.3, except that all terms are

conditioned on the states. A trained decoderp� (ajs; z) provides a mapping from the

latent space to the action space, conditioned on the state.

In order to constrain the policy to be within the support of the dataset, we propose

to train a deterministic policy z = � (s) to map from a state s to a \latent action"

z; we then use the pretrained decoderp� (ajs; z) to project the latent action into

the actual action space as shown in Figure 2.2. This is signi�cantly di�erent from
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BCQ which samples from a �xed range of the latent space. The latent policy has the


exibility of choosing the latent actions and thus avoids being a�ected by the density

of the dataset distribution. The CVAE is trained to maximize logp(ajs), equivalent

to maximizing the expected output of the decoderEp(zjs) [p� (ajs; z)] as shown:

p(ajs) =
Z

z
p� (ajs; z)p(zjs)dz = Ep(zjs) [p� (ajs; z)] (2.5)

Thus, for values ofz that have a high probability under the prior p(zjs), the

decoderp� (ajs; z) will output a high probability action under the behavior policy

distribution p(ajs) in expectation.

If we constrain the latent policyz = � (s) to output a latent action z that has a high

probability under the prior p(zjs), then the full policy, formed by p� (ajs; z = � (s)),

is likely to have a high probability under the behavior policyp(ajs). Fortunately, this

constraint is simple to enforce; since the priorp(zjs) is set to a normal distribution

N (0; 1), we simply de�ne z = � (s) such that zi 2 [� �; � ] for each latent dimensioni

for some hyperparameter� (see Section 2.4.3 for details). Furthermore, for each state

s, the latent policy has the 
exibility to choose any latent actionz in this constrained

latent action space, leading to an easier optimization compared to previous work with

explicit constraints.

2.4.2 Generalization out of the dataset

The latent policy provides a natural constraint to stay within the support of the

dataset. However, in some cases when the Q-function can generalize well, we may

relax the pessimistic objective and allow the policy to select out-of-distribution actions

to improve its performance. The bene�t of the out-of-distribution actions is more

likely to happen when the environment (both transition probabilities and the reward

function) is smooth and when the dataset has limited quality and diversity. To

do so, we add a perturbation layer to the output of the decoder that outputs a

residual over the action. The residual is limited to a speci�c range [� �; � ], where� is

a hyperparameter. Mathematically, this enforces the �nal output action to be close

to the actions within the dataset in terms of theL1 norm. This perturbation layer

is inspired by BCQ. However, BCQ forms a policy by sampling from the generative

model; the perturbation layer is used to prevent \sampling from the generative model
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for a prohibitive number of times" [31]. In our case, we don't perform any sampling

since our policy is deterministic; the perturbation layer is instead speci�cally designed

for out-of-distribution generalization. In the experiments, we will demonstrate that

when the dataset has enough coverage in the state-action space, this additional layer

is not necessary.

Algorithm 1: O�-policy RL with PLAS
Input : Dataset D = f (st ; at ; r t ; st+1 ) i g
// VAE Training
Initialize encoderE � and decoderD � with parameters � and � .
for i  1 to M do

Sample a minibatch ofk state-action pairs (st ; at ) from D.
Optimize � and � using Equation 2.4.

end
// Policy Training
Initialize the latent policy network � � , critic networks Q� 1 , Q� 2 and their
corresponding target networks� � 0, Q� 0

1
and Q� 0

2
with � 0  � , � 0

1  � 1,
� 0

2  � 2.
for i  1 to N do

Sample a minibatch ofk transitions f (st ; at ; r t ; st+1 ) i =1 ;::;k g from D.
For each transition, generate a latent action using the latent policy:
 t+1 = � � (st+1 ).

Decode latent actions using the decoderat+1 = D � ( t+1 ).
Set y = � mini =1 ;2 Q0

� i
(st+1 ; at+1 ) + (1 � � ) maxi =1 ;2 Q0

� i
(st+1 ; at+1 ).

Update critic by minimizing: L = ( Q� i (s; a) � (r + 
y ))2 for i = 1; 2.
Update actor according to Equation 2.2.
Update target networks: � 0  � � + (1 � � )� 0, � 0

i  � � i + (1 � � )� 0
i for

i = 1; 2.
end

2.4.3 Implementation Details

The full algorithm is summarized in Algorithm 1. Our algorithm can be built on

top of o�-policy algorithm such as DDPG [69] or TD3 [30]. We use a deterministic

policy z = � (s) to output a latent action. The policy uses a tanh activation at the

output layer to limit the max latent action. This limit is set to 2 by default, which

corresponds to 2� for the latent variable p(z) = N (0; 1). We use a soft Clipped
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Double Q-learning with parameter� to weight the two Q-functions. Following

common practice, we use target networks to stabilize training with hyperparameter� .

The code for our algorithm is based on the BCQ repository, and we mostly follow the

hyperparameters of BCQ. Further implementation details and hyperparameters can

be found in Appendix A.1.

2.5 Experiments

We evaluate our algorithm on a wide range of continuous control tasks, including a

physical robot experiment on deformable object manipulation and the d4rl bench-

marks [29] including OpenAI Gym locomotion tasks, Adroit, Franka Kitchen, etc.

For the d4rl benchmarks, our analysis in the main text is focused on the locomo-

tion datasets; the full results including the other environments can be found in

Appendix A.2. We compare our method with the following baselines: BCQ [31],

BEAR [62], and BRAC [132]. We use the author's implementation of these algorithms

with recommended hyperparameters reported in these papers. Note that we use the

latent policy without the perturbation layer by default because our primary focus is

on the policy constraint and in-distribution generalization. The experiments that use

the perturbation layer are explicitly mentioned.

2.5.1 Experiment Descriptions

Real-Robot Experiment : The task for the real-robot experiment is to slide along

the edge of the cloth as far as possible with a tactile sensor. The experiment setup

is shown in Figure 2.3(a) and an example of the tactile sensor reading is shown in

Figure 2.3(b). More details of this experiment can be found in Appendix A.6. The

dataset consists of the replay bu�er from a previous online RL experiment with

around 7000 timesteps of transitions and 5 episodes (around 300 timesteps) of expert

demonstrations from a trained policy. We train the policy for 2400 steps in total for

each experiment with evaluations every 150 steps over 5 episodes.

Locomotion Datasets : We mainly focus on the locomotion environments from

the d4rl datasets in this section including Walker2d-v2, Hopper-v2, and Halfcheetah-

v2. For each environment, there are four types of datasets: random, medium, medium
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Figure 2.3: Real-robot experiment: (a) Experiment setup for the cloth sliding task.
The cloth is �xed at the top left corner. (b) An example of the tactile sensor readings
when the robot grasps at the edge of the cloth. (c) Training curves for the cloth
sliding task on our method and the baselines. It shows the episode reward over �ve
evaluation episodes every 150 training steps.

expert, and medium replay datasets. Random datasets are generated by randomly

initialized policies. Medium datasets are generated from rollouts of a \medium"

performance policy trained with Soft Actor-Critic up to a certain performance.

Medium-expert datasets are generated by combining the medium datasets and expert

datasets. Medium-replay datasets are the replay bu�ers created during the training

of the medium policies. Note that medium-replay datasets are much smaller than

the other types of datasets, making it more challenging to obtain stable training

performance. We train the policy for 500 epochs and each epoch has 1000 training

steps. The policy is evaluated every 1 epoch over 10 episodes.

2.5.2 Performance on Real-Robot Experiment

Figure 2.3(c) shows the evaluation performance of di�erent methods across the training

process for the cloth sliding task. The brown dashed line indicates the behavior

cloning (BC) policy. It fails as expected because the average quality of the dataset

is poor. The \O�ine-TD3" baseline is to directly run TD3 over the o�ine dataset

without any extra online data collection. The performance is even worse than BC,

which shows the necessity of designing o�ine RL algorithms that can utilize �xed

datasets for real-world applications. BCQ also doesn't perform well, possibly because

it is overly constrained by the dataset distribution, resulting in similar performance

as behavior cloning. BEAR achieves reasonable performance at the beginning of
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Figure 2.4: Training performance for medium-expert and medium-replay datasets
on locomotion tasks. Each curve is averaged over 3 seeds. Shaded area shows one
standard deviation across seeds.

training but it drops soon after. Our method outperforms all the baselines, and the

�nal performance is similar to the expert policy.

2.5.3 Performance on D4RL datasets

To more systematically benchmark the performance of our method with the other

o�ine RL algorithms, we ran experiments on the d4rl benchmarks. We focus the

discussions and analysis on the locomotion environments here; full results on the d4rl

datasets can be found in Appendix A.2 including Locomotion, Maze2d, AntMaze,

Adroit Hand, Franka Kitchen environments. To highlight the performance of our

method over the medium-expert datasets and the medium-replay datasets, we include

the training curves in Figure 2.4. These two types of datasets are especially important

because they have diverse coverage over states and actions generated by a mixture of

policies. These kinds of diverse datasets are also more likely to appear in real-world

applications with data collected from di�erent sources. The diversity allows the

potential to learn a good policy from the data; on the other hand, diversity also
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Figure 2.5: We perform an analysis of Q-function errors of di�erent methods, using
the following metrics: (a) Mean-squared error of the Q-values (b) The percentage of
overestimated Q-values (c) Mean of the positive errors (magnitude of overestimation)
(d) Mean of the negative errors (magnitude of underestimation)

introduces di�culties for the policy constraints. Figure 2.4 shows that we consistently

achieve performance that is similar to or better than the best baselines on these

datasets, demonstrating the e�ectiveness of our method in fully utilizing the datasets.

2.5.4 Overestimation of Learned Q-functions

We analyze the quality of the learned Q-function in detail with the Walker2d medium-

expert dataset for di�erent algorithms. By de�nition, the Q-value Q� (st ; at ) is equal to

the expected return starting from statest following action at ; our learned Q-function

attempts to estimate this value. Thus, we evaluate the Q-values by comparing them

to the true returns for the transitions during rollouts. The true return is calculated by

the cumulative discounted reward until termination or up tor t+1000 , since the reward

after 1000 steps is negligible due to the discount factor. We de�ne the estimation

error to be Q(st ; at ) � G(st ; at ), whereG(st ; at ) is the empirical return. Positive error

corresponds to overestimation bias and negative error corresponds to underestimation

bias. In Figure 2.5, we show four metrics on the quality of the Q-function overN

transitions from 50 episodes:

ˆ Mean Squared Error (MSE) - measures the overall quality:
P

i (Q(si ; ai ) �

G(si ; ai ))2)

ˆ Positive Error Percentage - percentage of overestimation:1N
P

i (1(Q(si ; ai )�

G(si ; ai )) > 0))

ˆ Positive Error Mean - the mean value of the positive errors, which indicates

the average magnitude of over-estimation: Average ofQ(si ; ai ) � G(si ; ai ) for
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Table 2.1: Comparison of di�erent perturbation values on random and medium
datasets. Scores are normalized.� = 0 is the performance of the latent policy without
the additional perturbation layer.

Dataset � = 0 � = 0:05 � = 0:1 � = 0:2 � = 0:5
walker2d-random 3:1 6:8 2:4 1:3 � 0:3
hopper-random 10:5 11:1 11:6 12:2 13:3
halfcheetah-random 25:8 25:7 27:4 27:6 28:3
walker2d-medium 44:6 64:8 66:9 62:1 39:2
hopper-medium 32:9 35:5 17:5 2:5 2:1
halfcheetah-medium 39:3 41:3 42:2 42:2 40:4

Q(si ; ai ) � G(si ; ai ) > 0

ˆ Negative Error Mean - the mean value of the negative errors, which indicates

the average magnitude of under-estimation: Average ofQ(si ; ai ) � G(si ; ai ) for

Q(si ; ai ) � G(si ; ai ) < 0

MSE measures the overall estimation bias, and the other three metrics capture

the direction of the bias. Our method achieves consistently low MSE during training

compared with the baselines. Note that BRAC has low MSE during the beginning of

training because the return is close to 0, as shown in the training curves in Figure 2.4.

Although both our method and BRAC achieve similar performance at the end of

training on the Walker2d medium-expert dataset (though our method converges

faster), MSE indicates that our method results in a better Q-function. In terms of

the direction of the bias, BEAR has a large overestimation bias and BRAC has a

large underestimation bias. Overestimation bias is usually considered more harmful

than underestimation for Q-learning based algorithms [30]. As a result, although

BRAC has a higher MSE than BEAR, the evaluation performance is still better. Our

method does not have signi�cant underestimation or overestimation in this case.

2.5.5 E�ect of the Optional Perturbation Layer

In Section 2.3.2, we mentioned that when the Q-function generalizes well, allowing the

policy to select some out-of-distribution actions might be helpful. This motivates us to

introduce an additional perturbation layer as mentioned in Section 2.4.2. We evaluate

the bene�t of this optional perturbation layer with di�erent max perturbation limits,
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with � = 0 being the latent policy alone. The results for a selective set of environments

are summarized in Table 2.1. Note that the action space in these tasks is de�ned to

be (� 1; 1); thus � = 0:5 allows a very high range of perturbation. We found that the

importance of the perturbation layer depends on both the dataset and the environment.

Allowing out-of-distribution actions often leads to improved performance for random

datasets. The \medium" datasets tend to have peak performance with smaller

values of� ; a larger value likely leads to errors in the Q-function evaluation due to

out-of-distribution state-action pairs. The full results including medium-expert and

medium-replay datasets are in Appendix A.4. We found that medium-expert and

medium-replay datasets usually do not bene�t from the perturbation layer.

2.6 Conclusion

We propose a straightforward approach to o�ine RL that implicitly constrains the

policy to be within the support of the dataset without being restricted by the

density of the dataset distribution. Furthermore, we study the e�ect of an additional

perturbation layer that allows out-of-distribution generalization of Q-functions. We

demonstrate that our approach can e�ectively learn a policy with real-world data in

the cloth sliding experiment and achieves competitive performance over o�ine RL

benchmarks. By enabling a more e�cient use of data from various sources, PLAS

paves the way for future possibilities of using RL on real robots.

19



2. PLAS: Latent Action Space for O�ine Reinforcement Learning

20



Chapter 3

Forgetting and Imbalance in Robot

Lifelong Learning with O�-policy

Data

3.1 Introduction

Figure 3.1: We investigate the
problem of robot lifelong learn-
ing with non-stationary dynam-
ics. In this example, a robot ex-
periences joint deformation dur-
ing training.

Lifelong learning, also commonly known as contin-

ual learning, studies the problem of learning with

a stream of tasks sequentially with incremental,

non-stationary data [35, 123]. Lifelong learning has

been an important topic in arti�cial intelligence

and it naturally re
ects the challenges faced by

animals and humans [37]. In this work, we study

the problem of lifelong robot reinforcement learn-

ing in the face of changing environment dynamics

(Figure 3.1). Non-stationary environment dynam-

ics present a practical and important challenge for

training reinforcement learning policies on robots

in the real world. Especially on low-cost or low-tolerance robots, the robot dynamics

can change due to wear and tear both during training and deployment. Also, in most
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natural settings, the robot's environment will change over time, for instance when the

robot encounters new terrains or objects. Ideally, when the robot encounters the same

or a similar environment again during deployment, it should be able to draw on the

entirety of its past experience to retrieve the previously learned skill. In addition, one

important property of sequential environment variations in the real world is that the

task boundaries may be unknown or not well de�ned. For example, deformation of the

robot can happen gradually. This limits the applicability of many existing approaches

in lifelong learning which rely on well-de�ned task boundaries [60, 73, 106]. We

aim to investigate a practical solution for lifelong robot learning across environment

variations without the need of task boundaries.

One important challenge in lifelong learning is the trade-o� between remembering

the old task (backward transfer) and learning the new task e�ciently (forward

transfer). The most widely studied aspect of this trade-o� is the catastrophic

forgetting issue of neural networks [28]. We follow the memory-based method to

avoid forgetting by simply saving all the incoming data in the replay bu�er and train

the policy with an o�-policy algorithm, which does not require task boundaries [102].

However, we �nd that even if we save all the data across environment variations,

\forgetting" still happens. In this case, the additional challenge of forgetting is due to

the extrapolation error of the Q-function which is widely discussed in the O�ine RL

literature [31]: when the agent does not have access to the previous environments, it

becomes \o�ine" over these environments. Thus, the agent cannot correct for the

overestimation error of the Q-function by collecting more data in these environments.

Conversely, if we use \conservative" (or \pessimistic") algorithms that force the policy

to stay close to the existing replay bu�er to maintain the performance in the old

environments, it a�ects data collection and creates di�culties in learning in the new

environment [50]. Di�erent from the stability-plasticity dilemma of neural networks

often discussed in the lifelong learning literature, this trade-o� between forward and

backward transfer is speci�c to RL due to o�-policy data. We propose theO�ine

Distillation Pipeline to disentangle this trade-o� into two stages. To learn the task in

the latest environment e�ciently, we can use any RL algorithm suitable for online

data collection without worrying about forgetting. To obtain a policy for deployment

that e�ectively accumulates previous experience across environment variations, we

can distill the entire dataset into a policy by treating it as an o�ine RL problem.
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In addition, we investigate a practical consideration of lifelong learning where

the stream of experience is imbalanced across environment variations. For example,

the agent might be trained on one environment much longer than the other. The

ideal lifelong learning algorithm should be robust to such imbalanced experience. In

the O�ine Distillation Pipeline, we �nd that training a policy with the imbalanced

datasets from multiple environments can sometimes lead to much worse performance

than training on each dataset individually. Through the experiments, we provide

evidence for the following hypothesis: both the imbalanced quality and the imbalanced

size of the datasets become extra sources of extrapolation error in o�ine learning.

The imbalanced quality makes the Q-function biased towards larger values. The

imbalanced size leads to more �tting error of the policy network on the smaller

dataset, which exacerbates the bootstrapping error caused by out-of-distribution

actions. Furthermore, we �nd that keeping the policy to be closer to the dataset could

be a simple yet e�ective solution to this issue without requiring task boundaries.

In summary, we identify two practical challenges in lifelong robot learning over

environment variations and provide corresponding analysis and solutions. The contri-

butions of this work include the following:

ˆ We identify the trade-o� between learning in the new environments and remem-

bering the old environments in existing o�-policy RL algorithms even when all

the data is kept in the replay bu�er. We connect this problem to the O�ine RL

literature and propose the O�ine Distillation Pipeline to break this trade-o�

without the need for task boundaries.

ˆ We identify that the dataset imbalance can lead to unexpected performance

drop in o�ine learning and characterize its relationship with extrapolation error

with thorough empirical analysis.

We evaluate our method on a bipedal robot walking task in simulation with

di�erent environment changes. The proposed pipeline is shown to achieve similar or

better performance than the baselines across the sequentially changing environments

even with imbalanced experience.
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3.2 Related Work

Lifelong Learning: Lifelong learning has been widely studied in machine learning

literature [35, 56, 123]. When given a stream of non-stationary data or non-stationary

tasks, the agent should maintain the performance of previous tasks (backward transfer)

while learning the new task e�ciently (forward transfer). One direction of lifelong

learning literature focuses more on the issue of backward transfer caused by the

catastrophic forgetting of neural networks [28]. Existing methods in this direction

can be expansion-based [106, 108], regularization-based [60], gradient-based [73] or

memory-based [102]. There has also been a line of work in task-agnostic continual

learning [5, 6, 146], where the task boundaries are unknown or not well-de�ned. We

follow the task-agnostic memory-based method from Rolnick et al.[102]by saving all

the transitions in the replay bu�er. In this work, we show that there are additional

challenges in lifelong reinforcement learning besides the catastrophic forgetting issue

of the neural networks. Another direction in lifelong learning focuses on maximizing

forward transfer without worrying about forgetting where the performance is only

measured by the new task. For example, recent work Xie and Finn[134]studies the

problem of learning a sequence of tasks and proposes to selectively use past experience

to accelerate forward transfer.

O�ine Reinforcement Learning: The additional forgetting issue in o�-policy

reinforcement learning discussed in this work is related to o�ine RL. Thus, the

proposed O�ine Distillation Pipeline is based on this line of work. O�ine RL investi-

gates the problem of learning a policy from a static dataset without additional data

collection [24, 65, 67]. Such a problem setting challenges existing o�-policy algorithms

due to the mismatch between the state-conditioned action distribution induced by the

policy and the dataset distribution [31]. Previous work has proposed to �x this issue

by constraining the policy to be close to the dataset explicitly [50, 62, 112, 130, 132]

or implicitly [ 31, 151], learning a conservative Q-function [63], or modifying the

reward based on model uncertainy [57, 141]. We use Critic Regularized Regression

(CRR) from Wang et al. [130] to perform o�ine distillation. In terms of related

work in imbalanced dataset in o�ine RL, Zhang et al. [147] investigates imbalanced

o�ine datasets collected by a variety of policies, in contrast to having a mixed
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dataset from multiple environments in our case. While most of the work in o�ine

RL focuses on one task, Yu et al.[142]studies multi-task o�ine RL with the goal of

improving single task performance by selectively sharing the data across tasks. In

contrast, we aim at learning a universal policy for all the tasks which does not rely

on task boundaries during training. The di�erence in the objectives is mainly due to

the di�erence in the domains of interests: the \tasks" are de�ned to have di�erent

reward functions in Yang et al.[137]while de�ned to be di�erent dynamics in our case.

Distillation: The proposed pipeline is also related to knowledge distillation [41].

In RL, policy distillation has been used to compress the network size [105, 108],

improve multitask learning [122, 126], or improve generalization [48]. In contrast to

policy distillation methods which distill the knowledge from networks to networks, we

directly distill the data into a policy. This eliminates the need of task boundaries and

additional data collection in previous methods. Nonetheless, the proposed pipeline

with o�ine distillation may still share similar bene�ts of modifying network size or

improving generalization because it trains a new policy from scratch [48].

3.3 Preliminaries

3.3.1 Problem De�nition: Lifelong reinforcement learning

with environment variations

We de�ne the lifelong learning problem across environment variations to be a time-

varying Markov Decision Process (MDP)M as a tuple (S; A ; Pt ; r; 
 ), with state

spaceS, action spaceA, non-stationary dynamics functionPt : S � A � S ! [0; 1 )

that may change over timet, reward function r : S � A � S ! [rmin ; rmax ], and

discount factor 
 . In contrast to our work, most reinforcement learning literature

considers static dynamics, which is a special case whenPt = P for all t. In rein-

forcement learning, the objective is to optimize the policy to maximize the return

given by Gt =
P 1

k=0 
 kr (st+ k ; at+ k ; st+ k+1 ). We also de�ne a policy� (ajs) and its

corresponding Q-functionQ� (s; a) = E�;P t [Gt jst = s; at = a] where the expectation is

taken over the trajectories that start from an initial state s, an initial action a, and

follow st+1 � Pt (sjst ; at ) and at+1 � � (ajst+1 ) for the following timesteps.
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In this work, we assume that the agent experiencesPt for a �xed amount of time

[0; T] during training, and will be evaluated and deployed at timeT. This involves

e�cient data collection across [0; T] and being able to recall the skills at timeT. We

formulate our problem as maximizing the return of the policy over the support of the

environment distribution p(Pt=[0 ;T ]). Intuitively, although the agent might experience

one environment more than the other during training, we treat di�erent environments

as equally important. For example, the agent experiencesPt = PA for t � tA and then

experiencesPt = PB for tA < t � tA + tB . In this case, the objective can be de�ned

as maximizing the performance ofEPA [G] + EPB [G] during evaluation at the end of

training. We aim to learn a policy that works well on bothPA and PB regardless oftA

and tB . Although we have two distinct stages with two environments in this example,

in general the task boundaries may not always be accessible or well-de�ned sincePt

can change continuously. Without task boundaries, we cannot directly optimize the

policy over the support ofPt instead of the density ofPt . However, we aim to treat

the importance of di�erent environments equally during evaluation.

3.3.2 O�-Policy Reinforcement Learning Algorithms

The proposed O�ine Distillation Pipeline is built on top of two RL algorithms:

Maximum a Posteriori Policy Optimisation (MPO) [1, 2] and Critic Regularized

Regression (CRR) [130]. As will be discussed later in Section 3.5, our pipeline

uses MPO to update the policy during data collection, and uses CRR for o�ine

distillation. Although MPO and CRR are both o�-policy RL algorithms and share a

lot of similarities, they are designed for di�erent problem settings. MPO works well

in the online setting, i.e. when data collection is allowed. CRR is designed for o�ine

reinforcement learning, i.e. to learn from a �xed dataset without additional data

collection. To stabilize learning in the o�ine setting, CRR attempts to avoid selecting

actions outside of the dataset, which also renders it more \conservative". More

discussion of the connections between CRR and MPO can be found in Abdolmaleki

et al. [3], Jeong et al.[50]. Both algorithms alternate between policy evaluation and

policy improvement. Both algorithms performpolicy evaluation to estimate the

Q-function Q̂� (st ; at ) using the Bellman OperatorT :

T Q̂� (st ; at ) = Est +1 ;at +1 � � (ajst +1 ) [r t + 
 Q̂� (st+1 ; at+1 )]: (3.1)
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We will discuss their di�erences in thepolicy improvement step below.

Maximum a Posteriori Policy Optimisation (MPO): To improve the current

policy � old(ajs) given the corresponding Q-functionQold(a; s) and a state distribution

� (s), MPO performs two steps. In the �rst step, for each states � � (s), an improved

policy q(ajs) / � old(ajs)f (Qold(s; a)) is obtained wheref is a transformation function

that gives higher probabilities to actions with higher Q-values. In the second step, a

new parametric policy� new is obtained by distilling the improved policiesq(ajs) into

a new parametric policy using the supervised learning loss:

� new = argmax
�

Z
� (s)

Z
q(ajs) log � (ajs)f (Qold(s; a))dads (3.2)

In practice, we representq(ajs) as a non-parametric policy consists of samples

from � old(ajs) for each state and re-weighting each sample byf (Qold(s; a)). If the

exponential function is chosen as the transformation functionf , the improved policy

can be written asq(ajs) / � old(ajs) exp(Qold(s; a)=� ) where � is the temperature

term. This is the solution to the following KL regularized RL objective that keeps

the improved policiesq close to the current policy� old while maximising the expected

Q-values:

q = argmax
q

Es� � (s) [Ea� q(�j s) [Qold(s; a)] � � KL( q(�js)jj � old(�js))] (3.3)

Critic Regularized Regression (CRR): CRR follows a similar procedure as MPO

for the policy improvement step. The major di�erence is the way of constructing the

improved policy q. Since CRR is designed for o�ine RL, the optimization objective

is to improve the policy according to the Q-function while keeping the policy close

to the dataset distribution. In CRR, we construct the improved policies based on

the joint distribution of � B(a; s) by sampling state-action pairs from the datasetB.

Thus, the improved policy for each states � � B(s) is de�ned as a joint distribution

q(a; s) / � B(a; s)f (Qold(s; a)) instead of a conditional distribution q(ajs) as in MPO.

Similarly, Equation 3.2 can be modi�ed to obtain a new parametric policy� new :

� new = argmax
�

Z
q(a; s) log � (ajs)das (3.4)
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When the transformation function is the exponential function, the improved

policy can be written asq(a; s) / � B(a; s) exp(Qold(s; a)=� ) which is a solution to the

following objective similar to Equation 3.3:

q = argmax
q

Es;a� q[Q̂� (s; a)] � Es;a�B [� KL[ q(a; s)jj � B(a; s)]]: (3.5)

In Equation 3.5, when the temperature� is higher, the constraint on staying close

to the dataset becomes stronger, which makes the policy more \conservative". A

common practice is to replace the Q-value by the advantage in the transformation

function: q(a; s) / � B(a; s) exp(Aold(s; a)=� ). Besides the exponential function,

another popular choice of the transformation is the indicator function:q(a; s) /

� B(a; s)1[Aold(s; a) > 0] whereA is the advantage function. The indicator function

corresponds to an exponential transformation clipped to [0; 1] with � ! 0 which is

less \conservative".

3.4 Forward and Backward trade-o� in Lifelong

Reinforcement Learning

Figure 3.2: Forgetting in
MPO: The �gure shows a
performance drop in the
original environment after
a switch of environment
at 200k steps.

To build a pipeline for lifelong learning, we need to �rst

deal with the catastrophic forgetting issue of neural net-

works, as widely discussed in the literature [35]. We follow

the memory-based approach from Rolnick et al.[102]by

saving all the transitions across the agent's life-cycle and

run o�-policy algorithms such as MPO [2]. In o�-policy

algorithms, the policy is used for exploration in the latest

environment while being trained on the entire history of

data. However, we still observe that \forgetting" happens

in the old environment following this setup. Figure 3.2

shows an example in which the policy experiences a change

in the environment dynamics at 200k steps while being

evaluated in the �rst environment across the full training

process. More details of the experiment can be found in Section 3.7.1. Once the policy
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starts training in a new environment, the performance of MPO drops signi�cantly

even if the data from the old environment is kept in the replay bu�er. We identify this

extra challenge in lifelong reinforcement learning besides the catastrophic forgetting

issue of the neural network.

The reason behind this drop is related to the issues of applying o�-policy algorithms

to O�ine Reinforcement Learning problems [31]. The objective of o�ine RL is to

learn a policy from a �xed dataset without further exploration. During training, due

to the extrapolation error in the Q-function, the policy might select overestimated

actions beyond the dataset. This error will be accumulated by bootstrapping during

Q-function updates which results in signi�cant overestimation bias of the Q-function.

When the agent does not have access to collect more data to correct the overestimation

bias, the performance of the policy will drastically degrade. Thus, o�-policy algorithms

designed with the assumption of active data collection often break under this problem

setting. Similarly, in the lifelong learning scenario discussed above, when the agent

switches from one environment to another, it is essentially training over the static

dataset of the old environment. When the agent cannot collect more data in the old

environment, it cannot correct the extrapolation error on those state-action pairs.

Figure 3.3: CRR is not
as e�cient as MPO when
training from scratch.

Prior work in o�ine RL proposes to �x the overesti-

mation issue of o�-policy algorithms by restricting the

policy � (ajs) to be closer to the conditional distribution

� B(ajs) of the dataset, such as Critic Regularized Regres-

sion (CRR) as described in Section 3.3.2. If we apply a

similar \conservative" objective in the lifelong learning

setting, we �nd that it is able to reduce the forgetting is-

sue. However, it will instead a�ect forward transfer due to

the conservatism. Figure 3.3 shows an example of running

CRR from scratch, which can be viewed as the beginning

stage of a lifelong learning experiment. Although CRR

has been shown to have strong performance on o�ine RL

benchmarks, it does not have good performance when exploration is needed due to

the constraint on the policy. In the experiment, we will further show that tuning the

constraint will lead to either forgetting or ine�ective forward transfer.

The above examples demonstrate the trade-o� between preserving performance
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Figure 3.4: We propose the O�ine Distillation Pipeline: the agent is trained over the
environments sequentially during online interaction phase and runs o�ine distillation
at the end of training before deployment. \RB" means replay bu�er in the �gure.

in the old environment (backward transfer) and exploring in the new environment

e�ectively (forward transfer). Note that this is di�erent from the \stability-plasticity"

dilemma in previous lifelong learning literature in two ways. First, in terms of

backward transfer, the issue of forgetting rises from the extrapolation error of Q-

function which is speci�c to o�-policy reinforcement learning. Second, in terms of

forward transfer, previous work mainly considers the trade-o� between past and

recent experience from the streaming data. The issue we discuss above is a trade-o�

between past andfuture experience which is speci�c to reinforcement learning where

the performance highly depends on e�ective data collection.

3.5 O�ine Distillation Pipeline

To address this trade-o�, we propose the O�ine Distillation Pipeline shown in

Figure 3.4. During data collection across environment variations, we can use any RL

algorithm that maximizes forward transfer without considering forgetting. At the

end of training, we \distill" the experience into a single policy by treating the entire

dataset as an o�ine RL dataset. In this work, we use MPO to train the policy for data

collection, and use CRR during o�ine distillation. In this way, the forgetting issue of

the o�-policy data is handled by the distillation step without a�ecting exploration.

The full algorithm can be found in Appendix B.2.

There are several bene�ts of this pipeline that are especially important for lifelong
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learning of real robots. First, the proposed pipeline does not require task boundaries.

The wear and tear of the robot might happen over time and sometimes the change

of the environment might not be immediately noticeable. This is di�erent from a

common multi-task learning setting where the task switches are well de�ned (such as

learning to stand up and then learning to walk). In our method, the distillation step

happens after the agent has experienced the sequence of environments and treats

the replay bu�er as a single dataset. Second, our method is 
exible on the choice

of data collection methods since the o�ine distillation phase only shares the replay

bu�er dataset with the online interaction phase. For example, the training of multiple

robots can happen in parallel or sequentially, and potentially with di�erent choices of

algorithms. The O�ine Distillation Pipeline can reuse all of these previous experience

within the \lifetime" of the platform.

3.6 Imbalanced Experience in O�ine Distillation

The second challenge we identify in such a lifelong learning setting is the issue of

imbalanced experience with o�ine data. In the o�ine distillation phase, we �nd that

when the policy is trained over the combined dataset from multiple environments,

the imbalance of the datasets might create an unexpected performance drop. For

example, following Figure 3.4, the agent is �rst trained in Env-A and then switches

to Env-B. During the o�ine distillation phase, we use CRR to train a policy with the

combined datasetDA [ D B and evaluate the performance in both environments, as

formulated in Section 3.3.1. We �nd that this sometimes results in worse performance

in Env-A compared to training on DA alone. Although previous work has studied

the problem of data imbalance in supervised learning [53, 101], the issue we observe

has the extra complexity from the boostrapping procedure in o�-policy RL. We

provide evidence to the following hypothesis: Both the imbalancedquality and the

imbalancedsize of the combined dataset lead to additional extrapolation error of

the Q-function in o�ine learning which contribute to the performance drop. As we

discussed in Section 3.4, extrapolation error of the Q-function plays an important role

in the failure cases in o�ine RL. The imbalanced dataset exacerbates this problem

in the following way: if one dataset has a higher average return than the other, it

may cause overestimation bias of the Q-function for the \weaker" dataset. At the
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same time, if there is a large size imbalance, the policy network will be trained with

more data points from one environment than the other. In this way, the policy

may create more out-of-distribution actions in the environment that comes with a

smaller dataset which makes the extrapolation error worse. Both of these two aspects

contribute to the undesirable performance we observe in o�ine distillation phase. In

the experiment, we provide evidence to support this hypothesis and eliminate other

potential factors.

To build a robust algorithm for lifelong learning, we need to improve the o�ine

distillation phase to achieve good performance on all of the environments despite

imbalanced experience. We prefer a solution that does not rely on task boundaries

as discussed before. Our insight is that since both the quality imbalance and the

size imbalance eventually result in additional extrapolation error, we can follow the

conservative objective in o�ine RL and make the policy even more conservative to

compensate for this issue. As shown in Equation 3.5, the temperature� controls the

strength of the KL term in the policy improvement objective in CRR. With a larger

temperature, the policy is constrained to be closer to the behavior policy� B(ajs)

of the dataset. We �nd that the imbalanced dataset requires a higher strength of

the KL term compared to single dataset training to compensate for the additional

extrapolation error. In the experiment, we show that increasing� is a simple yet

e�ective �x to the data imbalance problem. The e�ectiveness of increasing� can also

serve as an evidence that the performance drop is highly related to extrapolation

error. Note that increasing� only makes the policy more \conservative" during the

distillation phase which will not a�ect exploration.

3.7 Experiments

3.7.1 Experiment Setup

We study the lifelong learning problem in a simulated bipedal walking task, where

the goal is to maximize the forward velocity while avoiding falling. Our experiments

involve a small humanoid robot, called OP31, that has 20 actuated joints and has

been previously used to train walking directly on hardware [8]. All of the experiments

1https://emanual.robotis.com/docs/en/platform/op3/introduction/
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Figure 3.5: Experiment Setup: A bipedal robot walking task with various environment
variations.

in this work are conducted in simulation both due to limited access to hardware

and for a more controlled experiment setting. All of the results are averaged over

3 random seeds. The shaded area of the curves and the error bars of the bar plots

represent� one standard deviation across seeds.

The experiments in the section are based on the setup where the robot is trained

in Env-A for 0.2M steps, and then trained in Env-B for 1M steps (Figure 3.4). The

goal is to achieve good performance at the end of training in both Env-A and Env-

B. Additional experiment setups with three environments and parallel sharing can

be found in Appendix B.3. To evaluate the generality of the results, we consider

di�erent types of changes in the environment including softer ground texture, hip joint

deformation and larger foot size (Figure 3.5). The parameters for each change of the

environment are chosen to create a clear performance drop when we perform zero-shot

transfer of a policy trained in the default environment to the new environment. In the

following experiments when there is a switch from Env-A to Env-B, we use the default

environment as Env-A, and change one of the physical parameters to create Env-B.

When we switch from one environment to another, we always keep the previous policy,

Q-function and the replay bu�er.

To remove partial observability in non-stationary dynamics, we include the ground

truth physical parameters in the observation. This eliminates the possibility that the

issue we observe in the lifelong learning pipeline and the imbalanced experience are

caused by the partial observability. The results we provide can be served as an upper

33



3. Forgetting and Imbalance in Robot Lifelong Learning with O�-policy Data

Figure 3.6: Evaluation curves of the lifelong learning experiment across two stages.
The O�ine Distillation Pipeline e�ectively breaks the trade-o� between forward and
backward transfer and achieves better performance than the baselines at the end.

bound on the expected performance without the physical parameters. However, the

physical parameters are not explicitly used to denote task boundaries in the proposed

method. In a realistic scenario, the partial observability could be handled by memory

or system identi�cation methods [39, 143, 150]. In these cases, the variations of

the environments might be represented as continuous embeddings which cannot be

used as task boundaries. Thus, we avoid relying on the physical parameters in the

proposed pipeline as task boundaries.

3.7.2 O�ine Distillation for Lifelong Reinforcement

Learning

In this section, we demonstrate the trade-o� between forward transfer and backward

transfer in lifelong reinforcement learning and the e�ectiveness of the O�ine Dis-

tillation Pipeline. The policy is trained from scratch in Env-A during Stage-1 and

then switched to Env-B during Stage-2 (as illustrated in Figure 3.4). We compare

the performance of MPO, CRR with a less conservative objective (with an indicator

function which corresponds to� ! 0 as discussed in 3.3.2), CRR with a more

conservative objective (� = 1) and the O�ine Distillation Pipeline. In the example

shown in Figure 3.6, the robot in Env-B has its right hip joints deformed for 0.3 rad.

The results for more Env-B variations are included in Appendix B.1.
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We �rst demonstrate the forward transfer problem in Stage-1. As shown on the left

�gure in Figure 3.6, conservative algorithms such as CRR cannot learn as e�ciently

as MPO from scratch. Then, we show the backward transfer problem in Stage-2. To

compare the performance drop better, we enforce the same starting performance of

Stage-2 for all the baselines. This is done by loading the same agent (networks and

replay bu�er) trained with MPO from Stage-1. All the baselines keep training on

the loaded replay bu�er with Env-A data while collecting new data in Env-B with

the latest policy. In Stage-2, the policy only collects data in Env-B, but we evaluate

the performance in both Env-A and Env-B. From the middle �gure in Figure 3.6,

the performance of MPO drops signi�cantly in Env-A after the switch. This could

potentially be explained by the fact that Env-A transitions are \o�ine" during

Stage-2 and thus the extrapolation error starts to accumulate. The forgetting issue

also happens in the less conservative CRR, despite being less severe than MPO. The

more conservative CRR keeps the performance of Env-A e�ectively which indicates

that the performance drop is indeed related to the extrapolation issue in o�ine RL.

However, as shown in the right �gure in Figure 3.6, more conservative CRR does not

improve the performance in Env-B as the other baselines.

In summary, these baselines either struggle with backward transfer or forward

transfer. As described in Section 3.5, we propose the O�ine Distillation Pipeline

which distills the data collected by MPO using CRR. In this experiment, we perform

the distillation step at the end of Stage-2. The performance is shown as the dotted

lines in the �gures. Taking the best of both world, our method can achieve better

performance than the baselines in both environments. Note that in this experiment

we include the results of the proposed method with the data imbalance issue �xed

which will be discussed in the next section.

3.7.3 Imbalanced Experience in O�ine Distillation

As discussed in Section 3.6, we sometimes observe a performance drop during the

distillation phase in the proposed pipeline with imbalanced experience. We will

provide experimental evidence for the hypothesis that the decrease in performance

is caused by the imbalanced size and quality between the datasets. In this section,

we use CRR with the indicator function by default which corresponds to a less
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conservative CRR objective as discussed in Section 3.3.2.

The Imbalance Issue. Following the setup in the previous section (Figure 3.4),

we run the o�ine distillation step at the end of Stage-2 with the combination of

dataset DA in Env-A from Stage-1 andDB i in Env-B from Stage-2, both collected

by MPO. We apply di�erent environment variations in Env-B to generateDB i with

di�erent i while keepingDA the same in the combined dataset (Figure 3.5). In

Figure 3.7a, the blue curves (Combined Dataset ) show the performance of the

distilled policy � DA [D B i
evaluated in Env-A and Env-B across the CRR training

process of the distillation stage. Each column corresponds to a di�erentDB i . Note

that there is no data collection in this stage and the x-axis here is the number of policy

updates in CRR rather than environment steps. As a comparison, we run CRR onDA

and DB i separately with the same hyperparameters (Env-A Dataset Only , Env-B

Dataset Only ). Given that there is no partial observability (see Section 3.7.1), we

expect � DA [D B i
to have similar or better performance than� DA evaluated in Env-A,

and � DB i
evaluated in Env-B i . From the second row of Figure 3.7a, the performance

in Env-B i is similar between� DA [D B i
and � DB i

at convergence. However, from the

�rst row of Figure 3.7a, the performance of� DA [D B i
in Env-A is much worse than

training with DA alone: we observe the blue curves to converge at a lower reward,

converge much slower, or becomes unstable during training. Despite being trained on

the sameDA , the distilled policies � DA [D B i
have very di�erent performance in Env-A

due to the fact that they are combined with di�erent DB i . Although the performance

drop in Env-A does not always happen, it is important to understand when and why

the performance degrades to develop a robust lifelong learning pipeline that works for

diverse settings. To get more insights of the problem, we also train a behavior cloning

policy with the combined dataset. Figure 3.8 includes the �nal performance of CRR

(Baseline ) and behavior cloning (BC ) over the combined dataset. Despite the size

imbalance, with only supervised learning, BC performs reasonably well in Env-A.

The CRR Baseline is much worse than BC in Env-A. This comparison indicates that

the performance drop we observe in Env-A is more likely to be rooted in the RL

procedure, instead of being a regular data imbalance problem in a supervised setting.

We have also tried a few sanity check experiments including increasing batch size,

increasing network capacity, or using a mixture of Gaussians as the policy output.

None of these can prevent the performance drop in Env-A. In the following sections,
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(a) Reward

(b) Q-values

Figure 3.7: The imbalance issue in O�ine Distillation: Training CRR with the
combined dataset results in much lower performance in Env-A compared to training
on the individual dataset. However, the worse performance corresponds to a higher
average Q-value which indicates overestimation.
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Figure 3.8: To study the imbalance issue, the �gure shows the �nal performance of
di�erent variants of the o�ine distillation step at 5e6 policy updates. The Baseline
corresponds to the performance ofCombined Dataset in Figure 3.7.

we will discuss the most important experiments that can support our hypothesis

discussed in Section 3.6.

Overestimation due to the imbalanced quality. Figure 3.7b plots the average

estimated Q-values of each method over (s; a) � D A and (s; a) � D B i separately.

Although � DA [D B has a lower performance in Env-A than� DA , the corresponding

Q-functions Q� D A [D B i produce higher estimated Q-values over Env-A datapoints,

which indicates signi�cant overestimation. In contrast, if we compare the Q-values

over (s; a) � D B i on the second row, the curves are similar to each other within each

plot. This indicates that Q� D A [D B i su�ers from overestimation speci�cally for Env-A

data points. Furthermore, we observe that the average Q-value overDB i is higher

than DA for the individual dataset experiments. This is becauseDA is collected

by training from scratch, while DB i is collected during Stage-2 where the policy is

bootstrapped from the previous experience and starts from a higher performance (see

Figure 3.6). This observation leads us to the hypothesis that the high value datapoints

in Env-B bias the Q-function which leads to overestimation for Env-A datapoints.

To verify this hypothesis, we perform an experiment where we scale the reward for

all the transitions in DB by 0:5, which does not change the optimal solution of the

policy. After this change, the distilled policy with the combined dataset works well on

both environments (Scale Rwd in Figure 3.8) and achieves similar performance as
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the individual dataset baselines. However, re-scaling the reward is not an acceptable

solution in our problem setting because it requires the knowledge of task boundaries.

It only serves as an analysis to demonstrate the imbalance issue due to the quality of

the dataset.

Additional �tting error of the actor. We also test the contribution of the

�tting error of the actor to the overall extrapolation error. We use separate actor

networks for each dataset when training CRR on the combined datasetDA [ D B i

(Two Actors in Figure 3.8): Actor-A and Actor-B are trained with the transitions

from Env-A and Env-B respectively, while the critic is shared across two environments.

This change also makes the policy work well in both environments despite that the

imbalanced reward is not corrected. In the Two Actors experiment, we �nd that

the overestimation overDA still exists but has been reduced. Together with the

Scale Reward experiment, the results indicate that the overestimation we observe

in Figure 3.7b in Env-A is caused by two sources of error: the imbalanced quality

creates overestimation; The imbalanced size creates more �tting error of the actor

which results in more out-of-distribution actions that may take advantage of the

overestimation. Note that using two separated actors also requires task boundaries

and only serves as an analysis.

E�ectiveness of the temperature. As shown in previous sections, �xing either

the imbalanced quality or the �tting error of the actor makes the algorithm stable

when evaluated in both Env-A and Env-B. However, we need a solution that does not

require task boundaries. As proposed in Section 3.6, increasing the temperature term

� in CRR can largely �x this issue. Figure 3.8 includes the performance of CRR with

di�erent � . Baseline uses an Indicator function as the transformation function which

corresponds to very small� . With increased� , the performance in Env-A increases.

Although we observe a minor drop in Env-B with high� , the overall performance

in both Env-A and Env-B are reasonably satisfactory. To further demonstrate the

e�ectiveness of increasing� , we conduct an experiment where we upsample either

DA or DB i to simulate other compositions of the combined dataset (Figure 3.9). As

mentioned in Section 3.7.1, the size ratio ofDA : DB i is 1 : 5 (denoted asraw ).

The performance in Env-A of CRR with the indicator function (Baseline ) decreases

drastically with higher Env-B sampling ratio. Interestingly, when the size ratio is

1 : 1, the policy is still not able to consistently achieve the single dataset performance
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Figure 3.9: Sensitivity analysis of data imbalance: Higher� makes CRR more robust
to di�erent ratios of dataset imbalance. The legend indicates the dataset size ratio of
Env-A:Env-B corresponding to di�erent colors.

in Env-A (which is expected to be above 400 as shown in Figure 3.6). In contrast,

CRR with � = 1 works well across a wider range of size ratios (which is what we

use in Section 3.7.2). As shown in previous work [130], the speci�c choice of� could

be domain-dependent. The more important takeaway from this analysis is that if

we observe a performance drop during RL training with an imbalanced dataset, we

may consider increasing the conservativeness of the policy to compensate for the

additional extrapolation error, such as increasing� in CRR.

3.8 Conclusion

In this work, we investigate the lifelong learning problem of variations in environment

dynamics as commonly observed when learning on robot hardware. Our main

contributions include identifying and addressing two challenges within such a problem

setting: First, we �nd that there is a trade-o� between backward and forward

transfer of existing RL algorithms in this problem setting even when we keep all

of the transitions in the replay bu�er. We connect the problem to o�ine RL and
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propose the O�ine Distillation Pipeline to break this trade-o�. In the proposed

pipeline, the forgetting issue is prevented by distilling the replay bu�er data across

multiple environments into a universal policy as an o�ine RL problem. In this

way, the solution to the forgetting problem is disentangled from data collection. We

empirically verify the e�ectiveness of the pipeline through a bipedal robot walking task

in simulation across various physical changes. Second, we identify an potential issue

with imbalanced experience in o�ine distillation. Through controlled experiments,

we demonstrate how the quality imbalance and the increased �tting error of the actor

might exacerbate extrapolation error and create a performance drop. We also provide

a simple yet e�ective solution to this issue by increasing the temperature term in

CRR.

The insights from this work could potentially be applied in other settings beyond

the lifelong learning problem of varying dynamics. For example, the O�ine Distillation

Pipeline can be used in other lifelong reinforcement learning settings with a di�erent

de�nition of \task" without varying dynamics. The imbalance issue may also happen

in other cases of multi-task learning in o�ine RL, or in single-task RL with su�cient

non-stationarity (e.g. due to partial observability). In future work, we hope to see

the proposed method being veri�ed and deployed in more settings including having

multiple distillation steps across the training procedure or real robot experiments.
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Chapter 4

Learning to Grasp the Ungraspable

with Emergent Extrinsic Dexterity

4.1 Introduction

Humans have dexterous multi-�ngered hands; however, similarly dexterous robot

hands are expensive and fragile. Instead, a simple hand can achieve dexterous

manipulation by leveraging the environment, known as \Extrinsic Dexterity" [18].

For example, a simple gripper can rotate an object by pushing it against the table [11],

or lifting an object by sliding it along a vertical surface [45]. With the exploitation

of external resources such as contact surfaces or gravity, even simple grippers can

perform skillful maneuvers that are typically studied with a multi-�ngered dexterous

hand. Di�erent from a common practice of considering the robot and an object of

interest in isolation, extrinsic dexterity focuses on a holistic view of considering the

interactions among the robot, the object, and the external environment.

Previous work in extrinsic dexterity has demonstrated a variety of tasks such as

in-hand reorientation with a simple gripper, prehensile pushing, or shared grasping [11,

18, 45]. However, the underlying approaches come with several limitations such as

relying on hand-designed motions or primitives with limited capability of generalizing

across di�erent objects, making assumptions about contact locations and contact

modes, or requiring speci�c gripper design [11, 12, 15, 16, 18, 44, 45]. Instead, we
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Figure 4.1: We present a system for the \Occluded Grasping" task with extrinsic
dexterity. The goal of this task is to reach an occluded grasp con�guration (indicated
by a transparent gripper). The �gure shows an example of the emergent behavior of
the policy and successful sim2real transfer.

build a system with reinforcement learning (RL) to remove these limitations. With

RL, the agent can learn a closed-loop policy of how the robot should interact with the

object and the environment to solve the task, taking into account both planning and

control. In addition, when trained with domain randomization, the policy can learn

to be robust to di�erent variations of physics. These properties of RL can enable

extrinsic dexterity in a more general setting.

In this work, we study \Occluded Grasping" as an example of a task that requires

extrinsic dexterity. The goal of this task is to grasp an object in poses that are

initially occluded. Consider, for example, a robot that needs to grasp a cereal box

lying on its side on a table; the desired grasp is not reachable because it is partially

occluded by the table (Figure 4.1). To achieve this grasp with a parallel gripper,

the robot might rotate the object by pushing it against a vertical wall to expose the

desired grasp and then reach it. This task is in contrast with common grasping tasks

which focus on reaching an unoccluded grasp in free space with a static or near-static

scene [83, 86, 128].

The goal of this work is to build a system for the \Occluded Grasping" task as an

example of the combination of RL and extrinsic dexterity that works on a physical

robot. We investigate design choices of such a system and emphasize the simplicity

of the method. With model-free RL, we design a reward function that optimizes

pre-grasp and grasping motion without the separation of stages as previous work
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in pre-grasp [10, 36, 118]. By placing the object in the bin and using a compliant

low-level controller, the agent shows emergent extrinsic dexterity behavior without

additional reward terms. We also incorporate a set of desired grasps with a training

curriculum and a grasp selection procedure during evaluation. We improve the

policy with Automatic Domain Randomization [91] over physical parameters which

robustify the contact-rich behaviors across noise and environment variations. In the

experiments, we provide a comprehensive evaluation of the system in simulation to

analyze the importance of each component. The policy is zero-shot transferred to

the physical robot and successfully executes similar behaviors to complete the task.

The policy achieves a success rate of 78% and shows generalization across various

out-of-distribution objects. Our main contribution is the real robot experiment results.

Existing work with a simple hand has not shown such behaviors on the real robot

with a similar level of complexity in contact events and generalization across objects

at the same time.

4.2 Related Work

4.2.1 Extrinsic dexterity

\Extrinsic dexterity" is a type of manipulation skill that enhances the intrinsic capa-

bility of a robot hand using external resources including external contacts, gravity, or

dynamic motions of the arm [18]. Previous work in extrinsic dexterity has demon-

strated complex tasks with a simple gripper including in-hand reorientation [18, 44],

prehensile pushing [11, 12], shared grasping [45], and more. Their methods are

based on hand-crafted trajectories [18], task-speci�c motion primitives [23, 44, 45], or

planning over contact modes [11, 12, 15, 16] to simplify the problem. They relies on

careful assumptions on contacts such as assuming a �xed number of sticking contacts

between the �ngertips and the object. In this work, we take an alternative approach

to use RL to learn a closed-loop policy that considers both planning and control

without limitations on contact events. The resulting policy shows more versatile

contact switches beyond prior work and can be transferred to a physical robot.
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4.2.2 Grasping

Grasping is an important task in robot manipulation and has been studied from

various aspects.

Grasp generation: One area of study in grasping is to generate stable grasps using

analytical approaches [90, 110] or learning approaches [9, 83, 85, 86, 96]. In this work,

we assume that the desired grasp con�gurations are given which may come from any

grasp generation method.

Grasp execution: To execute a grasp following grasp generation, a motion planner

is usually used to generate a collision-free path towards the desired grasp con�g-

uration [27, 127, 128, 129]. All of these works aim at achieving the unoccluded

grasp con�gurations in static or near-static scenes. Instead, our work focuses on a

complementary direction of achieving occluded grasp locations by interacting with

the object of interest. Another line of work in grasping uses an end-to-end pipeline

without the separation of grasp generation and grasp execution [54, 117]. However,

they do not demonstrate performing the occluded grasps studied in this work.

Pre-Grasp manipulation: To deal with occluded grasps, prior work has studied

pre-grasps as a preparatory stage of the grasping task. Typical motions for pre-grasps

include rotation through planar pushing [10], sliding the object to the edge of the

table [36, 58], or rotate the object against the wall [118]. Sun et al. [118] is the most

related to our work, but they use a specially designed end-e�ector to perform the

pre-grasp motion and then use a second gripper to grasp. We demonstrate that the

full grasping task can be solved with a single gripper without special requirements

on the end-e�ectors. These previous work typically separates pre-grasp motion and

grasp execution into two stages and impose restrictions on the transitions of the

stages. Instead, we co-optimize pre-grasp and grasp execution throughout the episode

without explicit separation of the stages.
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Figure 4.2: Notations: W E denotes the pose of the end-e�ector in the world frameW .
Og denotes the target grasp in the object frameO. Six marker locationsmi in green
on the target grasp are used to calculate the occlusion penalty.

4.2.3 Reinforcement Learning for Manipulation

Previous work in RL for manipulation usually treats the object and the robot in

isolation from the environment without considering extrinsic dexterity. RL has been

applied to dexterous manipulation with a multi-�ngered hand and shows contact-rich

behaviors [13, 87, 91]. In contrast, with a parallel gripper, prior work focuses on tasks

with limited contacts and object motions without utilizing the environment [66, 124].

This is the �rst work that demonstrates extrinsic dexterity with a simple parallel

gripper using RL.

4.3 Task De�nition: Occluded Grasping

The goal of a common grasp execution task is to move the end-e�ectorE close to a

given desired grasp poseg. The desired grasp might come from any grasp generation

method [83, 85, 86] as the input to the grasp execution task. As shown in Figure 4.2,

we de�ne an\Occluded Grasping" task to be a subset of the grasp execution tasks

where the input desired graspg is initially occluded. To clarify, the term \occluded"

in this work is more than visual occlusion. It means the desired grasp intersects with

the table and moving the gripper in free space cannot solve this task. The robot has

to interact with the object to make the grasp pose reachable. The graspOg is de�ned

in the object frame O and moves with the object. Formally, the grasp execution
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is de�ned to be successful if the position di�erence �T(g; E) and the orientation

di�erence � � (g; E) are less than the pre-de�ned thresholds� T and � � respectively at

the end of an episode. After successfully reaching a desired grasp pose, the gripper

will be closed to complete the grasp. In addition, when the input to the system is a

set of graspsG = f gi gk
i =1 instead of a single grasp, the agent may select any of the

grasp to approach to.

4.4 Learning dexterous grasping with

Reinforcement Learning

We build a system that learns a closed-loop policy for the occluded grasping task

de�ned above with model-free RL. In this section, we will discuss important design

choices of the system including the design of the RL problem, the extrinsic environment,

and the choice of low-level controller. Then we will discuss how to deal with a set

of grasps by training with a grasp curriculum and selecting the best grasp during

evaluation. We also include Automatic Domain Randomization [91] to improving the

generalization of the policy across environment variations.

4.4.1 Preliminaries: Goal-conditioned Reinforcement

Learning

We de�ne a Markov Decision Process (MDP) with statesst 2 S, actions at 2 A ,

reward function r : S � A ! R, and discount factor
 . The state space, action space

and the reward function for our task will be discussed in detail in the next section. The

goal is to �nd a policy � (at jst ) that maximizes the return Rt =
P 1

k= t 
 k� t r (sk ; ak). A

Q-function is de�ned to be the expected return of the policyQ� (s; a) = E� [Rt jst ; at ].

In goal-conditioned RL, we de�ne a set of goals� 2 G correspond to the reward

function r � (st ; at ) [107]. To train a policy with a set of goals, both the policy and the

Q-function will now take the goal � as input, given by � (at jst ; � ) and Q� (st ; at ; � ). In

the occluded grasping task, we use the desired grasps as goals.
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Figure 4.3: Outline of policy execution: Given the observations, the policy outputs an
end-e�ector delta movement (Section 4.4.2) to the low-level controller (Section 4.4.4).

4.4.2 RL Problem Design

Observation and Action Space: The observation that is input to the policy in-

cludes a target grasp con�guration in the object frameOg, the pose of the end-e�ector

in the world frame W E and the object pose in the world frameW O. Note that the

policy only takes one graspOg as input but we will discuss how to deal with a set of

grasps in Section 4.4.5. For real robot experiments, we use Iterative Closest Point

(ICP) for pose estimation of the object which matches a template point cloud of

the object to the current point cloud [104]. The action space of the policy is the

delta pose of the end-e�ector �E in its local frame which is passed into a low-level

controller (Section 4.4.4). An outline of the policy execution is shown in Figure 4.3.

More details can be found in Appendix C.2.

Reward: We design the reward function to optimize the pre-grasp motion and grasp

execution without separating them into two stages as in previous work [10, 36, 58, 118]:

r = �D (g; E) + �
X

i

P(mi ) (4.1)

D(g; E) = � 1� T(g; E) + � 2� � (g; E) (4.2)

where� 1, � 2 and � are the weights for the reward terms. The �rst term of Equation 4.1,

D(g;OE), is the pose di�erence between the target grasp and the current end-

e�ector pose, which is to optimize for reaching the grasp. This term is expanded

in Equation 4.2 to include the translational and rotational distance, as described in

Section 4.3. The second term of Equation 4.1 is the target grasp occlusion penalty

which is to penalize the agent if the target grasp con�guration is in collision with
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the table. This corresponds to a pre-grasp objective. To measure how much the

target grasp is occluded by the table, we set six marker points on the target gripper

(Figure 4.2) denoted asmi and compare the height of the markers with the table top.

If a marker is below the table top, the height di�erence will be used as the penalty.

Including this occlusion penalty can e�ectively reduce the local optima where the

gripper will reach close to the target grasp (which is occluded) without trying to move

the object. Note that we did not impose any reward terms that are explicitly related

to extrinsic dexterity. In our system, the use of extrinsic dexterity is an emergent

behavior of policy optimization given our objective and environmental setup.

4.4.3 Extrinsic Environment

To exploit the bene�ts of extrinsic dexterity from object-scene interaction in this

task, we construct the scene as having an object in a bin, instead of leaving the

object on the table as shown in Figure 4.2. We also make the workspace of the robot

large enough such that the robot can move the object to make contacts with the

walls (during which the robot itself may also make contact with the wall). In the

experiments, we will show that the policy will learn to utilize the wall to rotate the

object. Without the wall, it is not able to �nd a strategy that can perform the task

with the parallel gripper.

4.4.4 Choice of Low-level Controller

The choice of low-level controller is important for this task due to the fact that

we expect the agent to use extrinsic dexterity which involves rich contacts among

the gripper, the object and the bin. We choose Operation Space Control (OSC) as

the lower-level controller to execute the policy output which operates at a higher

frequency (100Hz) than the RL policy (2Hz) [55] (Figure 4.3). Given a desired pose

of the end-e�ector, OSC �rst calculates the corresponding force and torque at the

end-e�ector to minimize the pose error according to a PD controller with gainK p

and K d. Then, the desired force and torque of the end-e�ector will be converted into

desired joint torques according to the model of the robot. We choose relatively low

gains so that the controller becomes compliant in the end-e�ector space. There are two

bene�ts of a compliant OSC in such a contact-rich manipulation task with extrinsic
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dexterity. First, being compliant in end-e�ector space allows safe execution of the

motions without smashing the gripper on the objects or the bin. Limiting the delta

pose and selecting proper gainsK p, K d will limit the �nal force and torque output of

the end-e�ector. If we use a controller that is compliant in the joint con�guration

space instead, we will not have direct control over the maximum force the end-e�ector

might have on the object and the bin. Second, as shown in Mart��n-Mart��n et al.

[75], using OSC as the low-level controller might speed up RL training and improve

sim2real transfer for contact-rich manipulation.

4.4.5 Multi-grasp Training and Grasp Selection

In this section, we consider the scenario in which a set of desired grasp con�gurations

are given instead of just a single one. During training, given a set of graspsGtrain ,

we aim at covering as many grasp con�gurations as possible. As we will show in

the experiments, reaching di�erent grasps might require a signi�cantly di�erent

behavior. Learning directly over a diverse set of goals might create di�culties for

policy learning [32, 140]. We use an automatic curriculum following OpenAI et al.

[91] to gradually expand the set of grasps to be trained with. We start the training

with just a single �xed grasp; after the policy has achieved a success rate larger than

a threshold, it will be trained on a slightly larger set with grasps close to the initial

grasp location.

During testing, if a set of graspsGtest is provided, we can select the best grasp

within the set to improve the performance of the grasping task, following previous

work in integrated grasp and motion planning [27, 127, 128]. With value-based

model-free RL algorithms such as Soft Actor Critic [34], the policy is trained

together with a Q-function (de�ned in Section 4.4.1). We propose to select the

grasp that maximizes the learned Q-function for the given observation and action:

g� = arg maxg� Gtest Q(st ; at ; g). The selection can be performed for each timestept,

or at the beginning of an episode whent = t0. We include both implementations in

the experiments. This can select the grasp that is most easily reached which depends

both on the environmental con�guration as well as how well the policy has learned to

achieve di�erent grasp con�gurations.
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4.4.6 Improving Policy Generalization

To improve generalization across environment variations, we train the policy with

Automatic Domain Randomization (ADR) [91]. Similar to the multi-grasp curriculum,

the policy is �rst trained on a single environment with a single object, and gradually

expands the range of randomization automatically according to its performance. This

signi�cantly reduces the e�ort of tuning the range of randomization. We randomize

di�erent variations of the environment properties such as object size, density, and

friction coe�cient. We also randomize the parameters of the controller. More

descriptions on the ADR procedure can be found in Appendix C.3.

4.5 Experiments

We build the simulation environment for this task using Robosuite [153] and the

MuJoCo simulator [125] as shown in Figures 4.1 and 4.2. The environment contains

a Franka Emika Panda robot with a parallel gripper and an object in the bin in

front of it. We focus on grasping large 
at objects from the side since they cannot

be grasped with a top-down motion. The policy is trained in simulation with Soft

Actor Critic [ 34]. In this section, we include the results in simulation to discuss each

component of the proposed system. We then evaluate zero-shot sim2real transfer on

a physical Panda robot across di�erent objects. Implementation details can be found

in Appendix C.2.

4.5.1 Training Curves and Ablations

We �rst evaluate our method by training the policies with a single desired grasp in

the default environment without ADR. Figure 4.4(left) shows the training curve of

the proposed method and the ablations. The policy trained with the complete system

can reach a success rate of 100% before 4000 episodes which corresponds to 160000

environment steps. To evaluate the importance of extrinsic dexterity, we remove the

walls of the bin. The resulting policies have 0% success rate and push the object

outside of the table. For ablations on the reward function, we remove the occlusion

penalty (the second term of Equation 4.1) and also try a sparse reward. Without the
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Figure 4.4: Training curves and ablations: Left: ablations on the reward function
and the wall. Right: ablations on the controller.

occlusion penalty, the policy is more likely to get stuck at a local optima (an example

shown in Figure 4.5a) and thus the success rate becomes lower. With the alternative

of a f� 1; 0g sparse reward, the policy learns much slower. We also experiment with

di�erent low-level controllers. Both joint torque and joint position control lead to

worse performance which indicates the importance of using end-e�ector coordinates.

With a less compliant controller by increasing the gains of OSC, the success rate

becomes lower which demonstrates the importance of compliance for contact-rich

tasks in addition to the safety considerations.

4.5.2 Emergent Behaviors

Figure 4.1 shows a typical strategy of a successful policy which involves multiple

stages of contact switches. The gripper �rst moves close to the object and makes

contact on the side of the object with the top �nger. It then pushes the object against

the wall to rotate it. During this stage, the gripper usually maintains a �xed or

rolling contact with the object, but sliding also occurs. The object might have sliding

or sticking contacts with the wall and the ground. After the gripper has rotated a bit

further and the bottom �ngertip is below the object, the gripper will let the object

drop on the bottom �nger. After that, the gripper will try to match the desired pose

more precisely. At this point, the policy has executed the grasp successfully and

it is ready to close the gripper. This type of learned contact-rich behaviors with a
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