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ABSTRACT OF THE DISSERTATION

Learning Generalizable Robot Policies by Understanding Semantics and Logic from Task
Demonstrations

by

Tianyu Wang

Doctor of Philosophy in Electrical Engineering (Intelligent Systems, Robotics and Control)

University of California San Diego, 2024

Professor Nikolay Atanasov, Chair

Autonomous robots have the potential to play a critical role in various aspects of modern
life, including search and rescue, autonomous driving, medical surgery, agricultural farms, etc.
Reinforcement learning algorithms allow intelligent agents to discover optimal behavior through
trial and error from the interactions with the environment and have been successfully applied to
playing video games, mastering the game of Go and training large language models. In robotics,
this data driven learning approach is also promising for locomotion, manipulation and navigation.

When demonstrations are available, an agent can learn to perform a task by imitating

expert behavior. However, the agent has to generalize to novel scenarios that are not seen in

XV



training. This thesis introduces two aspects to learn generalizable policies from demonstrations.
The first method infers a cost function from semantic and geometric information from obser-
vations and can generalize to unseen, dynamic, partially observable simulated environments
for autonomous driving scenarios. The second method infers task logic from demonstrations
which are in turn used as constraints for motion planning. It exploits the hierarchical logic
structure from demonstrated trajectories and can generalize to sequential, compositional planning
problems.

Another challenge towards deploying robots in the natural world is the ability to bridge
the simulation to reality gap. While simulation provides training data at low cost, the policy
should be able to account for mismatches in sensing and actuation when deployed on real robots.
To address these challenges, this dissertation introduces a latent space alignment approach where
policies trained on a source robot can be adapted to a target robot of different embodiments.
Finally, this dissertation also presents a sim-to-real method for throwing and catching objects
with bimanual robots, where they need to cooperate precisely to interact with diverse objects at

high speed.
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Chapter 1

Introduction

Deep reinforcement learning has demonstrated incredible performance on many human-
level challenging tasks, from video games like StarCraft and Dota [168, 14] to professional
Go games [151, 152]. When modern machine learning techniques learn to excel at specific
and well-defined tasks, their real-world applications are limited when generalization gaps exist
between training and testing environments [34, 164]. It remains challenging for robots to
understand physical entities of the world like humans do and adjust their learned skills to react
to environment changes. However, humans have the ability to extrapolate from prior knowledge
and experience to generalize across different situations. The ability to distill abstract information
enables us to adaptively improve and generalize to unseen scenarios.

Consider teaching a robot to pour a cup of tea by imitating a human expert. The robot
needs to understand the semantic and geometric meanings of the physical objects in the scene,
e.g., tea kettle, cups, plates and table. From demonstrations, it needs to associate positive rewards
for bringing the kettle to a cup and negative rewards for undesired behaviors like tossing plates
and knocking over cups. It also needs to layout a task plan and decompose a given high-level
objective into subgoals, e.g., fetching the kettle, pouring into the cup, and putting the kettle
back on the table. Once the robot understands the concepts for pouring tea, it needs to execute
the skills by taking into account the differences between the physical limitations of the human

demonstrator and itself. For example, the human hand has five fingers while the robot is equipped
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Figure 1.1. A robot development process includes understanding the demonstrated concepts to
infer reward functions, developing corresponding skills and behaviors, and adapting to robot and
environment changes during deployment.

with a parallel gripper. How should the robot obtain a grasp pose which makes pouring easy
when the center of mass changes for the tilted kettle? Inspired by our reasoning process, this
dissertation proposes novel deep learning models to infer cost functions from demonstrations
which understand the semantics and logic from observations and novel domain adaptation
techniques to allow robots to solve real world problems. Fig. 1.1 highlights the core components
of this dissertation. The robot first infer the high-level structures and low-level reward functions
of the demonstrated task. It then develops skills that are consistent with the learned structure
and reward. Finally, the robot accounts for the physical differences in the demonstrator to carry
out the skills and imitate the desired behavior. On a high level, the main contributions of this

dissertation are as follows:

* First, it introduces novel techniques to learn reward functions from demonstrations, encap-

sulating semantic relations and logical constraints from observations.

» Second, it introduces novel domain adaptation approaches to address training and deploy-

ment mismatch, including robot embodiment difference and sim-to-real gap.

1.1 Learning from Demonstrations

Imitation learning learns a mapping from observations directly to a control policy that

matches expert demonstrations. However, it typically suffers from distribution mismatch between



training and testing and does not consider long-horizon planning. Inverse reinforcement learning
(IRL) aims at recovering a cost function under which the expert demonstrations are optimal.
Prior works in IRL include maximum-margin [139] and maximum-entropy [192] formulations.
In this dissertation, we investigate how to discover and exploit observation information, such
as semantics, geometry and logic, from demonstrated trajectories and design a cost function
that implicitly satisfy these constraints. Chapter 3 of this dissertation addresses the problem of
learning from demonstrations by understanding semantics and inferring logic. We propose a
cost function representation that is learned using semantic features and a differentiable motion
planning algorithm that efficiently optimizes the cost function parameters using an objective
function that maximizes the likelihood of the expert demonstrated behavior. We also propose
to discover hierarchical logic structure from demonstrations and encode as constraints in the
differentiable motion planning algorithm. The proposed methods allow us to generalize the
control policy to unseen environments and dynamic obstacles by understanding semantic entities

and solving long-horizon, sequential and compositional planning problems.

1.2 Generalization from Simulation to Real World

Reinforcement learning algorithms emerge as a promising tool for solving complex
decision making and control problems. However, it remains challenging to deploy the trained
policy on physically embodied agents. While simulation can provide training data at low cost,
it always inherits physical mismatches from reality. Common techniques for bridging this gap
include domain randomization [82, 4], where the policy is trained with perturbed simulation
settings in order to cover the real world data distribution, and domain adaptation [66, 166, 58],
where models learned in the source domain are adapted to a different target domain usually
through a unified feature space. Chapter 4 of this dissertation presents several approaches to
bridge the gap between training policies in simulation and deploying robots in real world. We

first present a framework to learn policy functions in latent action space that captures the task



structure when imitating expert behavior in complex robotic tasks. It allows adversarial imitation
learning algorithms to be trained efficiently in the latent structured action space, especially
for high-dimensional systems. Next, we present a novel approach which aligns source and
target robots with different embodiments in a common latent state and action space which is
trained with distribution matching and cycle consistency objectives. Through this latent space,
policies trained on the source robot in simulation can be transferred to a real target robot without
further finetuning. Finally, we demonstrate a bimanual robot manipulation skill where the policy
is trained with reinforcement learning in simulation and sim-to-real transfer is performed on
real robots. It precisely throws and catches diverse objects at high speed using two arms with

multi-finger hands.



Chapter 2

Background

This dissertation focuses on using inverse reinforcement learning algorithms to infer task
logic and reward function from demonstrations and on deploying the algorithms in autonomous
robot navigation and robot manipulation applications. This section provides background infor-

mation on reinforcement learning and inverse reinforcement learning.

2.1 Reinforcement Learning

In reinforcement learning (RL) [158] we consider a Markov decision process which

consists of
* aset of states S, where s € S may be either discrete or continuous,
* aset of actions A, where a € A may be either discrete or continuous,

* dynamics function p(s’ | s,a) that maps a state-action pair to a distribution of the next

state,

* areward function r(s,a),

a scalar discount factor y € (0, 1] that emphasizes immediate rewards.

In this thesis, we may use the symbol x € X’ to denote states interchangeably with s, and u € U

to denote actions or controls interchangeably with a. Additionally, we define a cost function as



c(s,a) = —r(s,a). The goal of an RL algorithm is to learn a policy, which defines a distribution
over actions conditioned on states, (a | s). A trajectory is a sequence of states and actions of
length H, given by T = (s, ao, . ..,Sy,ay) where H might be infinite. The trajectory distribution

pr for a given MDP and policy 7 is given by

H

px(T) = p(So)HJt(a, |s)p(Si+1 | sr,ar). (2.1)
t=0

The value function of a policy, V”, can be expressed as an expectation under this trajectory

distribution

Vﬂ (S) - ETNP?T

i Yr(s,a)|sy= s] , (2.2)

t=0

and the optimal value function V*(s) = max, V*(s) is the maximal possible long-term return a
policy can achieve from a state s. A policy 7* is optimal if V7 (s) = V*(s) Vs.
When the state and action spaces are discrete, a popular algorithm for calculating V* and

7" is value iteration. We initialize V(s) randomly and at each iteration kK we compute:

Vir1(s) = max Oy (s,a) (2.3)

Ok(s,a) =r(s,a)+ 7Y p(s'| s,a)Vi(s). (2.4)

It is well known that the value function Vj converges as k — o [16]. We define a stochastic

e-greedy policy as:

random a € A with probability ”fTH
m(s) = (2.5)
argmax Qy(s,a) with probability 1 — €
a

for small € > 0. The deterministic optimal policy can be obtained as k — « and € — 0, i.e.,



7 (s) = argmax Qw(S, ).
a
When the state and action spaces are continuous, policy gradient methods directly
optimize the policy w by computing the value function gradient. In this case, we assume the
policy (sometimes referred to as actor) is parameterized by a parameter vector 6. Typically, the
policy mg(a | s) is represented by a deep neural network and 6 are the neural network weights.

The gradient of the objective with respect to 8 can be written as

t=0

VeV :]E’L'ane Z?’rve log 7t (a; | s;) (Z Yr r(sy,ay) — (St))] . (2.6)

The advantage function A(s;,a,) = Y7 ¥ ~'r(sy,ay) — b(s;) which estimates the return of the
trajectory, can be learned as another neural network (sometimes referred to as critic) or it can be
simply be estimated with Monte Carlo samples from generated trajectories. The baseline b(s;),
which depends only on the states and not actions, is used to reduce the variance of the return
estimator. Common algorithms for implementing policy gradients include SAC [70], DDPG

[110], TD3 [55], etc.

2.2 Inverse Reinforcement Learning

In inverse reinforcement learning (IRL), the reward function of the MDP is not provided.
Instead, a set of expert demonstrations D = {1y,..., Ty} are supplied. The principal goal of
IRL is to infer the underlying reward r of the expert demonstrations, from which we can predict
behavior using standard RL algorithms. In maximum entropy inverse reinforcement learning
(MaxEnt IRL) [192], the demonstrations are modeled by a Boltzmann distribution, where the

energy is given by the reward function ry:

po(T) = —exp Zr¢ S1,a;)) 2.7)



Intuitively speaking, the optimal trajectories have the highest likelihood and the expert can
generate suboptimal trajectories whose probabilities decrease exponentially as the trajectories
become more costly. The partition function Z is the integral of exp(¥.7 ;7 (s;,a;)) over all
trajectories that are consistent with the dynamics of the environment. We can interpret the IRL

problem as solving the maximum likelihood problem of observing the demonstrated trajectories:

max E:p [logpe(7)] & max E.p
t=0

H
Y ro(siar) —1ogz¢] . (2.8)

When the state and action spaces are discrete with known dynamics and the reward function
is parameterized to be linear in reward features, we can solve the above optimization problem
with dynamic programming [192]. When the system is continuous and the reward function is
non-linear, importance sampling methods can be used to approximate the partition function Z

[50].



Chapter 3

Learning Cost Functions from Demonstra-
tions for Robot Navigation

Autonomous systems are expected to achieve reliable performance in increasingly com-
plex environments with increasingly complex objectives. Yet, it is often challenging to design a
mathematical formulation that captures all safety and liveness requirements across various opera-
tional conditions. Minimizing a misspecified cost function may lead to undesirable performance,
regardless of the quality of the optimization algorithm. However, a domain expert is often able to
demonstrate desirable or undesirable behavior that implicitly captures the task specifications. In
this chapter, we consider inverse reinforcement learning (IRL) problems in which observations
containing semantic and logic information about the environment are available.

We consider two motivating scenarios. First, Fig. 3.1 shows an autonomous vehicle
navigating in an urban environment. The car is equipped with sensors that can reveal information
about the semantic categories of surrounding objects and areas. An expert driver can reason about
a course of action based on this contextual information. For example, staying on the road relates
to making progress, while hitting the sidewalk or a tree should be avoided. One key challenge
in IRL is to infer a cost function when such expert reasoning is not explicit. If reasoning about
semantic entities can be learned from the expert demonstrations, the cost model may generalize
to new environment configurations. Next, we consider a navigation task in Fig. 3.2, requiring a

door to be unlocked before reaching a goal state. Instead of encoding the task requirements as a



Figure 3.1. Autonomous vehicle in an urban street, simulated via the CARLA simulator [41].
The vehicle is equipped with a LIDAR scanner, four RGB cameras, and a segmentation algorithm,
providing a semantically labeled point cloud. An expert driver demonstrates lane keeping (green)
and avoidance of sidewalks (pink) and buildings (gray). This chapter considers inferring the
expert’s cost function and generating behavior that can imitate the expert’s response to semantic
observations in new operational conditions.

cost function, an expert may provide several demonstrations of navigating to the goal, some of
which require picking up the key whenever the door is locked. A reinforcement learning agent
should infer the underlying logic sequence of the demonstrated task in order to learn the desired
behavior.

Imitation learning (IL) has a long history in reinforcement learning and robotics [142, 7,
5, 128, 190, 137, 125]. The goal is to learn a mapping from observations to a control policy to
mimic expert demonstrations. Behavioral cloning [142] is a supervised learning approach that
directly maximizes the likelihood of the expert demonstrated behavior. However, it typically
suffers from distribution mismatch between training and testing and does not consider long-
horizon planning. Another view of IL is through inverse reinforcement learning where the learner
recovers a cost function under which the expert is optimal [120, 121, 1]. Recently, [60] and [88]
independently developed a unifying probabilistic perspective for common IL algorithms using
various f-divergence metrics between the learned and expert policies as minimization objectives.

For example, behavioral cloning minimizes the Kullback-Leibler (KL) divergence between the
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Figure 3.2. (Left) An example trajectory in the MiniGrid environment [28], where an agent has to
pick up a key, open the door, and navigate to the goal. (Right) The trajectory can be decomposed
into three segments, identified by hidden states ;. Transitions between the high-level states are
triggered by events, such as picking up key (op), or opening door (oy).

learner and expert policy distribution while adversarial training methods, such as AIRL [53] and
GAIL [77] minimize the KL divergence and Jenson Shannon divergence, respectively, between
state-control distributions under the learned and expert policies.

Learning a cost function from demonstration requires a control policy that is differentiable
with respect to the cost parameters. Computing policy derivatives has been addressed by several
successful IRL approaches [120, 139, 192]. Early works assume that the cost is linear in the
feature vector and aim at matching the feature expectations of the learned and expert policies.
[139] compute subgradients of planning algorithms to guarantee that the expected reward of an
expert policy is better than any other policy by a margin. Value iteration networks (VIN) by
[161] show that the value iteration algorithm can be approximated by a series of convolution and
maxpooling layers, allowing automatic differentiation to learn the cost function end-to-end. [192]
develop a dynamic programming algorithm to maximize the likelihood of observed expert data
and learn a policy with maximum entropy (MaxEnt). Many works [107, 174, 154] extend MaxEnt
to learn a nonlinear cost function using Gaussian Processes or deep neural networks. [50] use a
sampling-based approximation of the MaxEnt partition function to learn the cost function under
unknown dynamics for high-dimensional continuous systems. However, the cost in most existing

work is learned offline using full observation sequences from the expert demonstrations. A
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major contribution of this chapter is to develop cost representations and planning algorithms that
rely only on causal partial observations. In the case where demonstrations are suboptimal with
respect to the true cost function, a learned cost function can be recovered with preference-based
comparisons [22, 83], self-supervision [24] or human corrections and improvements [12, 81].
In this chapter, we assume that only the demonstrations are provided and we cannot assess the
demonstrator’s suboptimality with respect to the unknown true cost.

There has been significant progress in semantic segmentation techniques, including deep
neural networks for RGB image segmentation [126, 9, 25] and point cloud labeling via spherical
depth projection [172, 40, 115, 36]. Maps that store semantic information can be generated
from segmented images [146, 111]. [57] and [156] generalize binary occupancy mapping [78]
to multi-class semantic mapping in 3D. In this work, we parameterize the navigation cost
of an autonomous vehicle as a nonlinear function of such semantic map features to explain
expert demonstrations. Achieving safe and robust navigation is directly coupled with the
quality of the environment representation and the cost function specifying desirable behaviors.
Traditional approaches combine geometric mapping of occupancy probability [78] or distance
to the nearest obstacle [122] with hand-specified planning cost functions. Recent advances in
deep reinforcement learning demonstrated that control inputs may be predicted directly from
sensory observations [105]. However, special model designs [89] that serve as a latent map are
needed in navigation tasks where simple reactive policies are not feasible. [68] decompose visual
navigation into two separate stages explicitly: mapping the environment from first-person RGB
images in local coordinates and planning through the constructed map with VIN [161]. Our
model constructs a global map instead and, yet, remains scalable with the size of the environment
due to our sparse tensor implementation.

Hierarchical reinforcement learning and options framework [160, 99, 8, 140] are for-
mulations that learn task decomposition and temporal abstraction. Options are high-level
macro-actions consisting of primitive actions. [51] introduces a multi-level hierarchical model

to discover options from demonstrations where option boundaries are inferred for trajectory
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segmentation. [92] uses an unsupervised encoder-decoder model to predict subtask segmentation
and categorical latent encoding. [176] uses graph recurrent neural networks with relational
features between objects for high-level planning and low-level primitive dynamics prediction.

Formal methods have been applied in robotics to prove and guarantee different behavioral
properties such as safety and correctness [131, 112, 46, 44]. For example, linear temporal logic
(LTL) [11] is used to specify safety and liveness objectives with temporal ordering constraints in
control and reinforcement learning problems [97, 98, 44, 45, 17, 52]. Specification mining of
LTL formulas can learn finite state automata from execution traces [103, 84]. LTL formulas can
also be inferred from Bayesian inference [149] or from graph connectivity of directed acyclic
graphs over atomic propositions [31]. We consider weighted finite automata (WFA) in which the
transitions carry weights. Whereas classical automata determine whether a word is accepted or
rejected, WFA can compute quantitative values as a function of the weighted transitions from
the execution of words [43]. WFA offer the expressive power to model quantitative properties,
such as resources, time or cost, of the demonstrated behavior. Under certain assumptions of the
semiring on which the WFA is defined, it can be shown that WFA is expressively equivalant to
weighted monadic second-order (MSO) logic [42, 43].

In this chapter, we first propose an IRL algorithm that learns a cost function from semantic
features of the environment. While other works learn a black-box neural network parametrization
to map observations directly to costs [174, 154], we take advantage of semantic segmentation
and occupancy mapping before inferring the cost function. A metric-semantic map is constructed
from causal partial semantic observations of the environment to provide features for cost function
learning. Instead of dynamic programming over the entire state space, our formulation allows
efficient deterministic search over a subset of promising states. A key advantage of our approach
is that this deterministic planning process can be differentiated in closed-form with respect to the
parameters of the learnable cost function. Next, we introduce an IRL model that learns to infer
high-level task specifications in addition to the low-level control costs to imitate demonstrated

behavior. We use a spectral method to learn a WFA which encodes the task logic structure
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from demonstrations. The agent’s interaction with the environment is modeled as a product
between the learned WFA and a labeled Markov decision process (L-MDP). We demonstrate
that our WFA-IRL method correctly classifies accepting and rejecting sequences and learns
a cost function that generalizes the demonstrated behavior to new settings. In summary, the

contributions of this chapter are:

* We propose a cost function representation composed of a map encoder, capturing semantic
class probabilities from online, first-person, distance and semantic observations and a cost

encoder, defined as a deep neural network over the semantic features.

* We propose to encode the high-level demonstration structure as weighted finite automata,

which can be combined with the low-level space for efficient motion planning.

* We propose a new expert model which enables cost parameter optimization with a closed-

form subgradient of the cost-to-go, computed only over a subset of promising states.

* We evaluate our models in autonomous navigation experiments in a 2D minigrid environ-
ment [28] with multiple semantic categories as well as an autonomous driving task that

respects traffic rules in the CARLA simulator [41].

3.1 Differentiable Semantic Mapping and Planning

3.1.1 Problem Formulation

Environment and Agent Models

Consider an agent aiming to reach a goal in an a priori unknown environment with
different terrain types. Fig. 3.3 shows a grid-world illustration of this setting. Let x; € X
denote the agent state (e.g., pose, twist, etc.) at discrete time ¢. In this work, we will consider
X; € SE(2) composed of 2D position and orientation. Let x, € X" be the goal state. The agent
state evolves according to known deterministic dynamics, X, = f(X;,u;), with control input

u; € U. The control space U is assumed finite. Let L = {0,1,2,...,K} be a set of class labels,
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where 0 denotes “free” space and k € K\ {0} denotes a particular semantic class such as road,
sidewalk, or car. Let m* : X — K be a function specifying the true semantic occupancy of the
environment by labeling states with semantic classes. We implicitly assume that m™* assigns
labels to agent positions rather than to other state variables. We do not introduce an output
function, mapping an agent state to its position, to simplify the notation. Let M be the space of
possible environment realizations m*. Let ¢* : X x U x M — R>( be a cost function specifying
desirable agent behavior in a given environment, e.g., according to an expert user or an optimal
design. We assume that the agent does not have access to either the true semantic map m*
or the true cost function ¢*. However, the agent is able to obtain point-cloud observations
P; = {(p1,y:)}, € P at each step , where p; is the measurement location. In the following
sections, we consider p; € R? for MiniGrid experiments in Sec. 3.1.3 and p; € R for CARLA
experiments in Sec. 3.1.3. The vector of weights y; = [yll yeens yf( ] T, where y;‘ € R, indicates the
likelihood that semantic class k € K\ {0} was observed. For example, y; € RX can be obtained
from the softmax output of a semantic segmentation algorithm [126, 9, 25] that predicts the
semantic class of the corresponding measurement location p; in an RGBD image. The observed

point cloud P; depends on the agent state x, and the environment realization m*.
Expert Model

We assume that an expert user or algorithm demonstrates desirable agent behavior in

T.,N

the form of a training set D := {(XIJHu;k,nvl)EVl?Xg,")}t:l’n:

,- The training set consists of N
demonstrated executions with different lengths 7;, for n € {1,...,N}. Each demonstration trajec-
tory contains the agent states X, ,, expert controls u;in, and sensor observations P; , encountered
during navigation to a goal state X, .

The design of an IRL algorithm depends on a model of the stochastic control policy
" (u | x;c*,m*) used by the expert to generate the training data D, given the true cost ¢* and

environment m*. The state of the art relies on the MaxEnt model [192], which assumes that the

expert minimizes the weighted sum of the stage cost ¢*(x,u;m*) and the negative policy entropy
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Figure 3.3. A 9 x 9 grid environment with cells from four semantic classes: empty, wall, lawn,
lava. An autonomous agent (red triangle, facing down) starts from the top left corner and is
heading towards the goal in the bottom right. The agent prefers traversing the lawn but dislikes
lava. LiDAR points detect the semantic labels of the corresponding tiles (gray on empty, white
on wall, purple on lawn and cyan on lava).

Motion planning

s+ TrAINING PRASE - w+ v rrrrrr ettt .

Xt Xg u;
Cost representation | | | Unexplored area
: : Goal
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Figure 3.4. Architecture for cost function learning from demonstrations with semantic observa-
tions. Our main contribution is a cost representation, combining a probabilistic semantic map
encoder, with recurrent dependence on semantic observations Py.;, and a cost encoder, defined
over the semantic features h,. Efficient forward policy computation and closed-form subgradient
backpropagation are used to optimize the cost representation parameters 6 in order to explain
the expert behavior.
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over the agent trajectory.
We propose a new model of expert behavior to explain rational deviation from optimality.

We assume that the expert is aware of the optimal value function:

T-1

O (x¢,up;¢",m") 1= Tumin Z (X, ug;m*) st Xpy1 = f(Xp, W), X7 =X, (3.1)
M 1T -1 |y

but does not always choose strictly rational actions. Instead, the expert behavior is modeled as a

Boltzmann policy over the optimal value function:

1 Hx * *
exp(——-0*(x;,u;;¢c*,m
(| x5¢",m*) = P(—g Q@ (%, uic,m'))

 Lueuexp(— 5 Q* (xi, usc*,m*))

(3.2)

where « is a temperature parameter. The Boltzmann policy stipulates an exponential preference
of controls that incur low long-term costs. We will show in Sec. 3.1.2 that this expert model
allows very efficient policy search as well as computation of the policy gradient with respect
to the stage cost, which is needed for inverse cost learning. In contrast, the MaxEnt policy
requires either value iteration over the full state space [192] or sampling-based estimation of a
partition function [50]. Section 3.1.4 provides a comparison between our model and the MaxEnt

formulation.
Problem Statement

Given the training set D, our goal is to:

* learn a cost function estimate ¢; : X x U x P*® — R that depends on an observation

sequence Py, from the true latent environment and is parameterized by 6 € ©,

* design a stochastic policy 7; from ¢; such that the agent behavior under m; matches the

demonstrations in D.
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The optimal value function corresponding to a stage cost estimate ¢; is:

T-1

Oi(x;,ursPyy, @) 1= min Y a(xeuPry,0) st Xy = f(Xw), Xp =X (3.3)
L THR T S

Following the expert model proposed in Sec. 3.1.1, we define a Boltzmann policy corresponding

to Oy:
1
ﬁr(ut | X3 Py, 9) o< eXp(_aQt(Xhut;Pltta 9)) (34)

and aim to optimize the stage cost parameters 0 to match the demonstrations in D.

Problem 1. Given demonstrations D, optimize the cost function parameters @ so that log-
likelihood of the demonstrated controls w;,, is maximized by policy functions 7; , obtained

according to (3.4):

N T,
min £(6 Z Z 0g T (U], | X 03 P10, 0). (3.5)

The problem setup is illustrated in Fig. 3.4. An important consequence of our expert
model is that the computation of the optimal value function corresponding to a given stage cost
estimate is a standard deterministic shortest path (DSP) problem [16]. However, the challenge
is to make the value function computation differentiable with respect to the cost parameters 0
in order to propagate the loss in (3.5) back through the DSP problem to update 8. Once the
parameters are optimized, the associated agent behavior can be generalized to navigation tasks in
new partially observable environments by evaluating the cost ¢; based on the observations Py,

iteratively and re-computing the associated policy ;.

3.1.2 Cost Function Representation and Learning

We propose a cost function representation with two components: a semantic occupancy

map encoder with parameters ¥ and a cost encoder with parameters ¢. The model is differen-
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tiable by design, allowing its parameters to be optimized by the subsequent planning algorithm

described in Sec. 3.1.2.
Semantic Occupancy Map Encoder

We develop a semantic occupancy map that stores the likelihood of the different semantic
categories in K in different areas of the map. We discretize the state space X" into J cells and let

T .y .
l,...,m’] €K’ be an a priori unknown vector of true semantic labels over the cells.

m = [m
Given the agent states X, and observations Py.; over time, our model maintains the semantic
occupancy posterior P(m =k | x;,,,Py,), where k = [kl, e " e K’. The representation
complexity may be reduced significantly if one assumes independence among the map cells m/:
P(m =K | X1, Pry) = [T)_  P(m/ =k | X1, P1y).

We generalize the binary occupancy grid mapping algorithm [163, 78] to obtain incre-
mental Bayesian updates for the mutli-class probability at each cell m/. In detail, at time 7 — 1,

we maintain a vector h;_; ; of class log-odds at each cell and update them given the observation

P; obtained from state x; at time ¢.

. T
Definition 1. The vector of class log-odds associated with cell m/ attime ¢ ish, ; = {hg jrees ,h,’f ,}

with elements:

- P(m/ =k | x1:4,P1y)
1,j -— 108 i

J P(m/ =0|x14,P14)

forke IC. (3.6)

Note that by definition, h? ;= 0. Applying Bayes rule to (3.6) leads to a recursive

Bayesian update for the log-odds vector:

P, | m/ =k,x;)
Beo—p 1 p(P; TR
tJ =1, ng(Pl|mj:()’Xl)

IP’(mJ =k | Xy (pl yl)) L
o (pz,%eP, P(mi =0|x;,(p,y)) >

3.7

where p(P; | ml =k, x;) is the likelihood of observing P; from agent state x, when cell m’ has

semantic label k. Here, we assume that the observations (p;,y;) € P; at time ¢, given the cell m/
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and state x;, are independent among each other and of the previous observations Py.,_;. The
semantic class posterior can be recovered from the log-odds vector h; ; via a softmax function

P(m/ =k | x1.4,P1,) = 0¥ (h; ;), where o : RET! — REF! gaisfies:

o(z) = [0°(2),...,65 ()] ",
 exp(d)
O — (3:8)

To complete the Bayesian update in (3.7), we propose a parametric inverse observation model,
P(m/ =k | x;,(ps,y1)), relating the class likelihood of map cell m/ to a labeled point (p;,y;)

obtained from state x;.

Definition 2. Consider a labeled point (p;,y;) observed from state x;. Let 7;; C {1,...,J} be
the set of map cells intersected by the sensor ray from x, toward p;. Let m/ be an arbitrary map
cell and d(x,m’) be the distance between x and the center of mass of m/. Define the inverse

observation model of the class label of cell m/ as:

- X (W13:16p11;), Opiij<€j€ Ty
P(m! =k |x;,(p1,y1)) = (3.9)

ok (ho,;), otherwise,

where ¥, € REK+DX(K+1) 5 3 Jearnable parameter matrix, Opiyj = d(x;,m’) — ||p; — %,

29
€ > 0 s a hyperparameter (e.g., set to half the size of a cell), and y; := [O,yﬂ Tis augmented

with a trivial observation for the “free” class.

Intuitively, the inverse observation model specifies that cells intersected by the sensor
ray are updated according to their distance to the ray endpoint and the detected semantic class
probability, while the class likelihoods of other cells remain unchanged and equal to the prior.

For example, if m/ is intersected, the likelihood of the class label is determined by a softmax
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squashing of a linear transformation of the measurement vector y; with parameters ¥;, scaled by
the distance 8 p; ;. Otherwise, Def. 2 specifies an uninformative class likelihood in terms of the
prior log-odds vector hg ; of cell m/ (e.g., ho, j = 0 specifies a uniform prior over the semantic

classes).

Definition 3. The log-odds vector of the inverse observation model associated with cell 7/ and

point observation (p;,y;) from state X; is g;(x;, (p;,y;)) with elements:

P(m/ =k | x;,(p1,y1))
' 1 )

(X, , =1lo : )
gj( t (pl yl)) g]P?(m] =0 ’ X;,(PlaYI))

(3.10)

The log-odds vector of the inverse observation model, g;, specifies the increment for
the Bayesian update of the cell log-odds h; ; in (3.7). Using the softmax properties in (3.8) and

Def. 2, we can express g; as:

W¥10p:1j, Opigj<€JE T
g(x¢, (p1,y1)) = (3.11)

hg,;, otherwise.

Note that the inverse observation model definition in (3.9) resembles a single neural network layer.
One can also specify a more expressive multi-layer neural network that maps the observation y;

and the distance differential 6 p; ; ; along the I-th ray to the log-odds vector:

NN(¥:,0p:0,:%¥1) Opiyj<€&,J€ T
gi(x, (pr,y1):¥1) = (3.12)

hg, ; otherwise.

Proposition 1. Given a labeled point cloud P; = {(p;,y1) }; obtained from state X; at time t, the

Bayesian update of the log-odds vector of any map cell m/ is:

hej=hij+ Y [gi(x, (pry) —hoj] - (3.13)
(p1,y1)€P;
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Figure 3.5. Illustration of the log-odds update in (3.13) for a single point observation. The
sensor ray (blue) hits an obstacle (black) in cell m’/. The log-odds increment g; —hg ; on each
cell is shown in grayscale.

—1

J

Fig. 3.5 illustrates the increment of the log-odds vector h; ; for a single point (p;,y;).
The log-odds are increased more at m/ than other cells far away from the observed point. When
€in (3.12) is set to half the cell size, values of the cells beyond the observed point are unchanged.
Fig. 3.6 shows the semantic class probability prediction for the example in Fig. 3.3 using the

inverse observation model in Def. 2 and the log-odds update in (3.13).
Cost Encoder

We also develop a cost encoder that uses the semantic occupancy log odds h; to define a
cost function estimate ¢, (x,u) at a given state-control pair (x,u). A convolutional neural network
(CNN) [62] with parameters @ can extract cost features from the multi-class occupancy map:
¢; = CNN(h;; @). We adopt a fully convolutional network (FCN) architecture [9] to parameterize
the cost function over the semantic class probabilities. The model is a multi-scale architecture
that performs downsamples and upsamples to extract feature maps at different layers. Features
from multiple scales ensure that the cost function is aware of both local and global context from
the semantic map posterior. FCNs are also translation equivariant [35], ensuring that map regions
of the same semantic class infer the same cost, irrespective of the specific locations of those
regions. Our model architecture (illustrated in Fig. 3.8) consists of a series of convolutional layers
with 32 channels, batch normalization [80] and ReL.U layers, followed by a max-pooling layer
with 2 x 2 window with stride 2. The feature maps go through another series of convolutional
layers with 64 channels, batch normalization, ReLU and max-pooling layers before they are

upsampled by reusing the max-pooling indices. The feature maps then go through two series of
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Figure 3.6. The semantic occupancy probability of each class for the example in Fig. 3.3. Using
the map encoder described in Sec. 3.1.2, the semantic categories (wall, lawn, lava, etc.) can be
identified correctly after training.
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Figure 3.7. The learned cost function for the example in Fig. 3.3. The cost of control “right
is the smallest at the agent’s location after training. The agent correctly predicts that it should
move right and step on the lawn.

t2]

upsampling, convolution, batch normalization and ReL.U layers to produce the final cost function
¢;. We add a small positive constant to the ReLU output to ensure that ¢; > 0 and there are no
negative cycles or cost-free paths during planning.

In summary, the semantic map encoder (parameterized by {¥;},) takes the agent state
history x;.; and point cloud observation history P;.; as inputs to encode a semantic map probability
as discussed in Sec. 3.1.2. The FCN cost encoder (parameterized by @) in turn defines a cost
function from the extracted semantic features. The learnable parameters of the cost function,

C[(X,U;Pl;[,e), are e = {{lpl}l7¢}
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Figure 3.8. A fully convolutional encoder-decoder neural network similar to that in [9] is used
as the cost encoder to learn features from semantic map h; to cost function ¢;.

Cost Learning via Differentiable Planning

We focus on optimizing the parameters @ of the cost representation ¢, (x,u;P;;,0)
developed in Sec. 3.1.2. Since the true cost ¢* is not directly observable, we need to differentiate
the loss function £(0) in (3.5), which, in turn, requires differentiating through the DSP problem
in (3.3) with respect to the cost function estimate c;.

Previous works rely on dynamic programming to solve the DSP problem in (3.3). For
example, the VIN model [161] approximates 7 iterations of the value iteration algorithm by a
neural network with 7' convolutional and minpooling layers. This allows VIN to be differentiable
with respect to the stage cost ¢; but it scales poorly with the size of the problem due to the full
Bellman backups (convolutions and minpooling) over the state and control space. We observe
that it is not necessary to determine the optimal cost-to-go Q;(x,u) at every state x € X’ and
control u € Y. Instead of dynamic programming, a motion planning algorithm, such as a variant
of A* [109] or RRT [101, 85], may be used to solve problem (3.3) efficiently and determine the

optimal cost-to-go Q;(x,u) only over a subset of promising states. The subgradient method of
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[150, 139] may then be employed to obtain the subgradient of Q;(x;,u,) with respect to ¢, along

the optimal path.
Deterministic Shortest Path

Given a cost estimate ¢;, we use the A* algorithm (Alg. 1) to solve the DSP problem in
(3.3) and obtain the optimal cost-to-go Q;. The algorithm starts the search from the goal state x,
and proceeds backwards towards the current state x;. It maintains an OPEN set of states, which
may potentially lie along a shortest path, and a CLOSED list of states, whose optimal value
miny Q;(x,u) has been determined exactly. At each iteration, the algorithm pops a state x from
OPEN with the smallest g(x) + €h(x;,X) value, where g(x) is an estimate of the cost-to-go from
X to X, and /(X;,X) is a heuristic function that does not overestimate the true cost from x; to x
and satisfies the triangle inequality. We find all predecessor states x’ and their corresponding
control u’ that lead to x under the known dynamics model x = f(x’,u’) and update their g values
if there is a lower cost trajectory from x’ to X, through x. The algorithm terminates when all
neighbors of the current state x; are in the CLOSED set. The following relations are satisfied at

any time throughout the search:

O:(x,u) = ¢ (x,u) + g(f(x,u)),Vf(x,u) € CLOSED,

O:(x,u) < ¢ (x,u) +g(f(x,u)),Vf(x,u) ¢ CLOSED.

The algorithm terminates only after all neighbors f(x;,u) of the current state x, are in CLOSED
to guarantee that the optimal cost-to-go Q;(x;,u) at X, is exact. A simple choice of heuristic
that guarantees the above relations is h(x,x’) = 0, which reduces A* to Dijkstra’s algorithm.
Alternatively, the cost encoder output may be designed to ensure that ¢;(x,u) > 1, which allows
using Manhattan distance, h(x,x’) = ||x —X/||1, as the heuristic.

Finally, a Boltzmann policy 7;(u | x) can be defined using the g values returned by A*
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forany x € X:
(1] %) o< exp (—é (c(x,u) +g<f<x,u>>>) | (3.14)

The policy discourages controls that lead to states outside of CLOSED because ¢, (x,u) +
g(f(x,u)) overestimates Q;(x,u). For any unvisited states, the policy is uniform since g values
are initialized to infinity. In practice, we only need to query the policy at the current state x;,
which is always in CLOSED, for the loss function £(0) in (3.5) during training and policy

inference during testing.

Algorithm 1. A* motion planning

procedure PLAN(X;,X,,c;,h,€)
OPEN < {x,}, CLOSED <+ {}
g(x) o0, Vx € X, g(X,) < 0
while Ju € U s.t. f(x;,u) ¢ CLOSED do
Remove x from OPEN with smallest g(x) + €h(x;,x) and insert in CLOSED
for (x',u’) € Predecessors(x) do
if X' ¢ CLOSED and g(x') > g(x) +¢;(x,u’) then
8(x') = g(x) + ¢ (x',0')
CHILD(X') < x
if X' € OPEN then
Update priority of x" with g(x') + €h(x;,x)
else
OPEN + OPEN U{x'}

procedure PREDECESSORS(X)
return {(x',u') € X xU | x= f(x',u')}

Backpropagation through Planning

Having solved the DSP problem in (3.3) for a fixed cost function ¢;, we now discuss

how to optimize the cost parameters 0 such that the planned policy in (3.14) minimizes the loss

in (3.5). Our goal is to compute the gradient di(;)) , using the chain rule, in terms of 35,(:31[) ,
%, and w. The first gradient term can be obtained analytically from (3.5) and (3.4), as

we show later, while the third one can be obtained via backpropagation (automatic differentiation)
through the neural network cost model ¢;(x,u; Py, 0) developed in Sec. 3.1.2. We focus on

computing the second gradient term.
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We rewrite Q; (X;,u,) in a form that makes its subgradient with respect to ¢;(x,u) obvious.
Let 7 (x;,u;) be the set of trajectories, T = X;,W;,X;+1,W+1,...,Xr_1,Ur_1,X7, of length T —
t + 1 that start at X;, u, satisfy transitions X, = f(X;,u,), and terminate at X7 = X,. Let
T* € T (x;,u,) be an optimal trajectory corresponding to the optimal cost-to-go Q; (x;,u,). Define
a state-control visitation function which counts the number of times transition (x,u) appears in
T:
T—1
te(xu) =Y Lix u)m(xu)- (3.15)
k=t

The optimal cost-to-go Q;(x;,u;) can be viewed as a minimum over trajectories 7 (X;,u,) of the

inner product between the cost function ¢; and the visitation function z:

O (xr,u) = mTin €T (x,uy) Z cr(x,u) e (X, 0), (3.16)

xeX , uelf

where X can be assumed finite because both 7" and I/ are finite. We use the subgradient method

[150, 139] to compute a subgradient of Q;(x;,u;) with respect to ¢;.

Lemma 1. Let f(X,y) be differentiable and convex in X. Then, Vyf(X,y*), where y* :=

argminy f(X,y), is a subgradient of the piecewise-differentiable convex function g(x) =

miny f(X,y).

Applying Lemma 1 to (3.16) leads to the following subgradient of the optimal cost-to-go

function:

an(XZ7ut)

Dexw) M (x,u) (3.17)

which can be obtained along the optimal trajectory T* by tracing the CHILD relations returned
by Alg. 1. Fig. 3.9 shows an illustration of this subgradient computation with respect to the cost
estimate in Fig. 3.7 for the example in Fig. 3.3. The result in (3.17) and the chain rule allow us

to obtain a complete subgradient of £(0).

Proposition 2. A subgradient of the loss function L£(0) in (3.5) with respect to @ can be obtained
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Figure 3.9. Subgradient of the optimal cost-to-go Q;(x;,u;) for each control u, with respect to
the cost ¢;(x,u) in Fig. 3.7.
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as.

M o % I dlog m n(uy, | X¢ ) B i Ty Z dlog 7t n(uf, | Xe.n) dQs (X, s 1)
d0 n=1t=1 de n=11=1lu, ,eU th,n(Xthaut,n) do
N T,
- 1 ann(thautn) aCt(X,U)
= — Lu=u;, —ﬂt,n(uz,nlxt,n))x e (3.18)
’;t—llIz,nEUa( {0l ) (X7l§ér* dei(x,u) 20
Algorithms

The computation graph implied by Prop. 2 is illustrated in Fig. 3.4. The graph consists of
a cost representation layer and a differentiable planning layer, allowing end-to-end minimization
of £(0) via stochastic subgradient descent. The training algorithm for solving Problem 1 is
shown in Alg. 2. The testing algorithm that enables generalizing the learned semantic mapping

and planning behavior to new sensory data in new environments is shown in Alg. 3.

Algorithm 2. Train cost parameters 6

Input: Dataset D= {(X;,,u;,,,P; 1, Xg 1) }ZT:iVnzl

1: while 0 not converged do 7

L£(0)<«+0

forn=1,... Nandr=1,...,T, do
Update ¢; , using Xx; , and P; , as in Sec. 3.1.2
Get Q; n(X; 4,u) from Alg. 1 with cost ¢;
Get 7 ,(u | X; ) in (3.4) from Q (X, 4, 1)
£(6)  L£(8) —log T 1(u7 , | X1)

Update @ < 6 —nVL(0) via Prop. 2

Output: Trained cost function parameters 0

AN A Sl

Sparse Tensor Implementation

In this section, we propose a sparse tensor implementation of the map and cost variables
introduced in Sec. 3.1.2. The region explored during a single navigation trajectory is usually
a small subset of the full environment due to the agent’s limited sensing range. The map and
cost variables hy, g;, ¢;(x,u) thus contains many 0 elements corresponding to “free” space or

unexplored regions and only a small subset of the states in ¢,(x,u) are queried during planning
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Algorithm 3. Test control policy 7

Input: Start state Xy, goal state X, cost parameters 0
1: Current state X; < X,
2: while x; # x, and navigation not failed do
3: Make an observation P;
Update ¢; using x; and P; as in Sec. 3.1.2
Get Q;(x;,u) from Alg. 1 with cost ¢,
Get m(u | x;) in (3.4) from Q;(x;,u)
X; < f(X,u;) with u; := argmax m; (u | ;)
u

A

Output: Navigation succeeds or fails at x;

and parameter optimization in Sec. 3.1.2. Representing these variables as dense matrices is
computationally and memory inefficient. Instead, we propose an implementation of the map
encoder and cost encoder that exploits the sparse structure of these matrices. [32] developed the
Minkowski Engine, an automatic differentiation neural network library for sparse tensors. This
library is tailored for our case as we require automatic differentiation for operations among the
variables hy, g;, ¢; in order to learn the cost parameters 6.

During training, we pre-compute the variable 0 p; ; ; over all points p; from a point cloud
P, and all grid cells m/. This results in a matrix R, € RX*/ where the entry corresponding to cell
m/ stores the vector y; & Pil, j]. The matrix R; is then converted to COOrdinate list (COO) format
[162], specifying the nonzero indices C; € R¥=*! and their feature values F; € R¥=*K where
Ny, < Jif R, is sparse. To construct C; and F;, we append non-zero features y;0p; . jtoF, and
their coordinates j in R; to C;. The inverse observation model log-odds g; can be computed from
C; and F; via (3.11) and represented in COO format as well. Hence, a sparse representation of
the semantic occupancy log-odds h; can be obtained by accumulating g; over time via (3.13).

We use the sparse tensor operations (e.g., convolution, batch normalization, pooling, etc.)
provided by the Minkowski Engine in place of their dense tensor counterparts in the cost encoder
defined in Sec. 3.1.2. For example, the convolution kernel does not slide sequentially over each

entry in a dense tensor but is defined only over the indices in C;, skipping computations at the 0

'In our experiments, we found that storing only y; at the cell m/ where p; lies, instead of along the sensor ray,
does not degrade performance.
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elements. To ensure that the sparse tensors are compatible in the backpropagtion step of the cost
parameter learning (Sec. 3.1.2), the analytic subgradient in (3.18) should also be provided in
sparse COO format. We implement a custom operation in which the forward function computes

the cost-to-go Q;(x;,u,) from ¢,(x,u) via Alg. 1 and the backward function multiplies the sparse

matrix %) with the previous gradient in the computation graph, 5 gf(s’l)l - to get aif(f&).

The output gradient ;Ctﬁ(_g(eg) is used as input to the downstream operations defined in Sec. 3.1.2

and Sec. 3.1.2 to update the cost parameters 0.

3.1.3 Results

MiniGrid Experiment

We first demonstrate our inverse reinforcement learning approach in a synthetic minigrid
environment [28]. We consider a simplified setting to help visualize and understand the differ-
entiable semantic mapping and planning components?. A more realistic autonomous driving

setting is demonstrated in Sec. 3.1.3.

Table 3.1. Validation and test results for the 16 x 16 and 64 x 64 minigrid environments. We
report the negative log-likelihood (NLL) and prediction accuracy (Acc) of the validation set
expert controls and the trajectory success rate (7SR) and modified Hausdorff distance (MHD)
between the agent and the expert trajectories on the test set. See Sec. 3.1.3 for precise definitions
of the metrics.

16 x 16 64 x 64
Model NLL Acc(%) TSR (%) MHD NLL Acc (%) TSR (%) MHD

DeepMaxEnt 0.333 81.7 85.5 0.783 0.160  92.5 86.3 2.305
Ours 0.247 919 93.0 0.208 0.153 95.2 95.6 1.097

Environment: Grid environments of sizes 16 x 16 and 64 x 64 are generated by sampling
a random number of random length rectangles with semantic labels from K := {empty, wall, lava,
lawn}. One such environment is shown in Fig. 3.10. The agent motion is modeled over a 4-

connected grid such that a control u, from U := {up,down, left, right} causes a transition from

2Qur code for the minigrid experiments is open-sourced at https://github.com/tianyudwang/sirl.
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X; to one of the four neighboring tiles X, 1. A wall tile is not traversable and a transition to it
does not change the agent’s position.

Sensor: At each step f, the agent receives 72 labeled points P; = {p;,y; },, obtained from
ray-tracing a 360° field of view at angular resolution of 5° with maximum range of 3 grid cells
and returning the grid location p; of the hit point and its semantic class encoded in a one-hot
vector y;. See Fig. 3.3 for an illustration. The sensing range is smaller than the environment size,
making the environment only partially observable at any given time.

Demonstrations: Expert demonstrations are obtained by running a shortest path algorithm
on the true map m*, where the cost of arriving at an empty, wall, lava, or lawn tile is 1, 100, 10,
0.5, respectively. We generate 10000, 1000, and 1000 random map configurations for training,
validation, and testing, respectively. Start and goal locations are randomly assigned and maps
without a feasible path are discarded. To avoid overfitting, we use the model parameters that

perform best in validation for testing.
Models

DeepMaxEnt: We use the DeepMaxEnt IRL algorithm of [174] as a baseline. DeepMaxEnt
is an extension of the MaxEnt IRL algorithm [192], which uses a deep neural network to learn a
cost function directly from LiDAR observations. In contrast to our model, DeepMaxEnt does not
have an explicit map representation. The cost representation is a multi-scale FCN [174] adapted
to the 16 x 16 and 64 x 64 domains. Value iteration over the cost matrix is approximated by
a finite number of Bellman backup iterations, equal to the number of map cells. The original
experiments in [174] use the mean and variance of the height of 3D LiDAR points in each cell,
as well as a binary indicator of cell visibility, as input features to the FCN neural network. Since
our synthetic experiments are in 2D, the point count in each grid cell is used instead of the height
mean and variance. This is a fair adaptation since [174] argued that obstacles generally represent
areas of larger height variance which corresponds to more points within obstacles cells for our

observations. We compare against the original DeepMaxEnt model in Sec. 3.1.3.
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Ours: Our model takes as inputs the semantic point cloud P; and the agent position x;
at each time step and updates the semantic map probability via Sec. 3.1.2. The cost encoder
goes through two scales of convolution and down(up)-sampling as introduced in Sec. 3.1.2. The
models are trained using the Adam optimizer [91] in Pytorch [129]. The neural network model
training and online inference during testing are performed on an Intel i7-7700K CPU and an

NVIDIA GeForce GTX 1080Ti GPU.
Evaluation Metrics

The following metrics are used for evaluation: negative log-likelihood (NLL) and control
accuracy (Acc) for the validation set and trajectory success rate (7SR) and modified Hausdorff
distance (MHD) for the test set. Given learned cost parameters 8™ and a validation set D =

{(thvusztnann)}

each demonstrated state X; , and are evaluated according to:

T,,N .. ) )
1’ policies 7 , (- | X¢ n; P10, 0") are computed online via Alg. 1 at

* 1 N * *
NLL(O ,D) =N Z 10g ﬂl,n(uz,n ‘ Xl,n;PlitJU 6 )
n=1 T’l n=1,t=1
Acc(0%,D) Z (3.19)

1 .
Z nn 1,t=1 {ur*,n:argmaxﬂr,n(llIXz.n;Pm,n-,e*)}
u

In the test set, the agent is initialized at the starting pose and iteratively applies control inputs

u,, = argmax m ,(u | X; s Py, 07) as described in Alg. 3. The agent trajectories can deviate
u

from expert trajectories and the agent has to recover from states which were not encountered by

the expert. To find whether the agent eventually reaches the goal, we report the success rate TSR,

where success is defined as reaching the goal state X, , within twice the number of steps of the

expert trajectory. In addition, MHD compares how far the agent trajectories 72 deviate from the

expert trajectories T
PR . 1 1
MHD({rﬁ},{rn})zﬁZlmax{ﬂzid(r;‘fn, TEZd } (3.20)
n= 1=
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where d(74

t 7£) is the minimum Euclidean distance from the state Tﬁn at time ¢ in 7/} to any

state in 7.
MiniGrid Results

The results are shown in Table. 3.1. Our model outperforms DeepMaxEnt in every
metric. Specifically, low NLL on the validation set indicates that map encoder and cost encoder
in our model are capable of learning a cost function that matches the expert demonstrations.
During testing in unseen environment configurations, our model also achieves a higher score in
successfully reaching the goal. In addition, the difference in the agent trajectory and the expert
trajectory is smaller, as measured by the MHD metric.

The outputs of our model components, i.e., map encoder, cost encoder and subgradient
computation, are visualized in Fig. 3.10. The map encoder integrates past observations and
holds a correct estimate of the semantic probability of each cell. The subgradients in the last
column enable us to propagate the negative log-likelihood of the expert controls back to the
cost model parameters. The cost visualizations indicate that the learned cost function correctly
assigns higher costs to wall and lava cells (in brighter scale) and lower costs to lawn cells (in

darker scale).
Inference Speed

The problem setting in this section requires the agent to replan at each step when a new
observation P; arrives and updates the cost function ¢;. Our planning algorithm is computationally
efficient because it searches only through a subset of promising states to obtain the optimal
cost-to-go Qy(X;,u;). On the other hand, the value iteration in DeepMaxEnt has to perform
Bellman backups on the entire state space even though most of the environment is not visited
and the cost in these unexplored regions is inaccurate. Table. 3.2 shows the average inference

speed to predict a new control u, at each step during testing.
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Figure 3.10. Examples of probabilistic multi-class occupancy estimation, cost encoder output,
and subgradient computation. The first column shows the agent in the true environment at
different time steps. The second column shows the semantic occupancy estimates of the different
cells. The third column shows the predicted cost of arriving at each cell. Note that the learned
cost function correctly assigns higher costs (in brighter scale) to wall and lava cells and lower
costs (in darker scale) to lawn cells. The last column shows subgradients obtained via 3.17
during backpropagation to update the cost parameters.
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Table 3.2. Average inference speed comparison between our model and DeepMaxEnt for
predicting one control in testing.

Grid size 16 x 16 64 x 64

DeepMaxEnt 5.8ms 19.7ms
Ours 27ms 3.1 ms

CARLA Experiment

Building on the insights developed in the 2D minigrid environment in Sec. 3.1.3, we
design an experiment in a realistic autonomous driving simulation.

Environment: We evaluate our approach using the CARLA simulator (0.9.9) [41], which
provides high-fidelity autonomous vehicle simulation in urban environments. Demonstration
data is collected from maps {TownO1, Town02, Town03}, while Town04 is used for validation
and Town05 for testing. Town05 includes different street layouts (e.g., intersections, buildings
and freeways) and is larger than the training and validation maps.

Sensors: The vehicle is equipped with a LiDAR sensor that has 20 meters maximum
range and 360° horizontal field of view. The vertical field of view ranges from 0° (facing forward)
to —40° (facing down) with 5° resolution. A total of 56000 LiDAR rays are generated per scan
P; and point measurements are returned only if a ray hits an obstacle (see Fig. 3.11). The vehicle
is also equipped with 4 semantic segmentation cameras that detect 13 different classes, including
road, road line, sidewalk, vegetation, car, building, etc. The cameras face front, left, right, and
rear, each capturing a 90° horizontal field of view (see Fig. 3.11). The semantic label of each
LiDAR point is retrieved by projecting the point in the camera’s frame and querying the pixel
value in the segmented image.

Demonstrations: In each map, we collect 100 expert trajectories by running an au-
tonomous navigation agent provided by the CARLA Python API. On the graph of all available
waypoints, the expert samples two waypoints as start and goal and searches the shortest path
as a list of waypoints. The expert uses a PID controller to generate a smooth and continuous

trajectory to connect the waypoints on the shortest path. The expert respects traffic rules, such
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Figure 3.11. Example of 3D LiDAR points and semantic segmentation camera facing four
directions. The LiDAR points are annotated with semantic class labels.

as staying on the road, and keeping in the current lane. The ground plane is discretized into
a 256 x 256 grid of 0.5 meter resolution. Expert trajectories that do not fit in the given grid
size are discarded. For planning purposes, the agent motion is modeled over a 4-connected
grid with control space U := {up,down,left,right}. A planned sequence of such controls is
followed using the CARLA PID controller. Simulation features not related to the experiment are
disabled, including spawning other vehicles and pedestrians, changing traffic signals and weather
conditions, etc. Designing an agent that understands more complicated environment settings

with other moving objects and changing traffic lights will be considered in future research.
Models and Metrics

DeepMaxEnt: We use the DeepMaxEnt IRL algorithm [174] with a multi-scale FCN cost
encoder as a baseline again. Unlike the previous 2D experiment in Sec. 3.1.3, we use the input
format from the original paper. Specifically, observed 3D point clouds are mapped into a 2D
grid with three channels: the mean and variance of the height of the points as well as the cell

visibility of each cell. This model does not utilize the point cloud semantic labels.
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Table 3.3. Test results from the CARLA 7own05 environment, including the negative log-
likelihood (NLL) and prediction accuracy (Acc.) of the validation set expert controls and the
trajectory success rate (7SR) and modified Hausdorff distance (MHD) between the agent and the
expert trajectories on the test set.

Model NLL Acc (%) TSR (%) MHD
DeepMaxEnt 0.673 85.3 89 4.331
DeepMaxEnt + Semantics 0.742  82.6 87 4.752
Ours 0406 94.2 93 2.538

DeepMaxEnt + Semantics: The input features are augmented with additional channels
that contain the number of points in a cell of each particular semantic class. This model uses the
additional semantic information but does not explicitly map the environment over time.

Ours: We ignore the height information in the 3D point clouds P;., and maintain a 2D
semantic map. The cost encoder is a two scale convolution and down(up)-sampling neural
network, described in Sec. 3.1.2. Additionally, our model is implemented using sparse tensors,
described in Sec. 3.1.2, to take advantage of the sparsity in the map h; and cost ¢;. The models
are implemented using the Minkowski Engine [32] and the PyTorch library [129] and are trained
with the Adam optimizer [91]. The neural network training and the online inference during
testing are performed on an Intel 17-7700K CPU and an NVIDIA GeForce GTX 1080Ti GPU.

Metrics: The metrics, NLL, Acc, TSR, and MHD, introduced in Sec. 3.1.3, are used for

evaluation.
CARLA Results

Table. 3.3 shows the performance of our model in comparison to DeepMaxEnt and
DeepMaxEnt + Semantics. Our model learns to generate policies closest to the expert demon-
strations in the validation map Town04 by scoring best in NLL and Acc metrics. During testing
in map Town05, the models predict controls at each step online to generate the agent trajectory.
Ours achieves the highest success rate of reaching the goal without hitting sidewalks and other
obstacles. Among the successful trajectories, Ours is also closest to the expert by achieving

the minimum MHD. The results demonstrate that the map encoder captures both geometric and

39



empty
building
road line
road
sidewalk

0 50 100 200 250

Figure 3.12. Examples of semantic occupancy estimation and cost encoding during different
steps in a test trajectory marked in red. The left column shows the most probable semantic
class of the map encoder and the right column shows the cost to arrive at each state. Our model
correctly distinguishes the road from other categories (e.g., sidewalk, building, etc) and assigns
lower cost to road than sidewalks.

semantic information, allowing accurate cost estimation and generation of trajectories that match
the expert behavior. Fig. 3.12 shows an example of a generated trajectory during testing in the
previously unseen Town05 environment (also see Extension 1). The map encoder predicts correct
semantic class labels for each cell and the cost encoder assigns higher costs to sidewalks than the
road. We notice that the addition of semantic information actually degrades the performance
of DeepMaxEnt. We conjecture that the increase in the number of input channels, due to the
addition of the number of LiDAR points per category, makes the convolutional neural network

layers prone to overfit on the training set but generalize poorly on the validation and test sets.
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Table 3.4. Runtime analysis of our model during testing in the CARLA simulator. We report
per-step runtime averaged over 100 test trajectories.

. ) Data .
Simulation . Model inference
preprocessing

393+1.5ms 14.9+3.2ms 6.4+2.5ms

Additional examples of agent trajectories and semantic mapping predictions are given in Online
Resource 1. We also report runtime analysis for test-time model inference in Table 3.4. Each
time step is divided into (1) simulator update, where the agent is set at new states and image and
lidar observations are generated, (2) data preprocessing, where semantic labels are retrieved for

point clouds and data are moved to GPU, and (3) model inference.
Evaluation with Dynamic Obstacles

In this section, we study the effects of dynamic obstacles in the scene on our model’s map
and cost encoders. We create three different scenarios where the agent vehicle has to overtake
a lower speed non-player character (NPC vehicle). In Scenario 1, the NPC is spawned in the
left lane to the agent and 20 meters ahead. The agent is expected to stay in its own lane when
overtaking the NPC. In Scenario 2, the NPC is spawned in the same lane as the agent and 20
meters ahead. The agent has to move to its left lane to overtake the NPC. Scenario 3 is a mixture
of the first two where the NPC could be either in the same lane or in the left lane to the agent.
A visualization of the first two scenarios is shown in Fig. 3.13. Training and evaluation are
conducted in the Town05 map since it contains multi-lane streets while other maps contain
mostly single-lane streets. We sample 100 trajectories for testing within the top-left quadrant
of the map and 200 trajectories for training from other quadrants as illustrated in Fig. 3.14. We
train our model in all three scenarios and test it in the same scenario where it is trained. Each
trajectory is discretized on a 128 x 128 grid of 1 meter resolution.

To effectively capture the most current information of the dynamic NPC vehicle, we
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Figure 3.13. Two scenarios with dynamic obstacles. Left column (scenario 1): the agent vehicle
(blue) keeps in its own lane when overtaking the NPC vehicle (red) in the left lane. Right column
(scenario 2): when the NPC and agent vehicles are spawned in the same lane, the agent switches
to the left lane to overtake.

multiply the grid log-odds h; ; with a decay rate y € {1.0,0.9,0.8,0.7}, i.e.,

p(Pt | m] = k,Xt)
p(Pt | ml = O,Xt)

hf ;= yh}_| j+log (3.21)

The map encoder is the same as in previous experiments when y = 1.0, while when y < 1 past
observation information is slowly removed. Note that we use the same decay rate across all

semantic classes since we do not assume prior knowledge of which classes are dynamic or static.

k

1—1,j» OF set

Alternatively, it is possible to use a different decay rate for each class, hf_l i Y*h
y* as a learnable parameter to be optimized with the overall objective in (3.5). The semantic

probabilities and cost encoder output of the same trajectory with different decay rates is shown
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Figure 3.14. Bird’s-eye view of the Town05 map. The top-left quadrant is resevered for testing
while training trajectories are sampled from other regions.

in Fig. 3.15.

We report the results of our model with different decay rates in each scenario in Table 3.5.
In addition to the 7SR and MHD metrics, we report the collision rate (CR) between the agent
and the NPC vehicles in the test trajectories. We find that CR is higher in Scenario 2 than in
Scenario 1, which is expected as lane changing is a harder task when a moving NPC vehicle is
present. The performance in the mixed scenario is on par with that in Scenario 2, suggesting
that our policy class in (3.4) may not capture a multi-modal distribution in the demonstrated
behaviors effectively. Within each scenario, we find that the model generally works better when
the decay rate Y is close to 1.0. We suspect that since both vehicles are moving forward in the
same direction, it does not hurt to map the NPC’s past locations. However, when ¥ is small,
forgetting the NPC’s history makes its semantic probability smaller (as shown in Fig. 3.15), and
thus the agent has a higher chance of colliding into the NPC vehicle. Finally, we find that MHD

is consistent across all settings which shows that the agent trajectories are close to the expert’s,
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Figure 3.15. Semantic probability of each class with different decay rate y € {1,0.9,0.8,0.7}.

when they are successful.
Evaluation with Noisy Semantic Observations

In this section, we study how noisy semantic observations can affect downstream cost
prediction and policy inference. First, we consider noise added to the contours of each segmenta-
tion region. We replace each pixel value in the original 600 x 800 semantic segmentation image
with a random pixel within its local 5 x 5 pixel window. This makes the segment boundaries
blurry while the interior of each semantic region is unchanged (see Fig. 3.16 (b)). With this noise
model, only 0.2% of the lidar points are labeled incorrectly. We considered two additional noise
models in which 2% and 20% of all pixels are randonmly changed to an incorrect label chosen

among the remaining semantic labels (see Fig. 3.16 (c) and (d)).
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Table 3.5. Test results with dynamic obstacles from CARLA Town05 map, including trajectory
success rate (TSR), collision rate (CR), and modified Hausdorff distance (MHD) between the
agent and the expert trajectories on the test set.

Scenario 1 Scenario 2 Scenario 3
(no lane change)  (lane change required) (mixed scenario)
Decay TSR CR TSR CR TSR CR
ey @ @ TP @ @ M@y @ MIP

1.0 92 2 2878 84 12 2.528 84 8 2.708
0.9 92 32795 88 11 2.446 84 9  2.690
0.8 90 2 2721 78 15 2.512 80 11 2912
0.7 86 7 3224 73 24 2.885 78 16 2.948

(a) (b) (c) ()

Figure 3.16. Noisy semantic segmentation observations: (a) original image, (b) each pixel
is replaced with a random pixel within its local 5 x 5 pixel window (c) 2% of all pixels are
randomly changed, (d) 20% of all pixels are randomly changed.

We find that these noise models have very little influence on the policy inference. To
understand this, we study how much the map encoder output changes when using noisy semantic
images. We calculate the total variation distance between the semantic map probabilities obtained
from the original and perturbed semantic images. Specifically, let P, := P(m/ = k | x1.7,Py.7)
be the semantic posterior probability of a trajectory using the original semantic segmentation
images and, correspondingly, let P, P., P; denote the posteriors using perturbed images from

Fig. 3.16. The total variation distance between two discrete probability measures is
V(Py,Pp) : Z|IP’ —Py(m! =k)| (3.22)

Table 3.6 and Fig. 3.17 show the maximum and a histogram, respectively, of the total variation

across all grid cells. These results show that our map encoder is robust to noise even when 20%
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Table 3.6. Maximum total variation distance between the original and perturbed semantic
probabilities across all grid cells.

maxTV(P,,P,) maxTV (P, P.) maxTV (P, Py)
mj m; m;

0.002 0.185 0.511
i L TI;’(PH'. Pb)
20 TV (P, P,)
mm V(P Py
25 -
é\ 20
(V)]
5 15 -
()]
104
5 -
O -

0.00 0.05 0.10 0.15 0.20 0.25 0.30

Trv

Figure 3.17. Histogram of the total variation distance between the semantic probabilities from
the original and the perturbed semantic images. Even with 20% incorrectly labeled pixels in the
semantic segmentation images, most semantic probabilities are unaffected.

of the labels in the semantic images are wrong.

3.1.4 Derivations

For completeness, we present a comparison and derivation between our model and the
MaxEnt formulation.

This appendix compares the MaxEnt expert model of [192] to the expert model proposed
in Sec. 3.1.1. The MaxEnt model has been widely studied in the context of reinforcement
learning and inverse reinforcement learning [69, 49, 104]. On the other hand, while a Boltzmann
policy is a well-known method for exploration in reinforcement learning, it has not been used to

model expert or learner behavior in inverse reinforcement learning.
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Figure 3.18. Value functions corresponding to the MaxEnt and Boltzmann policies in infi-
nite horizon setting with discount ¥y = 0.95. The environment only has obstacles around the
outer boundary. The start state is marked in green and the goal in red. The controls are
{right,down,left,up} at each state with constant true cost of 0 to arrive at the goal (which is an
absorbing state), 1 to any state except the goal in the grid and infinity to any obstacle outside the
border. Darker color indicates higher cost-to-go values to reach the goal (top two rows) or higher
probability of choosing a control (bottom two rows). Although the absolute values of Oy and
QOpum are different, both have similar relative value differences across the controls, providing
well-performing policies 7wy g and 7gy,.
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The work of [69] shows that both a Boltzmann policy and the MaxEnt policy are special

cases of an energy-based policy:
ﬂ(u; ’ X[) < eXp(—E(X,,u,)) (323)

with appropriate choices of the energy function E. We study the two policies in the discounted
infinite-horizon setting, as this is the most widely used setting for the MaxEnt model. Extensions
to first-exit and finite-horizon formulations are possible. Consider a Markov decision process
with finite state space X', finite control space U, transition model p(x’ | x,u), stage cost ¢(x,u),

and discount factor y € (0, 1).

Proposition 3 ([69, Thm. 1]). Define the maximum entropy Q-value as:

i Y (e me) — aH (7 (- | Xk)))] , (24

Ome (X, ;) = c(%;,u;) +minEy
T k=t+1

where H(w(- | X)) = — Yuecy ®(u | X)logm(u | X) is the Shannon entropy of ©t(- | X). Then, the

maximum entropy policy satisfies:

1
e (U | X;) o< exp (‘aQME(&;“z)) . (3.25)

Similarly, define the usual Q-value as:

i f"c(xk,uk)] (3.26)

Qs (X1, 0;) := c(X,u;) + minEy
k=1 +1

and the Boltzmann policy associated with it as:
1
mpm (0 | Xy ) o< exp —EQBM(X,,u,) ) (3.27)
The value functions Qyr and Qppy can be seen as the fixed points of the following
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Bellman contraction operators:

1
Tue(Q) (X, u;) := c(x,u;) — Yo, [log ) eXP<—aQ(Xr+1,uz+1))] (3.28)
w. €U
Tem[Q)(Xs,ur) := c(x;,07) +VE) [umliqu(Xzﬂ,lltH)} - (3.29)

In the latter, the Q values are bootstrapped with a “hard” min operator, while in the former they
are bootstrapped with a “soft” min operator given by the log-sum-exponential operation. The
form of the Bellman equations resembles the online SARSA update and offline Q-learning update
in reinforcement learning. Consider temporal difference control with transitions (x,u,c,x’,u’)

using SARSA backups:

O(x,u) = O(x,u) + nfe(x,u) + yQ(x',u') — O(x,u)]

and Q-learning backups:
O(x.u) < Q(x,u) +nfe(x,u) + ymin Q(x',u') — O(x,u)]

where 1) 1s a step-size parameter. If we additionally assume that the controls are sampled from
the energy-based policy in (3.23) defined by Q, the SARSA algorithm specifies the MaxEnt
policy, while the Q-learning algorithm specifies the Boltzmann policy.

We show a visualization of the MaxEnt and Boltzmann policies, yg, Ty, as well as
their corresponding value functions Qyg, Opuy, in the infinite horizon setting with discount
Y=0.95 and @ = 1. The 4-connected grid environment in Fig. 3.18 has obstacles only along
the outside border. The true cost is O to arrive at the goal (which is an absorbing state), 1 to any
state (except the goal) inside the grid, infinity to any obstacle outside the border. Note that Qg
and Qpys are very different in absolute value. In fact, Qyr is negative for all states due to the

additional entropy term in (3.24). However, the relative value differences across the controls are
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similar and, thus, both policies myg and 7py, generate desirable paths from start to goal.

3.2 Inferring Logic from Demonstrations

3.2.1 Problem Formulation

Environment and Agent Models

The agent’s interaction with the environment is modeled as an L-MDP [39].

Definition 4. A labeled Markov decision process is a tuple {X',U,xo, f,c, AP, ¢}, where X', U
are finite sets of states and controls, Xg € X is an initial state, f : X x U/ — X is a deterministic
transition function, and ¢ : X x U — R>( assigns a non-negative cost when control u € U/ is
applied at state x € X'. A finite set of atomic propositions AP provides logic statements that
must be true or false (e.g., “the agent is 1 meter away from the closest obstacle” or “the agent
possesses a key™). A labeling function £ : X x U — 27 assigns a set of atomic propositions

that evaluate true for a given state transition.

We assume that the state x is fully observable and captures both endogenous variables
for the agent, such as position and orientation, and exogenous variables, such as an environment
containing objects of interest as illustrated in Fig. 3.2. The transition function f(x,u) specifies
the change of state x when control u is executed, and c(x,u) assigns a non-negative cost to this
transition. The alphabet of the L-MDP is the set of labels £ = 247 that can be assigned to the
transitions. The labeling function o = ¢(x,u) provides the atomic propositions ¢ € X which are
satisfied during the transition f(x,u). The set of words on X is denoted by £* and consists of
all strings 6.7 = 0y ...or for 6; € X and T € N. We assume that the transition f and labeling
¢ are known. However, the cost function ¢ is unknown and needs to be inferred from expert

demonstrations.
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Expert Model

The agent needs to execute a task, whose success is evaluated based on the word
op.7 € L* resulting from the agent’s actions. We model the quality of the task execution
by a function i : £* — R. An execution oy.7 is deemed successful if h(ocp.r) > & for a known
performance threshold &, and unsuccessful otherwise. As argued in the introduction, defining
the function 4 explicitly is challenging in many applications. Instead, we consider a training set
D= {(xngn UG s s") }iv of N demonstrations of the same task in different environment con-
figurations provided by an expert. Each demonstration n contains the controls ug., =ug...uz
executed by the expert, the resulting agent-environment states X, = Xg ... X7, , and the success
level 5" € R of the execution, measured by h(0p.7, ), where o' = £(x{,uy) is the label encoun-
tered by the expert at time 7. We assume that the expert knows the true task i and the true cost

c and can solve a finite-horizon first-exit deterministic optimal control problem [16] over the

L-MDP:
T

Q*(x,u) := min Zc(xz,u,)
e 20 (3.30)

s.t. X1 = f(X,0), X0 =X, g =u,0; = £(x,,w), h(oopr) > &,
where Q*(x,u) is the optimal value function. Since (3.30) is a deterministic optimal control
problem, there exists an open-loop control sequence which is optimal, i.e., achieves the same cost
as an optimal closed-loop policy function [16, Chapter 6]. However, we consider experts that do
not necessarily choose strictly rational controls. Instead, we model the expert behavior using
a stochastic Boltzmann policy over the optimal values 7*(u|x) o< exp (—%Q* (X,u)> , where
N € (0,0) is a temperature parameter representing a continuous spectrum of rationality. For
example, 1 — 0 means that the expert takes strictly optimal controls while 7 — co means random
controls are selected. The Boltzmann expert model was previously introduced and studied in
[120, 138, 171]. It provides an exponential preference for controls that incur low long-term costs.
This expert model also allows efficient policy search, as shown in Sec. 3.2.2, and computation of

the policy gradient with respect to the cost needed to optimize the cost parameters, as shown in
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Sec. 3.2.2.
The agent needs to infer the unknown task model 4 and unknown cost function ¢ from

N
the expert demonstrations D = {(XS:T g ,s”)} K
n -tn n—=

Problem 2. Given the demonstrations D and labeling 6" = ¢(x}',u}’), optimize the parameters

Y of an approximation /1y, of the unknown task function / to minimize the mean squared error:

N

min () = (hy(cg) —s")°. (3.31)
1

n:

Similarly, the agent needs to obtain an approximation cg with parameters 6 of the

unknown cost function c¢. This allows the agent to obtain a control policy:

1
T (ulx) o< exp (—EQQ <x,u>) , (3.32)

approximating the expert model using a value function Qg computed according to (3.30) with ¢

and h replaced by cg and £y, respectively.

Problem 3. Given the demonstrations D, optimize the parameters 0 of an approximation cg
of the unknown cost function c such that the log-likelihood of the demonstrated controls u} is

maximized under the agent policy in (3.32):

min L, (8) Z ]l{sn>§}210g7rg u|x"), (3.33)

where 1 is an indicator function and & is the known task satisfaction threshold.
3.2.2 Learning Task Logic as Weighted Finite Automata

We first discuss how to learn a task model /1, from demonstrations D in Sec. 3.2.2. Next,
in Sec. 3.2.2, we learn a cost model cgy by solving the optimal control problem in (3.30) to obtain

an agent policy 7g. Finally, in Sec. 3.2.2, we show how to backpropagate the policy loss £.(6)

in (3.33) through the optimal control problem to update the cost parameters 6.
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Figure 3.19. Inferring the hidden state progression @; from events o; can be acheived by
an RNN with initial hidden state @, hidden state transition @, = g;(o;, a&;, W) and output
§ = hy(00.r) = g2(0@r41, B), where g1, g are nonlinear functions. The weights y = (ato, W, B)
can be learned via the loss L£(8,s) in (3.31) between RNN outputs § and demonstration scores s.

Spectral Learning of Task Specifications

Fitting a single cost neural network cg that is capable of generalizing to various envi-
ronment configurations and tasks is difficult when state and control spaces are large and the
task horizon is long. An alternative is to consider the cost function and its corresponding policy
only for small segments of the task, associated with different subtasks. This idea is based on
the observation that task specifications often have a compositional logic structure. For example,
the demonstrated trajectory in the DoorKey environment in Fig. 3.2 can be decomposed into
three segments, each denoted by a high-level state @. The transitions between the high-level
states are triggered by events like 0y: a key is picked up, and o7: a door is opened. Note that
there is no direct transition between @ and @3 because the door cannot be opened without
possessing a key. Such high-level state abstraction and transitions are commonly learned via
recurrent neural network (RNN) or memory architectures [74, 116]. For example, to solve Prob-
lem 2, we can use an RNN £, in Fig. 3.19 with initial hidden state @, hidden state transition
a1 = gi(0o;, a,, W) and output function hy(0o.r) = g2(®r41, B), where g1, g» are nonlinear
functions and y = (@y, W, B) are learnable weights. Instead of an RNN model, in this work,

we propose to use a weighted finite automaton (WFA) [13] to represent hy. A WFA is less
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expressive than an RNN [135] but can be trained more effectively from small demonstration
dataset. Moreover, a WFA generalizes deterministic and nondeterministic finite automata, which
are commonly used to model logic task specifications for autonomous agents [98, 44, 97, 45].
Hence, a WFA model is sufficiently expressive to represent a complex task and allows one to

focus on a temporal abstraction without reliance on the low-level system dynamics.

Definition 5. A weighted finite automaton (WFA) with m states is a tuple y = { @, B,{Ws}5cr }
where @, B € R are initial and final weight vectors and W € R”*™ are transition matrices
associated with each symbol o € X. A WFA y represents a function Ay : * — R by hy(00.7) =

ajWe,Wo, ...Wg, B.

A WEFA represents the task progress for a given word oy.; via hW(G();,) = aOT We,Wo, ...
W, B, where the high-level state at time 741 is @] = (ag W, W, .. .Wc;,) T. When the WFA
is learned correctly, its prediction for an expert word should approximate the expert score s,
i.e., hy(0o.r) ~ 5. This can be used to guide a task planning algorithm by providing a task
satisfaction criterion. A trajectory with corresponding word oy.7 is identified as successful
if the WFA prediction passes the known performance threshold introduced in Sec. 3.2.1, i.e.,
hy(Gor) =@ B > &.

Our approach to learn a minimal WFA is based on the spectral learning method developed
by [13]. The spectral method makes use of a Hankel matrix H;, € RZ X" associated with the
function & : ¥* — R, which is a bi-infinite matrix with entries Hy,(u,v) = h(uv) for u,v € L*.
We assume the class of functions 4 that can be represented by a WFA are rational power series
functions and their associated Hankel matrix Hj, has finite rank [15, 143]. It can be showns that
under certain assumptions WFA are expressively equivalent to monadic second-order logic. The
quantitative property of WFA allows us to model the performance score s of the demonstrated

trajectories.

Assumption 1. The Hankel matrix Hj, associated with the true task specification 4 has finite

rank.
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In practice, only finite sub-blocks of the Hankel matrix, constructed from the expert
demonstrations D, can be considered. Given a basis B = (P,S) where P,S C L* are finite sets
of prefixes and suffixes respectively, define Hz and {Hg }scy as the finite sub-blocks of Hy,
such that Hg(u,v) = h(uv), Hg(u,v) = h(uov), Vu € P,v € S. The foundation of the spectral

learning method is summarized in the following theorem.

Theorem 1 ([13]). Given a basis B = (P,S) such that the empty string A € PNS and
rank(Hy,) = rank(Hg), for any rank m factorization Hg = PS where P € RIP1*™" and § € R™<IS|,
the WFA {@o, B,{Ws}} is a minimal WFA representing h, where &t} =P(A,:) is the row vector
of P corresponding to prefix A, B = S(:,4) is the column vector of S corresponding to suffix A,

and Wy = PTHsST, Vo € X.

A basis can be chosen empirically from demonstrations D. For example, we can choose a
basis that includes all prefixes and suffixes that appear in the words {ngTn} or one with desired
cardinality for the most frequent prefixes and suffixes. Given a basis, the Hankel blocks Hp,
{Hg} are constructed from D. For example, given a word and its score (0p.7,s), we set the
entries Hz(A, 60.7), Hz (00, 01.7), - .., Ha(00.7, A ), and Hs (00— 1, Or41.7), Wwhere ¢ = o; with
value s. To find a low rank factorization of Hg, we use truncated singular value decomposition,
Hjs = U, AV, where A,, is a diagonal matrix of the m largest singular values and U,,, V,, are
the corresponding column vectors, and set P =U,, and S = AmV;. Finally, the vectors and

matrices ¥ = {@g,B,{Ws}} of the WFA can be obtained from P, S, {Hg } using Theorem 1.
Planning in a Product WFA-MDP System

Given a learned WFA representation sy and an initial cost estimate cg, we propose a
planning algorithm to solve the deterministic optimal control problem in (3.30) and obtain a
control policy g (u|x) as in (3.32). To determine the termination condition for the problem in
(3.30), we define the product of the WFA, modeling the task, and the L-MDP, modeling the

agent-environment interactions.
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Definition 6. Given an L-MDP {X',U,x, f,c, AP,{} and a WFA {¢a,B,{Ws}}, a product
WFA-MDP model is a tuple {S,U,so,T,SFr,c, AP,{} where S = X x R™ is the product state
space, So = (Xo, @) is the initial state, and Sp = {(x, &) € S| &' B > £} are the final states.
The function 7' : S x U — S is a deterministic transition function such that 7'((x;, ¢&;),u;) =
(X741, 0+1) Where X, 1 = f(X;,u,), emitting symbol o; = ¢(x;,u,) and causing transition @, =

.
Wl

To obtain the agent policy in (3.32) for any state x; € X’ and control u;, € U, our goal is

to compute the optimal cost-to-go values for the WFA-MDP model:

T
Qo (sr,u) = co(x¢,u7) + Vo (T (s1,w;)) = co (X, u) + min Z co(Xk,ux) (3.34)
TvutJrl:T k=t+1

where s, = T(s;,u;) and aLl B > &. We have rewritten the terminal state condition as
a¥ i B > &, where we keep track of the task hidden state @; using the WFA-MDP transition
function 7. Our key observation is that (3.34) is a deterministic shortest path problem and
Vo (T (s¢,u;)) can be obtained via any shortest path algorithm, such as Dijkstra [38], A* [109] or
RRT* [86]. When we use a shortest path algorithm to update the cost-to-go values of successor
states s;.+1 = T(s;,u,), we concurrently compute the corresponding WFA state &1 = Wgt Q;
where o; = £(x;,u;). A goal state sy is reached when its WFA state a7, satisfies aI i B>E.
The agent policy g in (3.32) with respect to the current cost estimate cg can be obtained from

the cost-to-go values Qg in (3.34) computed by the shortest path algorithm.
Optimizing Cost Parameters

We discuss how to differentiate the loss function £.(6) in (3.33) with respect to 0
through the deterministic shortest path problem defined by the product WFA-MDP model.
[171] introduce a sub-gradient descent approach to differentiate the log likelihood of expert
demonstrations from the Bolzman policy in (3.32) through the optimal cost-to-go values in

(3.34). The cost parameters can be updated by (stochastic) subgradient descent at each iteration k
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with learning rate y<k), plk+l) = gk) W‘)VCC(Q(")). Intuitively, the subgradient descent makes
the trajectory starting with a demonstrated control more likely, while those with other controls

less likely. The analytic subgradient computation is presented below.

Proposition 4. [171, Proposition 1] Consider an expert transition (X;,u;). Define T(x;,u) as
the optimal path starting from state X; and any control w € U that achieves Qg (X;,u) in (3.34)
under cost estimate cg. A subgradient of the agent policy (3.32) evaluated at expert transition

(x¢,u,) with respect to cost parameters 6 can be obtained via the chain rule as:
dlog g (u; | x;) _ dlog me (u; | X;) dQp (X1, 0')
26 dQg(x;,) 20

1 aQ@ (Xl‘au/) ac@ (X7u>
= — (Ljweuy — 7, X
ugu ( { } olw| Xt)) (X,u)ezrthu/) dce(x,u) d0

v'eld

(3.35)

Substituting (3.35) in the gradient of £.(60) in (3.33), Proposition 4 provides an explicit
subgradient computation to allow backpropagation with respect to 8 through the value function
Qg of the deterministic shortest path problem in (3.34). The subgradient only affects the cost
parameters through the optimal trajectories T(x,;,u’), Vu' € U for expert transitions (x;,u,;) which
can be retrieved from any optimal planning algorithm applied in Sec 3.2.2. Thereafter, the cost
parameters can be optimized depending on the specific form of %;"u).

Our complete approach WFA-IRL is summarized in Fig. 3.20. We first solve Problem 2
to find a WFA &y, which models the demonstrated task. The learned WFA provides termination

conditions for a deterministic shortest path problem in the product WFA-MDP. Cost parameters

are optimized by backpropagating the loss in (3.33) through the planning algorithm.
Neural Network Cost Representation

We use a neural network, shown in Fig. 3.21 to learn a nonlinear cost function cg, mapping
from each state-control pair to a non-negative cost value. The cost neural network is separated

into two parts. The first part is a feature extractor which processes each input type accordingly.

57



D— Learning WFA |_" | Planning in__.,__| Policy )

¢ — with loss £, () (ie—. WFA-MDP evaluation

Stochastic subgradient descent

Figure 3.20. WFA-IRL architecture for joint learning of a task specification /iy and cost function
cg. Given demonstrations D and a labeling function ¢, we learn the unknown task specification
with a weighted finite automaton. We construct a product WFEA-MDP space from the learned
WFA v = {ao, B, {WG}GGZ} to solve a deterministic shortest path problem with cost estimate
cg. The agent policy g is compared with the demonstrated controls to backpropagate the loss
L.(6) with respect to 6.

Grid image my;
State x; Agent position py —-{ Embed V Dense }— —4 Dense Dense }—D Cost co(x¢,uy)
Agent direction d; —— Embed 392 1
Agent carrying object o, —— Embed
Control uy —— 96 164

Figure 3.21. Neural network architecture for the transition cost cg (X, u,). The state x; consists
of the grid image my, the agent position p;, direction d;, object it is carrying o;. The grid m; is
fed through a convolutional neural network (Conv), while the discrete variables p;, d;, o; and
the control u; are converted to embedding vectors (Embed) to provide latent representations for
learning the cost function. The concatenated vector of Conv and Embed layer outputs is passed
through three fully-connected layers (Dense) to obtain cg(X;,u;).

The grid image is passed through a convolutional neural network, consisting of 3 stacks of
convolution + ReLU layers with {16,32,64} filters of size 2. The agent position, direction,
object carried and control are discrete variables and are passed through embedding layers to
produce high-dimensional feature vectors. The embedding dimensions are {128,64,64,128}
respectively. The outputs from each feature extractor are flattened and concatenated to construct
a latent vector representing the state-control pair in feature space. In the second part, a fully-
connected neural network maps the latent vector to a scalar output for cost prediction. The 3
fully-connected layers have sizes {64,32,1} with ReLU activation function. The cost neural
network architecture is trained using Proposition 4 in PyTorch [129] with the Adam optimizer

[91].
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(-]

T1 T2 T3

Figure 3.22. MiniGrid environments [28] of our experiments. In T1 (MiniGrid-DoorKey-
8x8-v0) the agent must pick up Key to unlock Door and reach Goal in the other room.
In T2 (MiniGrid-MultiRoom-N4-55-v0) it has to open a series of Doors to reach Goal in
the last room. In T3 (MiniGrid-BlockedUnlockPickup-v0) it has to move away a block-
ing Ball, unlock Door with Key and pick up Box. The state x; includes the grid image
m; € {Wall,Key, Door, Box, Ball, Empty}*"V the agent position p; € {1,...,H} x {1,...,W},
direction d; € {Up,Left,Down,Right}, and the object carried o, € {Key, Ball,Box, Empty}.
The control space U/ is defined as turn left/right, move forward, pick up/drop/toggle an object.

3.2.3 Results

We consider three MiniGrid tasks shown in Fig. 3.22 whose atomic propositions are
shown in Table 3.7. The task specifications can be expressed in terms of these propositions,
e.g., one possible trajectory that fulfills task T1 is to evaluate the propositions py, p2, p3 as true

sequentially.

Table 3.7. Atomic propositions used in each task.

T1 T2 T3

Ball is 2 steps
away from Door

p1 | Key is picked up Door 1 is open

p2 | Door is open Door 2 is open Key is picked up

p3 | Agent reaches Goal | Door 3 is open Door is open

ps | —— Agent reaches Goal | Box is picked up
Demonstrations

An expert trajectory is collected by iteratively rolling out the controls sampled from

the expert policy 7* at each state x, where Q*(x,u) in (3.30) is computed via the Dijkstra’s
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Table 3.8. Results on MiniGrid environment tasks. In each entry, Green / are results
trained from demonstrations 7; with expert policy temperature 11 = 0 and with n = 0.5,
respectively. Top: Best Scikit-SpLearn hyperparameters that solve Problem 2 for each task.
Bottom: Mean episode returns (or negative cumulative true cost, higher is better) are reported
across 64 randomly generated test environments.

T1 T2 T3
***** BC | 0364/0.253 | 0.338/0.307 | 0.284/0.192 |
T T GAIL~~ | 0483/0429 | 0:274/07185 | 0:342/0257 |
: WFA-IRL(ours) | 0.797/ 0.776/ 0.733/
rank | 5/9 |1 6/9 | 7/11 |- CWEALIRL 11T T
rows | 4/5 [ 5/5] 6/ 0.683/ 0.652/ 0.566/
1 4/ 5/ 6/ w/o WFA
— | Expert | 0.798/0.718 | 0.776/0.668 | 0.734/0.630 |
|~ Optimal | 0798 |~ 0776 | 0734 |
Random 0.000 0.000 0.000

algorithm with cost of 1 for any feasible transition. For each task, we consider two sets of
expert demonstrations D and 7)», each with 32 trajectories collected from expert policies
with temperatures 1 € {0,0.5}. The expert trajectories in D; and are strictly optimal
and suboptimal, respectively, and are labeled with score s = 1. In each set we also add 128
failed trajectories with score s = 0 from a random exploration policy (effectively setting expert
policy temperature 11 — o). The full demonstration set is used in each case to learn a WFA
representation /1y, of the task via the spectral method in Sec. 3.2.2 while only the successful

trajectories are used to learn the cost function cg, as in Sec. 3.2.2 and 3.2.2.
Our Method and Baselines

Our method WFA-IRL uses a neural network architecture to represent the cost func-
tion. For a detailed description, please refer to Appendix 3.2.2. We use the spectral learning
algorithm in the Scikit-SpLearn toolbox [6] to learn the parameters y of the WFA from the
expert demonstrations D. In the implementation, we first compress the demonstration words
Oq., Where consecutive identical symbols are removed. This greatly reduces the complexity
of learning the WFA while keeping the symbol sequences unchanged. The hyperparameters
for the spectral learning method are the rank of the automaton (m in Theorem 1) and the sizes

(rows and cols) of the prefix and suffix basis (B8 = (P,S) in Theorem 1), which determine
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the size of the Hankel matrix estimated empirically from demonstrations. The complexity is
O(n x rank X rows X cols) since we iterate through the ranks to find a minimal WFA and count
the prefix and suffix frequencies for a given word. The spectral method can learn almost perfectly
with near zero loss in (3.31) for all tasks and the best hyperparameter configurations are shown in
Table 3.8. We observe that larger WFA capacity is required to learn from suboptimal trajectories
and thus more diverse words from

As baselines, we first ablate the WFA component in our method to understand its
effects. Instead of planning in the product WFA-MDP space and checking the WFA termination
condition in (3.34), the agent without WFA component simply plans in the original MDP and
checks whether a goal state is achieved. Additionally, we compare our method with standard
imitation learning and inverse reinforcement learning algorithms, including behavioral cloning
(BC) [141] and GAIL [7713. The value/policy functions in these baselines follow our cost neural
network architecture to fit the state-control input format and to compare fairly in representation
power across methods. This includes the policy network in BC, the discriminator in GAIL,
the policy and value networks in PPO [145], used as generator in GAIL. Only the size of the
last fully-connected layer is modified depending on whether it is action or value prediction.
GAIL is known to achieve stable performance in fixed horizon environments while the MiniGrid
environments terminate as soon as the agent fulfills the tasks. We fix this issue by adding a

virtual absorbing state as suggested in [96] when training GAIL.
MiniGrid Results

We report the average performance of each method in Table 3.8 by testing on 64 new
environment configurations generated randomly for each task. First, we observe that our method
can achieve almost perfect performance when trained on D;. This is expected since the learned
WEFA strictly chooses planned trajectories whose words would match the optimal behavior.

Interestingly, the learned WFA could make the agent suboptimal if the optimal word in testing is

3The implementations are adapted from the imitation learning library [170]
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not seen in training, as shown in Fig. 3.23. Next, our method matches the expert performance well
using either D or 77, and outperforms BC and GAIL (even without WFA). This demonstrates
that using planning to solve tasks that encode logical structures performs better than a reactive
policy employed by BC. Moreover, the performance gap between our method and ours without
WFA shows that learning logic specifications explicitly with a WFA can further improve the
policy. On the other hand, we find the performance of GAIL is limited as PPO cannot easily
generate successful samples similar to the demonstrations (notice that the random policy never
succeeds) to improve the cost discriminator and, in turn, the generator itself. We visualize the
agent policy in Fig. 3.24 and observe that our method has a stronger bias on controls that follow

the learned logical sequences.
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Figure 3.23. Agent trajectory (left column) trained with D and expert trajectory (right column)
in task T3 during testing. The agent WFA only learns words that appear in demonstration D1,
which always moves Ball away from Door first before picking up Key. In testing it fails to
recognize a lower cost trajectory of a different word sequence, where Key is carried closer to
Door before moving away Ball.
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WFA-IRL
GAIL WFA-IRLW /o WEA

Expert
Turn left
Turn right
Forward
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Toggle
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Forward
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Figure 3.24. Visualization of policy probabilities of each method trained on 77> at a critical state
in T2. Our method shows a stronger preference towards controls (toggle door) that can make

task progress.
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3.3 Summary

This chapter introduces inverse reinforcement learning approaches to learn navigation
policies from expert demonstrations. In Sec. 3.1, we introduce cost functions that can learn from
semantic features and in Sec. 3.2 we encode high-level task logic as weighted finite automata.
Furthermore, we propose a differentiable motion planning algorithm that efficiently optimizes
the cost function parameters using an objective function that maximizes the likelihood of the
expert demonstrated behavior. The proposed approaches allow us to generalize the navigation
policy to unseen environments with dynamic obstacles by understanding semantic entities and

solving long-horizon, sequential and compositional planning problems.
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Chapter 4

Simulation to Real Generalization for
Robot Manipulation

In the previous chapter, we have introduced inverse reinforcement learning approaches
for imitating robot navigation behaviors from expert demonstrations. In this chapter, we focus
on applying inverse reinforcement learning methods on robot manipulators. Robot manipulation
systems typically consist of a robot arm and an end-effector and classical control methods are
used in assembling and packaging in manufacture, planting and harvesting in agriculture, etc.
However, robot manipulators cannot easily achieve versatile skills like washing dishes, peeling
a banana or arranging furniture. In recent years, deep reinforcement learning and imitation
learning methods have been applied to learn complex manipulation skills and adapt to diverse
environments and tasks from experience and demonstrations. While typical RL agents require
millions of environment interactions to specialize is a single task, we consider learning internal
robot representations such that the policy is not re-trained for different robots performing the
same task. In particular, we will consider domain adaptation for policy generalization across
different types of robots and transfer learning from simulation to real world.

Consider a manipulation task requiring a robot arm to control a gripper (see Fig. 4.1). A
canonical parametrization of the state and action space utilizes joint angles, angular velocities
or torques. Our insight is that a successful trajectory in the joint configuration space may be

complicated but its embedding in the end effector (e.g., fingers or gripper) configuration space is
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relatively simple. We postulate that discovering such a latent space through joint optimization
with the task objective can facilitate training convergence and policy adaptation across different

types of robot arms in both simulation and real world settings.

Figure 4.1. Learning a policy for robot joint torques (red) to achieve an expert-demonstrated
manipulation task is challenging due to the high dimensional configuration space. We propose to
abstract the action space to the gripper pose movement (yellow) to allow imitation learning in a
lower-dimensional action space.

Learning invariant feature representations have shown promising for solving downstream
RL and domain transfer tasks. Guo et al. [65] and Hafner et al. [71] independently propose
to learn a latent recurrent state model from pixel observations and bootstrap latent dynamics
to learn latent predictions of future observations. Pari et al. [127] use a BYOL-style [63] self-
supervised learning framework to learn latent representations from visual observations offline
and then find nearest neighbors from demonstrations to predict actions. Zhang et al. [187] use
virtual reality teleoperation system to align human demonstrations with robot arms for imitation
learning. Wang et al. [169] consider visual planning problem for robot manipulation where a
causal InfoGAN model [100] generates future visual observations with latent planning and a
learned inverse dynamics tracks the predicted observation sequence. Nair at el. [119] pre-train
latent visual representations from large dataset using time-contrastive learning [148] and video-

language alignment [118] to be used in downstream robot manipulation tasks. Das et al. [37] use
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visual keypoints as latent features to imitate human demonstrations for robot manipulation tasks.

Transfer learning is considered a challenging direction in reinforcement learning. Zhang
et al. [185] propose to learn invariant representations through bisimulation metrics [47] where
states are considered similar if they have similar immediate rewards and state distributions
under the same action sequence. Wulfmeier et al. [173] finetune a source policy on the
target robot of the same type but different dynamics by encouraging similar state distribution.
However, it still performs RL on the target environment which assumes access to the reward
function and environment interactions. Zakka et al. [183] use temporal consistency constraint
from paired source and target samples for cross-embodiment imitation learning. Hejna et al.
[75] consider cross-morphology transfer learning by finetuning hierarchical policies with KL
constraint. Zhang et al. [186] learn a direct state and action correspondence between source
and target domains with a cycle consistency constraint. However, they do not construct a latent
space so correspondence has to be re-trained if a third domain is introduced. Stadie et al.
[155] consider imitation learning under viewpoint mismatch where feature extractor learns to
be invariant to viewpoint changes. Kim et al. [90] also considers matching state distributions
via generative adversarial networks across domains in an imitation learning setting. Our work
does not require expert demonstrations in the target domain. Yin et al. [179] learn a latent
invariant representation for a robot with different physical parameters (e.g. link length). Their
method cannot be applied if source and target robots have different morphologies (e.g. different
number of links). Yoneda et al. [180] aligns latent features from source and target samples with
adversarial training and dynamics consistency constraint. While their approach only considers
visual adaptation of the same robot, we consider a more general setting of aligning robots of
different dynamics and morphology.

Different from common manipulation tasks like grasping and opening drawers, dynamic
manipulation abandons the quasi-static assumption of interaction. It leverages object dynamics,
such as inertia and momentum, to handle tasks requiring high-speed actions and extended robot

workspace, like throwing and catching [114, 56, 147, 93]. Traditional systems for such tasks often
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rely on handcrafted models of system dynamics, which may fall short when dealing with difficult-
to-estimate parameters or new objects. To address this issue, recent works [94, 59, 184, 29]
employ data-driven approaches to optimize control commands using partial dynamics models.
For example, Chi et al. [29] propose an iterative residual policy to solve tasks with complex
dynamics; Zeng et al. [184] use end-to-end training to learn stable grasps that generate predictable
throws. However, these works focus on low-DoF manipulators rather than high-DoF dexterous
hands, which introduce additional complexities due to intricate hand-object interactions. [130]
uses Population Based Training (PBT) to scale up the training of dexterous manipulation in
simulation, and it also trains a task that throws and catches using two hands. However, while
our methodologies primarily focus on sim2real transfer, [130] does not include the real-world
experiments. In this study, we use a learning-based approach to tackle dynamic problems,
specifically throwing and catching, with multi-finger dexterous hands. We explore the impact of
initial dexterous grasps on throwing performance and investigate strategies to bridge the sim2real
gap in the context of dynamic manipulation.

In recent years, the robotics community has increasingly focused on dexterous ma-
nipulation due to its great flexibility and human-like dexterity. Researchers have developed
methods using dexterous hands for tasks such as grasping [177, 19, 67, 33, 134], in-hand ro-
tating [178, 72, 132, 2, 26], and manipulating deformable objects [10, 48, 108, 79]. Similar
to us, DexPoint [133] achieves generalizable manipulation for grasping and door opening by
training on multiple objects with a Allegro hand. However, complex tasks like throwing and
catching objects require a bimanual robot system to achieve human-level manipulation skills.
Researchers have investigated bimanual manipulation through task planning [167, 193, 175],
and reinforcement learning [30, 3, 87]. However, most previous work focused on using two
parallel jaw grippers for quasi-static interaction, leaving dexterous bimanual manipulation largely
unexplored. Few studies have delved into this area, mainly in simulation without real robot
validation [23, 27, 182]. In this section, we take a step forward by developing a bimanual

dexterous manipulation system capable of throwing and catching various objects. Our work also
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demonstrates that simulation training without real-world data can still tackle this challenging
task even with great sim2real gap.

We introduce three approaches for learning robot manipulations skills in this chapter.
First, we propose LAtent Policies for Adversarial Imitation Learning (LAPAL), which trains an
action encoder-decoder model to provide a latent structured action space for efficient adversarial
imitation learning. We demonstrate that the action encoder-decoder model can be trained offline
with expert demonstrations only to learn latent action representations, and trained online to learn
latent representations that align with the imitation learning task objective. Next, we generalize
LAPAL by learning both state and action encoder-decoder models. We propose to project robots
of different embodiments into a common latent representation space using adversarial distribution
matching and cycle consistency training objectives. Finally, we demonstrate a simulation to real
transfer approach for learning bimanual throw and catch skill. In summary, the contributions of

this chapter are:

* We propose LAPAL, an action encoder-decoder model which learns a structured latent
action representation via adversarial imitation learning. The latent action space can be
aligned with expert demonstrations or imitation learning task objective for efficient training
and finetuning the action encoder-decoder model allows us to generalize policy across

different robot manipulators.

* We propose cross embodiment robot manipulation skill transfer, where robots of different
dynamics and morphology can be projected into a common latent space using adversarial
distribution matching and cycle consistency constraint. The latent policy trained from a
source robot can be transferred to a target robot without finetuning with target domain

reward function or expert demonstrations.

* We propose an approach to enable simulation to real world transfer for bimanual robot
manipulation. We demonstrate that our multi-finger robot hands learn robust policies to

throw and catch diverse types of objects at high speed in real world.
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4.1 Latent Policies for Adversarial Imitation Learning
4.1.1 Problem Formulation

Consider a continuous-space control task formulated as a discrete-time Markov decision
process (MDP) M = {S, A, T,r,v}, where s € S C R" is the state, a € A C R™ is the action,
T:8xAxS8 —10,1] is an unknown transition function from state s to state s’ under action
a, r: S x A— Ris areward function and y € (0,1) is a discount factor. In IRL, the reward
function r is not known to the agent. Instead, it infers a reward function from a set of expert
demonstrations {(s;,a,)}, sampled from an expert policy g : S x A — [0, 1].

We denote the state-action marginal of the trajectory distribution induced by a policy 7
in M as py(s,a). The imitation learning objective can be formulated as minimizing a general
f-divergence between the state-action occupancy measures under a parameterized agent policy

Ty, and the expert policy 7g,

meian [pﬂe (Saa) H Prg (Saa)] ) 4.1)

where Dy[pllq] := [ f (‘Z E::zg)q(s,a)dsda) measures the difference between two probability
distributions p,q € P(S x A) in the space of density functions over S x A, using a convex
generator function f : [0,00) > (—oo,00]. For example, AIRL [54] optimizes the Kullback-
Leibler divergence (f(x) = xInx), and GAIL [77] optimizes the Jensen-Shannon divergence
(f(x) = %(x —1)Inx) [77, 61]. In this work, we consider the Jensen-Shannon divergence but the

development can be generalized to other types of divergence functions as well. GAIL iteratively

trains a discriminator Dy, and a generator policy 7y, with the following mini-max objective
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[77, 61]:

ménmq’;iXJ(G,(P) - rrgnDJS [pﬂo (573) || Prg (Sva)]

= meinmfxE(sva)NnE [logDy(s,a)] +E(s a)z, [log(1—Dy(s,a))] (4.2)

where Dy : S x A — [0, 1] is the discriminator function classifying the probability of a given
state-action pair from the expert. In this section, we will focus on solving (4.2) by introducing a

latent policy defined on a learned latent action space.

4.1.2 Learning Latent Action Representation

We consider lifting the original MDP to a new MDP, M = {S, A,T,7,v} where A
is a (lower-dimensional) latent action space, and 7T : S x Ax S — [0,1] and 7: S x A — R
are the transition probability and reward function defined in the latent space. We assume
there exist optimal action encoder-decoder functions g : A — A and h: A — A, such that
T(s,g(a)) =T(s,a),7(s,g(a)) =r(s,a),Vs € S,a € A. We further assume that the expert policy
support lies within the image of the latent action decoder, i.e., supp(ng) C h(A) C A. The
insight is that the expert policy only operates on a subset of the original configuration space.
Therefore, learning a policy on such subspace is more efficient and it prevents explorations
on the original action space where the optimal policy would never visit. In this section, we
present a method to learn the latent action representations from expert demonstrations. In the
following sections, we show that the learned action encoder-decoder functions can be fixed and
(4.2) reduces to solving an imitation learning problem in latent MDP M, or they can be merged
within the adversarial learning algorithm with their parameters optimized by gradients of (4.2).

Following the motivation in Fig. 4.1, we propose to learn a latent action space such as the
space of the robot’s end-effector pose movements from it orginal action space of joint torques. To

determine a latent action, the end-effector pose movement not only depends on the joint torques

applied but also the current robot joint configuration state. Similarly, finding the joint torques
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such that the end-effector achieves the desired movement is also conditioned on the robot joint
state. Inspired by these observations, we propose to use a conditional variational autoencoder
(CVAE) [153] to model the action encoder-decoder functions and learn a latent represetation of
the original action space. The action encoder g4, maps an action a to a latent distribution ®(- | s),
e.g. diagonal Gaussian, conditioned on the state s, and samples a latent action a from ®. The
action decoder A, : S x A — A maps a latent action to the original action space, conditioned

on the state s. The loss function to train CVAE is

Lcvap(s,a) = ||a—he,(s,a)|[5+ BDx[®(@]s) || p(a|s)] (4.3)

where we assume a state-independent prior p(a | s) = p(a). The first reconstruction loss term
ensures that we learn a latent action space that is consistent with the original action space and
the second KL loss term regularizes the encoded latent posterior distribution. The coefficient
is an adjustable hyperparameter that balances latent model capacity and reconstruction accurary
[76]. We train the CVAE model with expert demonstrations only so that the learned action space
captures latent representations of the expert policy and not those of any random exploration

policy for the reasons described in the previous paragraph.

4.1.3 Task-agnostic and Task-aware Action Embedding for Adversarial
Imitation Learning

Task-agnostic Action Embedding

In this section, we assume the action encoder-decoder functions gg, , i, are trained as in
Sec. 4.1.2 and the parameters @, @, are fixed. Given g, , hqw,, We can induce a latent MDP M

as described in Sec. 4.1.2. We consider an imitation learning problem in the latent MDP M and
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the mini-max objective anagolous to (4.2) is

rrginmgx](é,(p) = méinng [p,—ré (s,a) || pﬁE(s,ﬁ)]

= méinmng(svﬁ)NﬁE [log Dy (s,a)] +E s 3)z, [l0g(1 —Dy(s,a))] (4.4)

Here, we abuse the notation (s,a) ~ 7y to denote that we have converted an expert transition
(s,a) ~ 7g into the latent action space via @ = g, (s,a). The latent agent policy 7Tz : S x A —
[0, 1] predicts a latent action a at state s, which is converted back to the original action space,
a = hy,(s,a), before applying it to the agent.

For discriminator optimization, we compute the gradient of the objective with respect to

discriminator parameters ¢:

VoJ(6,0) =E(sa)~z, [VologDy(s,a)] +Ez) .z, [Volog(l—Dy(s,a))].  (4.5)

We can exchange the expectation with differentiation since the expectation terms do not depend
on ¢@. The expert latent actions are converted from the original state-action pair via the action
encoder a = g, (s,a) and the agent latent action is sampled from the latent policy 7.

For generator optimization, we denote the discriminator Dy evaluated at the optimal
parameter ¢* as D* := Dy+. Since 6 appears in the probability distribution and not inside the
expectation in the second term of (4.4), a gradient estimator can be obtained from the policy

gradient theorem [159, 144],

VDs [pry(s:2) || pzs(s,3)] = VaE (s a)~z, [log(1 — D" (s,a))]

= E(sa)~1,[ValogTg(a|s)Q"(s,a)] (4.6)

where Q% (s,a) = E(s,.a)~m5 [Lie0 ¥ 10g(1—D*(s,a;)) | so =s, 89 = a] is the value function of &

starting from (s, a). Effectively, the policy optimization step is to apply on-policy reinforcement

74



> a
— > [55] w2
Loss

1
!
9w, a qu E § — Ty a hwz
1
| Ja
Discriminator i Generator
Loss i Loss

Figure 4.2. LAPAL overview. We first train action encoder-decoder functions g¢, , e, With a
conditional variational autoencoder (CVAE) on expert demonstrations Bg to extract latent action
representation. In adversarial imitation learning, we iteratively train a discriminator Dy that
classifies state and latent action pairs (s,a) and train a generator 7T that predicts latent actions
from states. For task-agnostic LAPAL, we update the discriminator and generator parameters
¢, 0 by formulating a imitation learning objective in the latent space (orange dashed line). For
task-aware LAPAL, the action encoder-decoder functions can be jointly optimized with the
discriminator and policy (green dashed line).

learning with reward 7(s,a) = —log(1 — D*(s,a)) using on-policy samples from 75. In practice,
off-policy reinforcement learning algorithms, e.g., soft actor-critic (SAC) [70], can be applied
to replace the expectation under the policy distribution with expectation under the agent replay
buffer distribution [95, 18]. It is no longer guaranteed that the agent visitation distribution will
match that of the expert but allows off-policy training for sample efficiency. In addition, since
we optimize the discriminator and generator iteratively, we do not obtain the optimal discrimi-
nator D* but rather use the reward 7(s,a) = —log(1 — Dy (s,a)) defined over the discriminator
parameters in the current iteration.

To sum up, in task-agnostic imitation learning, we assume that the action encoder-
decoder functions g, , e, are trained and their parameters are fixed. We apply GAIL in the
latent MDP M where the discriminator Dy classifies (s,a), and the policy 7y is trained with

reward 7(s,a) = —log(1 —Dy(s,a)) using SAC.
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Task-aware Action Embedding

In this section, we consider the case where the action encoder-decoder parameters ®;, @,
are trainable, and solve the imitation learning optimization problem for the original MDP M.

We rewrite the minimax objective in (4.2) as

minmaxJ(0,¢,®;,w)
0,m, 9,0

= minmax E( 3) .z, [logDy (s, 8w, (s,))] +E(sa)r; [log(1 —Dy(s,8w (s,a)))] (4.7)
0,w, 9,01 0)

where we have written the latent action as a = g, (s,a) and the latent policy samples (s,a) ~ 73
followed by action decoding a = h,(s,a) as (s,a) ~ 75 4, to explicitly bring out the dependency
on the parameters @i, @;.

For the discriminator update, we now compute the gradient with respect to both ¢ and

o, since they affect the classification probability of a state-action pair (s, a),

V(]),a)lj(éaq)a 1, (1)2)

= ]E(s,a)NnE [V¢,wl IOgD¢ (Svgah <S7a)>] +E(s7a)~7rém2 [V¢,w1 log(l _D¢ (S7gwl (Sva)»] .
4.8)

For the generator update, we again notice that the policy parameters 8, @, only appear in
the probability distribution and not inside the expectation. The policy gradient theorem can still

be applied to obtain a gradient estimator,

Vo.0,D15 |Prg , (8:3) || P (5,8) | = Vi o, E(s.)emy , [108(1 =D (5,80, (5:2)))]

= Esa)omy ,, [V6,0,10875 0, (2 [ 8)07(s,0)], (4.9)

where Q’é"wz(s,a) = E(Smaz)wrg,wz Y0¥ log(1—D*(st, 8w, (St,a:))) | So =s,a9 = a] is the value

function of g ,, = he, © Ty starting from (s,a). In practice, we can optimize the agent policy
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Tty o, Using any off-policy reinforcement learning algorithm, e.g. SAC, with reward function

r(s,a) = —log(1 =Dy (s, 8w, (s,a)) as described in the previous section.

The architechture for task-agnostic and task-aware LAPAL is illustrated in Fig. 4.2 and

the complete algorithm is summarized in Algorithm 4.

Algorithm 4. Latent Policies for Adversarial Imitation Learning (LAPAL)

1: Input: Expert demonstration buffer Bg

2: Randomly initialize action encoder-decoder {gw1 , ha,z} discriminator Dy, latent policy 7g,
and empty agent replay buffer B,

3: Train action encoder-decoder g, , 1o, With CVAE loss (4.3) using expert transitions from
Bg

4: for number of training iterations do
5: for number of experience collection steps do
6: Sample latent action &, ~ (- | §;)
7: Decode action a; = hg, (s;,a;)
8: Add (s;,a,) to agent replay buffer By
9: Step environment for next state ;. |
10: for number of adversarial training steps do
11: Sample a minibatch B from joint buffer Bg U B
12: Encode actions a = g, (s,a) for (s,a) € B
13: if using task-agnostic LAPAL then
14: Update ¢ with gradient (4.5)
15: Update 6 with reward 7(s,a) = —log(1 — Dy (s, a)) using SAC [70]
16: else if using task-aware LAPAL then
17: Update {9, w; } with gradient (4.8)
18: Update {6, @, } with reward r(s,a) = —log(1 — D (s,a)) using SAC [70]

Characterizing LAPAL Latent Policy

In this section, we discuss a theoretical aspect of our method where the objective func-
tion that we optimize is a lower bound to the original imitation learning algorithm objective.
Given a fixed action embedding function f: A — A, we induce a latent MDP M. The imita-
tion learning objective function in M is given as D [px, (s,a) || px, (s,a)] while that in M is
Dy [p,—ré (s,a) || pz, (s,a)]. The data processing theorem states that the latter is a lower bound for

the former,

Dylpa(s,a) || pz;(s,a)] < Dylpa(s,a) || pzy(s,a)]. (4.10)
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In other words, any processing of the ground truth state-action (s,a) makes it more difficult to
determine whether it came from the expert or the agent policy. As a result, the latent policy 7 that
we solve in M can be suboptimal in M after action decoding, 7 = ho . Empirically we find
that our task-agnostic LAPAL model can achieve a suboptimal performance in low-dimensional
systems where the action dimension is already small and embedding action space might lose

important information for imitating expert policy. For high-dimensional systems, the learned

latent policy still matches the expert performance.

Figure 4.3. Benchmark environments from MuJoCo and robosuite: (left to right) HalfCheetah-
v3, Walker2d-v3, Ant-v3, Humanoid-v3, Door.

4.1.4 Experiments

Benchmark Tasks for Imitation Learning

We use four continuous control locomotion environments from MuJoCo [165, 21] and
one manipulation environment from robosuite [191], presented in Fig. 4.3. For the locomotion
environments, the task is to run at high speed without falling or exerting too much control effort.
For the Door manipulation environment, the task is to open the door using a robot arm with a
two-finger gripper. The original state and action dimensions are provided in Table 4.1.

We evaluate task-agnostic and task-aware LAPAL against GAIL [77]. Each algorithm is
provided with 64 expert demonstrations, collected from a policy trained with soft actor-critic
(SAC) on the ground truth reward function. We use the same set of hyperparameters across GAIL
and task-agnostic/aware LAPAL and the neural network architectures are shown in Table 4.2.

The generator policy SAC is adapted from [136] and its critic and actor networks share weights
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Table 4.1. Environment state and action space dimensions

. State Action
Environment . . . .
dimension dimension

HalfCheetah-v3 17 6

Walker2d-v3 17 6

Ant-v3 111 8

Humanoid-v3 376 17

Door (Panda/Sawyer) 46 8

Table 4.2. Neural network configurations
Module Hidden layer size ~ Activation  Learning rate

Action encoder (256, 256) Leaky ReLU 3e-4
Action decoder (256, 256) Leaky ReLU 3e-4
Discriminator (256, 256) Tanh 3e-5
Generator actor (256, 256, 256) RelLU 3e-4
Generator critic (256, 256) RelLU 3e-4

for the first two layers. For LAPAL models, we add a Tanh activation layer to the action decoder
output to match the action space bounds. The networks are trained in PyTorch [129] with
the Adam optimizer [91]. The latent action dimension is set to 4 for both task-agnostic and
task-aware LAPAL to infer the latent task structure of these robotic locomotion and manipulation
tasks.

Fig. 4.4 shows the learning curves of each method. For low-dimensional systems
(HalfCheetah-v3, Walker2d-v3), task-agnostic LAPAL is on par or worse than the baseline GAIL
since the original action space dimension is small enough and further compressing the latent
space could result in suboptimal performance as discussed in Sec. 4.1.3. For high dimensional
systems (Ant-v3, Humanoid, Door), both task-agnostic and task-aware LAPAL demonstrate
faster convergence than GAIL. Specifically in the complex Humanoid-v3 environment, our
models can achieve the expert baseline performance, while GAIL fails to recover an optimal
policy in the original action space without explicit regularization techniques like gradient penalty

[64, 123] and spectral normalization [117].
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Figure 4.4. Benchmark results for MuJoCo and robosuite tasks. Each algorithm is averaged
over 3 random seeds and the shaded area indicates standard deviation. LAPAL is on par with
GAIL in low-dimensional problems such as Walker2d-v3 and HalfCheetah-v3 but converges
faster for high-dimensional problems like Ant-v3, Humanoid and Door. In high-dimensional
Humanoid-v3, GAIL fails to recover the optimal policy without addition regularization, e.g.
gradient penalty and spectral normalization, while LAPAL converges quickly and asymptotically.

Ablation Studies

We perform ablation on the Humanoid-v3 task to investigate the influence of the latent
action dimension d,, on task-agnostic LAPAL. Humanoid-v3 has the largest action space dimen-
sion among the tasks studied in this section. Fig. 4.5 shows the learning curves of task-agnostic
LAPAL with d, = 4,8 and 16. We provide 16 expert trajectories instead of 64 as in the previous
benchmark evaluation to emphasize the difference between our ablated models and the baseline
GAIL. The performance of task-agnostic LAPAL is close to optimal when d, = 4 or 8 but drops
about 10% when d, = 16. In comparison, the baseline GAIL applied in the original action space
with 17 dimensions only reaches 60% of the expert performance when few demonstrations are
provided. This shows that AIL methods can suffer from high action space dimensionality.

We also study the effect of spectral normalization on each model in Fig. 4.5. Empirically,
we find that spectral normalization [117] improves the model performance while penalty gradient

[64] does not and is omitted here. With spectral normalization, GAIL is able to reach expert
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Figure 4.5. Ablation analysis of task-agnostic LAPAL with latent action dimension d, in
Humanoid-v3. Each model is averaged over 5 random seeds and the shaded area indicates
standard deviation. Without spectral normalization (left), task-agnostic LAPAL with large
d, = 16 performs worse than those with d, = 4 or 8, while GAIL using the original action space
(d, = 17) has the lowest return. With spectral normalization (right), all models reach expert
performance but the effect of the action dimension size is still apparent in the training speed.

Table 4.3. Average return of each policy over 16 episodes and 5 random seeds in the Sawyer
robot target environment M,. The source policy is trained with a Panda robot in a source
environment M and directly applied to M;. Behavioral cloning (BC) and GAIL are trained
with demonstrations from M;. The transferred policy is a composition of the latent policy 7
trained in M and the action decoder /; trained in M.

Expert Sou.rce BC GAIL Transferred
policy  policy policy
AVerage oo, | 51 3546 6574159 752453 732446
return

level and the differences in task-agnostic LAPAL with varying d, are small. However, using a
lower-dimensional action embedding still leads to faster training. Additionally, we notice that in
the previous experiments, the performance of both task-agnostic and task-aware LAPAL degrades
in the beginning of adversarial training. We suspect that this is due to pre-training the action
encoder-decoder with expert demonstrations. When the weights of the action encoder-decoder
are optimized for the CVAE loss (4.3), they might not be a good initialization for training the
discriminator and generator under the adversarial loss. With spectral normalization applied,

the performance drop of task-agnostic LAPAL is mitigated as it stablizes gradients during
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Figure 4.6. Zero-shot transfer learning for task-agnostic LAPAL from Panda robot (left) to
Sawyer robot (right) in Door environment.

discriminator training.
Transfer Learning in Robosuite Door

Our task-agnostic LAPAL model is suited for transfer learning problems in robotic tasks.
We consider transferring skills acquired from one robot in a source environment M to another
robot in a task environment M,. Specifically, we train task-agnostic LAPAL in the robosuite
Door environment with a Panda robot arm and deploy it on a Sawyer robot arm in the target
environment (see Fig. 4.6). The two robots have the same degrees of freedom but the joint
configurations (geometry, friction, damping) and gripper models are different. Directly applying
a policy trained from one robot to another for the same task does not work.

We first apply task-agnostic LAPAL in M to acquire a latent policy 7, for an “open
door” skill. We then use 64 expert demonstrations in M; to train a new action encoder-decoder
{g:,h: } as described in Sec. 4.1.2 for the Sawyer arm. Combining the latent policy 7 in M, and
the new action decoder h; we obtain a transferred policy for M;. We consider this as zero-shot
transfer since it does not require additional online interactions with M,. On the other hand,
training GAIL directly in the target environment M, will require collecting online samples from
M. Table 4.3 shows that the transferred policy obtains an mean return of 732. For baseline

comparisons, the expert policy on M; has mean return 857 but directly applying the expert
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policy from M, to M, only achieves 35. Without considering transferability or leveraging any
source task data, applying behavioral cloning (BC) and GAIL in M, achieves mean returns of
657 and 752, respectively. The transferred policy from LAPAL is better than BC alone in M;
and almost matches GAIL trained in M,. This illustrates that LAPAL learns an informative

latent policy that may be generalized to different robot types.
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4.2 Cross Embodiment Robot Manipulation Skill Transfer
from Cycle Consistency

4.2.1 Problem Formulation

A Markov decision process (MDP) M = {S, A,r,T,y} consists of a continuous state
space S, a continuous action space .4, a reward function r : S x A — R, a probabilistic transition
function T : S x A x § — [0, 1], and a discount factor y € [0,1]. We consider a source MDP
M= {8 A5, r¥, Ty} and a target MDP M’ = {S", A"/, T",y}. In general, the state and
action spaces of the source and target MDPs are different. We aim to align the source and the
target domains by defining a latent-space MDP M* = {S%, A% %, T%, y}. We introduce a state
encoder F* : S — & and an action encoder G* : §° x A* — A% to map source state-action pairs
to the latent MDP, as well as decoders F* : S* — S* and G, : S* x A* — A° to map latent state-
action pairs back to the source MDP. Similarly, we define state-action encoders and decoders
between the target and the latent MDPs F',F’ G',G'. We assume that random transitions
D¥={(s},a},s}, )} and D' = {(s},a},s}. ) } are available from the source and target domains.
Our goal is to learn the state-action encoders and decoders F{51} F{s1} Glst} Gis#} such that
a source policy parameterized through the latent space, 7°(s*) = Gy(s*, 7%(F*(s*)), can be
transferred to the target domain by keeping the latent policy 7° fixed and only replacing the
embedding functions, i.e., 7' (s') = G, (s', t*(F'(s")). In this section, the latent policy 7% : S* —
A% is assumed to be deterministic. The encoders and decoders provide a common latent space to
align different robot emobodiments. We can reuse the latent policy when a new target robot is

introduced without learning the target policy from scratch.

4.2.2 Cross Embodiment Representation Alignment

In this section, we first define source encoders and decoders and train a latent space
policy. Next, we align the target domain samples to the latent space constructed in the first stage,

so that the latent policy can be combined with target domain projection functions to construct a

84



(@) rollout{(s3,a$,s3,1,75)} : (b) M Iml i (<)
€553 11 at = (G o7% o Fy)(st)
t G t ' '
(Sk» @3> Shg1) (8% > Shot1) N 0 0
F.Gi FLa VS E .

‘e { Y Trainable -
z z z
(87> 0% Sir1)

Source policy training : Latent alignment Target deployment

Figure 4.7. Approach overview: (a) The source robot learns encoders and decoders Fj, Gy, E;, G,
for state-action projections between its own space and a latent space. The source robot learns a
latent policy m* simultaneously with encoders and decoders with RL. (b) During latent alignment,
the source encoder decoder functions are frozen while the target encoder decoder are trained to
match latent distributions as well as to satisfy cycle consistency and latent dynamics constraints.
(c) During target deployment, we composite the target encoder and decoder functions trained in
(b) with the latent policy trained in (a).
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Figure 4.8. Overview of latent alignment losses: (left) adversarial loss to match distributions in
each domain, (middle) cycle consistency loss that regularizes samples to be close to themselves
when translated to the other domains and back, (right) latent dynamics loss to enforce forward
and inverse latent dynamics functions.

target domain policy. An overview of our approach is shown in Fig. 4.7.
Latent Policy Training with Source Domain Projection

Training a source domain policy directly does not help build a representation that allows
generalization to new target domains. We parameterize a source policy in M?* through a latent
policy in M? using a state encoder F* and an action decoder G,: 7°(s*) = Gy(s®, n%(F*(s*)).
Hence, instead of directly predicting a source action from a source state, we project the source
state s°* to a latent state s° = F*(s*), use the latent policy to predict a latent action a® = 7%(s?),
and project the latent action back to a source action, i.e., a* = G*(s*,a?). We propose to combine
three types of objectives to learn the encoders, decoders and latent policy as discussed below.

RL Task Objective. We first optimize the latent representations of the source robot to

align with the task objective. In particular, we optimize G*, F* jointly with the latent policy 7
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using a deterministic policy gradient algorithm, e.g., TD3 [110, 55]. Recall that in deterministic
policy gradient algorithms, the objective of a parameterized policy 7y is to maximize the expected

cumulative reward (or to minimize the expected cumulative cost):

Lrr(0) = —Eg,

i }/‘r(sk,ak)] . (4.11)
k=0

The gradient of the objective is:
VoLr(0) = —E [Vomg(s)VaQ™ (5,2)]azry(s)] - 4.12)

where the action-value (Q) function of 7y is

Qﬂe (Sa a) :ESNTEG ,a~ Ty Z '}/(F(Sk, ak) ’SO =S,30=4a|,
k=0

i.e., the expected sum of rewards when choosing action a in state s and following g afterwards.
In our approach, since the policy is a composition of the encoder F*, decoder G* and latent
policy 7%, the policy gradient in (4.12) is backpropagated through each component to update
their parameters.

Latent Dynamics Loss. The latent space is loosely constrained with a policy representa-
tion that is optimized by the task objective only. We use a self-supervision signal based on latent
dynamics prediction [73] to learn forward and inverse dynamics models 77 : §* x A* — S% and
T?: 8% x 8% — AZ. The latent dynamics loss is optimized simultaneously within the RL loop

and is defined as:
~ 2 - 2
La(T% T F.G°) = Eigag o [[T76589) =i |B 4117555 00— [3] - 419

where s; = F*(s}) and a; = G°(s},a}). Note that we use a deterministic latent dynamics model

for ease of implementation while a stochastic model can also be considered [102] and is left for
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future work.

Reconstruction Loss. While it may not be necessary to reconstruct distractions or
noise when learning latent representations from visual observations, we consider robot joint
configuration as the source domain and it includes crucial information that should be captured
in the latent space. Therefore, we also require Fy and F; (as well as G, and G,) to be inverse

mappings of each other:
~ ~ ~ 2 ~ 2
Lree(F*,F*,G*,G°) = E(g at) [HFS(FS(S;)) —si||; + |G (s, G(s}ap)) — a;}}z] . (4.14)

The pseudo-code for learning source domain policy through latent space is shown in
Alg. 5. We first initialize a replay buffer D containing the source random transitions D°. In the
RL loop, we update the F*, 7%, G* with policy gradient in (4.12) and use the same minibatch
samples to optimize the latent dynamics 7%, 7% and to enforce the encoder-decoder reconstruction

loss in (4.14).
Target Domain Alignment

In the previous section, we have learned a projection (F*, F*,G*, G*) from the source
domain to the latent domain and a source policy 7° parameterized through that latent domain.
Next, we will consider projecting the target domain to the same latent domain induced by source
policy training and construct a target policy from the latent policy. Our objective function
contains three types of terms as shown in Fig. 4.8: adversarial losses for matching the translated
distribution in the source, target and latent domains; cycle consistency loss such that the state and
action mappings can learn from unpaired samples in each domain; and finally latent dynamics
consistency where target samples follow the same latent dynamics trained in the Sec. 4.2.2.

Adversarial Loss. In the previous section, we have learned the projection from the
source domain to latent via encoders and decoders F*, F', G*, G*, which fix the latent distribution

from D*. We would like to train the target domain encoders and decoders F’, F',G',G' such
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that the latent distribution from target domain matches that from the source. We consider an

adversarial learning objective where a discriminator D* : §¢ x A* — [0, 1] tries to distinguish

latent state-action pairs (F*(s*), G*(s*,a*)) from the source domain and (F’(s’),G'(s',a")) from

the target domain. Note that the distribution of (F*(s*), G*(s*,a*)) is now fixed because F*,G*

which are trained in Sec.4.2.2 and are frozen during alignment in target domain. The target

domain encoders F’, G' act as a generator that tries to generate latent state-action F’(s'),G'(s',a")

which are indistinguishable from the source latents. The adversarial objective in the latent space

can be expressed as follows:

f%%"g{g Loan(F',G'. DY) =
E (s a0)~ps [log D*(F*(s"), G*(s",a")) |+ E(g ar)pr [log(1—D*(F'(s'),G'(s',2")))] -

(4.15)

Additionally, we can also consider matching the translated distributions in the source and
target domains. For example, in the target domain, the translated state-action from source are
§' = F'(F*(s*)) and @' = G'(§',G*(s*,a*)). With another discriminator D' : 8’ x A" — [0,1]
which distinguishes real target pairs (s',a’) from fake ones (§',a’), the adversarial objective in

the target space is:

rrgxg}igt Loan(F',G',D") = Eg gyt [log D' (s',a")| + E(gs a0)ps [log(1 — D' (§',8")]

(4.16)

Similarly, we can construct a source domain discriminator D* which distinguishes the translated

target distribution in the source domain:

max min £,y (5, Gr, D) = By ) 10g D*(8,2°)] + Eyg ) log(1— D5, 3))

(4.17)
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where § = FS(F'(s') and a* = G*(§*,G'(s',a’)). Combining the adversarial objectives in the

latent, source and target domains, the full adversarial objective is

: 4 N t
P Lean +L6an +L6an- (4.18)

Cycle Consistency Loss. Inspired by CycleGAN [189], we construct a cycle consistency
loss such that the state-action translation from one domain to the other and back to its own
domain should recover itself. The cycle consistency constraint leverages unpaired samples since
it only requires samples from one domain, obviating the need of paired samples from both
domains. Specifically, if we have a translated target state §' = F*(F*(s*)) from source state, the
reconstructed source state from it should be close to itself, i.e., § = F*(F(§')) ~ s*. The cycle
consistency objective also applies to translated actions, i.e., a° = G*(F*(F'(§")),G'(§',a")) ~ a’.

The full cycle consistency objective for both domains is

Leye(F',F',G',G") =

(s as)ops [|[8° =8Il + 18" —a°|| ] + Eg gy [||[§ =5, + ]2 —2|,]- (4.19)

Dynamics Consistency Loss. Finally, we introduce dynamics consistency constraint in
the latent domain to match the joint distribution P(Fy(s}),G,(a}), F(s}, ,)) and P(F(s), G (a}), Fy(si))-
Recall that in the previous section, we have trained an RL policy with additional dynamics
consistency constraint in the latent space. During target domain alignment, the dynamics
consistency can be applied to the target samples as well. We train the target encoders F’, G" such
that the target latent state-action pairs follow the forward and inverse dynamics functions 7%, T~

trained in Sec. 4.2.2:

Lam(F G) = B ag o |50 =i |3+ T35t ) —af 3] @20
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Algorithm 5. Source domain policy learning

1: Initialize replay buffer D with source samples D°.

2: loop

3: Select action a = G(s*, 1*(F*(s*)) + & with exploration noise € ~ N (0, o)

4: Observe reward r, next state s’ and store (s,a,r,s) in D

5: Sample a minibatch {(s,a},r{,s}, )} from D

6: Update G*, %, F* with deterministic policy gradient in (4.12)

7: Update latent dynamics T, 7% and encoders F*,G® with latent dynamics loss in (4.13)

8: Update encoders F*, G* and decoders F**, G* with reconstruction loss in (4.14)

9: Output: Source encoders and decoders F*, F*, G*, G*, latent dynamics T7, T, latent policy 7%

where s; = F'(s),a; = G'(s},a}). Note that the forward and inverse dynamics functions
T?,T% are fixed during this latent alignment stage since the latent distribution from source
P(Fy(s}),Gs(a}), Fy(s; ) is already optimized in Sec. 4.2.2. Here we are only aligning the
latent joint distribution P(F:(s), G (a}), Fy(s.,;)) from target towards that from source.

After training the target domain encoders and decoders F’, F*,G', G’ with the above
alignment objectives, we have aligned the source and target samples D*, D' in the common
latent space M?*. Finally, we deploy the target policy from the source policy by replacing the

corresponding state encoder and action decoder, i.e., 7' (s') = G'(s', & (F'(s"))).
Algorithm

Alg. 5 summarizes the reinforcement training procedure for learning source encoders
and decoders F*, FS,G*,G*. Alg. 6 summarizes the procedure for learning a latent representation
between source and target domains with cycle and dynamics consistency. During deployment in
the target domain, only the latent policy 7° from Sec. 4.2.2 remains while the state encoder and
action decoder are replaced with F and G’ trained in Sec. 4.2.2. Our proposed approach does
not depend on paired source and target data, nor does it require reward supervision for test time

adaptation.
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Algorithm 6. Latent representation alignment for target domain deployment

- Freeze learned models F*, F*,G*,G*,T%,T¢, n° from Alg. 5

: for stepin 1,...,target domain alignment steps do

Sample minibatches {(s},a},s;. )} ~D* and {(s},a},s}, )} ~D'

Update discriminators D*, D*, D' by maximizing (4.18)

Update target encoders and decoders F', F',G',G' by minimizing (4.18), (4.19), (4.20)
: Output: Target policy: 7' (s') = G'(s', t*(F'(s")))

AN AN S

4.2.3 Experiments

Simulation Results

We first verify our approach and conduct ablation studies in the robosuite simulation
environment [191]. We consider four tasks: Reach, Lift, PickPlace and Stack. Environment
details are further described in Sec. 4.2.4.

Reach Task and Ablation Studies. In the first experiment, we will test the target state
alignment by only using the Panda robot in both domains. Specifically, we will only learn
the target state encoder-decoder F’, F" while setting the other components to be identity, i.e.,
F* F*,G°,G°,G',G" are identity functions. In M?, a Panda robot tries to reach a target position
with end-effector position control given its end-effector position while in M, the same Panda
robot uses joint positions as state input for end-effector position control. Under such setting,
the target state encoder-decoder F’, F' should theoretically approximate the forward and inverse
kinematics functions between joint angles and end-effector position. For evaluation metrics, we
first compute the ¢ -distance between the predicted and ground truth end-effector positions of the
target robot to assess state alignment. Next, we evaluate the RL performance as another metric
where we train a source policy 7* (in this case 7° = 7% since F* and G* are identity) and apply
the target policy 7/ = m%o F’ (since G’ is also identity). Since there is no projection from the
source domain to the latent, we simply apply TD3 [55] to obtain the source domain policy.

We compare with the following baselines: (i) ILA [180] which performs state alignment
in source domain and does not require cycle consistency; (ii) our model without latent dynamics
constraint; (ii1) a strongly-supervised model that is trained on paired joint to end-effector data;

(iii) an oracle which is an RL policy trained in the target domain and provides an upper bound;
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Table 4.4. Transfer learning evaluation on Reach task with Panda end-effector space source
and Panda joint space target. The results are averaged over 5 runs. Lower is better for the ¢;
error (cm), and higher is better for the RL score. Our model performs better than the baseline
ILA [180] which does not consider cycle consistency constraint or then baseline without latent
dynamics constraint. The strong supervision model performs better than ours but requires paired
training data. The oracle is an RL policy trained in the target domain.

Ours O qLaqise | OTOne
w/o dyn. supervision

fierror 0.7+£0.1 47402 3.9+0.3 0.3+£0.1 - -
RL score 1634+10 41427 53+27 166 +7 172+11 13+8

Oracle Random

(iv) arandom policy in the target domain. The results in Table 4.4 show that the cycle consistency
and dynamics consistency are important terms that improve the performance of our model over
ILA [180]. The strongly supervised model is marginally better ours even though it uses paired

source and target data while our model only uses unpaired data.
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Figure 4.9. Ablation study on latent state and action dimensions for transfer from Panda to
Sawyer and xArm6 robots. The lowest state and action dimensions with reasonable performance
are 4.

Next, we use joint velocity control for both the source and target domains and ablate the
latent state and action dimensions. The Panda and Sawyer have 7 degrees-of-freedom (DoF)
arms while the xArm6 is 6 DoF. Hence, the robot state dimensions, represented in sine and
cosine functions of the joint angles, are 14 for Panda and Sawyer and 12 for xArm6. The action
dimension for each robot is its DoF when we apply joint velocity control. Fig. 4.9 shows the
RL performance on the transferred policy from Panda to Sawyer and xArm for the Reach task

with different latent state s* and action a* dimensions. We find that the transfer performance
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Table 4.5. RL reward for a source policy trained on Panda and transferred to Sawyer and xArm6
robots. The reward of an oracle policy trained directly on the target robot is shown in parenthesis.

Task Lift PickPlace Stack
Sawyer 122441 (181+£4) 70435 86+£15) 85440 (121 +£18)
xArm6 132+23 (171£7) 74+£36(84+9) 784+49 (116+23)

drops significantly when the state or action dimensions are too small. This makes sense as the

end-effector position control takes place in 3-dimensional space and latent trajectories in a lower
dimensional space cannot recover the 3D motions for Reach task. In the subsequent experiments,
we choose latent state and action dimensions to be both 4 since it is the smallest dimension that
still achieves a good performance.

Lift, PickPlace, Stack. In this section, we use joint velocity controller to perform Lift,
PickPlace and Stack tasks in robosuite simulation. We train the source domain policy with
reinforcement learning on the Panda robot and transfer to Sawyer and xArm6 robots. The state
variable includes robot joint angles, gripper width, gripper touch signal and object and target
positions. Detailed experiment settings are described in Appendix 4.2.4. Fig. 4.10 shows a Lift
task example of the transferred policy from Panda robot to Sawyer and xArm robots. Table 4.5
shows that quantitatively our model can learn a meaningful mapping between robots of different
embodiments. However, manipulation tasks require very precise alignment in order to correctly

grasp objects and sometimes the transferred policy cannot complete the task successfully.
Real Robot Experiments

In this section, we evaluate our model’s capability for sim-to-real skill transfer. The
physical setup of the robot and experiment task is shown in Fig. 4.11. We train a source policy
with the Panda robot in simulation and instead of transferring to a simulated Sawyer or XArm
robot, we directly transfer to a real xArmo6 robot. Note that the robot to train a policy in simulation
is not the same type of robot that is used in real world deployment. The source policy on the
simulated Panda is trained with behavioral cloning on 100 human demonstrated trajectories in

each task in order to avoid jerky motions when we transfer on the real robot for safety concerns.
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Figure 4.10. Examples of transferring Panda robot policy (top row) to Sawyer robot (middle
row) and XxArm6 robot (bottom row) for the Lift task in robosuite. We learn encoders to map
the source Panda robot states and actions into a latent space and simultaneously a latent policy
to solve the task. The latent space can be used to align different types of target robots (Sawyer
or xArmo6) and successfully transfer the learned policy without finetuning in the target domains
using their reward functions or additional expert demonstrations.

Since we do not have ground truth object information in real experiments as we did in the
simulated experiments, we use an RGBD camera to estimate object position in real time. Details
about object tracking are described in Sec. 4.2.4. For evaluation metrics, we count the success
rate for each task over 10 test episodes. The success conditions are defined in Sec. 4.2.4 for each
task. While simulation environments are quite tolerant to collisions, it would cause protection
responses on the real robot arm and are counted as failures.

We transfer the source policy trained on a simulated Panda robot to a real xArm6 robot
Table 4.6. Transfer results of 10 episodes from simulated Panda to real xArm6 with joint velocity
control. Our model can successfully transfer from sim to real. The success rate on the real robot
is lower due to dropped objects or collisions that cause a safety stop.

Task Success Collision Drop
Lift 70% 20% 10%
PickPlace  60% 20% 20%
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XArm6 robot
RGBD

camera

Figure 4.11. Real-world experiment setup. We use the xArm6 robot with an xArm gripper. Force
sensing resistors (FSR) are attached on grippers (enlarged on bottom right) to obtain pressure
signals when objects are grasped. We use an RGBD camera to estimate object positions.

with reasonable success rates as shown in Table 4.6. Fig. 4.12 shows a successful trajectory of
the transferred policy of the PickPlace task while Fig. 4.13 shows some failure modes. When the
alignment is not perfect, the gripper would collide with the cube or the table. We also observe
that the gripper can sometimes drop the cube prematurely before it reaches the target. The
robot is not able to re-grasp the dropped cube if its landing position is outside that of training

distribution.

4.2.4 Implementation Details

Experiment Settings

We use Reach, Lift, and PickPlace environments from the robosuite simulator [191] as
shown in Fig. 4.14. The custom Reach task contains only the robot manipulator and it tries to

reach a target position in 3D space with its end-effector. In the Lift task, the robot tries to lift
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Figure 4.12. Simulation to real transfer for PickPlace task. The source policy is trained with
behavior cloning in simulation with Panda robot (top row) and transferred to a real xArmo6 robot
(bottom row).

Figure 4.13. Examples of failure modes including cube collisions, table collisions, or perma-
nently dropping the cube.

the cube to a target position above the table center. In the PickPlace task, the robot picks up
a bread object from one side and places it in the bin on the other side. In the Stack task, the
robot stacks the red cube on top of the green cube. The state space consists of robot related
states, including sine and cosine functions of joint angles or the gripper end-effector position and
gripper open width, and object related states, including object position and target position. The
action space consists of desired joint velocities for joint velocity control or delta position values
for end-effector position control, and gripper open or close control. For the Lift, PickPlace and
Stack tasks, we also include touch sensors from the robot grippers. In simulation, the touch

sensor signal is obtained from checking collisions between gripper finger and objects. In real
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Figure 4.14. Robosuite simulation environment tasks (from top to bottom, left to right): Reach,
Lift, PickPlace and Stack.

experiments, this is obtained from force sensing resistors attached on the xArm gripper.

Model Architecture

The state and action encoder and decoder functions FsJ,stl Gy, GS_JI, latent dynamics
functions Hy,,q, Hjy, and discriminators D*"* are neural network layers with hidden layers of
size [256,256,256]. We use ReLLU activations for all hidden layers and hyperbolic tangent
function for the final output layer for all models except for discriminators where leaky ReLU
activations are used for hidden layers. All models are trained with Adam optimizer using decay

rates B; = 0.9, B, = 0.999.
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Object Tracking

Real-time object tracking is performed with an Intel RealSense D435 stereo camera.
We use a simple color detector on the RGB image to find the pixel location of the object since
the object has a high color contrast from its background. The color range for green cube in
HSV space is from [30,80,50] to [90,255,255]. Next, the 3D position of that pixel is obtained
from querying the corresponding depth value on the depth image, where post-processing filters
including disparity, spatial and temporal, are applied to reduce depth noise. Finally, we get the
3D object position in robot frame from image frame with calibrated camera extrinsics parameters

which are obtained from hand-eye calibration using ArUco markers.
Dataset Collection

We collect random trajectories for Panda, Sawyer and xArm6 robots (D* and D') in the
robosuite simulation for the state-action alignment. For each robot type, the robot base is placed
such that its gripper initial position is at [—0.2,0,1.05]. In each episode, the robot gripper moves
in straight line to a randomly sampled target position in a 3D rectangular region bounded by
[—0.2,0.2] in x, [—0.25,0.25] in y and [—0.8,1.2] in z. It continues to move to a newly sampled
target without resetting at the end of the episode unless the gripper goes out of bounds. We
collect 10000 episodes of length 200 for each robot. We find that this sampling strategy covers
the robot workspace better than randomly sampling actions at each step. With random actions at
each step, the robot trajectory often result in either self collision or purposeless directions above

or even behind the base.
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Training in Simulation Test in Real Robot System

Figure 4.15. We propose Dynamic Handover, a new bimanual dexterous hands system designed
for throwing and catching tasks. The system consists of two Allegro Hands, each individually
attached to a separate XArm robot, arranged in a facing configuration. Using multi-agent
reinforcement learning, we train policies in a simulation environment and subsequently transfer
them to the real world.

4.3 Dynamic Handover: Throw and Catch with Bimanual
Hands

4.3.1 System Setup

Task Description. We focus on the bimanual Catching and Throwing task with two
dexterous robot hand. This task involves two robot agents: (1) a thrower robot agent (Figure 4.16
right) that needs to execute swift movements to toss the grasped object towards the other side,
and (i1) a catcher agent (Figure 4.16 left) that needs to react dynamically to catch the airborne
object. This task is important because it enables the catcher robot to access objects beyond its
kinematic range by leveraging the object’s momentum imparted by the thrower. It also serves
as a good test-bed for evaluating the coordination and performance of bimanual systems in

high-speed, real-time scenarios.
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Figure 4.16. Real Robot System: We employ two Allegro Hands, each individually mounted on
separate XArm-6 robots, arranged in a face-to-face configuration. We incorporate a RealSense
D435 camera for real-time object position tracking, which is oriented towards the working space.
We use k prior states in observation.

Real World Setup. We construct a bimanual system for executing our throwing and
catching task, as depicted in Figure 4.16. The system includes two arm-hand subsystems and a
RealSense D435 camera. Each arm-hand subsystem features a 6-DoF XArm-6 robot arm paired
with a 16-DoF Allegro Hand, culminating in a 44-DoF system. To create a closed-loop policy,
we use a RealSense camera to capture the real-time position of objects within the catcher robot’s
frame of reference. For observation, distinct feedback mechanisms are provided for each agent,
as depicted at the bottom of Figure 4.16. The thrower (Figure 4.16: right) depends exclusively
on its own proprioceptive data, while the catcher (Figure 4.16: left) obtains feedback from not
only its own proprioception but also the object’s real-time positions estimated by the camera.
In other words, the thrower operates based on its current state, whereas the catcher necessitates
both proprioceptive and visual input to dynamically and interactively perform catching actions.
Further information regarding this system’s implementation can be found in the Appendix.

Simulation Setup. In this work, we use the IsaacGym physical simulator [113] for

training our throwing and catching task. The simulation setup is shown on the left side of
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Figure 4.15. The simulation frequency is set at 120Hz while the control frequency is 20Hz. We
train the end-to-end reinforcement learning policy in the simulated environment and then transfer
the policy to the real world. Further information regarding the details about the simulation setup
(e.g. policy architecture) can be found in the Appendix.

Action Space. The policy outputs a 22-dimensional PD control target, with the first
six dimensions corresponding to XArm-6 and the remaining 16 dimensions corresponding to
Allegro hand. For the XArm-6, we employ delta joint positions as the control target, while for
the Allegro hand, we utilize absolute joint positions as the control target. This design choice
is made to avoid jerky motion of robot arm for safety reasons, while still allowing the hand to
swiftly react and release its grasp to throw the object. In our experiments, we find that controlling
only the second and third joints of the robot arm and keeping the other four joints fixed results
in a more effective and safer policy. Therefore, the action space consists of an 18-dimensional

target for the thrower and a 22-dimensional target for the catcher.

4.3.2 Learning Bimanual Dexterous Hands Policy

Catching an object in mid-air poses significant difficulties due to the high-speed require-
ment. First, object’s real-time velocity and anticipated trajectory must be taken into account in
order for the catcher to determine its movement. Second, even though the thrower can consis-
tently toss the object toward the pre-defined target goal in simulated environment, the policy
transfer to the real world is imperfect due to the substantial dynamics gap between simulation
and real physical. Consequently, there is a discrepancy between the pre-defined throwing goal
and the object’s actual destination. In light of these two challenges, a goal estimator becomes
crucial for predicting the thrower’s actual destination instead of the predetermined target goal.
This allows the catcher to move based on the forecasted object destination and successfully catch
it.

To achieve this, we introduce a novel three-stage training pipeline for learning bimanual

throwing and catching. (i) In the first stage, we train a base policy using Multi-Agent RL to
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Figure 4.17. Joint End2End Learning: The two agents receive input from both their own
observations and the catcher agent additionally receives the predicted catching position. The
goal estimator takes past 20 frames of the object’s positions as input and predicts the catch goal
for each time step. We use a violet ball to represent the pre-defined goal for the throwing. The
orange ball represents the predicted goal for the catcher to catch during the throwing task. The
blue ball represents the object that is currently been manipulated.

tackle the task, with the catcher observing the pre-defined throwing goal. The policy trained
during this stage is expected to perform well within the simulator but may hardly transfer to the
real world. (i1) Next, we freeze the base policy and train a goal estimator through supervised
learning, using the rollout trajectory of the base policy as training data. (iii) Finally, we replace
the pre-defined throwing goal in the catcher’s observation with the estimated goal and unfreeze
the policy for fine-tuning both the base policy and the goal estimator in an end-to-end fashion.
The refined policy is expected to bridge the dynamics gap between simulation and reality with

the predicted object’s future trajectory.
Stage 1: Multi-Agent Reinforcement Learning

We employ the Multi-Agent Proximal Policy Optimization (MAPPO) [181] in a non-
parameter sharing way to train the thrower and the catcher to obtain basic policies in the first stage.
MAPPO is an application of the PPO algorithm to multi-agent settings. It leverages centralized
training with decentralized execution, allowing each robot agents to efficiently accomplish the
cooperative task using partial observations.

As shown at the bottom of Figure 4.16, the observations for the thrower and catcher in
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MAPPO training is not identical. The thrower’s policy, denoted as 7y, receives its proprioception
and a pre-defined target position for throwing. In contrast, the catcher’s policy, denoted as
7y, takes as input its proprioception, the pre-defined goal position and the current position of
the object for catching. To satisfy MAPPO’s requirement for equal input dimensions across
agents, we pad zeros to the thrower’s input for dimension alignment. Besides, we include
observations from past k frames as input for both policies to provide temporal information. In
our implementation, we set k = 2.

Given the object position p,, target goal position G;, the velocity of the object v, the unit
direction vector from thrower to catcher i, and robot joint torque T, we design the reward function
using three components: (i) distance between object and throwing goal; (ii) object velocity
projected in the direction from thrower to catcher; (ii1) robot joint torque. The final reward r
can be computed as r = rgjs + invel + Trorque» Where rgis = exp(—20* (p, — G;)) represents the
distance, iy = clamp(v-it,—0.1,0.1) denotes the object’s velocity towards the catcher, and

Trorque = —0.003 % || 7||3 corresponds to the torque penalty.
Stage 2: Goal Estimator Learning

After training the basic policies, the next step involves freezing the basic policies and
training a goal estimator (Orange Block in Figure 4.17) to predict the goal for the catcher based
on the trajectory of the object. This is a crucial step due to the sim2real gap, which implies
that although the thrower may consistently hit the goal in simulation, it is unlikely to achieve
the same level of accuracy in the real world. Therefore, predicting the actual goal based on the
object’s trajectory becomes essential for improving sim-to-real transfer. In this stage, we utilize
the historical positions of the object over a span of k frames as input to the goal estimator. The
output of the goal estimator is the predicted 3D position of the goal, which provides crucial
information for the catcher to anticipate the intended catching point and enhance the coordination
between the two hands. We use Adam to optimize the L2 distance between the position of the

predicted goal and the thrower’s goal until convergence:
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L(w)=|lo(p_) -G (4.21)

where ptl_ «¢ 18 the position of the object from ¢ — k to ¢ frames, g? is the thrower’s goal,
and the 0 and 1 represent the thrower and catcher respectively. It is important to highlight that in
the previous training stage, the object’s landing point was primarily influenced by the thrower’s
goal. This is because the thrower, operating in the simulation environment, had the ability to

consistently hit the specified goal in the simulation.
Stage 3: End2End Joint Learning

In stage 1, the catcher’s base policy uses a pre-defined throw goal in its observation.
In this stage, we replace the pre-defined goal with the predicted one from the goal estimator.
However, the distribution shift brought by this replacement can result in compounding errors. To
address this issue, we jointly fine-tune the goal estimator and the policy network in this stage, as
visualized in Figure 4.17, allowing the catcher to adapt to the goal estimator. For example, when
the goal estimator is inaccurate, the policy will not depend solely on it for decision-making. This
joint training approach helps reduce compounding errors when integrating the goal estimator

with the policy.
4.3.3 Experiments

Evaluation Criterion. To evaluate the performance of the trained policies for throwing
and catching, we consider several metrics as follow:

(i) Success Rate(SR): 1t is calculated as the ratio of successful throws and catches to the
total attempts. A better policy will lead to a higher Success Rate.

(ii) Hit Rate(HR): This metric is defined as the proportion of objects that successfully hit
the hand palm of catcher. A better policy and goal estimator will lead to a higher Hit Rate.

Training and Dataset. During the training process, we utlize three different objects: a

ball, a cube, and a rod, which are three typical geometries for robot manipulation. At the begin-
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Figure 4.18. Training Curves. The plot shows multi-object training curves of our method and 3
baselines.

ning of each episode, we randomly select one object for training. For simulation experiments, we
expand the object set to include additional objects to evaluate the generalizability of our policy
to novel objects. The objects used in the simulation experiments are depicted in Figure 4.19(a)
and Figure 4.19(b). We chose objects that have similar sizes to the training objects but differ in
shape and size to assess the model’s generalization capabilities. In the real-world experiments,
we employ sandbags in three different shapes for throwing, as shown in Figure 4.19(c): a ball, a
cylinder, and a triangle prism.

Baselines. In this section, we compare our method with the following baselines:

(i) Open-Loop Policy: We employ a pre-defined trajectory for the bimanual hand-arm
system to execute the throwing and catching task. The trajectories are collected on the real robot
using kinesthetic teaching and replayed later without considering feedback or adjustment during
execution.

(ii) Without Multi-Agent: We train our policy using PPO instead of using MAPPO.
However, we still incorporate goal estimation during the learning process. Under this setup, both
agents share the same observation.

(iii) Without Goal Estimation: We restrict our learning process to the first stage in
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Figure 4.19. Objects Sets. (a) Training objects. (b) Additional objects in evaluation. (c)
Real-world objects.

Section 4.3.2 with MAPPO algorithm and evaluate the policies without goal estimation.
(iv) Without Both: We restrict our learning process to the first stage in Section 4.3.2 with
PPO algorithm and evaluate the policies without goal estimation.

Table 4.7. Ablation Study in Simulation: Success Rate of throwing and catching task on
different objects in simulation. We use 11 trained objects and 14 novel objects. The results are
averaged on 5 seeds, each seed has 100 trails.

Settings Known Obj. | Novel Obj.
w/o Multi-Agent | 0.89+0.07 | 0.24+0.05
w/o Goal Est. 0.88+0.04 | 0.224+0.04
w/o Both 0.93+0.07 | 0.124+0.06
Ours 0.95+0.07 | 0.37 £ 0.04

Results in Simulation

We conduct an analysis of our method with three baselines in the simulation environment.
Figure 4.18 shows the training curve of four methods. Table 4.7 presents the success rates for
two categories: Known Objects and Novel Objects. Our findings can be summarized as follows.
First, for the test on known objects experiment, we observe that the baseline (Without

Both) outperforms the other three methods, including ours. One possible reason for this is that the
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Table 4.8. Comparison for Pre-throw Conditions: We calculate the standard deviation of
landing points on the table in the x and y directions, based on 10 runs for each pose. The units
are in meters. Pose A: simply placing the object. Pose B: gripping the object with the robot hand.
Pose C: firmly grasping the object.

Settings | Pose A | Pose B | Pose C
Std(x) 0.051 0.072 0.024
Std(y) 0.087 | 0.048 | 0.043

policy without multi-agent coordination has access to full observations of both hands and the arm

system, as well as the ground-truth object position. As a result, the policy can easily overfit to a
specific point and successfully solve the task. However, it is important to note that this baseline
policy may have lower generalization capabilities when it comes to novel objects or uncertain
parameters. In the real world, we encounter noise and uncertainties, and obtaining the ground-
truth object position is not feasible. Therefore, the policy with full observations demonstrates
lower transferability from simulation to the real world, as we validate in Section 4.3.3.
Secondly, in the novel objects experiment, although all methods show a significant drop in
performance, our method outperforms the baselines. The utilization of multi-agent reinforcement
learning and goal estimation proves beneficial for accomplishing the throwing and catching task.
Both the thrower and catcher agents receive observations from their respective perspectives,
enabling them to perform their tasks cohesively. Furthermore, goal estimation assists the catcher
in predicting the landing point of the objects based on historical positions. This feature helps
mitigate the impact of unpredictable parameters during the manipulation process, such as friction,

unexpected collisions, and other dynamic factors.
Results in Real World

We perform sim-to-real experiments to assess the performance of our method and two
baselines on a real robot platform. As depicted in Figure 4.16, we deploy multi-agent reinforce-
ment learning policies on the real robot agents, with both agents controlled by the same host. The
task execution sequence is visualized on the second and third columns in Figure 4.15. Further

implementation details and communication methods can be found in the Sec. 4.3.4.
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The results of our real world evaluation are presented in Table 4.9. We successfully
transfer our multi-agent reinforcement policy to the real robot system with a reasonable success
rate after performing system identification to align the PD controllers between the simulation
and the real robot. Our method outperforms the baseline methods, indicating the effectiveness
of multi-agent reinforcement learning (MARL) and goal estimation in real robot experiments.
These components provide benefits in dealing with various unpredictable factors encountered in
the real-world setting, leading to improved performance and robustness. We also notice that the
success rates achieved in real world experiments are lower than the hit rate. This is primarily
attributed to occasional challenges encountered during the grasping phase of the catcher. In some
cases, the catcher may fail to firmly grasp the object before it bounces back, leading to the object

slipping off the robot’s hand.
How Pre-throw Conditions Impact Throwing Performance?

In this experiment, we examine the repeatability of the thrower. Our intuition is that a
thrower policy capable of generating consistent object trajectories often results in a higher success
rate for the catcher. We find that the robots’ and objects’ initial positions have a significant
impact on the stability of the throwing motion. To address this, we investigate three different
initial conditions (depicted in Figure 4.20) in real-world. For each initial position, we train a
MARL policy and conduct 10 trials with the thrower robot. We compute the variance of the
landing point on the table to evaluate the repeatability under different initial conditions. A
smaller variance indicates better repeatability and stability. The results are summarized in Table
4.8. We observe that condition (¢) demonstrates the smallest variance and enables more stable
throws towards the target compared to conditions (a) and (b). This suggests that an initial firm

grasp is advantageous for subsequent throwing behavior.
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Initial Position

Figure 4.20. Throwing Stability Test of different initial settings: (a) simply placing the object
on an open robot hand, (b) gripping the object with the robot hand, resembling a parallel gripper,
and (c) firmly grasping the object with the robot hand.
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Table 4.9. Ablation Study in Real World: Performance of throwing and catching task on
3 different unknown objects in real robot platform. Objects are made of sandbags with the
same mass but different shapes. The results are averaged on 3 seeds with 5 trails for each. The
two terms stand for:(i) Hit Rate(HR): This metric is defined as the proportion of objects that
successfully hit the hand palm of catcher. A better policy and goal estimator will lead to a higher
Hit Rate. (ii) Success Rate(SR): It is calculated as the ratio of successful throws and catches to
the total attempts. A better policy will lead to a higher Success Rate.

Settings Ball Cylinder Triangle

HR SR HR SR HR SR
Open-Loop 0.60+0.12 | 0.134+0.12 | 0.47+0.12 | 0.13+£0.12 | 0.274+0.12 | 0.07+0.12
w/o Multi-Agent 0.73+0.31 | 0.404+0.20 | 0.53+0.31 | 0.20+0.00 | 0.474+0.12 | 0.20+0.20
w/o Goal Estimation | 0.60+0.20 | 0.33+0.23 | 0.67+0.31 | 0.404+0.34 | 0.40+0.20 | 0.13+0.23
w/o Both 0.474+0.13 | 0.124+0.12 | 0.404+0.20 | 0.074+0.12 | 0.204+0.20 | 0.004+0.00
Ours 0.93+0.12 | 0.60+0.20 | 0.80+£0.20 | 0.53+0.12 | 0.86+0.12 | 0.33+0.12

4.3.4 Implementation Details

Detailed Implementation of Real Robot System

Bimanual Hands System. For our system, we have developed a ROS-based pipeline that
operates at a control frequency of 20Hz. This pipeline serves as the foundation for controlling our
setup, enabling efficient communication and coordination between the different components. In
our configuration, the Arm-Hand subsystems are controlled by a single policy utilizing multiple
agents. This unified policy governs the actions of both subsystems, promoting synchronized
and collaborative behavior in our setup. To achieve this, we control the motion of the robotic
arms through Modbus TCP (Transmission Control Protocol) using an AC/DC Control Box. The
control boxes of the two robotic arms are connected to a router via Ethernet cables, and the router
is then connected to the host computer. Additionally, the two robot hands are directly connected
to the same computer using RS-485 serial communication.

Object Tracking. Real-time object tracking is performed with an Intel RealSense D435
stereo camera. Since the object has a high color contrast from its background, we first use a
simple color detector on the RGB image to find the pixel location of the object. The color range
for detecting a blue object is constrained between [80,200,0] and [120,255,0] in HSV color
space. Next, the 3D position of that pixel is obtained from querying the corresponding depth

value on the depth image, where post-processing filters including disparity, spatial and temporal,
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are applied to reduce depth noise. Finally, we get the 3D object position in robot frame from

image frame with calibrated camera extrinsics parameters.
Sim2Real Transfer

System Identification. To achieve a successful sim-to-real transfer, we utilize system
identification techniques to align the behavior of the PD (Proportional-Derivative) controller
of the arm and hand in simulation with that in the real world. This involves tuning the PD
coefficients of the controllers to ensure that their responses to impulse and sinusoidal inputs are
aligned. This step is crucial in ensuring that the control actions generated in simulation can be

effectively applied to the real robot setup, enabling a reliable sim-to-real transfer of our system.
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Figure 4.21. Process Reaction Curve of Arm: We set the same delta joint angles for each joint
and execute. During this execution, we record the process reaction curve.

Domain Randomization. Isaac Gym offers several domain randomization functions for
reinforcement learning training. We apply randomization to the task, as indicated in Table. 4.10

for each environment. We generate new randomizations every 1000 simulation steps.
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Table 4.10. Domain randomization parameters.

Parameter | Type | Distribution | Initial Range
| Robot | |

Mass Scaling uniform [0.5, 1.5]

Friction Scaling uniform [0.7, 1.3]

Joint Lower Limit Scaling | loguniform | [0.0, 0.01]
Joint Upper Limit Scaling | loguniform | [0.0, 0.01]
Joint Stiffness Scaling | loguniform | [0.0, 0.01]
Joint Damping Scaling | loguniform | [0.0, 0.01]

Object

Mass Scaling uniform [0.5, 1.5]

Friction Scaling uniform [0.5, 1.5]
Scale Scaling uniform [0.95, 1.05]

Observation
Obs Correlated. Noise Additive | Gaussian [0.0, 0.001]
Obs Uncorrelated. Noise | Additive | Gaussian [0.0, 0.002]
Action
Action Correlated Noise | Additive | Gaussian [0.0, 0.015]
Action Uncorrelated Noise | Additive | Gaussian [0.0, 0.05]
Environment
Gravity ‘ Additive ‘ normal ‘ [0, 0.4]
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Hyperparameters of the RL Algorithms

The hyperparameters of the RL algorithms used are shown in Table 4.11 and 4.12.

Table 4.11. Hyperparameters of MAPPO.

Hyperparameters Throw and Catch
Num mini-batches 1
Num opt-epochs 5
Num episode-length 8
Hidden size [1024, 1024, 512]
Use popart True
Use value norm True
Use proper time limits False
Use Huber loss True
Huber delta 10
Clip range 0.2
Max grad norm 10
Learning rate S.e-4
Opt-eps S5.e-4
Discount () 0.96
GAE lambda (1) 0.95
Std x coef 1
Std y coef 0.5
Ent-coef 0
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Table 4.12. Hyperparameters of PPO.

Hyperparameters Throw and Catch
Num mini-batches 4
Num opt-epochs 5
Num episode-length 8
Hidden size [1024, 1024, 512]
Clip range 0.2
Max grad norm 1
Learning rate 3.e-4
Discount () 0.96
GAE lambda (1) 0.95
Init noise std 0.8
Desired kl 0.016
Ent-coef 0
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Reward Design

The reward of our system r can be computed as r = rg;s + Finyer + Trorque- In the design
of our reward, ry; is the reward that mainly responds to throwing objects to the target position.
Tlinvel 18 @ reward that encourages throwers to release the ball from hand. r;,que 18 a penalty
item for robots that torque is too big. In our reward function, if r4; is missing, the object will
not be thrown to the exact position, but will only be thrown forward vigorously. Without 7,
it would often fall into a sub-optimal where the thrower holds the ball in its hand and doesn’t
release. 7orque 18 @ common reward term that allows robots to avoid jitter and large dangerous

movements.

4.4 Summary

In this chapter, we first introduce LAPAL, an approach that learns a latent action space to
imitate expert behaviors efficiently in robotic locomotion and manipulation tasks. Our experi-
ments show that LAPAL converges faster and yield significant improvements over a standard
adversarial imitate learning baseline, especially in high-dimensional complex environments.
We also introduce cross embodiment policy transfer where different robots can be aligned in a
common latent space representation to perform a task. The latent space alignment is learned via
adversarial training for distribution matching and cycle consistency which leverages unpaired
data. It enables policy transfer between different types of robot arms either in simulation or in
real world. Finally, we introduce Dynamic Handover, a system capable of throwing and catching
with bimanual hands. Through the use of multi-agent reinforcement learning and goal estimation,
our system demonstrates the ability to achieve successful throw and catch in both simulation
and real world environments. We find that the goal estimation aids in mitigating the effects of
unpredictable parameters and enhances the overall stability to bridge the large dynamics gap

between sim and real.
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Chapter 5

Conclusions and Future Work

It is crucial for autonomous robots to adapt quickly to environment changes and gener-
alize prior knowledge to tackle unseen scenarios. In this dissertation, we present methods to
learn appropriate representation of the environment and task and obtain generalizable policies
which enable robots to imitate effectively from demonstrations and adapt efficiently to domain
mismatch.

In Chapter 3, we develop novel models to learn semantic understanding and logic structure
from demonstrations. We introduce novel deep learning-based cost function representation which
is optimized by differentiable motion planning algorithms. We demonstrate that the models
can enable long-horizon planning and generalize to unseen autonomous driving scenarios with
dynamic obstacles.

In Chapter 4, we investigate the generalization capabilities of robot manipulation skills
across different physically embodied robots and from simulation to real. We introduce latent
invariant feature space to align different robot embodiments and learn generalizable latent
policies. We also demonstrate that domain randomization and adaptation techniques can be
applied to a challenging real world bimanual robot manipulation problem.

To improve generalization capability for autonomous robots, we propose the following

directions for future work:

* Large-scale suboptimal and heterogeneous demonstrations. In this dissertation we
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have applied IRL algorithms where expert demonstrations are assumed to be optimal.
However, it is often expensive to collect perfect demonstrations at large scale. It remains
an open challenge to effectively learn policies from large scale offline data of different
levels of suboptimality, in terms of reward function, user preference and ranking [106]. In
Chapter 4, we have also discussed learning invariant feature space for heterogeneous robot
embodiments in manipulation tasks. Large-scale offline dataset like RT-X [124] contains
examples of different robot embodiments across a diverse set of skills and tasks. This
suggests that we can learn robot-specific foundation models for better adaptability and

generalization capability.

Language semantic understanding for planning. In Chapter 3, we have discussed how
to discover and exploit semantics and logic from observations to shape a cost function for
motion planning. With the recent advance in large language models (LLMs), we have seen
their applications as pretrained models for learning language-conditioned policy in robotics
[20, 157]. Understanding language instructions can provide high-level task planning when
we can convert them into meaningful semantics, e.g. from natural language to temporal

logic.

Safety quantification. LLMs often hallucinate by producing seemingly plausible but
factually incorrect, logically inconsistent, or physically infeasible solutions [188]. The
applications of LLMs can be limited in safety-critical robotic applications. To enable
autonomous robots to survive in the wild or co-exist in human-centered environments, it
is crucial to provide safety guarantees, quantify prediction uncertainty and account for

distributional shifts.
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