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There are many ways to move a robotic arm through space, but
each technique comes with assumptions and trade-offs. Some tech-
niques provide quick, local solutions, while others provide theoretical
feasibility guarantees. Furthermore, most state-of-the-art techniques
rely on a precomputed scene model to ensure safety. In highly dy-
namic environments, such as when a robot must operate in a fast-
paced industrial setting or around human partners, this assumptions
may break down as obstacles move in and out of view. Humans are
able to operate effortlessly in these settings, relying on our vast expe-
rience to make quick decisions, even under uncertainty.

In recent years, we have seen an incredible proliferation of empiri-
cal machine learning approaches to long-standing problems, ranging
from solving challenging games to producing human-like language.
My PhD research has focused on adapting these ideas to robot mo-
tion in order to balance the trade-offs of traditional algorithmic ap-
proaches to motion generation.

In this dissertation, I describe my PhD research on motion genera-
tion techniques for robotic manipulation. I will cover my work on tra-
jectory optimization applied to dynamic, multi-agents settings and
my research on using large scale imitation learning to create a safe

end-to-end policy for manipulator control.
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INTRODUCTION

The landscape of robotics is quickly changing. Following the success
of neural networks in related fields, similar machine learning tech-
niques are quickly becoming the de facto standard for many parts
of the robotics stack. While robotic systems have traditionally sepa-
rated perception and control [171], recent advances in deep learning
have led to a rise in end-to-end policies for robotic control. Unlike
traditional analytic techniques, neural networks are difficult to un-
derstand, as they are trained empirically rather than following a log-
ical sequence of steps. Algorithmic intelligibility has been especially
important for robotics as it has enabled us to trust that our systems
will behave as expected, assuming that the overall system satisfies the
algorithm’s requirements. These requirements can be severely limit-
ing, especially as we work to deploy robots in highly complex, dy-
namic environments that are not easily modeled. Although analytic
techniques provide safety guarantees, their strict input specifications
often cause these guarantees to break down in real-world settings,
resulting in unexpected failures. It is exactly in these underspecified
settings where learning-based methods excel due to their ability to
estimate through experience. Yet, these methods can also fail unex-
pectedly, particularly in settings not well-represented in the training
data. Despite these challenges, there is a clear need to create learned
robotic systems that can perform safely through the complexity of the
real world. In order to satisfy both safety requirements and dynamic
capabilities, our work has spearheaded the use of learned systems in
place of analytic methods to create robust systems with strong, safe
performance. While my PhD research points strongly in the direction
of learned motion policies, these systems rely on analytic methods for
guidance via expert demonstration and focused correction of learned

behavior. Through the combination of these ideas—end-to-end learn-
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ing and analytic planning—our work inches the field closer to a safe,
generalizable model for robot motion.

To understand the power of learned methods for robotics, it is crit-
ical to understand the limitations of classical systems. While there
are many ways to move a robotic arm through space, each technique
comes with significant trade-offs that impact feasibility of use in the
real world. Classical planning techniques [29, 58, 73, 85, 86, 92], may
guarantee solutions, but they are often slow and require configura-
tion space (joint angle) goals, an unintuitive representation for com-
mon tasks defined in 3D space. Classical local control and MPC meth-
ods [14, 24, 173] are typically fast and allow for intuitive task-space
targets, but they provide no guarantee of a solution. Trajectory opti-
mization [42, 48, 134, 146, 157] may produce a locally optimal path,
but requires high expertise to tune cost functions for specific tasks.
Finally, all of these techniques require a complete scene representa-
tion to promote safe behavior, which can be difficult or impossible to
acquire in dynamic settings.

Meanwhile, human motion does not require these trade-offs. We
operate in partially observed scenes, finding little challenge in inter-
acting with new objects. If and when humans collide with the envi-
ronment, we easily recover, often without damage done to ourselves
or the environment. For most humans, moving our arms is an af-
terthought, and yet robots still require complex systems to produce a
poor imitation of human movement.

In recent years, we have seen immense success of large scale ma-
chine learning systems for many complex and under-specified tasks,
ranging from language generation [1] to coding [55] to video genera-
tion [20]. The problem of robot motion generation has many of these
same challenges—the goals may be vague, the potential paths may
be highly multi-modal, and the solutions must be highly precise to
prevent catastrophic system failure.

In my research, I have focused on using machine learning to bal-
ance the trade-offs of different methods of motion generation to more
closely mimic natural human motion. Machine learning methods are

excellent at reasoning about 3D scenes in partially observed settings;
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overparametrized neural networks are well suited to produce com-
plex behavior in unseen environments. Machine learning methods do
not provide the same guarantees as traditional techniques, but my re-
search has demonstrated that they are often superior in terms of their
safety, reactivity, and ability to reach set targets, while also requiring
few assumptions to be made about the problems and environments.

In this dissertation, I describe my PhD research on motion gener-
ation techniques for robotic manipulation and how we can leverage
large datasets and deep learning to achieve performance with learned
policies.

In Part I, I present an optimization framework for multi-agent team-
work. In this work, we formulate the idea of a collaborative interac-
tion model to describe the way many agents collaborate. Then, we de-
scribe the concept of a collaborative behavior model, which is the op-
timization problem each agent must solve independently in order to
achieve ideal system performance. To account from deviations from
the optimal joint behavior—agents without shared knowledge do not
collaborate optimally—we continually re-optimize the robot’s behav-
ior in an MPC loop. Finally, we demonstrate this framework’s efficacy
on the real world task of human robot handover.

In Part II, I present our work on large scale imitation learning for
end-to-end motion manipulator control. In this work, we presented
what was, at-the-time, the largest foundation model effort for ma-
nipulator planning and control. This model, which we call Motion
Policy Networks (M7tNets), was trained on a dataset of millions of
expert demonstrations and outperforms the prior state-of-the-art neu-
ral motion planner by 46%. M7mNets works well in partially observed
environments and for navigating through complex tabletop settings.
Compared to baseline methods, M7tNets work demonstrated signifi-
cantly stronger performance end-to-end motion in novel settings. De-
spite its benefits, this work cannot replace analytic techniques, and in
this section, I will thoroughly discuss the comparative performance
against traditional techniques.

In Part III, I present an advancement in our large scale imitation

work that expands the types of problems it can solve, while signif-
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icantly improving the safety. This work, which we titled Avoid Ev-
erything, consists of a policy architecture that is better able to main-
tain the scene’s 3D structure and a novel fine-tuning algorithm that
uses optimization to locally correct trajectories predicted by a pre-
trained policy. With these techniques combined, we tested among an
randomly constructed set of problems in challenging, partially set-
tings and were able to solve 63% of those where M7iNets failed.
Finally, I will present some ongoing and future work that explores
how popular techniques in the contemporary imitation learning liter-

ature apply to the problem of end-to-end collision avoidance.



Part 1

TRAJECTORY OPTIMIZATION

In this chapter, I detail my research on multi-agent tra-
jectory optimization and how it can be applied to the
problem of human-robot teamwork. Human-robot collab-
oration is a challenging problem because the robot can-
not know the human’s true intent. In [48], we detailed
an MPC-style approach to trajectory optimization, where
the system continuously re-optimizes based on new state
information. While this work describes an optimization-
based planner, it also demonstrates how inference and
planning are inseparable in highly dynamic settings. Within
the paradigm proposed, the optimizer is simultaneously
planning a trajectory while inferring the human’s optimal
future behavior. While this work demonstrated the flexi-
bility of optimization for complex multi-agent problems, it
also highlighted many of the challenges of using optimiza-
tion for these settings. When it was properly tuned, the
system exhibited superior performance over other meth-
ods, but we found that the system had to be constantly re-
tuned in order to achieve strong results. Furthermore, our
cost function for the human was very simple and would
be very challenging to scale to more complex tasks with-
out using something such as inverse reinforcement learn-

ing [184] to learn an appropriate set of cost functions.



COLLABORATIVE INTERACTION MODELS FOR
OPTIMIZED HUMAN-ROBOT TEAMWORK

2.1 INTRODUCTION

Human behavior is determined by a mixture of intent, world predic-
tion, anticipation, physical limitations, and more. When planning in
the presence of people, robotic decision processes often encapsulate
these diverse desiderata under the lid of a black box dynamics func-
tion. When the robot and human’s goals are independent [3, 96, 186],
this model has been very successful.

However, cooperating to achieve shared goals is more difficult. Take
the human-robot hand-over task shown in Fig. 1 as an example, where
a robot must receive some object from a human collaborator. Humans
will act based on what they imagine the robot will do [43], and, con-
versely, the robot should choose actions based on its best estimate of
the human’s intention. Predicting human intention while planning is
not new, this has been explored in anticipatory planning [80], and
prior work has modeled human kinematics and dynamics in order to
achieve collaborative manipulation tasks [120, 165, 170].

However, humans often do not act according to plan. Any robot
planner that tries to predict their intentions must be highly reactive.
We propose a Model Predictive Control (MPC) approach, which mod-
els both human and robot as separate, fully-actuated actors in a com-
bined trajectory optimization problem. Our MPC approach allows the
robot to determine the most effective form of collaboration while still
being able to react to changing circumstances and noisy sensor data.
We specifically apply our approach to the problem of human-robot
handover [64, 95, 98, 152]. The core problem is that the human and
robot must coordinate on where and how the handover is to take

place [152]. In effect, we must balance between the two cost functions
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Figure 1: Coordinating a fluid human-robot handover requires an estimate
of the human’s plan, so that the robot can be in position to
make the handover at the correct time. Our algorithm can achieve
smooth and natural human-robot collaborative motions in a vari-
ety of scenarios, even in the presence of obstacles and sensor un-
certainty.

for human and robot, avoiding obstacles while finding the most logi-
cal location for both to reach.

This combined human-robot system is both partially observable
and under-actuated since the robot has no real control over the hu-
man and cannot directly observe factors influencing their decisions.
Therefore, at a minimum, our planner must be reactive [110] to unfore-
seen human behavior. We follow a real-time Model-Predictive Control
(MPC) paradigm and re-optimize with each new observation. Com-
putation speed is also crucial. We employ a modern motion optimiza-
tion strategy, which leverages fast Gauss-Newton solvers [105, 133,
164], and assume relevant aspects of the human and robot are fully
actuated.

Additionally, to ensure spatial consistency of the resulting reac-

tive behavior through re-optimization, we introduce a novel class
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of explicit sparse reward terms, i.e., negative costs, around the tar-
get. Within a certain radius, the robot is explicitly rewarded for ap-
proaching the target, thus extending the target’s influence beyond a
terminal potential to each intermediate time step. The system is there-
fore able to compromise between goal accumulation and trajectory
smoothness.

We evaluate our technique in both simulated ablation studies as
well as real-world handovers between a human participant and a
Franka robot using a real-time perception system. We show that, es-
pecially in the presence of obstacles, our technique enables the robot
to anticipate the human’s actions leading to well-coordinated, quick,
and smooth handover behavior while timing the handover better than

the alternatives, both quantitatively and qualitatively.

2.2 RELATED WORK

Modeling human behavior is crucial for successful human-robot col-
laborative manipulation and has been explored in a variety of con-
texts [3, 95, 165, 182]. In addition, many recent methods for human-
robot handover use perception and some manner of human mod-
eling to achieve reactivity [84, 95, 120]. However, these models are
usually uni-directional, with information flowing from prediction to
planner but not vice versa. For example, Ziebart et al.[186] used pre-
dicted goal-oriented pedestrian behavior to augment navigation plan-
ners to minimize interaction. Similarly, Mainprice et al. [96] modeled
human reaching behaviors to reduce interaction or collision events
while working along-side humans. Maeda et al. [95] use probabilistic
motion primitives to model both humans and robots in a variety of
collaborative tasks, including handover. Zhou et al. [182] used a re-
current neural net to model human activity for collaboration in the
operating room.

In reality, however, the human will respond to qualities of the
robot’s motion, e.g., speed and shape, trying to estimate and adapt to
its motion. Humans and robots can collaborate more effectively if the

robot’s motions appear legible to humans [43] and allow the humans
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to understand the robot’s goals [57]. One way to achieve legibility is
to use human demonstration data to teach the robot [95]. Another ap-
proach focuses on jointly modeling the human-robot system as some
sort of hybrid planning problem, [3, 151, 165], and try to structure the
problem to ensure effective collaboration.

Human-robot handovers are a particularly well-studied area for
human-robot collaboration, with applications both to industry [120,
167] and to in-home assistance [64]. Much prior work analyzes the
formulation of the human handover and how to structure the action
naturally [64, 152]. This can be particularly well represented as a hy-
brid planning problem [151, 165]. Toussaint et al. [165] proposed a
method for offline planning based on Task and Motion Planning. This
allows for longer-horizon planning across grasps as compared to our
method, but is inherently less reactive. Other work used a dyadic
model for collaboration between a human and a robot [151].

Our method applies more specifically to the approach phase of
the handover. Related ideas include exploiting a database of human
demonstrations to produce natural and fluid plans [174]. Likewise,
Maeda et al. [95] use imitation learning to mimic human behavior
and Medina et al. [98] use a human-inspired dynamics controller to
model the entire action: approach, grasp, retract. These methods are
well-suited for controlled interaction settings, but generalizing them
to handle the diversity of speed and environmental variations encoun-
tered in the real world is challenging. Peternel et al. [120] also model
the human during collaborative manipulation, but their goal is to min-
imize risk of injury, whereas our goal is to achieve fluid collaboration
in the presence of obstacles.

Our work relies on motion optimization approaches that are both
fast and expressive [105, 133, 164]. Motion planning as an optimiza-
tion problem was first presented in [135], and accelerated in a quick
progression of work [28, 71, 147]. These early optimizers addressed
primarily the subproblem of smooth collision avoidance. The work of
[133, 162, 163], extended the paradigm showing that generic second-
order Gauss-Newton optimizers out-of-the-box could solve a more

general class of constrained motion optimization problem. Soon there-
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after, Mukadam et al. [105] demonstrated that standard factor graph
tools could drastically simplify the modeling. We build on these ideas
here, using a factor graph to model the problem and fast modern op-
timizers to solve the continuous optimization loop in real time.
While our setting is fundamentally partially observable, we do not
address the Partially Observable Markov Decision Process (POMDP)
problem directly, other than to use standard, reactive maximum a
posteriori (MAP) approximation techniques [110] to motivate the im-
portance of continuous re-optimization. Using maximum-likelihood
observations and active replanning has proven useful before, even
for very complex multi-stage tasks [54]. Other approaches use Monte
Carlo sampling to explore possible outcomes for various actions [3,
149, 150]. Some POMDP work has even actively modeled uncertainty
over human intention [3, 7], particularly in the context of autonomous

vehicles [3].

2.3 THEORETICAL FRAMEWORK

In games, agents try to optimize individual objectives [160], but col-
laborative tasks require cooperation. When collaborating, agents col-
lectively optimize a single system objective. In this section, we for-
malize the collaborative system. We derive predictive models for each
external, i.e., uncontrolled, agent and an optimal control objective for
the controlled agent, i.e.the robot. We then show that if the models
of the external agents” behavior are sufficiently predictive, the con-
trolled agent can achieve a stable collaborative equilibrium by choosing
actions according to its objective.

We consider a system constituting N + 1 total agents. Let the 0

agent denote the controlled agent and agents 1,...,N be external,

uncontrolled, but collaborating agents.

10



2.3 THEORETICAL FRAMEWORK
2.3.1  Collaborative interaction model

Denote the ih agent’s trajectory by & = (q2,q!,-- -, iT“ ). Let ot =
(qi_‘ , qJ{, ;‘H ) denote the trajectory’s t™h second-order clique, a
triple of consecutive positions used to represent position and the cor-
responding finite-difference approximations of velocity, and accelera-

tion at each time step [163].

We define the joint collaborative system trajectory as & = (&, &1, -+ ,&EN)

and denote its constituent 2nd-order cliques by ' = (6§, a},...,af).

Denoting the space of all collaborative system trajectories by =, we
define the system’s collaborative interaction model (or simply its collabo-
ration model) M = {C, G, H} as

mgn C(&) st G(&) <0 H(E) =0 (1)

where C : = — R is the collaborative cost, G : = — R¥ are k inequality
constraint functions, and H : = — R! are 1 equality constraint func-
tions. For compactness, we use =5 C = to denote the feasible set of
trajectories that satisfy the constraints G and H. We can then write
the collaborative interaction model as &* = arg minaGEM C(&). The
model for a given collaborative system can change incrementally over
time as the environment, the agents” goals, or the agents themselves
change. We assume that the optimizer is able to track solutions over
time within a continuous optimization loop, such as Model Predictive
Control (MPC). Note that both the costs / constraints and the set of
available trajectories =j; usually change from cycle to cycle updated
with the latest estimates of the world and agent states.

In our experiments, we export a kth-order Markov structure in the
system [163] enabling us to write the collaborative interaction model

of Equation 1 in clique notation as

maiant(O‘t) st. gi(o") <0, he(o") =0 Vvt (2)

Here we use superscripts just for notational convenience of time indexing, not to be
confused with the component indexing of tensor notation.

11
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Often, more complex task spaces are defined on these cliques by trans-
forming them through differentiable task maps where objective terms
may reside. It is common to represent the task spaces, i.e., the co-
domains of the task maps, with maximal coordinates, which are an
explicit representation of the task space constrained to match the out-
put of the task map. Following this paradigm, we define our optimiza-
tion costs and constraints in maximal coordinates on the relevant task
space. We also use soft constraints implemented as unconstrained
penalties in our experiments as in [38]. In this section, though, we
use the more compact notation given above for succinctness and gen-
erality.

The key intuition behind our model is that although we cannot
explicitly control the N external collaborating agents, we assume we
can sufficiently predict their behavior and treat prediction errors as
system disturbances. We make this assumption concrete below and
explore it experimentally in Sec. 2.4.2.

When the collaborative interaction model has a unique global min-
imum, that minimizer acts as an equilibrium point and becomes pre-
dictable by the agents in a way we can exploit in our model (explored
below in Section 2.3.3). We, therefore, call the global minimum the
system’s collaborative equilibrium and say the system is well-defined
if it has a unique global minimum. In this work, we assume both
that the global minimum is well defined and that an optimizer will
be able to track the global minimum over time. In practice, these as-
sumptions amount to the agents mutually knowing the higher-level
collaboration plan either in advance or by sufficiently communicating
it to each other unambiguously on the fly. For complex tasks, there
may be many local minima or even regions of equally good global
minima, representing different equilibria. In these cases, the system
would require additional estimation machinery to maintain predic-
tive distributions across external agent behavior, which we do not
address here.

We start by defining explicitly the agents” individual predictive col-
laborative behavior models implicit in the above collaborative interaction

model. Let Z5[&i] denote the feasible set of system trajectories where

12



2.3 THEORETICAL FRAMEWORK

the i agent’s trajectory is fixed at &;. We define the i" agent’s predic-

tive collaborative cost to be

ci(B) =  min C(&,E"), ()
M eT(&]

where with a slight abuse of notation, we use C(&;, F,\i) to denote the
collaborative cost evaluated at the joint system trajectory defined by
agent i’s trajectory &; and the remaining system trajectories £\ of all
other agents j # i. This cost encodes the agent’s action criteria under
an assumption that all other agents are predicted as having optimal
collaborative responses under the system’s collaboration model. Note
that these predictive models are assumed to know agent i’s intent (the
trajectory &;). While this assumption is generally wrong, as the robot
cannot truly know an external agent’s intent, we will see below that it
is valid at the system’s collaborative equilibrium where equilibrium

behavior becomes mutually predictable (see Section 2.3.3).
Each agent then has its own individual collaborative behavior model

of the form

& =argminc;(&;), (4)

5.163;;/[

where =i, is the set of all trajectories &; for the i" agent for which

Vit

[—

is nonempty, i.e., =i, = {&; | Zm(&i] # 0}

2.3.2  Stability of the predictive controller

We adopt definitions of stability from control theory and say that an
assignment of behavior generation algorithms to the agents are col-
lectively, or asymptotically, stable around the equilibrium if the joint
system evolves stably, or stably asymptotically, around the system
trajectory. Under this notion of stability, we can make following state-

ment.

Lemma 1. Suppose we have a collaborative system and a corresponding
collaboration model M. If we can say that a MPC algorithm over M re-

jects e-disturbances and that each agent’s collaborative behavior model is

13



2.3 THEORETICAL FRAMEWORK

e-predictive of the agent’s next action, including the controlled agent’s exe-
cution under the environment’s stochasticity, then controlling the controlled
agent with the MPC algorithm will create system behavior that is stable

around the collaborative equilibrium of M.

In other words, if our collaboration model is sufficiently predictive
for the external agents and we control our controllable agent using
the collaborative behavior model derived from it, the combined sys-
tem behavior is stable around the collaborative equilibrium.

Note that in this stability statement, the metric e-predictive is unde-
fined. This is because the statement will hold as long as the definition
of e-predictive is consistent with the definition of e-disturbances, i.e.,
the range of system deviations that can be handled by MPC. While
we cannot explicitly control the external agents, if we can predict
their behavior sufficiently well, then we may treat deviations as sys-
tem disturbances. With this, we do not need to assume that the ex-
ternal agents generate behavior with the same collaborative system
model, as the collaborative behavior models induced by the system

are sufficiently predictive.

2.3.3 Mutual predictability of the collaborative equilibrium

Each collaborative behavior model implicitly uses a conditional model
to predict the behavior of external agents. Specifically, under agent
i’s collaborative behavior model, the cost ci(&i) optimizes over each
external agent j # i given agent i’s trajectory &;, thus modeling the
response the other agents would have if they were given knowledge
of &;. The model assumes that all responding agents know the agent
i’s intent, which is in general not true. However, equilibrium behavior
has a mutual predictability property which enables all agents behav-
ior to be predictable, thereby validating the conditional model specif-
ically at the collaborative equilibrium.

Equilibrium predictions of other agent’s behavior are both reflexive
and transitive, creating a stationarity property of the predictions. For

instance, let E.gv[(f,i) be the implicit prediction made by agent i of
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how agent j will respond to agent i’s intended trajectory &;. Let §" =
{€;}]Y, denote the collaborative equilibrium of system M. Then for
all 1,j we have ‘E,)M(E,;6 ) = &;. Therefore, M (E,]-M(E,i* )) = & (reflexive)
and aa’[(gé"’[ (£1) = & = E)Y(&}) (transitive).

In other words, each agent predicts an equilibrium response un-
der equilibrium behavior. Even though the agent uses a conditional
predictive model which assumes external agents know the agent’s in-
tent, specifically at the collaborative equilibrium, the agent’s intended
behavior becomes predictable as part of the equilibrium behavior val-

idating the use of the conditional model.

2.4 HUMAN-ROBOT HANDOVER USING FINITE-HORIZON OPTI-

MIZATION

In this section, we formulate the handover task as an application of
our general framework where the collaborative model optimizes for
the human and robot successfully reaching each other to perform
the handover. We detail the objective terms used in our models (Sec-
tions 2.4.1, 2.4.2, 2.4.3) and discuss implementing spatially consistent
behavior using finite-time-horizon MPC (see Section 2.4.4).

In this section, we consider the robot to be the controlled agent
(agent 0) and the human to be the uncontrolled external agent (agent
1), and denote their trajectories as R = {q§ iT:o (robot) and A =
{qf‘ LO (external agent, i.e.human), respectively. We focus here on
defining the unconstrained objective, making the common assump-
tion that many constraints can be naturally modeled as soft con-
straints using fixed penalties (see, for instance, [38]). This is a rea-
sonable approximation, especially since stochasticity makes the opti-
mization inherently approximate.

The collaboration objective can be decomposed into three terms, a
robot specific term, an external agent (human) specific term, and an

interaction term.

C(&) = ARcR(ER) + Aach (84) + Aicl(ER, &%) (5)
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We detail these three terms in the following sections.

2.4.1  Modeling the robot

First, we define the cost modeling the robot trajectory,
T
RED) =D Rt af. 6b), 6)
i=0

where T is the total number of time steps and qR, g%, §® are the
position, velocity, and acceleration of the joints of the robot in config-
uration space. In what follows, we will also use xX = ¢(q¥) = [RY, tF]
to represent the 6-DOF pose of the end effector in the world frame,
after applying the forward kinematics function ¢(-).

Equation 6 can be split into the sum of individual cost functions,

which we define in the following sections.

Obstacle avoidance and joint constraints. To prevent hitting the
joint limits and to avoid obstacles, we include three cost functions
Cjoint(qliz)/ Cjoint(qli{)/ and Cobs(qgf)-

Let ] denote the indices of the joints, 9? denote the angle of jth
joint, and (Gﬁmm, Sﬁmax) denote the corresponding joint limitation, we

employ a hinge-loss-based cost [106] for the joint limit:

2

Chont(aF) = T ey eleM)]|”, )

where C(GJR) is defined as
—OR +OR e, M08 <OF it
Ry _ .
c(07) =08 —0% . te, i 05 >08 . —e 8)

0, otherwise

Here €;j is the joint limit error tolerance for joint j.

We also impose a cost

2

o (@) = Xy [e(0%)], ©
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where ¢(0;) is formulated similarly to Equation 8 using 0 in place of
0.

These cost functions assume that the environment is static, i.e., the
camera and the obstacles are unchanging. Within the context of MPC,
however, we are able to update these cost functions as the environ-
ment changes and we redefine our optimization problem. We com-
pute a signed distance field representing a discretization of the en-
vironment. Then, as in [135], we use a sphere-based “skeleton” that
covers the robot’s entire volume and surface area. The spheres allow
for a sparse and efficient representation of the robot’s volume. Our

total obstacle cost is then the sum of the cost at each sphere:

cobs(@) = Y lle(s)II, (10)

sespheres

where

_ds + Sradiuss if ds < Sradius
c(s) = . (11)

O/ if ds > Sradius

Here d; is the value of the signed distance function at the sphere s’s

center.

Velocity and acceleration constraints. We include independent con-
straints for configuration-space velocity and acceleration constraints,
c(qR) and c(qR), that each constrain these values to be zero. The
velocity penalty ensures that the robot slows after after reaching its
goal, while the acceleration penalty ensures the robot moves fluidly

without overshooting its target.

End effector constraints. We also constrain the robot’s end effector
orientation to match an optimal value and add this to our overall cost
function. In the 2D case, this optimal value is straightforward: the
robot should always be oriented towards the human. The optimal 3D
orientation is more complex.

Let G denote the coordinate frame of the gripper where the z-axis
z points directly out from the gripper and the x-axis xg points down

perpendicular to the gripper. When the gripper is perfectly flat, xg
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Figure 2: The ideal orientation for the end effector. The z-axis points toward the
human’s wrist, which we are able to track with the Microsoft Azure Kinect,
and the x-axis is as vertical as possible.

points straight down to the ground. We wish to align zg with v, the
ray from the end effector to the human’s hand. We also want the end
effector to be approximately flat. We show this ideal configuration
in Figure 2. Assuming the world frame has z\v up, we want to find
xg that when expressed in the world coordinates, has the lowest z

coordinate, i.e., in the world frame,
v
O:ZG‘XG :W‘[XXGIUXG/Z’)Cg]I (12)

where [xx.,Uxc,2x) correspond to the world frame coordinates of
[1,0,0]g in the gripper frame. We also know xx, = 1—/y3., 2.

If the gripper does not point straight up, we can first solve for zy,
then take the derivative with respect to yx and set it to zero in order
to find the xg that points most-down. Then, yg5 = zg xXg and we
can use these three axes to construct our desired rotation matrix R.

With R, we use the same cost function from [41] to constrain the

robot to face this direction.
¢(RR) = log(R™'RE)V

where log(-) is the logarithmic map and V is the operator that takes

a skew—symmetric matrix to a vector.
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Figure 3: (a) A reach-to-point task around an obstacle. We recorded 29 trials of a
reach-to-point task, with varying target points, camera poses, and starting
positions. (b) The predicted and measured human’s trajectory for one trial.
Here, the person chose to take a wider path around the obstacle than nec-
essary.

As a simplifying assumption to improve planning efficiency, we
only compute R once at each planning cycle using current observa-
tion of both the robot and agent. Since we run many iterations closed-

loop, the robot will continue to face towards the human’s position.

2.4.2  Modeling the human

We use a reduced, but similar, set of cost functions for the external
agent, i.e., the human, cA(E,A) = ZLO cA( f‘, q?,q?). We model the
human hand as a floating sphere and the parameters Ay are deter-
mined through a set of 29 recorded reach-to-point tasks. In the task
of handover where the robot and human are similar heights, we pro-
pose that a floating sphere is a sufficient model for the human. For
other collaborative tasks, such as handover at significantly different
heights, the human’s morphology and the kinematic feasibility of the
task would be important.

Our model for optimal human reaching is a parametrized quadratic
cost function that is nearly symmetrical to the robot. We model the hu-
man as a sphere representing their hand location, so we omit the con-
straint of joint limits. We also assume that a cooperative human will
rotate their hand to meet the robot comfortably, and so we omitted
the rotational constraint as well. To evaluate our model, we recorded

a set of 29 reach-to-point tasks around an obstacle using the Microsoft
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Azure Kinect DK and its included body tracking SDK. Between trials,
we randomly changed the target position, the human’s starting pose,
and the camera height. See Figure 3 for an example of our setup.

For each trial, we calculated our prediction error with

T T
1
Loss = Z m . Z Htpredicted - 'I:measuredH2 (13)
t=0 i=t+1

where T is the total number of time steps it takes the human to reach
the target and x is the position of the hand. This loss represents the
average distance between the corresponding real and predicted hand
poses, which we then average over all MPC steps. We used 26 of
our trials to tune our human model and performed a grid search
over 6,561 parameter configurations to minimize error. We then eval-
uated the parameters on the remaining 3 datasets. Our average loss
on the training set 7.54cm and our average loss on the evaluation set

is 9.63cm and a standard deviation of 2.41cm.

2.4.3 Modeling the robot-agent collaboration

At the end of the trajectory, the robot and the uncontrolled agent
should meet. To enforce this, we encourage their end effector posi-

tions to be as close to each other as possible,
R A 2
c'(&%, &%) = [t} — 17| (14)

where t}® denotes the position of the robot’s end-effector at the final
time step and t} denotes the position of the human’s hand at that
final time step (see the notation around forward kinematics in Section
2.4.1).

The interaction term defines interaction only at the end of the tra-
jectory (the behavior is finished once the interaction occurs). In gen-
eral, it is unclear when (time-wise) this interaction should occur, so
choosing a single T is challenging, even more-so when re-optimizing
the system and rejecting system perturbations within an MPC loop.

The next section designs a sparse reward motivated by reinforcement
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learning settings to eliminate this problem, enabling spatially consis-

tent behavior using a time-parameterized trajectory model.

2.4.4 Time Independence through Sparse Rewards

When two agents collaborate without explicit time synchronization,
their interaction and behavior is often a function of combined state
and not tied to a specific clock. For example, when handing over an
object, both participants time their behaviors based on the observed
state of the other, continually readjusting and aiming primarily to just
meet in the middle. The behavior is state-dependent and not explicitly
timed.

We account for deviations from the planner’s output by continu-
ally re-optimizing with a fixed-time horizon at each successive time
step. However, as the two agents approach each other, this fixed hori-
zon becomes restrictive. Suppose the horizon is three seconds in the
future. Placing the interaction term perpetually at the fixed time hori-
zon means that the model will always want to interact exactly three
seconds in the future, independent of where it finds itself, leading to
an exponential slowdown in its behavior.

We counteract the slowdown by adding an additional distance-
based reward term weighted by Aewarg to the robot-agent collabo-

ration cost defined in Eq. 14 at every point on the trajectory.
T
(8%, &%) = c(t], t4) + Arewara )_ T(EF,£1), (15)
i=0

where the reward r(tX,t£) at step i is defined as

2
o R_4+A
[l

rA ) =1—e 202 . (16)

This reward term can also apply to a single agent moving toward a

fixed target, where Htfgent _ plarget

would replace ||t} —t2.
The reward is motivated by the types of sparse rewards used in
reinforcement learning [136]. We are rewarding the agents for con-

verging, and, since our goal is to minimize cost, we phrase reward as
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(a) Without reward term (b) With reward term

Figure 4: Comparison motion generation for a reach-to-point task around an obstacle
both with and without the proposed sparse reward term. The dots repre-
sent subsequent positions. With each MPC step, the agent starts closer to
its goal. Our reward terms encourages the agent to speed up as a function
of their relative distance to the goal arrive at the goal in less time than the
planning horizon.

negative cost. Such a reward can be modeled as an upside down ra-
dial basis function over the distance between the robot’s end-effector
and the interacting agent, i.e., one when the two are far apart and
decreasing to zero as they draw closer.

This rewards the robot for getting within touching distance of the
interacting agent (and visa-versa), but does not penalize the pair for
having to be far from each other earlier in the trajectory due to com-
peting smoothness criteria. Since we have a fixed finite-horizon, with-
out loss of generalization, we can shift each of these reward terms up
by a constant so its minimum value is zero as given in the equation.
The effect can be seen in Fig. 4, which shows how this results in a
more temporally-consistent trajectory. Specifically, in the absence of
perturbations, the trajectory traced out by MPC’s replan-execute loop
is more consistent with the original trajectory initially planned at the
first time step.

For safety reasons, the uncontrolled agent may stop before reach-
ing the robot. The reward term as formulated in Eq. 16 would cause
the robot to slow-down exponentially because the human policy pre-
dicts that the human will keep moving. To prevent this, we would
ideally have a phase estimator that can determine when the human
has stopped and switch to rewarding the robot for reaching the hu-

man’s current position. As an approximation in our implementation,
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the human and robot are both rewarded for reaching each others’
starting points, as determined at the beginning of each MPC step.

With this shift upward, our formulation of the reward (as cost) be-
comes identical to the Welsch robust estimator [62]. Although the re-
ward is not a nonlinear least squares term, it can be minimized using
a form of iteratively re-weighted least-squares [180] using weights
given by the Radial Basis Function (RBF) w(r) = eﬁ where 1 =
[tR —t£| in this case. An implementation would replace these Welsch
robust estimator objective terms with weighted least squares terms of
the form wr? = w|[t} —t2||?, and re-evaluating the weight w after
each subproblem has converged.

These reward terms reward the system for reaching the interaction
point early. As above, associated with reaching the interaction point
should be a velocity penalty bringing the system to a stop. Whereas
before, it sufficed to add just a single velocity penalty to the termi-
nal potential (stop at the end) we now must also add intermediate

velocity penalties preparing for the possibility of stopping early.

2.5 IMPLEMENTATION DETAILS

Similar to [105], we used GTSAM as a fast optimizer to minimize the
cost at each MPC-step. We used the real-time body tracking SDK on
the Microsoft Azure Kinect DK to obtain human pose estimates, and
we are able to run our algorithm to perform a human handover in
real time on a Franka Emika Panda arm.

On a workstation with an 3.4¢hz Intel® Core™ i7 and 32GB of RAM
running Ubuntu 18.04, we obtained poses at a rate of 30hz. We use
DART [144] to calibrate the robot configuration into the Azure frame,
so we can obtain both human and robot starting positions at each
MPC step.

We run both our optimizer and DART on the same workstation run-
ning Ubuntu 16.04 and equipped with an 3.7¢hz Intel® Core™ and
32GB of RAM. We obtain DART’s positional estimates at 10hz, and
we are able to run our optimizer with Levenberg-Marquardt between

7hz and 8hz.

23



2.6 EXPERIMENTS

When the Franka is within a minimum threshold-we used 10cm-
it engages the gripper and tries to grasp the object. If it misses and
closes all the way, the gripper re-opens and the planner resumes try-
ing to engage in the handover until it succeeds. We found the robot to
miss the handover when the human moves too quickly for the body

tracker to maintain a stable estimate.

2.6 EXPERIMENTS

We ran a set of experiments exploring: (1) How do our method’s gen-
erated trajectories compare to those produced by baseline methods?
(2) How robust is our algorithm to noisy sensors? and (3) Can our

proposed method be used in a real world setting?

Table 1: Algorithmic benchmarks (1 denotes higher is better and | denotes lower
is better): our algorithm is best able to approximate the timing of the un-
controlled agent. The attractor-based algorithm produces trajectories with
significantly greater acceleration and jerk than both the robot-only and our
algorithm. The robot-only algorithm outperforms ours by a small margin
in reducing acceleration and jerk, but at the cost of producing much longer
trajectories.

Metric Robot only Attractor Ours

Handover Time (Normalized) | 1.33+o0.27 1.30 &+ 0.26 1.20 £ 0.26
Trajectory Length Error J 035 =£o0.27 0.37 = 0.29 0.27 + 0.22
Acceleration (cm/s?) 433t 1.96 7.83+£3.96 472+ 1.37
Jerk it (cm/s3) J 625 +t299 1006+555 6.36 £ 1.88

Our algorithm predicts the motion and dynamics of the uncon-
trolled agent and reacts accordingly. In order to evaluate each compo-
nent, we benchmarked our algorithm against two different baselines:

Robot only: A planner that only accounts for the Euclidean posi-
tion of the uncontrolled agent. At each time step, the robot optimizes
a trajectory around any obstacles to match its end effector position
with the other agent’s end effector position.

Attractor: A planner that applies an attractor-based policy to both
end effectors. This policy assumes the two arms will move toward
each other at each time step. When obstacles are present, they act as
repellent forces, opposing the attracting force. We implemented this

method by using our same algorithm with a very short time horizon,
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i.e., T =5, which is the shortest trajectory supported by our low-level
controller.

See our video submission for an example of the simulated environ-
ment. The robot and uncontrolled agent start on opposite sides of a
non-convex obstacle, the position and shape of which we randomized
for each trial. To evaluate the algorithms without bias, we indepen-
dently planned the uncontrolled trajectory to go from a randomized
location on the opposing side of the obstacle to a randomized point
in the robot’s reachable space, while also avoiding the obstacles. We
accomplish this by minimizing our same velocity, obstacle-avoidance,
and acceleration costs for the hand, while also adding a cost term
with high A to constrain the hand to our randomly chosen start and
end positions, as in [105]. We augmented the plans with noise drawn
from a uniform distribution to de-bias the uncontrolled motion from
the planner.

We then replayed the uncontrolled trajectory for each robot policy.
At the end of the uncontrolled trajectory, the agent pauses and waits
for the robot. We modeled the agent as a ball with a 10cm radius and
as such, we considered a trial to be successful if the robot was able to
plan a trajectory where its end effector was within 10cm of the agent
in under twice the uncontrolled trajectory length.

We ran 300 trials. Qualitatively, we observed that the randomized
obstacle and randomized uncontrolled trajectory led to many ill-formed
handovers, such as ones where the uncontrolled trajectory goes through
the obstacles. The robot-only algorithm best handled these ill-formed
trajectories because it is able to ignore whether the human is in an in-
correct configuration. It succeeded in 62% of the trials. Our algorithm
succeeded in 57% of the trials and the attractor policy succeeded in
43% of the trials. It is important to note that our framework assumes
that uncontrolled agents are co-operative and reactive. To fairly com-
pare the three policies, we used identical trajectories for the uncon-
trolled agent, but this precluded the possibility of the uncontrolled
agent’s policy being reactive to the robot and therefore violates our
cooperative assumption. With a cooperative partner, we expect our

policy to outperform the robot-only policy in success rate.
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Table 2: Robustness metrics: we evaluate our robustness to measurement noise by
determining, for a given amount of measurement noise, the percentage of
handovers that can be completed within twice the time of the uncontrolled

trajectory
Noise o (cm) 2 5 7 10 15
% Successful 100 100 98 86 66

We evaluated the algorithms on the set of trials on which they mu-
tually succeeded and adopted four different metrics, i.e., Success rate,
trajectory length error, acceleration, and jerk, for evaluation. We define
the trajectory length error as |1 — Tsuccess/ Tuncontrolled| Where Tgyccess is the
time it takes to finish a successful action and Tncontrolled 15 the length
of the uncontrolled trajectory. Quantitative results are in Table 1.

Both qualitatively and quantitatively, we saw that the attractor algo-
rithm leads the robot to jerk heavily when the agent’s path around
the obstacle is non-obvious. Meanwhile, the robot-only planner tends
to wait to move until the path around the obstacle is unobstructed,
leading it to take longer to reach the agent. Our algorithm is able
to smoothly predict the agents path. We also saw our algorithm pro-
duces lower trajectory length error than the others-meaning our algo-
rithm is better able to match the length of the uncontrolled trajectory.

See our video for a demonstration.

We also evaluated our algorithm’s robustness to measurement noise.

In our real-robot experiments, we observed that our planner failed
when the calibration and/or body tracker were misaligned. To mea-
sure this, we planned a randomized uncontrolled trajectory in the
same fashion as before. However, we also introduced Gaussian noise
with increasing o into the robot’s perception of the trajectory. We ran
50 trials and measured how often the robot could intersect the agent
at its actual location within twice the uncontrolled trajectory length.
Results with varying o are in Table 2.

As shown in Figure 1, we are able to run our algorithm on a real
robot using the setup described in Section 2.5. See our video for more

examples.

26



2.7 CONCLUSION AND FUTURE WORK

2.7 CONCLUSION AND FUTURE WORK

We proposed an MPC approach for multi-agent collaboration prob-
lems that simultaneously optimizes motion plans for a robot and an
(uncontrolled) human in order to enable coordination on coopera-
tive tasks, with an application to human-robot handovers in obstacle-
rich environments. We presented a novel theoretical framework and
demonstrated its effectiveness through both simulated and real-robot
experiments. This framework assumes access to a model for the hu-
man collaborator, and future work might learn such a model from
data, for example, via Inverse Optimal Control [185], which has been
successfully applied to motion prediction in the past [79]. In addi-
tion, our approach cannot generate longer-term plans across manipu-
lations, as in [165]; in the future, we will develop approaches which
maintain reactivity but allow for switching between discrete modes,
such as when the human is waiting for the robot at the end of a
handover, possibly via the Robust Logical-Dynamical Systems for-
malism [119]. We also intend to apply our formal system to other
coordination problems explored in the literature, such as motion in a

crowd [3] and camera control [17, 128].
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2.7 CONCLUSION AND FUTURE WORK

In the following chapter, I discuss our work that uses
large-scale imitation learning to address many of the com-
mon challenges in analytic motion generation techniques.
This research was a significant step forward in employ-
ing large-scale learning for robot motion, introducing a
dataset with millions of demonstations—300 times larger
than prior work. The core innovation of this work lies in its
ability to encode complex long-horizon motion planning
intuition directly into a learned policy, thereby enabling a
reactive local that behaves much like a long-horizon plan-

ner.

Motion Policy Networks (M7tNets) are particularly effec-
tive in scenarios where rapid decision-making is crucial.
Our original goal was to mimic the trajectory optimizer
used in [48] while avoiding the need for expesive scene re-
construction. While the research eventually focused more
on collision-free reaching, the initial problem set-up led us
to focus on reaction speed in fast changing environments.
While many local policies, e.g.[14, 173], are effective at fast
changing goals, these methods do not perform as well in

fast changing environments with unpredictable elements.

This chapter delves into how we were able to learn an ef-
fective policy that can safely move through novel environ-
ments in real time without any explicit scene reconstruc-
tion. Moreover, I will discuss the benefits, challenges, and
limitations of traditional analytic methods, and compare
the performance of M7Nets against other state-of-the-art
robotic motion planning techniques. While M7tNets shows
impressive performance in these baselines, there are many
situations in which it fails due to poor data coverage or
other factors. In this chapter, I will discuss the benefits
and challenges of using M7Nets for end-to-end motion

generation.
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MOTION POLICY NETWORKS

Figure 5: MmiNets are trained on a large dataset of synthetic demonstra-
tions (left) and can solve complex motion planning problems using
raw point cloud observations (right).

3.1 INTRODUCTION

Generating fast and legible motions for a robotic manipulator in un-
known environments is still an open problem. Decades of research
have established many well-studied algorithms, but there are two
practical issues that prevent motion planning methods from being
widely adopted in industrial applications and home environments
that require real-time control. First, it is challenging for any single
approach to satisfy multiple planning considerations: speed, com-
pleteness, optimality, ease-of-use, legibility (from the perspective of a
human operator), determinism, and smoothness. Second, existing ap-
proaches enforce strong assumptions about the visual obstacle representations—
such as accurate collision checking in configuration space [87] or the
availability of a gradient [132, 145, 173]—and hence require expensive
intermediate processing of sensor readings to operate in novel scenes.
Some planners, such as RRT [86], are useful to quickly find a fea-
sible path. Other methods are useful to find an optimal path, either
deterministically on discrete graphs [58, 92] or asymptotically in con-
tinuous spaces [72, 154]. Some planning techniques use Neural Net-

works [65, 125] to improve sampling efficiency, thus speeding up the
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planning process. Optimization-based methods [132, 145] are useful
to encode other objectives, such as smoothness, at the expense of guar-
antees. Going further, recent motion generation frameworks [13, 173]
eschew long-term reasoning in exchange for quick local decisions un-
der the assumption that they will lead to globally acceptable paths.

Each of these methods requires a known environment model and
perfect state estimation. In practice, one would have to create a scene
representation, which could be a static or dynamic mesh, an occu-
pancy grid [65, 75], a signed distance field, etc. Reconstruction sys-
tems such as SLAM and KinectFusion [111] have a large system start-
up time, require a moving camera to aggregate many viewpoints,
and ultimately require costly updates in the presence of dynamic ob-
jects. Recent implicit deep learning methods like DeepSDF [118] and
NeRF [99] are slow or do not yet generalize to novel scenes. Meth-
ods such as SceneCollisionNet [36] provide fast collision checks but
have not yet been shown to generalize to challenging environments
beyond a tabletop. Other RL-based methods learn a latent representa-
tion from observations but have only been applied to simple 2D [7o0,
159] or 3D [155] environments in simulation.

We present Motion Policy Networks (M7tiNets), a novel method for
learning an end-to-end policy for motion planning. Our approach cir-
cumvents the challenges of traditional motion planning and is flexible
enough to be applied in unknown environments. Our contributions

are as follows:

* We present a large-scale effort in neural motion planning for ma-
nipulation. Specifically, we learn from over 3 million motion plan-
ning problems across over 500,000 instances of three types of en-

vironments, nearly 300x larger than prior work [125].

* We train a reactive, end-to-end neural policy that operates on
point clouds of the environment and moves to task space targets
while avoiding obstacles. Our policy is significantly faster than
other baseline configuration space planners and succeeds more

than local task space controllers.
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* On our challenging dataset benchmarks, we show that M7tNets
is nearly 46% more successful at finding collision-free paths than
prior work [125] without even needing the full scene collision

model.

* Finally, we demonstrate simzreal transfer to real robot partial

point cloud observations.

3.2 RELATED WORK

Global Planning: Robotic motion planning typically splits into three
camps: search, sampling, and optimization-based planning. Each al-
gorithmic family has benefits and drawbacks. Search-based planning
algorithms, such as A* [58, 91, 92] are complete, fast, and optimal in
discrete domains. Sampling-based methods, e.g. [72, 86], operate in
continuous domains, but are only probabilistically complete, i.e.find
a solution with probability 1. Some such methods are also asymp-
totically optimal [51, 72, 154], but within practical time limitations
produce sub-optimal—and sometimes erratic—paths. Motion Opti-
mization [131, 132, 145] can produce smooth paths to a goal but is
prone to local minima. Without careful system design, often on a per-
task basis, Motion Optimization can fail to find the optimal solution
or sometimes any solution at all.

Search-based planning algorithms, such as A* [58, 91, 92], discretize
the state space and perform a graph search to find an optimal path.
While the graph search can be fast, complete, and guaranteed op-
timal, the requirement to construct a discrete graph hinders these
algorithms in continuous spaces and for novel problems not well cov-
ered by the current graph. Sampling-based planners [86] function in
a continuous state space by drawing samples and building a tree.
When the tree has sufficient coverage of the planning problem, the al-
gorithm traverses the tree to produce the final plan. Sampling-based
planners are continuous, probabilistically complete, i.e.find a solution

with probability 1, and some are even asymptotically optimal [51, 72,
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154], but under practical time limitations, their random nature can
produce erratic—though valid—paths.

Both of the aforementioned planner types are designed to optimize
for path length in the given state space (e.g.configuration space) while
avoiding collisions. An optimal path in configuration space is not nec-
essarily optimal for the end effector in cartesian space. Human mo-
tion tends to minimize hand distance traveled [168], so what appears
optimal for the algorithm may be unintuitive for a human partner
or operator. In the manipulation domain, goals are typically repre-
sented in end effector task space [126, 158]. In a closed loop setting
with a moving target, the traditional process of using IK to map task
to configuration space can produce highly variable configurations, es-
pecially around obstacles. Motion Optimization [131, 132, 145] on the
other hand, generates paths with non-linear optimization and can
consider multiple objectives such as smoothness of the motion, ob-
stacle avoidance, and convergence to an end effector pose. These al-
gorithms require careful tuning of the respective cost functions to
ensure convergence to a desirable path and are prone to local min-
ima. Furthermore, non-linear optimization is computationally com-
plex and can be slow for difficult planning problems.

Local Control: In contrast to global planners, local controllers have
long been applied to create collision-free motions [13, 76, 129, 173].
While they prioritize speed and smoothness, they are highly local and
may fail to find a valid path in complex environments. We demon-
strate in our experiments that M7Nets are more effective at produc-
ing convergent motions in these types of environments, including in
dynamic and in partially observed settings.

Imitation Learning: Imitation Learning [116] can train a policy
from expert demonstrations with limited knowledge of the expert’s
internal model. For motion planning problems, we can apply imita-
tion learning and leverage a traditional planner as the expert demonstrator—
with a perfect model of the scene during training—and learn a policy
that forgoes the need for an explicit scene model at test time. Popular
imitation learning methods include Inverse Reinforcement Learning

[112, 142, 184] and Behavior Cloning [4, 121]. Our method seeks to
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overcome the common challenges of Behavior Cloning by specifically
designing a learnable expert, increasing the scale and variation of the
data, and using a sufficiently expressive policy model.

Inverse Reinforcement Learning [112, 142, 184] typically assumes
expert optimality and learns a cost function accordingly, whereas
Behavior Cloning [4, 121] directly learns the state-action mapping
from demonstrations, regardless of the expert’s optimality. We thus
employ behavior cloning because producing optimal plans for con-
tinuous manipulation problems is challenging. Recent work demon-
strates behavior cloning’s efficacy for fine-grained manipulation tasks,
such as chopstick use [74] and pick-and-place [97]. For long-horizon
tasks like ours, however, distributional shift and data variance can
hinder behavior cloning performance. Distribution shift during exe-
cution can lead to states unseen in training data [74]. Complex tasks
often have a long tail of possible action states that are underrepre-
sented in the data, leading to high data variance [32]. There are many
techniques to address these challenges through randomization, noise
injection, regret optimization, and expert correction [74, 89, 137, 139,
140]. These techniques, however, have not been demonstrated on a
problem of our scale and complexity (see Section 3.4.2 for details on
the range of data).

Neural Motion Planning: Many deep planning methods [22, 65,
82, 179] seek to learn efficient samplers to speed up traditional plan-
ners. Motion Planning Networks (MPNets) [125] learn to directly plan
through imitation of a standard sampling-based RRT* planner [72]
and is used in conjunction with a traditional planner for stronger
guarantees. While these works greatly improve the speed of the plan-
ning search, they have the same requirements as a standard plan-
ning system: targets in configuration space and an explicit collision
checker to connect the path. Our work operates based on task-space
targets and perceptual observations from a depth sensor without ex-
plicit state estimation.

Novel architectures have been proposed, such as differentiable plan-
ning modules in Value Iteration Networks [159], transformers by Chap-

lot, Pathak, and Malik [23] and goal-conditioned RL policies [45].
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These methods are challenging to generalize to unknown environ-
ments or have only been shown in simple 2D [70] or 3D settings [155].
In contrast, we illustrate our approach in the challenging domain of
controlling a 7 degrees of freedom (DOF) manipulator in unknown,

dynamic environments.

3.3 LEARNING FROM MOTION PLANNING
3.3.1 Problem Formulation

Mr7Nets expect two inputs, a robot configuration q and a segmented,
calibrated point cloud z. Before passing q: through the network, we
normalize each element to be within [—1, 1] according to the limits for
the corresponding joint. We call this q‘t|'H . The point cloud is always as-
sumed to be calibrated in the robot’s base frame, and it encodes three
segmentation classes: the robot’s current geometry, the scene geome-
try, and the target pose. Targets are inserted into the point cloud via
points sampled from the mesh of a floating end effector placed at the
target pose.

The network produces a displacement within normalized config-

uration space qﬂ’”. To get the next predicted state i1, we take

qﬂ'u + qﬂ'”, clamp between [—1, 1], and unnormalize. During training,
we use (41 to compute the loss, and when executing, we use {1

as the next position target for the robot’s low-level controller.

3.3.2 Model Architecture

The network consists of two separate encoders, one for the point
cloud and one for the robot’s current configuration, as well as a de-
coder, totaling 19M parameters. Our neural policy architecture is vi-
sualized in Fig. 6. We use PointNet++ [123] for our point cloud en-
coder. PointNet++ learns a hierarchical point cloud representation
and can encode a point cloud’s 3D geometry, even with high varia-

tion in sampling density. PointNet++ architectures have been shown
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Figure 6: M7Nets encodes state as a normalized robot configuration and
segmented point cloud with three classes for the robot, the obsta-
cles, and the target. The policy outputs a displacement in normal-
ized joint space, which can then be applied to the input before
unnormalizing to get q¢41.

to be effective for a variety of point cloud processing tasks, such as
segmentation [123], collision checking [36], and robotic grasping [103,
108]. Additionally, PointNet++ includes PointNet as a subcomponent.
PointNet is effective at processing partially observed point clouds,
even when trained exclusively with fully-observed scenes [122]. The
robot configuration encoder and the displacement decoder are both
fully connected multilayer perceptrons.

Our PointNet++ architecture has three set abstraction groups fol-
lowed by three fully connected layers. The first set abstraction layer
performs iterative furthest point sampling to construct a set of 512
points, then it does a grouping query within 5cm of at most 128
points. Finally, there is a local PointNet [122] made up of layers of
size 4, 64, 64, 64 respectively. The second set abstraction is lower res-
olution, sampling 128 furthest points and then grouping at most 128
points within a 30cm radius. The corresponding PointNet is made
up of layers of size 64, 128, 128, and 256 respectively. Our third set
abstraction layer skips the furthest point sampling, groups all points
together, and uses a final PointNet with layers of size 256, 512, 512,
1024 respectively. Finally, after the set abstraction layers, we have
three fully connected layers with 4096, 4096, and 2048 dimensions
respectively. In between these layers, we use group norm and Leaky
ReLU.

The output of our point cloud encoder is a 2048 dimensional em-
bedding. The robot configuration encoder and the displacement de-
coder are both fully connected multilayer perceptrons with Leaky
ReLU activation functions [94]. The robot configuration encoder maps

our 7-dimensional input to a 64-dimensional output and has four hid-
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den layers with 32, 64, 128, and 128 dimensions respectively. The dis-
placement decoder maps the combined embeddings from the point
cloud and robot configuration encoders, which together have 2112 di-
mensions, to the 7 dimensional normalized displacement space. The
decoder has three hidden layers with 512, 256, and 128 dimensions
respectively. Our entire architecture together has 19 million parame-

ters.

3.3.3 Loss Function

The network is trained with a compound loss function with two con-
stituent parts: a behavior cloning loss to enforce accurate predictions

and a collision loss to safeguard against catastrophic behavior.

GEOMETRIC LOSS FOR BEHAVIOR CLONING  To encourage align-
ment between the prediction and the expert, we compute a geometric

loss across a set of 1024 fixed points along the surface of the robot.

Lac(Agi) = ZH’?}[H =Xl + 1% —xgalh

i
where 72?+1 = Cb?(qt +Aq) (17)
Xgp1 = ¢ (qes1)

¢(-) represents a forward kinematics mapping from the joint an-
gles of the robot to point i defined on the robot’s surface. The loss
is computed as the sum of the L1 and L2 distances between corre-
sponding points on the expert and the prediction after applying the
predicted displacement. By using both L1 and L2, we are able to pe-

nalize both large and small deviations.
We use a geometric, task-space loss because our goal is to ensure
task-space consistency of our policy. Configuration space loss appears
in prior work [125], but does not capture the accumulated error of the

kinematic chain as effectively (see Appendix K).
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COLLISION LOSs  Inorder to avoid collisions—-a catastrophic failure—

we apply an additional hinge-loss inspired by motion optimization

[48].
Leollision = § E th (721—0—1 )”2
i

. —D; (&Y, ), ifD;(kt, ;) <0
where h;(%{, 1) = o ! J.EH
0, if Dj (%, 1) >0

The synthetic environments are fully-observable during training,
giving us access to the signed-distance functions (SDF), {Dj (-)}]., of
the obstacles in each scene. For a given closed surface, its SDF maps
a point in Euclidean space to the minimum distance from the point
to the surface. If the point is inside the surface, the function returns a

negative value.

3.4 PROCEDURAL DATA GENERATION
3.4.1 Large-scale Motion Planning Problems

Each planning problem is defined by three components: the scene
geometry, the start configuration, and the goal pose. Our dataset con-
sists of randomly generated problems across all three components, to-
taling 3.27 million problems in over 575,000 environments. We have
three classes of problems of increasing difficulty: a cluttered tabletop
with randomly placed objects, cubbies, and dressers. Representative
examples of these environments are shown in Fig. 5. Once we build
these environments, we generate a set of potential end effector targets
and corresponding inverse kinematics solutions. We then randomly
choose pairs of these configurations and verify if a plan exists be-
tween them using our expert pipeline, as detailed further in Sec. 3.4.2

and in Appendix E.
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3.4.2 Expert Pipeline

Our expert pipeline is designed to produce high-quality demonstra-
tions we want to mimic, i.e.trajectories with smooth, consistent mo-
tion and short path lengths. Here, consistency is meant to describe
quality and repeatability of an expert planner—see Appendix C for
further discussion. We considered two candidates for the expert -
the Global Planner which is a typical state-of-the-art configuration
space planning pipeline [153] and a Hybrid Planner that we engineered
specifically to generate consistent motion in task space. For both plan-
ners, we reject any trajectories that produce collisions, exceed the joint
limits, exhibit erratic behavior (i.e.high jerk), or that have divergent
motion (i.e.final task space pose is more than 5cm from the target).
Global Planner consists of off-the-shelf components of a standard
motion planning pipeline-inverse kinematics (IK) [40], configuration-
space AIT* [153], and spline-based, collision-aware trajectory smooth-
ing [60]. For a solvable problem, as the planning time approaches in-
finity, IK will find a valid solution and AIT* will produce an optimal
collision-free path, both with probability 1. Likewise, with continuous
collision checking, the smoother will produce a smooth, collision-free
path. In practice, our dataset size goal—we generated 6.54M trajecto-
ries across over 773K environments—dictated our computation bud-
get and we tuned the algorithms according to this limit. We attempted
IK at most 1000 times, utilized an AIT* time out of 20s, and em-
ployed discrete collision checking when smoothing. Most commonly,
the pipeline failed when AIT* timed out or when, close to obstacles,
the smoother’s discrete checker missed a collision, thereby creating
invalid trajectories. The Global Planner is composed of widely used
off-the-shelf components. We first use inverse kinematics to convert
our task space goals to configuration space, followed by AIT* [153]
in configuration space, and finally, spline-based, collision-aware tra-
jectory smoothing [60]. We use IKFast [40] for inverse kinematics,
OMPL [156] for AIT*, and Pybullet Planning for the smoothing im-

plementation [53]. To manage the compute load when generating a
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large dataset of trajectories, we employed a time-out with AIT* of 20
seconds.

Hybrid Planner is designed to produce consistent motion in task
space. The planner consists of task-space AIT* [153] and Geometric
Fabrics [173]. AIT* produces an efficient end effector path and Ge-
ometric Fabrics produce geometrically consistent motion. The end
effector path acts as a dense sequence of waypoints for a sequence
of Geometric Fabrics, but as the robot moves through the waypoints,
the speed can vary. To promote smooth configuration space velocity
over the final trajectory, we fit a spline to the path and retime it to
have steady velocity. As we discuss in Sec. 3.5.1, Geometric Fabrics
often fail to converge to a target, so we redefine the planning prob-
lem to have the same target as the final position of the trajectory pro-
duced by the expert. Inspired by [2], we call this technique Hindsight
Goal Revision (HGR) and demonstrate its importance in Sec. 3.5.4. Us-
ing the Hybrid Planner, we generated 3.27 million trajectories across
576,532 environments. The Hybrid Expert is designed to produce con-
sistent motion in task space. We start by using AIT* [153] with a 2
second timeout to plan for a floating end effector, i.e.one not attached
to a robot arm, and then use Geometric Fabrics [173] to follow the
path. Geometric Fabrics are deterministic and geometrically consis-
tent [173] local controllers, but they struggle to solve the problems
in our dataset without assistance from a global planner. Geometric
Fabrics are highly local, and even with dense waypoints given by a
global planner, they can run into local minima, which in turn gener-
ate trajectories with highly variable velocity. We use a combination of
spline-based smoothing and downsampling [59] to create a consistent
configuration space velocity profile across our dataset.

Consistency We use the term consistency to describe a qualitative
characteristic of a planner and its learnability. Specifically, we use it to
describe two quantities: 1) expert quality and 2) repeatability of the
planner. Mandlekar et al. [97] demonstrate how Imitation Learning
performance varies depending on expert quality. Among the metrics
they use to describe expert quality, they demonstrate the importance

of expert trajectory length. M7tNets employs task-space goals, and
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the Hybrid Planner produces shorter task-space paths. Across our test
dataset of global and hybrid solvable problems, the Hybrid Planner’s
end effector paths average 57¢cm + 31cm and the total orientation dis-
tance traveled is 95° + 52°. Meanwhile, the Global Planner’s paths av-
erage 61cm + 39cm and 113° + 55°, respectively.

Repeatable input-output datasets are important for deep learning
systems. Prior works have shown that deep learning systems deterio-
rate or require more data when using noisy labels [69, 101]. Both the
Global Planner and Hybrid Planner are sampling-based planners and
do not produce repeatable paths by their very nature. Yet, the Hybrid
Planner uses sampling to plan in a lower-dimensional state space—
6D pose space—while the Global Planner samples in 7D configuration
space. We use a naive sampler, so the lower dimensionality of the
Hybrid Planner’s sampler implies that its typical convergence rate will
be faster. After planning, the Hybrid Planner employs Geometric Fab-
rics [173] to follow the task-space trajectory. Geometric Fabrics are
deterministic, which further promotes repeatability in the final, con-
figuration space trajectories. Meanwhile, the Global Planner uses a ran-
domized smoothing algorithm that is not deterministic. Taking these
individual components together, we expect the Hybrid Planner’s solu-
tions on similar problems to be typically more alike than the Global

Planner’s solutions to the same problems.

3.5 EXPERIMENTAL EVALUATION

We evaluate our method with problems generated from the same dis-
tribution as the training set. Within the test set, each problem has a
unique, randomly generated environment, as well as a unique target
and starting configuration. None of the test environments, starting
configurations, nor goals were seen by the network during training.
Our evaluations were performed on three test sets: a set of problems
solvable by the Global Planner, problems solvable by the Hybrid Plan-
ner, and problems solvable by both. Each test set has 1800 problems,

with 600 in each of the three types of environments.
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Quantitative Metrics: To understand the performance of a policy,
we roll it out until it matches one of two termination conditions: 1)
the Euclidean distance to the target is within 1cm or 2) the trajectory
has been executed for 20s (based on consultations with the authors

of [173] and [13]). We consider the following metrics:

* Success Rate - A trajectory is considered a success if its final posi-
tion and orientation target errors are below 1cm and 15° respec-

tively, and there are no physical violations.

¢ Time - We measure the wall time for each successful trajectory. We
also measure Cold Start (CS) Time, the average time to react to a

new planning problem.

* Rollout Target Error - The L2 position and orientation error (taken
from [172]) between the target and final end effector pose in the

trajectory.

e Collision Rate - The rate of fatal collisions, both self and scene

collisions

* Smoothness - We use Spectral Arc Length (SPARC) [5] and con-
sider a path to be smooth if its SPARC values in joint and end

effector space are below —1.6.

SUCCESS RATE A trajectory is considered a success if the rollout
position and orientation target errors are below 1cm and 15° respec-
tively and there are no physical violations. To avoid erroneously pass-
ing a trajectory that ends on the wrong side of a narrow structure,
we also ensure that the end effector is within the correct final volume
and likewise avoids incorrect volumes. For the cubby and dresser en-

vironments, these volumes are individual cubbies or drawers.

TIME After setting up each planning problem, we measured the
wall time for each successful trajectory. We also measure Cold Start (CS)
Time, the average time to react to a new planning problem. While both

expert pipelines have to compute the entire path, the local controllers
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only need time to compute a single action. We only consider the cold-
start time here, but if the new planning problem is sufficiently similar
to a previous one-such as a minor change in the environment or
target—a global planning system could employ an optimizer that can

replan quickly [104].

ROLLOUT TARGET ERROR  We calculate both position and orien-
tation errors from the target for the final end effector pose in the
trajectory. We measure position error with Euclidean distance and
orientation error with the metric described by Wunsch, Winkler, and

Hirzinger [172].

COLLISIONS A trajectory can have two types of fatal collisions—
when the robot collides with itself or when the robot collides with
the scene. When checking for collisions, we use an ensemble of colli-
sion checkers to ensure fairness. Collision checking varies across algo-
rithmic implementations, e.g.our AIT* implementation uses meshes to
check scene collisions, while STORM [13] and Geometric Fabrics [173]
use a sphere-based approximation of the robot’s geometry. A trajec-

tory is only considered to be in collision if the entire ensemble agrees.

SMOOTHNESS  We use Spectral Arc Length (SPARC) [5] to mea-
sure smoothness. Balasubramanian et al. [5] use a SPARC thresh-
old of —1.6 as sufficiently smooth for reaching tasks. This measure-
ment qualitatively describes the behavior of our benchmark algo-
rithms well, so we used the same threshold for sufficiency. We there-
fore consider a path to be smooth if both its joint-space trajectory and

end effector trajectory have SPARC values below —1.6.

3.5.1 Comparison to Methods With Complete State

Most methods to generate motion in the literature assume access to
complete state information in order to perform collision checks. In
each of the following experiments, we provide each baseline method

with an oracle collision checker. When running M7tNets, we use a
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Success Rate (%)

Soln. Time (s) CS Time (s) Global Hybrid Both Smooth (%)

Global Planner [153] 16.46 £+ 0.90 16.46 £ 0.90 100 78.44 100 51.00

Hybrid Planner 7.37£2.23 7.37£2.23 50.22 100 100 99.26
G. Fabrics [173] 0.15+0.09 2.4e-4 £ 3e-5 3844 5933 60.06 85.39
STORM [13] 4.03+1.89 134e-34+22e-3 5022 7450 76.00 62.26
MPNets [125]
Hybrid Expert 4.95+23.51 4.95 +23.51 4133 6528 67.67 99.97
Random 0.31 +£3.55 0.31 £3.55 32.89 5533 58.17 99.96
MniNets (Ours)
Global Expert 0.33 +£0.08 6.8e-3 £ 7e-5 75.06  80.39 82.78 89.67
Hybrid Expert 0.33+£0.08 6.8e-3 £ 7e-5 7578 9533  95.06 93.81

Table 3: Algorithm performance on problems sets solvable by planner types.
All prior methods use state-information and a oracle collision
checker while M7tNets only needs a point cloud

point cloud sampled uniformly from the surface of the entire scene.

Results are shown in Table 3.

GLOBAL CONFIGURATION SPACE PLANNER  The Global Planner
is unmatched in its ability to reach a target, but this comes at the cost
of average computation time (16.46s) compared to M7tNets (0.33s).
With a global planner, there is no option to partially solve a problem,
meaning the Cold Start Time is equal to the planning time. In a real
system, optimizers [104, 132, 145] could be used to quickly replan
once an initial plan has been discovered. As discussed in Sec. 3.4.2,
the Global Planner is theoretically complete but fails in practice on
some of the Hybrid Planner-solvable problems due to system timeouts

and discrete collision checking during smoothing.

HYBRID END EFFECTOR SPACE PLANNER  Our Hybrid Planner
struggles with a large proportion of problems solvable by the Global
Planner. Yet, its solutions are both faster and smoother than the Global
Planner. Surprisingly, MmNets trained with data from the expert out-
performed the expert on the Global Planner-solvable test set. We at-
tribute this to two features: 1) we use strict rejection sampling to re-
duce erratic and divergent behavior in our expert dataset and train
only on the filtered data and 2) our use of Hindsight Goal Revision

to turn an imperfect expert into a perfect one.
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Evaluation Set

Training Set MPNets-Style Hybrid Expert Solvable (Ours)

MPNets [125] MPNets-Style 78.70 49.89
Mr7iNets (Ours) MPNets-Style 33.70 5.50
MPNets [125] Hybrid Expert 88.90 65.28
MnNets (Ours) Hybrid Expert 89.50 95.33

Table 4: Success rates (%) of our method compared to Motion Planning Net-
works (MPNets) [125] trained and evaluated on different datasets

NEURAL MOTION PLANNING  Motion Planning Networks (MP-
Nets) [125] proposed a similar method for neural motion planning,
but there are a few key differences in both problem setup and sys-
tem architecture. MPNets requires a ground-truth collision checker
to connect sparse waypoints, plans in configuration space, and is
not reactive to changing conditions. In the architecture, MPNets uses
a trained neural sampler within a hierarchical bidirectional planner.
The neural sampler is a fully-connected network that accepts the start,
goal, and a flattened representation of the obstacle points as inputs
and outputs a sample. MPNets guarantees completeness by using a
traditional planner as a fallback if the neural sampler fails to produce
a valid plan.

In addition to our data, we generated a set of tabletop problems,
which we call MPNets-Style, akin to the Baxter experiments in [125],
in order to fairly compare the two methods. The results of this exper-
iment can be seen in Table 4. M7Nets requires a large dataset that
covers the space of test problems to achieve compelling performance,
while MPNets” utilization of a traditional planning system is much
more effective with a small dataset or out-of-distribution problems.
However, the MPNets architecture does not scale to more complex
scenes, even with more data, as we show in Fig. 7. When trained and
evaluated on the Hybrid Planner-solvable dataset, MPNets succeeds
in 65.28% of the test set, whereas M7mNets succeeds in 95.33%, thus
decreasing the failure rate by 7X. Furthermore, as we show in Table
3, using the MPNets neural sampler trained with the Hybrid Planner
performs similarly to a uniform random sampler when both are em-

bedded within the bidirectional MPNets planner.
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% Within
% Env. Coll. % Self Coll. % Jnt Viol. 1cm  s5cm 15° 30°
G. Fabrics [173] 8.61 0.11 0.44 69.89 7517 8344 85.11
STORM [13] 0.93 0.11 0.25 79.81 8354 8157 8541
MrniNets (Ours)
Hybrid Expert 0.94 0.00 0.00 98.94 99.72 9822 99.00
Global Expert 13.78 0.06 0.00 98.67 99.89 9756 99.11

Table 5: Failure Modes on problems solvable by both the global and hybrid
planners

LOCAL TASK SPACE CONTROLLERS Unlike planners, which suc-
ceed or fail in a binary fashion, local policies will produce individual
actions that, when rolled out, may fail for various reasons. We break
down the various failure modes across the set of problems solvable
by both experts in Table 5.

STORM [13] and Geometric Fabrics [173] make local decisions that
can lead them to diverge from the target in complex scenarios, such
as cluttered environments or those with pockets. While STORM, Ge-
ometric Fabrics, and M7iNets are all local policies, STORM and Geo-
metric Fabrics rely on human tuning to achieve strong performance.
Prior environment knowledge alongside expert tuning can lead to
phenomenal results, but these parameter values do not generalize.
We used a single set of parameters across all test environments just
as we used a single set of weights for M7tNets. M7tNets encodes long-
term planning information across a wide variety of environments,
which makes it less prone to local minima, especially in unseen envi-
ronments.

On problems solvable by the Hybrid Planner, MmtNets ties or outper-
forms these other methods across nearly all metrics (see Appendix Ta-
ble 1). On the set of problems solvable by the Global Planner, MmiNets
target convergence rate is consistently higher, while its collision rate

(11%) is worse than either STORM (1.94%) or Geometric Fabrics (7.83%)

(see Appendix Table 2). Deteriorating performance on out-of-distribution

problems is a typical downside of a supervised learning approach
such as M7Nets. However, this could be improved with a more ro-

bust expert, e.g.one with the consistency of our Hybrid Planner but
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the success rate of the Global Planner, with finetuning, or with DAg-

ger [139].

3.5.2 Importance of the Expert Pipeline

We observed that the choice of the expert pipeline affects the perfor-
mance of M7tNets. We trained three policies: M7Nets-G with 6.54M
demonstrations from the Global Planner, MniNets-H with 3.27M demon-
strations from the Hybrid Planner, and M7tNets-C with 3.27M demon-
strations from each. M7iNets-C did not exhibit improved performance
over either MmNets-H or M7tiNets-G. When evaluated on a test set of
problems solvable by the Global Planner, M7tNets-G shows far better
target convergence (97.94% vs. 87.72%) compared to M7nNets-H but
worse obstacle avoidance (21.94% collision rate vs. 11%). Nonetheless,
MmiNets-H is significantly better across all metrics when evaluated on
problems solved by both experts as shown in Table 5. We hypothesize
that an expert combining the properties of these two—the consistency
of the Hybrid Planner and the generality of the Global Planner, would
further improve MnNets’s performance. We refer to MnNets-H as

MmiNets throughout the rest of the paper.

3.5.3 Comparison to Methods With Partial Observations

In addition to demonstrating M7tNets” performance on a real robot
system, we also compared M7iNets to the Global Planner (AIT* [153])
in a single-view depth camera setting in simulation. We evaluated
on the test set of problems solvable by both the Global and Hybrid
Planners. MmtiNets only has a minor drop in success rate when using
a partial point cloud vs. a full point cloud—- from 95.06% to 93.22%
though the collision rate increases from 0.94% to 3.06% due to occlu-
sions. For this experiment, we compared to the AIT* component of
our Global Planner alone to minimize false-positive solutions caused
by the smoother’s discrete collision checker (see discussion in Section

3.4.2). We used a voxel-based reconstruction akin to the standard per-
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ception pipeline packaged with Movelt [27]. In our implementation,
a voxel is filled only if a 3D point is registered within it. On the same
test set using the voxel representation, AIT* produces plans with col-
lisions on 16.41% of problems. In this setting, M7tNets’s collision rate

is over 5X smaller than that of the Global Planner.

3.5.4 Ablations
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Figure 7: MmiNets  performance
M7iNets Performance Scales with continues to increase

with more training data,
while MPNets perfor-
the performance of M7tNets contin- mance stays relatively
constant

More Data As shown in Fig. 7,

ues to improve with more data, al-

though it saturates at 1.1TM. Meanwhile, MPNets [125] has constant
performance, demonstrating that our architecture is better able to
scale with the data.

Robot Point Representation Improves Performance Instead of rep-
resenting the robot by its configuration vector, we insert the robot
point cloud at the specific configuration. Without this representation,
the success rate decreases from 95.33% to 65.06%.

Hindsight Goal Revision Improves Convergence When trained
without HGR, i.e.with the planner’s original target given to the net-
work, we see 58.11% success rate vs. 95.33% when trained with HGR.
In particular, only 60.28% of trajectories get within 1cm of the target
during evaluation.

Noise Injection Improves Robustness When we train M7tNets with-
out injecting noise into the input q¢, the policy performance decreases
by 10.72%.

Training with Mean Squared Error Loss Increases Collisions When

trained with a loss of mean-squared-error in configuration space, M7tNets
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has a similar success rate-94.56% vs. 95.33%—-but the scene collision
rate is significantly higher at 2.39% vs 0.89%.
Representing the Target in Point

Cloud Improves Performance When

trained with the target fed explic- 7 so-\

itly through a separate MLP en- 2
g af ]
coder as a position and quaternion, 4 | L ]

MmiNets succeeds less—88.83% vs. ot : : : b
Gaussian Point Cloud Noise ¢ (¢cm)

Rate (%)

95.33% when the target is specified

Figure 8: After injecting Gaussian

noise into the point
lar, only 91.61% of trajectories get clouds, MnNets perfor-
mance stays fairly con-
stant up until o =

with the point cloud-based target. 3cm when success rate
is 89.28%.

within the point cloud. In particu-

within 1cm of the target vs. 98.83%

Training with Collision Loss Im-
proves Collision Rate When trained without the collision loss,
MrmiNets collides more often-2.11% vs 0.89% when trained with the
collision loss.

Training with the Configuration Encoder Improves Success Rate
When trained with no robot configuration encoder, i.e.with only the
point cloud encoder, M7tNets has a success rate of 94.17% vs 95.33%
when trained with both encoders.

MriNets is Robust to Point Cloud Noise Up to 3.2cm Figure 8
shows M7nNets success rate on the set of problems solvable by both
planners when random Gaussian noise is added to the point cloud.
Model performance stays above 9o% until noise reaches 3cm at which
point success drops to 89.28%.

MnNets is Robust to Varying Point Cloud Shapes To evaluate
performance in out-of-distribution geometries, we replaced all table-
top objects in the test set of problems solvable by the Hybrid Planner
with randomly meshes from the YCB dataset [187]. For each tabletop
primitive, we sampled a mesh from the dataset and transformed it so
that the bounding boxes of the primitive and mesh were aligned and
of identical size. Note that in these modified scenes, the primitives-
based Hybrid Planner solution is still valid. M7tNets succeeded in

88.33% in this YCB-tabletop test set, whereas with the original prim-
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itives, it succeeds in 94.67%. Note that the network was not trained
with these geometries—we would expect even higher performance if
these meshes were included in the training set.

Mr7iNets is Not Suitable for Unsolvable Problems To evaluate per-
formance on unsolvable problems, we generated a set of 8oo plan-
ning problems in randomized tabletops where the target is in colli-
sion with the table or an object on the table. When used for these

problems, M7tNets showed a 64.25% collision rate.

MnNets is Not Improved by Combining Experts We trained M7Nets-

C on a combination of 3.27M demonstrations each from the Hybrid
Planner and Global Planner. Environments may have overlapped in
these data sets, but entire problems, i.e.environment, start, and goal,
did not. In problems solvable by the global planner, M7tNets-C—like
MmNets-G—outperformed M7iNets-H in terms of target convergence
(97.17% vs 87.72%). While its collision rate is lower than M7Nets-
G, (18.56% vs 21.94%) MniNets-C’s collision rate is still significantly
higher than M7tNets-H (11%). The behavior of M7iNets-C is essen-
tially an average of M7Nets-G and M7iNets-H, which we attribute to
the lack of easily learnable obstacle avoidance behavior by the Global
Planner. These demonstrations equate to additional noise in the train-
ing data, which creates less successful obstacle avoidance behavior. In
future work, we intend to explore how to robustly combine experts

for improved performance.

36 DYNAMIC ENVIRONMENTS

MmnNets is an instantaneous policy that assumes a static world at
the time of inference. If the scene changes between inference steps,
the policy will react accordingly. If the environment is continually
changing-as is often the case in dynamic settings—M7Nets implicitly
approximates the dynamic movement as a sequence of static motions.
When the scene changes are slow, this assumption works well. When
the changes are fast, it does not. To demonstrate this, we evaluated
MnNets in a static tabletop environment with a single, moving block

placed on the table. We generated 1000 planning problems across
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the table with the block placed at different locations. We specifically
chose problems where M7Nets succeeds when the block is stationary.
When moving, the block follows a periodic curve in x and y, but the
two curves have indivisible periods, preventing repetitive movement.
We then moved the block at three different speeds: slow, medium,
and fast and measured the success rate. At these speeds, M7tNets

succeeds 88.1%, 57.4%, and 28.3% respectively.

3.7 REAL-WORLD EXPERIMENTS

3.7.1  Real Robot Evaluation

We deployed M7Nets on a 7-DOF Franka Emika Panda robot with an
extrinsically calibrated Intel Realsense L515 RGB-D camera mounted
next to it. Depth measurements belonging to the robot are removed
and re-inserted using a 3D model of the robot before inference with
MrmNets. We created qualitative open-loop demonstrations in static
environments and closed-loop demonstrations in dynamic ones. Roll-
outs are between 2 and 80 time steps long depending on the control
loop frequency. We demonstrated M7niNets in a variety of tabletop
problems using a Franka Emika Panda 7-DOF manipulator. A cali-
brated Intel Realsense L515 RGB-D camera is placed in front of the
robot’s workspace, viewing the table and potential obstacles on top
of it. Point cloud measurements are filtered to remove all points be-
longing to the robot geometry. The remaining cloud is downsampled
to 4096 points and treated as the obstacle. The filtering process runs
at 9 Hz. We investigated two different control methods:

Results can be viewed at https://mpinets.github.io and the attached
video. As can be seen, M7tNets can achieve simz2real transfer on noisy

real-world point clouds in unknown and changing scenes.

OPEN-LOOP MOTION:  Using a fixed, user-defined goal location

and the current depth observation, M7Nets is rolled out over 8o timesteps

or until goal convergence. The resulting path is used to compute

a time-parametrized trajectory [83] which is then tracked by a po-
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sition controller. The videos listed under “Open Loop Demonstra-
tions” at https://mpinets.github.io show a mix of sequential motions
toward pre-defined goals. In some of the examples, the objects are
static throughout the video and in others, we re-arrange the objects
throughout the video. Despite the changing scene, these are still open-
loop demos. While the motions adapt to changing obstacles in the
scene, the policy only considers scene changes that happen before the
execution of a trajectory. This is because the point cloud observations

are only updated once the robot reaches its previous target.

CLOSED-LOOP MOTION:  Toaccount for dynamic obstacles M7tNets
is rolled out for a single timestep at the same frequency as the point
cloud filter operates (9Hz). A time-parametrized trajectory is gen-
erated by linearly interpolating ~ 70% of the rolled out path. As
in the open-loop case, the resulting trajectory is tracked by a PD
controller at 1kHz. The videos listed under “Closed Loop, Dynamic
Scene Demonstrations” at https://mpinets.github.io show examples
of boxes thrown into the robot’s path while it is moving towards a
user-defined target. The evasive maneuver shows M7niNets” ability to

react to dynamic obstacles.

3.8 LIMITATIONS

While M7niNets can handle a large class of problems, they are ulti-
mately limited by the quality of the expert supervisor and its need for
a large, diverse dataset of training examples. Both generating the data
and training M7Nets is computationally intensive, requiring access to
equipment that is both economically and environmentally expensive.
It will also struggle to generalize to out-of-distribution settings typi-

cal of any supervised learning approach.

TRAINING DISTRIBUTION  The limitations of the Hybrid Planner
translate to limitations in the trained policy network. Certain target
poses and starting configurations can create unanticipated behavior.

When target poses are narrowly out of distribution, the rollout fails
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to converge to the target, but as a target poses drifts further from
the training distribution, behavior becomes erratic. Likewise, random,
initial configurations—such as from rejection-sampling based inverse
kinematics—can create unexpected behavior, but we did not observe
this in our real robot trials running the policy continuously to a se-
quence of points. With an improved expert, e.g.one with the consis-
tency of our Hybrid Expert and guaranteed convergence of the Global
Planner, we anticipate that the occurrence of failure cases will dimin-
ish. We also do not expect the network to generalize to wholly unseen
geometries without more training data. But, in future work, we aim
to improve the generalization of this method with more data, much in
the way that Large Language Models [127] continue to improve gen-
eralization, as well as by employing strategies to address covariate

shift such as DAgger [139] and domain adaptation.

REAL ROBOT SYSTEM When used on a real robot, performance
will degrade as the robot’s physical environment drifts from the train-
ing distribution. Likewise, performance will degrade with increasing
point cloud noise. In order to ensure safe operation in a real-robot
system, M7Nets could be combined with a collision checker—either
one with ground-truth or a learned, such as Scene Collision Net [36].
The collision checker could be used to a) stop the robot before hit-
ting collisions b) make small perturbations to nudge the policy back
into distribution or c) enable a traditional planner to plan to the goal.
Alternatively, a safety component could be trained to detect whether
the scene is outside of the training distribution to alert the operator
that M7tNets is ill-equipped to handle a particular scene.

In a physical system, not all problems will have feasible solutions
and M7iNets will often collide in these scenarios, underscoring the
need for some additional safety mechanisms to prevent catastrophic
behavior. Additionally, M7tNets has no concept of history and can
collide with the scene if, for example, the robot arm blocks the camera
mid-trajectory. To mitigate this, the perception system could employ

a historical buffer or filter to maintain some memory of the scene.
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EMERGENT BEHAVIOR In some of our test problems, we observed
that MmNets produces a rollout where the final gripper orientation is
180° off from the target about the gripper’s central axis (i.e.the central
axis parallel to the fingers). In the test set of problems solvable by
the Global Planner, this occurs in 2.44% of rollouts. We suspect this
behavior is due to the near-symmetry in the gripper’s mesh about
this axis. The minor differences between the two sides of the gripper
may not provide enough information for the Pointnet++ encoder to
distinguish between these two orientations. While the rollout does
not match the requested problem, this behavior can be desirable in
some circumstances. For example, because grasps are symmetric with
the Franka Panda gripper, a 180° rotation is preferable if it reduces
the likelihood of a collision. For applications where this behavior is
unacceptable, we could replace the target representation in the point

cloud with points sampled from a mesh with no symmetry.

3.9 CONCLUSION

MmiNets is a class of end-to-end neural policy policies that learn
to navigate to pose targets in task space while avoiding obstacles.
MmnNets show robust, reactive performance on a real robot system
using data from a single, static depth camera. We train M7tNets with
what is, as far as we are aware, the largest existing dataset of end-
to-end motion for a robotic manipulator. Our experiments show that
when applied to appropriate problems, M7tNets are significantly faster
than a global motion planner and more capable than prior neural
planners and manually designed local control policies. Code and data

are publicly available at https:/ /mpinets.github.io.
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3.9 CONCLUSION

While M7tNets demonstrated the potential of large scale
learning for end-to-end collision-free motion, there were
many scenarios in which we still observed collisions. While
the expert pipeline we used was an effective demonstra-
tor for many problems, it’s conservative nature led many
common tasks to be out of distrubution for our dataset.
Despite collaborating with the authors of the constituent
parts of our expert pipeline, i.e. OMPL [156] and Geomet-
ric Fabrics [173], there was no straightforward way to im-
prove the expert’s generality. And, when we trained M7tNets
with a less conservative expert, we found it to collide
much more often. At the time, we believed that this was
due to the inconsistent behavior of a sampling based plan-
ner. However, over time, it also became apparent that it
was also due to how motion planners will often skate close
to obstacles, leaving little margin of error for a trained pol-

icy trying to mimic the demonstrator.

In the following chapter, I describe my work in [49] to
improve the safety of large scale learning through an im-
proved architecture and a novel fine-tuning technique that
uses trajectory optimization to explicitly correct the pol-
icy’s performance. Together, these techniques lead to sig-
nificant improvements that bring the collision rate below

2% in a challenging set of test cases.

I will also share ongoing explorations into alternative per-
ceptual representations and action spaces. The goal of these
explorations is not to present a thorough study, but to in-
vestigate how currently popular ideas in the literature can
take a role in training a model for end to end collision free

motion.
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AVOID EVERYTHING: MODEL-FREE COLLISION
AVOIDANCE WITH EXPERT-GUIDED FINE-TUNING

4.1 INTRODUCTION

The world is full of clutter. Humans effortlessly navigate through
complex, unfamiliar spaces while constantly avoiding hazardous col-
lisions. Robotics has not solved this key challenge, which is critical to
real-world success of robotic actors [115]. Avoiding collision is one of
the most important considerations in robot safety, and many impor-
tant robotics settings such as kitchens, factories and warehouses are
dynamic, restricted, and cluttered. For robotic arms, this problem is
especially pronounced due to their complex kinematics (see Fig. 9).
However, many leading methods for collision avoidance rely on
a stable, accurate, and fully observed representation of the robot’s
workspace. Traditional motion planning approaches [9, 88] attempt
to explore free space to find a collision-free trajectory. Some of these
techniques have rigorous theoretical guarantees that a plan (if one ex-
ists) will almost surely be found. Many strategies exist to find a valid
path, often by searching through a predefined graph [58, 92] or by
sampling the state space to incrementally build a tree [72, 86, 154].
These approaches can require hundreds or thousands of computa-
tionally expensive geometric collision checks based on an occupancy
model, although there are many techniques to mitigate this disadvan-
tage, e.g.lazy edge evaluation [39, 50] and parallelism [161]. Trajectory
optimization seeks to find an ideal trajectory according to a set of ob-
jectives, typically using soft constraints defined by a differentiable en-
vironment model. While these methods can produce smooth motion
quickly [42, 157], they require more information about an environ-
ment than typical motion planners, such as surface normals, to pro-

duce gradients. Whether these methods are using search, sampling,
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Figure 9: Avoid Everything is able to generate collision-free trajectories
around complex obstacles in real time, using input from a single
depth camera.

or optimization, they require an accurate world model that is either
predefined or reconstructed from sensor data. When the world model
is inaccurate, the planners may produce unsafe behavior. Further-
more, the real-time performance of these methods can be highly sen-
sitive to the actual distribution of obstacles the robot encounters [30].

Building an accurate world model, particularly in cluttered spaces,
is an open problem [52]. End-to-end imitation learning is a popular
technique that learns behavior without explicitly modeling the world,
instead relying on patterns in how the expert behaves in response
to the environment. However, these methods face the challenge of
learning to avoid collisions from collision-free demonstrations alone.
To address this, traditional motion planners can be used to track the
paths produced by the network [19, 148] or directly incorporate a pre-
defined world model into the learning framework [143]. These sys-

tems have the same limitations as traditional ones. When the world
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model is inaccurate, the system may collide. While expert demonstra-
tions can be made collision-free, learning collision avoidant behavior
necessitates a deep understanding of the interplay between the scene
geometry and the robot’s kinematics. Successful approaches have em-
ployed large datasets [47, 107] or explicit losses to encourage obstacle
avoidance [47]. However, these techniques still fail in complex prob-
lems, leading to constrained capabilities [47] or continued reliance on
traditional collision checking techniques [125, 143].

To address these challenges, we present Avoid Everything, an end-to-
end system that uses point clouds to generate goal-directed, collision-
free motion for a robotic manipulator in cluttered 3D scenes. Avoid
Everything uses a new network architecture Motion Policy Transformer
(MmtFormer) that is trained end-to-end using expert supervision from
a motion planner. Our model predicts single-step changes in joint
configuration using point cloud observations, the robot’s current con-
figuration, and a target end effector pose. We also introduce a fine-
tuning approach inspired by hard negative mining [35, 46]: Refining
on Optimized Policy Experts (ROPE). ROPE is critical to reducing the
collision rate in reaching toward the target. Through experiments, we
show that Avoid Everything is able to safely solve over 63% of prob-
lems where the previous state of the art method [47] fails, resulting in
an overall success rate of over 91% in challenging, partially observed
manipulation settings. We also demonstrate that ROPE can be used
as a general tool to reduce collisions, even in conjunction with DAg-
ger [138], a standard technique for improving imitation performance.

Our primary contributions are:

1. We present Motion Policy Transformer, a new model architecture
designed for predicting goal-directed robot motion from a point

cloud and target location.

2. We present Refining on Optimized Policy Experts, a novel fine-
tuning algorithm for learning collision avoidance in robot mo-

tion generation.
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3. We demonstrate empirically that Avoid Everything reduces the
collision rate of the previous state of the art by over 77% and

improves success rate by 63%.

4.2 RELATED WORK

REACTIVE CONTROL AND MOTION PLANNING  Robot motion
generation has traditionally been studied in the context of motion
planning with a vast literature of methods [29, 85] based on graph
search [58, 90, 92], sampling-based motion planning [16, 50, 68, 73,
86, 88], and trajectory optimization [34, 42, 102, 134]. While modern
motion planning frameworks can achieve low control latency [117,
146, 157], they assume complete knowledge of the environment and
make strong assumptions about obstacle representations for fast col-
lision checking. Perception-driven reactive control of robots also has
a rich history. Operational Space Control (OSC) methods such as [8,
24, 130] can enable robots to perform highly dynamic tasks at high
control frequencies. However, their myopic nature can lead to local
minima in the presence of obstacles. In a similar spirit to our work,
Model-Predictive Control (MPC) approaches [14, 67] try to balance re-
activity and planning horizon; however, real-time requirements often
warrant the use of simple obstacle representations and short horizons

that can still lead to local minima.

POINT CLOUD PROCESSING  Point clouds, unordered sets of 3D
points, are a lightweight and convenient 3D representation. Unlike
other 3D representations such as meshes or Signed Distance Func-
tions (SDFs), it is much easier and faster to obtain 3D point clouds
from sensors such as depth cameras. As a result, many recent works
choose to infer semantics and affordance from point clouds directly,
skipping the need for 3D reconstruction. Leveraging powerful neural
backbones that process point sets [124, 177], existing networks can
segment objects [124], plan grasps [178] and check collisions [109]

from partial point clouds only. Following the same spirit, in this work
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we show how to reliably generate collision-free joint trajectories from

raw 3D point clouds.

IMITATION LEARNING  Imitation learning describes a broad class
of techniques to learn a policy from demonstrations, often made by
a privileged expert [116]. Among imitation learning techniques, be-
havior cloning [4, 121] describes a set of techniques where a policy is
directly trained to mimic an expert’s actions. In manipulation, these
actions are often phrased as end effector waypoints [18, 19, 113, 148],
but these methods require a separate planner and collision checker to
perform tasks safely. Recently [10, 181] have demonstrated strong ca-
pabilities for using transformers [169] to solve complex manipulation
tasks with images as input and joint controls as output. Inspired by
these methods, our architecture produces joint space controls given
point cloud input.

One common challenge with imitation learning is the problem of
covariate shift. Learned policies typically have some small error in
prediction. As the error accumulates, the policy will encounter un-
seen regions of the state space. While many techniques have been
proposed to address this issue, a common strategy is to add a wider
variety of possible states into the training dataset. This can be done
with noise injection—Laskey et al. [89] use a purposefully noisy ex-
pert during data collection, while Ke et al. [74] use training-time noise
injection to augment previously collected data. It can also be done by
fine-tuning a pretrained policy. DAgger [138] uses the pretrained pol-
icy to augment the training data by providing expert demonstrations
from states visited by the policy. A related technique can be found
in computer vision called Hard Negative Mining [35, 46], which aug-
ments the training data by labeling the explicit failures (the hard nega-
tives) from a pretrained model before either retraining or fine-tuning.
Our technique draws inspiration from both DAgger and Hard Nega-
tive Mining to explicitly correct the difficult states found from a pre-

trained model.
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Figure 10: The input to M7mFormer is a labeled point cloud, consisting of
4096 points from the depth image (with robot removed), 2048
points sampled from the robot mesh at the current configuration
and 128 points from the gripper mesh placed at the desired tar-
get. The point cloud is encoded with 3 Set Aggregation [124] lay-
ers. The resulting features, along with an encoding of the current
joint state and a learned query token, are passed through 8 trans-
former layers. Finally, the output token that corresponds to the
query token is decoded into a delta joint configuration.

LEARNED MOTION PLANNING For the task of motion planning,
imitation learning can be used either end-to-end or as a component
of a traditional system. Some methods use learning to guide a tradi-
tional planner, either through a learned sampler [22, 65, 82, 179] or a
learned heuristic function [12, 30]. Other techniques [14, 107] rely on
a learned collision model [37]. Motion Planning Networks [125] uses
a point cloud neural network to generate waypoints that are then
verified with a traditional collision checker. Saha et al. [143] uses a
diffusion model to produce plans based on the the SDF representa-
tion of the environment. Our neural architecture is most similar to
Motion Policy Networks (M7Nets) [47], which expects a segmented,
calibrated point cloud and produces joint space controls. Despite its
strong performance on a variety of problems, M7lNets is trained with
an expert that is smooth but incapable of reaching close to obstacles.
As we discuss in Section 4.5.1.2, when the M7Nets architecture is
trained and evaluated on more challenging problems (using a more

expressive expert), the policy often collides.

4.3 METHODOLOGY

In the following section, we describe our policy architecture, training
implementation, and ROPE, our fine-tuning strategy that introduces

hard negatives and explicit corrections.
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4.3.1  Behavior Cloning for Collision Avoidance

Avoid Everything is a single-step policy that takes in a point cloud
of the scene Py, a 6-DoF target end effector pose p, and the robot’s
joint configuration q¢, where t represents the current timestep. The
scene point cloud Py is augmented with points sampled from a mesh
of the end effector placed at the target pose p and points sampled
from the robot arm at joint configuration q¢, as shown in Fig. 10. This
geometric representation of joint state q¢ and target pose p has su-
perior performance over a numerical representation [47]. The output
of Avoid Everything at timestep t is a delta joint configuration Aqy,
which is added to the current joint state q¢ to form a position target

for the robot to follow.

4.3.1.1  Architecture

MrmFormer uses PointNet++ [124] to encode the point cloud and a
transformer [169] to fuse the point cloud features with a represen-
tation of the current joint state. The input point cloud has a feature
vector of length 4 for every point. All obstacles are assigned the same
feature, all target points are assigned the same feature, and each robot
point, which are sampled deterministically from the robot’s mesh, is
assigned a unique feature to disambiguate points on the arm. Our
PointNet++ encoding architecture consists of three Set Aggregation
(SA) layers. SA layers are a sparse 3D analog to convolutional layers.
Each layer receives a point cloud where each point has a feature and
outputs a smaller point cloud by using furthest point sampling to se-
lect % of the points. Then, each sampled point is used as the center
of a ball query. The ball query samples up to 64 points inside the ball
and concatenates the ball center’s coordinates to each point’s feature
vector. A four-layer MLP is then run on each point and MaxPool [31]
collects the points inside the ball to produce a single feature per ball.
The layers’ ball queries have radii of 5, 30, and 50 centimeters respec-
tively. Our input point cloud always has 6272 points—4096 obstacle
points, 2048 robot points, 128 target points. The downsampled point
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cloud after the third set aggregation layer has 98 points. Finally, we
add 3D positional encoding to each of these 98 points, similar to [178].

The transformer takes a sequence of tokens as input, consisting of
the 98 output features of the third SA layer, a token for the current
joint configuration, and a learned constant token, similar to the de-
coder tokens in [181]. We get the joint angle token by passing the
joint angles, which are normalized to be between -1 and 1, through a
single linear layer. Our transformer has 8 layers with an embedding
dimension of 512 and a feed-forward dimension of 2048. To produce
the final output Aq, we take the last token of the output sequence and

map it through a single linear layer.

4.3.1.2 Loss Function

We train Avoid Everything according to the same loss functions as
MrmiNets [47]: a task-space behavior cloning loss to encourage the
policy to mimic the expert’s behavior in task space, as well as a
collision-avoidance loss. These losses are applied on predicted joint
states, which are computed by adding the model’s output (joint an-
gle deltas) to the input joint angles and clamping the sum at the joint

limits.

TASK SPACE LOSS  The aim of this loss is to compare the physical
positions of the policy’s predicted robot joint space configuration and
the expert’s joint space configuration. For both configurations, we
use forward kinematic functions ¢{H(-) to map joint angles of the
robot q to 1024 points x{} on the robot’s surface, represented in 3D

coordinates.

1024
Loc(Aq) = D [I&" = x|l + (181 =X (19)
i=0

Like M7ntiNets, we sum L1 and L2 distances in the loss because the
sum penalizes both large and small errors. We use a task space loss
following M7Nets, which demonstrated it to be more effective when
reasoning about collision avoidance as small perturbations along the

kinematic chain can lead to large deviations for the end effector.
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COLLISION AVOIDANCE LOsSs  The training data was generated
in simulation, giving us access to privileged information unavailable
during inference, including a signed-distance representation of the
scene. To avoid collisions, we use a hinge-based loss on D(x), the
signed distance from a point x on the robot to the nearest surface
in the scene. Inspired by motion optimization [42, 48, 134], this loss
effectively pushes the robot out of regions of collision. As in Equation

19, we use 1024 points x{} on the robot’s surface to measure collision.

I—collision = ZHh(ﬁl) ||2, where
i

high ) —D(%Y), ifDE&Y <0 (20)
Xgp1) = ,
0, if D(&') >0

4.3.1.3 Training Implementation

Avoid Everything was trained on an NVIDIA 4090 in batches of 50
using AdamW [93] with a learning rate of 5e—5 and a linear warmup
of 5000 steps from Te—5. On the cubby environment, the model was
trained for 1.2 million steps, which took approximately four days.
During training, we add small amounts of random noise to the in-
put configurations, which [74] showed leads to improved robustness.
Like M7iNets, the training scenes are constructed from primitives, so
point clouds can be generated on the fly during training by sampling
points from the surfaces of these primitives. Robot points are sampled
deterministically from the mesh of the robot. When Avoid Everything
runs on the real robot, we mask out the robot points in the depth
cloud and re-insert them using the same deterministically sampled

points from training.

4.3.2  Expert-Guided Fine-Tuning

After pretraining on a large dataset of expert state-action pairs, we
observe that the policy is highly capable of reaching the target pose.

Despite the reaching success, however, it still collides with objects in a
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Algorithmus 1 : Refining on Optimized Policy Experts

Result :
1 TU<— Tlpretrained
2 b + Batch Size
3 1 < Correction Ratio
4 [)expert > Dataset containing expert demos
5 Beoll ¢ {}D Collision correction demos
6 Bfree 44—{}> Collision-free expert demos
7 for {state, next_state, tgt, scene/ in Dexpert do
8 S < state
9 forj <+ 1to N do

10 s’ < m(s, tgt)

> If s’ collides, correct & add to buffer
11 if COLLIDES(s’, scene) then
12 5’ < CORRECT(s’,scene) o Eq. 20
13 ADD(Bco11,{s,§/, tgt, scene})
14 break
15 end

> If rollout finishes w.o. collision, add orig. example

to buffer

16 if REACHED(s', tgt) or j = N then
17 ADD(Byree, {state, next_state, tgt, scene})
18 break
19 end
20 s+ s’
21 end
22 if [Beotl| > b and [Bfreel > (1 —1)b then

> Make batch & clear buffers
23 B < {ror(B.o11, ), POP(Bfree, (1 —T)b)} > Compute

loss, perform gradient update
24 7T < UPDATE(T, B)
25 end
> Reached validation accuracy or timeout

26 if TERMINATION_CONDITION(7t) then
27 ‘ terminate
28 end

29 end
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significant percentage of problems in the held-out validation set (see
Section 4.5.1.1). When we roll out the pretrained policy in simulation,
we observe that the first obstacle penetrations are typically shallow
and can be pulled out of collision by optimizing the configuration
with respect to Equation 20. Based on this observation, we introduce
a novel technique of refining the pretrained policy for improved col-
lision avoidance using online fine tuning, inspired by Hard Negative
Mining [35, 46] and trajectory optimization methods [42, 93, 134]. We
outline our method, which we call Refining on Optimized Policy Ex-
perts (ROPE), in Algorithm 1. During the refining stage, we take mini-
batches of training data—the same data used for pretraining—and
roll out trajectories for a fixed horizon. These trajectories can reach
the target, collide, or neither. If the trajectory collides, we capture
the state preceding the collision as input and optimize the colliding
configuration using Equation 20 to use as supervision and store this
state-action pair in a buffer. If the trajectory does not collide, whether
by successfully reaching the target or hitting the maximum rollout
length, we use a separate buffer and store the input and output from
the training batch, unmodified. In order to perform a weight update
on the policy, we use a modified mini-batch made up of some pro-
portion r of corrected examples and some proportion 1 —1 of unmod-
ified expert examples. Once there are sufficiently many examples in
both buffers, we remove these examples, assemble them into a modi-
fied mini-batch, and perform a weight update according to the losses
used during pre-training. As discussed in Section 4.5.1.5, increasing
1 leads to lower collision rate but poor target convergence.

During fine-tuning, we continually use the latest policy to perform
rollouts, even as it is updated. We perform our optimization proce-
dure using AdamW for simplicity, although we expect other methods
typical to motion optimization such as Gauss-Newton or Levenberg-
Marquardt may lead to a faster fine-tuning procedure. In our best-
performing fine-tuning experiment, we reached peak performance af-

ter 21 hours of training.
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Figure 11: Avoid Everything is trained separately in two classes of procedu-
rally generated environments. The first class is a 2x2 cubby with
random dimensions and positions. The second is a table of vary-
ing dimensions with 3 to 15 objects placed on it. We randomly
sample start and goal poses and use inverse kinematics to pro-
duce joint configurations to match the poses. Our expert plans
are generated in two steps: 1) run AIT* [154] with a configuration
space path length objective to find a collision free path; 2) smooth
the path with a spline-based shortcutting method [60] and resam-
ple the path with a fixed step interval.

4.4 DATA GENERATION PIPELINE

We trained Avoid Everything on a large dataset of expert demonstra-
tions in procedurally generated environments, examples of which are
shown in Figure 11. The environments themselves were generated
randomly and lie within two categories: 2x2 cubbies with random-
ized dimensions, cubby sizes, and world placement; and tabletops
with a collection of randomly placed obstacles. These environments
are similar to those demonstrated in M7Nets, but they differ in two
key ways: we augmented the cubby design to encourage reasonable
expert behavior by adding a floor beneath the robot, and we increased
the complexity of the tabletop environment by adding more objects
and increasing the range of reachable poses. Within these constructed
environments, we randomly sample end effector poses and their cor-
responding inverse kinematics (IK) solutions, which we compute us-
ing IKFast [40]. For the cubby environments, the poses are all grasp-

ing positions inside a cubby. For the tabletop, the poses are grasps
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pointing toward the lower hemisphere and placed either near the ta-
ble’s surface or on top of the objects. We also add neutral configu-
rations drawn from uniform distribution around the robot’s default
pose to the tabletop data. These poses, for both types of environments,
must be at least 5mm away from obstacles. We then use AIT* [154]
with a path-length objective combined with a spline-based shortcut-
ting [60] to generate expert demonstrations. In our planning pipeline,
we impose a 20 second time limit in which we sample uniformly from
the robot’s configuration space, marking any sample that is either in
self-collision or within 5mm of an obstacle as invalid. During the
smoothing stage, we fit a collision and dynamics-aware spline to the
planned path while shortcutting. We then sample from the spline at
a fixed timestep, leading to paths with similar velocities, but varying
lengths.

We chose this sampling pipeline because it enables us to produce
expert demonstrations that lie precariously close to obstacles. Previ-
ously, M7miNets [47] demonstrated strong performance when trained
with a so-called Hybrid Expert, which uses a reactive controller [173]
to follow a planned end effector path. While this expert is effective
for learning, it is highly conservative, preferring to stay far away from
obstacles. In their experiments, the authors demonstrated that the hy-
brid expert demonstrations are insufficient to learn to solve problems
that lie very close to obstacles. With our sampling expert, we chose a
5mm buffer from obstacles because this is sufficiently close for most
tasks. As we designed our expert, we observed that increasing the
collision margin improves learned collision avoidance, but this limits
the expert’s ability (and thus, the policy’s ability) to plan to targets
near obstacles.

We trained Avoid Everything separately on each class of environ-
ments. For the cubby model, we used 1.25 million problems across
21,604 environments. For the tabletop model, we used 2 million prob-
lems across 43,646 environments. To generate this data, we used a
single desktop with a AMD Ryzen Threadripper 3990X 64-Core Pro-
cessor. Generating the cubby and tabletop data took four and six days

respectively.

69



4.5 EXPERIMENTS

Table 6: Avoid Everything Compared to M7tNets

Environment
Planner Cubby Tabletop
SR (%) / SCR (%) / RSR (%) SR (%) / SCR (%) / RSR (%)

Avoid Everything 95.71 / 0.50 / 99.30 91.97 /1.03 / 98.44
M7tFormer w. ROPE 92.78 / 2.37 / 98.41 89.57 / 4.15 / 96.82
M7tFormer 89.92 /6.43 / 99.52 86.00 / 11.26 / 99.57
M7tNets w. ROPE 87.35 /4.72 / 96.68 88.75 / 3.30 / 95.60
M7tNets 79.65 / 15.16 / 99.09 77.95 /14.72 / 95.69

4.5 EXPERIMENTS

In order to evaluate Avoid Everything’s performance, we used a mix of
quantitative experiments in simulation and qualitative tests on physi-
cal hardware. Our simulated experiments are in environments drawn
from the same distribution as our training data. However, there are
no shared environments between the evaluation and training prob-

lem sets.

4.5.1 Simulated Experiments

For the following experiments, we use two different evaluation set-
tings. The first is a set of fully observed scenes where we sampled
point clouds directly from the mesh. For these experiments, we used
10,000 problems for each environment type. As discussed in Section
4.4, our models are trained on fully-observed point clouds to allow
for fast, on-the-fly data generation. We use these experiments to eval-
uate model features and fine tuning techniques.

We evaluate Avoid Everything against other planning techniques us-
ing partially observed point clouds generated with synthetic depth
images. While our model was trained in fully-observed settings, our
aim is for it to work robustly in partially observed environments. For
these evaluations, we used 5000 problems in each of our cubby and
tabletop environments (10,000 total). For each environment, we cap-
tured a synthetic depth image from a randomly positioned camera

facing the scene. While Fishman et al. [47] evaluated Motion Policy
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Table 7: Planner Performance in Partially Observed Scenes

Environment
Planner Perception Cubby Tabletop
SR (%) / SCR (%) / RSR (%) SR (%) / SCR (%) / RSR (%)
Avoid Everything End-to-end 92.34 /3.10 / 98.68 87.62 / 4.28 / 97.70
MmtNets End-to-end  80.80 / 13.79 / 99.04 74.08 / 18.17 / 94.66
RRTConnect Octomap 32.68/67.16 /99.52 46.52 / 53.30 / 99.62
cuRobo NvBlox 73.06 / 22.88 / 94.74 76.86 /22.11 / 98.68

Networks in partially observed settings, the camera viewpoint was
fixed per class of environment. In order to rigorously evaluate the ro-
bustness to partial observability, we used random viewpoints for our
synthetic images. For each of these images, we placed the robot at a
fixed neutral starting configuration and segmented the robot out of
the image. To randomize the camera, it was first placed in the scene
at a predefined location facing the robot and obstacles, and was then
rotated randomly by up to 30° about the z-axis (rotating side to side),
then again by up to 10° about the camera’s local x-axis (tilting up and
down). Both of these rotations were applied using a fixed pivot point
directly in front of the camera. Finally, the camera was translated ran-

domly along the global z axis and y axes by up to 25cm.

METRICS  We show the results of these experiments in Tables 6,
7 and 8. Each table reports three metrics in each environment class.
Reaching Success Rate (RSR) is the percentage of problems for which
each method could provide a path (collision-free or not) to within
Tem and 15° of the goal. Scene Collision Rate (SCR) is the percentage
of these paths that had a collision with the scene. Success Rate (SR) is
the percentage of problems that had a collision-free solution to the

goal, including self-collisions.

4.5.1.1 MTmtFormer

Without fine-tuning, M7tFormer succeeds in 89.92% and 86.00% of
our cubby and tabletop problems. However, after using DAgger and
ROPE—the version we label Avoid Everything in Table 6—we see it
succeed in 95.71% and 91.97% in the cubby and tabletop settings
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respectively. As discussed in Section 4.5.1.4, DAgger and ROPE im-
prove performance independently, and the combination of the two
leads to best-in-class performance.

In partially observed settings, we find that Avoid Everything still
demonstrates strong performance, albeit with a slight drop. Robust-
ness to perspective changes and incompleteness is a well-understood
property of PointNet [122]. As described in Section 4.3.1.1, the Point-
Net layers use MaxPool [31] to aggregate data across spatial regions.
MaxPool selects a single salient feature and will have a similar re-
sponse given the presence of redundant information, which leads the
PointNet to be highly robust to missing points. While this architecture-
based adaptation is empirically effective, we expect that performance
would improve even more if the network were trained on partial view
point clouds. Doing so at this scale, however, would require signifi-
cant computational resources that we do not currently have available,

and so we leave such an effort to future work.

4.5.1.2  Motion Policy Networks

Our system design is most similar to M7tNets, which is the state of the
art for learned end-to-end collision free motion. In order to evaluate
our method, we trained M7Nets on our expert data and compared
it to M7mFormer without any fine-tuning. We also fine tuned both
models using ROPE and compared the performance. These results
are shown in Table 6. Without any fine-tuning, we found M7tFormer
to outperform M7iNets in both environments. We attribute this dif-
ference to the attention layer in our model, which maintains spatial
structure of the point cloud, which M7tNets flattens in its decoder. Ad-
ditionally, we find that ROPE significantly improves the performance
of both models, reducing collision rates by more than half. However,
after running ROPE on both algorithms, we find that the reaching
success rate degrades more for M7mtNets through the fine-tuning pro-
cess. MmtFormer is better able to adapt to the hard negative examples
without losing the ability to reach the target. We also compare the per-
formance of Avoid Everything to M7tNets in partially observed settings

(Table 7) and observe that Avoid Everything’s collision rate is less than
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Ground Truth

Octomap

NvBlox

Figure 12: A typical failure case for classical planners is that they do not
account for collisions in unobserved regions. In this example, the
reconstructions from both Octomap [63] and NvBlox [100] leave
large holes due to occlusion. Avoid Everything is able to leverage
learned priors to produce safe movement without an explicit re-
construction.

+ of MmiNets’s collision rate in these settings. Despite its improved
success rate, Avoid Everything is less suitable for high-frequency con-
trol than M7tNets. Running on a NVIDIA 4090 GPU, we can run Avoid
Everything at 33Hz. In the original paper, the authors of M7Nets re-
port it running at 150Hz, however we have observed it running at up

to 1000Hz on updated hardware.

4.5.1.3 Classical Methods

While classical motion planners are highly capable of finding collision-
free solutions, some even providing guarantees [56], this hinges on
the ability to verify states with a good perceptual model. In practice,
we have found that many of the perceptual models used in classi-

cal planning lead to erroneous solutions, i.e.solutions that the plan-
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ner reported as valid when in fact they might have a collision. We
evaluated this with two different styles of planners and their per-
ceptual representations—see Figure 12 for examples of the perception.
First, we evaluated with the commonly used motion planning library
Movelt! [27] paired with Octomap [63] for perception. We used an Oc-
tomap with a resolution of smm and RRTConnect [81] (with a 5s time-
out) as the planner. In the cubby settings, we found that the planner
found a solution in 99.52% of the problems and we attribute the re-
maining to noise that could be addressed with a longer timeout. How-
ever, of these successful plans, over 67% of them had collisions. We
attribute this to the randomness in the path due to the sampling pro-
cedure, which leads the robot to move unnecessarily in unobserved
space. RRTConnect produced fewer collisions (53%) in the tabletop
setting, likely due to fewer or smaller holes in the point cloud. We
ran a similar test using a trajectory optimization method designed
to produce smooth trajectories, cuRobo [157] and NvBlox [100]. This
technique finds a path in 94.74% of of cubby problems, but 22.88% of
these trajectories have collisions. We set the nvBlox resolution to Tcm
for this test after consulting with the authors of cuRobo [157]. While
cuRobo also performed better in the tabletop setting, the difference
was not as large as RRTConnect (see Table 7). An advantage of these
classical methods is that they did not require special tuning or train-
ing for either environment. Despite Avoid Everything having stronger
performance in both environments, we do not expect it to generalize

to wholly new settings as classical methods can.

4.5.1.4 DAgger

One of the most common techniques for fine-tuning a learned policy
is DAgger[138]. DAgger aids in accounting for distribution shift by
asking the expert to provide demonstrations at every state the pre-
trained policy would visit. Likewise, ROPE can be seen as a way to
account for distribution shift by correcting the policy when it fails.
While DAgger is a generally useful tool for imitation learning, it re-
quires making many costly calls to the expert. In our case, each expert

demonstration requires 20 seconds of computation time, which adds
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Table 8: Avoid Everything Metrics With Varying Refinement Techniques

Environment
ET. Stage 1 ET. Stage 2 Cubby Tabletop
SR (%) / SCR (%) / RSR (%) SR (%) / SCR (%) / RSR (%)

None 89.92 /643 / 99.52 86.00 / 11.26 / 99.57
ROPE 92.78 / 2.37 / 98.41 89.57 / 4.15 / 96.82
DAgger 93.19 / 4.08 / 99.54 89.17 / 5.59 / 99.31
DAgger ROPE 94.63 / 1.10 / 99.59 91.10 / 2.45 / 98.41
Cons. DAgger 94.88 /1.28 / 99.16 91.06 /2.31 /98.74
Cons. DAgger ROPE 95.71 / 0.50 / 99.30 91.97 / 1.03 / 98.44

up quickly if a demonstration is needed at every state visited by the
policy. We implemented two versions of DAgger as comparisons and
show the performance in Table 13. In the first version, we ran the pre-
trained Avoid Everything through its entire training data, collected the
trajectories with collisions, and requested an expert demonstration at
every step leading up the collision. We found that this technique can
improve performance, reducing the pretrained collision rate of 6.43%
in cubby setting to 4.08%, but it is not better than ROPE, which re-
duces the collision rate to 2.37%. We attribute this to the fact that the
DAgger corrections use the same expert, which often veers very close
(5mm) to obstacles. To verify this, we tested a second version of DAg-
ger that uses a more conservative expert for corrections-one with a
2cm collision buffer. We label this more conservative technique Cons.
DAgger in Table 8. As discussed in Section 4.4, this expert is more
limited in the problems it can solve, e.g.not those that either start or
end within 2cm of obstacles. However, we found that this version
of DAgger significantly improves collision avoidance without nega-
tively impacting reaching performance, dropping collision rate in the
cubby setting to 1.28%. We observe a similar drop in the tabletop set-
ting, bringing pretrained collision rate from 11.26% to 2.31%. Running
DAgger, however, is very computationally intensive—collecting DAg-
ger demonstrations for the policy’s failures on our training dataset
required nearly five days on a desktop with an NVIDIA 3090 GPU
and an AMD Ryzen Threadripper 3990X 64-Core Processor.

When used alone, ROPE outperformed DAgger with the original
5mm expert in both the cubby and tabletop settings. Meanwhile, fine-
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Figure 13: Fine-tuning can be run with different proportions r of hard neg-
ative examples. As r increases, the collision rate goes down and
target error increases. We attribute this phenomenon to the model
overfitting to the hard negatives and forgetting the original behav-
ior cloning objective.

tuning with Cons. Dagger outperforms both. However, we did not find
ROPE to be to be mutually exclusive of DAgger. With both versions
of DAgger, we were able to further improve performance by using
ROPE as a second fine-tuning step. The best performance came from
stacking the conservative DAgger technique with ROPE, with success
rates of 95.71% and 91.97% in the cubby and tabletop settings respec-
tively.

4.5.1.5 Balancing Collision Avoidance and Success Rate

We aimed to determine the efficacy of ROPE by varying the ratio of
hard negative examples in each fine-tuning batch. We set this param-
eter v as a constant value for the entire fine-tuning procedure and
studied how different values change the performance (see Figure 13).
For these experiments, we looked only at the cubby setting and used
fully observed point clouds, similar to those used during training.
We observed a monotonic decrease in collision rate as r increased.
However, we also observed a monotonic increase in the reaching er-
ror, i.e.the minimum distance from the target after rolling out for 7o
time steps. With no fine-tuning, we measured an average reaching
error of 0.58cm and a collision rate of 6.43%. At r = 20%, we observe
an average reaching error of 0.64cm with a collision rate of 2.37%.

At r = 50%, collision rate is below 1%, but reaching error averages
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1.4Tcm. We chose v = 20% for our other experiments, but the choice
of this parameter should be determined by the downstream applica-
tion and the criticality of collision avoidance. We did not experiment
with varying r during fine-tuning as a function of performance, but
we hypothesize that setting it as a function of performance would

improve results.

4.5.2 Performance on Real Robot Hardware

We deployed Avoid Everything on a physical Franka Emika Panda
robot using point clouds from a calibrated depth camera. We used
a dual-computer setup running ROS. The control computer, which
runs a real-time linux kernel, has Intel(R) Core(TM) i7-4770 CPU with
16 Gigabytes of RAM. The second computer, which runs Avoid Every-
thing, has an Intel(R) Core(TM) i9-99ooK CPU, 32 Gigabytes of RAM,
and an NVIDIA Titan RTX GPU. We use a Kinect V2 for perception,
which captures point clouds at approximately 10Hz. We use [44] for
eye-on-hand calibration and [15] to remove the robot from the depth
cloud; we then re-insert these robot points into the cloud using the de-
terministic sampling method described in Section 4.3.1.3. We are able
to run the model at approximately 25Hz on our hardware, which al-
lows for reactive motion. We send each predicted action directly to a
lower level joint controller [11].

The model is able to react to moving obstacles in the scene, but
due to speed of our camera, it can take up to 140ms—1ooms for the
camera update, goms for the model update—for the robot to react to
an obstacle. We expect that this reactivity could be improved with a
faster camera, a faster GPU, or both. We used our best performing
checkpoint, which was first fine-tuned with the conservative DAgger
pipeline and then fine-tuned with ROPE (see Section 4.5.1.4). We ob-
served that the model is excellent at avoiding obstacles on the table
when those obstacles are at least partially observable by the camera.
We commonly saw collisions into obstacles that were fully occluded
or out of the camera’s field of view. We expect this issue could be

improved with additional cameras to obtain a more complete point
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cloud. Many of the obstacles placed in front of the robot were far out-
side the training distribution, yet the model was able to avoid them
easily. However, we found that highly complex obstacles, particularly
those with thin structures (e.g. an office chair on its side) can result in
collision. Not only was this obstacle out of distribution, but the rear
legs were unobserved by the camera, leading to a compounding of
our two main challenges.

We found signs of generalization as well as challenges with distri-
bution shift. When we placed the target inside an obstacle, we ob-
served that the model tends to hover above the obstacle without at-
tempting to go in. This is despite the fact that none of the targets in
training were ever inside obstacles. However, while this behavior oc-
curred in the majority of cases, the robot did sometimes try to push
through an obstacle to reach a target, especially when the obstructing
face of the obstacle was obscured from the camera. For example, the
top side of a tall box might not be visible by the Kinect, which leads
the robot to attempt to push through the top to reach a target placed
inside the box. Additionally, the gripper of the Franka is nearly sym-
metric about the axis that points from the wrist to the midpoint of the
fingers. Our training data consisted of randomly generated poses, but
these poses typically sampled from only half of the rotations about
this axis. When we provided an out-of-distribution pose where the
180° rotation about this axis would be in distribution, we observed
the robot typically tries to exploit the symmetry of the gripper and
reach the symmetric in-distribution pose. Depending on the applica-
tion, these 180° rotations may or may not be acceptable. We believe
this could be fixed by increasing the variation of target poses in the
training set, adding a unique per-point embedding to the gripper

points to distinguish orientations, or both.

4.6 LIMITATIONS

While Avoid Everything can be trained to have extremely low collisions
in complex environments, there are open challenges. First and fore-

most is the problem of generalization. Avoid Everything performs well
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for in-distribution tasks, but we do not expect it to perform well in ob-
stacle configurations that are far beyond anything seen during train-
ing or fine tuning. Likewise, we would expect a high reaching error
for target poses that lie well beyond the training distribution. Second,
we used a simple, gradient-based optimization to provide corrections
during fine-tuning. For particularly complex environments, provid-
ing adequate corrections may require more sophisticated techniques,
e.g.those used in [157]. Additionally, like other black box learned
systems [47], Avoid Everything provides no guarantees. Future work
could combine Avoid Everything with a traditional planner in fully ob-
served settings, similar to [125]. Finally, Avoid Everything requires a
significant amount of data and compute to train, which can be expen-

sive and environmentally harmful.

4.7 CONCLUSION

Avoid Everything is an end-to-end system that can create safe, collision-
free motion toward a goal using only a partially observed point cloud.
The system consists of two novel components, MmFormer and ROPE.
MrmFormer is an end-to-end transformer architecture that produces
joint space controls toward a target. With no fine-tuning, M7tFormer is
significantly better than M7Nets, the existing state of the art method
for end-to-end collision-avoidant motion generation. ROPE is a fine-
tuning technique used to improve performance by leveraging opti-
mization to correct states where the pretrained policy collides. While
we find that ROPE can be used to substantially improve the perfor-
mance of M7mFormer, we also found that it can be used to improve
Mr7iNets as well. When M7tFormer and ROPE are used together as
Avoid Everything, we find that the result is markedly more capable
at generating collision-free reaching motion to a goal in partially ob-

served settings than other techniques.
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ONGOING AND FUTURE WORK

In this chapter, I will discuss ongoing and future experiments that
have not yet been submitted for publication. In the last few years,
large vision-language models (VLMs) have become increasingly pop-
ular and powerful. Seeing the capability of these models, many robotics
researchers have applied similar techniques to solve key challenges.
As these large VLMs are trained with supervised learning, there is an
increased focus on imitation learning for robotics, especially behavior
cloning [19, 25, 66, 113, 148]. While there have been many attempts
to train general purpose robotic agents, both large and small, none
of these methods are yet suitable for general-purpose deployment.
Many of these techniques employ standard transformer architectures
but present novel design choices for both the observation and action
spaces. While these methods have been trained on datasets that range
in size, none-as far as we know-have been trained on datasets sim-
ilar in size to the one presented in M7Nets. And, while the tasks
presented are often physically impressive, there is no proper way to
quantify the relative difficulty of the tasks, other than the learning per-
formance of a particular method. Given the limitations of this data, it
can be hard to understand if the trained policies have overfit to the
data.

Most of my work in my PhD, i.e. M7niNets and Avoid Everything,
seeks to solve a simpler problem-that of collision free reaching. This
problem is one of geometry, not physics, which allows for relatively
inexpensive data generation. As such, the techniques I've presented
can scale to many novel environments and problems. The purpose of
this chapter is not to present wholly new ideas, but rather to explore
how these popular techniques in the imitation literature scale to our
datasets and whether they can be applied to the problem of end-to-

end collision free reaching.
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5.1 EXPERIMENT DATA

Table 9: Preliminary Experiments on Action Space Representations

Action Space Success (%) Scene Collision (%) Reaching Success (%)
Joint Angle Deltas 82.96 9.45 99.99
Absolute Joint Angles 84.62 11.33 98.92
Link Poses w/ cuRobo [157] 82.15 11.45 99.51

In the following sections, I will discuss these preliminary experi-
ments. First, I will discuss the new data architecture we used. Then,
I will discuss our experiments on several potential action spaces. Fi-

nally, I will discuss our work to compare varying perceptual inputs.

5.1 EXPERIMENT DATA

For the following experiments, we used a new dataset of tabletop en-
vironments. The purpose of this dataset is to be more similar to a
tabletop grasping scenario. As such, this environment has many tall,
thin boxes that can be grasped by the robot with a top down grasp.
The dataset, and likewise the validation set, consist of problems—-and
their solutions-reaching from box to box. All starting and target end
effector positions are in grasp poses around the box. Ensuring colli-
sion free grasps in this environment is challenging because the robot
has to successfully move its fingers to the grasping position without
clipping the box on the way. See Figure 14 for example renderings of

these environments.

5.2 JOINT SPACE ACTION REPRESENTATION

Many robot manipulators are physically controlled by motors in each
joint, which makes joint space a logical representation of actions.
Within joint space, actions can be represented at varying levels of
abstraction from the joints. Low level controllers might directly in-
struct the motor’s torque, whereas higher level controllers might use
acceleration, velocity, position, or a combination of these. Other high
level controllers such as cartesian-space control are also popular, but

these require extra processing as discussed in the next section.
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5.2 JOINT SPACE ACTION REPRESENTATION

In M7iNets, the network predicted joint angle deltas, which, when
run at a fixed frequency, are equivalent to velocity control. How-
ever, when applying these actions, we integrated the delta and used
position-based control for the robot. Position based control is effective
in quasistatic environments where the objective is to have the robot
track a particular trajectory. While the network predicted deltas that
are similar to velocities, we did not ensure that the velocities induced
by the deltas respected the constraints of the robot’s dynamics. By
integrating, we allowed the lower-level position controller to handle
the dynamic limits of the system.

Instead of predicting deltas and integrating, the network could in-
stead be tasked with predicting absolute positions, similar to how
ACT [181] represents actions. By predicting absolute states, the policy
is less subject to compounding integration error over time. However,
neural networks are best at predicting zero-centered distributions[61],
whereas the distribution of absolute positions generated by a motion
planner is much closer to a uniform distribution. However, for any
specific task, an almost-surely asymptotically optimal planner will
converge on a narrow distribution of possible state. In light of this,
we use a similar normalization scheme to the authors of ACT [181]
where we assume that the joint angles lie along a multi-dimensional
Gaussian distribution. During training, we normalize the states to
have zero-mean and unit variance, and when the network predicts ac-
tions during inference, the actions are unnormalized according to the
mean and variance of the training dataset. Notably, this assumes that
there is no covariance between the joint angles—an assumption that
holds for sampling based planners with a uniform sampling distribu-
tion such as the Global Expert used in eebut may not hold for other
expert demonstrators, such as Inverse Kinematic Following [6].

These experiments were evaluated with fully observed point clouds.
While in previous work (both M7tNets and @), we observed that the
PointNet++[124] generalized well to partially observed point clouds,
we do not see similar transfer for datasets of this size. Since these
are preliminary experiments, we used a smaller dataset, but for a

more complete and definitive result, we expect the network to re-
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5.3 ROBOT CONTROL VIA CARTESIAN LINK POSE DISPLACEMENTS

quire a larger dataset of demonstrations. See Table 9 for results. When
trained with a sufficient amount of data, we found the performance
difference between joint deltas and absolute angles to be small, but
meaningful. While the baseline delta joint angle model (without any
fine tuning) has a collision rate of 9.45% and success rate of 82.96%,
the model trained to predict absolute angles has a collision rate of
11.33% and a success rate of 84.62%. The increased success rate of the
absolute angles can be attributed to a significantly lower rate of self
collisions. For delta joint angles, the best-performing checkpoint for
self-collisions has a rate of 5.1%, whereas the best-performing abso-
lute joint angle version has a self-collision rate of 1.1%. My hypothesis
is that the delta joint angle model learns a distribution of valid mo-
tions, which prevents the robot from crashing into obstacles, whereas
the absolute angle model learns a distribution of valid states, which
prevents the robot from crashing into itself. Ultimately, the choice be-
tween these action spaces likely depends on the task. For quasistatic
tasks with slow movement, avoiding self-collisions may be more im-
portant than environment collisions. In dynamic settings with higher
velocity movement of both the robot and the scene, environment col-
lisions become more risky. Despite these differences, future models
may not require making this choice during training. Instead, it should
be possible to co-train with both action spaces. The user could either
specify the action representation explicitly or the model could infer

on its own based on both the environment and task.

5.3 ROBOT CONTROL VIA CARTESIAN LINK POSE DISPLACEMENTS

Although joint space may correspond to the way many robotic manip-
ulators are physically controlled, it does not correspond well to how
most tasks are performed in the physical world. Objects in the world
are naturally expressed in terms of 3D poses. As such, any joint space
action representation requires additional machinery to map joint an-
gles to cartesian coordinates. The mapping from joint angles to link
poses is called forward kinematics, whereas the mapping backwards is

inverse kinematics. While M7Nets was able to learn these kinematic
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5.3 ROBOT CONTROL VIA CARTESIAN LINK POSE DISPLACEMENTS

mappings, there are still potential advantages to controlling the robot
in cartesian space. Recent works such as [18, 19, 25, 113, 148] demon-
strated effective performance for complex manipulation tasks by pre-
dicting end effector deltas in cartesian space.

Many manipulation tasks, e.g.pick-and-place only require reason-
ing about end effector movement. And, in simple environments such
as those often shown in manipulation skill learning, the robot can use
very simple path-planning algorithms without taking collision avoid-
ance into consideration. For example, [25] demonstrated impressive
task performance by predicting end effector deltas and using the off-
the-shelf inverse kinematic controller that comes with the UR5 robot.
If these tasks were to be performed in more cluttered scenes, the sys-
tem would require a motion planner under-the-hood with collision
avoidance, as was used by [148], but these planners then require the
typical assumptions made by traditional planning pipelines that are
discussed extensively in the previous chapters.

Performing these tasks amid clutter without assuming access to an
external collision checker would require reasoning about the entire
body. While a joint-space policy can perform dexterous skills [181],
given the efficacy of cartesian space policies, we want to understand
the feasibility of using a policy that controls the entire body in carte-
sian space. We hypothesize that there could be several benefits to
such a policy. First, a cartesian space policy does not require any
specific understanding of a robot’s kinematic structure and there-
fore may be able to learn actions that are solely dependent on the
robot’s geometry. Consequently, such a policy may be able to control
robots with novel morphology, although this assumes some method
to project these actions back into joint space. Second, this action space
may be more effective for an RGB-based policy because actions can
be expressed in the camera frame. With extrinsics, point clouds can
be transformed into a canonical view, which means that when the
robot’s base is fixed, the actions can always be expressed in a constant
frame relative to the perception. Joint space actions have a one-to-one
mapping with world-frame link poses, which makes them appropri-

ate for perception that can be rendered in a canonical frame, either by
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fixing the camera as in [181] or by transforming the perception as we
did in M7tNets. Meanwhile, the techniques that predict end effector
deltas primarily use perception that is either always captured from
the same camera viewpoint [19, 148] or by framing actions in terms

of the camera [26, 66]

ARCHITECTURE In order to adapt Avoid Everything to a policy
with cartesian-space actions, we changed the network’s output space.
In Avoid Everything, the learned constant token is decoded via a single-
layer MLP into a 7-DOF action that can be integrated to get a joint
position command. Assuming that both the base and the fingers are
fixed, the Franka Panda robot has 8 movable links. To predict the 8
poses, we use a single layer multi-layer perceptron to predict 72 val-
ues, which numerically represent the 8 poses. Each pose is made up
on 9 numbers. The first three are the cartesian displacement and the
latter 6 express a 3D orientation in the Ortho6D representation [183].
These poses represent a transformation in the robot’s base frame
b ‘iseTb ase that can be left-multiplied by the current link’s pose world. o

to get the new world frame pose of the link b‘fseTlmk.

PROJECTING TO THE KINEMATIC CHAIN  Our network predicts
poses without directly considering the robot’s kinematic chain. Still,
the robot must be controlled via joint space controls, necessitating a
conversion from the predicted poses into valid configurations. While
there is a one-to-one mapping between the joint angles {0;}* and fully-
specified set of link poses for a manipulator {baseTiink '™, this
mapping is not onto because there exists many sets of poses that do
not correspond to valid kinematic configuration. The forward kine-
matic mapping from joint angles to link poses is therefore not bijec-
tive and cannot be inverted. To find a valid configuration, we instead
use nonlinear optimization to find a best-fit configuration to the net-

work’s output by solving the following equation:

argminZ C()A(j,cl)j(q)) (21)

q j
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where X; is the predicted pose for link j from the network and {¢; !
are the forward kinematic mapping for each link. The cost function
C(-) refers to a cost on both poses, which constitutes a cost on both
the position distance ||p; — pj||2 and quaternion distance quq)- of the

poses.

C(Xj,Xj) = o log cosh(az|[p; — pjll2) + &1 log cosh(xz(d] q5))  (22)

RESULTS AND DISCUSSION As in Section 5.2, the reader should
note that these evaluations were run with fully observable point clouds.
We performed fully observed evaluations on these point clouds be-
cause the training data set of demonstration trajectories was not large
enough to exhibit the generalization to partial view point clouds that
we observed in both M7Nets and Avoid Everything. During inference,
we use CuRobo [157] to solve Equation 21 at every timestep where
we use the previous timestep’s configuration as the seed. This leads
to very smooth motion and a collision rate that is higher, but similar
to that of Avoid Everything. These preliminary results are shown in
Table 9.

Whereas Avoid Everything has collision rate of 9.45%, the link pose
action space has 11.44%. Meanwhile, the success rate of Avoid Every-
thing is 82.96% whereas this method has success rate of 82.15%. It
is important to note that this optimization naively tries to find the
best-fit inverse kinematic solution, but we could instead employ a
traditional 3D reconstruction pipeline such as NvBlox [100] to ensure
collision free solutions in observable regions. CuRobo typically solves
inverse kinematics (IK) problems, even those required to be collision-
free, in under 10 milliseconds, so this method would still be effective
for real-time control. A common critique of learned motion genera-
tion is that there is no consistent way to prevent catastrophic failure;
the proposed IK approach addresses this issue by leveraging the op-
timizer to reliably avoid collisions and ensure safety around visible
obstacles while relying on the network’s learned experience to safely

guide the robot through unobserved regions. Moving forward, we
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Table 10: Preliminary Experiments on Observation Space

Perceptual Input Success (%) Scene Collision (%) Reaching Success (%)

Point Cloud
40 K trajectories 60.16 34.29 99.90
80 K trajectories 63.22 3078 99.94
Images
40K trajectories 23.55 45.05 54.76
80K trajectories 40.60 43.77 73.89

are optimistic that this action space will improve safety and allow us
to relax our system requirements on robot morphology and camera

calibration.

5.4 IMAGE-BASED COLLISION AVOIDANCE

During my PhD research, I primarily used point clouds as the per-
ceptual representation for our policies. At the time that we started
working on M7niNets, other robot learning papers, e.g.[103], had re-
cently shown the efficacy of point clouds for 3D robotics tasks. When
working with geometric tasks, point clouds are a natural represen-
tation because there is little sim-to-real gap. With a dataset of high
quality meshes, point clouds sampled from these meshes—either via a
synthetic depth camera or naive surface sampling-tend to accurately
reflect real world point clouds. Additionally, point cloud processing
networks are highly robust to missing regions, e.g.due to to occlu-
sions in a depth image, and noise, e.g.from a low cost sensor. For the
problem of end-to-end collision free reaching, the network need only
reason about the scene’s geometry, which makes point clouds an ex-
cellent representation. Additionally, MmtNets’s scale was vastly larger
than anything else at the time, which made rendering performance
extremely important. When rendering fully-observed point clouds in
simulation, there are many tricks to make point cloud sampling fast
including using primitive objects with fast analytic samplers or pre-
sampling on a set of possible meshes used in the scene. These tricks
were essential to train M7tNets in a reasonable amount of time. We

were able to generate point clouds on the fly during training, which
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improved robustness while also reducing the infrastructure overhead
of the system..

In recent years, RGB-image-based policies are increasingly popu-
lar [18, 19, 113, 181]. While point clouds accurately capture scene
geometry, RGB images are more semantically meaningful. Addition-
ally, RGB sensors are cheap, fast, and work in many situations where
depth cameras do not. For example, depth cameras that employ in-
frared light do not work well in the sun. Depth from stereo is more
robust in sunlight but depth accuracy degrades for distant objects
where "distant" is determined by the stereo baseline. And, perhaps
explicit depth is unnecessary for most tasks. After all, our aim is
to train a policy that has human-like performance and humans are
highly effective with binocular RGB vision. In this exploration, our
goal s to understand whether RGB images, as they are currently used,
are sufficient for collision avoidance. In this section, I explore the
challenges and benefits of learning a collision-avoidant policy from

images alone.

SYNTHETIC IMAGE GENERATION  While many policies are trained
via monocular images [18, 19, 113], others use calibrated multi-camera
setups [181]. Collision avoidance is a precision task that, whether im-
plicit or explicit, requires 3D understanding of the world. As such, we
chose to use a multicamera setup to aid the network in understand-
ing the 3D environment. Transferring an image-based policy from a
simulated training environment to the real world is very challeng-
ing due to limitations in current rendering technology. To circum-
vent this, image-based policies are typically trained with real world
data collected by human demonstration. Large companies are able
to amass huge datasets via professional human demonstrators [18],
whereas university labs either collectively pool data [33, 77] or rely
on low-cost demonstration devices to collect data [26, 176]. For this
preliminary study, we avoided the large-scale data collection effort by
focusing solely on collision avoidance in simulated environments. To

scale this up and deploy it on real robots, however, we expect that
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Figure 14: We trained our RGB model using 4.4 million images of synthetic
environments. At each state, we randomized the colors of the
objects, leading to a unique environment for every state.

would require a significant data collection effort to either supplement
or replace the simulated data.

To generate the simulated data, we rendered three images for every
state-action pair in the dataset described in Section 5.1. Example im-
ages are shown in Figure 14. The dataset consists of many trajectories
in each environment, but we randomized the colors of the various
primitives shapes in the environments at every timestep to improve
robustness [166]. The three camera views consist of two "shoulder”
views that are on either side of the robot’s base. These views are al-
ways captured from a fixed position relative to the base across the
entire dataset. The third view is a wrist-mounted camera that faces
the fingers, similar to the wrist cameras in [181]. In M7tNets and Avoid
Everything, we used fast geometric samplers to sample point clouds
on the fly during training, enabling a highly compact data representa-
tion. When rendering images with OpenGL, the rendering is at least
an order of magnitude slower. If done on the fly, rendering would
make training take many days per epoch. Instead, we pre-rendered
the data and stored it. The entire dataset described in Section 5.1 con-
sisted of 318,749 expert demonstrations, which consisted of 5,847,506

states. Rendering the roughly 17.5 million images for this dataset
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Figure 15: We adapted the M7tFormer architecture to process multiview im-
age input by using the image backbone from [181] and feeding
the ResNet [61] features into the transformer. The image features
in this diagram correspond to ResNet activations. The network
appears able to understand the varying components of the scene,
but the activations from the wrist camera images do not match
those of the other two cameras, suggesting that the ResNet can-
not co-identify features between these cameras.

would require 5 terabytes—more hard drive space than we have avail-
able in the lab at this time, so this experiment was conducted with a
reduced dataset. We tested with a two datasets, one with 40.000 ex-
pert demonstrations and one with 80,000 demonstrations, in order to
understand whether more data dramatically improves performance.
Each tranche of 40,000 demonstrations could be generated on a single

NVIDIA 4090 GPU with 10 CPU processes in 14 hours.

ARCHITECTURE  The architecture we used for this experiment is
an adapted form of MnFormer where we replaced the point cloud
encoder with the image backbone architecture used in [181]. This is
a ResNet-18 [61] pretrained on ImageNet [141] with fixed parame-
ters for the BatchNorm. While training the policy, we backpropagate
through the image backbone to fine tune for our specific task. See

Figure 15 for a visual representation.

RESULTS AND DISCUSSION  In order to fairly compare the image-
based model against the point cloud-based model, we trained both
with identically sized datasets. Our aim in this experiment is to make
an apples-to-apples comparison between the methodologies. See Ta-
ble 10 for the results of this experiment. While these results suggest
that the point cloud model performs better at this scale, we as-of-
yet do not know whether these models will scale in performance at
similar rates. There is strong evidence in the literature that the perfor-

mance of image models scales with model and data size, e.g.[78, 175],
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whereas to our knowledge, no point cloud models have shown such
generalization performance at large scales.
When trained with a single tranche of 40,000 trajectories, we find

that the network has a tendency to overfit to the training data. While

the training loss is lower than the equivalent baseline loss for MmtFormer,

the validation loss is significantly higher. This behavior is also re-
flected during rollouts where the image-based policy demonstrates
reasonable behavior, but still has very high collision rates (45.05%).
Meanwhile, MtFormer exhibits a collision rate of 34.29. The reaching
success rate is also significantly lower for the image-based model—
54.76% vs 99.90%. When trained with 80,000 demonstrations, both
models improve, but the performance of the image based model is
still nowhere near as strong as M7mtFormer.

The observation that both collision avoidance and reaching success
metrics are significantly lower for the image-based model suggests
the network is unable to learn an accurate geometric understanding
of the environment. Whereas the point cloud policy has explicit ac-
cess to the scene’s geometry—it is directly encoded in the point cloud
features—the image-based policy has to implicitly learn 3D represen-
tations. This auxiliary requirement adds significant overhead to the
end-to-end objective. Furthermore, the cameras each provide very dif-
ferent visual information and the network has no explicit instruction
on how to associate images from a shoulder camera with those of a
wrist camera. Upon visual inspection, it is clear that the network is
able to recognize the robot and obstacles in the scene (see Figure 15),
but the activations from the wrist camera do not identify the robot
and obstacles in the same way. We hypothesize that training separate
image backbones per-camera may improve performance, but this in-
ability to co-identify images may also be due to the pick-and-place
nature of the expert demonstrations. These tasks lack significant vi-
sual diversity, which makes would make it difficult for the network
to co-identify shared features between in the images.

In order for a purely image-based policy to work as effectively as
a point cloud model, we hypothesize that we would need to signifi-

cantly scale up the data, increase the scene complexity, or introduce

91



5.5 CONCLUSION

auxiliary reconstruction objectives in the form of secondary losses
to force the network to pay attention to important regions. However,
given that point cloud policies are so effective for geometric tasks, I
believe there is no reason to disregard point clouds in favor of im-
ages. In a real system, if both point clouds and images are available,
we should be using both as inputs to the network. Recent work [113,
114] has demonstrated that co-training on multi-modal inputs can
lead to stronger performance, so another potential solution would be
co-train with both images and point clouds and use whatever repre-

sentation is available during inference.

5.5 CONCLUSION

In both M7ntiNets and Awvoid Everything, we used point clouds as the
perceptual input and delta joint angles as the action space. We chose
these representations because they accurately capture geometry and
provide a natural control interface, respectively. However, recent in-
novations in the literature have made very different choices for both
inputs and outputs. Images capture semantic information about the
scene, which can be helpful for downstream tasks, but our prelim-
inary results suggest that they are insufficient for the geometrically
precise task of collision avoidance. We also found that delta joint an-
gles remain the best-performing action space, while both absolute an-
gles and 3D poses perform similarly well when trained with enough

data.
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In the last decade, there has been a major shift in robotics as the
field has progressed from using analytic techniques to purely learned
ones. Looking back on my PhD, I was fortunate enough to contribute
to three different trajectories of robotics as the academic community
made this shift. First, there was the work that inspired me to pursue
an academic career. It is rigorous and mathematical, leveraging geom-
etry and probabilistic inference to create robotic behavior. By the time
I matriculated, the shift to deep learning was already well underway.
While these learned methods showed promise, they tended to live
within componentized systems, where the learned component sim-
ply replaced a traditional technique. These ideas were particularly ef-
fective for the perceptual components of a full-stack robotics system.
Traditional perceptual techniques are highly effective for geometric
understanding when there is an abundance of visual information—
e.g.many camera angles—but they are not nearly as effective as neu-
ral networks at making a "best-guess" in information-poor settings.
Furthermore, neural network systems are far more capable of high
level, semantic understanding. Due to this, over the course of my
studies, we’ve seen increasing enthusiasm for an end-to-end learned
approach. Outside of robotics, deep learning can already solve incred-
ibly complex problems, and tasks formerly thought impossible for a
single neural network, e.g.realistic text generation, are now consid-
ered more-or-less solvable through scale [21]. The robotics commu-
nity has been slower to adopt this fully-learned approach, but the
field is starting to move in that direction. Whereas in 2020, our idea
to solve motion planning with a large network was met with disbe-
lief and near-philosophical disagreement, the reaction in 2024 is quite
the opposite. Instead of questions asking us why we would pursue

such a crazy idea, now we are told that the idea is so banal as to
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have no novelty. This changing perspective is affecting all corners of
robotics research and this year, many companies are even springing
up to train a large generalized end-to-end model. After witnessing
this sea change in the community’s perspective, as well as in my own
research, the most important lesson I've learned is to pay attention to
what is happening in adjacent fields. In hindsight, the enthusiasm for
large-scale deep methods in computer vision and language was an
obvious sign that these methods would prove to be useful in robotics
in much the same way.

While the robotics community collectively pursues the idea of the
giant robotics model, the looming question is how we can produce
enough high quality data to learn generalizable behavior. This, in fact,
has been the big question driving most of my PhD work. Collecting
good data is challenging for many reasons: the physicality of a robotic
system, the idiosyncrasy of many tasks, and the high dimensionality
of the problems. Collecting these large data sets is time consuming
and highly capital intensive, which makes it a task better suited for
industry. Another important lesson of my PhD has been to pick a
version of the problem that is actually achievable with the resources
available. In my case, this meant focusing on algorithmic experts and
geometric tasks, which allow for automatic data collection. Doing this
allowed me to chase generality for the collision-avoidance problem.
However, another lesson in my PhD is that collision avoidance is an
important but "boring" problem with many existing solutions. While
these existing solutions require assumptions, these are assumptions
that the community has collectively decided are acceptable. I strongly
believe that these assumptions (e.g.an accurate collision checker) are
inadequate for many real world settings, but I have repeatedly found
it difficult to convince the community. And because we have exist-
ing systems that work well-enough under commonly accepted solu-
tions, I do not expect this work to see broad adoption until it is a
true foundation model that works in any environment. The shift to-
ward end-to-end learning in the community is happening more con-
cretely in the domain of skill learning. However, the skill learning

work, e.g.[18, 25, 148], has yet to show the same kind of broad gener-
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alization performance that we’ve seen within the M7Nets family of
work. Moving forward, I expect that the separate ambitions of learn-
ing safe full-body motion and complex, dexterous skills will begin to
merge. Safe motion planning requires a deep understanding of scene
geometry and robot kinematics, something that is also essential for
many whole-body skills. Likewise, the semantic information relevant
to complex skills informs how a robot moves safely through space
when there is no obvious collision-free path.

There has been a lot of discussion, in both academia and industry,
about what we still need to create the "GPT moment for robotics." In
order for this to happen, I believe that robots must be able to reason
safely about their whole bodies in completely novel spaces. While
my research has not shown robustness to completely novel settings,
we’ve been able to see fairly strong generalization to in-distribution
settings. To make this possible, it was not just the network architec-
ture or the quantity of data—although these things did matter—but
also the quality of the data. In M7tNets, we tried to naively scale up
our Global Expert dataset, but this did not lead to safe behavior on
its own. Instead, we had to focus specifically on what information
was missing, which in our case were examples of how to avoid colli-
sion in precarious states. I believe that to train a high quality robotics
foundation model, we will need a massive dataset of high quality
demonstrations, but we do not yet know how massive the dataset must
be. The last lesson of my PhD has been that we can minimize the re-
quirement to collect such large datasets by looking for gaps in the
experience and knowledge represented in a dataset and attempt to
correct them. In the next few years, I believe that we will begin to see
models that can safely control many types of robots, in a wide range
of environments, and with various types of sensors. To train these
models, we must scale up our our tasks, our environments, and our
demonstrations, but first, the main obstacle ahead is finding the right

expert.
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