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A�������

H
����� use their hands to e�ortlessly manipulate objects of arbitrar-
ily complex geometries and physical properties every day; however,
adapting these behaviors to dexterous robots and virtual characters
is an extremely di�cult task. Understanding the ways in which
humans exploit contact to perform these manipulations has the

potential to greatly advance progress towards this goal.
Unsurprisingly, research e�orts have analyzed contact in the context of dexterous

manipulation for decades. We now have numerous metrics for evaluating the quality
of dexterous grasps in terms of contacts, sophisticated models of contact states,
e�cient means of computing contact in physical simulation, and countless strategies
that exploit contact correspondences between hands and objects to synthesize grasps
and manipulations. But the majority of existing works fundamentally characterize
contact in the same way: as points, lines, or planes of interaction between surfaces.

Although this simpli�cation has proven reasonable for a number of applications,
contact in the real world is much more complicated. Instead, real bodies interface
with one another via areas of contact which greatly vary with the geometries
of the contacting surfaces. If we wish to improve our understanding and model
the complexities of manipulations as they actually occur, then we must progress
beyond such simplifying assumptions and deal with the messy nature of reality. Yet
surprisingly, there have been relatively few research e�orts in this direction.

This thesis aims to change the current contact modeling narrative by presenting
foundational frameworks and algorithms for the modeling, capture, mutation, and
exploitation of contact areas. Our intention is to establish the foundations necessary
to elevate contact regions to �rst-class primitives and demonstrate the inherent value
they provide across a range of practical applications in both dexterous manipulation
and adjacent domains.

First, we introduce three novel models of contact areas alongside a collection of
operations supported by each model fundamentally designed to run on real discrete
geometries rather than primitive shapes. Next, using area-based contact primitives,
we introduce: a set of intuitive artist tools for digitally drafting high quality grasps, a
kinematic motion retargeting pipeline for dexterous manipulations, a contact-driven
control framework for dexterous robot hands in physical simulation, and two prac-
tical extensions of our contributions to di�erent domains. We then shift our focus
to the real world by introducing two approaches for capturing and reconstructing
contact regions during human-object and human-human interactions. Finally, we
present an end-to-end system architecture framework for constructing fully func-
tional robot systems from contact-rich human demonstrations. The contributions
in this thesis are not intended to be the last words, but rather important �rst steps
designed to promote future research e�orts in contact area modeling and utilization.
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Introduction

1.1 Motivation

C
������ is one of the most fundamental, yet complex physical phenomena that
governs interaction with the world around us. Consequently, the ability to
estimate, analyze, and plan with contacts has been a research cornerstone of
robotics, computer graphics, and computer vision for decades. As humans,
we use our hands to perform activities in our everyday lives such as carefully

maneuvering dishes out of cluttered spaces in kitchens, wielding a wide variety of tools to
perform chores around the house, and interacting with other people, all while giving little
thought to the incredibly complex contact dynamics required to perform such tasks. The
di�culty in translating such tasks to virtual characters and robots, even under highly simpli�ed
settings, is one of the driving reasons behind why animation of such tasks remains extremely
time consuming and why autonomous dexterous robots have been di�cult to deploy in real
world operations rather than carefully controlled lab settings.

To illustrate how dramatically contacts can evolve in a realistic setting, let us consider the
mundane task of taking a single glass out a fully loaded dishwasher. First, we must tightly
envelop our �ngers around the dishwasher handle to create a grip that is strong enough to
overcome the friction exerted by the door latch. Next, assuming the glass is facing downward
and packed between several other dishes, we must use our �ngers to pull out the dish rack and
then pinch the sides of the glass that are exposed and carefully pull it out of the rack. Then,
we must reorient the glass to face upward and grip it tightly enough so that it won’t fall while
walking over to its appropriate cabinet. Finally, we must gently release it in the cabinet. To
perform this task alone, we had to create a large region of contact between our hand and the
dishwasher’s door handle that, furthermore, had to conform to the door handle’s geometry,
utilize �rm pinching grips which again had to conform to the geometries of the dish rack and
glass, stabilize the glass using our pinching contacts while simultaneously deploying the other
�ngers to reorient and pull the glass into a �rm grip which tightly conformed to the glass
structure, and �nally carefully release our grip to let go of the glass.

Performing this task thus required us to consistently utilize large areas of geometry-conforming
contacts and, furthermore, drastically change our intermediate grips in an e�ort to transform
less stable, small area contact con�gurations into more stable, large area con�gurations. If our
goal was to program a robot to replicate this task for us autonomously or, alternatively, create

1



C������ 1 Introduction C������������

Figure 1.1: Sample human hand imprint during a box grasp. Notice the large, irregularly shaped, and
geometry-conforming areas of contact generated by the fingers.

such an animation sequence for a virtual character, instructing the agent to replicate the contact
patterns in addition to the hand motions we performed seems like a reasonable starting point.

But surprisingly, despite overwhelming evidence that humans consistently rely on large
area contacts to perform everyday tasks (e.g. Figure 1.1), area-based representations have
rarely been utilized in frameworks or algorithms for dexterous grasping and manipulation.
Instead, many classical and even modern techniques largely focus on analysis of single point
contacts. Single point contact models are signi�cantly easier to model and analyze from a
computational standpoint, and in the case of multiple complex systems such as full body
character interactions [Zhang et al. 2023] and legged locomotion [Bishop et al. 2024], have
proven largely su�cient for various applications. Unfortunately, this simpli�cation has proven
much less e�ective for dexterous manipulation — it is simply too far removed from the way
contact actually happens in reality. Area-based contact models o�er the potential to re-shape
the way we characterize manipulation today, and, as we will show, o�er multiple bene�ts over
their single point counterparts in multiple verticals.

1.2 Contributions
This thesis aims to establish some of the �rst foundational models, algorithms, and frameworks
designed to elevate contact areas to �rst-class processing primitives. Speci�cally, it makes the
following contributions:

• Three novel computational models of contact areas, as well as operaters de�ned on these
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models (Chapter 4).

• Novel artist tools for intuitive drafting and control of contact areas, as well as an optimiza-
tion pipeline capable of synthesizing grasps using the drafted regions (Chapter 5).

• A novel framework for kinematic motion retargeting of complex manipulations between
di�erent hands which uses contact areas as the primary retargeting medium (Chapter 6).

• An online adaptive control framework for physically simulated dexterous manipulation
tasks involving large areas of contact (Chapter 7).

• Two novel methods for high �delity contact area capture and reconstruction from the real
world (Chapter 9).

• An end-to-end system architecture framework for constructing functioning robot sys-
tems from human demonstrations that utilizes contact areas at multiple layers of the
development stack (Chapter 10).

We also present several useful applications enabled by our contributions in the context of rapid
prototyping and dataset annotation at internet scale (Chapter 8).

The contributions in this thesis are based on the �ndings in �ve core publications [Lakshmi-
pathy et al. 2021; 2022; Lakshmipathy et al. 2023; Lakshmipathy & Pollard 2024; Lakshmipathy
et al. 2025], one submission under review [Lakshmipathy et al. 2026], and two collaborative
works [Bauer et al. 2022; Cseke et al. 2025]. Readers are encouraged to refer to these publications
for further details not covered in this document.

k
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Background&RelatedWorks

2.1 Single Point Contact Analysis
Analysis of single points of contact has been used for decades as the basis for a wide range of
applications.

Among the most long-standing uses of individual point analysis in robotic grasping is the
search for force-closure grasps [Prattichizzo & Trinkle 2008] – a con�guration that, at least
theoretically, should be able to resist any external wrench applied to the system via a combination
of permissible forces applied at the points of contact. The force closure criteria has lead to a
number of follow up works, including the famous maximal wrench space ball metric proposed
by Ferrari and Canny [Ferrari & Canny 1992] – the most widely used grasp quality metric even
today. There have also been numerous additional quality metrics proposed and re-discovered
over the years [Mirtich & Canny 1994; Ding et al. 2001; Kim et al. 2001; Miller & Allen 1999] and
even into modernity [Chen et al. 2024b]. A survey of such metrics is available [Rubert et al. 2019],
and textbooks detailing these metrics and many others provide a much more comprehensive
overview to both grasp quality evaluation and manipulation as a �eld overall [Mason 2001;
Murray et al. 1994; Roa & Suárez 2015]. Additional e�orts have used the proposed metrics
to search for feasible grasps [Hang et al. 2017; Kim et al. 2013; Li et al. 2007] or maximal
independent contact regions [Roa & Suarez 2009].

As locations of interaction between di�erent objects, contact points have also been histori-
cally endowed with “modes" that dictate both the types frictional forces applied to the bodies
(or lack thereof if friction is neglected) as well as their respective motion manifolds. These
modes typically include elastic collision, sticking, sliding, rolling, or torsional twisting. In robot
manipulation planning, the assumption of forces being applied at individual points on objects
has formed the basis of planners that reason about enumerating and carefully switching modes
of contact at the right times to achieve highly non-trivial tasks. These tasks include maneuvering
items out of shelves or cluttered spaces [Cheng et al. 2022; 2023; Pang et al. 2023], on-palm
manipulation via controlled sliding and rotation [Yang & Posa 2024], enabling simple grippers to
achieve object reorientation by exploiting extrinsic dexterity [Hou et al. 2020; Zhou & Held 2022;
Zhou et al. 2023]. Even highly complex systems such as quadrupedal robots and even humanoids
rely on point contact analysis on the feet as a critical building block for state estimation and
gait control.

In computer graphics and vision, points of contact have also been used within the context of
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Figure 2.1: Early visualizations of human hand contact areas generated during various object grasps.

learning [Starke et al. 2019; Zhang et al. 2023] and reconciling motion capture reconstructions [Ye
& Liu 2012]. Contact points also are useful primitives for identifying correspondences between
di�erent bodies, which makes them particularly useful in tasks such as contact planning from
images [Yang et al. 2021] or video [Rempe et al. 2020]. Additionally, single point analysis forms
a critical building block of solvers for physical simulation — when two bodies collide, solvers
must often determine at what point to either apply the necessary repulsive force to push the
bodies out of intersection or, alternatively, at which location to forcibly constrain the motion
such that the bodies do not intersect in the �rst place. It is worth noting that accurate contact
resolution is a particularly challenging problem in simulation and one of the chief contributors
to the simulation to real (Sim2Real) gap in robotics.

2.2 The Growth of Interest in Contact Regions
The idea of considering grasping and manipulation in terms of contact regions rather than
individual points has existed for quite some time. Although it has been conjectured for decades,
one of the earliest works to provide detailed visualizations of these areas was Kamakura et.
al. [Kamakura et al. 1980]. Figure 2.1 depicts some of these visualizations, which were generated
by coating objects with a solution of ink and glue. Notably, the shape and distribution of these
areas are quite complex.

Since then, there have been numerous e�orts to physically simulate contact regions by the
computer graphics community for applications in computer animation [Kry & Pai 2003; Jain
& Liu 2011; Li et al. 2020], VR / AR [Jacobs & Fröhlich 2011; Romero et al. 2022], and medical
simulation [Pai et al. 2018]. Many of these and other works have primarily targeted soft-body
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Figure 2.2: Various grasp imprints from the ContactDB [Brahmbha� et al. 2019a] thermal imaging
dataset.

simulation in high �delity contexts, and as such have primarily resorted to high quality, albeit
computationally expensive, approaches such as �nite element methods (FEM). In the realm
of computational rigid body dynamics, however, one of the most signi�cant improvements to
dynamically simulated contact modeling has been the introduction of forces being computed
as volumetrically integrated queries over a pre-computed internal pressure �eld [Elandt et al.
2019]. But a common theme in all of these works is that they primarily target passive contexts,
or contexts in which a system is only expected to respond to stimuli.

A more recently realized bene�t, particularly in the computer vision community, is the
signi�cantly stronger degree of correspondence contact areas provide over their single point
counterparts. In our case, we de�ne correspondence as an association de�ning a mapping
between contacting entities. A single point correspondence can thus be concretely de�ned
as a mapping of a single point on the hand (e.g. a �nger tip) to an exact single point on the
object (strong) or a candidate set of points (weak). Areas by design provide an abundance of
correspondences, and can therefor be used to associate an entire region of the hand with a
region of the object. The ContctDB [Brahmbhatt et al. 2019a] (examples in Figure 2.2) and Con-
tactPose [Brahmbhatt et al. 2020] datasets, which are comprised of thermally imaged heatmaps
of human grasps, are being rapidly adopted for research e�orts in grasp synthesis [Jiang et al.
2024], pose re�nement [Grady et al. 2021], and contact map generation [Zhang et al. 2024b]
particularly for their ground truth annotations of sizeable contact regions on objects. The goal of
the aforementioned works and many others is then to generate corresponding contact regions on
the hand in order to extract the hand pose which best brings the corresponding regions close to
one another in space. Areas are also becoming increasingly popular in the full-body human pose
estimation literature as well both due to their ability to assist in pose optimization pipelines and,
perhaps more interestingly, for their ability to be easily obtained from ground truth annotations
at scale even from non-expert annotators [Tripathi et al. 2023]. The popularity of area-based
contacts has considerably increased due to the release and subsequent widespread adoption of
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human template meshes, particularly the SMPL [Loper et al. 2023] and MANO [Romero et al.
2017] models. Such standardized templates have allowed research in both vision and graphics
to progress beyond skeletal estimations to complete shape reconstructions, which generally
bene�t from dense contact correspondences. Importantly, these works target active contexts.
Rather than simply generating responses to externally provided stimuli, these contexts instead
involve exploiting contact areas to generate or re�ne results.

But a notable drawback in all existing area-based works is that correspondences are weak
— in other words, given two areas, existing works in the correspondence space only consider
a general mapping between discretized point sets obtained by mapping all points in one set
on to all points in the other. Additionally, no previous works provide solutions for changing
or evolving contact regions with respect to time or user input. This thesis proposes solutions
to both problems, and by doing so paves the way for powerful frameworks and applications
targeting more active contexts.

2.3 Dexterous Manipulation
As one of the long standing grand challenges in robotics, there has been an extensive history
of research e�orts in dexterous grasping and manipulation. Building controllers for dexterous
hands to manipulate objects is an incredibly di�cult problem both due to the high degrees of
freedom involved and the natural discontinuities that contact events introduce in system states
over time.

Historical works typically considered grasps analytically by examining point contact models
with Coulomb friction [Murray et al. 1994; Siciliano & Khatib 2007]. Other techniques include
performing global searches for kinematically feasible grasps meeting certain constraints [Pol-
lard 1997], leveraging passive compliance to exploit automatic contact dynamics from physics
simulation [Pollard & Zordan 2005], kinematic and dynamic constraints of the gripper itself
[Rosales et al. 2012], physical models at the points of contact [Murray et al. 1994], and targeting
optimal independent regions within which point contacts can be placed [Roa & Suarez 2009],
among many other research e�orts.

In the spirit of classical methods that consider explicit models of system dynamics and control,
several modern e�orts have endeavored to tackle the contact discontinuity problem head-on.
These include the use of fully di�erentiable surrogate functions of discontinuous events [Pang
et al. 2023], contact-implicit planning which does not require the explicit determination of
modes [Le Cleac’h et al. 2024; Yang & Posa 2024], as well as mechanisms that make the system
well-conditioned to solve with long standing techniques in optimal control theory such as
di�erential dynamic programming [Jiang et al. 2024]. Alternatively, other methods, in an e�ort
to alleviate the need for gradients completely, have demonstrated the ability to solve certain
dexterous manipulation tasks by using sampling based approaches instead [Howell et al. 2022].
However, it is worth noting that many classical techniques tend to be di�cult to deploy on real
systems due to the complexities of real world dynamics and, perhaps more importantly, the lack
of reliable state estimation techniques for tracking hands and objects together.

More recent approaches to both grasping and manipulation are typically data-driven. Rapid
advances in machine learning have driven an explosion of interest in robot learning from
expert demonstrations or reward functions. A common source for expert demonstrations of
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dexterous grasping and manipulation is from teleoperation, where a human operator generates
a sequence of hand poses that gets mapped (retargeted) to corresponding robot hand poses and
subsequently deployed to the manipulator in real-time [Handa et al. 2019; Sivakumar et al. 2022;
Mannam et al. 2023; Qin et al. 2022; Arunachalam et al. 2023]. The retargeting procedure in such
scenarios often must be rudimentary in an e�ort to maintain real time speed, and thus usually
involves simple heuristics such as �ngertip keypoint matching [Qin et al. 2022], whole hand
keyvector matching [Handa et al. 2019; Sivakumar et al. 2022; Mannam et al. 2023], or direct joint
mapping [Arunachalam et al. 2023], although some methods have proposed using data-driven
procedures from larger scale human video resources to improve retargeting quality [Sivakumar
et al. 2022; Shaw et al. 2022]. The assumption at this stage is that by maintaining real time speeds,
even large discrepencies in the hand pose retargeting can be interactively corrected online by the
human operator. Then, once a su�ciently large number of demonstrations have been collected,
a policy is trained to reproduce the task [Qin et al. 2022; Shaw et al. 2022]. These methods
e�ectively trade o� the di�culty of modeling contact dynamics with data-driven priors. But a
major drawback of such pipelines in practice, in addition to the massive upfront engineering
costs and data collection requirements, is that the type of tasks which can be demonstrated is
often limited to pick-and-place or manipulation of environmentally constrained objects.

An alternative strategy for policy construction is to instead use reinforcement learning
(RL). Rather than rely on expert demonstrations, this approach instead encourages the robot to
search for sequences of actions capable of completing the task on its own using a mathemati-
cal framework that balances random exploration and maximization of a prescribed “reward"
function. In some cases a reference trajectory is explicitly incorporated as part of the reward
function [Rajeswaran et al. 2018; Dasari et al. 2023; Lin et al. 2024b; a], whereas in others simple
rewards may su�ce [Qi et al. 2022; 2023; Ma et al. 2024]. Contact planning sometimes plays a
role in such pipelines, but is often neglected given the exploratory nature of the approach. RL
approaches have shown impressive results that cannot feasibly be acquired from teleoperation
demos [Chen et al. 2022; Qi et al. 2023; Ma et al. 2024], and are notable for being much more
scalable due to less dependence on data collection. However, the incredibly poor sampling
e�ciency and di�culty of task resetting in the real world mean that RL approaches necessarily
require massive computing resources and strong dependence on simulation. These realities
mean that the development cycle is slow and inevitably must deal with Sim2Real policy transfer
problems. Additionally, choosing good reward functions is arguably more of an art than a
science. Finally, the strategy can sometimes result in unexpected learned behaviors that can
deviate substantially from expectations.

This thesis proposes methods that build more so on the classical line of work with model-
based approaches. However, the use of contact areas in general is agnostic to the choice of solver
or controller.

k
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Preliminaries

M
��� of the contributions in this thesis borrow techniques from discrete di�eren-
tial geometry, and thus will make repeated use of a number of terms that readers
may �nd unfamiliar. We provide a brief overview of relevant terminology in this
chapter, but importantly focus more on informal and intuitive understanding
rather than mathematical rigor. A more comprehensive treatment of all concepts

discussed this chapter is available in the seminal textbook of Crane [Crane 2018].

3.1 Geometry vs. Connectivity
First, it is important for us to di�erentiate between the geometry and connectivity of a shape.
A shape’s geometry concretely de�nes how the shape is embedded in, for our purposes, 3D
Euclidian space. This includes information such as the position and orientation of its elements
with respect to its embedding space. A shape’s connectivity, on the other hand, can be viewed
as an abstract relationship that simply de�nes what parts, if any, of the shape are connected
to one another and how. Certain operations are capable of impacting one but not the other.
Additionally, as we will touch on later, geometry is typically considered and extrinsic property
whereas connectivity is intrinsic. Finally, while every concrete shape is required to have geometry,
it is not necessarily required for it to also have connectivity.

To provide some concrete examples, let’s consider a shape that is discretized as a trianglemesh.
The triangle mesh’s vertex positions and normals would be considered extrinsic properties, where
as the adjacency list for its edges (or any alternate representation) would de�ne its connectivity.
A deformation of a triangle mesh would only alter its geometry, but not its connectivity. In
contrast, a “perfect" remeshing – one that perfectly preserves the original structure – can alter
the connectivity but not the geometry. In practice that tends to not quite hold since triangles
resulting from the remeshing must be planar, which unfortunately also induces a change in
geometry. A point cloud, on the other hand, is a representation without any connectivity.

3.2 Manifolds
Manifoldness is a useful property which provides certain guarantees, such as the ability to trace
geodesics anywhere on the surface unambiguously. We mainly consider manifolds in terms
of surfaces — a 2D structure embedded in 3D space. In this domain, a smooth surface would
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(a) (b)
Figure 3.1: Illustrations of (a) manifold and (b) non-manifold geometries.

be considered manifold if every point on the surface can be mapped to a planar disk. Under
this informal de�nition, spheres, tori, and even unusual but locally smooth shapes would be
considered manifold. In contrast, as illustrated in Figure 3.1, a pair of cones oriented such that
the tips touch one another would be considered non-manifold since no neighborhood around the
contacting tips can be mapped to a disk — it therefore has a non-manifold vertex. Similarly, the
geometry generated by conjoining more than 2 triangles together along a shared edge (assuming
a surface) would also be considered non-manifold, but in this case due to its edges. However, this
de�nition becomes slightly muddled in the discrete setting since even shapes with sharp spikes
can still be considered manifold. In this setting, an alternate way of evaluating manifoldness is
evaluating whether a vertex appears in only one boundary loop. In other words, if we were to
start from a vertex, move to one of its neighbors, and then traverse around the vertex visiting
each neighbor sharing an edge with it until we run out of eligible neighbors to visit, have we
successfully visited every single neighbor the vertex actually has? The double cone and plus-sign
shapes would still fail under this de�nition. This de�nition also provides an easy algorithm to
check if a given shape is manifold. It is also worth noting that certain shapes (e.g. point clouds)
cannot be evaluated for manifoldness due to their discretization.

3.3 Tangent Spaces
A tangent space can be conceptually represented by a plane tangent to the shape evaluated at a
particular point. Tangent spaces provide a means of linearly approximating the space at that
point, and as such can be thought of as the span of a linearly independent basis comprised of
a set of tangent vectors de�ned in the space. For convenience, we will assume that the basis
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vectors are orthonormal and that the origin of the tangent space is the same as the point around
which it is de�ned.

A major caveat to note here is that a shape can have many tangent spaces, and that de�ning
a “consistent" tangent space across all points is highly non-trivial. This caveat underscores a
major di�erence between computations in the plane vs. on a surface: a surface has no global
coordinate system. This means that any measures on the surface must be de�ned with respect
to the tangent space they are computed on, and that transmitting information between tangent
spaces requires computing the equivalent (or rather closest) approximation of that measure with
respect to the new tangent space.

3.4 Riemannian Structure
A manifold endowed with Riemannian structure implies the existence of a Riemannian metric 6
de�ned on every tangent space of the manifold. The Riemannian metric endows each tangent
space with an inner product operation, which for our purposes means that we can perform
operations such as measuring lengths and angles for curves de�ned in the basis of the tangent
space. In this work, we assume that every connectivity-endowed discrete geometry we operate
on is inherently endowed with a Riemannian structure since we can easily build a tangent basis
using outgoing connecting edges from any vertex.

3.5 Isometries
An isometry is a mapping that attempts to preserve the Riemannian metric, which in practice
refers to distances and angles between di�erent tangent spaces.

3.6 Geodesics
A geodesic is the natural generalization of a straight line to a curved surface: it is a trajectory
of zero acceleration / unit speed, or equivalently, a path of locally minimal length [Sharp et al.
2019].

3.7 Parallel Transport
Intuitively, parallel transport of a vector constitutes moving a vector along a locally shortest
geodesic as “straightly" as possible. Our interest in parallel transport is primarily in the discrete
setting. In this case, performing a parallel transport essentially boils down to maintaining a
“global" tangent vector orientation as it is being transmitted through di�erent tangent spaces
along the locally shortest geodesic. A comprehensive overview of how to do so is available in
the work of Sharp et. al. [Sharp et al. 2019].

3.8 Shape Space Coordinates
When performing geometric computation, having an exact representation for coordinates
anywhere on the shape is highly bene�cial. In the case of the shape being a point cloud, each
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sampled point uniquely de�nes a coordinate. Meshes, however, are comprised of vertices, faces,
and edges. Locations of vertices, similar to points in point clouds, are de�nitive; however,
additional coordinates are required to identify locations within faces and on edges.

3.8.1 Barycentric Coordinates on Triangle Faces
Barycentric coordinates are a classic coordinate system in computer graphics that allow for
interpolating vertex-de�ned values into a triangular face. Given a triangle 89: with vertex values
E8, E 9 , E: , the three barycentric coordinates 28, 2 9 , 2: describe the interpolated value at point ? as
E? = 28E8 + 2 9E 9 + 2:E: . This coordinates must also satisfy the properties:

1. 28, 2 9 , 2: � 0

2. 18 + 1 9 + 1: = 1.

3.8.2 Linear Coordinates on Edges
In addition to using barycentric coordinates on triangles, we will often use linear coordinates
to interpolate values along edges. For convenience, we will also require that the coordinates
must sum to 1. Therefore, given an edge 89 with vertex values E8, E 9 , we only require a single
coordinate C and can determine the interpolated value at point ? as E? = CE8 + (1 � C)E 9 .

3.9 Exponential and Logarithmic Map
The exponential map expG (D) (expmap) of a tangent vector at a point computes the point reached
by following a geodesic starting from the point in the direction of the tangent vector for some
distance. For compactness, the tangent vector can be decomposed into a unit direction and
magnitude to obtain both quantities. The logarithmic map logG (?) (logmap) of an arbitrary
point when viewed from the origin point of a tangent space gives the smallest tangent vector
required to reach the arbitrary point from the origin point under the expmap computation. The
maps are therefore inverses of one another and can be thought of as a generalization of a planar
polar coordinate system to arbitrary surfaces. A major caveat here, however, is that while for
any point ? and starting point G , we have that expG (logG (?)) = ? , it is not always the case that,
for any tangent vector E , logG (expG (E)) = E . We will illustrate a concrete example of how such
breakdowns occur later in some of our experiments.

k
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Representing Contact Areas

A
������� we can naively represent contact areas as sets of points either on
a surface or in space, it is challenging to perform meaningful operations on
such a representation. Instead, we introduce and discuss three parameterized
geometric representations of contact regions: a boundary model, a single-point-
embedded (SPE) model, and a curve-embedded model. We will introduce each

representation with an overview of parameters, present packing and reconstruction methods for
each representation, discuss operations supported by each method, and will conclude with an
analysis of both bene�ts and drawbacks of each representation. For the sake of consistency, we
will assume that all shapes are discretized and that contact regions start out as sets of discrete
points in shape space that can be represented either as vertices, face barycentric coordinates,
or edge linear coordinates in the case of triangle meshes, or just points in the case of point
clouds. Reconstruction therefore requires unpacking from the parameterized representation
into discrete points in shape space.

4.1 Operation Definitions
Before we can discuss operations supported by each model, we must �rst de�ne the operations
themselves. We consider 6 operations: translation, rotation, “isometric" deformation, non-
isometric deformation, hierarchical composition, and transfer, all of which are illustrated in
Figure 4.1. Collectively, these operations enable a wide range of geometric transformations we
can reasonably expect contact areas to undergo as they move across a single surface or jointly
across multiple surfaces in contact. We de�ne each operation in the proceeding subsections,
detail which operations are supported by each model, and how the representations are updated
to do so.

4.1.1 Translation

We de�ne patch translation as rigidly moving a patch along a speci�ed path with as little rotation
as possible with respect to the path. Mathematically, this de�nition corresponds to parallel
transport (Chapter 3.7) of the patch along the path of translation.
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Correspondance (Transfer)
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(Non-Isometric Deformation)

Figure 4.1: Illustration of the operations targeted by our contact model representations.

4.1.2 Rotation

Rotation is the task of reorienting the whole patch “rigidly" around a designated pivot point. If
the model also supports translation, then the pivot point can be arbitrarily chosen because a
rotation around any pivot point can be decoupled into a rotation around the arbitrarily chosen
point followed by a translation. A caveat is that in order for a rotation to be well de�ned, the
model must implicitly be able to assign an orientation to the encoded contact region.

4.1.3 “Isometric" Deformation

“Isometric" – short for “isometric-as-possible" – deformation refers to transformation instances
where relative distances are preserved. Put a slightly di�erent way, the canonical shape of the
contact region should remain (approximately) the same. As a practical example, consider a snake
slithering on the ground. If we were to examine the contact area between the snake’s underbelly
and the ground, we would notice that it would bend and twist over time; however, the canonical
shape of the region would be the same (e.g. if the snake was straight).

In practice, these deformations are not truly isometry-preserving; for example, a geodesic
ball in a region with positive curvature will have a smaller area than a geodesic ball of the same
radius in a region of zero curvature. The embedding will only be isometry-preserving if and only
if the source region and target region on the underlying shape are themselves isometric, which
will almost never occur. However, we consider such inaccuracies acceptable for our purposes.
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4.1.4 Non-Isometric Deformation

A non-isometric encapsulates all remaining shape changes (e.g uniform and non-uniform scaling,
topology changes, etc.).

4.1.5 “Linear" Interpolation

Interpolation is a tertiary operation built on top of the previously discussed operations. At a
high level, we de�ne interpolation as the ability to reconstruct an intermediate state of a contact
area between a pre-determined initial and �nal parameterized state. More concretely, given a
starting con�guration ( , �nal con�guration ) , and a normalized time step C 2 [0, 1], a model
capable of supporting interpolation can generate an intermediate state & (C) such that & (0) = (
and & (1) = ) . Although there are numerous ways to perform such an interpolation, in this
thesis we only consider “linear" intermediate reconstructions.

4.1.6 Hierarchical Composition

Hierarchical composition concerns the structured grouping of multiple parameterized contact
areas together for the sole purpose of performing previously discussed operations on the group
without the introduction of new elements or removal of existing elements from constituent member
areas that cannot be easily tracked, added back, or removed. We impose such constraints because
compositions are intended to be temporary relationships – it should be possible to trivially
un-group contact regions at will. Removing the constraints would imply that contact regions
can simply be permanently merged together before being paramatereized under any model,
which defeats the purpose of a composition operation in the �rst place.

4.1.7 Transfer

Transfer is perhaps the most useful and powerful operation introduced in this thesis. We de�ne
transfer as the task of computing an “as-isometric-as-possible" embedding of a contact area on
a source shape into another target shape. In the context of this thesis, the most practical and
compelling use case would be transferring a contact area parameterized on an object geometry
to the hand performing the manipulation, or vice versa.

Di�erent shapes can have extremely di�erent shape space coordinates. For example, the
object may be encoded as a dense triangle mesh obtained from a high resolution 3D scan, while
another object might be represented as a point cloud collected from a depth sensor, and a hand
might be a coarsely triangulated mesh created by an artist. Additionally, the actual encoded
shape of all of these discretizations can be drastically di�erent from one another. In order for
transfer to be possible between such geometric variations, we must have a way of computing
over such geometries using a consistent representation.
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(a) (b)

Figure 4.2: Illustration of the boundary model and its associated parameterization entities, including the
(yellow) root in relation to (a) the original areas in green and (b) the boundary points in red.

4.2 Boundary Model
4.2.1 Overview
As the name suggests, the boundary model represents contact areas using a collection of points
on the boundary of the region. However, a simple unordered set of boundary points provides
insu�cient information to support accurate reconstruction. We also need to know:

1. How is the boundary oriented? If I am at a particular boundary point, how do I know what
is the next boundary point in the loop?

2. What regions are inside and outside the boundary?

Fortunately, these ambiguities are easy to resolve. Our �nal parameterized representation thus
consists of:

1. An ordered set of boundary points

2. A single extra interior point, sometimes called the “root"

Figure 4.2 illustrates the proposed model and its associated parameters.

4.2.2 Packing
We start by clamping all face barycentric coordinates and edge linear coordinates to vertices.
Extracting an unordered set of boundary points for a contact region is fairly simple on a triangle
mesh if we consider only vertices – we can simply select all vertices that have at least one
neighbor that is not a part of the original contact area group. In practice, however, this does not
work if the original contact area contains holes — a common artifact from imprecise annotation
of the original area. We can resolve holes by performing a �ood �ll starting from some vertex
exterior to the contact region and removing any boundary candidates not visited by the �ll.
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By construction, a candidate boundary point’s “next" point can only be any of its immediate
neighbors on the triangle mesh that are also boundary candidate points. We can therefore select
any boundary candidate point and pick any of its immediate neighbors as that starting direction
of the loop. We can then simply repeat the procedure until a full loop has been extracted. In the
event of multiple candidate neighbors being available, we can perform a branched search and
discard the path which terminates early (which in practice is viable because the search trees are
of limited depth). After a boundary loop has been extracted, we can also arbitrarily downsample
the boundary by keeping only every :th point.

Finally, we can select an interior point from any of the non-boundary points by any means,
be it randomly, manually, or through some heuristic (e.g. largest average geodesic distance from
all boundary points).

4.2.3 Reconstruction
To reconstruct a full contact area, we simply perform a �ood �ll starting from the stored interior
point with termination conditions on the boundary points. Note that because the boundary may
not be “watertight" (e.g. if it was downsampled), we must perform a preliminary step to convert
the currently stored “sparse" boundary points into a dense, watertight boundary. We can do so
by simply computing a shortest path from each stored boundary to the next using Dijkstra’s
algorithm [Dijkstra 1959].

4.2.4 Supported Operations
Translation We can compute the direction and distance of translation in the tangent space of
the interior point, parallel transport the computed tangent vector to the all the boundary points,
and then execute the operation by updating the boundary and interior point locations to the
endpoints of the resulting traced geodesics.

Non-Isometric Deformation Any update to the boundary points that is not a translation is
considered a non-isometric deformation. Such transformations enable the boundary model to
vary its shape arbitrarily, which allows �tting to virtually any contact distribution — including
those captured from the real world (see Chapter 9). Additionally, by endowing the model with an
indicator function, we can also model events such as sudden making and breaking of contacts.

“Linear" Interpolation A linear interpolation can be performed under either a translation or
non-isometric deformation operation by interpolating the traced geodesic path of each boundary
point. Interpolation of a non-isometric deformation is a particularly interesting case due to its
ability to capture the complexities of real world contacts. We found that it was possible to obtain
surprisingly high quality intermediate reconstructions even using linear path assumptions.

As illustrated in Figure 4.3, if we assume an equal number of boundary points in ( and
) and the correspondences between the boundary point sets are known, then non-isometric
deformation can be performed under the same principle as translation interpolation. Although
such a simpli�cation may be reasonable for a relatively simple interpolation (e.g. Figure 4.3),
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(a) (b) (c) (d)
Initial Patch Boundary Final Patch Boundary Final Patch RootInitial Patch Root Geodesic Trace

(T = 0         1)

Figure 4.3: Post-processing pipeline consisting of (a) annotation, boundary, and interior point extraction,
(b) overlaid initial (() and final () ) contact areas on the same mesh, (c) downsampled selection of
boundary points, and (d) interpolation from initial to final configuration.

Figure 4.4: Time sequence of human subject transitioning from a precision grasp to parallel extension on
a box.

Figure 4.5: Time sequence of a transition between a precision grasp and parallel extension via sliding
contacts on a box from two di�erent perspectives generated by our framework. The thumb contact (le�)
is observed to move in natural opposition to the remaining fingers (right), while the index finger (top)
acts as the primary pivot. The palm and pinky contacts (frame 4, right mesh, far le� and bo�om) are
generated mid-manipulation.
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Figure 4.5, which endeavors to reconstruct the manipulation shown in Figure 4.4, illustrates
a more complex scenario in which the contact shapes of the middle and ring �nger vary
dramatically through the manipulation sequence.

Figure 4.5 also illustrates a scenario in which contacts — in this case induced by the palm
and pinky �nger — are generated mid manipulation. The contact “making" operation can be
modeled under the translation principle by instead having the geodesics of the boundary points
originate from the interior point and terminate at the �nal corresponding locations. Then, using
a time-indexed indicator function, the contact can be generated immediately at an arbitrary
time step mid-manipulation. The same operation can be run in reverse for a breaking contact.

4.2.5 Benefits & Downsides
By construction, a boundary-based representation ensures that no holes will be generated in the
interior during reconstruction, even if the original region contains such artifacts. Additionally,
the representation can accommodate complex contact region shapes as well as a means of
deforming the shape in non-trivial ways via updates to the boundary point locations.

However, this representation is completely dependent on the underlying shape being en-
dowed with connectivity – it would be unusable on unconnected representations such as
pointclouds. It is also sensitive to shape discretization due to the vertex clamping pre-processing
step, which means that, practically, reconstruction �delity would degrade considerably on
coarsely triangulated meshes. Both the embedding and reconstruction processes are also quite
slow, which renders the model impractical for real time applications. Finally, this model supports
only a small subset of the operations we are interested in, particularly because it does not assign
an orientation to the contact area or a method of reconstruction on any surface other than the
one it was generated on.

4.3 Single-Point Embedded (SPE) Model
4.3.1 Overview
The single-point embedded (SPE) model takes advantage of the logmap parameterization to
represent all points that comprise a contact region. To obtain logmap coordinates, we �rst
parameterize the underlying shape. More speci�cally, we must impose a logmap chart at some
designated single origin point on the surface, which consequently is how the model’s name is
derived. This model thus stores:

1. A single point represented in shape space coordinates that serves as the the logmap origin

2. A tangent vector direction from the single point that determines the reference angle

3. Logmap parameterizations of all contact points

4.3.2 Packing
For the packing process to start, the single point and tangent vector direction must �rst be
selected. The logmap parameterization of the shape is then computed using the Vector Heat
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Method (VHM) [Sharp et al. 2019]. All contact area points, originally represented in shape
coordinates, are converted to logmap coordinates under the imposed shape parameterization.

4.3.3 Reconstruction

To begin reconstruction, the underlying shape is �rst converted to its logamp parameterization
using the provided single point location and direction. A search is then performed over all
discrete elements in the underlying shape, and the element with the closest parameterized values
to each parameterized contact point is selected. The search for the best matching point for
contact point 28 can be more compactly stated as:

2⇤8 = argmin
~

k;>6G (~) � ;>6G (28) | |22
s.t. ;>6G (·) = 5 (G ; ÆG)

(4.1)

where G is the single point, ÆG is the reference tangent vector direction, and ~ is a candidate
element. The contact point is then converted back to shape coordinates by adopting the shape
coordinates of the optimal candidate element. We elect vertices as candidate elements for meshes
and all samples for point clouds.

4.3.4 Supported Operations

Translation Translation is trivial because, unlike the boundary model, only the single point
must be updated — the representation of the parameterized contact points does not change
whatsoever, and the patch can be fully reconstructed from the newly updated location of the
translated single point. This operation can also be performed on point clouds as long as a suitable
Laplacian is available [Sharp & Crane 2020].

However, we must be careful to account for the implicit change of basis that occurs between
the starting and ending location of the translation (see Chapter 3.3). Ignoring this step can
otherwise induce an unwanted change in “global" orientation at the destination. Therefore, we
must also parallel transport the starting tangent vector direction to the destination point and
update it to the local tangent basis at the destination.

Rotation The SPE model automatically assigns an orientation to the contact area via logmap
parameterization. Therefore, we can change the orientation simply by designating the single
point as the arbitrary pivot for convenience and altering the outgoing tangent vector direction
at said point. Because this direction change only impacts the reference angle, no changes need
to be made to the parameterized points — they can be reconstructed as-is following the new
reference angle. Rotations about any pivot point can also be generated by combining rotation
with translation.

“Linear" Interpolation The SPE model supports interpolations of both translations and
rotations, albeit by di�erent means. We will discuss each brie�y.
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Translation. Translations only involve movement of the single embedding point; therefore, we
can simply compute a geodesic between the point’s initial and �nal location and interpolate
along the geodesic. We must also parallel transport the starting tangent vector and update its
representation to be in the basis of & (C). Because we are forced to compute the path geodesic,
however, translation interpolation can only be performed on domains with connectivity.

Rotation. The change in outgoing tangent vector between the initial and �nal con�gurations
can simply be interpolated with respect to the turning angle to produce intermediate states.

Hierarchical Composition Contact regions can be temporarily grouped simply by converting
the single point embedding source of the “child" parameterized contact region into a temporary
pseudo-contact point parameterized by the “parent" contact region. Any operations performed
on the parent contact can simply be applied to the child pseudo-contact point, and the child can
be reconstructed using its existing stored parameterization. A caveat is that, in the event of a
rotation, the parent must also parallel transport its modi�ed outgoing tangent vector direction
to the child source point in order for the child to update its reference angle. The relationship
can be uncoupled by removing the removing the pseudo-contact relationship.

Transfer The logmap provides a uni�ed representation that can be used to move SPE con-
tacts between surfaces. As long as the elements of both shapes are endowed with logmap-
parameterized coordinates, we can embed a contact region on the source shape and transfer it to
the target shape without modifying the parameterized values of the contact points. Furthermore,
because the reconstruction strategy is search based, we can even embed on a mesh and recon-
struct on a point cloud or any shape representation for which the VHM’s required Laplacian
can be computed (or vice versa). Figure 4.6 illustrates a sample transfer operation, where the
contact is �rst parameterized on the object and then reconstructed on two di�erent hand shapes.
The overlaid logmap illustrates the consistent parameterization across the domains, while the
black squares indicate the respective single embedding points in each domain.

4.3.5 Benefits & Downsides
This method guarantees that there will be an equal number of points comprising the contact
area during reconstruction — if a contact area is represented with 30 points, there will always be
30 points during any reconstruction call. An even more compelling bene�t is that this method
does not rely on connectivity and thus does not necessarily need a manifold mesh as input
— as illustrated in Figure 4.7, it is capable of operating on degenerate non-manifold meshes,
point clouds, or really any shape representation for which a Laplacian can be computed. The
representation can also support “rigid" transformations through updates to the single point
location or reference tangent vector direction. Finally, it is a signi�cantly more reliable model in
terms of parameterization compared to the boundary representation because the caveats of the
contact area (e.g. holes) are not important.

But there are multiple downsides. First, similar to the boundary method, reconstruction
�delity still depends on the resolution of the underlying surface due to candidate selection.

21



C������ 4 Representing Contact Areas S������P���� E������� (SPE) M����

Source Object Human Hand
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Custom Prosthetic Hand

0

2π 

Figure 4.6: Illustration of our logmap-based contact patch transfer process, with the single point outlined
in black. Consistently parameterized relative distances and angles at all mesh vertices on the source
object domain enables transfer of even large, irregularly shaped patches (outlined by white dots) to
widely di�ering hand geometries.

(a) (b)
Figure 4.7: SPE reconstructions are robust to degenerate or completely unconnected domains such as (a)
non-manifold meshes or (b) point clouds.
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Figure 4.8: Reconstruction can completely fail if the logmap parameterization fails to be adequately
constructed on the target domain. In such instances, the contact area can experience “foldover" by
crossing large discontinuities in parameterized space.

Second, the logmap parameterization tends to degrade at distances far away from the origin,
which again can result in reconstruction �delity issues. In some cases the parameterization might
even break down completely. Consider, for example, a contact area of a tentacle spiraling around
a pole. As illustrated in Figure 4.8, in such situations the map can result in large discontinuities
for nearby points that just happen to cross the angle singularity, which can result in highly
inaccurate reconstruction. Additional sources of reconstruction noise include noisy geometry
or contacts parameterized on non-convex shape regions. Third, this model cannot handle any
non-isometric changes in contact shape whatsoever. Finally, reconstruction can be extremely
slow if many candidate elements are available.

4.4 Curve / Axis-Embedded (AE) Model
4.4.1 Overview
The curve-embedded model was originally introduced to address multiple limitations of the
SPE model. The modi�cation is straightforward: rather than using a logmap originating from
a single point, we instead distribute the embeddings over a curve. Because the model draws
inspiration from the idea of medial axes [Guay et al. 2013], we instead refer to it as the “axis"
embedded (AE) model — the axis in this case just being a piece-wise approximation of a curve.
We de�ne the axis as:

1. a �nite set of points {01, . . . ,0<}, with a shortest geodesic 68 connecting each pair of adjacent
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(2) Default axis is generated

Figure 4.9: Illustration of the AE model packing procedure.

points (08,08+1) for 8 = 1, . . . ,< � 1

2. turning angles {q8}<�1
8=2 , where each q8 is the angle of rotation from the ending direction of

68�1 to the initial direction of 68 , expressed in the tangent space of 08

Then for every discrete contact area point ? , we store:

1. its closest axis point 0⇤

2. its logmap parameterization log0⇤ (?), with the angle parameter \? taken relative to the
outgoing tangent direction of 0⇤. If 0⇤ = 0< for some 8 , then \? is taken relative to ending
direction of 68�1

Note that the outgoing tangent vector direction of all axis points except the �rst is not stored
explicitly, but rather is computed relative to the incoming tangent vector from the previous
point via the turning angle. The �rst point in the axis is special in that it is the only point which
requires an explicit shape space coordinate and outgoing tangent vector direction. All other
points on the axis can be fully reconstructed from the parameterized model.

4.4.2 Packing
Figure 4.9 provides an illustrated overview of the axis model packing procedure. Similarly to the
SPE model, an axis must �rst be designated. We can naively generate a default axis by selecting
the two points in the contact area furthest apart by heat distance, drawing a geodesic between
the two points, and selecting all edge crossings as intermediate axis points. Additionally, by
explicitly tracing out the geodesic, we can easily extract turning angles and, by doing so, convert
the axis to the representation required by the model.

Once the axis is available, we must next compute the closest axis point to each contact point.
We can do so by performing a short time scalar di�usion of all the axis point index values over
the underlying surface, again using the Vector Heat Method [Sharp et al. 2019]. We then simply
evaluate the di�used scalar �eld at the contact point’s shape space coordinate, round to the
nearest whole number, and select the axis point with the computed index as 0⇤. From there we
can compute the logmap parameterization of the contact point in exactly the same way as the
SPE model.
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4.4.3 Reconstruction

Unlike the SPE model, we simply invert the logmap representation to recover the expmap in the
axis model. Concretely, we trace geodesics using the converted expmap parameters computed
during packing. The contact point is then converted back to shape coordinates by adopting the
point reached at the end of the geodesic trace.

4.4.4 Supported Operations

Translation The AE model is also trivial to translate because only the starting point of the
axis must be updated — the representation of the parameterized contact points does not change
whatsoever, and the patch can be fully reconstructed from the newly updated location of the
translated point. Similarly to the SPE model, we must also account for the tangent vector
direction change by performing a parallel transport of the starting tangent vector direction to
the �nal destination.

Rotation Also similar to the SPE model, the AE model also automatically assigns an orientation
by logmap parameterization. Therefore, we can change the orientation simply by designating
the �rst point in the axial curve as the arbitrary pivot for convenience and alter the outgoing
tangent vector direction at said point. Because this direction change only impacts the reference
angle in both models, no changes need to be made to the parameterized points — they can be
reconstructed as-is following the new reference angle. Rotations about any pivot point can also
be generated by combining rotation with translation.

“Isometric" Deformation An “isometric-as-possible" deformation can be induced simply by
altering any of the intermediate turning angles of the axis. The method of deformation bears
strong similarity to the way kinematic chains are used to control the shape of characters, with
the only di�erence being the domain of application (e.g. on an arbitrary manifold vs. Euclidian
space).

“Linear" Interpolation The AE model supports interpolations of translations, rotations, and
isometric deformations albeit by di�erent means. We will discuss each brie�y.

Translation. Translation interpolation is performed identically to the SPE model, but instead
with respect to the �rst axis point rather than the single embedding point.

Rotation. Rotation interpolation is also performed identically to the SPE model, but again with
respect to the �rst axis point rather than the single embedding point.

“Isometric" Deformation. Isometric deformation interpolation uses the same principle as rotation
interpolation, but applied to an intermediate axis point rather than the start point.
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Hierarchical Composition The axis of the child contact region can simply be appended to
the axis of the parent. In such an instance, the parent’s terminal point and the child’s start point
must be converted to intermediate points by means of computing a turning angle; however, no
re-parameterization is necessary. Translation, rotation, and isometric deformation can then be
performed normally on the combined grouping. The composition can thus be uncoupled by
discarding the turning angles and reverting the converted intermediate points back to ending
and starting points respectively.

Transfer The axis model is capable of supporting transfer operations provided both domains are
endowed with connectivity. As with the SPE model, only the �rst axis point and its associated
tangent vector are stored using explicit shape coordinates. Therefore, if the corresponding
location and tangent vector direction are provided on the target domain, the entire remaining
contact area can be constructed using the existing parameterization. Although the AE model
cannot accommodate unconnected domains like point clouds due to its reconstruction via the
expmap, it instead can provide high quality reconstructions on coarse meshes and is much faster
to reconstruct on �ne meshes.

4.4.5 Benefits & Downsides
The AE model, true to its original design objectives, addresses many of the shortcomings of the
SPE model. Like the SPE model, it also guarantees preservation of the original number of contact
points; however, it does not rely on element clamping. It is therefore the only model of the three
discussed that is suitable for coarse meshes. Furthermore, the reconstruction is extremely fast
by comparison. The model also supports “isometric" deformation by enabling contact areas to
“bend" via updates to the turning angles of intermediate points. Finally, it is more reliable than
the SPE model in terms of parameterization because it can also handle complex instances such
as the tentacle pole example discussed earlier (see Figure 4.10).

However, the model su�ers from many similar drawbacks as well. The model reconstruction
still tends to degrade at regions far away from the axis; however, this drawback tends to be
largely addressable in practice because the axis can simply be adjusted to be close to every
point in the region. But reconstruction error on noisy geometry or contacts parameterized on
non-convex shape regions still are a problem. This model also cannot handle any non-isometric
changes in contact shape. Finally, unlike the SPE model, this representation is con�ned to
meshes due to its heavy reliance on geodesic tracing. While it is possible to accelerate the SPE
model by using expmap reconstruction when connectivity is available, it is not possible to use
the axis model on point clouds whatsoever.

4.5 Summary
We have presented three di�erent parametric models of contact areas, including discussions
regarding the packing and unpacking methods for, and operations support by, each model.
However, none of the models presented is a silver bullet — they all come with bene�ts and
tradeo�s. The best model is thus dependent on the use case. We also note that all representations
are purely geometric and lack notions of physical quantities such as force or associations to
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(a) (c)(b) (d)
Figure 4.10: Transfer comparison of a tentacle contact to a cylinder using (a) the axis-embedded contact
model and (b) its generated solution against (c) the single-point-embedded contact model from and (d)
its generated solution

mass-inertial properties from the systems (e.g. �ngers, objects) that induce them. We explore
augmenting areas with physical parameters in Section 9.2.

k
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Artist Tools for Grasp Dra�-
ing

B
� taking advantage of our proposed models and their respective operators, we
propose a comprehensive suite of tools that can be used to draft contact-rich in-
teractions between dexterous hands and object either from previously compiled
data or from scratch. In doing so, we will highlight practical and realistic use
cases which signi�cantly bene�t from one or several of our proposed models.

5.1 Motivation
With numerous research e�orts today aiming to automate the grasp generation pipeline [Turpin
et al. 2023; Zhang et al. 2024a; Wan et al. 2023; Wang et al. 2023; Chen et al. 2024b; Chen et al.
2024a; Li et al. 2007], many of which have demonstrated very high quality results, we may be
tempted to ask a simple question: why are artist tools even necessary? Why can’t we just invoke
a state of the art grasp solver with the hand and object we are interested in, and why have such
approaches not already been widely adopted?

One problem with fully automated data-driven solutions [Zhang et al. 2024a; Wan et al. 2023;
Chen et al. 2024a] is that they often trade o� customization in favor of scale. For example, a
grasp solver trained over a large dataset may provide high quality solutions to scenarios where
the hand, object, and desired grasp are adequately represented in the dataset; however, they
may struggle to generalize to objects or desired grasp poses that signi�cantly deviate from the
dataset distribution or fail entirely if the setup does not conform to the assumptions the dataset
is built on (e.g. the desired hand does not match the hand which is assumed by the dataset). It is
also infeasible to capture the space of all possible hand assets, especially since many assets are
custom (e.g. developed internally by a studio for a particular media production or by a designer
for a particular robot).

Other automated methods are intended to operate on speci�c instances [Turpin et al. 2023];
however, in order to make up for the lack of human supervision, they often must employ
more sophisticated tools such as representing objects as signed distance �elds (SDFs) or using
di�erentiable simulation to optimize over non-trivial events such as hand-object and self contact.
Although powerful, these tools are often expensive to integrate in terms of software engineering
overhead, which is problematic in situations where additional development time cannot be
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strongly justi�ed. Such methods also tend to be slow in comparison to the time taken by an
artist and may not even necessarily generate the desired result. There is therefore still a strong
need for tools that can work in conjunction with artists and deliver fast and reliable results
which can be quickly iterated upon.

5.2 Contributions
This chapter aims to provide the foundations necessary for integrating grasp drafting from
contact areas into production work�ows directly, intuitively, and robustly. To do so, we present
end-to-end art-directable (EAD) tools for de�ning contact areas, directly editing contact areas,
transferring contact areas between surfaces, and using the resulting correspondences compute
the optimal corresponding hand poses automatically.

Our focus on EAD tools, which enable animators and designers to create results either from
scratch or previously collected data entirely under the tool framework, is intended to address the
challenges of practical real world situations. In particular, they are intended to work robustly on
a wide range of custom geometries such as those collected from reconstructed 3D scans, operate
at real-time interactive speeds whenever possible, and, above all, be transparent and easy to
both work with and understand. Additionally, we will also show how these tools can be used to
draft out simple manipulation animations.

5.3 Workflow and Assumptions
Figure 5.1 illustrates the work�ow we aim to enable, which requires the ability to create and
manipulate contact areas, transfer areas between surfaces, and compute the appropriate pose.
We assume that the desired hand and object have already been sourced, and that the kinematics
of the hand are known and well de�ned. To this end, we will discuss the creation of contact
areas, editing operations artists can perform on the areas and the interfaces for doing so, and the
pose computation pipeline after contacts are drafted. As noted in Figure 5.1, we intend for this
process to be iterative either in response to input from a project stakeholder (e.g. art director) or
until a result of desirable quality is achieved. We also assume that no geometries besides the
hand and desired grasp object are present in the scene.

5.3.1 Sourcing Contact Areas
Contact areas can be sourced from scratch by the artist through direct painting, or alternatively
from the real world (Chapter 9). In both cases, we require contacts to only be sourced on a
single entity (i.e. either the object OR the hand). We discuss both options below and assume the
extracted contact areas are initially represented as an unordered set of shape space coordinates.

Direct Painting Contacts can be directly painted either using o�-the-shelf brush tools already
provided by existing 3D modeling software (e.g. Maya, Blender, etc.) or by our custom paint
brush. We leave the choice up to users but brie�y discuss use cases for both options.

On �ne meshes or regions with dense sampling, users may �nd it bene�cial to select existing
discrete vertices. Vertex selection is �exible, inexpensive, has no parameters beyond the brush
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Start

Create and Refine

Finish

(a)

(c)(d)

(f)(e)

(b)

Figure 5.1: High level overview of our artist tools workflow. Starting from a given hand and object, the
artist typically starts by (a) creating contact areas on the hand and manipulating them into their final
positions before (b) transferring them to the object to generate a corresponding set. Artists can then
(c) compute the manipulator pose from the contact areas and (d) use the result as feedback to edit the
contact areas on the hand and object in an iterative feedback loop. Artists can alternatively (e) first
create a (o�en coarse) pose using traditional posing tools and designate contact areas a�erword. (f)
Refinement continues until the final result is acceptable.

size, and is a method familiar to most artists. The drawback, however, is that this method does
not enable selection of arbitrary points such as those within faces or in between edges, which
leads to problems creating dense contacts on coarse meshes.

In response, we created our own brush tool which enables arbitrary point selection by
discretizing a NURBS curve drawn in screen space and projecting the points into mesh space via
standard ray-mesh intersection. Our custom brush o�ers a solution to the coarse mesh problem;
however, it requires users to designate possibly unintuitive parameters such as the discretization
step size and does not provide variable brush stroke sizes.

For these reasons, we allow heterogeneous creation of contacts using both brushes, which
combined permit users to work directly with the original desired triangulated mesh, even if the
mesh is irregularly sampled or has poor triangulation in general.

Real World Capture Chapter 9 thoroughly details techniques for imaging and reconstructing
contact areas as textures. After the �nal textured mesh has been generated, artists can simply
examine the texture and paint over the imaged contact regions.
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5.3.2 Contact Editing
The extracted contact regions may not necessarily be generated exactly where or how the artist
intended. We therefore support editing operations that can transform the regions into the
desired con�gurations.

Due to the focus on artist-driven contexts, we assume that both the hand and object are
represented by triangulated meshes and that the coarseness of each mesh is unknown. Therefore,
we select the AEmodel as the representation for editing. We begin by parameterizing all extracted
contacts into AE representations and assign a default axis by tracing a geodesic between the
furthest separated points by geodesic distance.

We support all AE model operations outlined in Chapter 4 for contact editing. We also
support a fourth operation which permits the user to replace default axis with one of their own
choosing. We detail the interface for each editing operation in this section. Create Figure

Translation We support translation through a drag interface. For convenience, we only allow
translation of the �rst axis point. After selecting the appropriate axis point, the user can hold
and drag the axis point to a new location on the mesh. The target point is determined through
standard screen-space ray intersection. After the destination is determined, we parallel transport
the outgoing tangent vector direction and simultaneously move the axis point to the selected
location. We also reconstruct and visualize the axis while it is in transit to provide user feedback;
however, we refrain from reconstructing the entire contact to reduce computations and maintain
realtime speeds. After the user releases the drag, the axis and full contact are reconstructed at
the �nal destination to complete the edit.

Rotation To support rotation, we render a disk at the starting axis point which can be re-sized
arbitrarily. The user initiates a rotation by selecting any location on the disk and beginning a
drag selection. The total arc length of the disk covered during the drag in screen space is then
converted back to world space, after which the corresponding angle is extracted. The tangent
vector is then incrementally rotated by the extracted angle. Users can therefore adjust the size
of the disk to select larger (smaller disks) or smaller (larger disks) step sizes for contact rotation.
As with translation, a preview of the intermediate reconstructed axis during the drag operation,
and the full axis and contact are reconstructed upon release to complete the operation.

Isometric Deformation We enable isometric deformation in the same way as rotation via the
disk interface. However, rather than being applied to the start point, the disks are instead applied
to all intermediate axis points. Rotation of any such intermediate disk thus alters the turning
angle parameter of the corresponding axis point, thereby inducing an isometric deformation
under the axis model.

NewAxis Selection To generate a new custom axis, we simply allow users to select two points.
We then trace a geodesic between the selected points and take all triangle edge crossings as
intermediate axis points. The �rst point in the selection is used as the starting axis point, while
the second point serves as the last point in the curve. We then re-parameterize the existing
contact area to the new axis.
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5.3.3 Contact Transfer
Similar to new axis selection, contact transfer is also initiated by the user selecting two points
on the target shape. The �rst point is used to determine the starting point of the transferred
axis, while the second point is used to determine the direction of its associated tangent vec-
tor. The transferred contact can then be fully reconstructed from the existing parameterized
representation, with the caveat that the area must be mirrored. A dense bijective pairing is auto-
matically generated between the source and transferred contact area and visualized via paired
lines. The user can also edit the transferred contact at will without breaking the correspondence,
or alternatively manually break the correspondence if desired.

5.3.4 Grasp Computation
After all contact areas have been transferred, we automatically compute the desired hand pose
using optimization-based inverse kinematics. Speci�cally, we solve the following equation:

) ⇤ = argmin
)

Õ#
8=0 (_3�⇡,8 + _=�# ,8) +

Õ�
9=0 _?�%, 9

s.t. )R  )  )[
(5.1)

where ) is the degree of freedom vector, N is the total number of corresponding contact vertices,
� = |) |, )R and )[ de�ne the lower and upper bounds of ) respectively. We de�ne the remaining
terms as follows.

First, we use �⇡,8 to minimize the !2 distance between each pair 8 of corresponding hand and
object contacts:

�⇡,8 = | |p>,8 � p⌘,8 () ) | |22 (5.2)

and �# ,8 to encourage anti-alignment of vertex normals:

�# ,8 = (1 + n⌘,8 () ) · n>,8)2 (5.3)

where each pair of object and hand contact points are denoted by >, 8 and ⌘, 8 respectively, and
hand point locations as well as vertex normal orientations are determined by the current hand
pose ) .

We additionally introduce a third term to penalize deviation from )% , a hand pose prior:

�%,8 = | |) � )% | |22 (5.4)

The prior is initialized in the same way for all examples and serves as a user control for cus-
tomization. At the start of the optimization, )% is set to the default pose, thereby penalizing rest
pose deviation. During subsequent calls, )% is set to the optimal solution from the last set of
iterations; however, if the user edits the default guess (e.g. moves a �nger, drags the palm, etc.),
)% is instead set to the user edited pose. As a result, �%,8 evolves as the optimization proceeds to
re�ect current progress and user direction. We formulate and solve Eq. 5.1 using the NLOPT
optimization library [Johnson 2017]. Figure 5.2 illustrates successive guesses over the course of
a single optimization call.
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(a) (b) (c) (d)

Figure 5.2: Optimization progress for finding a feasible box power grasp at (a) 0, (b) 250, (c) 800, and (d)
1,000 iterations.

Figure 5.3: Poses created using our contact edit framework across kinematically and morphologically
diverse manipulators in realistic in-situ contexts.

It is worth noting that Eq. 5.1 does not contain a collision penalty term as suggested by
several prior works [Brahmbhatt et al. 2019b; Meixner et al. 2019; Hazard et al. 2018; Grady
et al. 2021]. Omission of this term is intentional. Empirically, we found that doing so led to both
substantial drops in solution discovery time and improvements in the proposal of solutions for
di�cult contact maps.

5.4 Results
We built our artist tools in Autodesk Maya due to the tool’s wide existing familiarity with
animators. The tool was distributed to an animator, who subsequently used it to generate all
results illustrated below.

5.4.1 Static Grasps

Figures 5.3 and 5.4 illustrate some high quality poses generated by an animator using our
framework. Generating poses such as these using the traditional process of manually adjusting
joints is time consuming and iterative; however, our approach allows users to quickly set up
the desired shot by working directly with contact areas, after which the manipulator pose is
automatically calculated in a manner that accounts for both rig kinematics and skin deformation.

Figure 5.5 also illustrates some results generated with fully articulated robot hands as well
as a rigid approximation of a human hand. Although these hands are comprised of disconnected
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Figure 5.4: Additional poses generated by our solver across various manipulators and geometries.
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Figure 5.5: Grasps synthesized as a result of our transfer procedure across a variety of kinematically
diverse robotic manipulators, objects, and grasps.
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Figure 5.6: Bulk transfer of a hierarchically organized identical set of contacts on the hand complies to
local geometric features on the head (le�) and body (right) of the Stanford bunny.

geometries, we can generate a manifold wrapper and perform contact editing on the wrapper as
normal. Once complete, the points can be projected back to the articulated meshes via closest
point queries [Sawhney 2021]. The resulting optimization pipeline can then be performed
normally.

Figure 5.6 shows an example of quickly drafting multiple grasps on di�erent parts of the
bunny quickly by taking advantage of hierarchical composition. In this case, multiple contacts
were painted on to the hand, composed together, and then mapped to di�erent areas of the
bunny with a few mouse clicks. Our as-isometric-as-possible transfer process adapts well to the
di�erent geometric features on the bunny surface.

5.4.2 Di�icult Grasps on Higher Genus Topologies

Routing multiple �ngers through holes and around handles is an especially challenging task due
to the large number of inter-object and self-intersections generated during traditional posing,
many of which would require movement of the palm and a subsequent total repositioning
of the �ngers in the updated state to resolve. Figure 5.7 shows two examples. Using contact
areas allows the animator to designate which parts of the handles are desirable for contact and
automatically generate a pose for the palm optimized for the desired grasp. Di�erent �ngers
can also be routed towards speci�c handle regions to reduce self-intersections, while automated
computation of the palm location can determine the optimal base pose position required to
produce such a routing.
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(a)

(b)

Figure 5.7: Challenging grasps generated using our method (a) curling the fingers around the clu�ered
interior of a genus-1 mug handle and (b) between the two holes of a pair of genus-2 scissors.

5.4.3 Rapid Grasp Transitions

Figure 5.8 illustrates a sequence of transitions between multiple pitching grips, each of which
was constructed through direct manipulation of contacts on the surface of a baseball. Each
transition required exactly three manipulation operations: two translations and one rotation to
go from the knuckleball to the fastball, and three translations to move from the fastball to the
curveball. The entire sequence was generated by an untrained animator using reference photos
in less than an hour after initial scene setup. Subtle details, such as closing the gaps between
�ngers, were made by creating corresponding contact patches on di�erent �ngers of the same
mesh.

5.4.4 Dra�ing Animations

We can also use the discussed static grasp framework for creating simple animations through
joint-space linear interpolation. We discuss three interesting use cases: changing the hand pose
in between a �xed set of contacts, changing the hand pose with respect to object scale, changing
both the hand pose and the contacts together, and �nally extending grasp synthesis to full body
posing.

Just as we can typically keyframe poses, we can also keyframe parameterized contact
distributions. For ones that do, we can simply create new contacts at a desired later keyframe.
In such instances where the number of necessary areas to draft are relatively small and joint
space interpolation between computed grasp solutions is limited to “nearby" con�gurations (e.g.
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(a) (b) (c)
Figure 5.8: Our technique can create smooth transitions between multiple baseball pitching grips,
including a (a) knuckleball, (b) two-seam fastball, and (c) curveball.

transitioning between grips on a baseball), this type of work�ow is highly e�ective. Figure 5.8
illustrates a compelling example of such a use case.

Figure 5.9 illustrates and example showing adaptation to changes in object scale. This
sequence was constructed using 4 keyframes in under 45 minutes by an inexperienced animator,
and in particular highlights the advantage of hierarchical composition. To do so, we transferred
a �xed set of hand contacts – the same ones in Figure 5.6 – to an identical starting point and
axial direction of the sphere at each scale, and use the solution from the previous keyframe as a
prior for the subsequent frame to reduce optimization time.

Figure 5.10 illustrates a manipulation sequence used to pull a box of sugar o� a kitchen shelf.
Since contact distributions are strongly associated with a particular time of the object trajectory,
it is easier to simply interpolate the contact regions and solve for the grasps automatically rather
than keyframe contacts directly. Contact area interpolation also allows �nger-grained control
over hand posing during intermediate solves.

Finally, although we have primarily considered manipulator-object interaction in this paper,
the general-purpose nature of our contact formulation permits application to arbitrary contact-
rich contexts. Figure 5.11 illustrates an example in which various parts of a full body are
designated to make contact with the chair and �oor. To animate this sequence from the initial
standing position after specifying the contact sets, we start by �xing all joints and solving for the
position of the root joint at the center of the pelvis. Next, we unlock the lower body and solve
for the leg positions which align the feet with the �oor. Finally, we unlock the left and right arm
subsystems and solve in order to bring the arms inward. Another use case is to minimize foot
movement during the in-betweens of the sitting procedure, which we can do by solving for the
foot contacts while the remainder of the upper body continues with the sitting interpolation.
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Figure 5.9: Demonstration of a manipulator adapting its grip in response to variance in object scale.

Figure 5.10: Demonstration of using the method to quickly approximate a kinematic grasp time series
spanning a full simple manipulation of pulling a box of sugar o� a kitchen shelf. Poses for successive
manipulation steps can be generated quickly due to the inclusion )? and contact area interpolation.
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(a) (b)Figure 5.11: Result of applying our method to designate contacts on a full body (a) in preparation for
si�ing in a chair and (b) se�led into the final pose.

(a) (b) (c)

Figure 5.12: Catastrophic failures resulting from the removal of optimization terms, including (a) distance,
(b) normal, and (c) prior penalties.
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(a) (b) (c)
Figure 5.13: Contact sets used as the basis for pose solution comparisons using (a) our axis based area
model (b) a curve-only model and (c) a single point model.

5.4.5 Ablation Studies
To demonstrate the necessity of each term in Eq. 5.1, we performed an ablation study in which
each optimization term is individually removed. Figure 5.12 illustrates the results of the study.
As anticipated, removal of any terms results in catastrophic failure.

Removal of �⇡ removes all incentive to progress towards the contacts, resulting in failure to
even reach the desired object. Removal of �# permits negligence of the geometry at the contact
point locations, which creates ambiguity in distinguishing the object interior and exterior. This
omission caused the tentacle to �nd a solution which conformed to the inside of the pole during
part of the wrap rather than the outside. Finally, removal of �% commonly results in highly
undesirable pose artifacts such as contorted �ngers and large regions of self-intersection. We
note that this omission is particularly problematic in the context of unconstrained problems
where there is otherwise no quantitative regularization to prevent unnatural behaviors from
emerging.

5.4.6 Comparison with Single Point Contact Model
We also perform a comparison of the solutions generated by our optimization framework utilizing
contact areas against both traditional single point IK and a “curve-only" variation inspired by
the Line of Action [Guay et al. 2013]. Figure 5.13 illustrates the contact sets used as the basis for
each solution. Full contact areas were approximated as single points and curves respectively on
a best-e�ort basis. We found that responses were fairly consistent regardless of curve or point
placement in ambiguous cases such as the large palm contact. Corresponding object points were
selected individually in the single point formulation and were transferred using our axis-based
solution in the case of the curve and area formulation, where the curve itself was used as the
axis in the former case. All solutions were computed from same start pose using the same solver
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(a) (b) (c)
Figure 5.14: Poses computed using (a) Our axis-based area model (b) A curve-only model and (c) A single
point model

and number of iterations, but note that weighting coe�cients _3 , _= , and _? had to be altered to
account for di�erences in point density. Speci�cally, the values used are:

Table 5.1: _ weighting values used to generate results in Figure 5.14.

_ Weighting Values
_3 _= _?

Single
Point 3.5 6.1 10.0

Curve Only 1.0 1.2 10.0
Full Area 1.0 1.0 10.0

Figure 5.14 illustrates the poses computed under each formulation, while Table 5.1 provides
the weighting coe�cients used the generate the results. We note that both the single point
and curve-only formulations resulted in solutions which produced highly unnatural �nger
con�gurations or signi�cant penetration between the palm and the object respectively. The single
point formulation also required extensive testing of contact point placement and hyperparameter
tuning even to produce a somewhat similar result and was highly sensitive to changes, while
curve and area formulations were less sensitive to changes. Importantly, we note that the choice
of _-values for the area based contacts not only produced the result in Figure 5.14, but also
every single grasp result shown so far. The curve formulation also notably converged to
similar solutions regardless of how the palm curve was oriented, assuming the number of points
comprising the curve stayed the same.

We hypothesized and veri�ed that the curve and area formulations produce similar solutions
if contacts are con�ned to regions with an implicitly de�ned orientation (e.g. �ngers only). The
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failure of the curve formulation to generalize to regions such as the palm, however, underscores
a general limitation: given two curves of the same length, it is not possible to non-uniformly
weight the importance of one curve over another without either arti�cially making one curve
sparser than the other or introducing more hyperparameters to adjust the weighting. In contrast,
an area formulation implicitly provides non-uniform weighting capability by design. We note
this observation to be particularly valuable in the context of artist tools since users already
make this designation during creation of the contact areas themselves, which improves overall
intuitive understanding of tool usage in comparison to tweaking weighting hyperparameters.
Additionally, the results demonstrate that, more generally, an abundance of correspondences is
valuable in addressing several well-known drawbacks in IK solvers.

5.5 User Studies
We conducted a small user study to gage the e�ectiveness of our plugin in the hands of real
animators.

5.5.1 Subject Recruitment and Distribution
Five subjects over age 18 were recruited from a combination of channels including internal
university mailing lists, in-class announcements, and referrals. Subjects were expected to have
basic working pro�ciency in Maya, including the ability to control rigs and change camera
views. Three out of �ve subjects came exclusively from an art background, while two had some
technical background.

5.5.2 Setup
Participants were asked to partake in three one hour sessions and were compensated with a $20
Amazon gift card at the end of each session for a total of $60 per subject. Participants were asked
to watch a 9 minute tutorial video prior to attending the �rst session but were not informed of
session details in advance. All studies were conducted in-person with a proctor present during
each session. Each session was conducted on a single workstation running an Intel i7 3.1 GHz
processor with 8 GB of RAM. Sessions were screen-recorded without audio to limit exposure of
personally identi�able information (PII). Participants were additionally provided a Maya scene
with a skinned and rigged hand asset, a 3D digital scan of a physical object, and the physical
object itself as reference material. 3D scans including geometry and textures were collected
using an Artec Space Spider1. Participants were permitted full internet use during each session
and were permitted to ask unlimited questions. Figure 5.15 includes all objects used during the
studies. For simplicity, and to reduce the learning burden, we provided subjects access only to
the default vertex selection paintbrush already included in Maya due to the high polygon counts
of the 3D scanned meshes.

In the �rst session, participants were given an object by the proctor and asked to create as
many good quality, natural looking poses as possible using the provided hand rig and object

1https://www.artec3d.com/portable-3d-scanners/artec-spider
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Figure 5.15: All user study items

mesh. Participants were then asked to recreate the same poses on a best e�ort basis in the
second session using view-only replicas of their original poses. Participants were tasked with
performing the �rst and second sessions either using our plugin or existing Maya tooling only.
The order of tool usage was randomized to reduce ordering bias. In the third session, participants
repeated the �rst session procedure but were allowed to select any object in Figure 5.15 and
use our tool as much or as little as desired. In an e�ort to simulate a production work�ow,
participants were not allowed to modify the provided hand rig, skinning weights, object or
hand geometry, or asset scales; however, subjects were allowed to perform rigid transformations
to the object or rotate any of the hand joints. Each subject was played an audio recording of
directions at the start of each session and was sent a survey at the end.

Subjects were given access to the tutorial video and a textual reference during each session in
which our plugin was used. Although participants were told to create as many high quality poses
as possible or replicate as many poses as possible in the previous session using the plugin, our
primary intention in the �rst plugin session was to provide subjects with hands-on experience
with our tool, and in particular the processes of creating, manipulating, and clearing contacts,
using and observing the optimization process, and navigating the general UI layout. To test
the intuitiveness of plugin usage, we further randomly subdivided the �rst plugin session into
two pools: participants in the �rst pool were provided guided suggestions by the proctor for
exploiting plugin features, while those in the second pool only received answers to queries.

Rather than requiring users to designate an axis during contact creation time, we provided
users with an automatically computed initial default axis to use with any newly created contact
patch. We tried two methods for computing a default axis. In the �rst method, we simply connect
the two furthest points on the patch with a geodesic. In the second, we use an approximation of
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the patch’s medial axis as the default axis: we use the heat method [crane2017shm] to compute
a smoothed distance �eldD from the boundary of the patch, compute the gradient rD, and record
points where rD changes direction by an angle of more than c/2 as points on the (smoothed)
medial axis. These points were then greedily connected into a curve using Dijkstra’s algorithm.

5.5.3 Study Results
Our �ndings were exciting and in some cases surprising. Although the subject pool was small,
the response was generally positive. We elaborate upon detailed observations, positive feedback,
and criticisms in the proceeding paragraphs.

One subject opted to use our plugin as a “last-mile" solver by painting contacts after creating
an initial pose manually, while the remainder, as expected, used our plugin as a “coarse" solver
by instead painting contacts in the beginning, solving for the pose automatically, and making
minor adjustments manually at the end, if at all. 100% of subjects opted to paint contacts on the
hand �rst and subsequently transferred them to the object. Three subjects opted to change the
auto-generated default axis to an orientation consistent across all contacts. The remaining two,
who opted to keep the default axis in all cases, opted to bring the object close to the hand before
transferring contacts. All subjects could easily tell when transfer results were undesired and
were able to quickly alter orientations via contact rotation. Subjects who heavily used contact
rotation and translation did so with �ne-grained movements and expressed satisfaction with
the result. Local deformation was used sparingly. Three subjects opted to start from scratch
for each new pose, while two chose to return to a template contact distribution for re-use
across multiple poses and expressed interest in having an existing library for common regions
such as �ngertips or upper palm regions. All subjects that made �ne-grained adjustments post
optimization did so through manual rig adjustment rather than creating or modifying contacts.
With the exception of one subject who created very sparse contact sets, users never modi�ed
any weighting hyperparameters. All subjects opted to visualize the optimization progress to
understand how the �nal solution was generated and, more interestingly, how they could modify
variables such as object or contact placement to produce even more desirable results.

Despite the large variance in usage across even a limited subject pool, the response from all
subjects in the third session was positive. One subject opted to use the plugin exclusively during
the third session, and the remainder chose to use both toolsets together. 100% of subjects claimed
the plugin would be useful to other animators and found the tutorial video alone su�cient
for using the tool regardless of whether guided suggestions were provided in the introductory
session. The response to optimizer-generated poses was generally positive – most subjects were
very satis�ed, while some opted to make minor changes after completion.

Dissatisfaction and criticisms were consistently associated with one of three issues: solutions
to di�cult optimization problems such as those which involved very large wrist movement,
contact transfers to object locations with vastly di�erent curvature than the source region, or
generic UI layout and the lack of hotkeys. Subjects who understood optimization limitations
deliberately tried to push the limits of the solver, while those who encountered some unwanted
artifacts usually just modi�ed the object transform slightly and re-solved. We also found that
neither of our default axis generation methods were really successful – regardless of the default
axis provided, subjects either preferred to create their own axis or opted to move forward in
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spite of, rather than aided by, the generated default axis.
While the subject pool was small, these results do suggest that our tool is intuitive and

predictable, and more importantly that those results held true across users with di�erent existing
skill, users with limited technical background, and in a variety of usage patterns. We found it
especially encouraging that many subjects approached us directly after the �nal session and
asked when the plugin would be available publicly, and even moreso that the inquires came
from heavy Maya users. Figure 5.16 illustrates a number of results fully generated by subjects.

5.6�alitative Assessments
To assess the quality of user study results, we additionally conducted a round of qualitative
assessments.

5.6.1 Subject Recruitment and Distribution
We published and distributed a survey online to a total of 65 individuals with a background
or interest in animation via a combination of internal mailing lists, individual outreach, and
class announcements. We also solicited the individual response of an expert animator with ten
years of experience. Subjects were required to be over age 18. All subject information, with the
exception of the expert animator, was kept anonymous.

5.6.2 Setup
We collected 12 poses generated by users from the previous study which used our plugin in a
substantial capacity and 12 poses created using fully manual FK tooling. Poses were selected
based on overall quality by an internal review process.

Each pose generated using the plugin was paired with another using only manual tooling
primarily by user study subject ID, secondarily by item, and lastly at random with results from
other subject IDs. Importantly, we note that the decision to primarily group by subject ID rather
than object was to calibrate for individual skill level, both with respect to existing experience
and the level of familiarity with our plugin vs. existing tooling. Since poses using the plugin
were largely sourced from the third session (e.g. where subjects were allowed to choose their
object), nearly all pairs present non-corresponding items. Our results therefore assess the general
ability of an individual subject with and without access to our plugin, which we consider more
meaningful than comparing results between subjects.

Survey subjects were presented with 12 pairs of images in A/B format spanning each of the
following categories:

• Overall visual appeal

• Realism / physical plausibility

• Complexity

• Natural appearance
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Figure 5.16: Subject results generated using our plugin in a substantial capacity.
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Answer choice and category order was fully randomized to reduce ordering bias. Subjects were
required to provide a response to all questions in order to receive credit for completion.

5.6.3 Assessment Results
Table 5.2 tabulates the results of the study, where each answer choice is awarded a score of +1
for a win, 0 for a loss, and 0.5 for a tie. Selections were required to have a vote di�erential of 4
or more to be considered the majority choice.

Table 5.2: Qualitative study results

Qualitative Study Results
Plugin
Score

Manual
Score

Overvall
Visual Appeal 8 4

Physical
Plausibility 6 6

Complexity 4 8
Natural

Appearance 6.5 5.5

The expert opinion was relatively consistent with aggregate results. Speci�cally, 9/12 plugin
poses were preferred for visual appeal, 8/12 for physical plausibility, 4/12 for complexity, and
10/12 for natural appearance. Overall, poses generated by the plugin performed as well, if not
better, than fully manual posing in a majority of categories. Importantly, we note that the loss
in complexity is expected since users were exposed to the plugin for the �rst time during the
previous sessions. We note that poses such as those in Figure 5.7 are possible to generate, but
require more experience. However, performance in the remaining categories clearly indicate
that our tools have a substantial impact on pose quality.

5.7 Drawbacks and Limitations
Although our tools enabled the creation of numerous high quality solutions, they do contain
a number of limitations. For example, patch transfer can produce unexpected results if there
exist points ? on the patch and @ on the axis such that 3" (?,@) < 3" 0 (?0,@0), i.e. the geodesic
distance between ? and @ on" does not equal the distance between their corresponding points
?0, @0 on"0; Figure 5.17a illustrates such a failure. However, the user can draw an alternate axis
that yields the expected results (Figure 5.17b).

Our contact model is currently not well-suited for grasps that do not have sizeable areas of
contact with the target object as well as grasps that span concavities or holes, such as the rim
of a glass or the holes of a button. While possible to model the contact as a set of many small
patches, patch transfer and manipulation will be more susceptible to error. Another possibility
is to convex-ify the surface, but this approach sidesteps the problem. We also note that our
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Figure 5.17: (a) Our transfer method can produce large unwanted distortion if the axis (magenta) is drawn
such that the patch parameterization depends on geodesics expected to travel outside of a non-convex
domain. (b) However, desired results can still be obtained by simply choosing the axis to lie entirely
within the patch region.

Figure 5.18: Although the geodesic tracing step of our transfer process is not directly applicable to
nonmanifold and disconnected surfaces, contact transfer can still be achieved between such surfaces via
the use of a manifold o�set mesh. Parameterization and transfer occurs between the o�set surfaces, and
patches are transferred between the original and o�set surfaces via projection. O�set surfaces in this
figure were constructed using the “shrinkwrap” modifier in the open-source 3D so�ware Blender.
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optimization method, as illustrated by Figure 5.14(c), struggles when contact information is
sparse, particularly in disambiguation of multiple solutions or resolution of uncanny artifacts.

Our method of contact parameterization and transfer is not designed for contact regions that
belong to multiple disjoint surfaces, such as a �gurine with separate layers of clothing. However,
transferring such contacts is still possible under our framework. One option is to separately
parameterize and transfer each portion of the contact region that belongs to a di�erent surface.
Alternatively, one can construct a single o�set surface that encloses all components of either
the source or target surface, project the contact region to/from the o�set surface, and perform
contact parameterization and transfer between the o�set surfaces. On the other hand, transfer
via a proxy surface often induces additional inaccuracy (see Figure 5.18). Robustly handling
multi-component surfaces remains a challenge for future work.

Our solver produces locally optimal solutions only and struggles with �nding solutions
which require large amounts of wrist movement. User study subjects expressed little concern
with this limitation in practice since modifying the object transform or moving the wrist or
object into a more favorable start position required minimal e�ort; however, increased sensitivity
to initialization renders our approach more problematic in automation-focused settings.

Other shortcomings involve the work�ow of working with contacts. This issue was especially
prevalent in non-human hands since the animator was expected to internally visualize the contact
set without being able to replicate the pose themselves in the physical world. Maintaining �nger
spacing during transfer proved challenging as well, although hierarchical transfer partially
combats the problem.

Two areas of future work are to reduce the time taken to draft contacts and extend our pose
drafting capabilities to both full animations and VR / AR. Libraries of contact sets could assist
with the former; however, full prediction is a notoriously challenging problem which requires
a more extensive exploration into learning-based methods. The latter would likely require
formulation of new interfaces, as our posing tools currently do not account for items such as
interpolation, motion smoothness, or mid-air contact painting. We are excited by applications
such extensions will enable.

5.8 Summary
We have presented EAD artist tools which enable intuitive modeling of high complexity, contact-
rich manipulator-object interactions through the direct manipulation of contact areas. Our tools
make extensive use of the AE contact model, which we demonstrate to be scalable to large
contact regions, highly robust to the choice of axis and surface sampling variations, and capable
of providing real-time, robust, and predictable updates in responses to edits including dragging,
rotation, hierarchical composition, and transferring between surfaces. We have also introduced
an optimization framework that is scalable to high DOF manipulators through two modi�cations
of an existing formulation. Combined, our framework provides the �rst direct and responsive
means of working with contact regions, which we demonstrate can lead to the synthesis of high
quality results while allowing animators to retain full artistic control.

k
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Kinematic Motion Retarget-
ing

U
� until this point, we have only discussed contact areas in the context of grasping.
Although we brie�y touched on extending grasp generation to the drafting of
simple manipulations, we have yet to examine motion in a substantial capacity.
In this chapter, we examine using contact areas in conjunction with motion
capture (mocap).

6.1 Motivation
Advancements in mocap technology have made it possible to collect motion data at high levels
of detail, including large scale body movements and �ne-grained hand movements together in a
single capture [Romero et al. 2017; Taheri et al. 2020]; however, using this data is still di�cult
because the targeted embodiment for the data is almost never the same as the demonstrator. For
hands in particular, retargeting – transforming the motion of one embodiment into another – is
often required because of the large variety of di�erent hand models used in practice and the
precision required to make grasps, especially those with many points of contact, look compelling
(e.g. Figure 6.1).

There are primarily two ways of performing the retargeting: proactively or retroactively.
Proactive retargeting, also commonly known as tele-operation, involves mapping the motion
— typically modeled as rotations of joints in a kinematic chain — of the source embodiment
(typically a human) to the desired target embodiment before any data is collected. While proactive
retargeting provides the bene�t of automatically generating motion for the target embodiment, it
requires signi�cant upfront investment and is not reusable — if motion needs to be collected for
a new embodiment, a brand new capture must be performed. Retroactive retargeting addresses
these drawbacks by instead synthesizing the motion of the target embodiment after the data has
been collected. By doing so, retroactive retargeting provides scalable data re-usability; however,
it trades o� collection overhead with downstream processing complications.

In the context of hand-object interactions, common post-processing artifacts include motion
misalignment or lack of contact – both of which are di�cult to repair even for a highly trained
animator. Complications are further compounded when the target hand di�ers substantially
from the demonstrator, whether that includes di�erent �nger proportions, degress of freedom
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Figure 6.1: A collection of diverse hand models and some interesting motions synthesized for them.

(DOFs), or number of �ngers.
The lack of reliable retargeting methods for retroactively retargeting contact-rich hand

motion data remains a bottleneck for multiple communities. In �lm and game production,
considerable animator time is spent customizing common manipulations to di�erent character
rigs. In robot learning, the di�culty in adapting existing manipulation data to di�erent hands
contributes to the data sparsity problem [Sivakumar et al. 2022], which in turn limits the
feasibility of supervised and semi-supervised machine learning algorithms. A standardized
approach for re-purposing existing data, and in particular data easily collectible from humans,
would provide a much-needed solution for a broad range of applications. We propose such an
approach through the exploitation contact areas.

6.2 Approach
Our retargeting pipeline is shown in Figure 6.2 and can be divided into the following steps:

1. Extract a dense corresponding set of contact areas between the object and source hand
per frame

2. Procedurally transfer all contacts from the source to target hand across all frames

3. Estimate an initial trajectory for the target hand using �xed markers and the transferred
contacts

4. Re�ne the estimates to improve temporal consistency
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(a) Source Inputs (c) Contact Pre-Processing (d) Trajectory Estimation 5) Final Result

vi) Virtual Markersv) Axial Curves

2) Bulk 
Transfer

1) Dense Contact 
Pairing

iii) Source Motion Sequence

3) Coarse Estimation

4) Smooth Estimation
...

OR

ii) Hand or Object Contacts

i) Hand + Object Meshes

(b) Retargeting Inputs

iv) Skeleton-Driven 
Mesh

Figure 6.2: Overview of our retargeting framework. (a) Our approach requires inputs of accurate meshes
of the original object and source hand, per-frame contacts on either the object or source hand, and a
complete motion sequence of the source hand. (b) To perform the retarget, we require a skeleton-driven
target hand mesh as well as a set of artist-annotated corresponding virtual markers and axial curves. (c)
A�er recovering a dense set of contacts between the object and source hand, we transfer contacts across
the entire time series and (d) use the virtual markers and transferred contacts to synthesize motion for
the target hand from scratch.
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5. Construct the �nal trajectory through spline �tting

Importantly, our pipeline assumes that the desired solution is one that attempts to match the
interaction mechanics of the source manipulation as exactly as possible. For this reason, we assume
contacts on the object are the same across all hands. We detail the expected inputs and processing
steps in the following subsections.

6.2.1 Inputs
Our method requires existing hand-object motion data as input, which we expect to minimally
include:

1. Accurate meshes of the original object and source hand

2. A set of dense per-frame contact annotations on either the object or hand mesh, which
can be speci�ed by any means (e.g. distance-based metrics)

3. A complete set of frames de�ning the motion sequence

For retargeting to a new hand, we require:

4. A skeleton-driven target hand mesh

5. A set of artist-annotated corresponding virtual markers on the source and target hand

6. A set of artist-annotated corresponding axial curves on the source and target hand

We expand on the required artist annotations and their usages in the following sections. Impor-
tantly, we do not assume any sort of morphological or geometric similarity between the source
and target hand (e.g. identical �nger counts, triangulations, �nger or palm shape, �nger length).
We also do not require the source hand skeleton.

6.2.2 Dense Contact Pairing
Prior to retargeting, we assume a 1:1 correspondence between each hand-object contact point
pair. Contact points are stored as barycentric coordinates to render our approach sampling
agnostic, and thus robust, to variances in triangulations across di�erent meshes. This approach
ensures that data can be collected and transferred from a coarsely triangulated hand (e.g. the
MANO hand [Romero et al. 2017]) to arbitrarily �ne or irregularly sampled target hand meshes
without risk of discretization error from vertex clamping.

In the event of only one dense set being available, we can generate a corresponding dense set
through raycasting. We trace contacts out from source mesh locations along element normals
until the opposite mesh is intersected, automatically generating a paired barycentric point. In
the event of penetration, we invert the trace direction and retry. Points which do not intersect
the opposite mesh or are further apart than an n-metric can be considered errors and discarded.
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6.2.3 Hand Shape Matching
In the previous chapter, we proposed a method of computing hand poses if we know the
corresponding contact area distributions between the hand and object. Although we have
obtained such correspondences by a procedural method in this context, we only know the
distributions on the source hand. However, if the contact distributions on the object stay the
same, then we can preserve the correspondences on the target hand by transferring the contact
distributions from the source hand to the target hand surface.

But there are three complications when we consider full manipulation motions instead of
only grasps. First, the motion can contain sub-sequences which may not contain any contact
data whatsoever – for example, during phases when the hand is approaching the object or
after the object has been released. Second, motions can be comprised of hundreds, or even
thousands, of data frames. Third, depending on the method used, it is possible that the contact
areas generated may not have labels at all. The second and third complications can therefore
render the manual transfer of contact distributions between source and target hands by an artist
impractical.

We propose addressing these problems by systematically shape matching the source and
target hand shapes. Concretely, we require a one-time sparse set of artist annotations consisting
of virtual markers and axial curves. Virtual markers help to de�ne hand pose in situations
where contact information is sparse or completely absent (problem 1), while axial curves enable
scalable and customizable contact transfer across the entire time series without the need for
labels (problems 2 and 3). We expand on both annotations below.

Virtual Marker Alignment We de�ne virtual markers as an arbitrary collection of �xed
corresponding sets of mesh points between the source and target hand. Markers can either
be traditional single points or areas. In the former case, aligning virtual markers for pose
computation reduces to traditional keypoint-based IK solving consistent with existing literature
[Dasari et al. 2023; Qin et al. 2022; Sivakumar et al. 2022; Wei et al. 2023; Humberston & Pai
2015]. Area-based correspondences can be generated by applying our previously proposed
contact transfer approach to produce an automatic mapping between such markers, which
can be viewed as analogous to matching “contacts" in mid-air. Notably, however, an area-
area con�guration requires both sets to contain a 1:1 correspondence of discretized elements.
Heterogenous mappings between single point and area based markers are also possible and
trivial to designate as a one-to-many association under this modality. Figure 6.3 illustrates
each con�guration and instances where hetergeneous and area-based correspondences may be
bene�cial.

Contact Alignment Unlike markers, contact distributions are dynamic and can vary greatly
between motion frames. We propose modeling bulk transfer as non-isometric shape matching
problem, with the key insight to be formulating the correspondence as being governed by an atlas
of multiple coordinate charts [Jost 2008]. Atlases can be comprised of one or many coordinate
charts, provided the union of all charts generates a cover of the underlying manifold [Jost 2008].

Techniques targeting transfer of global media (e.g. textures), however, typically consider only
single chart correspondences and require careful landmark placement to use e�ectively. Multiple
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(a)

(b)

Figure 6.3: Virtual markers can be configured as traditional single-point one-to-one, or alternatively (a)
heterogeneous many-to-one, or (b) dense, area-based configurations. Configuration (a) can be utilized to
model uncertainty between virtual marker locations between di�ering source and target hands, which
can be useful when finger link lengths are di�erent sizes. Configuration (b) can be used to weight
the importance of matching the deformed hand states over large regions, which can be useful when
deformation behaviors diverge despite similar link lengths.
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(a) Palm Source (b) Thumb Tip Source
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Figure 6.4: (a) When examining geodesic distance and outgoing tangent vector direction from a landmark
point on the palm, clusters of contact points are clearly separable. (b) Viewing the same distribution
from a landmark on the thumb tip cleanly isolates thumb contacts from those of remaining fingers,
allowing us to easily introduce discontinuities to filter out the remaining contacts and subsequently
perform arbitrary transformations exclusively on the isolated distribution.

chart correspondences are uncommon in such contexts because careful handling of interpolation
across transition regions [Jost 2008] and hard chart boundaries is required to maintain global
smoothness. Additionally, we found that the inherently high sensitivity to landmark placement
makes it challenging for artists to accurately predict and intuitively understand incremental
responses to such edits during annotation.

The highly local nature of contact areas, however, allows us to sidestepmany of the drawbacks
of mapping global features. For example, a chart used to parameterize contacts on the index
�nger need not have any in�uence on a chart used for the middle �nger (qualitative semantic
boundary), and a chart for contacts towards the tip of a �nger need not in�uence a chart used for
contacts towards the base (quantitative geodesic distance boundary). Quantitative boundaries
are particularly useful because they can be reliably used even when semantic information is
not provided. Figure 6.4 illustrates such an example, where clusters of contact areas between
di�erent �ngers are clearly quantitatively distinguishable from each other when viewed from
a sample reference point on the palm. It is therefore possible to isolate each �nger region
by introducing a hard discontinuity in the region of separation, allowing for subsequent �ne-
grained control over the parameters of each chart independent of the others. The atlas produced
from the union of such disjoint charts is thus a segmentation of the manifold; however, unlike
typical segmentations of unordered elements, contacts parameterized by any constituent chart
can be fully reconstructed through chart inversion. We select the well-understood logarithmic
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map (logmap) [Schmidt et al. 2006] as the template for each chart due to its low dimensional
parameterization, easy inversion via the exponential map (expmap), and ability to be quickly
and accurately computed via heat di�usion [Sharp et al. 2019]. The atlas of the source hand
manifold ⌦( is thus formulated as:

A⌦(
:= {(*8,k8) : 8 2 [1,"], k8 = ;>6@ (2)}

B .C .
"ÿ
8=1

*8 = ⌦( *8 \*9 = ú 8 8, 9 2 [1,"]
(6.1)

where (*8,k8) represents each of the" constituent charts such that*8 is the subdomain of ⌦(
governed by chart 8 andk8 is the logmap function that transforms contact 2 from barycentric *8
coordinates into logmap coordinates (A2, \2)@ relative to origin @ in the transformed space. We
then postulate the atlas of target manifold ⌦) to be of the form:

A⌦)
:= {(+8,k�1

8 ) : 8 2 [1,"]}

B .C .
"ÿ
8=1

+8 = ⌦)
(6.2)

where k�1
8 = 4G?@2 , which can be computed by tracing a geodesic originating from @ with

parameters (A2, \2)@ . Including the disjoint condition is not necessary because contact-chart
assignment is already determined on ⌦( . Note also that while segmentations of some contact
distributions may not always be clear (i.e. full hand power-grasps), any partition of ⌦( is guaran-
teed to produce a contact point reconstruction on ⌦) . Figure 6.5 illustrates the aforementioned
terms and proposed formulation.

Our formulation requires only the ability to compute Laplacians and geodesics, which
notably are both intrinsic quantities. Unlike extrinsic methods that exploit properties related to a
geometry’s embedding in space (e.g. vertex locations, normals) [Li et al. 2007], intrinsic methods
instead only consider the connectivity of the structure (e.g. triangle angles, edge lengths). The
intrinsic perspective is highly advantageous in the case of hands because such metrics are
isometry-invariant, which can allow us to move data between hand geometries at any point in
time without knowledge of either the source or target hand pose.

We start by determining each region *8 2 ⌦( using a set of " landmarks extracted from
one-time artist annotation. For convenience, we designate each landmark as the origin (@) of
each logmap. We next determine the closest landmark to each contact point (@⇤) using the Vector
Heat Method [Sharp et al. 2019] and MMP [Mitchell et al. 1987] to extract the logmap coordinates
of each contact point (A2, \2)@⇤ . Importantly, automatically determining @⇤ means that we do not
require contact data to be annotated or strictly associated with a pre-determined individual or
grouped set of landmarks as mandated in Chapter 5 while also ensuring that each source chart’s
set of contact points is unique. Notably, while any partition is suitable under our formulation,
our approach of taking the closest landmark to each contact under such an atlas is special in that
it generates an equivalent point partition to that of a geodesic Voronoi segmentation [Herholz
et al. 2017] with the added bene�t of providing an exact method of reconstruction.
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Figure 6.5: Cover generated from a set of landmarks (dark blue), chart boundaries (black), and example
corresponding landmarks on each surface (red, orange, teal, light blue) obtained from annotation. A
sample contact distribution (cyan) within the boundary of embedded chart *8 is parameterized against
the chart’s a�iliated landmark using logmap transform k8 . Inverting k8 allows the distribution to be
reconstructed from the corresponding landmark onA⌦) , while+8 determines the location of the contact’s
new embedding.
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However, rather than requiring landmarks to be provided as individual points, we instead
adopt a curve-based input approach [Gehre et al. 2018]. We select axial curves as the annotation
implementation. Recall that zxial curves contain:

1. a �nite set of points {01, . . . ,0=} 2 ⌦ which in our case serve as landmarks, with a shortest
geodesic 68 connecting each pair of adjacent points (08,08+1) for 8 = 1, . . . ,= � 1;

2. turning angles {q8}=�18=2 , where each q8 is the angle of rotation from the ending direction of
68�1 to the initial direction of 68 , expressed in the tangent space of 08 .

Axial curves also substantially reduce the need for careful landmark placement, automatically
resolve the annotation overhead of consistently orienting the logmap zero angle of all constituent
axis points, simplify the process of designating corresponding consistently oriented landmarks
on ⌦) , and provides a representation that enables straightforward modi�cation of expmap
reconstruction parameters (discussed shortly).

In most typical cases, corresponding axial curves can be easily drawn by an artist; however,
there are several interesting alternate cases we can discuss. In the case of ⌦) having fewer
�ngers than ⌦( , it is possible to safely “discard" unwanted contact groups by setting any +8 = ú.
Similarly, hands with additional �ngers do not necessarily require all �ngers to be used — the
chart nearest the unused �nger simply extends to the region, ensuring a full cover of ⌦) is still
maintained.

To address variations in �nger or palm shape or girth, we introduce an expmap scaling metric
_B (\ ) and reformulatek�1

8 as instead tracing geodesics of the form (_B (\ )A , \ ). This modi�cation
e�ectively permits “deforming" contact distributions parameterized on ⌦( into any shape on
⌦) , although in practice we found that uniform scaling was largely su�cient. Although such a
parameter breaks the assurance of the expmap providing an isometry-preserving-as-possible
reconstruction of contacts embedded by (*8,k8) on ⌦) , as illustrated in Figure 6.6, we note that
such distortion is often desirable to meaningfully capture semantic similarity between geometric
variations.

Finally, we address �nger length variations by altering geodesic lengths of the axial curve
representation to shift relative landmark distances, and by extension the desired locations of +8 .
We therefore introduce one more parameter _0 that can be used to extend or contract the length
of the geodesics connecting the axial curve points on ⌦) . As also illustrated in Figure 6.6, the
combination of _B and _0 enables �ne-grained, predictable adaptation of contact distributions
across even widely varying geometries. Importantly, the �exibility to perform such alterations
is made possible by the atlas model.

We can obtain a corresponding set of landmarks on both ⌦( and ⌦) , as well as hyperpa-
rameters _0 and _B from one-time artist annotation, and propose building on our previously
proposed artist tools to facilitate the process. Contacts across entire manipulation time series
can then be subsequently procedurally transferred between the source and target hand.

6.2.4 Motion Retargeting
We now have all information necessary to synthesize the retargeted motion. We perform the
reconstruction in three steps: (1) estimation of an initial trajectory for the target hand, (2)
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λA,λS > 1

λA = λS = 1
Figure 6.6: Illustration of isometry-preserving-as-possible contact transfer between two widely varying
hand shapes. While unnatural squishing of contacts on the target domain initially fails to model semantic
equivalence between fingers, these artifacts can be mitigated by adjusting _B and _0

re�nement of the initial estimate, and (3) construction of the �nal trajectory through spline
�tting. We use a simple and common objective formulation in all steps for computing solutions
per frame:

)f
⇤ = argmin

)
_<�" + _2�⇠ + +_C�) + _9��

s.t. )R  )  )[
(6.3)

where �" , �⇠ , �� , and �) are the penalty terms, ) is the DOF vector, )R and )[ de�ne the lower
and upper bounds of ) respectively, and _2 , _< , _9 , and _C are weighting hyperparameters.

We next describe each penalty term. We start with themarker penalty (�" ), which encourages
aligning source hand and target hand virtual markers at frame 5 . Assuming " total virtual
marker points, the marker penalty is de�ned as:

�" =
"’
<=0

�"⇡,< (6.4)

where �"⇡,< represents the !2 distances between corresponding marker points. Next is the
contact penalty (�⇠ ), which encourages aligning target hand and object contacts at frame 5 .
Assuming ⇠ total contact points, the contact penalty is de�ned as:
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�⇠ =
⇠’
2=0

(_23�⇠⇡,2 + _2=�⇠# ,2) (6.5)

where �⇠⇡,2 represents the !2 distances between corresponding contact points, �⇠# ,2 penalizes
deviation from surface normal inversion at the contact points, and _23 and _2= are weighting
hyperparameters. We also include a table penalty (�) ) that discourages hand-table intersection
if a table is present. Assuming S sampling points on the target hand, the table penalty is de�ned
as:

�) =
(’
B=0

<0G (0,��(⇡,B) (6.6)

where �(⇡,B represents the signed distance function (SDF) of the table evaluated at the location
of point s. For simplicity, we use the vertex set of the target hand or its a�liated manifold
wrapper as S. We also assume a box geometry for the table, which allows us to compute the SDF
analytically1. Lastly, we introduce the “prior" penalty (�� ), which serves as a regularizer against
either the default rest pose or the previously existing keyed value at frame 5 . Assuming � DOFs,
we obtain:

�� =
�’
9

�%, 9 (6.7)

where �%, 9 represents the deviation between DOF 9 and its existing value.
We propose performing the motion reconstruction in three stages: initial trajectory estima-

tion, smooth re�nement of the initial estimated trajectory, and �tting B-Splines to the smoothed
trajectory estimates to recover the �nal motion. In the following subsections, “solving" and
“re-solving" both refer to computing the optimal solution to Eq. 9.1.

Initial Trajectory Estimation Since no baseline data is available for the target hand motion,
and we cannot easily obtain a preliminary trajectory through direct joint retargeting, we must
synthesize it from scratch. We do so by �rst estimating a per-frame optimal initial trajectory
estimate over � total motion frames, which we de�ne as:

⇥⇤ = {)0⇤, )1⇤, ..., )L ⇤} (6.8)

Importantly, the above formulation entails that each frame of the optimal trajectory is independent
of the estimates of its neighbors, which runs counter to many existing works that add explicit
conditioning terms on the estimate of the previous pose [Handa et al. 2019; Qin et al. 2021;
Sivakumar et al. 2022]. This crucial distinction is important for mitigating error buildup over long
sequences, which can otherwise cause the estimates of frames later in the motion to converge to
highly undesirable local minima. Independent estimation also allows us to reliably prune poor
locally optimal estimates during later processing stages.

1https://iquilezles.org/articles/distfunctions/
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We propose performing the trajectory estimation in two passes. First, we solve for only root
joint position per frame while keeping the remaining joints �xed in their default positions. We
can seed the current frame estimate from the optimal solution of the previous frame exclusively
at this stage for convenience, and then solve for the full pose per frame in the second pass using
the root estimate as the seed.

TrajectoryRefinement Wenext propose re�ning the estimated trajectory to improve temporal
consistency using �nite acceleration as the smoothingmetric. To do so, we can impose a threshold
E022 and remove all frames that violate the threshold. We then replace each violated frame with
a linear interpolation between its nearest valid left and right neighbors and re-solve. Frames can
then be removed on a per-DOF basis and in a single pass to ensure independence of computation
when re-solved.

However, updating violations can introduce new violations in the resulting trajectory. But
we can perform the re�nement procedure iteratively until either until no further violations are
found or all iterations are exhausted. All unresolved violations at the end of iteration exhaustion
can then be ignored during �tting.

Spline Fi�ing Finally, we can use the re�ned frame solutions as sample points and �t a cubic
B-spline to each DOF across the computed time series, ensuring our �nal solution guarantees
⇠2 continuity. We can select a �xed number of control points and solve simultaneously for both
values and locations in time using least squares pseudo-inverse approximation [Eberly 2005].
This representation also permits artist control over the �tted spline, and better approximations,
at the cost of possible over�tting, can be easily obtained either by increasing the number of
control points or hierarchically compositing splines to reduce error residuals [Lee & Shin 1999].

6.3 Experiments and Results
We validate our framework through demonstrations across �ve di�erent hand shapes and six
motions of di�erent objects. We select the GRAB [Taheri et al. 2020] dataset as the data source
for our experiments, which notably contains all input data required by our method.

Figure 6.7 illustrates all hands used in our experiments, which were sourced as-is from in-
house artist rigs intended for media production and robot manipulators intended for simulation.
The hands span a wide range of kinematic, morphological, and geometric diversity.

Figure 6.8 illustrates the heterogeneous virtual marker sets used for all results, in which the
source hand was allocated a set of single-point markers and the target hand an area-based set.
The annotation procedure is manual but was straightforward for an artist and only has to be
performed once per source and target hand pair. We use all received annotations as-is.

We also obtain a corresponding set of landmarks on both the MANO source hand and all
target hands, as well as hyperparameters _0 and _B , again from one-time artist annotation.
We use the artist tools outlined in Chapter 5 to facilitate the process. Contacts across entire
manipulation time series are subsequently procedurally transferred between the source and
target hand. Figure 6.9 illustrates the received annotations and a representative sample transfer,
while Figure 6.10 illustrates a sample generated result of both the retargeted contacts and
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(a) (b) (c)

(d) (e) (f) (g)

Figure 6.7: All hands used in our experiments, including the (a) source MANO hand, (b) an alternate
human hand, (c) a witch hand, (d) an alien hand, (e) a custom prosthetic hand, and (f) the Allegro
Hand. (g) We retarget demonstrations performed by the source hand to all these hands by procedurally
transferring contact areas over the entire time series via shape matching.

Figure 6.8: Single point virtual marker configuration on the source MANO hand and area based corre-
sponding marker sets on all other hands. We use a manifold wrapper of the Allegro Hand for contact
processing.
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Figure 6.9: One-time axis annotation (top) enables scalable retargeting of original contacts (magenta) to
customized configurations per target hand (cyan). Axis colors indicate matching annotations.

corresponding motion.

We use a uniform set of optimization hyperparameters across all hands and motions, the
same transfer coe�cients for each hand across all motions, and an identical number of control
points per motion across all hands and DOFs. No parameter required careful tuning. We also
did not modify any of the generated DOF spline motion curves in any of our examples.

Figure 6.11 quanti�es the total amount of hand-object, self, and table intersection generated
by our method across all results. To compute these quantities, we �rst determine all penetrating
hand vertices via raycasting as detailed in Section 6.2.2. The resulting points are then clustered
via depth-�rst search on the hand mesh. Finally, we compute the convex hull of each cluster and
extract its volume. Total intersection is de�ned as the sum of all such hull volumes relative to the
total volume of the hand, expressed as a percentage. All reported percentages are overestimates
due to convex hull approximation. Despite not performing any hand-object or self-intersection
resolution, we observe that intersection volumes are nonetheless low. Our results indicate that
contact areas, in part due to their implicit encoding of natural grasp states are viable as a cheap
approximation of both physical motion and intersection minimization in the absence of a full
physics simulation.

Overall, we found the retargeted trajectories to be of generally high quality despite blanket
standardization. Such generalization is particularly notable because results con�rm that param-
eterization of contacts across arbitrary motions is possible without knowledge of distributions in
advance and without customization of landmarks to individual distributions.
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Figure 6.10: (Top Row) Object contacts, (Second Row) source hand contacts, (Third Row) computed
target hand contacts, and (Bo�om Row) source and retargeted hand motion for four di�erent stages of
a complex phone manipulation: (First Column) table pickup, (Second Column) in-hand dialing, (Third
Column) holding for use, and (Last Column) movement back towards the table for release. Although
poses and contact distributions vary dramatically during the manipulation, our method can successfully
produce target hand motion by using source hand contact areas as a foundational retargeting medium.
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Figure 6.11: Plots of all hand-object (green), self (red), and table (blue) intersection.

6.3.1 Extension: Object Substitution

Our method also enables retargeting generic manipulations to di�erent objects. Contact sets can
be generated on new objects through any means of correspondance, including by reversing the
raytrace process from the source hand, tracing from the original object, through di�usion models
[Wei et al. 2023], or, perhaps most interestingly, by using the same atlas-based approach used
for blanket retargeting of hand contacts. The remainder of the pipeline is subsequently applied
normally to produce the �nal result. We illustrate an example in both Figure 6.12 and Figure 6.13
and in the supplementary video of re-purposing an existing apple “hando�" manipulation to a
potato, where contacts on the potato are generated by tracing the original contacts outward from
the apple, and a more geometrically complex gargoyle sourced from the Thingi10K dataset [Zhou
& Jacobson 2016], where contacts are instead retargeted to slightly di�erent con�gurations
using an atlas between the apple and the gargoyle.

6.3.2 Comparisons

We next validate the importance of contact information by comparing our approach against
two existing contact-free methods used in tele-operation: �ngertip keypoint tracking [Qin et al.
2022; Dasari et al. 2023] and functional pose equivalence [Handa et al. 2019]. We use the Allegro
Hand for consistency with the baselines. To isolate the objective formulation, we bene�cially
augment both methods with information about the known full source trajectory. Speci�cally, we
provide access to ground truth root joint estimation, independent pose computation per frame
(Section 6.2.4), and retroactive smoothing of the whole sequence (Sections 6.2.4-6.2.4).
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Figure 6.12: Our method can be extended to accommodate retargeting generic motions between di�erent
objects. Hand grasps successfully make subtle, but important adjustments to adapt to simple shapes
(le�) as well as more dramatic adjustments for more complex features (right).

Fingertip Keypoint Tracking We �rst consider the popular strategy of �ngertip keypoint
tracking. We select four keypoints at the tips of each Allegro �nger and assign them to track the
human thumb, index, middle, and ring �ngertip positions. The corresponding Allegro hand pose
is computed using an existing optimization formulation [Qin et al. 2022], which is equivalent to
Eq. 9.1 and 6.8 with _⇠ = 0.

Functional Pose Equivalence We next consider the strategy of generating an equivalent
functional pose on the target hand, which instead considers relative distances between pairs of
keypoints on each hand and measures equivalence in terms of task space keyvectors [Handa
et al. 2019; Sivakumar et al. 2022]. Speci�cally, we use the objective formulation proposed by
DexPilot [Handa et al. 2019] as the basis for pose computation. Exact keyvectors and detailed
term explanations are available in the cited work.

As illustrated Figure 6.14, we observe that both methods, while capable of producing smooth
trajectory estimates, generally struggle to make contact with the object and produce non-trivial
motion misalignment artifacts. Because both of these techniques have been used for retargeting
in teleoperation scenarios, a person in the loop can interactively correct for errors such as those
shown in Figure 6.14. In contrast, the approach presented in this paper provides results with
good contact without the need for such intervention.
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Figure 6.13: Approximate atlases used to retarget contacts of a hando� manipulation between a simple
apple and a more geometrically complex gargoyle figurine. Axial curves corresponding to each finger
are denoted by di�erent curve colors, while black spheres denote the start point of each curve. Curve
placements on the target surface can be arbitrary and be used to implicitly modify grips on the target
surface to any extent desired.
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Keyvector Retargeting Keypoint Retargeting

Figure 6.14: (Top row) Functional pose equivalence in terms of keypoints or keyvectors visibly struggle
encouraging hand-object contact and motion alignment especially when source and target hand geome-
tries greatly diverge. (Bo�om row) Using contact areas greatly reduces such artifacts.

6.4 Discussion
We were pleasantly surprised to �nd that high quality retargets were possible even with a
uniform set of parameters across all hands, although certain hands were comparatively easier to
retarget than others. Surprisingly, the three �ngered alien hand was the easiest to work with
despite its unusual morphology. Its comparatively thick size was highly bene�cial for limiting
pose estimate uncertainty with respect to both markers and contacts. The only noticeable
drawback was higher relative self-intersection compared to other hands; however, this behavior
was unsurprising since the large majority of these intersections were caused by overlap between
the second and third phalange, which were mapped to to the index and middle �nger of the
human hand — two �ngers which commonly moved together in close proximity within the task
suite we examined. In contrast, despite its more anthropomorphic appearance, estimations of the
prosthesis wrist position were comparatively far noisier due to its thin pro�le. The prosthesis
also exhibited relatively high hand-object intersection for the hammer and stapler tasks, which
we found could be attributed to its small size and limited DOFs. In the case of the stapler, the
prosthesis had di�culty curling �ngers cleanly around the entire object. In the case of the
hammer, as illustrated in Figure 6.15, the lack of a torsional MCP DOF caused the index �nger to
penetrate through the hammer rather than wrapping around the handle. The witch and Allegro
hand were the most di�cult to retarget due to their unusually long �nger lengths, which we
argue is one of the most signi�cant factors in determining retargeting complexity between
hands.
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(a) (b)
Figure 6.15: When optimized from the same start position with the same marker and contact distribution
targets, (a) a 2-DOF MCP joint converges to a solution which penetrates through the hammer while (b) a
3-DOF MCP joint is able to conform to the hammer’s handle with much less intersection. We found that
the torsional DOF was utilized in this particular grip across all hands that included a 3-DOF MCP joint.
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Additionally, although we focus on hands in this paper, we showed that our shape matching
approach is general and can be used to precisely de�ne transfer of arbitrary local data between
shapes. Additional applications include de�ning complex interactions between surfaces (e.g.
between two deformables), adaptable manipulation planning, or movement of entire assets
positioned on one surface to another for surface animation retargeting. We are interested in
exploring additional extensions of our approach to broader contexts in the future.

Finally, we note that we did not receive any hand pairs following an area-area virtual marker
con�guration; however, because our goal in this work was to examine a wide variety of dissimilar
hands, we suspect that the annotator’s decision to use only many-to-one con�gurations is largely
a result of experiment speci�cs. Even the retargeted human hand we used had di�erent �nger
length sizes than the source. Retargeting between human hands of similar proportion or highly
anthropomorphic robot hands (e.g. the Shadow Hand2) may provide a more compelling use case
for area-area con�gurations.

6.5 Drawbacks and Limitations
While e�ective in retargeting motions across a wide range of hands, objects, and manipulations,
our method contains several limitations.

The atlas generated by our shape matching approach is notably discontinuous and non-
di�erentiable, making it unsuitable for gradient computations or transfer of global media such
as smooth functions or textures. Although these properties were not critical to our problem
scope, formulating a ⇠1 atlas would potentially enable a broader range of useful applications.

Our method does not guarantee a retargeted solution free of artifacts. The most common
artifacts were wobbles resulting from leftover trajectory estimation noise or under / over �tting
splines. However, both of these artifacts can generally be resolved by tweaking the acceleration
cuto� for trajectory re�nement or adjusting the number of control points. We found that a �xed
set of parameters was suitable for most motions, but note that further re�nement is possible
with per-hand-per-motion customization if desired.

Our method sometimes has di�culty resolving table intersections in a manner that appears
natural, which can result in uncanny �nger contortions during object pickup and release. This
issue arose in the �ashlight and stapler manipulations by the witch hand, and the problem is
generally more common in unconstrained long-�ngered hands. These observations suggest
that long-�ngered may sometimes exhibit considerably di�erent interaction mechanics than
standard human hands during table pickup tasks, and that additional studies of such interactions
may be bene�cial.

Our motion synthesis pipeline currently treats contact distributions per timestep indepen-
dently and therefore limits the ways in which we can utilize contact information. For example, if
temporal changes between speci�c contact distributions (e.g. an index �nger contact area) were
available, we could use that information to edit the manipulation mid-trajectory in ways that
the original distributions would not permit. This would be useful for correcting artifacts gener-
ated by ambiguous shape mappings such as between the human and alien hand. Alternatively,
knowing how distributions change could allow us to analyze and determine what mode [Cheng

2https://www.shadowrobot.com/dexterous-hand-series/
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et al. 2022] a particular distribution is operating in (e.g. sliding, rolling, etc.) and translate that
information into a control policy for a robot.

Finally, our formulation of matching object contacts from the source hand is generally
less e�ective for hands with large morphological or kinematic divergence from the source
hand. The Allegro hand is a prime example of a challenging retargeting problem because of
its size and limited DOFs. The main di�culty caused by the large size of this manipulator was
greater self-intersection, the likelihood of which is generally higher in larger hands. In such
instances, and in others where the target hand diverges enough to substantially alter the general
expected interaction mechanics (e.g. a human vs. a Barrett Hand3) or with respect to a particular
manipulation (e.g. a pinch grasp on a larger hand vs. a human power grasp), matching original
human contacts exactly may not be the best problem formulation. While we do not assume
kinematic or morphological similatirty between source and target hands for our retargeting
process and demonstrated that our method can still handle considerable divergences, assuming
identical object contacts between hands can be viewed as an implicit limiting factor of our
approach. Addressing such divergences would be an interesting area for future work.

6.6 Summary
We have presented a simple, reliable, and standardized framework capable of kinematically
retargeting contact-rich manipulations to a wide variety of target hands. Central to our method
is the utilization of contact areas, for which we have presented both a novel, atlas-based shape
matching algorithm capable of transferring localized point data procedurally with high control
and precision, and an optimization pipeline capable of utilizing said information to create
high quality retargeted results. We have shown that our method is capable of enabling unique
extensions, including object substitution and visualizing the impact of design parameters. Finally,
we have shown the value of contact information and key aspects of our processing pipeline
through baseline comparisons. A natural next step would be to extend our currently purely
kinematic retargeting framework to incorporate contact dynamics and physical constraints,
which we will explore in the next chapter.

k

3https://robots.ros.org/barrett-hand/
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S
� far, we have proposed ideas for the generation of grasps and high quality
manipulation retargets only considering kinematics. While kinematics is a
natural starting point, there is absolutely no promise that any synthesized result
will actually work when deployed on a physically simulated, let alone real,
system. In this chapter, we explore techniques for addressing this drawback

with the intention of building contact-driven controllers for dexterous robot hands.

7.1 Motivation
Many controllers for dexterous manipulation tasks recently have been constructed using imi-
tation or reinforcement learning. Although the demonstrated results are impressive, many of
these works require extensive o�ine computation, exploitation of task-speci�c assumptions
(e.g. up-facing palm, primarily power grasps, constant number of maintained contacts, primi-
tive objects, etc.), or signi�cant upfront engineering costs (e.g. tele-operation, large scale data
collection).

But what if we could build controllers cheaply from a single arbitrarily sourced manipulation
demonstration conductedwith a possibly di�erent hand? In particular, demonstrations for human
handmanipulations are already publicly available in high quality motion capture datasets [Taheri
et al. 2020; Fan et al. 2023] and lower quality video datasets [Grauman et al. 2022; Damen et al.
2022]; however, adapting such demonstrations to robot hands is a well-known challenge due to
the retargeting gap. A common strategy is to �rst kinematically retarget the human trajectory to
the robot hand and then solve for the control policy with the retargeted trajectory as a baseline
using imitation [Qin et al. 2022; 2021] or reinforcement [Rajeswaran et al. 2018; Dasari et al. 2023]
learning. Generating a controller using these strategies, however, requires considerable compute
time and resources. The resulting motion can also sometimes yield unexpected behaviors when
rolled out online (e.g. object throwing), which can be challenging to foresee and triage due to
the slow development cycle and black-box nature of the learned policy. We instead propose a
sampling-based online model-predictive control (MPC) approach, which we title ContactMPC,
that explicitly formulates the control policy as the solution to an auto-regressive optimal control
problem. In particular, our MPC approach takes advantage of the kinematic retargeting pipeline
proposed in the previous chapter as well as the retargeted contact area distributions during
online evaluation.
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PCA 
Decomposition Controller

Input Motion 
+ Contacts

Target Hand 
Motion + Contact

Summarized 
Contacts

Physical Simulation

Figure 7.1: Overview of our proposed framework. Starting with a single motion capture sequence with
corresponding dense contact areas, we retarget both the motion and contact disbributions to obtain a
baseline kinematic trajectory. Contact regions are then downsampled to maintain realtime speeds, while
the retargeted motion sequence is decomposed into PCs. The motion baseline seeds the controller, while
corresponding contact distributions are used to evaluate sampling costs.

7.2 Proposed Approach
Figure 7.1 illustrates our processing pipeline, while Figure 7.2 provides a more detailed look
at our proposed controller. Our goal is to generate an online control policy for a target hand
which can be used to execute a task sourced from a single human motion capture sequence. Our
framework can be roughly divided into three stages:

• extract a set of dense corresponding contact regions between the human hand and object
over the motion sequence

• retarget the contacts and generate a ⇠2 di�erentiable kinematic trajectory for the target
hand

• solve an online optimal control problem to execute the task in physical simulation using
the kinematic trajectory as an initial guess

In particular, we address the �rst two steps using our kinematic motion retargeting framework
proposed in Chapter 6. Recall that the output of this framework is a set of B-Spline trajectories
for each DOF of the target hand. We propose computing the principal components of the
resulting retargeted hand trajectory and decompose the original motion curves into a new set of
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Figure 7.2: Detailed overview of our sampling-based controller overview. In our case, samples are used to
adjust control points of the B-Splines representing PC-curves. Final joint torques g are computed by
re-assembling the PC values back into DOF space and executing the desired joint angles via PD control.

time-indexed “PCA-curves", which can then be �t with a new set of B-Splines using the same
number of control points as the original curves. The resulting PCA-curves can then serve as the
initial guess to our online control problem.

7.2.1 Problem Formulation

We assume a standard policy function c which, assuming system state G , agent controls D,
and system dynamics 5 , is de�ned as c (GC ,DC�1) ! DC B .C . GC+1 = 5 (GC ,DC ). In our case, GC is
comprised of the agent con�guration @0 (C), agent spatial velocity §@0 (C), object con�guration
@> (C), and object spatial velocity §@> (C). The general online control problem can thus be de�ned
as:

argmin
G1:) ,D1:)

)’
C=0

; (GC ,DC )

s.t. GC+1 = 5 (GC ,DC ), given G0
(7.1)

where ; is the loss function and) is a constant �nite time horizon. c is thus the running solution
to Eq. 7.1 such that evaluating c from C ...) results in minimal cumulative loss.

We de�ne the loss function as:
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; (GC ,DC ) = _> | |@̂> (C) � @> (C) | |2+
_2 | |2 (@0 (C)) � 2 (@> (C)) | |2 + _E | | §@0 | |2

(7.2)

where @̂> (C) is the expected object con�guration at time C , 2 (@0 (C)) and 2 (@> (C)) are corresponding
time-indexed expected contact distributions on the agent and object respectively, and _> , _2, _E
are weighting coe�cients.

One notable di�erence in our formulation is the control signalD. Typically,D directly controls
the agent actuators (e.g. DC motors, servos, etc.); however, we instead de�ne D as the function:

DC = V)

26666664

⌫" (%⇠0) (C)
⌫" (%⇠1) (C)

...
⌫" (%⇠:) (C)

37777775
+ p (7.3)

where ⌫" (%⇠8) (C) represents 8th B-Spline PCA-curve evaluated at time C , V is the PC-projection
matrix, p is the mean-centering o�set vector, and : is the total number of principal components
used, which by default is set to the total number of agent DOFs. All B-Splines are cubic, uniform,
and represented using a �xed number of control points " pre-determined during the kinematic
retargeting process.

7.2.2 Online Evaluation
We propose using max-selection predictive sampling to solve Eq. 7.1, which is both trivial to
implement and allows 5 to be non-di�erentiable. For a given sample B taken at time C , we �rst
determine the control points impacted by domain [C, C +) ] for each PCA-curve. We can then
perturb all impacted control point with Gaussian noise and evaluate the perturbed trajectories
across all samples ( . The sample of lowest cumulative cost on domain [C, C +) ] is selected and
the corresponding perturbed control points are committed to the nominal policy c . The process
is repeated during every agent planning step throughout the manipulation sequence.

Because B-Splines are entirely determined by control point positions, we can run our simu-
lation at arbitrarily small time steps without escalating problem dimensionality; instead, dimen-
sionality scales with spline degree and time horizon length. For a cubic spline, the entire curve
shape of a knot segment can be determined by 4 control points; therefore, if) is su�ciently small,
the typical problem dimensionality is 4: . Our method is especially favorable in comparison to
the standard dimensionality of : · ()�C)

3C , where 3C must be carefully selected with respect to the
simulation time step.

Finally, the PC-curves from the nominal policy are converted back to DC using Eq. 7.3 to
compute the desired trajectory in DOF space. We then use PD control to compute the �nal
signals ultimately deployed to the agent.

7.3 Experiments and Results
We select 4 tasks for evaluation: doorknob twisting and pulling, apple pickup and hand o�,
water bottle lifting and pouring, and stapler pickup and wielding. We select the Allegro Hand
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Figure 7.3: Illustrations of our evaluated physically simulated control tasks.

PC Sampling, No 
Contact Loss

PC Sampling with 
Contact Loss

DOF Sampling with 
Contact Loss

Apple HandoffDoorknob Twist and Pull Water Bottle Pour

Contact Trajectory Completed Before Failure (%)

Stapler Staple

Figure 7.4: Plots of time-to-failure metrics across all 4 tasks expressed as a percentage of time between
the first and last expected frames of contact per task. Tasks are ordered from le� to right by relative
complexity in relation to system dynamics, with the doorknob being the simplest and the stapler being
the most complex.

as the target agent. To avoid workspace discrepencies between human and robot arms, we
allow the wrist to �oat with three linear actuators controlling the position and three motors
controlling the orientation synchronized using attitude control. We use 128 predictive samples,
a 2.5 second time horizon, and 1 and 10 millisecond timesteps for the simulation and agent
planning respectively. We slow down the original human demonstration by a factor between 5
and 10x. We use a standard Gaussian noise kernel N (0,f2) with f2 = 0.2 for all PCs and f2 = 0
for root DOFs, e�ectively limiting sampling only to hand poses. All experiments were run on a
single Apple M1 chip using 10 parallel threads, of which 7 are used for predictive sampling. All
simulations are run using the Mujoco Engine [Todorov et al. 2012] and MujocoMPC framework
[Howell et al. 2022]. Figure 7.3 illustrates the evaluated task suite alongside the original human
demonstrations.

We consider the time-to-failure metric (TTF) [Qi et al. 2022] for evaluating policy perfor-
mance, with longer TTFs indicating better task performance. In our case, a task is considered
failed when the hand fails to maintain any contact with the object for 300 milliseconds despite
more than six down-sampled expected contacts existing during those timesteps. The assumption
then is that the hand has completely lost control of the object and will be unable to recover.
Each task was repeated 50 times.
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Green boxplots in Figure 7.4 illustrate the results of our method across all tasks. We also
ablate our approach by considering an alternate cost formulation which does not include a
contact correspondence term, as well as a more typical sampling strategy over the original
joint con�guration space with each DOF f2 = 60°. Blue and red boxplots in Figure 7.4 illustrate
results for each ablation respectively. Although we observed that ablations were competitive
on “simpler" tasks such as the environmentally constrained doorknob, performance rapidly
deteriorated with increasing task complexity. However, the inclusion of our contributions
consistently resulted in longer TTFs across the entire task suite.

7.4 Discussion
We were pleasantly surprised to �nd that, despite its simplicity, our proposed formulation was
capable of executing non-trivial tasks. The massive performance gain in comparison to ablated
baseline policies was especially encouraging to observe and strongly validated the importance of
our contributions in relation to getting online MPC from a single demonstration, and particularly
from data sources that are already publicly available, to actually work.

We also observed interesting emergent behaviors mid-manipulation, such as spidering,
sliding, and other non-trivial �nger movements that collectively adjusted objects into more
favorable con�gurations. We argue that expected corresponding hand and object contact
distributions are largely responsible for encouraging such behavior because said distributions
implicitly inform agents how to achieve a desired con�guration from a deviant intermediate
state. Additionally, we saw that sampling over the PC space provides better quality samples
of meaningful synergies than the original DOF space, which, combined with our B-Spline
formulation, helps combat the high dimensionality problem. However, it is currently unclear
why that is the case outside empirical observation.

But our method is not yet reliable. Although we observed nearly perfect completion on the
doorknob task, completion rates for the remaining tasks were less compelling. These results
were unsurprising given the substantially higher di�culty of manipulating free-�oating objects
compared to those which are environmentally constrained. The highly stochastic nature and poor
knowledge retention of rollouts from max-selection predictive sampling over long sequences
also severely impacts the reliability of online evaluations.

Our method also has yet to be deployed in the real world. There are two main hurdles to
address for real-world deployment: online hand-object state estimation, and the �delity of future
state predictions based on real-world dynamics. Fortunately, both problems are long-standing,
widely studied, and have rich existing literatures. Although mutual occlusion problems are
unavoidable in vision-based tracking approaches for dexterous manipulation, one particularly
exciting body of work that has the ability to jointly assist in both of these challenges is tactile
sensing, which has already lead to impressive results in online state estimation [Suresh et al.
2024]. Our method is especially well poised to take advantage of such advancements especially
because our proposed cost function is fairly simple and does not assume smooth dynamics,
require known object mass-inertial properties, or depend on higher order di�erential terms
outside hand velocity. Because our controller also operates fully online, it is feasible to deploy
on device immediately without the need for pre-training in simulation and subsequently dealing
with Sim2Real headaches. Finally, our framework’s design of dealing directly with previously
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collected data as input has the potential to completely circumvent the need for tele-operation.

7.5 Summary
We have presented an online adaptive control framework for complex, contact-rich dexterous
manipulation tasks in physics-based simulation from a single human hand motion. To do so,
we introduced two simple, but powerful contributions within the context of a classical MPC
framework: time-indexed corresponding hand-object contact area distributions as an explicit cost
term, and a search strategy over the B-Spline control points of hand pose principal components.

k
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Applications

T
�� contact models proposed in this thesis have also been utilized in several
compelling applications as part of collaborative e�orts. We will touch upon
two such applications in this chapter: rapid prototyping of hand designs, and
dataset annotation at scale.

8.1 Rapid Prototyping of Hand Designs
Drafting and re�ning prototypes of hand designs is a challenging and time-consuming endeavor.
One particular complication is that the functionality of the hand must typically be evaluated
independently of the task(s) in which it is expected to operate. For example, while it is relatively
straightforward to evaluate a CAD model candidate’s kinematic range of motion in isolation, it
is often unclear how that range of motion will be utilized when grasping a speci�c object (e.g. a
box or �ashlight). This issue is further compounded when the hand exhibits further complexities
such as underactuation or �nger con�gurations that don’t exactly match the human hand. Under
such constraints, it can be challenging for a design to quickly visualize how a particular design
candidate will grasp an object and, furthermore, how changes to the candidate will impact the
result. Evaluating such candidates prior to fabrication o�ers an opportunity to considerably
improve prototyping turnaround times since fabrication and evaluation in the real world is a
highly time-consuming endeavor [Mannam et al. 2023].

Our proposed contact area models provide a means of partially automating the design
candidate evaluation process. Suppose a designer wishes to design an anthropomorphic hand
that can mimic the way a human grasps an object. Although the designer may already have a
design candidate template in mind, optimizing certain critical parameters such as the placement
and starting con�guration of the thumb can be challenging. Rather than having the designer
perform this manually, we can instead supply a concrete task description by means of a human
contact map captured from the real world (e.g. Chapter 9). These contact regions can then be
parameterized on the object and transferred to the hand design candidate, which will then allow
our grasp computation framework (5.3.4) to compute the optimal corresponding hand pose to
match the object contact distribution. If the design candidate’s connectivity does not change,
then the designer can freely update the geometry and kinematics of the design and subsequently
solve for the optimal pose under the proposed mutation.

Figure 8.1 illustrates the proposed iterative design framework. The framework was evaluated
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Figure 8.1: Iterative hand design prototyping framework enabled by contact area transfer and grasp
computation

via a design study of thumb placement with respect to performance across 4 tasks illustrated in
Figure 8.2.

Based on both the computed solutions as well as the hand designer’s familiarity with the
fabrication process and general intuition, candidate (d) was selected for fabrication. Finally, as
illustrated in Figure 8.3, the fabricated candidate was then assembled and successfully managed
to replicate the tasks in the real world via controlled via open-loop poses.

8.2 Scalable Dataset Annotation
Although we demonstrated that our contact-driven artist tools (Chapter 5) were capable of
enabling animators to create high quality results, it is unclear whether such tools are intuitive
enough for a completely untrained user with no existing background in character posing, or
even exposure to 3D modeling software. Previous work has demonstrated that even minimally
trained users are capable of providing high quality annotations of human contact when given a
simple interface [Tripathi et al. 2023]. We were interested to see if a similar interface would also
enable everyday people to utilize our contact-area-based artist tools, which, if successful, would
enable high quality dataset annotation at scale via internet crowd-sourcing.

We tested this conjecture in the context of full-body human pose estimation — a long standing
and high value problem in computer vision. The goal in this work speci�cally was to jointly
reconstruct image-aligned human-object interactions from a single in-the-wild image, which is
an extremely di�cult task given the lack of assumptions which can be made about an image (e.g.
lighting and background conditions, mutual occlusions, baseline human pose, etc.). A second
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Bowl Hand-off Box Power Grasp Lemon Power Grasp Wine Glass Use

(a)

(b)

(c)

(d)

Figure 8.2: Anthropomorphic hand designs featuring a variety of di�erent thumb placements (column 1)
are evaluated for their ability to grasp a bowl (column 2), a box (column 3), a lemon (column 4), and a
wine glass (column 5).

Figure 8.3: Based on the results in the design study shown in Figure 8.2, candidate (d) is selected for
fabrication. All grasps are successfully completed in a pick and place setup using key-framed open-loop
poses that match the results obtained in our simulation.
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Figure 8.4: Sample of generated human pose estimation results grounded via corresponding contact
regions.

and equally challenging issue is the wide variance of object meshes. Unlike the standardized
SMPL human model [Loper et al. 2023], there is no standardization for object meshes (even
within a single object category from widely used public datasets [Chang et al. 2015; Deitke et al.
2023]). Our tools must therefore also be robust enough to work across such variations.

To reduce annotator cognitive load, we limited user workloads exclusively to transfer opera-
tions using the axis contact model. SMPL human body contacts for all sourced in-the-wild images
were �rst generated via DECO [Tripathi et al. 2023] and subsequently parameterized under a
novel, PCA-based default axis generation scheme. Users were then tasked with transferring
the resulting parameterized contacts to an automatically selected object mesh that reasonably
approximated the object in the image. After the annotations were received, an optimization
procedure was performed to both align the human and object with respect to the corresponding
contact distributions as well as jointly against the image.

Figure 8.4 illustrates a small number of results generated using the proposed annotation
pipeline, with the contact regions rendered in each cutaway. We have so far managed to success-
fully crowd source over 3,000 annotations via Amazon Mechanical Turk in relation to a target
goal of 5,000 results, thereby (at least so far) successfully validating our conjecture. Furthermore,
results in comparison to baseline methods [Zhang et al. 2020] so far have also highlighted a
secondary observation: exact pairwise correspondences of individual points comprising cor-
responding contact regions, which we obtain by design from our transfer process, enables
signi�cantly stronger alignment of humans and objects in comparison to general correspon-
dences of all points between regions. Our artist tools therefore do have the potential to provide
signi�cant value in dataset collection pipelines at scale for contact-rich tasks, and by extension
signi�cantly advance downstream contact inferencing for a wide range of applications.

k
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Real World Capture

W
� will now turn our discussion from purely digital contexts to real world set-
tings, starting with capture and reconstruction of contact areas from human
demonstrations. We brie�y touched on two methods of doing so in Chapter 1
and Chapter 2 — one being the approach of Kamakura et. al [Kamakura et al.
1980] which mixed ink and glue to capture contact areas on hands, and the other

being the approach of Brahmbhatt et. al [Brahmbhatt et al. 2019a] of capturing heat signatures
on objects post manipulation using thermal camera imaging. We expand this literature by intro-
ducing two new methods: low cost RGB imaging via thermochromic paint for human-object
interactions (HOI), and tactile-augmented motion capture for human-human interactions (HHI).

9.1 Thermochromic Paint Imaging for HOI

9.1.1 Motivation

Ideally, we would like to simultaneously capture contact areas on the object and the hand during
interaction; unfortunately, doing so is not physically possible due to the mutual occlusions
generated by the contacting hand and object. Instead, we are realistically limited to capturing
the contact signature only on one surface and reconstructing the other.

The ink and glue mixing technique of Kamakura et. al [Kamakura et al. 1980] provides us
a means of capturing the hand signature. After the grasp is complete, the subject can simply
re-pose the hand in a new free-space con�guration which can expose all the areas at once in a
single image. This technique is thus easy and extremely cheap to perform; however, it is di�cult
to recover the object signature.

Thermal imaging provides a path forward for capturing object contact signatures. The
technique is especially e�ective in the case of HOI because internal body temperatures are
signi�cantly higher than the surrounding environment; consequently, interaction with other
objects typically causes heat to di�use into the contacting object and leave clearly visible and
high resolution signatures over short time scales. Brahmbhatt et. al [Brahmbhatt et al. 2019a]
propose capturing this signature with thermal cameras, which image in the infrared rather than
visible light spectrum.

Unfortunately, thermal cameras are notoriously expensive and often sport poor pixel reso-
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Figure 9.1: Capture setup used for thermochromic paint imaging along with (upper le�) pigment and
applicator materials.

lutions when compared to standard RGB cameras. As a concrete example, the Flir A65 1 costs
roughly $10,000 and sports only a 640 x 512 pixel resolution. They also rely on specialized
equipment to calibrate and register when used in stereo applications. These impediments make
it di�cult to justify investing in a thermal camera setup if only a small number of captures are
necessary for a certain task. Consequently, we set out to �nd an alternative means of object
contact capture which required signi�cantly less upfront investment.

9.1.2 Process

We instead propose the use of thermochromic paint for contact imaging. Thermochromic
pigments are commodity items readily available on Amazon or other retailers for tens of dollars.
More importantly, these pigments expose signatures ordinarily visible only in the infrared
spectrum to visible light. As such, signatures can be captured from by standard RGB cameras —
including the widely used Intel RealSense line.

Our proposed imaging process works well with standard PLA 3D-printed objects. After
the print is complete, the objects can be spray painted with acrylic clear gloss mixed with
the pigment. We advocate using a high-contrast pigment (e.g. black to pink) with as low an
activation temperature as possible.

After the grasp is completed, the objects can be placed on a standard turntable and scanned
via an Intel RealSense. Importantly, the turntable and object should be placed past the depth

1https://www.�ir.com/products/a65/
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near-�eld limit to improve point cloud �delity. The camera should be �xed to a tripod and angled
to capture the principal surface(s) contacted during the manipulation. Figure 9.1 illustrates the
suggested setup. No cameras need to be calibrated due to manufacturer provided estimates of
both RGB and depth camera intrinsics and extrinsics.

Since thermal signatures are highly ephemeral, we found it useful to use hand warmers prior
to data collection. The collection should last approximately 10 seconds for a strong signal to
appear. Three assets are required per frame for reconstruction: a �xed scale depth image, a color
image, and a point cloud. Anywhere from 10-12 representative frames from the video should be
su�cient for textured mesh reconstruction.

The entire approximate cost of materials required to replicate our experiments, with plenty
of materials left over, is $300, of which more than 90% stems solely from the cost of the camera
and the motor used to drive the turntable.

9.1.3 Textured Mesh Reconstruction
We follow the methods of Brahmbhatt et. al. [Brahmbhatt et al. 2019a] for registering the imaged
thermal signature to the desired object mesh. The �nal vertex-colored mesh can be generated
using Open3D [Zhou et al. 2018].

First, we segment the point cloud via the following algorithm to isolate the object:

1. Remove the background via z-depth culling.

2. Segment out the base table on which the turntable was placed.

3. Compute the planar convex hull of the base table and its normal.

4. Grow a bounding box from the table in the direction of the normal.

5. Extract all points beyond a speci�ed height within the bounding box.

Post segmentation, the Iterative Closest Point Method (ICP) [Besl & McKay 1992] is used to
register the segmented cloud to the original mesh used to print the object. Point cloud processing
was repeated for the aforementioned 10-12 sampling frames. ICP alignment was then be used
to extract the synthetic camera extrinsic per snapshot. The �nal vertex colored mesh was
constructed from each snapshot’s RGBD image, the corresponding synthetic camera extrinsic,
and the manufacturer calibrated intrinsics via Color Map Optimization [Zhou & Koltun 2014].

9.1.4 Thermal Camera Comparison
Figure 9.2 shows a side by side comparison of the same patch captured at the exact same points
in time as it appeared in the RGB scan produced by the thermochromic pigment as well as the
thermal scan captured via a Flir A65 (cost: >$10,000). Despite the thermal camera’s stronger
signature, the signature is still as clearly visible in the RGB image as in the thermal image.
We also note that both signatures are time sensitive due to heat dissipation and that the loss
in quality was problematic in either imaging process. While using paints and RGB imaging
may present some drawbacks including ambient temperature and illumination sensitivity, our
proposed technique is o�set by the large di�erence in upfront cost.
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(a)

(b) (d)

(c)

Figure 9.2: Comparison of our (bo�om) thermochromic RGB imaging procedure with top a Flir A65
thermal camera at full signal strength (a, b) and a�er heat dissipation (c, d).

9.2 Tactile-Augmented Motion Capture for HHI

9.2.1 Motivation

We have so far only considered contact areas in terms of geometry, correspondence, and kine-
matic operations. However, these perspectives do not provide insight into how forces are
distributed over the areas or how those forces evolve over time. To understand and analyze the
physical dynamics of contact area evolutions, we must �rst be able to capture and reconstruct
relevant data from realistic demonstrations.

There has been a considerable recent push in research focused on jointly capturing motion
and force information from human demonstrations. A wide array of sensing modalities have
been investigated to date, ranging from force-sensitive resistive [Sundaram et al. 2019; Luo et al.
2024] and capacitive arrays [Pressure Pro�le Systems 2026] to more specialized approaches such
as embedded-camera-based [Fang et al. 2025], magnetic [Adeniji et al. 2025; Yin et al. 2025],
acoustic [Mao et al. 2025], and Fiber Bragg Grating sensors [Xing et al. 2025]. But while there
have been signi�cant e�orts centered on examining di�erent hardware modalities, there have
been considerably less e�orts targeting reconstruction of contact areas and forces over time. We
provide one such approach in this thesis, focusing less on the capture hardware and more so on
creating high �delity reconstructions. Our contributions are positioned within the subdomain
of HHI, and in particular the focus task of assisted bathing.
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(a)

(b)

(c)

Figure 9.3: Optical marker configurations used on (a) human subjects and (b) tactile force gloves. (c)
Cameras are floor mounted and positioned in a semi-circle configuration.

9.2.2 Capture

Assisted bathing demonstrations consist of a clinician who performs the bathing task and a
subject on who the task is performed. Subjects were out�tted with 52 optical markers for motion
tracking and encouraged, but not required, to wear dark summer clothing to minimize optical
re�ectance while exposing as many extremities as possible for direct skin contact. Clinicians
were instructed to wear a pair of commercially available tactile sensing gloves [Pressure Pro�le
Systems 2026] and perform bathing motions on the subject’s skin, or alternatively clothing
if skin exposure was not possible, using a hypoallergenic wet wipe. The dorsal side of each
glove was out�tted with 23 optical markers, while the palmar side was out�tted with a layer
of adhesive-backed water-resistant grip material [3M™ 2026] to protect the sensor electronics
from incidental moisture damage from the wipe. The grip material was laser cut into a “tabbed"
pattern designed to maximize surface coverage with minimal impact to range-of-motion (ROM).
Notably, we found that the grip material provided the best compromise between water resistance,
adhesion, and deformability in comparison to other material candidates (e.g. vinyl, silicone).
Figures 9.3 illustrates our capture equipment.

The sensory array of each glove consists of 65 distinct “taxels", or pressure-sensitive pads,
distributed throughout the palmar and digital surfaces. The sensors measure changes in pressure
via di�erential capacitance [Baxter 1997] relative to a baseline taken at the start of each collection.
We assume all forces are normal to each taxel.

Subjects were positioned upright on a stool surrounded by a set of 20 Vicon Vantage-V16
cameras [Vicon Motion Systems 2026]. Clinicians were asked to bathe subjects in the same way
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Figure 9.4: Comparison film strip of a leg bathing reconstruction using (top) MoSh++ [Mahmood et al.
2019] and (bo�om) our reconstruction pipeline. Black arrows illustrate subsequent movement directions.
Our method e�ectively resolves finger contortion and gap artifacts without any significant parameter
tuning.

as they would a patient in a medical or assisted-care facility. Markers inhibiting bathing motions
of speci�c body parts were temporarily removed during captures of those parts.

Each capture consisted of the tracked 3D positions of all subject markers and glove optical
markers, as well as pressure readings from all 65 taxels per glove. Tactile and marker data were
streamed at 10 and 120 Hz respectively and synchronized using Vicon timecodes. All subjects
and clinicians were also asked to perform ROM tests prior to their �rst capture. We ensure all
markers are labeled and have unbroken trajectories.

9.2.3 Shape and Motion Reconstruction
We convert tracked marker positions and force measurements into complete reconstructions of
shape, motion, and contact using a multi-stage pipeline. We �rst utilize the SMPL-X [Pavlakos
et al. 2019] and MANO [Romero et al. 2017] parametric models to estimate each subject’s body
and each clinician’s hand shape parameters from their respective ROM tests using a random
subset of 50 frames, as well as canonical marker position estimates relative to the baseline
shape. We then estimate all pose and corrective blend shape parameters for each bathing capture
trajectory using the MoSh++ solver [Mahmood et al. 2019]. This process e�ectively converts
point-based marker trajectories into complete mesh trajectories of the body and hands.

However, as illustrated in Figure 9.4, the process routinely produces serious artifacts such
as highly contorted �nger poses and major gaps of separation between the hands and body,
rendering it inadequate for high quality bathing reconstruction. These artifacts largely result
from the necessary process of �tting bare-skin hand shape parameters to gloved captures. To
mitigate these inherent discrepancies, we implement a series of straightforward, yet robust
solutions.

First, to combat �nger contortion artifacts, we replace the baseline �tted hand mesh with a
constrained skeleton-driven reduced-DOF model that honors anatomical joint limits [Magee
2013]. We use the same baseline shape parameters and drive the constrained mesh using linear
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blend skinning [Magnenat-Thalmann et al. 1989]. Joint angles are computed per frame using
the following objective:

) ⇤ = argmin
)

_B

+’
8=0

| |E18 � E28 | |22 + _9��

s.t. )R  )  )[

(9.1)

where E18 and E28 represent corresponding vertices of the baseline and constrained hand meshes
respectively, + is the total number of MANO hand vertices, �� is a regularizer against initial
constrained hand pose deviation, ) is the constrained hand DOF vector, )R and )[ are the lower
and upper DOF bounds, and _B and _9 are weighting hyperparameters. We adopt an existing
motion synthesis pipeline to solve for the full trajectory ⇥⇤ of each constrained hand based on
the per-frame pose estimates [lakshmipathy2025kinematic], and refer to this �tting process
as the shape match pass.

We next utilize contact data to combat the gap artifacts. Starting from one-time calibrated
hand taxel position estimates, we estimate corresponding body contact regions per frame using
closest-point queries [Sawhney 2021] and store the trajectories in barycentric coordinates. Next,
utilizing tactile force data, we binarize the signal into activations and �lter out all inactive
contacts. We then perform a second contact match pass by adding a single additional objective
term to Eq. 9.1:

_2

⇠’
8=0

| |2⌘8 � 218 | |22 (9.2)

where 2⌘8 and 218 represent corresponding contact points on the constrained hand and body
meshes respectively, ⇠ represents the total number of taxels per hand, and _2 is a weight-
ing hyperparameter. Final reconstructions are complete following the contact pass. We use
hyperparameters _B = 1, _9 = 50 and _2 = 40 for all captures and 100 iterations per optimization.

9.2.4 Experiments and Results
We used our capture process to collect a dataset spanning six subjects and three clinicians. We
summarize, visualize, and analyze our dataset in the proceeding subsections.

Dataset Summary We used our capture process to collect a dataset spanning six subjects and
three clinicians. Table 9.1 tabulates the distribution of captures across all subjects and clinicians
in our dataset. Subjects ranged in age from 22 to 31 years, with an equal distribution of males and
females. Renders of all reconstructed subject body shape parameters are available in Figure 9.5.
Clinicians were all female, aged 30 to 32 years. The average capture duration was 2007.34 frames
(f = 536.615).

Each capture is categorized by one of two assistance variables (limited or full) and one
of two pressure intensities (mild or strong). Limited assistance captures assume subjects can
independently lift and hold their limbs, while full assistance captures require clinicians to
manually raise and lower them throughout the bathing process. Clinicians use their discretion
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Male Female Female Male Male Female

Figure 9.5: MoSh++ [Mahmood et al. 2019] shape reconstructions of all subjects.

Figure 9.6: Sample stills of captures generated using our joint tactile and motion reconstruction pipeline.
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Table 9.1: Distribution of all captures in our dataset segmented by body part, assistance level,
and pressure intensity.

Limited,
Mild

Limited,
Strong

Full,
Mild

Full,
Strong

Right
Arm 10 8 9 7

Right
Leg 6 6 3 3

Right
Thigh 3 3 N/A N/A

Right
Oblique 2 2 N/A N/A

Left
Arm 7 6 7 6

Left Leg 6 6 4 3
Left
Thigh 3 3 N/A N/A

Left
Oblique 2 2 N/A N/A

Back 6 6 N/A N/A
Neck 7 1 N/A N/A
Face 1 N/A N/A N/A

to di�erentiate between mild and strong pressure, as no explicit guidelines are provided. We
also note that not all variable permutations are available per body part. For example, face bathes
only consist of mild pressure demonstrations due to the region’s sensitivity, areas such as the
beck, neck, and obliques cannot possibly require full support, and multiple clinicians opted to
not provide full assistance for legs because the entire limb could already be accessed from a
seated position. We acknowledge that bed-bathing may provide some additional demonstrations
not represented in our dataset. Finally, while we cover most parts of the body, we do not have
captures of hand bathing due to tracking di�culties or of the chest and pelvic regions due to
IRB restrictions. Figure 9.6 illustrates several stills of captures from the dataset.

Visualizations of Contact Coverage Figure 9.7 visualizes body coverage across all captures
for two independent subjects, which we measure as all triangles that contain a contact point at
any time during a bathing trajectory. Figure 9.8 visualizes the most commonly contacted taxels
on the left and right hands across all captures, as well as the distribution of forces across taxels.
Figure 9.9 illustrates a sample bathing “stroke", or surface path integral of a contact distribution
over time, of the right hand up the back.

�antitative Reconstruction Evaluation We quantitatively evaluate the quality of our
reconstruction pipeline using two metrics: !2 distances between estimated body contacts
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(a) (b)
Figure 9.7: Contact coverage (yellow) over all captures of a representative (a) male and (b) female subject.

(a) (b)

Low LowHigh High

Left Hand Right Hand Left Hand Right Hand

Figure 9.8: Visualizations of the most commonly (a) contacted taxels and (b) applied pressures across all
captures.
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Figure 9.9: Visualization of a bathing “stroke" from the (green) bo�om to the (red) top of the back. The
subject is stabilized by a contact distribution at the le� shoulder during the stroke.
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Figure 9.10: Illustrations of 8 representative contact trajectories, separated into (red) X, (green) Y, and
(blue) Z channels. All positions are in world coordinates. Each band is comprised of 65 individual contact
point trajectories. Inactive taxels are zeroed out.
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Table 9.2: !2 Contact distance metric comparison between MoSh++[Mahmood et al. 2019] and
our reconstruction.

!2 Distance Comparisons (cm)
Median Mean St. Dev.

MoSh++ 1.714 2.067 1.464
Ours 0.536 0.837 0.842

and glove taxels, and smoothness of body contact trajectories. Table 9.2 tabulates distance
comparisons of our method against the original MoSh++ [Mahmood et al. 2019] reconstruction
across 10 sample bathing demonstrations, while Figure 9.10 plots the trajectories of all active
wiping hand body-projected taxels across multiple back bathing demonstrations. We observe
high spatiotemporal correlation in the projected taxel trajectories and that oscillations coincide
with multiple back-and-forth wiping passes over back segments.

9.2.5 Data Insights and Lessons Learned

As strongly evidenced by Figures 9.9 and 9.10, bathing contact trajectories are highly correlated,
smooth, and dynamic. Modeling contacts as individual points, instantaneous static entities, or
simple constraints, as is still commonly done by many long-standing analysis techniques [Mason
2001; Ferrari & Canny 1992; Lynch & Park 2017] and modern simulators [Todorov et al. 2012;
Makoviychuk et al. 2021], is highly limiting for representing our captured data. Area- or volume-
based [Elandt et al. 2019] contact models — when paired with well-de�ned velocity parameters —
o�er signi�cantly more promise for capturing the sustained interactions necessary for bathing.

The recorded tactile signals for mild pressure demonstrations, regardless of clinician or body
part, are quite low (in multiple cases below the minimum sensitivity of 0.04 N) and thus largely
indistinguishable from noise. We therefore strongly advise prioritizing high contact sensitivity
in hardware design for low-pressure data acquisition, or alternatively focusing e�orts on strong
pressure captures.

Unsurprisingly, we found that signals between adjacent taxels tend to be highly correlated
regardless of the task. We argue there is little value gained from high resolution sensing of
regions una�ected by pose changes (e.g. the proximal phalanx of an individual �nger). In
contrast, hand shapes induced by pose changes, as well as hand shape in relation to local body
shape, have a much more signi�cant impact on pressure distributions. Therefore, we argue that
thinking of sensor coverage in terms of regions between joints is more valuable for bathing than
intra-region resolution.

Interestingly, in captures where both hands were utilized, the majority of high pressure
measurements came from the supporting hand rather than the wiping hand. This observation
indicates that body stabilization requires substantially more force than wiping. We also observed
a substantial amount of patient movement, both voluntary and in response to bathing forces.

Finally, while tactile information does help determine precise times and magnitude of contact,
its utility is limited without context from motion and shape. Tactile data alone cannot determine
between which bodies contact is happening or why forces change over time. Both issues made
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identifying true contact events between the hand and body di�cult to automate. Multiple
contact events between the thumb and thenar region of the palm, for example, resulted from
gripping the wipe rather than applying body pressure. Drops in pressure could be attributed to
either breaking contact or simply reducing contact force. Low, but increasing pressure signals
could be actual contact events or drift noise. We found that while motion and shape data are vital
for clarifying such events, they are not a total solution; a holistic analysis of all three channels
together is still required to accurately interpret results.

9.3 Summary
We have presented two newmethods for capturing contact area signatures. Our �rst contribution
presented a method for capturing HOI contact area signatures using thermochromic paint and a
number of additional commodity items. Our setup costs are considerably lower than pipelines
using thermal cameras, which renders our approach more practical for tasks requiring the
collection of only a small number of signatures over infrequent sessions. Despite our signi�cantly
lower setup costs, we demonstrated that the quality of the recovered signature is comparable
to that of a thermal camera and comes with the same drawbacks. Our second contribution
presented a high �delity capture and reconstruction pipeline for HHI that e�ectively combined
motion and tactile data streams. This allows us to understand and analyze the force pro�les of
contact areas as they shift over time, and culminated in the �rst dataset of high quality assisted
bathing demonstrations.

k
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From Contacts to Systems

B
������� upon our shift from digital to physical, we now turn our attention from
computationally simulated embodiments to real robots. In this penultimate
chapter, we will utilize contact areas captured and reconstructed in Section 9.2 to
calibrate and control a robot bathing system. In doing so, we will o�er a glimpse
into what it takes to transfer human-human subject demonstrations to robots

and show that embracing contact can address a number of non-trivial problems encountered
during the process.

10.1 Motivation
Bathing is an essential activity of daily living and important component of long-term personal
hygiene [Dunlop et al. 1997]. The Katz scale [Katz et al. 1963] identi�es the ability to bathe as one
of six major categories that quantify an individual’s level of independence; consequently, losing
this ability signi�cantly impacts quality of life. As the number of Americans with bathing-related
impairments rises and the pool of trained caregivers shrinks [Gill et al. 2006], the demand for
bathing assistance is rapidly outstripping the available supply of care.

Robot-assisted bathing solutions have the potential to signi�cantly expand access to care
while reducing existing caregiver burden [Czuba et al. 2012; Darragh et al. 2015]. However,
building systems that can safely and reliably perform the sustained, highly dynamic, and contact-
rich human interactions inherent to bathing is technically challenging. While several impressive
systems have emerged recently [Erickson et al. 2019; Liu et al. 2022; Madan et al. 2024], they
generally rely on idealized de�nitions of bathing ranging from best practice guidelines [Madan
et al. 2024] to coarse-grained performance metrics (e.g. debris removal percentages [Huang et al.
2022; Liu et al. 2022]) rather than real data from human demonstrations. Consequently, many
important details such as realistic hand movements and shape adjustments across di�erent body
segments, reactive corrections in response to patient movement, the evolution of contact regions
between the hand and body over time, the total body area covered by the strokes, and forces
applied over those regions are not considered. The dataset collected in Section 9.2 o�ers the
information necessary to address this limitation, and, as illustrated in Figure 10.1, we can utilize
that data to transform human demonstrations into a fully functional robot bathing system.
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Reconstruct Transfer DeployCapture

Figure 10.1: Our contributions in this chapter outline how to we can utilize contact areas across the
entire development stack to translate human demonstration into fully operational robotic systems.

10.2 Approach
Figure 10.2 provides an overview of our capture, reconstruction, and transfer pipeline. We
have already covered details of the capture and reconstruction portions in Section 9.2, and will
therefore use this chapter to discuss system construction and demonstration transfer details.

10.2.1 Conceptual Design
Figure 10.3 illustrates our intended deployment cell. Because our system is an early proof of
concept, we use a mannequin instead of real human subjects. The arm is positioned such that
the workspace is able to cover the entire back of the mannequin. We also limit our experiments
to transfers of back bathing demonstrations due to equipment constraints and setup overhead.

10.2.2 Design and Control of a Tendon-Driven So� Hand
We select the anthropomorphic DexKit platform [King et al. 2025] — a foam cast hand fabricated
directly from the artist-designed digital asset in Figure 6.7 — for demonstration transfer primarily
due to its compliance and secondarily for its customizability. However, because the hand is fully
soft with potentially in�nite DOFs and unknown kinematics, three problems must be solved
to use it e�ectively: (1) determining a tendon routing capable of achieving desired poses, (2)
determining motor positions to actuate the tendons accordingly, and (3) building an e�ective
control space. The combination of shape, motion, and contact o�ered by our reconstructions
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Figure 10.2: Overview of our pipeline. Starting with captures of motion and tactile forces from human
bathing demonstrations, we digitally reconstruct time-synchronized data across shape, movement, and
contact force with high accuracy. We then utilize these reconstructions to both design and control an
anthropomorphic so� hand, as well as retarget results to a robot arm. We demonstrate the final system’s
e�icacy by replicating bathing tasks on a mannequin in the real world.
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(b)(a)

Figure 10.3: (a) The robot-assisted bathing setup, consisting of a robotic arm [UFACTORY 2026], DexKit
robotic hand [King et al. 2025], and mannequin. (b) The DexKit hand is outfi�ed with a tactile sensing
glove [Pressure Profile Systems 2026] with grip material [3M™ 2026] to increase friction.

helps solve each of these problems.
Starting from a dataset of human hand poses % , we �rst select a strictly smaller subset

of candidates ( ⇢ % that su�ciently covers the full space. We do so by solving an NP-hard
maximum diversity problem [Kuo et al. 1993] via greedy approximation [Ghosh 1996] and
analyze the resulting loss curve to select the optimal number |( |. We then manually select a
subset (0 ⇢ ( that can be physically mimicked on DexKit under a given motor budget and
commit to a tendon routing capable of generating the mimicked poses.

Next, we determine motor commands 5. As shown in Figure 10.4, calculating motor com-
mands that adapt to contact-induced pose corrections depends on identifying hand contact
regions and accurately simulating those interactions. We can directly obtain these contact
regions from the dataset, and then retarget the tactile pad locations from the original human
hand to the Dexkit hand using the atlas-based approach introduced in Chapter 6, and speci�cally
the axial curve annotations in Figure 6.9, to �gure out where to simulate contact.

We construct two matrices: SY0 , where each column corresponds to a pose B 2 (0, and
S5(Y0) , where each column consists of the manually determined motor positions 5(s) required
to generate that pose. For a given pose ? 2 % , we solve the following constrained least-squares
QP to obtain normalized linear blend weights #⇤:

#⇤ = argmin
#

(SY0# � ?)) (SY0# � ?)

s.t. 0  #  1
(10.1)
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Figure 10.4: Visualizations of improved surface contact following hand pose correction, comparing
the original (top) and corrected (bo�om) states. In the first example (le�), the red arrows highlight a
significant increase in finger contact. In the second (right), the green arrows indicate the hand fla�ening
against the table as the heel moves closer to the surface.
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(b)(a)

Figure 10.5: Illustrations of the (a) mannequin input image and (b) extracted SMPL-X proxy mesh from
TRAM [Wang et al. 2024].

We then compute the corresponding motor positions from the optimal blend weights as
5 = S5(Y0)#⇤.

10.2.3 Arm Motion Retargeting and Control
We mount the DexKit hand onto an xArm 7 [UFACTORY 2026]. We deploy pre-computed motor
trajectories 5 directly to the hand, but must retarget the human hand wrist trajectories to obtain
arm joint angles 7. Unfortunately, we found that the commonly used strategy of using human
wrist positions and orientations as end-e�ector targets [Sivakumar et al. 2022] did not work well
due to the arm’s restricted workspace and the fact that hand trajectories were highly dependent
on each subject’s body shape and reactive motion.

Instead, we compute 7 using retargeted body contacts. Speci�cally, we use the TRAM video
pose estimator [Wang et al. 2024] to �t SMPL-X parameters to the mannequin. Figure 10.5
depicts the mannequin image and TRAM-reconstructed SMPL-X body shape, averaged across
10 frames of video. Notably, we found that attaching at least one arm and placing clothing on
the mannequin was necessary because the model otherwise failed to identify the structure as a
human. We only utilize the baseline body shape parameters, ignoring blend shape corrections
and root pose estimates.

We then directly roll out contact trajectories computed on the source subject. Because
contact trajectories are stored in barycentric coordinates, the retargeting operation is agnostic to
the target body’s shape or pose parameters. We can thus always perform the rollout regardless
of any shape or pose divergences between the source and target domain. The complete arm-
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(b)(a)

Figure 10.6: (a) xArm calibration poses collected in the real world are (b) superimposed for mannequin
positioning in simulation.

hand trajectory can then be computed in simulation using the motion synthesis framework
in Chapter 6 via retargeted body contact trajectories and Dexkit hand tactile pad estimates.
However, in practice, we found that an alternate strategy could generate similar arm trajectories:
rather than model the complete system, we could generate a cheap and e�ective proxy by
replacing the Dexkit hand end e�ector with the source MANO hand, removing all wrist DOFs,
copying ⇥⇤ from the original motion, and freezing the hand into those poses. Because the hand
poses are �xed, the problem reduces to a 7-DOF solve and is thus much faster to compute.

However, because 7 is computed in simulation, we must perform a real world alignment
calibration. To do so, we manually adjust the xArm into four distinct poses to estimate the
“boundaries" of the mannequins back, which include the left and right shoulders as well as the
left and right hip segments. We then manually align the mannequin proxy in simulation relative
to the corresponding xArm positions, and note that we intentionally o�set the proxy mesh
slightly further from the hands. This accounts for shape discrepancies and ensures the arm
biases toward overreaching rather than falling short. Figure 10.6 illustrates the process. The
resulting trajectory [{50, 70}, {51, 71}, ..., {5Z , 7Z }] can then be deployed open-loop on the real
system post-calibration.

However, the open-loop controller frequently breaks, or alternatively applies too much,
contact with the mannequin due to the gap between the real geometry and its �tted SMPL-X
parameters in simulation. We create a closed-loop system by sensorizing the DexKit hand with
the same tactile glove used in data capture, and utilize contact and force information from the
capture to create a lower-level reactive controller. Speci�cally, at each time step, we derive a
normalized corrective direction, #⇠ , for the end-e�ector by averaging the distance vectors from
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Figure 10.7: Complete MAE loss curve over the parameter sweep of |( |.

the active set of simulated hand and body contacts. We convert 7 to EE positions � (7) rolled
out at a baseline frequency and apply corrective position updates at a �xed timestep �C , creating
inner loop EE position � (7) + #⇠�C . Corrective movements are applied toward the body until
the online sum of tactile pressures matches the original measurement, then reversed if that
value is exceeded. Note that while our decision variable is currently based on the integrated
force across all taxels, more �ne-grained localization across corresponding retargeted body and
Dexkit hand contact distributions are available and can be utilized in alternate end-e�ector
control strategies.

10.3 Experiments and Results
10.3.1 So� Hand Design and Control

We perform and evaluate DexKit hand design using a subset of the dataset focusing on back
bathing. We collect poses and contacts from the right hand in all subject captures to build % ,
and perform a sweep over the number of candidates in the diversity subset ( to determine the
optimal sample size |( |. |( | candidates are evaluated via MAE di�erentials between the original
poses and their respective projections in ( obtained by solving Eq. 10.1. Figure 10.7 illustrates
the complete loss curve over a sweep of |( | = 1 to |( | = 100. The size of all right hand back
bathing poses |% | = 9491. While there are further dips in the curve at values |( | > 100, and it is
possible to achieve zero error by choosing |( | = |% |, we found that many poses were qualitatively
repetitive. Errors of re-projection MAE losses computed using the �nally constructed"( 0 were
normally distributed with parameters (`,f) = (0.04477, 0.01928). We select |( | = 50 based on
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Figure 10.8: The DexKit hand is comprised of a cast foam hand with a textile "skin". Tendons are sewn
into the skin (green), and routed along the palm through captive PTFE sheaths (red). The hand shown
has six tendons, five flexors on the fingers and thumb, as well as an adductor on the thumb which is
routed along the back (shown with do�ed lines). The hand interfaces with a motor housing (black) which
contains an array of six servo motors. Inside the motor housing the free tendons (orange) route to pulleys
(blue) on the motors which reel in the tendons to actuate the hand.

observing diminishing returns in the loss curve for larger values of |( |, and then choose |(0| = 20
based on a budget of six motors. We only consider poses in contact as candidates for ( and (0 and
store all active taxels for each selected pose. #⇤ weights for all trajectory poses are computed by
solving Eq. 10.1 using the resulting SY0 .

Figure 10.8 provides schematics of the �nally selected Dexkit motor and tendon con�guration.
We select a �exor-only con�guration for the index, middle, ring, and pinky �ngers, and an
adduction routing for the thumb to pull in closer to the palm thenar region. We found the
adduction routing more useful than a �exure routing because the �exed thumb interfered with
the palm making contact with the mannequin during wiping the relatively �at back regions.
The total system mass is roughly 0.25 kg, which is well within the xArm payload limit.

We next build S5(Y0) and compute 5. We manually determine motor positions for each
candidate pose without contact, and then adjust positions while pressing the hand at the regions
of contact designated by the active taxels. Figure 10.9 illustrates several poses used during
calibration.

10.3.2 Real World Deployment
Figure 10.10 illustrates the xArm positions computed following a retargeted contact trajectory
rollout, as well as deployment of that trajectory on our real world platform. 7 and 5 commands
are deployed together in the control loop, and the original human demonstration is slowed from
120 to 6 Hz (20X).

We also perform a pressure comparison between the recorded tactile data of the original
human demonstration and the robot deployment. Figure 10.11 compares the recorded glove
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Figure 10.9: Sample poses used to build S5 (Y0) . Active contacts in each pose (pink) are simulated by
pressing against the hand.

Figure 10.10: Film strip of back bathing demonstration retargeted to the xArm 7 (top) in simulation using
the clinician’s shape-fi�ed hand as the end e�ector. The computed joint positions and pre-computed
hand motor commands are (bo�om) deployed on the real world setup. Orange and pink arrows illustrate
subsequent movement directions.
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Measurements @ 24 Hz
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Figure 10.11: Overlaid plots of the (blue) original human, (orange) robot open loop, and (green) robot
closed loop tactile glove pressures during a back bathing task. We provide (a) absolute sums, (b)
normalized sums, and (c) median intensities calculated across the full taxel array per time step. Note
that the spike in pressure at the start of closed loop data collection is due to initialization noise rather
than a consequence of trajectory execution.
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pressure signals across open-loop rollout, closed-loop rollout, and the original human back
bathing demonstration. We make several observations in the data.

As expected, the integrated tactile pressure for the open-loop rollouts is signi�cantly higher
than both the human demonstration and closed-loop results for the majority of the trajec-
tory. These elevated pressure levels indicate unsafe operating conditions, a conclusion further
supported by visible mannequin vibrations in the supplementary video. Closed-loop control
substantially curtails such issues, as quantitatively evidenced in the plots as well as qualitatively
by minimal mannequin vibrations in the video. Closed-loop pressures also reasonably track the
original human demonstration, particularly when viewed on a normalized scale.

However, the closed-loop controller deviates from the human demonstration in absolute
pressure and especially spatial distribution, as indicated by the comparison of median values. The
distributional misalignment is an inherent trade-o� of the controller design, as optimizing for
an aggregate pressure sum does not necessitate parity in the underlying taxel-wise distribution.
Furthermore, the attenuated dynamic range is a byproduct of necessary safety constraints in
real world deployment. Speci�cally, we found that targeting a strict absolute pressure induces
signi�cant arm oscillations and mitigated this behavior by implementing tolerance bounds
around the target instead. We also identi�ed a failure mode where friction-induced �nger
curling during wiping motions could lead to mechanical damage. If curling occurs while the
controller commands an inward corrective force, the system may drive the arm further into the
mannequin in a futile attempt to reach a pressure target that the compromised �nger geometry
cannot achieve. To mitigate this, we implemented a temporal safety timeout for unreached
pressure setpoints. Interestingly, this failure mode was absent in open-loop trials; because the
controller advances through the trajectory regardless of feedback, the hand’s passive compliance
allowed �ngers to recover from compression during lateral movements.

While reasonably e�ective, we conjecture that our closed-loop strategy can be signi�cantly
improved by incorporating distributed, tendon-level di�erentiable force control and dedicated
extensor tendons. Such additions would enable the hand itself to respond to local pressure
misalignments and escape the identi�ed failure mode more reliably. Both avenues are promising
real-world-focused future research directions for this work.

10.4 Discussion
Several key insights emerged during the system construction and policy deployment process.
We discuss several lessons learned and current limitations below.

10.4.1 Lessons Learned
Contact was and needed to be extensively utilized to arrive at our �nal system. We �rst had to
capture contact areas on the hands of the clinician and reconstruct them on the shape-�tted
bodies of human subjects as described in Section 9.2, transfer them to a di�erent body, retarget
distributions from the human hand to the robot hand to perform calibration, align the new
body and compute the trajectory of a limited workspace robot arm, and �nally utilize forces
distributed across the contact areas to close the control loop. We relied heavily upon the
constraints inherently provided by contact areas to reliably compute solutions to the hand
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and arm as well as the forces distributed over them to serve as targets for the �nal impedance
controller. We also discovered shortcuts, problems that could be directly addressed via our
area-based representations, and insights into how to re�ne the system moving forward.

Maintaining consistency in mesh connectivity is a useful way to sidestep complex contact
retargeting. Because the same exact vertices from SMPL-X are used for human subjects and
mannequin, no intermediate representation necessary — we can simply replay the barycentric
coordinates and expect the evolutions of the contacts to reasonably maintain the area structure of
the hand taxels. But this is not always possible; for example, no such mapping exists between the
human MANO and Dexkit geometries. The shape matching approach introduced in Chapter 6,
and by extension the AE model introduced in Chapter 4, o�ered a practical solution to this
retargeting problem.

We found that compliance was of paramount importance in arm-mounted bathing systems.
Sustained, dense-contact interactions permit little room for trajectory mismatch errors, which
are especially hard to avoid during sim2real rollouts. Although the Dexkit hand’s material
compliance mitigated these issues during our experiments, we contend that incorporating
compliance into arm control is essential for safe and e�ective interaction with human subjects.

Despite its promise from a data-driven standpoint, we ultimately found that a �exor-only
�nger tendon con�guration was insu�cient to capture all necessary hand motions during
rollouts. Passive compliance did not always allow the hand to escape friction-induced �nger
curling during wiping motions. Including dedicated extensor tendons would help mitigate such
issues, but would be di�cult to do under limited motor budgets.

10.4.2 Limitations
There are three fundamental issues limiting our current system: (1) capturing and reconstruct-
ing forces on the hands and body that accurately represent sensations felt by the subject, (2)
enabling the system to perceive real human subjects during deployment rather than only a static
mannequin, and (3) reproducing the sensation originally imparted by the human demonstrator.
We discuss the �rst limitation in Section 9.2.5 and detail the remaining limitations below.

Perceiving the state of human subjects is a critical component of real world deployment;
however, detailed real time tracking of human subjects is an unsolved computer vision problem.
Speci�cally, no existing method achieves fully online human pose and shape estimation while
maintaining the sub-frame latency required for live interaction. Our method to �t SMPL-X
parameters to the mannequin [Wang et al. 2024], for example, is a state of the art human shape
and pose estimator; however, it takes minutes to process a video sequence of several hundred
frames and thus can only be run o�ine.

Additionally, our strategy of direct contact area rollouts between the human subject and
mannequin proxy, and more generally between di�erent subjects, implicitly depends on both
domains exhibiting similar SMPL-X parameters. We anticipate that large divergences between
parameters (e.g. extremely thin vs. wide body shapes) would distort the contact trajectories by
causing them to excessively stretch or contract. One alternative possibility would be to use axis
annotations to shape match bodies just as we did with the hands in Figure 6.9; however, the
choice of where to place axes and how to determine the appropriate _� and _( parameters is
less clear. Suboptimal annotations, for example, could generate unexpected jump discontinuities
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in trajectory rollouts from large changes in the underlying geoedesic path traces. Additionally,
the stroke patterns themselves could di�er dramatically based on the subject’s body proportions
and may not be possible to transform purely geometrically to begin with.

Finally, our current closed-loop strategy is highly limited by its use of tactile pressure
sums rather than the distribution over individual taxels. The primary barrier to distributed
force control is the signi�cant discrepancy between human and Dexkit hand responses when
subjected to similar pressure stimuli. While existing methods mitigate this issue through careful
placement of sensors, selection of sensing modality, and calibration to align readings between
similar human and robot trajectories [Yin et al. 2025], such approaches tend to be brittle and
require signi�cant engineering overhead. There remains an opportunity to more directly model
the inherent discrepancies in hand materials. Retargeting force distributions to di�erent hand
geometries and material properties, for example, is a promising direction of future research.

10.5 Summary
We have presented an end-to-end framework for conceptualizing, designing, building, and
controlling a complete robot bathing system starting from human demonstrations. Importantly,
we have shown that utilizing contact regions as a key processing primitive e�ectively addresses
many pain points in the construction and transfer pipelines. We hope that the contributions
will spur further research in physical human-robot-interaction systems and ultimately make
progress towards bringing useful and reliable robots into high-value clinical settings.

k
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Conclusion

The research presented in this thesis has introduced several key advancements towards estab-
lishing area-based contact models as �rst-class primitives, which we hope will serve as a as a
strong foundation for encouraging future research in this direction.

11.1 Summary of Contributions
Our contributions include:

• New Representations: We introduced three novel models for contact areas, which
include the Boundary, Single-Point Embedded (SPE), and Axis-Embedded (AE) models.
We also de�ned and introduced operators for these representations, which collectively
enable fundamental transformations such as translation, rotation, bending, interpolation,
and transfer. Furthermore, by utilizing ideas from discrete di�erential geometry, we have
enabled all of these representations and operators to work on realistic shapes rather than
only primitives.

• Artist Tools for Grasp Drafting: These tools enabled intuitive modeling of contact-rich
grasps from scratch by using the AE contact area model as the core editing primitive.
Combined, these tools enabled a work�ow that was capable of creating not just high quality,
art-directable results, but in many cases results that looked more visually appealing in
comparison to those created with existing fully manual joint control techniques. We also
showed that these tools could be used in new applications such as rapid prototyping of
hand designs and ground-truth data annotation at internet scale.

• Kinematic Motion Retargeting for Contact-Rich Anthropomorphic Manipula-
tions: We extended techniques from grasping to full manipulation trajectories by utilizing
contact areas as the primary retargeting medium. To do so, we introduced a novel atlas-
based shape matching method that proved simple, intuitive, and robust in practice. We
then further highlight the value of contact areas by showing that the motion synthesis
pipeline could be trivialized to basic grasp solving and stitching, and that the retargeted
trajectory generated using this approach could be extended to full physics simulation
through local online adaptive sampling. Finally, we showed that the techinque was generic
and could easily be extended to arbitrary objects and bi-manual manipulations.
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• New Real-World Capture and Reconstruction Techniques: We introduced two new
techniques for capturing and reconstructing contact areas from the real world. Our �rst
contribution built on the thermal imaging literature [Brahmbhatt et al. 2019a] by o�ering
a low-cost RGB alternative via thermochromic paint. Our second contribution enabled
joint reconstruction of contact area time series data consisting of both location and forces.
We then demonstrated the mutual bene�ts of both data streams by showing how they
could be combined to produce high �delity reconstructions of sustained contact-rich
human-human interactive tasks in the application context of assisted bathing.

• Full Stack System Construction from Contact: Finally, we showed how to construct a
proof-of-concept robotic assisted bathing system from the ground up by utilizing contact
areas as a core processing primitive across the full development stack of data, concep-
tualization, hardware, and software. To the best of our knowledge, this system is the
�rst of its kind within the physically assistive human-robot interaction domain, capable
of transferring actual bathing demonstrations performed by real clinicians on human
subjects.

11.2 Open Problems and Future Directions
While we have made considerable progress towards making contact areas viable as manipulation
primitives, our contributions are largely only �rst steps. We are still very far away from
replicating the complete set of existing capabilities o�ered by point contact models. While there
are far more problems to solve, we o�er three open problems that we believe will signi�cantly
help bridge this divide:

• Creating a True Continuous Area Contact Model: While useful, all of the area contact
we introduced in this thesis are discrete in that they still computationally treat areas
as groups of points. But there are many useful applications which can be derived from
modeling areas as true continuous distributions that jointly evolve on both contacting
surfaces, as well as time-integrable variables in relation to the manipulator dynamics
ODEs. The compact parameter space of continuous distributions, for example, would
make learning such parameters from large-scale data tractable and in a way that does not
tie parameters to a speci�c geometry discretization (e.g. mesh, point cloud, etc.).

• Area-Based Contact Planners: Planning is a notoriously challenging problem because
problem complexity scales exponentially in the number of search variables. This would
make planning manipulation trajectories with our discrete area models computationally
intractable, especially at the high frequencies required to make planners viable on real
robotic systems. A continuous area model would substantially reduce the search space
dimensionality, and by doing so make it possible to expand traditional planners such as
RRT-Connect [Ku�ner & LaValle 2000] to area-based manipulation trajectories.

• Standardizing Contact Perception: Tactile sensing has rapidly become one of the most
exciting frontiers in manipulation research. But working with tactile data currently is
highly speci�c to each sensor, whether that requires building a simulated model, collecting
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real world demonstrations and learning a latent space, or �guring out which tasks bene�t
the most from the information gain. But all tactile sensors ultimately are intended to help
estimate contact state, and areas have the potential to standardize the representation across
current and future sensor variations. It would be interesting to use that standardization to
evaluate questions such as which sensors are most useful for a task, where they should be
placed, and how we can build automated calibration techniques.

11.3 Final Remarks
Contact in the real world is messy, but critical to understand and exploit. While we have known
for decades that real contact is area-based, there have been relatively few e�orts to actually
make area-based contact models viable as �rst class primitives. This thesis has taken concrete
steps towards addressing this gap, and has demonstrated how useful area-based contact models
can be across a range of applications ranging from digital grasp solvers to full stack robotic
system development. While there is still a long way to go in enabling area-based models to
become as widely utilized as point-, line-, or plane-based models are today, we hope that the
ideas presented in this thesis will spur future research in this direction.

k
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