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A Closed-Chain Approach to Generating Affordance
Joint Trajectories for Robotic Manipulators

Janak Panthi”, Farshid Alambeigi

Abstract—Robots operating in unpredictable environments re-
quire versatile, hardware-agnostic frameworks capable of adapting
to various tasks. While a recent screw-based affordance approach
shows promise, it faces challenges in avoiding undesirable con-
figurations, singularity navigation, and task success prediction.
To address these limitations, we propose a novel framework that
incorporates gripper orientation control and generates complete
joint trajectories in real time for screw-based task affordance
execution. Our method models the affordance and manipulator as
a closed-chain mechanism, introducing an innovative approach to
solving closed-chain inverse kinematics. It encapsulates task con-
straints and simplifies task definitions, while remaining hardware
and robot agnostic, robust to errors, and invariant to the initial
grasp. We validate our framework with simulations on a URS robot
and real-world implementation on a Boston Dynamics Spot robot.
Our experiments demonstrate rapid joint trajectory generation
(0.0077-0.098 s) for various tasks, including a 420° valve turn
with consideration of the gripper orientation. Comparison with the
state-of-the-art methods shows a 4x improvement in planning time,
reduced joint movement, and achievement of greater task goals.
Video demonstrations and the open-source code for this project
are available online.

Index Terms—Affordance, closed-chain, constrained mani-
pulation, inverse kinematics (IK), orientation control, virtual chain,
virtual joint, virtual kinematic chain (VKC), virtual link.

1. INTRODUCTION AND RELATED WORK

EPLOYING robots in real-world environments [1], [2],

[3], [4] requires them to complete a large variety of contact
manipulation tasks (opening doors, sliding drawers, turning
valves, moving objects, etc.) that involve constrained motion
along significantly long paths. We must assume the presence
of uncertainty, which includes not only the initial location of
the manipulated object but also the constrained contact task
model’s affordance [5]. Uncertainties in the affordance may
only be apparent once the object is grasped and the task begins.
Consequently, during task execution, replanning must be prompt
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Fig. 1. Manipulator performing a screw-modeled task can be represented as a
closed-chain mechanism, comprising the robot, a virtual spherical joint for EE
orientation freedom, and a terminal joint that captures the task’s screw-modeled
affordance.

to account for new and updated constraints due to runtime uncer-
tainties. This replanning must also consider specific end-effector
(EE) pose requirements, such as rotating the EE in tandem with
turning a valve. Failure to address these uncertainties could result
in undesirable and potentially hazardous configurations, such as
impeding a valve or obstructing a door. Our solution utilizes
a novel, versatile framework that seamlessly adapts to diverse
manipulation tasks. It leverages the notion of screw-based task
affordances [6], including them in the mechanics of the closed
chain generated when the task is undertaken; see Fig. 1.

A. Affordances

The term “affordance” originated in psychology literature,
describing the functional merit an environment provides to its
inhabitants [7]. For example, a book affords reading, a hammer
affords hitting, and a valve affords turning. This concept has also
found diverse applications in robotics, ranging from learning
potential actions for observed objects [8], [9], [10] to planning
manipulation based on known effects of actions [11], [12]. There
are also efforts focused on detecting affordances via images
[8], [10], [13], [14], [15], including articulated objects [16],
[17], [18], and also estimating pose and affordance type using
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screw theory [19], [20]. While some of these works represent
articulated affordances as screw axes, they rely on processed
RGB-D image streams of the object and do not directly address
physical interaction [6].

To enable the deployment of robots in uncertain physical
environments, affordance templates (AT) were introduced for
predefined tasks, allowing robots to perform complex tasks via
an extended sequence of commands [5]. ATs serve as spa-
tial representations of operator-adjustable robot task objectives
and parameters, capturing object affordances within object-
centric coordinate frames, and have proven successful in diverse
platforms [21]. Early implementations were task-dependent,
required human supervision, and defined affordances with a
set of EE waypoints, leading to computational inefficiencies.
These limitations were addressed in [6], enhancing the frame-
work by adopting screw theory to model affordances, and
thus reducing their complexity to just a few parameters. The
framework (called AP) demonstrates robustness against runtime
uncertainties (perceived as forces and torques by the EE) by
dynamically adapting EE velocities during runtime. However,
despite its promising capabilities, the system faces two primary
limitations that hinder real-world application.

First, the online nature of the AP framework, which involves
computing EE velocities in real time for small steps, and its
runtime adaptation solely through software compliance, present
challenges that cannot be resolved by force control alone. These
limitations include navigation around robot singularities, accu-
rate prediction of task success, and selection of optimal starting
poses. Our approach to resolving these issues involves real-time
complete joint trajectory generation such that a comprehensive
overview of the affordance path is consistently available and any
changes to avoid undesirable configurations can be promptly
made during runtime.

Second, the EE path generated through this framework is
essentially a sweep around (or along) the affordance screw axis
(for example, for a wheel valve about its rotational axis), and the
amount of sweep solely dictates the orientation of the EE. The
system lacks the ability to control or free the gripper orientation
along the affordance path. This limitation is critical for two
reasons. 1) Precise control over gripper orientation along the
affordance path is essential for tasks, such as object insertion,
precision placement, turning a valve, etc. 2) As we show in
Section VI-B, many manipulation tasks, such as sliding a stool
along the floor, are feasible with relaxed gripper orientation
constraints. Therefore, the range of solutions for such tasks is
much more than what is available in the AP work.

An intuitive example underscoring the importance of ad-
dressing these limitations is illustrated in Fig. 2, which depicts
different ways to turn a valve. Human beings naturally adapt their
approach based on the specific application context. In cramped
environments, one might choose to turn the valve while keeping
the hand orientation constant [see Fig. 2(a)]. When access to the
valve surface is restricted, an alternative approach involves push-
ing on the valve spoke without concern for maintaining a specific
hand orientation [see Fig. 2(b)]. In other cases, one might turn
the valve such that the entire hand (or only some aspect of its
orientation) rotates in tandem with it [see Fig. 2(c)]. For a robot
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Fig. 2. Methods of turning a valve. (a) Preserving hand orientation. (b) Not

(©
preserving hand orientation. (c) Rotating hand in tandem with the valve. In each
subfigure, the valve turn start configuration is shown on the left-hand side and
the end configuration on the right-hand side.

to effectively perform real-world tasks, it is essential that it has
such capabilities in its repertoire. In this work, we address this
challenge by incorporating intuitive gripper orientation control
(or freedom) during joint trajectory generation. Specifically,
we demonstrate the efficacy of our work by performing real-
world experiments that involve all the scenarios, as shown
in Fig. 2.

Lastly, we also remark that although, like [6], we adopt screw
theory to model affordances, a key distinction exists between
our methodologies. While they capture the EE movement along
the affordance path as the twist of the screw that embodies the
affordance, we model the affordance as a joint extending our
robot.

B. Affordance Chain

In our work, we incorporate the task affordance into an imag-
inary kinematic chain that extends our robot and forms a uni-
fied closed-chain mechanism. The augmentation of imaginary
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mechanisms, links, or joints to an existing robot for imposing
movements or gathering information is well documented in the
literature [22], [23], [24], [25], [26], [27], [28], including the
notion of “virtual kinematic chains (VKC)” [25]. Some studies
[29], [30] utilize a VKC with < 6 degrees of freedom (DoF) to
represent the motion between dual arms for cooperative and/or
whole-body control of a mobile manipulator. Similarly, Laurenzi
et al. [26] employed a VKC to control a quadruped robot with
wheels. Recently, Jiao et al. [27] demonstrated the use of VKCs
with optimization and sampling techniques to improve the ef-
ficiency of mobile manipulation task planning. Although these
works showcase the effectiveness of VKCs, their approaches are
task-dependent and result in an open-chain virtual manipulator
that requires task priority controllers or optimization techniques.
Our approach differs significantly in the following two key
aspects.

1) Task-Independent Modeling: This stems from our utiliza-

tion of screw theory to model affordances.

2) Closed-Chain Kinematics: We employ a closed-chain

kinematics formalism that integrates task constraints.

While previous works, such as [22], [23], and [24], employed
“virtual chains” to close open-chain manipulators and perform
closed-chain differential kinematics, their definition adhered to
specific criteria, including: 1) the virtual chain is open, 2) it
includes joints with linearly independent normalized screws, and
3) the presence of the virtual chain does not alter the mobility
of the real kinematic chain. An illustrative example is the addi-
tion of a virtual prismatic-prismatic-prismatic-spherical (PPPS)
chain (comprising three prismatic and three revolute joints) to
a robot’s kinematic chain, encapsulating its EE spatial motion
and transforming it into a closed-chain mechanism [22], [23].
In our work, although we close the manipulator kinematic chain
with an imaginary chain, this added chain is not a virtual chain
as defined above in that it lacks linearly independent normalized
screws and restricts the robot’s mobility by confining the EE to
the affordance path. Our interest is to encompass the manipulator
and the contact task affordance in a unified closed-chain mech-
anism. Furthermore, although similar to [22], [23], [24], and
[31], we leverage the screw-based Davies circulation law [32]
for closed-chain velocity kinematics, unlike their reliance on
numerical integration techniques, such as Euler integration, we
adopt a root-finding method with a novel approach to handling
closed-chain closure errors. As the following experiments show,
this method offers clear advantages in terms of fast convergence
and accuracy.

To avoid ambiguity with existing terminology, such as virtual
mechanisms, virtual chains, and VKCs (and to highlight the
key role of the pivotal joint in our modeling), we introduce
the term affordance chain for the imaginary chain that closes
the manipulator chain. The affordance chain encapsulates both
the task’s affordance and the remaining DoF of the EE. By
augmenting a manipulator chain with a VKC—that effectively
captures both the mechanics of the screw-modeled task and the
EE orientation freedom—we achieve a compact mathematical
representation of the governing closed-chain constraints. This
enables implicit task planning, analogous to turning a “task
crank” in a closed-chain mechanism.

C. Constrained Manipulation

Here, we review both machine learning (ML)-based and tradi-
tional constrained manipulation approaches. Among ML-based
methods, a recent study [33] utilizes deep predictive learning
with a modular motion generation model to execute complex ma-
nipulation tasks, such as door opening. In [34], the researchers
propose a neural planning framework that integrates task and
scene representations with sampling-based planners, improving
constrained motion planning. Similarly, Lin et al. [35] intro-
duced LAPPLAND, a framework that combines reinforcement
learning (RL) and imitation learning for robotic manipulation.
LAPPLAND leverages goal-conditioned action primitives for
interpretability and has been validated in real-world scenarios
including door opening.

While ML-based approaches show promise, they face key
challenges, including extensive task-specific training, the sim-
to-real gap, and limited generalization to out-of-distribution sce-
narios [36]. For instance, the modules in [33] are specialized and
trained for subtasks, such as door-approaching and door-passing.
Methods proposed in [34] require separate training for distinct
environments, such as bartender and kitchen, and the method
in [35] relies heavily on demonstration data, making it less
adaptable to novel tasks.

Large language models (LLMs) have also shown potential for
task and motion planning. For example, Ahn et al. [37] grounded
LLMs in contextual robot capabilities and environmental states
using RL, while Rana et al. [38] employed 3-D scene graphs and
used LLMs for semantic search of task-relevant subgraphs, inte-
grating classical path planning with iterative replanning. In [39],
the researchers propose RT-2, a vision—-language—action model
that extends vision—language models by co-fine-tuning them on
robotic trajectory data and Internet-scale vision—language tasks,
representing robotic actions as text tokens to enable instruction-
following robotic policies. However, RT-2 remains limited to
in-distribution skills seen in training data and suffers from high
computational costs, making real-time inference a challenge.
In contrast, our proposed approach requires no training and
offers a versatile solution capable of handling a wide range of
tasks, demonstrated by over ten real-world tasks in this work.
Moreover, as demonstrated via experiments, our method is able
to compute long joint trajectories in real time for task execution.

Beyond ML-based methods, traditional open-source planners,
such as Open Motion Planning Library (OMPL!) and the Movelt
Motion Planning Framework?, provide general solutions for
constrained manipulation, allowing users to impose or relax EE
pose constraints. However, these methods do not leverage screw-
based modeling/constraints [40] as we do and require manually
defined EE waypoints, making task specification cumbersome.
Recent works, sequential path stepping (SPS) and direct screw
sampling (DSS) from [40], which handle screw constraints
similar to our approach, demonstrate superior planning time
and success rates compared to Movelt and OMPL for handling
translational constraints. However, like [6], these planners are
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unable to independently consider gripper orientation along the
screw-modeled task path. Our approach overcomes this limita-
tion and shows superior performance, as demonstrated through
quantitative comparison experiments in Section VI-C. Further-
more, our modeling has several unique advantages discussed in
Section VII-F.

D. Contributions

We present a novel and efficient approach for generating
manipulator joint trajectories to follow an affordance path while
maintaining desired EE orientation goals. Not only is the pro-
posed framework fast enough for use in real-time applications,
but it is also agnostic to both task and hardware, invariant to the
initial grasp, robust, and provides a streamlined and intuitive way
to define tasks. This method combines key concepts, including
screw theory, affordance chain, Davies circulation law, and
closed-chain inverse kinematics (IK). Our main contributions
in this study can be summarized as follows.

1) Modeling of the affordance chain and the manipulator

together as a single-loop closed-chain mechanism.

2) A novel computationally efficient algorithm to generate
manipulator joint trajectories for any given affordance
while accounting for gripper orientation freedom or con-
trol, based on our new approach to solving closed-chain
IK.

3) Validation of the algorithm using both simulation and
hardware.

The rest of this article is organized as follows. Section II
explains problem definition. In Section III, we start with a brief
overview of screw theory, showcasing its practical application
in modeling a wheel-valve affordance. Then, in Section IV, we
introduce our proposed model, treating the manipulator and
affordance chain as a unified closed-chain mechanism. This
model is utilized to develop the differential kinematics of a
two-link planar robot combined with a rotational affordance,
forming a closed-chain four-bar mechanism. Subsequently, we
extend this formalism to any j-joint SE(3) robot executing any
affordance. Following this, in Section V, we utilize the differ-
ential kinematics formalism to develop a closed-chain IK al-
gorithm for generating joint trajectories to execute affordances.
Section VI discusses evaluation studies. Simulation results and
real-world experiments are presented to validate both the model
and algorithm in Section VII. Finally, Section VIII concludes
this article.

II. PROBLEM DEFINITION

Given 1) a manipulator description, 2) an initial joint config-
uration, 3) a modeled task affordance screw, and 4) a desired
affordance and EE orientation goal, our objective is to compute
a joint-space trajectory. This trajectory should smoothly guide
the EE along the task affordance path until it reaches the goal,
while orienting the EE as desired along the way. For an n-joint
manipulator, we seek to determine the trajectory

Q:{qO7QIaq2a---7QS} (1)
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Fig.3. Visualization of a screw defined in frame {s} formed by a screw axis §,
displacement g, and pitch h. As an example, the screw represents the affordance
of a wheel valve, rotating it by an angle 6, thereby moving b to c.

where ¢; € R™ is a set of joint angles denoting a robot configu-
ration, qo represents the initial joint configuration, and the joint
trajectory consists of s + 1 points. Note that this work focuses
on planning a joint trajectory for executing a screw-modeled
task once the manipulator is at the start pose and does not
address motion planning for obstacle avoidance in cluttered
environments. Before introducing the closed-chain mechanism
model that allows us to compute this joint trajectory, in the
following section, we discuss the screw representation of an
affordance.

III. MODELING AFFORDANCES USING SCREW
REPRESENTATIONS

A. Screw Theory

This section briefly reviews the core concepts from screw
theory used to define an affordance. For additional details,
readers are referred to [41]. Let w be the three-vector angular
velocity of point P with respect to frame {s} also expressed
as of)@ where @ is the unit axis of rotation and 6 is the rate of
rotation about that axis. Analogously, the spatial velocity (or
twist) of P, defined as V = (w, v) in frame {s}, where v is its
linear velocity, can be interpreted as 59, where S is a unit twist
vector, also called a screw and 6 is the rate of rotation about
that screw. As illustrated in Fig. 3, S can be described by three
parameters: S, the three-vector screw axis; g, the location of §
from {s}; and h, the rate of translation to rotation about the
screw axis (also called the pitch). The relationship between V
and its corresponding screw S is

V:H: A I R I B )
v q X 80 + hs0 q X 8§+ hs

where § = w/||w]||, 6 = ||w]||, and b = &Tv/6.

In the case of pure translation (i.e., where h ~ co and w = 0),
the screw axis is chosen as v/||v|| and @ interpreted as the lin-
ear velocity ||v|| along that axis. Consequently, S = V/||[v|| =

(0, v/1[v]])-
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B. Modeling Affordances With Screw Theory

Consider as an example, the turning of a wheel valve presented
in Fig. 3. In this case, the affordance is a pure rotation around a
physically intuitive axis, §, defined in frame {s} that turns the
valve by an angle 6 while taking point b to point c. From (2), the
affordance screw S can be computed as

S

where ¢ is the displacement of the screw axis from {s}. By
intuitively identifying § and measuring the displacement vector
q, we have completely captured the wheel-valve affordance in
the form of the affordance screw S. In Section IV, we will
demonstrate how S simply forms a screw-based joint in our
closed-chain model. Using a similar model as the wheel-valve
affordance, we can describe other task affordances, such as
opening a drawer (pure translation), turning a screw (helical
motion), pushing a door open (pure rotation), etc.

IV. TASK AFFORDANCE AND ROBOT AS A CLOSED-CHAIN
MECHANISM

Consider Fig. 1 in the context of turning a wheel valve.
Assuming a nonslipping grasp, we can extend an imaginary
link (the affordance link) from the real EE to the affordance
screw axis, which can be conceptualized as a screw-based joint
(the affordance joint). If the gripper can grab the valve in any
orientation, the EE is “attached” to the affordance link with a
spherical joint. We can then define a ground link connecting
the affordance joint to the base joint of the robot. We call this
imaginary chain extending from the robot EE to the base of
the robot the affordance chain. The affordance chain and the
robot form a closed-chain mechanism in which turning the crank
(affordance link) means turning the valve with the manipulator.
This model extends to any screw-based affordances manipulated
by arobot and enables a natural, intuitive, and affordance-centric
EE trajectory planner for moving along the affordance path.

A. Closed-Chain Analysis Using Kirchoff-Davies Formulation

1) Constraint Equation: Before delving into the general for-
mulation, we examine a simple planar case, as illustrated in
Fig. 4, where our frame of reference is {s}. Here, we have a
two-link planar manipulator composed of joints represented by
screws, S and So, tasked with turning a valve whose affordance
is denoted by the screw Sy. The affordance chain comprises the
virtual EE joint, S5 (revolute in the planar case), the affordance
link connecting it with the affordance joint S, and the ground
link that connects the affordance joint to the robot’s base joint,
S1. The manipulator and affordance chain together form a planar
closed-chain four-bar mechanism.

The Kirchoff—Davies circulation law (KDCL) [32] states that
the algebraic sum of the relative velocities of adjacent link pairs
across a closed kinematic chain is zero. For the mechanism in
Fig. 4, if we represent the relative velocities as twists with respect

S2 Sa

.
.

S1 >| {s}

Fig. 4. Two-link planar robot with joints represented by screws S; and Sa,
executing a task affordance (S4) with EE orientation freedom (S3), can be
modeled as a four-bar mechanism.

to frame {s}, then a consequence of the KDCL is

> Vi=0 “)

where V; is the twist vector produced by the ¢th joint. In other
words, using (2), we can write

61
2
63
0

S1 52 53 Su =0 ®)

where S; is the screw associated with the :th joint, and 92 its
corresponding rate of screw movement. Equation (5) can be
concisely written and extended to SE(3) and j joints as

N1y = Oy (6)

where [ is the length of the screw and NV is a matrix with screws
S1 through S; arranged as its columns, also called the network
matrix in reference to mechanical networks formed by kinematic
chains, adopting the notation from [22]. This constraint equation
fully characterizes the “closed-chain” model. In Section IV-A3,
we will derive the forward and inverse velocity kinematics
relationships. However, first, we must define the primary and
secondary joints.

2) Primary and Secondary Joints: A common purpose of
closed-chain analysis is to obtain the kinematics of the sec-
ondary (unactuated) joints given the state of the primary (ac-
tuated) joints and the geometry of the chain, or vice versa. In
our context, the designation of primary and secondary joints
depends on whether we want to control the gripper orientation
along with the affordance execution. Consider, for instance,
Fig. 5, where we have our proposed model applied to a 6-DoF
manipulator at the initial grasp pose. Recall that we have a virtual
spherical joint attaching the EE to the affordance link, which
we describe with the mutually orthogonal screws S7—Sg. S, is
simply the task’s affordance screw. For some tasks (pushing a
door or moving a chair), minor variations in gripper orientation
are acceptable. However, precise orientation control is crucial
for certain tasks, such as turning a valve using the methods
illustrated in Fig. 2(a) and (c). Conversely, there are scenarios,
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affordance
{s}

Fig. 5. Six-DoF manipulator with joints S1—Sg forms a closed-chain mech-
anism with its affordance chain, which includes a spherical joint (S7—Sg) for
EE orientation freedom, the task affordance (S, ), and the connecting imaginary
links.

such as the valve-turning strategy depicted in Fig. 2(b), where
EE orientation is irrelevant. In scenarios requiring the control
of affordance alone while freeing the gripper orientation, we
define the secondary joint simply as the affordance joint, with the
remaining joints, including the robot joints and virtual EE joints,
designated as primary. Conversely, for controlling the gripper
orientation with the affordance, we consider the affordance and
virtual EE joints as the secondary and the robot joints as pri-
mary. In tasks requiring control over specific aspects of gripper
orientation along with the affordance, the relevant virtual gripper
joints are considered along with the affordance. This selection
(1) is simply a matter of choice from the list of closed-chain
joints.

3) Forward and Inverse Velocity Kinematics: Given the pri-
mary joint velocities, we can determine the secondary joint
velocities. We start by rewriting (6) as

[Ns(l x7) Np(lx(jf‘r)):| [9 ‘

P((j-7)x1
where N denotes the secondary network matrix consisting
of secondary joint screws as its columns, with the number of
columns determined by the selection parameter 7, and 6, rep-
resents the corresponding secondary joint velocities. Similarly,
N, constitutes the primary networ'k matrix, comprising primary
joint screws as its columns, with ¢, denoting the corresponding
primary joint velocities. Equation (7) implies that

Nob, = —N,0,. (8)

O (r
(1) ]zoam (7
)

Therefore, the secondary joint velocities are
g, = —NIN,6, 9)

where we make use of the pseudoinverse N since N, is not a
square matrix.

Similarly, we can easily rearrange (9) to compute the primary
joint velocities given the secondary joint velocities as

0, = —N,N,0,. (10)

Note that the forward and inverse velocity kinematics have the
same form in this approach. In Section V, we leverage (9) to
compute primary joint-space trajectory that achieves a desired
secondary joint-space goal. Before proceeding, in the following
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section, we discuss valuable insights gained from our modeling
approach.

B. Insights From Our Modeling Approach

1) Mobility: Our modeling of the affordance chain and ma-
nipulator as a closed-chain mechanism enables us to calculate
the mobility metric m, representing the DoF of the mechanism,
thereby offering further insight into the inherent flexibility and
controllability of the system. We can compute it as [22]

(1)

where j is the number of joints and [ is the length of the screw
vector.

Consider Fig. 5 again, where we have a 6-DoF manipulator
executing a task affordance. For this case, with a screw length [
of 6 (for SE(3)) and a total of ten joints (j = 10), the mobility
of the chain is calculated as 4 using (11). In other words, there
are four controllable aspects of this mechanism, namely, the
affordance and the three orientation components of the gripper.
This insight is particularly valuable as it precisely delineates the
scope and extent of our modeling approach.

2) Role of Affordance Twist: Consider Fig. 5 in the context
of controlling both the orientation of the gripper and the affor-
dance. If we compare (10), the closed-chain inverse velocity
kinematics equation to the well-known open-chain manipulator
IK equation, Gp = JV.., where V.. is the EE twist composed of
revolute and prismatic components, Veer and Veep, TEspectively,
and J' is the pseudoinverse of the manipulator Jacobian, our
modeling shows that the constraint induced by the affordance
replaces Veep by the affordance twist V, and negates the resultant
velocities. This gives us the physical intuition that the effect of a
screw-modeled affordance on a manipulator exclusively pertains
to the translational motion of the EE, and the affordance twist
fully captures that motion

m=j—1

0, = —N] N0, (12)
= —J'{S767 + Ssbs + Soby + S.b.} (13)
= _JT{Veer+Va}- (14)

3) Choice of Frame: The screw notation also provides the
convenience of defining the network matrices with respect to
a frame of choice. For example, consider again that we want
to control the gripper orientation as well as the affordance. We
could define the network matrices with respect to the gripper
frame {b} and define the imaginary EE joint such that the three
mutually orthogonal screw axes are aligned with the gripper
frame at the start of the affordance, and then, the secondary
network matrix is written as

1 0

15)

o O O O O
o O O O
SO O O = O O
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where B, is the affordance screw axis defined in the gripper
frame. It is sparser and more elegant than when defined with re-
spect to the base frame, potentially yielding faster computation.

V. CLOSED-CHAIN IK SOLVER
A. Formalism

Since we are interested in generating joint position trajectories
to execute an affordance, in this section, we introduce a novel
closed-chain IK framework that controls the robot EE along the
affordance path. Consider the following function whose roots
give us the corresponding primary joint positions, 0, for desired
secondary joint states, 6s4:

f(ep) = esd - 95

where the length of the vectors 64 and 6, encapsulated in the
variable 7, may range from 4 to 1, depending on whether N
solely comprises the affordance screw or also incorporates the
virtual gripper screws. The size of the network matrices, as well
as the primary joint angle vector 0, will be affected accordingly.

Our formulation in (16) allows us to exploit common root-
finding methods for continuous functions. Using the Newton—
Raphson method, we employ the following iterative procedure:

(16)

; . f(0))
gitl =gt — P 17
PP a7
where
do
"0,) = ——=. (18)

Our approach is to approximate f'(6,) using (9). However,
applying numerical methods to continuous functions introduces
approximation errors, and in this case, the errors tend to violate
the closed-chain nature of the formulation [24], as if opening
the chain by moving the end of the ground link. We account for
this error with twist p, which can be calculated with open-chain
forward kinematics, and modify (9) as follows:

0, = —NI{N,0, + p}. (19)
Thus
do ' P
S = _NHN,+ 21 =N(0 20
dep S{ p + ep} ( P) ( )

where at each iteration, we approximate 0;') for a small time
interval At as

. ot 91’71
i p P
0p Al 21
Hence, (17) becomes
Ot =0, + N(0)) {0sa — 0.} (22)

B. Algorithm for Affordance Trajectory Generation

Given the EE in the initial pose of an affordance, we utilize
the above formalism and Algorithm 1 to calculate the joint-space
trajectory of the robot that steps the EE along the affordance path

while considering its orientation goals until it reaches the affor-
dance goal. The algorithm takes as input desired EE orientation
and affordance goals 0,4y, the gripper control variable 7, and the
list of screws cc_slist of the closed-chain model, which includes
the robot Jacobian, imaginary EE joint screws, and affordance
joint screw. The computation of the joint trajectory begins with
an initial guess of 6,, = 0 and involves solving closed-chain
IK. This is accomplished by invoking Algorithm 2 with a small
incremental affordance goal (for instance, Af, = 0.1 rad) and
corresponding gripper orientation goals. Algorithm 2 solves
closed-chain IK using (22) while correcting for the closure error
p by invoking Algorithm 3.

The error-correction procedure in Algorithm 3 involves com-
puting the forward kinematics 7’s. to the end of the ground link,
followed by the computation of the skew-symmetric represen-
tation of the twist that represents that error, utilizing the matrix
logarithm as follows:

(o] = log{T,'}

where p; is the body-frame twist, which can be converted
to the space frame {s} using the following equation. Here,
adjoint(7T}.) € RS represents the “adjoint representation” of
Tse used to transform velocities between frames [41]

(23)

p = adjoint(T. ) pp.- 24)
The following scheme is then utilized to adjust both the primary
and secondary joint angles using the vector form of p:

ol

Next, Algorithm 1 records the solution for the current iteration
from Algorithm 2 as a point in the differential joint trajectory
solution 8y, i.e., a trajectory that assumes the affordance start
configuration as zero for the joint angles. It then updates the
guesses 0,4 and 0, for the next iteration with the result from
the current iteration, repeating the process until the full trajectory
is developed to reach the desired affordance and EE orientation
goals. We highlight that this guess-update scheme is vital in
minimizing joint movements between two consecutive points in
the trajectory.

Note that 8, includes joint values for all primary joints, which,
in the case of controlling just the affordance, will encompass the
virtual gripper joint values as well. To generate a joint trajectory
suitable for direct transmission to the robot, we need to extract
the joint values corresponding to the robot joints and add the
affordance-start-pose robot joint configuration go to align the
joint zeros with those of the robot. We do this in Algorithm 1 on
Line 22 using the following equation:

Q=0q0+1{0,0,1(1:n),0p2(1:n),...,0,(1:n)}

where 6,,,(1 : n) € 0, such that the robot has n joints.

This planning framework encompasses three parameters: the
affordance step Af,, which can be fine-tuned to achieve the
desired joint trajectory density; the secondary joint goal error

Op

0, (25)

)
+[N, N p

(26)
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Algorithm 1: Task Affordance Joint Trajectory Generator.

Require: cc_slist, qo, Osqf, T
1: Define affordance step, Af,
2:  Determine relevant matrix and vector sizes based on 7
3:  Set start guesses and step goal:
Opg = 0,059 =0,0,q=0
4:  Extract final affordance goal, 8,4f from 6,4 and
compute no. of iterations, m to final goal
5: Initialize loop counter, k <— 0; success counter, s <— 0
6: while £ < m do
7: k=k+1
8: Update secondary joint goals for next aff step:
9: Update EE orientation goals in 64
10: Update aff step goal:
11: if £ = m then
12: Ay = 0Oqqp — Ay x (m — 1)
13: end if
14: Osqa(end) = Osq(end) + Ab,
15:  Call Algorithm 2 with args: cc_slist, 0pg, 054, 0sq
16: if success then

17: Record solution, 6, as a point in 8,
18: Update guesses, 0, 054

19: s=s+1

20: end if

21: end while
22: Compute robot joint trajectory @ using (26)
23: return@

threshold €,; and the closed-chain closure error threshold €,—
both of which can be adjusted to meet the desired planner accu-
racy. When controlling both affordance and gripper orientation,
€5 1s composed of €, for affordance error threshold and €, for
orientation error threshold. €, consists of €, for the angular
component and €, for the linear component.

Remark 1: Equation (26) is the solution to the problem
defined in Section II.

Remark 2: While we have developed this framework to
generate joint trajectories for affordance execution, and its
versatility extends beyond this application. Its foundation in
closed-chain mechanism modeling allows for direct application
to various single-loop closed-chain mechanisms in general.

VI. EVALUATION STUDIES

We validated our proposed framework through both simula-
tion and real-robot experiments. The following sections describe
these studies in detail.

A. Simulation Studies

For simulation studies, we considered a UR5 robot per-
forming a representative set of affordances. The simulation
experiments involved executing different task affordances in
MATLAB with a URS manipulator and exploring the effect of
changing planner parameters (5 and A6, ) on the rate and nature
of convergence. We present results showcasing pure rotational,

0O) paper, presented at ICRA

2026, Vienna, Austria. Cite as T-RO paper.

Algorithm 2: Closed-Chain IK Solver.

Require: cc_slist, 0,4, 054,054
Set max no. of iterations, [, and error thresholds, €, €,
Set At as small time increment
Capture guesses: 0, < 0,4, 0 < Oy
Initialize loop counter, ¢ <— 0
Start closure error at 0, p <— 0
while i< [ and ||0sq — 05]| > €5 or [|p|| > €, do
i=1+1
Compute N, N, as screw-based Jacobians
9: Compute 9,, using (21)
10: Compute N using (20)
11: Update 6, using (22)
12: Call Algorithm 3 with args, cc_slist, Ny, N, 0, 0
13:  end while
14:  success = not(||0sq —
15: returnd,, 0, success

AN U ol

Osgl| > €5 or [|pl| > €p)

Algorithm 3: Closure-Error Adjuster.

Require: cc_slist, Np, Ng, 0,0
1:  Compute forward kinematics to chain’s end link, 7%,
2:  Compute skew-symmetric form of p using (24)
3:  Adjust 0, 0, using (25)
4:  returnd,, 0

translational, and screw motion tasks under affordance control
(i.e., 7 = 1), aiming to capture common manipulation scenarios.
For a video demonstration of one such experiment where the
robot performs these motion types, the reader is referred to
online.?

Fig. 6(a)—(c) shows the initial robot configuration, affor-
dance (represented by the screw S,), and EE paths for the
conducted simulation experiments, along with an overlay of the
closed-chain model. Note that while the affordance type varies
between tasks, the closed-chain model itself remains constant.
For the pure rotational affordance, as shown in Fig. 6(b), and
screw motion affordance, as shown in Fig. 6(c), we looked at
two cases with affordance steps of 0.1 rad (5.7°) and 0.5 rad
(28.6°), respectively, each covering a total affordance path of
5 rad (287°). Similarly, for the pure translational affordance of
Fig. 6(a), we present two cases with affordance steps of 1 and 5
cm, respectively, each encompassing a total affordance path of
50 cm.

We evaluated the performance of our planner by varying
the solution accuracy of our closed-chain IK solver (using €;)
between +1%, +5%, and +10%. Since each affordance-step-IK
computation might require a different number of iterations to
converge to a solution, we tracked the minimum and maximum
number of iterations needed for the solver to converge for each
affordance trajectory. This allowed us to assess the tradeoff be-
tween solution accuracy and computational efficiency in the IK
solver within the context of the planner. This insight is valuable

3[Online]. Available: https://youtu.be/Ukv93hbNrOM
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(2) (b)

Fig. 6.
(b) pure rotation, and (c) screw motion.

TABLE I
IMPACT OF AFFORDANCE STEP SIZES AND ACCURACIES ON STEP ITERATIONS

Affordance Accuracy(%) Iterations Iterations
Step(rad) (min) (max)

0.1 1 8 14
0.1 5 6 9

0.1 10 4 7

0.5 1 9 13
0.5 5 7 10
0.5 10 7 10

Pure Translation with Total Affordance 0.5m

Affordance  Accuracy(%) Iterations Iterations
Step(m) (min) (max)
0.01 1 7 30
0.01 5 5 20
0.01 10 4 16
0.05 1 8 30
0.05 5 5 19
0.05 10 4 18

Screw Motion with Total Affordance 5 radians

Affordance Accuracy Iterations Iterations
Step (rad) (%) (min) (max)

0.1 1 10 13

0.1 5 7 9

0.1 10 5 7

0.5 1 10 13

0.5 5 8 9

0.5 10 8 9

because, given our closed-chain model, the EE is guaranteed to
remain on the affordance path. Any loss of accuracy only affects
the affordance goal; for instance, in the case of valve turning, this
is just the degrees it is turned. For many real-world applications,
this might not be critical, and as long as the EE remains on the
affordance path, the tasks could be accomplished without the
need for accuracy. The results of this study are documented in
Table I . For all cases, the closed-chain closure error threshold
(e,) was set at le * using the L2 metric.

For the three affordance types at +1% accuracy require-
ment, we also tracked the affordance and closed-chain closure

©

Start pose, affordance (S, defined in frame {s}), affordance path, and closed-chain model overlay for simulation experiments: (a) pure translation,

TABLE II
AFFORDANCE CONTROL EXPERIMENT PLANNING TIMES

Task Task Description Planning
Aff Type Goal Steps Time(s)
Open drawer | Translation | 0.29m | 0.05m 0.0155 + 9e-05
Close drawer Translation 0.2m 0.05 m 0.0077 + 1e-04
Move stool Rotation 0.57 | 0.15rad | 0.0375 £ 2e-04

Drawer tasks IK method: Pseudoinverse, Move stool: Transpose.

TABLE III
AFFORDANCE AND EE ORIENTATION CONTROL EXPERIMENT PLANNING TIMES

Task Aff Goal Planning Time(s)
Case 1 0.57(90°) 0.0975 + 2e-04
Case 2 0.257(45°) 0.0622 + 4e-04
Case 3 1.757(315°) 0.0861 + 7e-04
Case 4 2.337(420°) 0.0643 + 5e-04

For all tasks, Aff Type: Rotation, Step: 0.2 Rad. Affordance
rate: 0.2 rad/0.3 s = 0.667 rad/s, IK Method: Transpose.

errors against the number of iterations to converge to various
affordance steps. Our objective was to better understand the
convergence characteristics of our IK solver.

B. Real-Robot Experimental Studies

We applied the proposed framework using C++ and ROS2
to a manipulator-integrated Boston Dynamics Spot robot arm
to perform real-world manipulation tasks. Our objective with
real-world implementation was twofold, and our studies are
accordingly split into the following two categories. A video
demonstration of these tasks is available online.*

1) Affordance Control: To demonstrate our ability to per-
form common articulated and nonarticulated manipu-
lation tasks while allowing for minor gripper orienta-
tion freedom, i.e., 7 = 1. For these studies, we per-
formed drawer-opening and closing tasks and moved a
stool out of the way. The start configurations for these
tasks, as well as the affordance screws, are shown in
Fig. 7.

4[Online]. Available: https://youtu.be/Ukv93hbNrOM
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(d

Fig. 7. Affordance control experimental setup showing robot start pose and
affordance screw, S, defined in frame {s}: (a) pulling a drawer, (b) pushing a Fig. 8.

a Affordance and EE orientation control experimental setup showing
drawer, and (¢) moving a stool.

robot start pose, planned paths, and affordance screw, S, defined in frame {s}:

2) Affordance and EE Orientation Control: To demonstrate

our ability to precisely control or free the orientation of
the EE along the affordance path, i.e., 7 > 1. For these
studies, we turned to the various valve-turning approaches
we introduced in Section I-A and conducted those exper-
iments using the Spot robot. Specifically, we examined
the four different cases listed in the following. The start
configurations, affordance screws, and planned EE paths

for these tasks are shown in Fig. 8.

a) Fixed EE Orientation in World Frame: The EE orien-
tation remains unchanged relative to the fixed frame,
{s}. This is similar to preserving hand orientation in
Fig. 2(a). We performed a 90° valve turn using this
approach.

b) EE Pitch Changing with Valve Rotation, Roll and Yaw
Fixed in World Frame: The EE pitch changes in tandem

(a) case 1: EE orientation fixed in world, (b) case 2: pitch changing in tandem,
roll and pitch fixed, (c) case 3: roll changing in tandem, yaw and pitch free, and
(d) case 4: EE orientation free.

with the valve rotation, while the roll and yaw remain
fixed relative to {s}. This is similar to rotating the
entire hand in tandem in Fig. 2(c). We performed a 45°
valve turn using this approach.

¢) EE Roll Changing with Valve Rotation, Pitch and
Yaw Free: The EE roll changes in tandem with
the valve rotation, while both the pitch and yaw
are free to change in any manner. This is sim-
ilar to rotating the hand in tandem in Fig. 2(c)
while allowing some freedom along hand pitch and
yaw. We performed a 315° valve turn using this
approach.

d) Free EE Orientation: The EE orientation along the
affordance path does not matter and is free to change

Authorized licensed use limited to: University of Texas at Austin. Downloaded on March 04,2026 at 23:10:21 UTC from IEEE Xplore. Restrictions apply.
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Fig. 9. Comparison experiment task setup showing robot start pose and
affordance screw, S, defined in frame {s}: (a) opening a pelican case, (b)
unzipping a dufflebag, and (c) unfastening a nut.

in any manner. This is similar to not preserving hand
orientation in Fig. 2(b) where we turn the valve by
pushing on the spoke. We performed a 420° valve turn
using this approach.

To evaluate our framework, we recorded several key metrics
during all of these experiments. First, we tracked the actual
joint states of the robot to demonstrate our method’s abil-
ity to generate smooth joint trajectories. We also measured
planning times to show the efficiency of the framework. The
planning process was run five times for each task to calculate
the average planning time, reported as the mean =+ standard
deviation.

Inspired by Wolovich and Elliott [42], who introduced the
Jacobian transpose method for solving IK in the context of
open-chain serial manipulators, we explored approximating
N(#)" in (22) with the transpose, N(6:)7. In these experi-
ments, we implemented both the pseudoinverse and transpose
methods, observing that the transpose method often led to
faster solutions. Therefore, in our report of planning times, we
specify whether the pseudoinverse or transpose method was
used.

In addition, we monitored the predicted versus actual EE
trajectories and calculated the deviation between the two. This
was done to demonstrate that, despite potential errors due to
runtime uncertainties or localization of the affordance screw,

the tasks could still be accomplished. It is worth noting that the
actual and predicted EE trajectories were sampled at different
rates due to the nature of the ROS2 data collection framework.
Thus, to compute the trajectory error, we first identified the
two closest points on the actual trajectory for each point on
the predicted trajectory. We then applied linear interpolation
between these actual points to obtain a more accurate match
and computed the Euclidean distance between the predicted
point and the closest interpolated actual position to quantify the
error.

In addition to these metrics, for the affordance and EE
orientation control studies, we recorded the predicted versus
actual EE orientation trajectories to show that we could generate
trajectories that allow precise EE orientation control or freedom
along the affordance path and that the predicted orientation was
achieved during task execution.

Based on the insight from simulation studies and given the
nature of the experiments, we opted to set the accuracy of the
planner at 10%. The closure error threshold was set at 1e~%
using the L2 metric. We opted for affordance steps that allowed
the task to be executed at a reasonable and smooth pace, but
these steps could be increased to further reduce planning time
if needed. Lastly, the time difference between joint trajectory
points was set at 0.3 s.

C. State-of-The-Art Comparison Studies

To assess the performance of our closed-chain affor-
dance (CCA) planner against the state-of-the-art methods, we
implemented the screw-based planners, SPS and DSS, as dis-
cussed in Section I-C, alongside CCA [with affordance con-
trol, Section VI-B)] on the Boston Dynamics Spot quadruped.
We conducted experiments, including common manipulation
tasks, representing all three screw types: opening a Pelican
case (rotational motion), unzipping a duffle bag for inspection
(translational motion), and unfastening a nut (screw motion).
The experimental setup is shown in Fig. 9. Each task was
performed five times from randomized start configurations to
different task goals, resulting in a total of 15 tasks per planner.
The same starting configurations and goals were used for all
three planners to ensure a fair comparison.

We evaluated three key performance metrics that have real-
world implications.

1) Joint Distance, the total Euclidean path length traveled in
joint space, computed as the sum of Euclidean distances
between consecutive joint configurations in the planned
trajectory. This metric assesses the motion efficiency of
each planner.

2) Maximum Task Goal, the highest task (affordance) goal
achieved during planning (e.g., maximum Pelican case
opening angle), measuring the planner’s capability to
achieve extended task goals.

3) Planning Time, the time required to generate a plan, re-
flecting the planner’s computational efficiency.

For a fair, direct comparison, we also implemented self-

collision and joint-limit checking for CCA using Movelt® and

5[Online]. Available: https://moveit.picknik.ai/main/doc/examples/
planning_scene/planning_scene_tutorial.html
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Fig. 10.  Affordance error (as absolute deviation from the desired affordance goal) and closed-chain closure error (as L2 norm of the closure error twist) plotted

against number of iterations for IK computation of the robot configuration an affordance step away from the start configuration. The plots are shown for various
affordance steps and types: (a) 1 cm step pure translation, (b) 0.1 rad step pure rotation, (c) 0.1 rad step screw motion, (d) 5 cm step pure translation, (e) 0.5 rad

step pure rotation, and (f) 0.5 rad step screw motion.

included it in our planning time calculations. To have consistent
references for measuring joint distances across identical tasks,
we first executed DSS, the planner utilizing a sampling-based
motion planner underneath, to determine an achievable task
goal. We then performed the same tasks using the other two
planners. The detailed settings used for these planners during the
experiments are provided in the Appendix. A video demonstra-
tion of representative comparison tasks performed using CCA
is available online.®

VII. RESULTS AND DISCUSSION

In this section, we present and analyze the results from our
simulation and real-robot experimental studies.

A. Simulation Results and Discussion

Consider the results for pure rotation from Table I. For a
0.1-rad affordance step, we observe that the minimum number
of iterations needed for the solver to converge increases from 4
to 6 to 8 as the accuracy requirement is tightened from +10% to
+5% to +1%, respectively. Similarly, the maximum number of
iterations required rose from 7 to 9 to 14. This trend is consistent
for the 0.5-rad case, as well as for all pure translation and screw
motion cases. As expected, the maximum and minimum number
of iterations and thus the computation times are significantly
reduced at the cost of some accuracy. Note that in the 0.1-rad
step cases, the increase in iterations follows a more discernible
pattern compared to the 0.5-rad step cases. This is likely because
larger step sizes result in an initial guess for our root-finding
method that is farther from the solution, making the solver more
susceptible to convergence irregularities. It is trivial to see that
the overall computation time for the entire trajectory can also
be saved by employing larger affordance steps as tolerated by

6[Online]. Available: youtu.be/Ukv93hbNrOM

our applications. However, very large steps can (and should
be) avoided, as they might result in the solver not converging
given the nature of the underlying root-finding method. Note
that the smaller the affordance steps, the denser and smoother the
joint trajectories become due to the update scheme mentioned
in Section V-B.

For +1% task accuracy requirement and different affordance
step sizes, we present the error plots for the first step in the
affordance trajectories. Fig. 10(a) and (d) shows the error plots
for the pure translational case of 1 and 5 cm steps, respec-
tively. Similarly, Fig. 10(b) and (e) shows the error plots for
the pure rotation case of 0.1 and 0.5 rad steps, respectively.
Finally, Fig. 10(c) and (f) shows the error plots for the screw
motion case of 0.1 and 0.5 rad steps, respectively. A remark-
able observation from our study was the exponential conver-
gence behavior across all cases. Although the Newton—Raphson
method typically converges quadratically, it can exhibit expo-
nential (linear) convergence when the derivative is singular at
the root [43]. Since our model involves a redundant closed-chain
mechanism, the constraint Jacobian at the solution is not full
rank [44], leading to the observed exponential convergence (see
Appendix D for the mathematical proof). This is illustrated by
the linear nature of the semilog error versus iterations plots in

Fig. 10(a)—(f).

B. Real-Robot Affordance Control Results and Discussion

We observed smooth joint movements during all affordance
control tasks, as shown in Fig. 11(a)—(c). Regarding trajectory
planning times, as listed in Table II, the drawer opening and
closing tasks took 0.0155 and 0.0077 s, respectively, while
moving the stool took 0.0375 s.

When examining the predicted versus actual EE trajectories
for these tasks [see Fig. 12(a)-(c)], we found that all three
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Euclidean error between predicted and actual EE position trajectories plotted against the indices of predicted trajectory points shown in Fig. 12 for

affordance control experiments: (a) pulling a drawer, (b) pushing a drawer, and (c) moving a stool.

tasks were successfully completed despite some deviation errors
introduced due to runtime uncertainties. Specifically, the error
between the predicted and actual trajectories was up to 1.2 mm
for pushing the drawer [see Fig. 13(b)] and 4 mm for pulling
the drawer [see Fig. 13(a)]. However, for moving the stool [see
Fig. 13(c)], the error was up to 6.5 mm, likely due to the frictional
uncertainties of rolling a stool on a rough floor.

C. Real-Robot Affordance and EE Orientation Control Results
and Discussion

Similar to the affordance control experiments, we ob-
served smooth joint movements during all affordance and EE
orientation control tasks, as shown in Fig. 14(a)—(d). Regarding

trajectory planning times, as listed in Table III, Case 1 (90° valve
turn) took 0.0975 s, Case 2 (45° valve turn) took 0.0622 s, Case 3
(315° valve turn) took 0.0861 s, and Case 4 (420° valve turn) took
0.0643 s. It is noteworthy that by allowing freedom in some or all
aspects of gripper orientation, as in Cases 3 and 4, which involve
much longer trajectories compared to Cases 1 and 2, we were
able to generate trajectories much faster. Intuitively, by allowing
aspects of the gripper orientation to vary (i.e., by increasing the
number of columns in /NV,, and decreasing in N,), we expand
the solution space [linked to the Jacobian’s null space in (20)],
enabling faster convergence of our root-finding method (22). In
practice, the resulting deviations in orientation are minimal, as
our update scheme (discussed in Section V-B) starts with a guess
close to the solution.
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Euclidean error between predicted and actual EE position trajectories, plotted against the indices of predicted trajectory points shown in Fig. 15 for

affordance and EE control experiments. (a) Case 1: EE orientation fixed in world. (b) Case 2: pitch changing in tandem, roll and pitch fixed. (c) Case 3, roll changing

in tandem, yaw and pitch free. (d) Case 4: EE orientation free.

When examining the predicted versus actual EE
trajectories for these tasks [see Fig. 15(a)—-(d)], we found that
all tasks were successfully completed despite large deviation
errors introduced due to affordance screw localization as well
as runtime uncertainties. There were two sources of localization
errors.

1) Locating the screw axis necessitated detection of an April-
Tag through the hand camera. Since the affordance screw’s
location and orientation are estimated based on the April-
Tag, and AprilTags are known to have pose estimation
errors [45], these errors propagate to the screw and, ulti-
mately, affect the predicted EE trajectories.

The arm had to retract to a pose where the AprilTag was
visible before transitioning to the affordance start pose.
During this process, the whole body controller was active,
causing the Spot robot’s body to move to compensate for

2

~

the arm’s motion. This movement would shift our “fixed”
frame {s} (arm base link) as well.

We observe from Fig. 16(a)—(d) that the trajectory error ranges
from a maximum of 3-28 mm between the four valve-turn
experiments. We attribute this remarkable error handling and
robustness to two key factors. First, we are working in the joint
space, and the output from our framework is joint trajectories
starting from the current (affordance-start) state of the robot.
Therefore, even if there are affordance localization errors, the
robot still attempts to perform the motion. Second, the robot has
mechanical compliance, which is helpful in combating runtime
uncertainties.

When analyzing the actual EE orientation trajectory for Case
1, where we expect the EE orientation to remain fixed in the
world frame [see Fig. 17(a)], we observe that the robot maintains
the roll and yaw within a remarkable maximum deviation of
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0.01 rad (0.57°) and the pitch within 0.1 rad (5.7°). For Case 2,
where we expect the EE pitch to change at the same rate as the
affordance while the roll and yaw stay constant, this is precisely
what we observe. The roll and yaw plots are horizontal straight
lines, whereas the pitch plot is a straight line with a significant
slope. The absolute value of the rate of change of the actual
pitch from Fig. 17(b) is 0.689 rad/s, compared with the predicted
rate of 0.642 rad/s and the affordance rate of 0.667 rad/s (see
Table III).

Note that although we start at similar configurations for both
Cases 1 and 2, we can only achieve a 45° valve turn in Case
2 because this approach leads to the wrist pitch joint limit of
—1.83 rad [see Fig. 14(b)], whereas in Case 1, we can achieve a
90° turn. We chose this setup for the two experiments to highlight
that some approaches are preferable in certain applications over
others.

For Case 3, where we expect the EE roll to change at the same
rate as the affordance, while pitch and yaw can change freely,
we observe in Fig. 17(c) that the roll plot is a straight line with a
significant slope, as expected, whereas the pitch and yaw plots
are nonlinear. The absolute rate of change of the actual roll is
0.681 rad/s, compared to the predicted rate of 0.665 rad/s and
the affordance rate of 0.667 rad/s (see Table III). We emphasize
that by allowing freedom in the EE pitch and yaw, we achieve a
remarkable 315° valve turn. If we had used the Case 2 approach,
we would have been limited to only a 135° turn due to the wrist
roll joint reaching its limit.

For Case 4, instead of using the valve circumference, we
push against a spoke to turn the valve, and our goal is to
ensure the EE remains on the affordance path, but its orientation
is not constrained. Using this approach, we can remarkably
generate a joint trajectory that turns the valve by 420° at once.
The orientation freedom is highlighted by the nonlinear nature
of the pitch and yaw plots in Fig. 17(d). Although the roll
plots are linear, indicating a constant rate of change, which
is likely due to the smooth nearest-solution-finding nature of
our framework, we do not expect them to match the affordance
rate since we have not constrained the EE orientation. This
is precisely what we observe: the absolute rates of change
(actual: 0.446 rad/s and predicted: 0.435 rad/s) are signifi-
cantly different from the affordance rate of 0.667 rad/s (see
Table III).

D. State-of-The-Art Comparison Results and Discussion

SPS failed to plan for full trajectories in 53% of the test cases.
However, in those where it succeeded, as shown in Fig. 18(a), the
joint distances were within 0.05 rad of those in the DSS trials.
We attribute this similarity to the same screw-based modeling
constraints underlying both planners. When we compare the
joint distances for the DSS-generated joint trajectories against
CCA, which successfully planned for all trials [see Fig. 18(b)],
we observe that on average, CCA achieved the same tasks
while requiring the manipulator to travel only 46% of the joint
distance compared to DSS. Moreover, in 80% of the cases, the
CCA joint distances were less than those of DSS. To highlight
this important finding, we juxtapose the DSS and SPS goal
configurations with CCA for a representative Pelican opening
experiment case in Fig. 19.

When examining the maximum achievable task goals across
the three experimental categories [see Fig. 20(a)-(c)], we
observe that CCA consistently planned for higher task goals
than SPS or DSS for the same tasks and starting configurations.
Regarding planning time, in cases where all three planners
succeeded (see Fig. 21), SPS was significantly faster than DSS,
consistent with prior findings [40]. In those same cases, CCA
was, on average, 4.3 times faster than SPS and 11.3 times faster
than DSS.

In summary, CCA planned trajectories that required sub-
stantially less joint movement to complete the tasks. This
efficiency likely stems from its unique affordance control feature
(discussed in Section VI-B) which allows minor deviations in
the EE orientation. Due to the underlying Newton—Raphson
method and guess update scheme (discussed in Section V-B),
this feature leads to finding solutions that minimally devi-
ate from the start configuration. By minimizing joint move-
ments, the distance to joint limits is also extended, enabling
greater task goals. Finally, the closed-chain constrained solu-
tion space, explored using the Newton—Raphson method, likely
contributes to its superior computational efficiency over SPS and
DSS.

E. Current Limitations of Our Planner

In this work, we do not focus on planning in cluttered envi-
ronments. Our planner only accounts for self-collision and does
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Fig. 19. End configurations for a representative pelican opening experiment,
starting from the same initial configuration, as planned by different planners.
CCA requires less joint movement to perform the same task. Task affordance
represented by screw S, in frame {s}.

not consider collisions with external objects. SPS has a simi-
lar limitation, whereas DSS addresses this using open-source
sampling-based motion planners. In addition, DSS can handle
multiple chained or unchained screw-modeled tasks, while our
approach currently addresses one screw-modeled task at a time.
Finally, we did not study or analyze the class of singularities
that our closed-chain mechanism may encounter. Expanding
our planner to address these limitations is a direction for future
work.

F. Summary of the Benefits of Our Framework

In the following, we summarize notable features of our frame-
work.

1) Task and Robot Agnosticism: From a modeling stand-
point, as detailed in Section IV, our closed-chain mechanism is
a concatenation of the robot kinematic chain and the affordance
chain, where the robot could be any open-chain serial manipula-
tor and the affordance be any screw-modeled task. Furthermore,
from a mathematical standpoint, the secondary network matrix
N, encompasses all screws relevant to defining a task—such as
those related to the affordance and gripper orientation—and the
primary network matrix IV, encompasses all primary screws
responsible for executing that task (e.g., screws describing
the joints of a robot). This underscores the generality of our
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framework across any robot-affordance combination, making it
robot- and task-independent.

2) Streamlined Task Definition: From a user standpoint, as
outlined in Section V-B, the input to our planner boils down
to furnishing the affordance description in the form of a screw
and goal, and indicating whether and what aspect of the gripper
orientation to control. Conceptually, the task is simply to turn
the “affordance crank” in our closed-chain model. Moreover,
unlike waypoint-based methods, which may require explicit
specification of multiple intermediate EE poses, our approach
leverages the continuous screw representation to implicitly plan
the trajectory. Thus, our framework eliminates the need for EE
waypoints to define screw-modeled task affordances and offers
a streamlined, intuitive, and affordance-centric approach to task
conceptualization and execution. Furthermore, task constraints,
such as affordance limits, are ingrained in our model such
that any affordance goal beyond the robot’s reachability simply
results in a partial joint trajectory solution that brings the EE to
the affordance’s maximum extent.

3) Grasp Invariance: As our approach connects the robot
EE to the affordance link using a virtual spherical joint, the
model remains independent of the EE pose at the beginning of
the affordance. This enables the robot to initiate the task in any
configuration without compromising the validity of the model.

4) Robustness: For the experiments discussed in Section VI-
I-C, we saw that our framework is able to complete the tasks
even where there are affordance localization and runtime errors
causing up to 28 mm deviation between the predicted and actual
EE trajectories. We attributed this robustness to our framework’s
output being joint trajectories starting from the current state of
the robot and to the mechanical compliance of the robot itself.
Although we have yet to study the upper limit of this robustness
and investigate the contribution of each of these factors, we
find that the framework performs remarkably well in the face
of uncertainties in this implementation, including maintaining
the desired EE orientation.

5) Gripper Orientation Control: By incorporating gripper
orientation control or freedom through the parameter 7, we
can seamlessly include gripper orientation goals along with the
affordance. This capability is vital for various contact tasks and
can facilitate solution exploration and avoidance of undesirable
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experiments where all three succeeded.

configurations as demonstrated in the affordance and EE control
experiments in Section VII-C. This feature is intuitive and
accessible through our framework.

6) Computational Efficiency: In Sections VII-B and VII-C,
we demonstrated our capability to generate trajectories to per-
form the tested set of contact tasks in a matter of 0.0077-0.098 s,
including long trajectories, such as the 420° valve turn. The tasks
were executed smoothly and rapidly, with a 0.3-s time interval
between consecutive trajectory points. Thus, our computational
efficiency implies that in real time, for every timestep in the
trajectory, we are able to generate complete long-horizon trajec-
tories. This is valuable in monitoring and promptly responding
to runtime uncertainties during task execution. We also showed
in Section VII-D that our method is significantly faster than the
state of the art.

VIII. CONCLUSION AND FUTURE WORK

We proposed a novel robot-and-task-agnostic framework that
offers a computationally efficient and intuitive approach to
generate joint trajectories for executing screw-modeled task
affordances, while considering the gripper orientation freedom
or control. Validation of the framework’s efficacy was demon-
strated through simulations of a URS robot and real-robot im-
plementations on a Boston Dynamics Spot quadruped, cover-
ing common articulated and nonarticulated manipulation tasks.
Real-world experiments showed robustness of the framework
against affordance localization errors and runtime uncertainties.
Comparison with the state-of-the-art showed our method is
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4x faster and generates joint trajectories that require less joint
movement and achieve greater task goals.

In this study, our proposed model comes into effect after the
robot reaches the starting pose to perform a task affordance.
For future endeavors, we aim to enhance our model to include
the approach motion. This will allow us to calculate at once the
joint trajectory needed to transition from any arbitrary pose to
the starting pose and execute the task affordance. A potential
method could utilize Bezier curves to generate smooth trajecto-
ries to approach the task’s start pose while prioritizing collision
avoidance and other constraints [46]. In addition, we utilize
this framework to perform more tasks modeled with sequential
screws, such as opening a door by turning a knob and pushing
the door open. This involves incorporating a causal chaining
of affordances and a more intricate robot model that includes
both the arm and the body. While the current implementation
utilized a space-frame-based closed-chain affordance frame-
work, we acknowledge the potential for even faster computation
with sparser matrices in a body-frame setup, as discussed in
Section IV-B. Therefore, our future work will involve testing a
body-frame-based closed-chain affordance framework.

This work was implemented on a mechanically compliant
and sophisticated robot. However, our future investigations will
extend to evaluating its performance on other robots, including
noncompliant and more cost-effective alternatives. Lastly, we
identified our work as a solution to the limitations inherent in
the screw primitive approach proposed by Pettinger et al. [6].
However, the software-compliant nature of their system has ad-
vantages in addressing runtime uncertainties. For robots that do
not have mechanical compliance, we would like to incorporate
software compliance into the real-time implementation of our
framework to combat runtime uncertainties.

APPENDIX

To facilitate reproducibility of our experiments, here we pro-
vide additional details that pertain to our evaluation studies.

A. Simulation Studies

1) For pure translation tasks [see Fig. 6(a)]
Sa=1[0 00 -1 0 0"
2) For pure rotation tasks [see Fig. 6(b)]

w=1[1 0 0] ac[0.817 0.291 —0.006]" m.
3) For screw motion tasks [see Fig. 6(c)]
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at [0.817 0.291 —0.006]"

4) Start configuration for all of these tasks, gy =
0,0,0,0).

(0,0,

B. Real-World Implementation Studies

1) Pulling a drawer, [see Fig. 7(a)]
Se=[0 00 -1 0 0
qo = (—0.0008, —0.8798, 1.7327,0.0127, —1.1322,
—0.0027).
2) Pushing a drawer, [see Fig. 7(b)]
S.=[0 0010 0]
qo = (0.0080, —1.1822,2.4639, 0.0203, —1.3232,

—0.0005).
3) Moving a stool, [see Fig. 7(c)]
$.=[0 0 1]"atfo 0 0" m
qo = (0.2084, —0.5254,1.8599, 0.1858, —1.3719,
—0.0743).
4) Valve turn case 1, [see Fig. 8(a)]
$o=1[0 1 0] at[0.6940 —0.0252 0.2199]" m

qo=1(0.1513,-1.8213,2.0578,0.8435,—0.3443,0.7954).
5) Valve turn case 2, [see Fig. 8(b)]
$.=[0 1 0" at[0.6262 —0.0652 0.2223]" m
go=1(0.0140,—2.0268, 2.1910, 0.8096,—0.1487, 0.8129).
6) Valve turn case 3, [see Fig. 8(c)]
Sa = [1 0 O]T at [0.6172 0.0636 0.2247]T
qo = (0.0177,—1.2799, 2.1361, 0.0438, —0.8449,
—0.0771).
7) Valve turn case 4, [see Fig. 8(d)]
$o=1[1 0 0] at[0.6163 0.0574 0.2258]"
go = (—0.1408, —1.5098, 1.8449, —0.2122, —0.2910,
—0.1452).
8) Trajectory planning was performed on a Dell XPS 17
9710 equipped with an Intel Core i7-11800H processor
@ 230 GHz (16 CPUs) and 32 GB of DDR4 RAM
(3200 MHz, 2x16 GB).

C. State-of-The-Art Comparison Studies

1) CCA Parameters:

a) Secondary joint goal accuracy: 1%.

b) Affordance step: resulting in 50 trajectory points.
SPS and DSS Parameters:

a) IK Solver: KDL.”

b) DSS motion planner: PRM [47].

¢) Goal joint tolerance: 0.001, default.

d) Goal orientation tolerance: 0.001, default.

e) Goal position tolerance: 0.0001, default.

f) IK search resolution: 0.005, default.

For these experiments, all three planners were compiled
with CMAKE_BUILD_TYPE set to RELEASE, enabling
compiler optimizations for improved performance.

2

~

3

~

7[Online]. Available: https://orocos.org/wiki/orocos/kdl-wiki.htm]

FOR ROBOTIC MANIPULATORS
ienna, Austria. Cite as T-RO paper.

D. Proof of Exponential Convergence

In the following, we present the proof (adapted from [48]) of
the exponential convergence of the error discussed in Section
VII-A.

We rewrite the Newton—Raphson procedure of (17) as

f@
V(0,) =0, — f/ief); (27)
such that ¥(6,) € C*(R)
Using Taylor approximation
O~ W(6;) + (6, — 6,)V'(6;) + (6, — ;)T (6;)
(28)

where 6 is the root value. Since W(0;) = 05, and if ;41 =

05t — 07 and e; = 07, — 07 are the errors, then
1
eiv1~ e, V'(0)) + 56?\:[’”(9;). (29)
Differentiating (27) w.r.t. 6,,, we get
05 (6
wioy = 200 G0
(f"(6;))

Since we have a redundant closed-chain mechanism, the Jaco-
bian f'(6;) in (18) is rank-deficient, leading to an ill-conditioned
expression in (30). Assuming sufficient differentiability, we
invoke L"Hopital’s rule

1 /
SO S
0p—05 (f/(ep))z Op—05
Invoking L"Hopital’s rule again

o PO 20,17 0) + FO,)F7(6,) 1
0, 27O ) + 10 2

0p) 1" (6p) +

Hence, (29) becomes

1
civ1 R e+ O(€?). (33)

Since the first term dominates, the error at each iteration de-
creases linearly from the previous iteration, resulting in an
overall exponential decay.
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