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ARTICLE INFO ABSTRACT

Keywords: Task and Motion Planning (TAMP) is essential for robots to interact with the world and accomplish complex
Al-based methods tasks. The TAMP problem involves a critical gap: exploring the robot’s configuration parameters within
Kinematics continuous space to ensure that task-level global constraints are met while also enhancing the efficiency

Differentiable programming of subsequent motion planning. Existing methods still have significant room for improvement in terms of

efficiency. Recognizing that robot kinematics is a key factor in motion planning, we propose a framework
called the Robotic Kinematics Informed Neural Network (RobKiNet) as a bridge between task and motion
layers. RobKiNet integrates kinematic knowledge into neural networks to directly learn a mapping from task
space to feasible configuration space under global constraints, enabling efficient and constraint-consistent
configuration prediction without iterative solving. We designed a Chassis Motion Predictor (CMP) and a
Full Motion Predictor (FMP) using RobKiNet, which employed two entirely different sets of forward and
inverse kinematics constraints to achieve decoupled control and whole-body control, respectively. RobKiNet
significantly improves sampling efficiency and enhances prediction reliability under task-level constraints.
Experiments demonstrate that CMP and FMP can predict configuration parameters with 96.67% and 98%
accuracy, respectively. That means that the corresponding motion planning can achieve a speedup of 24.24x
and 153x compared to random sampling. Furthermore, RobKiNet demonstrates remarkable data efficiency.
CMP only requires 1/71 and FMP only requires 1/15052 of the training data for the same prediction accuracy
compared to other deep learning methods. These results demonstrate the great potential of RobKiNet in robot

applications.
1. Introduction that can be learned [7] or efficient neural planners [8,9]. On the other
hand, the search at the motion layer is more focused on determining
Robot manipulation in real-world environments requires seamless the specific parameter configurations of the entire robotic system when
integration of high-level task reasoning and low-level motion exe- executing a particular action. The selected parameter configurations

cution [1,2]. Task and Motion Planning (TAMP) frameworks have
emerged as a powerful paradigm for addressing this challenge [1,3,4],
where task planners determine action sequences to achieve goals, while
motion planners generate the corresponding trajectories.

Specifically, the search at the task layer focuses on the abstract L ) ) o
subsequences that should be executed to achieve the target state, such significant bottleneck in practical applications [6,12]. A key challenge

as subtask planning in long-horizon tasks [5] or complex dynamic ma- in TAMP systems is determining viable robot configuration that satisfy
nipulation tasks [3,6]. Speed improvements and near-optimal heuristic both task-level objectives and motion-level constraints, especially for
searches can be achieved by designing corresponding guided planners

need to not only satisfy the current task’s kinematic requirement but
also ensure a feasible solution for the future task based on these
parameter configurations [10,11].

However, the interface between these two planning layers remains a
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Fig. 1. Overview of this paper’s issues, ideas, chapter relationships, and main contributions.

systems with redundant degrees of freedom, which is common in real-
world scenarios [13][14][15]. It involves exploring and selecting from
a potentially infinite solution space to ensure the correctness of the
execution of related tasks.

In order to find viable robot configuration that are suitable for
both the task level and the motion level, traditional approaches of-
ten rely on adding constraints or random sampling to find feasible
configurations. A classic example is the inverse kinematics solution
for a 7-degrees of freedom (DOF) robotic arm [16,17], where joint
characteristics are constrained according to specific tasks to reduce
the motion dimensions and narrow the continuous solution space.
However, constraints are often difficult to determine when dealing
with the aforementioned complex problems and inefficient. Random
sampling [18,19] generate possible parameter configurations and check
whether kinematic constraints satisfy all related tasks. However, this
approach often becomes inefficient due to the large number of invalid
constraint checks, despite many efforts to improve the success rate of
sampling [20]. When a motion planner fails to find a trajectory that
satisfies the task planner’s requirements, the system must backtrack and
explore alternative solutions, significantly increasing planning time and
reducing overall system reliability.

Therefore, the challenge addressed in this study is how to achieve
efficient end-to-end prediction of the robot’s configuration parameters
while strictly adhering to the constraints of task planning and signif-
icantly enhancing the efficiency of subsequent motion planning. This
challenge becomes especially urgent when the robot has redundant
degrees of freedom and an infinite number of potential solutions exist
within a continuous solution space.

To address this critical challenge, recognizing the pivotal role of
robot kinematics in TAMP, we have proposed a framework named
Robotic Kinematics Informed Neural Network (RobKiNet), a neural
network-based framework that serves as an intelligent bridge between
task and motion planning. Our approach learns to predict kinemati-
cally feasible robot configuration directly from task goals, effectively
reducing the gap between abstract task specifications and concrete mo-
tion constraints. By integrating kinematic constraints into the training
of end-to-end networks, RobKiNet internalized and learned physical
kinematic limitations. This significantly reduces the need for expensive

iterative planning while maintaining high success rates in real-world
manipulation tasks.

In this study, we explore RobKiNet in the field of mobile robots [21,
22], which requires deciding high-quality robot configuration parame-
ters based on the constraints of task planning in an infinite continuous
solution space for subsequent motion planning. The paper is organized
as follows (Fig. 1). After outlining the related work (Section 2), we
formally give the notations, define the problem, and illustrate the
RobKiNet principle in Section 3. Then, we provide some fundamental
knowledge and explain differentiable kinematics in Section 4. Next,
we elaborate on our two attempts based on the RobKiNet. We use
inverse kinematics (IK) as a physical constraint criterion for the control
decoupled from the mobile robot in the chassis motion predictor (CMP)
and forward kinematics (FK) as a physical constraint criterion for the
control of the whole body [13,23,24] in the full motion predictor
(FMP). After that, we detail the core methods of using differentiable
physical constraints to train end-to-end networks, which apply to all
non-differentiable robotics constraints (Section 5). Finally, we present
the experimental details and real-world results (Section 6).

The main contributions of this paper are as follows:

1. We propose RobKiNet, a kinematics-informed neural network
that embeds forward and inverse kinematics into the learning
process via differentiable programming, enabling direct mapping
from task space to feasible configuration space under global
constraints.

2. We develop two predictors for autonomous mobile manipulation
robots (AMMRs) based on RobKiNet: the Chassis Motion Predic-
tor (CMP) for decoupled control and the Full Motion Predictor
(FMP) for whole-body control, both capable of generating valid
configurations in an end-to-end manner.

3. A comprehensive technique for embedding robot forward and
inverse kinematics constraints into neural networks was de-
veloped. This demonstrated the significant potential of differ-
entiable programming techniques in the field of robot TAMP,
providing valuable insights and references for the development
and optimization of other differentiable computing frameworks.
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Fig. 2. Example—Simplified TAMP framework for disassembling a screw on an EOL-EVB. (Left) Task Planning Level: The task planner, based on operational
requirements (e.g., disassembling a particular bolt), outputs a sequence of action primitives (such as Approach, Disassembly, etc.) that guide the robot from its
current state to the goal state. (Middle) Interface Between Task Planning and Motion Planning: This essential interface uses sampling methods to search for the
robot’s configuration parameters and outputs them to the motion planning level. (Right) Motion Planning Level: The robot’s configuration parameters predicted
by the interface — such as chassis position and joint angles of the robotic arm — are used to ensure the feasibility of execution. In this study, the predicted
parameters from the interface meet both the global constraints of task planning (e.g., ensuring the robot is positioned near the target screw during the Approach
primitive) and significantly enhance the efficiency of subsequent motion planning (ensuring feasible kinematic solutions).

2. Related work
2.1. Our previous work

In our previous research, we built a NeuroSymbolic [25,26] Task
and Motion Planning System (NeuroSymbolic TAMP [27-30]) to con-
trol an Autonomous Mobile Manipulation Robot (AMMR) to accomplish
an unstructured industrial task, continuous disassembly of screws from
end-of-life electric vehicle batteries (EOL-EVBs).

In such TAMP systems, task planning involves searching for the
optimal sequence of subtasks in a high-level symbolic space to tran-
sition from the current state to the goal state. These subtasks typically
require the robot to perform a series of motion primitives that each
necessitate individual motion planning. However, there exists an es-
sential interface between symbolic task planning and motion planning
in Cartesian or configuration space (Fig. 2 (Middle)). This interface
requires efficient sampling of robot configuration parameters to ensure
compliance with task-level global constraints, while also considering
constraints imposed by motion planning.

For instance, positioning the chassis too close to the battery may
lead to kinematic singularities or an unsolvable kinematic configura-
tion, whereas placing it too far could put the object outside the robot
arm’s reachable workspace (Fig. 2 (Right)). In this context, efficient
sampling of the chassis position is critical, as it takes place after
the “Approach” command at the task planning level and before path
planning and robotic arm kinematic computations. Its selection takes
into account the task constraints while preparing for motion planning.

In this study, we will use the RobKiNet to bridge this gap for optimal
robot configuration prediction, which benefits not only our previous
research but also other research especially for systems with redundant
degrees of freedom.

2.2. Exploring robot configuration parameter

Since the solution space of the redundant degrees of freedom prob-
lems is continuous and lacks an explicit equation, the most common

methods to explore the robot’s configuration parameters involve either
predefining relative nominal parameters or performing sampling.

Contemporary pre-programmed methods often rely on a fixed nom-
inal parameter linked to the target to define the configuration param-
eter, such as the chassis position, a practice commonly observed in
analogous tasks [31,32]. However, pre-programming fails in a highly
dynamic environment with extensive workspace, diverse task types,
and irregular work scenarios. Further, most mobile manipulators today
have a loosely coupled chassis and robotic arm. The independent
chassis controllers make it difficult to perform whole-body control from
the navigation level. For these reasons, we cannot rely on predefined
approaches to solve the parameter selection for the robotic arm and the
chassis, as tasks are not fixed.

In the motion planning task about the chassis, we need to know both
the current chassis position and the intended target position for chassis
motion in advance to complete the path planning and robot kinematics
simulation. It is common to employ random sampling (RS) [19] or effi-
cient biased sampling (EBS) [33], but this can lead to uncertainty about
whether the sampled position is truly effective for task completion.
Hence, conducting forward and inverse kinematics simulations of the
robot in the simulator becomes necessary, which consumes significant
computational resources. The inefficiency of randomly sampling and
simulating, together with the gap between simulation results and the
real situation, are the key bottlenecks preventing robots from moving
towards agility.

Furthermore, when considering the configuration parameters of
the robotic arm, additional kinematic constraints must be accounted
for Bouhsain et al. [14]. A common approach is to extend the DH
matrix to include the chassis as a mobile joint within the overall
configuration [13], followed by solving through kinematic analysis.
Another method involves using the Jacobian matrix for iterative solving
in specific robotic arm configurations [34]. However, these approaches
often face challenges in solving complex analytical solutions or can only
identify a single feasible solution within the solution space, limiting
their ability to accurately and efficiently explore the potential solu-
tion space. The exploration of robot configuration parameters should
incorporate more efficient methods, such as leveraging prior human
knowledge.
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2.3. Deep learning for TAMP

Considering the substantial benefits neural networks have demon-
strated in learning from diverse data types, many researchers are trying
to apply deep learning to TAMP. Regression in deep learning refers to
a type of supervised learning task where the goal is to predict a contin-
uous output variable based on input features. It is a natural candidate
for TAMP. Its advantage lies in its ability to constrain and guide TAMP
using known datasets [8-10]. However, this method faces the challenge
of obtaining large amounts of real-world physical interaction data. In
addition, the inherent characteristic of motion planning being a one-
to-many mapping further increases the difficulty of convergence for
regression methods.

Deep reinforcement learning (DRL) [35-37] is another widely used
deep learning method for TAMP. It focuses on training agents to
make a sequence of decisions by interacting with an environment
to maximize cumulative rewards. While DRL has shown remarkable
success in various applications [38,39], it also comes with efficiency
challenges. DRL algorithms often require a large number of interactions
with the environment to learn effective policies. This poses significant
challenges in real-world applications where data collection is costly and
time-consuming.

More recently, Vision-Language-Action (VLA) models have emerged
as a promising direction, enabling robots to perform high-level rea-
soning and task execution based on multimodal inputs. For exam-
ple, SayCan [40] and RT-2 [41] demonstrate strong generalization in
task planning by leveraging large-scale pretrained models. However,
these approaches typically rely on downstream motion planners or
controllers, and do not explicitly address the problem of efficient
and constraint-consistent configuration sampling in continuous spaces,
which remains critical for TAMP.

Physics-informed neural networks (PINNs) can effectively incorpo-
rate physical equations as constraints into the neural network training
process [42,43]. This provides a new approach to solving TAMP plan-
ning problems using deep learning. However, PINNs cannot be directly
applied to the domain of robot kinematics because they require prior
knowledge in the form of Partial Differential Equations (PDEs). The
approach taken by PINNs is inspiring, and we aim to take it a step
further in the field of robotics. By incorporating complex constraints
as prior knowledge beyond just partial differential equations, we can
enable efficient sampling within a narrowed solution space. In addition,
hybrid inverse kinematics methods that combine analytical formula-
tions with learning-based components have been proposed to improve
robustness and efficiency. For instance, HybrIK [44] integrates analyti-
cal kinematic constraints with neural predictions for inverse kinematics
solving. While such approaches enhance solution accuracy, they are
typically designed for solving IK problems through structured formu-
lations, rather than learning a direct mapping for efficient sampling in
TAMP scenarios.

It is worth noting that our approach is also fundamentally differ-
ent from existing differentiable robotics or differentiable kinematics
frameworks [45,46]. These methods typically focus on making for-
ward/inverse kinematics or dynamics differentiable as computational
modules for gradient-based optimization or control, whereas they do
not explicitly learn a mapping from task space to feasible configuration
space under global constraints.

We aim to develop a framework that incorporates robot kinematic
knowledge as constraints within a neural network to predict robot
configuration parameters. This framework aims to provide an efficient
solution for motion planning — specifically, the sampling of infinite
solutions in continuous space — while satisfying the global constraints
required by task planning.

2.4. Deep learning for TAMP
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3. Notations, definitions and RobKiNet principle

This section introduces commonly used symbols, formal definitions,
and key evaluation metrics relevant to this study. For ease of reading,
we have provided a symbol table (Table 1) to clarify potentially confus-
ing notations and definitions. Further, we explain the principles of the
RobKiNet in general terms using a contrast with traditional methods.

3.1. Problem definition and generalization

In robotic systems with n degrees of freedom, the configuration
space C C R”" represents the set of all possible configurations the
system can achieve. C is the most expansive space, encompassing
every feasible configuration defined solely by the system’s mechanical
structure. However, when performing a specific task, the solution space
is reduced to a subset X C C, constrained by the requirements of
that particular task. The task-specific solution space X consists of an
infinite number of valid configurations that all satisfy the given task’s
constraints, forming a continuous space.

Importantly, when additional global constraints are introduced,
such as multi-tasks kinematic constraints or environmental restrictions,
the solution space becomes further refined, reducing to C* € X.
This represents the most restrictive subset, where each configuration
satisfies not only the task-specific constraints but also the motion layers’
constraints. From a topological perspective, the space C* is ideally
an open set within X. This ensures robustness, as small perturbations
around any point in C* will remain within X, meaning that slight devi-
ations in configuration do not invalidate the solution. This hierarchical
structure — from the overall configuration space C to the task-specific
solution space X and finally to the globally constrained solution space
C* — allows for a rigorous and robust framework for understanding
how robotic systems operate within complex environments.

The problem now shifts to sampling within the infinite, continuous
space X to identify the optimal solution space C* € X, guided by a
loss function £ : C — R, where R denotes the real-valued space of loss
metrics, distinct from the configuration space R". Each configuration in
X is evaluated by this loss function, representing how well the solution
aligns with all global constraints. The challenge lies in efficiently
exploring X, selecting a set of candidate solutions, and identifying the
optimal configuration in C* that minimizes the loss £(C) while ensuring
that all system constraints are satisfied.

In our example of the mobile robot (Fig. 2), consider the config-
uration space C,,,, for the mobile chassis, typically represented as a
continuous space (e.g., R?> or R?). Let C,,,, denote the joint config-
uration space of the manipulator’s joints, described by the vector of
joint angles & € C,,. For a manipulator with 6-DOF, the @ can be
represented as:

ez(q".) , i=12..8andj=1,2,...,6 o))
7/ 8x6

This represents eight sets of inverse kinematics solutions, where
each ¢' denotes the ith set of solutions, consisting of the values for
six joints. The task involves finding configurations C* € C,,, such
that the target object is within the manipulator’s workspace W and the
manipulator’s inverse kinematics solution exists.

The problem can be formalized as follows:

Chassis Position Validity Condition: The system configurations in C*
must allow the manipulator’s end-effector to reach the target object’s
position and orientation 7,,,,,,. This requires finding a chassis position
C* and a corresponding arm configuration 6* such that the forward

base
kinematics function F(7.* ,6") maps to 7,

base’

FO: 09 =T, )

base’ — “target

arget*

where F represents the forward kinematics function mapping the chas-
sis and arm configurations to the workspace.

Existence of Inverse Kinematics Solution: For a given chassis posi-
tion C; . there must exist at least one arm configuration 6" such that
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Table 1
Notations and Definitions.

Notations Definitions

C Configuration space, representing all possible configurations of the robot system.

Chase’ Carm Configuration space of the mobile chassis/manipulator’s joints.

X Task-specific solution space, a subset of C that satisfies a specific task’s constraints.

c* Globally constrained solution space, a subset of X that satisfies additional global constraints.
Crse Optimal solutions/Ideal solution of the chassis.

Manipulator joints’ angle matrix.

0" Optimal solutions/Ideal solution of the manipulator joints’ angle.

C

pred

Estimated configuration through forward propagation of the end-to-end network.

Comlrcohr Output of the CMP or the FMP.
PcrMP/ RCIMP Sample for the chassis/Sample for the manipulator in FMP. Decoupled and independent in computation.
pre pre
target The position and orientation of the target object.
The real-valued space representing loss metrics, guiding the training process of the end-to-end network.
w,w, Manipulator’s workspace (Cartesian space) at its current different C,. -
(w, b) Refers to the weights and biases in the neural network.
IK/FK Differentiable kinematics computation engines obtained through differentiable programming.
0, 0,,...,0, Different operators in the computation graph that represent differentiable operations.
Hyeqs Higr Homogeneous transformation matrix form of C,.os5 Tioreer
H, Represents the coordinate relationship between the end joint and the base (homogeneous transformation matrix).
Ad The prediction error of the FMP.

(:action Approach

The PDDL [19,47] form of the action primitive “Approach” in our NeuroSymbolic TAMP Framework.

the end-effector can achieve the desired 7;,,,,,- The set of all valid arm

configurations for a given chassis position is defined as:
S= {9» € Carm | P(C;me’ ex) = Ttarget} (3)

The goal is to find C; € Cy,y, such that S # @.
Since C,,,, and C,, are continuous spaces, the set of solutions
C* that satisfy the above conditions forms a continuous manifold,
potentially with infinitely many solutions. This scenario illustrates the
challenge of dealing with infinite solution sets in continuous spaces,
where the exact enumeration of solutions is infeasible.

The motivation for this task is easily understood when we consider it
from a human perspective. When a person needs to reach for a cup on a
distant table, they instinctively move to an appropriate target position.
Humans can achieve this effortlessly and without conscious thought
because their brain inherently accounts for constraints such as the arm’s
workspace and singularities.

Furthermore, when performing TAMP on robots under prior con-
straints such as world models, the sampling problems in continuous
solution spaces are abundant. Another common example is the grasping
problem, where grasp points vary continuously across different objects
but are subject to directional constraints [14].

3.2. Ideal solution and accuracy definition

We aim to solve this problem through end-to-end networks, so we
need to define the ideal solution. The definition of the ideal solution
does not rely on explicit dataset mappings but on known constraints,
such as the CMP and the FMP defined under different kinematic con-
straints. The significance of defining the ideal solution lies in the need
to guide and supervise backpropagation during network training. Our
advantage is that network training can be guided by known constraints,
which saves a significant amount of computational resources.

Suppose C,,,, is the estimated target position obtained by the robot
through forward propagation of the end-to-end network. The ideal
solution space C* is defined by satisfying the following conditions:
Existence Condition

The relationship between the target position and the workspace, as
well as the decision on whether movement is required, is determined
at the task planning level. However, it must always ensure that after
motion planning:

T

targe

€ {W1CL., € Chase} (O]

Reachability Condition

By using the CMP for decoupled control, the 6* is implicit. By using
the FMP for whole-body control, the 6 is an explicit result. Both cases
satisfy the Chassis Position Validity Condition mentioned before and:

36* = ¢}.q; € [-7, 7] 5)

Then the accuracy of the network in this research ACC is defined
as:
ace = Zim WG € ©

N
where I is an indicator function. The function takes the value of 1
when the predicted value C,,, matches the ideal space C*, and 0
otherwise. N is the total number of samples using random ways or the
methodologies proposed in this research.

This metric directly reflects a sampling method’s ability to pro-
vide the ideal solution across N independent tasks, thereby indicat-
ing whether the end-to-end network guiding the robot has effectively
learned the physical constraints. In the following experiments, we
will compare random sampling/iteration methods, traditional super-
vised/reinforcement learning methods, and the two predictors we pro-
posed by the RobKiNet, with ACC serving as the core evaluation
metric.

3.3. Differentiable kinematics

It is important to clarify that all mentions of “Differentiable” in
this study refer specifically to “Differentiable Kinematics through dif-
ferentiable programming [48,49]”. The differentiable kinematics here
does not refer to the common practice of total differentiation for
dynamics solving, but rather to differentiability at the computational
graph level [48,50,51]. This is a key method in our proposed RobKiNet
for incorporating human prior knowledge and physical constraints
into end-to-end networks for robots. Consequently, backpropagation is
defined as follows:

Differentiable Kinematics: differentiable programming {/K, FK} —
(IK, FK}

oL __or  OIK/FK gy o
o(w,b) JIK/FK dy d(w, b)

Here, we use {IK}, {FK} to denote the processes of inverse kine-
matics and forward kinematics, respectively. IK and FK represent the
differentiable kinematics computation engines obtained through differ-
entiable programming methods discussed in this paper. (w, b) refers to
the weights and biases in the neural network. y denotes the network
prediction results.
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RobKiNet proposed in this work. The effectiveness of sampling in a continuous solution space will greatly affect the efficiency of motion planning. RobKiNet

eliminates the need to iterate several times to validate the kinematics in a simulation environment.

3.4. RobKiNet principle: Integrating neural networks with physical con-
straints

Based on the problem definition presented earlier, we will explain
why RobKiNet is needed and outline its implementation principles by
comparing it with traditional methods.

We often rely on prior knowledge to ensure that a robot’s interaction
with the environment is safe and reliable. Traditional methods involve
setting up precise simulation models tailored to different scenarios
and interaction environments. However, this is difficult to achieve
in the real world’s highly dynamic and unknown environments. The
world model approach mentioned earlier typically uses data-driven
networks to guide the robot, but data faces the problem of long-tail
sparsity [52,53]. The constraints represented by datasets are limited,
and in unfamiliar scenarios, it is challenging to achieve zero-shot
learning or one-shot learning. This may lead to the robot violating
physical laws.

To address these issues, our approach is to enable the end-to-
end network to learn robotics physical constraints rather than the
latent mappings of a dataset. This is the essence of the RobKiNet.
Our RobKiNet is designed to inject the robot’s kinematic constraints as
physical constraints into the network to guide the sampling of the robot
configuration in the interface between the task and motion planning
layers. We will explain the RobKiNet by using the example that injects
the differentiable kinematics to solve the sampling problem of infinite
solutions in continuous space.

Fig. 3 shows the differences in determining the robot configuration
using different pipelines. Fig. 3(a) is the common method of the PDDL-
STREAM framework [19,54]. For the chassis target position, the RS
method presents an assumed chassis position, which is then employed
in the robot’s inverse kinematics calculation to determine the feasibility
of a valid solution and the robot’s reachability. However, RS methods
often necessitate closed-loop feedback and multiple sampling iterations
to determine the correct final position. This prolonged process results
in increased task duration and multiple recalculations for the robot’s
navigation. With the help of neural networks (Fig. 3(b)), this process
can be optimized using a large amount of data training, through
which we hope that the Artificial Neural Network (ANN) can learn
the implicit mapping relationship between the current position and

the target position, thus outputting a more credible result. Due to its
supervised learning essence, we call it the NN Regression approach in
our experiments.

Compared to the previous two methods, the most significant feature
of our RobKiNet is the substantial expansion of the network’s end-to-
end scope. The network is designed to incorporate physical constraints
that we want it to learn, such as complex kinematics. The greatest
advantage of neural networks is that they can be expressed as a
computational graph, where all forward and backward propagations
are executed through the chain rule, making them a series of differen-
tiable mathematical processes. Therefore, the physical constraints we
incorporate must be differentiable.

With the introduction of differentiable kinematics, the training of
the network undergoes a fundamental transformation (in Eq. (7)). Dur-
ing forward propagation, we impose penalties on computational graph
nodes that do not satisfy the physical constraints. During backward
propagation, the network can then produce optimal parameters through
gradient optimization. The RobKiNet process can be exemplified by Fig.
3(c) which consists of two modules: the Position Prediction Network
and the Differentiable Kinematics Calculation Engine. When the pose
of the target object (such as the bolt to be disassembled) is provided as
input, the predictors can directly output the position that the chassis
should reach (in CMP and FMP) and provide the corresponding legal
solutions for each joint (in FMP), which is approximate to the subcon-
scious intuition of human beings. This method will greatly improve the
efficiency of motion planning.

It is worth emphasizing that the fundamental difference between
our RobKiNet and traditional neural networks lies in the fact that
RobKiNet learns how to adhere to physical constraints during training,
rather than learning a specific dataset mapping. For the predictors, the
forward and inverse kinematics algorithms are added to the training
process of the neural network in a differentiable way and are involved
in learning to steer the output values of the network before backprop-
agation. The traditional neural network computational graph will be
greatly changed due to the addition of the robotic differentiable com-
putation as a computational node after the forward propagation. The
addition of robotic differentiable computation as a computational node
after forward propagation significantly alters the traditional neural
network computational graph.
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4. Fundamentals of kinematic differentiability

The implementation of Differentiable Kinematics (in Eq. (7)) is
achieved by identifying and replacing non-differentiable operators in
the kinematics computation with corresponding differentiable opera-
tors. For instance, redefining operators at the limits of function values
or at discontinuities ensures the completeness of the computational
graph. This section will provide a fundamental understanding of kine-
matics and differentiable programming, explaining the feasibility and
operational logic behind their integration.

4.1. Foundations of differentiable programming

The primary objective of differentiable programming is to enable
automatic differentiation (AD) [55], which is a critical tool in modern
computational frameworks. AD operates by systematically applying the
chain rule of calculus to compute derivatives efficiently, ensuring pre-
cise gradient propagation through complex systems. The computation
graph plays a pivotal role in this process, as it must be designed to
support the seamless flow of gradients across its nodes.

Assume that @, ..., O, are a total of n operators that together form
a function f : R® —» R’, which completes the mapping from input to
output in our system.

The nodes of the computational graph of the mapping represent
operators and the edges represent dependencies. An operator O;
RS — R’ in the graph is a differentiable operator only if it satisfies the
condition that the gradient VO; exists everywhere. Then, the backprop-
agation can be symbolized as applying the chain rule to the composite
function represented by the computational graph:

Vf(x)=V0O,0,_)-VO,_1(0,_,) ... - VO|(x) (€)]

Each operator O; represents a fundamental building block of the
computation graph, ranging from a simple linear operation to a com-
plex function composed of multiple operations. Our goal is to express
the kinematics process as a combination of such differentiable opera-
tors, thereby enabling full differentiability. This modular approach to
designing differentiable programs allows us to control the granular-
ity of automatic differentiation, facilitating an efficient differentiable
kinematics process.

4.2. Differentiable kinematics through differentiable programming

In this paper, the kinematics algorithm follows the Denavit—
Hartenberg (DH) convention (Fig. 4(a)) [56], and the homogeneous
transformation matrix of any joint i concerning its predecessor joint
i — 1 can be expressed as:

H;‘l = A; = Rot_q, Trans_, Trans,, Rot,, (C)]

0 is the joint angle, d is the linkage offset, a is the linkage length,
and « is the linkage twist. For a manipulator with a known config-
uration, we can construct a DH table and extract the corresponding
hyperparameters for each joint from it. Then the forward kinematics
formula for a 6-DOF robotic arm is:

5
Htatal = HH,'H—I (10)
i=0

H,,,; represents the coordinate relationship between the end joint
and the base, consisting of orientation and relative position:

R d
Hrotal - < 0 1 >’ (11)

Re SO03B), deR?

Fig. 4(b), (c), and (d) illustrates the analytical solution-solving
procedure for the two kinematic constraints involved in our study, as
well as the non-differentiable parts encountered in the solution of the
program. When programming the computation for FK (Fig. 4(c)), we
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need to define each transformation matrix Hl."‘1 and use matrix multi-
plication to obtain the final result. However, this definition and these
multiplication operations are non-differentiable because they consist of
independent scalar elements, and the partial derivatives within these
operators cannot be propagated backward to the preceding operator.

The IK calculation works in the opposite way to FK (Fig. 4(b)). Given
the transformation matrix Tf between the end-effector and the base, we
aim to find the inverse solution by seeking one or more solutions to the
following equations:

T,? (qlv 7qn) = Htotu[

) (a1 vdn) = Ay (@1) - Ay (44)

The ¢, denotes the value of the nth joint, which is exactly the
quantity we need to solve for in inverse kinematics. Therefore, the
process of obtaining analytical solutions for inverse kinematics (IK)
is more complex, as the program needs to sequentially solve for the
possible values of the six joint angles. This involves several operations
that are difficult to differentiate, such as the use of the atan2 function

(12)

or the definition of independent intermediate variables. These steps can
cause the operators in the computational graph to lose their connected
edges, resulting in the loss of dependencies.

We list some of the FK and IK processes in (Fig. 4(d)) as non-
differentiable computational processes that are marked in red to rep-
resent their inability to participate in the computational graph. Thus,
the core motivation of our research (Fig. 4(e)) is to seek a unified ap-
proach by using differentiable programming technology to differentiate
programs in both machine learning and scientific domains.

Our core solution is to individually define each non-differentiable
operation, transforming it into a differentiable operator. For instance,
as illustrated in Fig. 4(f), in the chain rule operation process, O, can re-
fer to any differentiable operator in the calculation. Non-differentiable
code processes (red circles 1 to 7) are encapsulated separately, becom-
ing operators that perform the function of the operators(such as the
atan2 function) with both forward and backward propagation capabili-
ties (green circles 1 to 7). The detailed methodological implementation
of this transformation process is described in 5.3, where we summa-
rize several types of representative and generalizable methods. This
allows the gradient to be propagated under the chain rule within the
local computational graph(in Eq. (8)). Thus implements differentiable
programming {/K, FK} - {IK, FK}.

It is important to note that in subsequent computations, the neural
network output C,,., typically consists of one-dimensional position
and orientation information. This cannot be directly utilized by the
differentiable IK and FK since kinematics require a homogeneous
transformation matrix. We achieve this conversion through a transfor-
mation function, which must also be differentiable and become one of
the operators.

H,.q> H,, = Shaping operator(C,,..» Ty ger) 13)

pred>

We use H,,,, and H,,, to represent the homogeneous transformation

matrix form of C,., and 7., respectively.

5. Predictors training and differentiable details

In this section, we will discuss how we utilize RobKiNet to create
two separate predictors to tackle the sampling issue of configuration
in continuous solution spaces. We have chosen two fundamentally dif-
ferent kinematic constraints to execute distinct control strategies. Addi-
tionally, we will provide details on the implementation of differentiable
programming.
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Here, O,, ,0,,_ refer to the differentiable
operators in traditional sense.

@), @), ,@) are non-differentiable.

are the differentiable
operators obtained by our method.

3. Stochasticity Guarantee

(a) Overview of the joint coordinate systems for the 6-DOF robotic arm kinematics. (b) The computational process for the analytical inverse kinematics solution.
(c) The computational process for the analytical forward kinematics solution. (d) Non-differentiable operations and function modules within the program. (e)
The motivation behind this study. (f) The basic concept of differentiable programming—ensuring the chain rule of the computational graph. This is achieved by
transforming non-differentiable operators (red circles) into differentiable operators (green). There are other challenges to differential programming (2, 3), and
solutions to all these problems will be detailed later. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)
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(a) The integration of IK with neural networks for chassis position prediction (CMP). (b) The integration of FK with neural networks for predicting both chassis

position and joint angle configuration (FMP).

5.1. Computational graph construction and the CMP training for decoupled
control

We first define CMP using our RobKiNet in conjunction with more
complex inverse kinematics (Fig. 5(a)). The structure of the CMP net-
work requires that its robotic inverse kinematics computational engine
be integrated into the training process in a differentiable form. This
means neither existing computational functions nor third-party libraries
can be added as nodes to the computational graph of the neural
network backpropagation due to their discontinuities.

For the neural network input tensor, as in the previous example of
the bolt pose to be disassembled, we give 7., = [@. 0, ¥, X, ¥, 2], Tryrger
€ R®, where ¢,6,y represent the spatial orientation described using
Euler angles. Considering that the robot’s actual working process is
unchanged compared to the chassis position, its pitch angle, lateral
inclination, and longitudinal displacement should be zero. Under the
action of the position prediction network, the robot target chassis
position can be predicted as:

CCMP

red = Neural Network1(7,,g0) = [, x, y] € Cpye

(14)

Then the solution of its inverse kinematics under the differentiable
IK computational engine proposed in this paper can be expressed
as:

{ SOIuangle = HK(H{OMI)
Htatal = ((Hpred)Transpyse : Htar) (15)
501U gg1o € R8¥6
Where H,,,., and H,, are defined in Eq. (13) by transforming the

neural network’s output CPCr%P into Eulerian coordinates, followed by
conversion into a rotation matrix, and ultimately into a homogeneous
transformation matrix. The IK is the differentiable computational en-
gine for the inverse kinematics algorithm. The inverse kinematics solves
eight sets of solutions, each with six joint values, corresponding to
the six joints of the six-axis robotic arm, which can be expressed as
Eq. (1).

During programming, to make this solution process differentiable,
we redefine the traditional matrixed kinematics solution by Fig. 4(f).
This ensures that the robot’s kinematics solution can be added to the
computational graph. The introduction of differentiable computational
processes like IK into the computational graph significantly increases
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its complexity. The computational graphs illustrating actual participa-
tion in CMP and the following FMP are available for download and
inspection at the following website.!

5.2. FMP training for whole-body control

Most of the mobile manipulators currently in use employ a loosely
coupled integration between the chassis and the robotic arm, with each
being controlled independently by separate controllers. The design of
the CMP specifically addresses this loosely coupled scenario, where the
network outputs only the parameters for the chassis. However, a more
advanced approach involves whole-body control [13,23,24], enabling
coordinated control of the entire system. Consequently, we aim for
the predictor to simultaneously provide both the sampled positions
of the chassis and the six joint angles similar to the expanded DH
method [13]. This prediction, made without any actual physical action,
must still accurately adhere to the physical constraints of forward
kinematics.

To achieve this, we adopted the RobKiNet and selected the second
type of kinematic constraint, constructing the FMP specifically for
whole-body control. FMP can directly output the chassis position along
with the anticipated posture at that position, aligning more closely
with human intuition and the subconscious behavior we exhibit when
interacting with the world.

The principle of the FMP can be expressed by the following equa-
tion. With the input target pose T, we predict the whole-body
control system parameters:

arget>

chr MP = Neural Network2(7,,, ;) (e
C;%P =y, %.y.4}. 45 ... =‘7é]T’CpFr%P eR’ @
N~——
PCFMP RCFMP

pred pred

According to Fig. 5(b), we need to use differentiable forward kine-
matics FK to calculate the prediction error:

FRRCIMP, PerMP) = Hy,p + Ad 18)

Here, the forward kinematics formulae derived from Eq. (9) for a
six-axis robotic arm are presented in Eq. (10). CFMP is the output of
the FMP for whole-body control, which consists of the sample for the
chassis *C/ M € C,,q, and the corresponding joints *C7MP € C,,, for
the manipulator. FK is the differential calculus form of Eq. (10). 4Ad
is the prediction error. Essentially, this involves forward-propagating
the predicted parameters through the computational graph to assess
accuracy before any action is taken. In FMP we specify that Ad < 1 mm.
This means that no algebraic solvers are required, the positional error
between the robotic arm and the actual target remains within a 1 mm
range based on the network’s predicted configuration.

5.3. Details of the differentiable methodology

In the process of differentiating the entire computation, we present
the following three difficult problems (shown in Fig. 4(f)):

(i) Not all parts of forward and inverse kinematics can be eas-
ily differentiated. How can discontinuous operators be made
differentiable and participate in the computational graph?

(ii) CMP and FMP should learn how to follow physical constraints
during training. How can the loss function be defined to effec-
tively guide the training process?

(iii) The parameters of the differentiable network are fixed after the
training is completed. How to ensure its stochasticity to make
the ideal solution space large enough?

1 https://sites.google.com/view/sjtu-robkinet
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5.3.1. Operator differentiation methods

For the first question, we have compiled a list of commonly used dif-

ferential methods in differentiable programming (Fig. 6). These meth-
ods assist us in handling various non-differentiable operators.
Core Idea: First, identifying the inputs and outputs of the oper-
ator; Then, ensuring they originate from or point to other nodes
within the computation graph; Finally, maintaining inner conti-
nuity without leaf nodes.

Methods C and D in the figure are relatively straightforward, as
the PyTorch framework already provides several computational oper-
ators useful for algorithm development, including but not limited to
torch.mm for matrix multiplication and torch.stack for dimensional
reorganization. We simply need to follow the Core Idea in our program-
ming. We will illustrate the general methodology with examples of the
atan2 function (method type A) and the arccos function (method type
B) during CMP training.

A widely adopted practice in robot inverse kinematics involves
leveraging the atan2 function as an efficient solution for calculating
inverse tangents. However, the standard form of the atan2 function is
discontinuous, causing direct interruptions in gradient flow within the
computational graph. Hence, it becomes imperative to redefine both
the forward and backward propagation processes of the function itself,
as illustrated in Algorithm 1.

Algorithm 1 Differentiable Four-Quadrant Arctangent

1: class Atan2Function:

: function ForRWARD(y, x)
result < CALCULATE_ATAN2(y, x)
ctx <SAVE_FOR_BACKWARD(X, y)
return Tensor(result, requires_grad = True)

end function

: function BackwarD(ctx, grad_output)

X,y < SAVED_TENSORS(CtX)

grad_y <—L;]—yatan2(y, x) < x/(x% + %)

> From torch. autograd.Function

W ENDT AW

10: grad _x e%atarﬂ(y, x) « —y/(x2 +y?)

11: return grad_output X grad_y, grad_output X grad_x
12: end function

13: function MAIN

14: Yy « GET_INPUT_Y
15: X < GET_INPUT_X
16: atan2 < ATAN2FUNCTION.APPLY(y, X)

17: end function

Atan2Function defines its propagation process in the form of a class.
While forward propagation computes the results and stores the values
of the nodes, the derivation of backpropagation can be expressed as
the gradient of the node equals the result of multiplying the partial
derivatives of that node by the cumulative gradient passed from the
previous node. The relationship can also be seen as a concrete appli-
cation of the chain rule. In this way, this inherently non-differentiable
function successfully participates in the computational graph. It turns
out that by simply changing the function’s body, this approach can be
applied to address a range of formally discontinuous functions, ensuring
computational differentiability.

Another frequent differentiable error in inverse kinematics occurs
when an intermediate variable falls outside the domain of the mathe-
matical function that operates on it. When confronted with this prob-
lem, the core idea is to continue to redefine the propagation operations
of the function. Taking the arccos function as an example, when it
appears that the value of the previous node in the computational graph
is outside its domain of definition, we construct a new customized
extended differentiable function G(x), with the core arithmetic function
arccos of the current node as a base function. Taking § > 0 and 6 as
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Applicable Non-
Differentiable Operators

Method Type

(Red Circles)
A. Propagation ®
Redefinition
B. Limit and .
Discontinuity Handling @®
C. Torch Operator @@

Composition

D. Inheritance ®®
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Operation Explanation

Redefines the forward and backward propagation processes by

encapsulating new classes.

Redefines new functions to handle non-differentiable situations and

ensure invariance of properties.

Uses differentiable operators from the PyTorch ecosystem to handle
multiple iterations step-by-step, allowing for matrix concatenation,

dimensional upgrading, and differentiable multiplication.

Inherits multiple upstream nodes on the computational graph, rather

than redefining leaf nodes.

Fig. 6. Differential Method summary, corresponding to the treatment of non-differentiable operators in differential kinematics (red circle in Fig. 4). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

sufficiently small:

—% +cos™I (=1 +6),if x < -1+,
G(x) =4 cos™ (x), if —1+6<x<1-56, (19)

_ _=(1-9)
V1-(1-6)2

In our formula, we employ the concept of tangent lines for con-
struction. This adjustment is made to ensure that within the domain
of the arccos function definition, it operates normally and contributes
to defining the loss function. At the same time, the unsatisfactory
part outside the domain of definition can have such a large slope
that it is penalized by the network preference without interrupting the
computational graph. For this purpose, it is imperative to guarantee
that the newly constructed functions exhibit identical values of the
first-order derivatives at the points of discontinuity.

This ensures that even if the value passed in from the previous
node is out of the definition domain, the whole computation engine
will not be terminated due to error reporting. In practice, this change
not only ensures the program’s normal execution but also allows us to
incorporate the out-of-domain region into the loss composition. This is
beneficial because this region typically has a steeper slope, resulting
in a larger contribution. During backpropagation, the out-of-definition
domain is penalized preferentially, represented as LZ“""”" in Eq. (22).

+cos~I(1=6),if x>1-86.

5.3.2. Training core: Unique definition of loss

The solution to the second difficulty is inspired by the fact that,
when the loss is not based on the difference between the output and
the labels, the only pointers to training come from the various types
of anomalies and their defined losses during the computation. It is
crucial not only to inform the network whether its outputs comply with
kinematic constraints but also to effectively communicate the degree of
deviation from those constraints.

Core Idea: Penalize all differential operators that may yield abnor-
mal results or fall outside the ideal solution space. Losses should
reflect deviations or degrees of abnormality.

If we integrate these losses into the guidance of the neural network,
it will generate outputs capable of traversing all computational path-
ways, thereby ultimately leading to a valid solution. Naturally, this
is a qualitative analysis, whereas the quantitative calculation of the
predictors’ losses is provided by the following equations. For clarity, the
various losses, their corresponding meanings, and the informed prior
knowledge are summarized in Table 2.

For CMP:

LCMP _

M=

I(U : 6illrzmt£§(”mo’ +U- 60u1d0m£Zutd0m (20

+5illsolu£;.(”mlu + 5idesalu£;(desolu)
Where § represents the weighting relationship between the different
parts of the losses, which will determine which losses are preferentially

penalized during backpropagation. The £/ as well as £9/°" denote
exactly the penalties for the location prediction network data on the

L
Nk

10

wrong branch during the differentiable computation process. They
guarantee that the inverse operation has the result as shown in Eq. (5),
even if the solved angle value is illegal. Denote certain intermediate
variables in the computation of q;. as the symbol ¢”¢, the specific
formula definitions are as follows:

To ensure that the f (¢”¢) = \/qﬂ7 is legalized:

, 0 if g”¢ >0

Iroot _ s Z
oo — { D e e @D

To ensure that the G (¢”) in Eq. (19) is legalized:
0 if g € [-1,1]
outdom 3 5
= 22

“e { 7l =1, if g g -1, 1] 22)

For numerically illegal angle values beyond [-x, z], we use £}/
to penalize them. Obviously, if there exists any one of the eight sets
of solutions where all the angular values of the angular solutions are
within the legal range, the loss will be defined as 0, that is, £/, The
specific formula definitions are as follows:

) 0 if ¢ €[-x,n]
£1llsolu — o S ’ (23)
, lgj| — 7. if q; & [-7. 7]
. 0, if 3i € [1,8].Vj €[1,6].4' € [-7, 7]
desol
£;c “otl = { Lillsolu / 2
k

In particular, for the inverse kinematics computation process in-
cluded in the CMP, we specifically define U in Eq. (20). When it takes
1, the loss function takes into account the loss from all the errors
in the inverse kinematics computation process that deviates from the
correct data flow, which is the task-specific loss. When it takes O,
we only define the loss and guide the training for one or more sets
of illegal values in the final angular solution. Apparently, the former
is more relevant for the present application scenario and the loss is
defined more strictly, while the latter is an attempt of ours regarding
the definition of loss in general problems and generalized scenarios.
For FMP:

N
FMP _ 1 pre_error distance
L = N Z(6prg_grr0r£k +5dismnce£k
k=1

(25)
+5arien Lzrien)
RFFMP  PrFMP
TE_Error MSELoss(FK( Clm’d ’ Cpred )= Htar)’
L= if Ad > 1 mm (26)
0, if Ad < 1 mm
pdistance _ MSELOSS(PC:;ZIP, T,a,ge,), if Ttarget ¢w @
' 0. if Ttarget EW
Yimx,yz [arctan2 (sin(48,), cos(AH,-))| ,
L= if |40, > 0.1tad  (28)
0, if 140,] < 0.1 rad

The loss function is defined by the weighting coefficients § and three
sub-losses. For FMP, we allow the nine output parameters for whole-
body control to have a distance of less than Ad from the target position
H,,, after being constrained by forward kinematics.
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Table 2
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Meaning of customized loss and their corresponding informed prior knowledge.

Loss components Meaning and function

Informed prior knowledge

oot Illegal Root Loss: Penalizes when a node in the computation graph Non-negative values under the
results in a negative value under a square root. square root.

Lgudom Out of Domain Loss: Penalizes when intermediate variables exceed Domain constraints on
the operator’s defined domain. independent variables.

Liffsol Illegal Solution Loss: Penalizes when the inverse kinematics has Joint angle limits.
solutions, but the joint angles contain illegal values.

Lidesolu Ideal Solution Loss: Do not penalizes when at least one valid At least one valid solution.
solution for inverse kinematics exists.

cyreerer Predicted Result Error Loss: Penalizes the prediction error after High-precision fitting within
forward kinematics of the FMP predicted configuration. Imm.

CZ“’“”“ Distance Error Loss: Penalizes errors in the appropriateness of the Goal within the workspace.
predicted chassis position range by the FMP.

Loren Orientation Error Loss: Penalizes errors in the end-effector’s Maximum allowable orientation

orientation under the FMP predicted joint configuration.

angle of 0.1 rad.

Table 3
Training information for each model.
Model Composition

Loss function Hyperparameter

optimization

NN Regression input layer = 6
hidden_layer = 50
Dropout
hidden_layer = 50

output_layer = 6

CMP1 input_layer = 6
hidden_layer = 50
Dropout
hidden_layer = 50
output_layer = 3
IK

CMP2 input_layer = 6
hidden_layer = 50
Dropout
hidden_layer = 50
output_layer = 3
IK

FMP input_layer = 6

hidden_layer = 50
Dropout
hidden_layer = 50
output _layer = 9
IK

MSE Ray.tune
{[CJ:M ;’ Ray.tune
{[CJ:M (’)’ Ray.tune
crmMe Ray.tune

The degree of deviation is controlled by £§““"*. cdistance anqd
L¢re" impose constraints on the chassis position and the end-effector’s
orientation, respectively. Here, 46, represents the error between the
end-effector’s orientation, calculated through forward kinematics, and

the target object’s orientation in the x, y, and z directions.

5.3.3. Stochasticity guarantees

To tackle the third challenge, an additional Dropout layer was
incorporated into the position prediction network of the RobKiNet, as
illustrated in Table 3.

Core Idea: Introduce stochasticity into the forward propagation
process without affecting the distribution of sampled results within
the ideal solution space, C*.

In conventional deep learning networks, Dropout layers prune neu-
rons randomly during training to prevent overfitting. However, the
Dropout layers introduced here inject minimal stochasticity during
testing, and they do not significantly impact the network’s accuracy,
as shown in the next section. This approach is inspired by the principle
of introducing stochasticity through the temperature parameter [57],
commonly used in large language models.

During testing, the Dropout layer remains active. When the differen-
tiable kinematics calculation engine detects unsatisfactory outputs from
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the trained model, the testing process is restarted, and the RobKiNet
generates a fresh set of solutions. Since no loss is computed and no
backpropagation is performed during this phase, the Dropout layer
plays a crucial role in introducing stochasticity. Each regenerated result
is obtained from the well-trained model, and any prior failures do not
influence the current outcome. Stochasticity and accuracy are often in-
versely related. The level of stochasticity should be carefully controlled
during both training and testing to avoid excessive randomness. It must
ensure that the sampled solutions fluctuate within our ideal solution
space C*.

6. Experiments and results
6.1. Experiments setup

In order to validate the effectiveness of the proposed method in
this work, we use the disassembly of EOL-EVBs bolts as a practical
application scenario to explore the performance demonstrated by the
CMP and the FMP in terms of training and testing.

We conducted comparative experiments to demonstrate the dif-
ference in training outcomes when incorporating the computational
engine for differentiable kinematics into the computational graph com-
pared to a single ANN (the NN Regression method). The specific
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Fig. 7. For decoupled control: Test accuracy after training with different data
amounts. The data volume ranges from 50 to 3200 groups.

experimental training information is shown in Table 3. We built the
network model based on PyTorch and provided the training of NN
Regression with the end-effector position required for the disassembly
task in the same coordinate system with a chassis position that can
accomplish the disassembly task. The loss between the network output
and the ground truth is defined by MSEloss. For the training of the
predictors, the input data is a single end-effector pose required for the
disassembly task, and its loss can be categorized into different cases
according to the definition of Egs. (20) and (25). CMP1 represents a
more stringent task-specific loss, while CMP2 represents a more general
loss based on the use of a differentiable method as described in the
previous section.

To evaluate model performance under varying data volumes effec-
tively, we designed twenty different data volume sets, ranging from
a minimum of 20 groups to a maximum of 3200 groups, for training
and testing the three models. To ensure that the training hyperparame-
ters are optimal under different data volumes and model conditions,
we use Ray-tune [58] to search for optimal hyperparameters. It is
guaranteed that each network model is randomly selected at least 30
times for hyperparameters under each data volume, and the network
models trained with optimal hyperparameters are recorded with their
test results. In the training process, the weighting coefficients 5 are
not arbitrarily assigned but are designed to balance the magnitudes
of different loss terms after normalization, ensuring that no single
term dominates the optimization process. We also employ Ray-tune to
search for suitable coefficients within a predefined range, where each
coefficient is sampled from a bounded interval to maintain comparable
scales among loss components. Empirically, we observe that the model
is not highly sensitive to the exact values of § within a reasonable range
[0.1, 2]. Due to the incorporation of explicit kinematic constraints,
the training process exhibits stable convergence behavior, and similar
performance can be achieved across a range of coefficient settings.

6.2. Experiments details

We consider a sampling point to be valid when it satisfies the robot’s
kinematic constraints, is suitable for the workspace, and does not lead
to robot singularities. The ideal solution and accuracy have already
been clearly defined in Section 3.

Figs. 7 and 8 displays the test set results obtained from training
different models with varying amounts of data, with the CMP achieving
the highest test accuracy at 96.67% and the FMP achieving 98%. As
we defined the accuracy metric earlier, supervised learning methods,
such as NN Regression, do not perform well in terms of accuracy for
the chassis motion prediction tasks. In the comparative experiment
with the CMP, NN Regression needs larger data support in training
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Test Accuracy of Each Model

—— NN Regression
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Fig. 8. For whole-body control: Test accuracy after training with different data
amounts. Supervised learning does not apply to the configuration prediction
tasks and cannot give joint angle predictions within the acceptable error
Ad (Light Blue). We further implemented DDPG to achieve predictions for
comparison (Dark Blue).. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

its parameters in a more optimal direction. The existing volume of
data falls short of meeting the parameter refinement requirements for
NN Regression, resulting in a test accuracy of approximately 50%. In
contrast, the CMP demonstrates an impressive accuracy exceeding 90%
with only 1000 sets of training data.

Meanwhile, in experiments related to FMP (Fig. 8), we found that
NN Regression is not suitable for such configuration prediction tasks.
We prepared over 5000 sets of input values and corresponding labels,
adhering to kinematic constraints for supervised training, hoping that
NN Regression would learn the underlying implicit whole-body control
mapping represented by the dataset. Rigorous experimental results
showed that while NN Regression could learn simple position map-
ping relationships, it was unable to predict the nine valid parameter
configurations required for whole-body control in a single instance (in
Eq. (17)), particularly within the required error (in Eq. (18)). This
further demonstrates that supervised learning is not well-suited to
solving sampling problems, as there is no fixed functional mapping for
valid solutions.”

We further attempted to use the Deep Deterministic Policy Gradient
(DDPG) method [59] from DRL as a replacement for NN regression to
address this prediction problem. The substantial data requirement is
justified by our goal for the agent to learn the underlying real-world
constraints. By training an Actor-Critic (AC) architecture, we aim to
maximize the expected reward in the end. This approach is fundamental
to how deep reinforcement learning addresses the challenges associated
with sampling in continuous solution spaces. In scenarios characterized
by non-fixed mapping relationships, the strategy involves converging
the policy space to seek the optimal solution. We constructed an agent
comprising two actors and two critics, totaling four networks, and
utilized up to 15 million data samples, ultimately achieving an accuracy

2 In Fig. 8, the light blue represents the NN regression method. We tested
six different network architectures, three optimizers, and three kinematic
representation relationships, each under 20 different data quantities.
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Table 4
Experimental setup introducing stochasticity.
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Dropout (Training) Dropout (Testing) Epoches Dropout rate
Casel Deactivated Deactivated 400 None
Case2 Activated Activated 1000 2%-15% (use Ray-tune)
Case3 Deactivated Activated 400 Consistent with case2 optimal result

Table 5

CMP performance: sampling times and time costs for each method.

Average samples Single sampling time

Single kinematic

Total time for one Time-reduction

(times) (ms) simulation (ms) speculation (ms) factor
RS 31.04 0.296 5425.05 1 x (base)
EBS 5.80 0.473 1014.73 5.34 x
NN Regression 3.06 0.315 174.48 534.87 10.14 x
CMP1 1.28 0.339 223.77 24.24 x
CMP2 1.42 0.312 248.20 21.86 x

Test accuracy of CMP1 with different training and testing modes

ﬁ

1.0

0.9

0.8 1

0.7

0.6

Acc

0.5 1
0.4

0.31 — Dropout deactivated in training and testing(400 epochs)

—— Dropout activated in training and testing(1000 epochs)
- Dropout activated only in testing(400 epochs)

0.2

0.1 T T T T T T
0 500 1500 2000 2500 3000

Num of training data

1000

Fig. 9. Comparative experiments on CMP1 with the introduction of stochas-
ticity methods.

of 74.33%.> In contrast, FMP once again demonstrated remarkable
prediction efficiency, being able to output the entire system’s parameter
configuration in a single forward propagation while satisfying physical
constraints.

Another conclusion is evident from Figs. 7 and 8: the predictors
defined by RobKiNet demonstrate exceptional data efficiency. Com-
pared to NN regression or deep reinforcement learning methods, CMP
requires only 1/71 of the data, and FMP only 1/15052 of the data
to achieve the same prediction accuracy. This remarkable data effi-
ciency can be attributed to the integration of differentiable kinematics
algorithms as prior knowledge within the framework.

It is important to emphasize that the experimental results depicted
in Figs. 7 represent explorations into the fundamental performance of
the predictors, undertaken without the introduction of stochasticity.
Compared to RS methods, the CMP and the FMP demonstrate sig-
nificant advantages in requiring less training data and fewer epochs.
However, when undesirable failure cases occur, the fixed model re-
quires multiple network models that have completed training to work
together to ensure a 100% task completion rate. Thus, we introduce the
network stochasticity methods described in Section 5.3 for a more in-
depth comparative experimental exploration by controlling the degree
of stochasticity during network training and testing. In this way, we aim

3 In Fig. 8, the dark blue indicates DDPG, which is an effective offline deep
reinforcement learning method designed for continuous control problems. we
employed DDPG for predictions after 3200 data samples, to the maximum data
amount of initial data (204800) and resampled replay buffer update data (max
29000 epoch x 512).
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EOL-EVB

'@phematic of the ideal

solution nario obtained
by predictor sampling

°

Fig. 10. Hardware platform.

to achieve a 100% success rate by relying solely on the combination of
a single pre-trained predictor with the feedback mechanism. Table 4
shows the comparison experiments conducted with CMP1 as the base
network. Fig. 9 shows the performances of the three methods with
different datasets.

Through experiments, it is found that when the stochasticity method
is introduced into the training and testing process, the accuracy has
more obvious fluctuations in adjacent epochs. The reason for this is
that the dropout’s culling of hidden neurons is completely randomized,
which prevents the network from overly relying on certain neurons
to get the desired output. Therefore, when stochasticity is involved in
training, the CMP needs to undergo more training iterations to achieve
a similar accuracy as in case 1, and the introduction of stochasticity
makes the individual hidden neurons more homogeneous. The exper-
imental results show that after introducing the stochasticity method
proposed in this paper, the CMP1 achieves a single prediction accuracy
of 96.67%, but it takes a longer time and training epochs to reach
convergence. The accuracy of this method is significantly higher than
that of the method in case 3 where stochasticity is introduced only
in testing. Therefore, despite the fact that the addition of stochasticity
increases the number of training epoch, we still favor this approach for
practical deployment.

To further validate the advantages of the RobKiNet, we provided
identical disassembly bolt poses for different methods. Except for
the networks, we choose basic sampling methods random sampling
(RS) [19] and efficient biased sampling (EBS) [33] for clearer com-
parison with CMP (results in Table 5). We also combine these sam-
pling methods with the traditional Jacobian iteration (Jacobian matrix
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Type of Scenario& Number of Number of bolts | Success rate of single | Success rate of total
P 5 Inputs RobKiNet- dismantled in a | sampling that satisfies | prediction through
task Requirements 2 5 L a 5

guided moves single task kinematic constraints muti-sampling
Approach the target bolt from
Task | any position at a distance to Target bolt pose 1 4 95.0% 100%
disassemble it.
i A q No inputs
After dlslpantllng the bolt in the (The NSTAMP
safe working space at the current framework called
Task2  position, move to the appropriate . 1 8 95.23% 100%
e 5 : g RobKiNet to ensure
position to continue dismantling s
its autonomy and
the next bolt. e
continuity)
5 . Only the starting pose 20
Task 3 Conupuous GLTENG of the first bolt is 4 (consecutive 96.25% 100%
disassembly. 5 (on average) 5
required bolts on one side)
Continuous disassembly with . "
Tasko4N Tt e scheduling overlong i e Ae st COKIROSSHT 2 5 97.50% 100%

istances. the scheduling area

Fig. 11. Real-world experiments information and results.

Table 6
FMP performance: solving time and analysis.
Total time for one Time-reduction Analysis
speculation (ms) factor
RS 30000 (meet the maximum 1 x (base) The solution space has too many dimensions, leading to no solution
within the given time limit.
and got none result)
RS + Jacobian 6732.77 4.46 x Gradient-based methods guide the search but take longer.
EBS + Jacobian 2455.06 12.22 x The iteration is more efficient but yields only a single solution.
DDPG 311.08 96.44 x Excessive data magnitude and high training costs (Fig. 8).
FMP 195.76 153 x Accurately and efficiently provides system configurations to

achieve whole-body control.

method) [34] to generate solutions suitable for whole-body control and
compare the performance with FMP (results in Table 6). We present
300 sets of data and compute the mean sampling times, the sampling
time costs, and the time-reduction factor. Compared to random sam-
pling, the CMP achieved a 24.24-fold time reduction, while the FMP
achieved a 153-fold time reduction.

6.3. Real device experiments in disassembly scenarios

Fig. 10 is our experimental hardware platform, which consists of an
AGV trolley with a mounted 6-axis collaborative robot UR10e working
on a to-be-disassembled EOL-EVB.

We deployed the CMP and the FMP for experiments in real-world
scenarios. The RobKiNet is utilized in the NeuroSymbolic TAMP frame-
work [27] and acts as the primitive “Approach” in guiding the en-
tire autonomous movement of the AGV chassis. Within this frame-
work, the NeuroSymbolic task planning layer accounts for macro-level
constraints. When “Approach” is invoked, its motion planning layer
must perform planning under multi-level constraints to ensure that the
disassembly posture is appropriate.

To comprehensively assess the performance of RobKiNet across
various usage scenarios, we formulated four tasks. The corresponding
task scenarios and requirements are illustrated in Fig. 11. Through over
80 times of real-machine experiments, we observed that the RobKiNet
accurately samples positions in actual disassembly scenarios with a
100% success rate. It is worth noting that individual sampling attempts
may occasionally fail to satisfy kinematic constraints due to prediction
deviations or unmodeled factors such as potential collisions. In such
cases, the TAMP framework performs rapid feasibility checking and
triggers re-sampling, which typically converges within a small number
of trials (on average less than 2), ensuring robust overall task execution.
Demonstration videos are accessible on the paper’s website .
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6.4. Simulation-based generalization study

To further evaluate the generalization capability of the proposed
RobKiNet across different robotic configurations, we conducted ad-
ditional simulation experiments on two humanoid robotic platforms,
namely the Fourier GR1 and the Unitree G1, within the robosuite sim-
ulation environment. Unlike the industrial mobile manipulator used in
the real-world experiments, these humanoid robots exhibit significantly
different kinematic structures. In particular, the GR1 satisfies Pieper’s
criterion, while the G1 does not, representing two fundamentally differ-
ent classes of inverse kinematics characteristics. Each robot is equipped
with dual 7-DoF arms, introducing higher redundancy and increased
kinematic complexity. In the simulation, we constructed 20 randomized
tabletop scenarios with varying object positions. For each scenario, 15
task-level target poses were defined. The RobKiNet was directly applied
without structural modification, and tasked with predicting feasible
joint configurations under task-level constraints. When transferring to
different robotic platforms, only the corresponding kinematic parame-
ters (e.g., DH parameters) are updated in the differentiable kinematic
model, while the network structure remains unchanged.

As summarized in Fig. 12, the proposed method achieves high-
precision configuration prediction across both platforms. For the GR1,
the average position error is below 0.6 mm with an orientation error
of approximately 0.43°, while for the G1, the position error remains
below 0.8 mm with an orientation error around 0.51°. These results
demonstrate that RobKiNet maintains strong performance even when
applied to robots with substantially different kinematic properties.
Overall, this study indicates that the proposed framework is not lim-
ited to a specific robot morphology, but can generalize effectively to
diverse kinematic structures, supporting its applicability in broader
manipulation scenarios.

7. Conclusions

This paper proposes RobKiNet, a kinematics-informed neural net-
work that embeds differentiable forward and inverse kinematics into
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Robot Kinematic Ss:::r?:; / DoF Task-Level Position Error Orientation Error
Platform Property Objects Constraints (avg over 900 trials) (avg over 900 trials)

Satisfies

GR1 Pieper's <0.6mm ~0.43°
criterion

20 7DOF 15 target
Does not Jarm poses
satisfy

G1 Pieper's <0.8mm ~0.51°
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Fig. 12. Simulation-based generalization evaluation on different humanoid robotic platforms.

the learning process for efficient robot configuration sampling in robot
TAMP. By incorporating kinematic constraints into the network struc-
ture and training objective, the proposed method enables direct pre-
diction of feasible configurations under global task constraints, signifi-
cantly improving sampling efficiency and data efficiency compared to
traditional methods. Experimental results in both real-world and simu-
lation scenarios demonstrate that RobKiNet can achieve high-accuracy
predictions and robust performance, while substantially reducing the
number of required samples.

Despite these advantages, several limitations remain. First, the cur-
rent framework does not explicitly incorporate collision constraints
within the network, and instead relies on external feasibility checking
and re-sampling. Second, the prediction accuracy may degrade under
extremely strict tolerance requirements due to approximation errors.
Third, although promising generalization results have been observed,
broader validation across more diverse robotic platforms and tasks is
still needed.

In future work, we plan to extend the framework by integrat-
ing additional forms of robotic knowledge, such as collision-aware
constraints, dynamics, and control-related factors, directly into the
learning process. We also aim to explore more scalable loss formula-
tions and further improve generalization across heterogeneous robotic
systems. These developments are expected to enhance the applicability
and robustness of the proposed approach in more complex real-world
scenarios.
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