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Abstract—1In robots task and motion planning (TAMP), it
is crucial to sample within the robot’s configuration space to
meet task-level global constraints and enhance the efficiency of
subsequent motion planning. Due to the complexity of joint
configuration sampling under multi-level constraints, tradi-
tional methods often lack efficiency. This paper introduces the
principle of RobKiNet, a kinematics-informed neural network,
for end-to-end sampling within the Continuous Feasible Set
(CFS) under multiple constraints in configuration space, estab-
lishing its Optimization Expectation Model. Comparisons with
traditional sampling and learning-based approaches reveal that
RobKiNet’s kinematic knowledge infusion enhances training ef-
ficiency by ensuring stable and accurate gradient optimization.
Visualizations and quantitative analyses in a 2-DOF space val-
idate its theoretical efficiency, while its application on a 9-DOF
autonomous mobile manipulator robot(AMMR) demonstrates
superior whole-body and decoupled control, excelling in battery
disassembly tasks. RobKiNet outperforms deep reinforcement
learning with a training speed 74.29 times faster and a sampling
accuracy of up to 99.25%, achieving a 97.33% task completion
rate in real-world scenarios.

[. INTRODUCTION

Robot task and motion planning (TAMP) [1]-[3] needs to
focus on high-level goals of robot-environment interaction,
such as target position and grasping direction, within the
constraints at the task level. Meanwhile, the motion-level
constraints focus on the lower-level limitations during the ac-
tual execution of the task, such as kinematic constraints and
joint limits [1], [4]. The inclusion of multi-level and com-
plex constraints greatly reduces the feasible solution space
of robot configurations, which is often a high-dimensional
differential manifold structure [5]. Therefore, how to effec-
tively sample configuration parameters within the Continuous
Feasible Set(CFS) under multi-level constraints [6] to satisfy
the task and motion-level constraints is a critical challenge
(Figure 1) .

The feasible solution space Ccgs forms a subspace of the
original configuration C. This subspace, referred to as the
CFS, can be defined as:

Cers ={0 €C|gi(0) =0, h(0) <0,Vi,j} (D
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Fig. 1: Formation of the Constrained CFS. In robotic TAMP,
there are multiple constraints at both the task and motion
levels. It is necessary to select appropriate joint configura-
tions from the configuration space to satisfy these combined
constraints. (Top part): Errors in sampling joint configura-
tions for robots with different degrees of freedom can lead to
violations of constraints at various levels. (Bottom part): The
imposition of constraints from the task level to the motion
level progressively reduces the configuration solution space,
with the ideal configuration space being the CFS.

Initial configuration space: free
distribution in hyperplanes of high-
dimensional spaces

where 6 represents the joint configuration. g; denotes equality
constraints, such as task-level position and orientation con-
straints. h; denotes inequality constraints, such as motion-
level joint limits constraints.

Currently, mature sampling-based algorithms seek feasible
solutions through random sampling(RS) within the CFS
[7]. Some TAMP problems can be converted into convex
optimization problems, with specific solvers implemented to
ensure constraint satisfaction [8]. However, these methods
often struggle to guarantee the global optimal solution and
exhibit low efficiency when dealing with high-dimensional
task constraints and stringent motion limitations. Learning-
based approaches are also widely used. Deep reinforcement
learning, in essence, learns a policy to find the configu-
ration parameters with the highest reward within the CFS
[9], but training the policy is complex. Vision-Language-
Action(VLA) agents directly bridge the gap in multi-level
constraint discrete planning [10], outputting feasible actions.
However, this faces challenges such as sparse real operational
data, making it difficult to efficiently train the model.

In the face of multiple levels of constraints in TAMP
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problems, the challenge of effectively sampling configura-
tion parameters within the CFS has been addressed in our
previous work through the Robotic Kinematics Informed
Neural Network (RobKiNet) [11]. RobKiNet injects prior
knowledge—such as the forward kinematics (FK) and inverse
kinematics (IK) constraints of robotic arms in arbitrary
dimensions, joint angle limits, etc.—into the neural network
training process, enabling direct end-to-end sampling of
configuration parameter solutions within the CFS. This paper
further delves into the RobKiNet approach, focusing on
the fundamental reasons behind its efficient training from
a theoretical perspective. The injection of constraints like
kinematics during the training phase directly facilitates the
convergence of the end-to-end network to the solution space
from task-level constraints to motion-level constraints, which
corresponds to manifold embedding in configuration space
[12]. This knowledge-guided approach brings significant
benefits: the differential manifold solution space contracts
rapidly, resulting in high data efficiency. Therefore, when
TAMP planning is required, task-level commands (such
as the ideal pose constraints for the end-effector) can be
directly mapped to motion-level joint configurations through
RobKiNet.
The main contributions of this paper are as follows:

1) Developed a probabilistic Optimization Expecta-
tion Model to explain RobKiNet’s convergence in
CFS sampling under multi-level constraints, validated
against traditional methods.

2) Demonstrated that kinematic prior knowledge ensures
stable and accurate gradient optimization, with quan-
titative visualization in a 2-DOF space.

3) Validated RobKiNet on a 9-DOF AMMR, achieving
a 74.29x training speed improvement over deep de-
terministic policy gradient(DDPG) and a 97.33% task
completion rate in real-world battery disassembly.

II. RELATED WORK

A. CFS Problem under Compound Constraints in TAMP

In many real-world scenarios, the characteristics of TAMP
problems involve high-dimensional, non-convex, and com-
posite constraint combinations [8], [13]. These constraints
are often due to the need to consider the robot’s physical
limitations and environmental factors, such as collisions,
kinematic constraints, and dynamic behaviors [4], [14].

The sampling of robot configurations is predicated on
identifying the CFS, as defined in Equation 1, which rep-
resents the continuous feasible configuration space of the
robot under the given constraints [5], [6], [12], [15]. The
CFS is constrained not only by the robot’s mechanical
limitations but also by task requirements, such as maintaining
contact forces, avoiding obstacles, and meeting task-specific
conditions [16]. As the constraints increase, the feasible
region of the CFS shrinks, manifesting as a non-convex
high-dimensional manifold embedding, which presents a
particularly challenging scenario [12].

B. Robot Motion Strategies under Multiple Constraints

Both sampling-based and learning-based strategies attempt
to find the ideal solution from the CFS. Random sampling
[17] and effective bias sampling [7] are widely used methods
in sampling strategies. The core of these methods is to use
solvers or simulators to validate the effectiveness of sampled
points, with the hope that a limited search will yield feasible
solutions within the CFS [18].

Among learning-based strategies, deep reinforcement
learning methods such as DDPG [9], [19], [20] train agents to
learn motion policies, where the agent provides the optimal
response under constraints. However, policy development
relies heavily on extensive techniques and training resources,
often resulting in low efficiency. Traditional artificial neu-
ral networks (ANNs) face challenges such as the long-tail
effect of data and non-convex optimization in supervised
training [21], [22], making it difficult to establish efficient
robot motion neural networks. Recently, Vision-Language-
Action (VLA) models [10], [23], [24] have further integrated
multimodal information processing, such as visual inputs
and language descriptions, to handle more complex task
constraints and environmental conditions, and select the most
appropriate configuration parameters within the CES [24],
[25]. However, the difficulty and cost of robot action sample
collection, as well as hallucination issues, are key limitations
[10].

Physics-Informed Neural Networks introduce more deter-
ministic knowledge representations into the training mode
and framework, capturing relationships between network
nodes [26]. These relationships are often formulated as
partial differential equations(PDEs) or boundary constraints
derived from human experience or natural language [27].
This provides some insights for situations like robot kine-
matics, where there is no closed-form analytical solution.

III. METHODOLOGY

In this section, we define the sampling problem from
CFS as an optimization problem (Section III-A). We then
describe the architecture of RobKiNet, establish the Op-
timization Expectation Model for various methods(Section
II-B). Following this, we use a 2-DOF robotic arm to
visualize and deeply analyze the entire training process of
RobKiNet, which confirms its efficiency, as discussed in
Section III-C. Using this approach, we introduce the method
for establishing RobKiNet on a higher-degree-of-freedom
robot in Section III-D, and the results will be presented in
Section IV .

A. Expectation Modeling

In robot TAMP, the convergence of feasible solution
spaces within the configuration space fundamentally results
from the accumulation and transfer of task-level constraints
to motion-level constraints, which leads to the dimensionality
reduction of the continuous high-dimensional solution space
(e.g., manifold embedding).

Given a desired target pose poS€uret, the problem of
determining a valid joint configuration within the CFS can
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be formulated as finding a mapping function F, such that:

F(poseiarger) = 0, where 6 € Ccrs. 2)

Due to the topological properties of differential manifolds,
the joint configuration space is locally homeomorphic to
Euclidean space. Therefore, finding mapping function F
can be defined as an optimization problem. Using an n-
DOF robotic arm as an example, if a set of joint angles
within the constrained CFS is computed through motion-
level constraints (kinematics) and approaches the task-level
constraint (target pose), we can represent the likelihood of
this occurrence using a conditional probability distribution
P. Our objective is to optimize this probability distribution:

P(ela to 76‘n|p036targel) X
exp (_ ||f(017 e 7€n) - (posetargel)”2) . (3)

o2

This is a Gaussian-like distribution, where 6,, is the
predicted configuration of the n-th joint, and f denotes the
kinematic computation, which in traditional methods such
as random sampling is represented by a physical simulation
engine. Therefore, our expected error loss can be expressed
as:

]E(91,--~ ,0n)~P(01,++ 0 | POSElarger) [”f(elv sy On) — (p05€target)‘|2] .

“)

For the continuity of the CFS, the solution of the con-

figuration space comes from the differential manifold @), its
integral form is expressed as:

/ Hf(917 te 79n) - (posetarget)H2
(01, ,0n)€EQ

P(@h e, O0n |p056targel) dfy ---dos.

The ultimate goal of the probability distribution is to
prioritize the sampling of the solution space through weights,
ensuring that the optimal solutions are concentrated in the
CFS that satisfies task constraints, kinematic constraints, and
angular constraints.

&)

B. Architecture and Optimization Expectation Model of
RobKiNet

As shown in Figure 2, the key idea behind RobKiNet is to
use differential programming methods [28] to incorporate the
FK or IK of the n-DOF system into the forward propagation
process. It will substantially expand the computational graph
of forward propagation in the traditional model, integrat-
ing motion-level constraints into the training process as
prior knowledge. For task-level constraints inputs, the joint
configurations are directly predicted through an ANN. The
predicted results are then fed into the differentiable kinematic
computation engine (shown in red in Figure 2, motion
layer constraints) to obtain the predicted pose state. This is
compared with the input to calculate the loss, which guides
the optimization direction during the backpropagation of the
network.

The methods mentioned in Section II-B aim to find and op-
timize the probability distribution to minimize the expected

State Action Sampling

Predict State
(

Differentiable |
kinematics !

\
Customized position,
orientation loss

N

Fig. 2: Description of the RobKiNet architecture. Kinematic
constraints are injected into the training process as a priori
knowledge (rednodes) and participate in the forward propa-
gation. Task-level constraints (input pose) and motion-level
constraints (kinematics) are guaranteed in the backpropaga-
tion process through customization loss.

error loss. We built the Optimization Expectation Model for
multiple methods based on the content in Section III-A. The
optimization process is illustrated in Figure 3.

Random Sampling (Figure 3(a)) The sampling results
typically require validation through a simulation engine to
check whether kinematic and other constraints are satisfied.
Resampling occurs if not satisfied. The sampling region
corresponds to the configuration space (), and the expected
error loss for this distribution is as follows. () serves as a
strategy and is non-optimizable through learning.

]E(Gl,m ,0,)EQ [Hf(eb te aen) - (posetarget)HQ} . (6)

Supervised Learning ANN (Figure 3(b)) Assume that the
known dataset is represented as ((posetarget), (07, ,6},)).
Due to the long-tail effect [22], the dataset distribution is
smaller than the true distribution range. The optimization

process can be expressed as below where (61,---,0,) ~
]P)(Gla e 79n |p08€target)'

The neural network parameters form a mapping P. The
expected loss from sampling this distribution will be
minimized when it is closest to the dataset distribution
P67, - -, 0;,|poseirge). This process can be realized through
training on a large dataset, but after training, if inputs outside
the dataset are encountered, the output will deviate from the
true distribution range.

DDPG (Figure 3(c)) In the deep reinforcement learning op-
timization process under the Actor-Critic (AC) architecture,
the training of the Actor network is guided by the search for
the largest reward region, while the reward value @ of the
Critic network is also continuously optimized. The training
objective comes from the contents of the Buffer under a
deterministic policy. The training guidance for the Actor
network can be seen as:

E(Ql,m ,05,)~P(0]|policy) Vﬁl,--- ﬂnQ(poselargetv 91, Tty an)]
3
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Fig. 3: Comparison of training processes for different algorithms. The training process involves optimizing their respective
probability distribution processes. (a) RS method: The distribution is entirely random due to its untrainable nature. (b) ANN
method: The distribution is gradually optimized towards the range of the dataset distribution, but inherently limited by the
dataset itself. (c) Deep reinforcement learning method, using DDPG as an example: The output distribution moves towards

regions of higher reward. (d) Efficient training of RobKiNet:

Since the reward of the Critic network is optimized, high-
reward regions are constantly shifting, which hinders the
training efficiency of the network.

RobKiNet (Figure 3(d)) Before training begins, the dis-
tribution of the neural network formed by the ANN,
P(01,- -+ ,0n|pOse ), is also a meaningless distribution.
The training guidance is provided by the FK and IK calcula-
tions incorporated into the network via differential program-
ming, which manifest as a prior distribution under motion-
level constraints, f(61,---,0,). By differentiating f, the
distance between the predicted points and the task constraint
pose can be directly reduced to the ideal distribution.

E(Ql,"' ,0n ) ~P(01,-- y‘gn‘Posemgel) Hf(ala Tty an) - posetarget) H2:| .

€))
Therefore, the efficient optimization process of RobKiNet
can be explained as:

1) The gradient descent is rapid and not influenced by

dataset labels, with gradient optimization exhibiting a
‘Stable direction’.
Knowledge constrains the solution space with clear
“rewards and penalties”, and the ideal distribution is
well-defined, thus enabling ‘Accurate direction’ in the
optimization.

2)

C. Visualization and Quantification of RobKiNet Training
for 2-DOF Systems

To more intuitively demonstrate the efficient training pro-

Knowledge directly guides the distribution.

previous formula) can be expressed as follows, where /; and
lo denote the lengths of the corresponding manipulator links.

£(61,0,) = x| [l1cosby + 12 cos(fr + 02)
RGN Y N Zl sin 91 + l2 sin(91 + 92)
th € [el,mimel,max} and 6, € [eg’mimezmaxy

(10)

It is clear that the inverse kinematics constraints (two
sets of solutions, left-handed and right-handed coordinate
systems) and joint limit constraints are the primary motion-
level constraints (Figure 4(a)). Given an input of an ideal
pose (task-level constraint), the training output of different
methods iteratively converges toward the ideal target, as
shown in Figure 4(b). Qualitative analysis reveals that the
ANN, guided by the unclear left-handed and right-handed
solutions in the dataset, experiences instability in the direc-
tion during convergence, being pulled in various directions.
The DDPG, due to the reward learning process, exhibits
an inaccurate convergence direction and oscillates within a
certain range. The efficient training process of RobKiNet is
characterized by gradient optimization that exhibits a ‘Stable
direction” and ‘Accurate direction’, which is clearly evident.
This can be further visualized through quantitative analysis
(Figure 5).

Gradient Optimization: Stable Direction For the iterative
optimization process of the three methods, the Distance
Reduction Percentage (DRP) is computed across all epochs:

(epoch) (epoch)
cess of RobKiNet, we consider the training process of a 2- DRP(%) = (1 - 1/ (6 soo s bn ) — posetargetH
DOF planar robotic arm, as shown in Figure 4. The forward I f(ggo), . 797(?)) — POSE e
kinematics mapping (represented as f(6,---,0,) in the
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Fig. 4: Visualization of the training convergence process of
configuration parameter sampling in the CFS for a 2-DOF
planar robotic arm, under both task and motion constraints,
using different methods. (a) The 2-DOF kinematics have
two solutions, corresponding to the left-handed and right-
handed coordinate systems. Under the constraints, an ideal
solution space manifold embedding occurs. (b) The config-
urations output by the three methods during the training
process after kinematic calculations (motion constraints). The
configurations gradually iterate toward the target pose (task
constraints).

(epoch)

In this case, dye = represents the distance between the

network output and the target point at the epoch , while dfa(i)get
represents the distance at the beginning of training. This
metric quantifies the speed of gradient descent for different
methods, and the results clearly demonstrate that RobKiNet
converges in fewer than 50 epochs, which is significantly
lower than the several hundred epochs required by DDPG
(Figure 5(a)).

Furthermore, calculate the Explained Variance of the
principal component(PC) of the gradient magnitudes of all
network parameters during the backpropagation at each
epoch. The gradient information of each layer (including the

gradients of weights and biases) is concatenated into a vector:
(epoch)
g g

gl(gepoch) _ (Vw](:poch), Vbéepoch)) (12)

Here, V(™™ and Vb represent the gradients of
the weights and biases of the k-th layer at the epoch. By
concatenating the gradient information of each layer, the total
gradient matrix G(¢P°¢%) is obtained:

(epoch)

epoc epoch epoch
G(P h): ggp )7g£p )a“-v L

13)

The explanation rate \; of each principal component from

the three methods is calculated and shown(Figure 5(b)):
_ Var(PCy)
Zle Var(PC;)

[ICZEDILENS - TNl Yo U

%

(14)

where ,PCy

The high explanation rates of the first few principal compo-
nents indicate that the direction of the optimization process
is stable, and the gradients of a set of core parameters guide
the optimization direction.

Gradient Optimization: Accurate Direction For the Actor-
Critic architecture in reinforcement learning, Equation 8
illustrates the training guidance for its Actor network. During
the training process, the convergence of its Critic network
is equally crucial as it determines the distribution of high-
reward regions. For DDPG, the training process of its Critic
network is expressed as follows:

minimize E [||Q(posetargel, O1,---

) = rl?]
017“' 30n7rt) ~D

15)

(posetarget ’

This represents the sampling of state, action, and reward
tuples from the Replay Buffer (denoted as D). The objective
of optimizing the Critic network is to make the ()-value of
the current state-action pair close to the reward, r;.

Figure 5(c) shows the output rewards of the Critic network
in DDPG during training for a set of state-action inputs. The
distribution of its reward function changes during training,
gradually converging to the reward space directly defined
by kinematic constraints, which will serve as the direct
training guidance for RobKiNet in Equation 9. This indicates
that clear prior knowledge constraints can guide the inputs
directly and accurately to the most ideal constrained range,
without the need to gradually learn the reward distribution
and train the policy based on the rewards.

D. RobKiNet in Higher Dimension

We conducted the training and deployment of RobKiNet
in higher dimensions. The network’s input also includes task-
level constraints, such as the poses of points that need to be
grasped or disassembled. We aim for RobKiNet to output the
joint configuration of the composite robot AMMR to enable
decoupled control or whole body control. The output joint
configurations need to satisfy motion-level constraints such
as forward kinematics and inverse kinematics.

Specifically, for a typical AMMR composed of a mobile
base and a 6-DOF robotic arm, its overall configuration is:

'aQG]T70 S Rg

0= [wwrayaqlan?" (16)
—— ————

ebase Ga'mn

For decoupled control(DC), we hope that given the task-
level constraint pose,,,, the base configuration 045 out-
put by RobKiNet can ensure that 6., has a Denavit-
Hartenbarg(DH) kinematic solution [29]:

for  Bhase = RobKiNetDC(pose ) = [¢, 7, Y,

(17)
F0arm such that pose e = FK(Ovase; Oarm)
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Fig. 5: Quantitative analysis of the efficient training process of RobKiNet. (a) Distance Reduction Percentage(DRP) during
the iterative training process of different methods. (b) Principal component variance explanation of the gradient vectors for
all parameters of the neural network during training. (c) The variation in the distribution of the reward function value guiding
the network training in the AC architecture throughout the training process.

TABLE I: Training Effects of Each Method in Three Control
Dimension Scenarios

Control Number of epochs Training epoch
Methods
dimension required at 98% DRP | optimization factor
ANN 83.67 3.84x%
2-DOF DDPG 321.67 1 x (base)
RobKiNet 4.33 74.29 x
ANN unreachable /
9-DOF
DDPG 6005 1 x (base)
DC
RobKiNet 123.2 48.74 x
ANN unreachable /
9-DOF
DDPG 29122 1 x (base)
WBC -
RobKiNet 976.33 29.82x

For whole body control(WBC), we aim to use RobKiNet to
directly provide all joint configuration samples that conform
to the legal CFS:

for

ebase ’ Harm

aQG]a

= RobKiNetWBC(pose ;)
= W,ﬂ?,y’(hv(pa s

(18)

such that pose,, e = FK(Obase, Oarm)

Both the 3-DOF and 9-DOF output modes consider the
control of the entire AMMR system. The experimental results
will be elaborated in detail in the next chapter.

IV. EXPERIMENTS AND RESULTS

In this section, we will demonstrate the advantages of
RobKiNet in the following aspects: (1) training convergence

efficiency, (2) deployment test accuracy, and (3) performance
in real-world task scenarios. For training efficiency, we will
use deep learning and deep reinforcement learning as bench-
marks, conducting experiments across different dimensions.
Furthermore, we will perform real-world deployment tests
during the autonomous movement of an AMMR in the
automotive battery disassembly scenario. We compare the
sampling accuracy of four methods and set up real task tests
for RobKiNet across three different scenarios.

A. Efficient training of RobKiNet

To validate the efficient convergence of the RobKiNet
method, we conducted training using three methods in three
scenarios: a 2-DOF planar robot, whole body control of a
9-DOF AMMR (9-DOF WBC, Equation 18), and decoupled
control of it (9-DOF DC, Equation 17). For the ANN method,
we collected 30,000 data sets for tasks in three dimensions.
The 2-DOF scenario includes the distribution of left and
right hand and angle constraints, while the 9-DOF scenario
includes different numbers of DH analytical solutions. For
the DDPG method, we used deterministic kinematics in
corresponding dimensions as a resampling strategy. The
initial data consists of 20,000 sets, with 512 sets resampled
each epoch to expand the Buffer. Both RobKiNet and ANN
methods employed Ray-tune [30] to find optimal solutions
among three network structures, six different learning rates,
and eight batch sizes, training for over 1000 epochs to ensure
convergence. We used the DRP (Equation 11) formula as a
quantitative computation standard to calculate the number
of epochs required for each method to converge to 98%
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Fig. 6: Experimental results of real sampling in a 9-DOF AMMR system using RobKiNet. The experiments were performed
in decoupled control and whole-body control modes, with 300 groups in each mode.

DRP. Using DDPG as the baseline, we calculated the training
epoch optimization factor in each scenario. The experimental
results are shown in Table I.

The experiments revealed that, in low-dimensional cases,
DDPG’s process of finding the optimal strategy is slower, and
ANN learns sampling strategies directly from relatively sim-
ple dataset mappings, achieving an epoch optimization factor
3.84 times that of DDPG. Clear prior knowledge guidance
allows RobKiNet to quickly converge near the accurately
constrained poses, achieving an optimization factor 74.29
times that of DDPG. In high-dimensional cases, providing a
legal joint configuration that satisfies multi-level constraints
in one attempt presents significant convergence difficulty
for ANN. While DDPG can achieve this through extensive
training, fundamentally due to the comprehensive strategy
derived from a large amount of data. In contrast, RobKiNet
consistently maintains a significant advantage across all
dimensions due to its stable and accurate direction.

B. Real Scenario Deployment Experiment

To evaluate the performance of RobKiNet in real-world
scenarios, we tested the deployment sampling accuracy of
four sampling methods across three dimensions. Further-
more, we deployed RobKiNet in an AMMR system [31] for
the disassembly of fasteners in automotive battery scenarios.

Table II presents the sampling accuracy of four sampling
methods in different scenarios. Based on the accuracy re-
quirements of real scenarios, we consider a configuration
prediction as a positive sample if the Euclidean distance
between the predicted and ideal poses is within 1mm. The
sampling limit is set at 300 attempts. In all cases, the joint
configurations provided by RobKiNet within the CFS were
significantly superior to those obtained by random sampling
methods and traditional learning-based methods. Compared
to DDPG, RobKiNet’s accuracy improved by 8.92% in the
2-DOF scenario and by 25.45% in the 9-DOF scenario.

Additionally, we established three experimental tasks in
the battery disassembly scenario. Task 1: Single autonomous

TABLE II: Real-world Deployment Sampling Accuracy

9-DOF 9-DOF
Methods 2-DOF
DC WBC
RS 4.65% 3.22% less than 0.33%
ANN 62.20% | 51.30% less than 5%
DDPG 90.33% | 77.62% 72.55%
RobKiNet | 99.25% | 96.67% 98.40%

movement, which requires the AMMR to complete a move-
ment from a distance and disassemble a single bolt. This task
demonstrates the single prediction accuracy of RobKiNet.
Task 2: Continuous motion, which requires the AMMR to
perform large-range movements and make multiple succes-
sive configuration predictions to disassemble more than 15
bolts. This task demonstrates the stability of RobKiNet’s
output distribution under multiple inputs. Task 3: Schedul-
ing, which requires the AMMR to navigate between multiple
areas. This task illustrates RobKiNet’s adaptability and gen-
eralization when faced with large-range inputs.

As shown in the Figure 6, when the AMMR performs
TAMP, utilizing RobKiNet for joint configuration sampling
within the CFS under multiple constraints, the average task
completion rate reached 97.33%.

V. CONCLUSIONS

The TAMP problem in robotics often faces the chal-
lenge of efficiently sampling configurations within the CFS
under multi-level constraints. This work provides an in-
depth analysis of the architecture of a kinematic informed
neural network, RobKiNet, and establishes an Optimization
Expectation Model for different methods addressing the
configuration sampling problem within the CFS. The funda-
mental reason for its efficiency compared to other methods
is elucidated: RobKiNet’s efficient training under multiple
constraints stems from its kinematic infusion, resulting in
a stable and accurate direction in gradient optimization.
Our visualization and quantitative analysis of the training
convergence process in a 2-DOF low-dimensional config-
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uration space strongly support our theoretical assertions.
Furthermore, we implemented RobKiNet for whole-body
and decoupled control in a 9-DOF AMMR, conducting
real-world experiments in the context of battery disassem-
bly. The experiments demonstrated significant advantages of
RobKiNet over deep reinforcement learning methods such
as DDPG. Its training epoch optimization factor is 74.29
times that of DDPG, with a sampling accuracy reaching up to
99.25%. In real-world tasks, RobKiNet achieved an average
task completion rate of 97.33%.

While RobKiNet enables end-to-end control in finite high-
dimensional spaces, its applicability to systems lacking
precise kinematics (e.g., soft bodies) relies on data-driven
learning informed by weak structural or geometric priors.
Future efforts will integrate dynamic constraints (e.g., colli-
sion avoidance, torque limits) to enhance embodied agents’
adaptability in complex environments.

[1]

[3]

[4]

[5]

[6]

[8]

[9]

[10]

(11]

[12]

[13]

REFERENCES

Huihui Guo, Fan Wu, Yunchuan Qin, Ruihui Li, Keqin Li, and Kenli
Li. Recent trends in task and motion planning for robotics: A survey.
ACM Computing Surveys, 55(13s):1-36, 2023.

Asim Munawar, Giovanni De Magistris, Tu-Hoa Pham, Daiki Kimura,
Michiaki Tatsubori, Takao Moriyama, Ryuki Tachibana, and Grady
Booch. Maestrob: A robotics framework for integrated orchestration of
low-level control and high-level reasoning. In 2018 IEEE International
Conference on Robotics and Automation (ICRA), pages 527-534.
IEEE, 2018.

Caelan Reed Garrett, Rohan Chitnis, Rachel Holladay, Beomjoon
Kim, Tom Silver, Leslie Pack Kaelbling, and Tomds Lozano-Pérez.
Integrated task and motion planning. Annual review of control,
robotics, and autonomous systems, 4(1):265-293, 2021.

Smail Ait Bouhsain, Rachid Alami, and Thierry Simeon. Learning
to predict action feasibility for task and motion planning in 3d
environments. In 2023 IEEE International Conference on Robotics
and Automation (ICRA), pages 3736-3742. IEEE, 2023.

Seungsu Kim and Julien Perez. Learning reachable manifold and
inverse mapping for a redundant robot manipulator. In 2021 IEEE
International Conference on Robotics and Automation (ICRA), pages
4731-4737. 1IEEE, 2021.

Ahmed H Qureshi, Jiangeng Dong, Austin Choe, and Michael C Yip.
Neural manipulation planning on constraint manifolds. IEEE Robotics
and Automation Letters, 5(4):6089-6096, 2020.

Zachary Kingston, Mark Moll, and Lydia E Kavraki. Sampling-based
methods for motion planning with constraints. Annual review of
control, robotics, and autonomous systems, 1(1):159-185, 2018.
Changliu Liu, Chung-Yen Lin, and Masayoshi Tomizuka. The convex
feasible set algorithm for real time optimization in motion planning.
SIAM Journal on Control and optimization, 56(4):2712-2733, 2018.
Abdullah Al Redwan Newaz and Tauhidul Alam. Hierarchical task
and motion planning through deep reinforcement learning. In 2021
Fifth IEEE International Conference on Robotic Computing (IRC),
pages 100-105, 2021.

Yueen Ma, Zixing Song, Yuzheng Zhuang, Jianye Hao, and Irwin
King. A survey on vision-language-action models for embodied ai.
arXiv preprint arXiv:2405.14093, 2024.

Yanlong Peng, Zhigang Wang, Yisheng Zhang, Pengxu Chang, Ziwen
He, Kai Gu, Hongshen Zhang, and Ming Chen. RobKiNet: Robotic
Kinematics Informed Neural Network for Optimal Robot Configu-
ration Prediction. arXiv e-prints, page arXiv:2402.16281, February
2024.

Edward YL Gu. A configuration manifold embedding model for
dynamic control of redundant robots. The International Journal of
Robotics Research, 19(3):289-304, 2000.

Andrew M Wells, Neil T Dantam, Anshumali Shrivastava, and Lydia E
Kavraki. Learning feasibility for task and motion planning in tabletop
environments. IEEE robotics and automation letters, 4(2):1255-1262,
2019.

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

1554

Marc Hanheide, Moritz Gobelbecker, Graham S Horn, Andrzej Prono-
bis, Kristoffer Sjoo, Alper Aydemir, Patric Jensfelt, Charles Gretton,
Richard Dearden, Miroslav Janicek, et al. Robot task planning and
explanation in open and uncertain worlds. Artificial Intelligence,
247:119-150, 2017.

Guanhua Li, Weidong Zhu, Huiyue Dong, and Yinglin Ke. A method
for robot placement optimization based on two-dimensional manifold
in joint space. Robotics and Computer-Integrated Manufacturing,
67:102002, 2021.

Mike Stilman. Global manipulation planning in robot joint space with
task constraints. IEEE Transactions on Robotics, 26(3):576-584, 2010.
Caelan Reed Garrett, Tomas Lozano-Pérez, and Leslie Pack Kaelbling.
Pddlstream: Integrating symbolic planners and blackbox samplers via
optimistic adaptive planning. In Proceedings of the International
Conference on Automated Planning and Scheduling, volume 30, pages
440-448, 2020.

Jia Pan and Dinesh Manocha. Efficient configuration space construc-
tion and optimization for motion planning. Engineering, 1(1):046-057,
2015.

Timothy P. Lillicrap, Jonathan J. Hunt, Alexander Pritzel, Nicolas
Heess, Tom Erez, Yuval Tassa, David Silver, and Daan Wierstra.
Continuous control with deep reinforcement learning. 2016. Publisher
Copyright: © ICLR 2016: San Juan, Puerto Rico. All Rights Reserved.;
4th International Conference on Learning Representations, ICLR 2016
; Conference date: 02-05-2016 Through 04-05-2016.

Tuomas Haarnoja, Ben Moran, Guy Lever, Sandy H Huang, Dhruva
Tirumala, Jan Humplik, Markus Wulfmeier, Saran Tunyasuvunakool,
Noah Y Siegel, Roland Hafner, et al. Learning agile soccer skills for
a bipedal robot with deep reinforcement learning. Science Robotics,
9(89):eadi8022, 2024.

Weitao Zhou, Zhong Cao, Nanshan Deng, Xiaoyu Liu, Kun Jiang, and
Diange Yang. Dynamically conservative self-driving planner for long-
tail cases. IEEE Transactions on Intelligent Transportation Systems,
24(3):3476-3488, 2022.

Yucan Zhou, Qinghua Hu, and Yu Wang. Deep super-class learning for
long-tail distributed image classification. Pattern Recognition, 80:118—
128, 2018.

Pengxiang Ding, Han Zhao, Wenjie Zhang, Wenxuan Song, Min
Zhang, Siteng Huang, Ningxi Yang, and Donglin Wang. Quar-vla:
Vision-language-action model for quadruped robots. In European
Conference on Computer Vision, pages 352-367. Springer, 2024.
Yang Yue, Yulin Wang, Bingyi Kang, Yizeng Han, Shenzhi Wang,
Shiji Song, Jiashi Feng, and Gao Huang. Deer-vla: Dynamic inference
of multimodal large language models for efficient robot execution.
Advances in Neural Information Processing Systems, 37:56619—
56643, 2025.

Koffivi Fidele Gbagbe, Miguel Altamirano Cabrera, Ali Alabbas,
Oussama Alyunes, Artem Lykov, and Dzmitry Tsetserukou. Bi-
vla: Vision-language-action model-based system for bimanual robotic
dexterous manipulations. In 2024 IEEE International Conference
on Systems, Man, and Cybernetics (SMC), pages 2864-2869. IEEE,
2024.

Bruno M. Pacheco and Eduardo Camponogara. Solving differential
equations using physics-informed deep equilibrium models. In 2024
IEEE 20th International Conference on Automation Science and
Engineering (CASE), pages 1883-1888, 2024.

Zhiwei Fang. A high-efficient hybrid physics-informed neural net-
works based on convolutional neural network. IEEE Transactions on
Neural Networks and Learning Systems, 33(10):5514-5526, 2022.
Hai-Jun Liao, Jin-Guo Liu, Lei Wang, and Tao Xiang. Differentiable
programming tensor networks. Physical Review X, 9(3):031041, 2019.
CR Rocha, CP Tonetto, and Altamir Dias. A comparison between the
denavit-hartenberg and the screw-based methods used in kinematic
modeling of robot manipulators. Robotics and Computer-Integrated
Manufacturing, 27(4):723-728, 2011.

Richard Liaw, Eric Liang, Robert Nishihara, Philipp Moritz, Joseph E
Gonzalez, and Ion Stoica. Tune: A research platform for distributed
model selection and training. arXiv preprint arXiv:1807.05118, 2018.
Yanlong Peng, Zhigang Wang, Yisheng Zhang, Shengmin Zhang, Nan
Cai, Fan Wu, and Ming Chen. Revolutionizing battery disassembly:
The design and implementation of a battery disassembly autonomous
mobile manipulator robot (beam-1). arXiv preprint arXiv:2407.06590,
2024.

Authorized licensed use limited to: Shanghai Jiaotong University. Downloaded on October 13,2025 at 08:59:24 UTC from IEEE Xplore. Restrictions apply.



