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ABSTRACT To address error accumulation from multi-variable features and complex dynamic coupling
in the motion trajectory prediction of hybrid mechanisms, this paper applies a Transformer-based
prediction framework. The framework integrates a spatiotemporal attention mechanism and kinematic
constraints to obtain precise and physically feasible predictions of component movement. Such trajectory
modeling is also meaningful for advanced electromagnetic engineering, including antenna-positioning
mechanisms, microwave inspection platforms, and robotic systems used in electromagnetic measurement.
The method uses a Transformer core with a hierarchical spatiotemporal attention module to model time
dependency and spatial coupling among joint angles, velocities, and torques, while refining multimodal
dynamic behavior. A Dynamic Graph Convolutional Network captures the influence of topological
changes on motion-transfer paths and reflects configuration-dependent joint interactions. By constructing
a kinematic constraint loss function based on the Lagrangian equation, the model embeds dynamic priors
and improves physical consistency. Experimental results show that the method achieves an RMSE of
1.42 mm and an MAE of 1.06 mm on the standard test set, reducing these errors by 63.3% and 64.1%
compared with a traditional LSTM model. In a six-degreeof-freedom mechanism, the median prediction
error of critical Joint 1 is controlled at 1.42 mm, supporting accurate motion prediction for constrained

serial-reachable hybrid topologies.
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I. INTRODUCTION
S a complex mechanical system combining the ad-
vantages of parallel and series structures, the hybrid
mechanism has a wide range of applications in high-
precision operations and multi-degree-of-freedom motion
control tasks. Due to its flexible topological structure and
high degree of kinematic coupling, the hybrid mechanism
has higher requirements in trajectory generation and control
accuracy [1-3]. The end effector of the hybrid mechanism is
affected by the motion states of multiple joints. Its trajectory
behavior is not only affected by the current state variables
but also depends on the historical state sequence and the
dynamic response of the structural transmission path [4-6].
In practical applications, hybrid mechanisms often in-
volve multi-modal input features, such as joint angles,
angular velocities, joint torques, etc. There are complex
spatiotemporal interactions between these state variables,
making it difficult to obtain accurate trajectory prediction
results directly through static mapping modeling [7,8].
Traditional analytical modeling methods need to rely on
a large amount of manual derivation during modeling.
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When faced with high-dimensional, multi-constrained, and
nonlinear strongly coupled systems, it is difficult to maintain
modeling accuracy and generalization capabilities [9,10].
Although trajectory prediction methods based on RNN
(Recurrent Neural Network) and their variants have certain
advantages in processing time series data, they are unstable
in complex time series trajectories due to their weak abil-
ity to model long-term dependencies and serious gradient
dissipation [11-13]. This type of model generally treats
each state variable as an independent sequence, ignoring the
spatial transmission path within the hybrid structure and the
structural relationship between nodes, making it difficult to
reflect the impact of the mechanism topology on the motion
behavior [14,15].

When fusing multi-modal input features, existing methods
often adopt shared weights or direct concatenation strategies
in the temporal modeling process without considering the
changes in the correlation strength between different modal
variables, resulting in information redundancy or coupling
imbalance problems in prediction [16-18]. Since data-driven
models generally lack physical prior constraints, it is dif-
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ficult to effectively avoid the emergence of non-physical
solutions, which leads to a decrease in the prediction accu-
racy of the model when facing complex load disturbances
or boundary state changes, and causes error accumulation
problems [19,20]. How to construct a prediction framework
that takes into account the decoupling of multi-modal dy-
namic behavior, structural topology modeling capabilities,
and physical consistency has become a key challenge in the
motion trajectory modeling of hybrid mechanisms [21,22].
To address the challenges of error accumulation and dy-
namic coupling in complex machinery, this paper proposes
a novel Transformer trajectory prediction framework that
integrates a spatiotemporal at-tention mechanism and kine-
matic constraints. This constitutes a comprehensive motion
modeling strategy driven by multi-modal input decoupling,
structural perception, and strict physical constraints.

Il. RELATED WORK

In the study of hybrid mechanism motion modeling and
trajectory prediction, the integrated application of opti-
mization algorithms and control strategies has become a
key direction for improving trajectory accuracy and system
performance. Singh et al. used a method combining seventh-
order polynomials with hybrid metaheuristic optimization
algorithms to optimize the joint trajectory design of three
industrial robots. By constraining jerk, acceleration, and
velocity parameters to improve motion smoothness, the
experiments showed that the proposed scheme was superior
to existing methods in shortening travel time and obstacle
avoidance performance [23]. On the basis of completing
the optimization of motion smoothness, the research further
focused on improving the efficiency of the algorithm and
constructing an optimization strategy for global path per-
formance [24,25]. Singh et al. combined 18 optimization
algorithms into a hybrid algorithm to perform forward and
inverse kinematics analysis and trajectory planning on three
industrial robots. Simulation verification showed that the
hybrid algorithm significantly shortened the calculation time
and number of iterations, and achieved the shortest travel
time for each robot [26]. While improving trajectory plan-
ning performance, the research focus has gradually extended
to the control robustness and system dynamic stability
issues in the trajectory tracking process [27,28]. Kordi et
al. proposed a hybrid control strategy that combines predic-
tive control with finite-time integral terminal sliding mode
control. They designed a nonlinear disturbance observer to
effectively deal with external disturbances and parameter
uncertainties in the trajectory tracking of a wheeled mobile
robot, and proved the finite-time stability of the system
based on the Lyapunov theory. The simulation results veri-
fied the significant advantages of this method in improving
tracking accuracy and anti-interference performance [29].
Although these studies have made important progress in
path optimization and control robustness, they still lack
a unified modeling framework and an adaptive prediction
mechanism for complex working conditions, which limits
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the generalization ability and engineering scalability of the
methods.

The Transformer model shows significant potential in
time series prediction and optimization control. For instance,
Xu et al. used a dual-input Transformer for trajectory
prediction, fusing scene and multi-modal interaction data via
multi-head attention, which substantially reduced displace-
ment error on the Argoverse dataset [30]. However, even
this high-precision method requires further optimization of
control mechanisms in complex interactive environments for
improved overall feasibility [31,32]. Jiao et al. introduced
a hierarchical framework combining deep learning and
reinforcement learning, using a Transformer graph neural
network to capture multi-scale interactions and generate
multi-modal predictions, which was then optimized with
vehicle dynamics and reinforcement learning to enhance the
feasibility of autonomous driving trajectories in complex
scenarios [33]. The advantages of the Transformer are
also expanding beyond transportation into industrial process
modeling [34,35]. Zhou et al. proposed an improved Trans-
former model integrating the self-attention mechanism with
VAE-calculated KLD and RMSE for nonlinear dynamic
process modeling in the petrochemical industry, demonstrat-
ing its versatility in industrial soft sensing and time series
prediction [36]. While these studies achieved remarkable re-
sults, a common limitation remains: insufficient exploration
of model generalization, real-time computing efficiency, and
cross-dataset robustness, which currently restricts their full
deployment in dynamic industrial systems.

lll. PREDICTION MODEL CONSTRUCTION AND
OPTIMIZATION MECHANISM
The interaction between multi-modal state and structural
information determines the prediction performance and
physical consistency. To clearly present each functional
module and its coupling path, this paper draws the overall
architecture diagram of the model shown in Figure 1.
Figure 1 outlines the complete trajectory prediction pro-
cess, from data collection to error back-propagation. The
input features are first time-aligned and normalized before
entering the spatiotemporal attention module to extract time-
dependency and joint topology information. This is con-
catenated with structural features from the Dynamic Graph
Convolutional Network (DGCN) to form a unified high-
dimensional representation. The decoder then outputs the
predicted three-dimensional position and posture. The objec-
tive function is jointly optimized by a physical consistency
loss (derived from Lagrangian dynamics) and a trajectory
accuracy loss, ensuring the results are both geometrically
accurate and physically rational.

A. MULTI-MODAL STATE INPUT MODELING AND
PREPROCESSING

The hybrid mechanism involves the temporal changes and
spatial coupling of multi-source state information during
the motion process, and the state variables present complex
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FIGURE 1. Overall architecture of the motion trajectory prediction model of hybrid mechanism

multi-modal dynamic characteristics in the time domain and
structural domain. To unify the representation of each state
feature and construct a standardized input tensor, the three
types of state variables, joint angle, angular velocity and
driving torque, need to be regularly encoded according to
the time dimension and spatial topology. The state input
modeling is unfolded in a time series format, with each
trajectory segment length set to 7', the structural dimension
set to J, and the state variable dimension set to M, where
M = 3 represents three modes: angle, velocity and torque.
The original input data is aligned with the timestamps by
linear interpolation to construct a three-dimensional state
tensor X € RTX/xM

To enhance the expressibility of input data, it is neces-
sary to perform standardization and normalization in the
state tensor construction stage. Assuming that the original
sequence of a modal state variable is a;g?), where t € [1,T],
j €[1,J] and m € [1, M], which is normalized by formula
(1):

m
i) = o (1)
»J o(m)

™ and ¢(™ in formula (1) represent the mean and
standard deviation of the m-th state variable in the training
set. Normalization ensures that the numerical scales of
different modal variables in the feature space are consistent,
avoiding modal bias in gradient propagation. The hierar-
chical spatiotemporal attention module processes the three
modalities after normalization so that torque values do not
dominate the attention distribution. The linear embedding
layer applies shared scaling across modalities, and the
attention computation assigns weights based solely on the
learned relevance in the embedded feature space rather than
on raw magnitude, ensuring balanced contributions of angle,
velocity, and torque.

In terms of state composition, the three types of modal
variables are in the form of high-dimensional tensors in
spatial structure. Figure 2 shows the spatial distribution of
multi-modal state variables of the hybrid mechanism, where
the state of each joint node is embedded in the tensor struc-
ture in a modal dimension to form a unified input format.
The sampling frequency of each state variable is consistent,
and the time window sliding acquisition strategy adopts an
overlapping window design to maintain the continuity of the
input sequence and the stability of the prediction model.
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As shown in Figure 2, the multi-modal state input of
the hybrid mechanism is uniformly represented as a three-
dimensional tensor structure, organized along the time di-
mension, joint dimension, and modal dimension. This struc-
ture vertically stacks three types of state variables on the
modal dimension to form three layers of state sub-tensors
with the same time length and number of joints, correspond-
ing to angle, velocity, and torque information, respectively.
The figure uses red, blue and green to distinguish the modal
types, and each small cube represents a state sampling point
under a specific time and joint number. The tensor as a
whole presents a regular cubic distribution, which vividly
reflects the organization of the original state data in the
time, space and modal dimensions. This structure provides a
unified input format support for subsequent spatiotemporal
attention mechanism and topological modeling, enabling the
model to achieve fusion modeling of multi-modal dynamic
behaviors under a shared structure.

The statistical characteristics of the multi-modal state
variables are shown in Table 1, covering the mean, standard
deviation, maximum and minimum values of the three
core physical quantities in the training set, reflecting their
dynamic distribution range and physical fluctuation charac-
teristics.

TABLE 1. Statistical characteristics and modal distribution of state variables

Modal Physical Unit Mean (p) Standard Maximum Minimum
Variable Quantity Deviation
(o)
Modal 1 Joint Angle deg 47.3 18.5 88.6 32
Modal 2 Joint deg/s 127 64 25.1 0.5
Velocity
Modal 3 Driving Nm 3.85 1.09 6.42 1.02
Torque

The fluctuation range of angle and speed modes is rel-
atively wide, while the distribution of driving torque is
relatively concentrated. This feature requires the model to
have the ability to distinguish the strength of the mode in the
feature extraction stage, avoid the dominant effect of high-
fluctuation modes on low-dynamic features and ensure the
balanced modeling of input information in the Transformer
encoding structure. After preprocessing, the state tensor in
a unified format serves as the direct input for subsequent
hierarchical attention mechanisms and graph structure mod-
eling, supporting the in-depth analysis and spatial structure
modeling of multi-modal dynamic behaviors.
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FIGURE 2. Composition of multi-modal state variables of hybrid mechanism

B. HIERARCHICAL SPATIOTEMPORAL ATTENTION
MODULE DESIGN

This section constructs a hierarchical spatiotemporal atten-
tion module with Transformer as the core to jointly model
the time series dependency and spatial coupling relationship
in the state input of the hybrid mechanism. The input state
tensor is set to X € RT*NXD where T represents the time
step, IV represents the number of joints, and D represents
the feature dimension of each joint, including joint angle,
velocity, and torque. To adapt to the input requirements of
the attention structure, The embedding transformation maps
all modal inputs into a common latent representation, where
their numerical range is harmonized before participating in
attention calculation. This prevents torque-related features
from being suppressed or amplified due to scale differences
and maintains consistent weighting criteria across all modal-
ities. X is first linearly mapped to obtain the embedded
representation H(®) = Linear(X), H®) € RT*N*d where
d is the embedding dimension.

The temporal attention module takes the time series of a
single joint as input and constructs the dependency between
each time step. Assuming that the n-th joint is represented
by H, € RT*? in T time steps, its attention is calculated
as follows:

Attentions (Q, K, V) = soft (QKT)V %)
ention; (@, K, V) = softmax
t Vd
In formula (2), Q = H,W2, K = H,WK, V =
H, WY, and WQ, WtK, WtV e R4*d are learnable
parameters. This process is performed in parallel on all
N joints to obtain the temporal attention output tensor
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H® ¢ RT*Nxd which is used to capture the temporal
dynamic characteristics of each joint.

The spatial attention module models the dependencies
between different joints at the same time step. Taking the
t-th time step as an example, the spatial input is represented
as H, € RV*?_ and its spatial attention calculation form is:

T

Attentiong(Q, K, V) = softmax (Qj%
In formula (3), Q = H;WES, K = HWEX, V = H,W/Y,
and W&, WE, WV € R4 are spatial attention param-
eters. This process is executed in parallel over 7' time
steps, and the output tensor H(®) € RT*N*d is ysed to
model the coupling relationship in the spatial structure of
the mechanism.
To fuse the two types of attention information, a fusion
representation after residual connection and normalization
operation is constructed:

) Vo Q3

HUD — LayerNorm <H(l) + FFN (H(t) + H(S)>) 4)

In formula (4), H®" represents the I-th layer input tensor;
FFN represents the feedforward neural network, and the
structure is a two-layer fully connected network plus a
ReLU activation function to improve the nonlinear modeling
ability. The above modules are stacked in L layers to build
a deep representation and enhance the ability to express
nonlinear dynamics. The hierarchical design produces sep-
arate temporal and spatial relevance distributions, and both
distributions are computed in the normalized latent domain.
This ensures that the torque modality neither overwhelms
the encoder nor becomes underrepresented during feature
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fusion. The final output tensor H() € RT*N* js fed into

the subsequent topology modeling module and trajectory
prediction decoder as a joint representation of the multi-
modal dynamic state, ensuring that the trajectory output
accurately reflects the time dependency and mechanism
structure coupling.

C. DGCN INTEGRATION FOR TOPOLOGY MODELING

In this section, the topological structure of the hybrid
mechanism is encoded into a dynamic graph neural network
structure and combined with DGCN to extract structural
dependency information to enhance the model’s adaptability
to different connection configurations and changes in mech-
anism morphology. The time-varying adjacency structure
expresses changes in the motion transfer pattern caused
by configuration evolution, and the physical arrangement
of links remains fixed while the graph updates its weights
to represent altered transmission influence during operation.
Assuming that the topological structure of the hybrid mech-
anism at time step t is represented by a graph G(t)=(V,E(t)),
where V is a set of nodes consisting of N motion units in the
mechanism, and E(t) represents the connection relationship
between the nodes, which changes dynamically according to
the time step. The coupling strength between joints varies
with the instantaneous configuration and the transmitted
load, which alters the effective transfer direction and in-
tensity along the motion path. This behavior introduces
temporal variation in the adjacency representation, so the
spatial dependency cannot be described by a fixed structural
pattern.

The node feature is represented as a tensor H) ¢
RT*Nxd " which is output by the spatiotemporal attention
module in the previous section. At each time step ¢, the
current graph structure G(t) is extracted to construct an
adjacency matrix A(t) € RV*N whose element a%) in-
dicates whether there is a direct motion connection between
node ¢ and node j, and the weight wfjt) calculated based
on the transmission path length and degree of freedom
constraint is added to the edge, finally forming a weighted
adjacency matrix A®. The adjacency weights follow the
configuration-dependent changes in relative joint position
and path geometry, which leads to gradual temporal differ-
ences in the structural connectivity representation. The input
feature of the node in the graph is defined as H;, € RV >,
and the graph convolution propagation process is as follows:

HMY = o (D AOD  H{OW{) 5)

In formula (5), D is the degree matrix; Wg(l) € Raxd
is the weight matrix of the 1-th layer graph convolution;
and o is the activation function. This process is performed
independently at each time step ¢ to construct the dynamic
graph sequence output Z(t) € RN*4 which is finally
stacked at all time steps to form a three-dimensional tensor
7 ¢ RTxN ><d"
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To enhance the sensitivity of graph representation to
structural changes, a graph state transfer function is applied
to update the adjacency matrix sequence, and the dynamic
change rate is calculated based on the structural difference
between adjacent time steps:

AA® = tanh (A<t> _ A<H>) 6)

This rate of change is used to adjust the edge weights
during graph propagation to form a time-series adaptive
adjacency matrix sequence, which enables the model to
capture the impact of topological perturbations on the power
transmission path and state changes. This adjustment reflects
the time-varying evolution of coupling relations across the
mechanism, confirming that the motion-transfer characteris-
tics do not remain structurally constant during operation.
The final output graph Z is concatenated with the spa-
tiotemporal attention output H through residual connection
and feature fusion as the high-order state representation of
the subsequent trajectory generation module. This dynamic
graph modeling method embeds the actual topological evo-
Iution in the hybrid mechanism into the neural network
structure, constructs a structure-dependent and perceived
motion representation, and effectively improves the model’s
responsiveness to changes in the transmission structure and
its predictive stability.

D. DESIGN OF DYNAMIC CONSTRAINT FUNCTION AND
CONSTRUCTION OF OPTIMIZATION TARGET

In order to improve the rationality of trajectory prediction re-
sults at the physical level, this section constructs a constraint
loss function based on the Lagrangian dynamics principle,
and embeds the kinematics and dynamics of the hybrid
mechanism into the model optimization process. Assum-
ing that the generalized coordinates of the mechanism are
q(t) € R™, which represents the angle sequence of n joints,
and the predicted output is §(t). The generalized coordinates
selected for the dynamic constraint are the six active joint
angles of the hybrid mechanism, and the corresponding
velocities and accelerations are derived through discrete-
time differences computed directly from the predicted angle
sequence. The velocity tensor is obtained from the first-
order difference of consecutive predicted angles divided
by the sampling interval, and the acceleration tensor is
formed by applying a second-order difference to the ve-
locity sequence so that all derivatives enter the dynamic
residual computation in the same prediction space. The
constructed Lagrangian-based constraint is implemented as a
soft penalty term rather than an enforced hard constraint. Its
residual form is computed during each training iteration and
added to the overall loss so that the predicted accelerations
follow the underlying dynamic relations without explicitly
imposing an equality condition at the optimization level.
The corresponding angular velocity and angular acceleration
are (t) and ¢(t), respectively, which are calculated by
numerical difference:
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2y G+ A — (1) 1\
t=1

5 q(t + At) —q(t)
)= — """+ 8
q(t) At (8)

The Lagrangian dynamic equation of the mechanism can
be written as:

1(5)-5%-r ©)
dt \ 04 Jdq
In formula (9), L =T — V is the Lagrangian function;
T represents kinetic energy; V' represents potential energy;
and 7 is the generalized force vector. The Lagrange equation
residuals constructed in this study do not explicitly include
Coriolis force, centrifugal force, and friction terms. This
is a simplified dynamic model, intended to provide a ba-
sic physical consistency guide for data-driven predictions
rather than achieving fully accurate dynamic simulations.
This simplification is based on the analysis of the hybrid
mechanism under typical textile manufacturing conditions,
where inertial and gravity forces dominate. Kinetic energy
is defined as:

1
T =354 M(g)d (10)

Potential energy is defined as:
n
V= mighi(q) (11
i=1

M(q) € R™" in formula (10) is the joint mass matrix;
m; in formula (11) is the mass of the i-th component; g
is the gravity constant; and h;(q) represents the center of
mass height of the i-th component. Based on the above
formula, a physical consistency loss function is constructed
to constrain the predicted acceleration and the derived
results of the dynamic model. The residual term incorporates
the predicted joint angles together with numerically differen-
tiated velocities and accelerations into the mass matrix and
potential energy expressions so that the Lagrangian equation
is evaluated using quantities generated entirely from the
model output at each training iteration. Both sides of the
Lagrange equation are rewritten as residual terms:

d (OL oL
=4 (86) S (12)

The residual quantifies the deviation between the pre-
dicted dynamic response and the physically derived expres-
sion, and this deviation is penalized in the optimization
objective. The training process adjusts the model param-
eters by reducing this residual, which guides the prediction
toward consistency with the dynamic principles while re-
taining the flexibility of data-driven learning. The physical
constraint loss function Lphy is constructed as:
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This loss sums the squares of the residuals between
the model prediction results and the dynamic equations,
minimizing the part that violates the dynamic laws. In
addition, to ensure the consistency between the predicted
trajectory and the true trajectory, the mean square error loss
term is applied:

1 T
Linse = >l — a3 (14
t=1

The dynamic constraint is not enforced as an equality
condition during inference. It is incorporated only as an
additional soft term in the training objective, so the model
learns a prediction space that adheres to the motion dynam-
ics while maintaining numerical stability and avoiding the
infeasibility that arises from strict constraint enforcement.
The final joint optimization goal is:

Liotal = M Limse + >\2Lphy (15)

In formula (15), A\; and Ao are weight coefficients that
control the balance between physical consistency and tra-
jectory accuracy. Through grid search experiments, it was
determined that \; was fixed at 1.0 and Ay was fixed
at 0.5. This set of parameters achieved the best balance
between prediction accuracy and physical plausibility on
the validation set. The weight coefficients remained fixed
during training and were not dynamically adjusted. This
loss function is embedded in the back propagation process
during the training phase to guide the model to output
prediction results that have both geometric accuracy and
dynamic rationality, ensuring the trajectory continuity and
stability of the hybrid mechanism under high dynamic and
multi-constraint conditions.

IV. EXPERIMENTAL SETUP AND EVALUATION
PROTOCOL

A. EXPERIMENTAL PLATFORM AND HARDWARE
CONFIGURATION DESCRIPTION

This paper provides a technical description of the experi-
mental implementation platform of the trajectory prediction
model, covering the system hardware and software envi-
ronment, execution unit configuration, and signal transmis-
sion scheme. The high degree of freedom and real-time
response requirements of the hybrid mechanism determines
that the control and simulation environment must have
high-precision calculation and high-speed data exchange
capabilities. Therefore, the selection and configuration of
the experimental platform play a fundamental role in model
verification. Combined with the construction requirements
and performance goals of the experimental system, Table 2
lists the core platform components and their key parameters.
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TABLE 2. Summary of configuration parameters of experimental platform hardware and software environment

Module Category Configuration Name

Key Parameters Functional Description

Simulation Platform MATLAB/Simulink

Control Unit NI (National Instruments)
CompactRIO-9045

EtherCAT (Ethernet for Control
Automation Technology) Bus Module
Optical Encoder + Torque Sensor

Windows 10 + RT Linux

Actuator Interface

Sensing System
Operating System

R2023a, RT (Real-Time) module Model construction and real-time

simulation

1.91 GHz quad-core, 4 GB RAM  Real-time control execution and data
acquisition

Update rate 1 kHz High-frequency control signal
transmission

Accuracy 0.01° / 0.05 Nm
Dual-system support

Acquisition of joint state variables
Separation of development and
deployment environments

The configuration in Table 2 covers the technical param-
eters of the simulation platform version, real-time control
hardware performance indicators, execution layer communi-
cation mechanism, and state perception module. The system
adopts a dual-platform collaborative operation architecture
to ensure a seamless connection between data acquisition
and trajectory prediction model. The control end and the
sensor end are connected through a high-frequency indus-
trial bus to ensure that the command transmission and
response delay are controlled within an acceptable range.
The overall architecture emphasizes real-time, stability, and
compatibility, which facilitates the deployment and evalua-
tion of the model under various working conditions.

B. DATA COLLECTION AND SAMPLE CONSTRUCTION
PROCESS

In the sample construction phase, the state-trajectory super-
vision pairs are generated by sliding in time series windows.
In the preliminary processing stage, the first-order difference
smoothing algorithm is used to reduce high-frequency noise
interference and maintain the continuity and dynamic trend
of state variable changes. All state variables are standardized
and the Z-score method is used to complete the normal-
ization transformation based on the mean and standard
deviation of the training set to eliminate the impact of
scale differences between variables on training stability. The
topological structure information is dynamically generated
by the adjacency matrix and together with the state tensor,
it constitutes the model input. The data set is divided into
training set, validation set and test set according to the
principle of non-overlapping time, with a ratio of 8:1:1. Each
type of data contains all structural forms and state variable
distributions to ensure the consistency of evaluation indica-
tors and model generalization ability. The dataset contains
samples of various hybrid mechanism variations with 6 to 10
joints to test the model’s adaptability to different numbers of
degrees of freedom. However, the core architecture design
and final performance evaluation of the model in this paper
are both focused on and concentrated on a specific six-
DOF hybrid mechanism. The sample construction results
are shown in Table 3, covering the number of samples,
time window length, number of structural configurations,
distribution of joint numbers and statistical characteristics of
state variables, verifying the integrity and representativeness
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of the data organization structure.

TABLE 3. Data set composition and distribution statistics

Dataset Type Number of Time Window Number of Joint Count Mean
Samples Length (steps) Structural Distribution (Standard
Configurations Deviation) of
State Variables
Training Set 8500 40 5 6-10 0.01 (0.97)
Validation Set 1062 40 5 6-10 0.00 (1.02)
Test Set 1062 40 5 6-10 0.02 (0.99)

V. RESULTS ANALYSIS

A. FORECAST ACCURACY INDEX PERFORMANCE
ANALYSIS

In the trajectory prediction task, to verify the effectiveness
of the proposed model in structural modeling and physical
consistency constraints, this paper constructs a variety of
comparative methods for experimental analysis. The pre-
diction accuracy is evaluated in terms of the end-effector
positional error in millimeters. The experimental data is
preprocessed in a standardized manner, and the test is
carried out under a unified data set and prediction time
window. The comparison methods include traditional se-
quence modeling structures, state space modeling methods,
and improved models with different degrees of structure
perception. LSTM (Long Short-Term Memory) is the most
basic recurrent neural network, which is used to charac-
terize the performance of traditional sequence methods in
trajectory prediction tasks. The Mamba model relies on
dynamic state modeling to capture long-term dependency
information. The standard Transformer model is used to
evaluate the generalization ability of the attention mecha-
nism for temporal modeling under unstructured guidance.
On this basis, the spatiotemporal attention mechanism is
applied to enhance the model’s ability to recognize spatial
dependencies. Furthermore, the topological structure infor-
mation is integrated through the DGCN (Dynamic Graph
Convolutional Network) to enhance the structural modeling
ability. The proposed method adds dynamic consistency
constraints on the basis of the aforementioned architecture to
improve the physical rationality of prediction and trajectory
continuity. The experiment uses two evaluation indicators,
RMSE and MAE, to quantitatively compare the numerical
accuracy of each prediction model in the hybrid mechanism
trajectory output process. The results are shown in Figure
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3.

As shown in Figure 3, the RMSE of LSTM is 3.87
and the MAE is 2.95. Its prediction error is mainly af-
fected by its weak long-term dependency modeling ability
and lack of structural perception. The RMSE of Mamba
is 2.58 and the MAE is 1.92. The state space update
mechanism improves the temporal modeling accuracy, but
the response to spatial structure is still insufficient. The
standard Transformer has an RMSE of 2.74 and an MAE of
2.08. Although the attention mechanism enhances the global
modeling capability, it is unstable in processing structural
coupling features. After the application of spatiotemporal
attention, the RMSE is reduced to 2.18 and the MAE
is 1.61. The spatial correlation enhancement mechanism
significantly improves the accuracy of multi-modal dynamic
capture. After DGCN is integrated, the RMSE is 1.78 and
the MAE is 1.32. The graph convolution’s ability to model
structural changes effectively improves the accuracy of local
predictions. On this basis, the method in this paper adds
dynamic constraints to reduce the RMSE to 1.42 mm and
the MAE to 1.06 mm, which are 63.3% and 64.1% lower
than LSTM, respectively. The constraints of dynamic prior
to trajectory continuity and physical consistency become
the main reason for further reducing the error. Therefore,
combining the structure perception mechanism with physical
consistency constraints is the key path to achieving high-
precision trajectory prediction.

In the trajectory prediction task of the hybrid mecha-
nism, the actual motion path of the end effector in three-
dimensional space is often affected by the structural degrees
of freedom, joint dynamic disturbances and execution task
characteristics. The goal of model training is to obtain the
time series dependency between state variables and to accu-
rately fit the mapping relationship between these variables
and spatial motion. To verify the ability of the constructed
spatiotemporal fusion model to reconstruct motion trends,
three comparison graphs of the actual trajectory and the
predicted trajectory are constructed on the standard test
trajectory, as shown in Figure 4.

The blue curve in Figure 4 represents the actual trajec-
tory of the end effector, which is calculated by forward
kinematics from the input state; the red dashed line is the
predicted output of the constructed model. The spatial path
shows the dynamic evolution of the actuator during the
task phase, and the green and black marks correspond to
the starting and ending positions of the movement. The
two trajectories maintain a high degree of consistency in
most sections, reflecting the model’s ability to effectively
model the dynamic response of the structure. Some local
offset areas reveal the sensitivity to local disturbances in
time series modeling. This figure provides an intuitive basis
for subsequent error quantification and trajectory deviation
evaluation.

To analyze the error distribution characteristics of the pre-
diction model on different execution joints, this experiment
constructs a six-degree-of-freedom hybrid mechanism with
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the end effector path as the target, and selects six key joints
in the drive chain, corresponding to the front swing arm,
auxiliary support rod, main support rod, parallel link, auxil-
iary actuator arm and terminal rotation joint, numbered 1-6,
as the main controlled objects of the prediction model. In
order to obtain error distribution data with stable statistical
significance, the experiment independently tests the output
of each joint position under multiple rounds of simulation
tasks. The length of the timing window for each round
of acquisition is 60 frames. The spatiotemporal attention
fusion Transformer prediction model constructed in this
paper is used. After the trajectory prediction is completed,
it is compared point by point with the standard sample, and
the RMSE and MAE are calculated. The box plot data is
generated based on the error values of each time step in the
sampling sequence, as shown in Figure 5.

In the RMSE distribution diagram, the median errors of
Joint 1 to Joint 3 are 1.42mm, 1.56mm, and 1.66mm, respec-
tively, which are lower than 1.74mm and 1.84mm of Joint
5 and Joint 6, and the maximum error reaches 1.89mm on
Joint 6. The error value increases slightly with the increase
of joint number, which is mainly caused by the amplification
of the downstream joint displacement by the mechanism
coupling relationship, and the joint control accuracy is
affected by the superposition of the previous stage prediction
error. In the MAE distribution, the median values of Joint 1
to Joint 3 are 1.11mm, 1.24mm, and 1.30mm, respectively,
which are significantly lower than 1.35mm and 1.42mm
of Joint 5 and Joint 6, respectively. The error fluctuation
range also shows a similar trend, reflecting the difference
in sensitivity of each joint to trajectory disturbance during
dynamic response. The model’s prediction of the upstream
joint is more stable, and the overall error control is still
within a reasonable range.

To verify the time response accuracy of the prediction
model in different spatial dimensions, a trajectory output
experiment of the end effector in three-axis directions is
constructed, the test sequence length and input structure
parameters are unified to ensure the comparability of the
evaluation indicators. By comparing the coordinate differ-
ences between the real trajectory and the predicted trajectory
at each time step, the fluctuation trend and fitting ability of
the observation model in the dynamic prediction process are
observed. The three-axis time response of the trajectory is
shown in Figure 6.

Figure 6 shows the time-series position change curves of
the end effector in the X, Y and Z directions. The solid
line is the actual trajectory and the dotted line is the model
prediction result. In most time steps, the two sets of curves
have the same trend, maintaining good amplitude and phase
matching. The predicted curve has a slight deviation in
the local time period, indicating that the model has error
disturbance in the high-frequency response process in the
vertical direction. There is no severe jitter in the overall
prediction process, and the sequence error remained stable
in each coordinate axis, reflecting the effective decoupling
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ability of the constructed structural modeling module and
the spatiotemporal attention mechanism for multi-axis state
characteristics.

B. RESPONSE DELAY ANALYSIS

To evaluate the real-time response performance of dif-
ferent model structures in the trajectory correction task,
this paper designs a delay test experiment based on the
change of input sequence length. The experiment uses a
unified hardware environment and reasoning interface to
compare the original Transformer structure, the version with
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spatiotemporal attention module, the version with DGCN
module and the complete model with dynamic constraints
added in this paper. Each group of models is run under
the input sequence conditions of 10 to 100 frames, and the
average response delay value during the trajectory correction
process is calculated. The impact of the module structure on
the prediction efficiency is analyzed by the response perfor-
mance of different models under various input conditions.
The results are shown in Figure 7.

Figure 7 shows that as the input sequence length increases
from 10 frames to 100 frames, the response delay of all
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models increases linearly. The response delay of the original
Transformer structure increases from 14.9ms to 28.0ms.
This structure does not impose any constraints on the feature
processing process and has redundant calculations, resulting
in a significant decrease in its processing efficiency for
long sequences. After applying the spatiotemporal attention
module, the model structure focuses on the key feature
areas so that the average delay is reduced to 24.9ms at the
same length and the calculation process is localized and
the reasoning path is shortened. After further adding the
DGCN module, the model optimizes the local inter-frame
graph structure, reduces unnecessary calculations caused by
global self-attention and controls the delay within 22.5ms.
After integrating the dynamic constraints, the response delay
of the complete model is 18.7ms when the input sequence
length is 100 frames. The proposed method maintains a sta-
ble and efficient response behavior mainly due to its struc-
tured spatiotemporal feature representation and topology-
aware modeling, while the physical consistency constraint
is applied only during training and does not participate in
inference or affect inference efficiency.
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C. EVALUATION OF MODEL ADAPTABILITY TO
STRUCTURAL DISTURBANCES

We designed a set of trajectory prediction experiments to
evaluate the model’s generalization and robustness under
structural disturbance. The perturbation was simulated by
slightly limiting the motion range of a passive joint and
fine-tuning a connecting rod’s length, thus altering the
local motion transmission path without changing overall
connectivity—a condition analogous to load disturbance
or mechanism looseness in real operation. The process
involves: 1) collecting standard data as a reference; 2) using
the proposed model (integrating spatiotemporal attention
and DGCN) on the perturbed structure; and 3) comparing
the true, original, and perturbed prediction trajectories (Fig-
ure 8) to intuitively assess the model’s ability to adapt to
structural uncertainty.

Figure 8 demonstrates the model’s adaptability to struc-
tural changes. When the hybrid mechanism is stable, the
predicted and actual trajectories show high consistency,
validating the capture of original dynamic characteristics.
After a structural disturbance, although slight point devia-
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tions occur, the overall trajectory direction remains highly
consistent with the true value, reflecting robust modeling ca-
pabilities for changing connection paths. This performance
is primarily attributed to the Dynamic Graph Convolutional
Network (DGCN), which models responses to dynamic
changes in mechanism topology, and the spatiotemporal
attention mechanism’s structural adaptation during feature
decoupling. These components significantly improve the
system’s ability to cope with structural uncertainties under
real-world working conditions.

D. PHYSICAL CONSISTENCY VERIFICATION OF
TRAJECTORY OUTPUT

In order to verify the performance of the trajectory pre-
diction model in terms of physical consistency, this section
analyzes the time continuity of acceleration changes and
the stability of the frequency domain. In the experimental
setting, the joint acceleration is selected as the key physical
quantity, and the model output results before and after the
application of dynamic constraints are quantitatively com-
pared. In the time domain, by constructing an acceleration
sequence under equal-interval sampling, observe whether
there are sudden changes or high-frequency fluctuations in
the change trend. In the frequency domain, the frequency
distribution in the acceleration signal is extracted based
on Fourier transform to reflect the stability of the motion
state. Through this process, the comparison results shown
in Figure 9 are formed.

Figure 9 shows that the model with dynamic constraints
presents a smoother change trend in the acceleration se-
quence, and the curve changes more gently in the overall
fluctuation amplitude and local derivative. The spectrum
analysis results show that the high-frequency components of
the model are significantly attenuated, the energy is mainly
concentrated in the lower frequency band, the frequency
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response distribution is compact, and no obvious high-
frequency surge is shown. In contrast, the unconstrained
model has local severe jitters in the acceleration curve,
and its spectrum shows multiple high-frequency peaks with
prominent energy, indicating that the trajectory has certain
defects in time continuity and motion smoothness. This
comparison reflects the important role of structural modeling
and physical prior injection in dynamic behavior prediction.

E. ANALYSIS OF MODEL COMPLEXITY AND
INFERENCE EFFICIENCY

To evaluate the actual performance of the proposed trajec-
tory prediction model in terms of complexity control and
reasoning performance, this paper constructs a set of model
comparison experiments. The comparison structure includes
the basic Transformer model, the enhanced structure that
applies the spatiotemporal attention mechanism, the model
version that further integrates the dynamic graph convolu-
tional network but does not add physical constraints and the
final solution that fully integrates the physical consistency
loss. The same test set and hardware platform are used in the
experiment to keep the input tensor size consistent with the
prediction length to ensure the comparability of inference
time and parameter statistics. Based on the standardized test
process, the parameter scale and average inference delay per
unit sample under each model structure are recorded, and
the results are shown in Figure 10.

Figure 10 details the model’s computational costs. The
base Transformer model has 12M parameters and 10.3 ms
latency. Adding the spatiotemporal attention mechanism
increases parameters to 15M and latency to 11.8 ms due to
nonlinear transformations. Further inclusion of the dynamic
graph convolutional network raises parameters to 19M and
latency to 15.4 ms, due to dynamic graph updating. The final
model contains approximately 20M parameters and exhibits
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an inference delay of 18.7 ms, which mainly originate from
the additional attention layers, dynamic graph convolution
operations, and feature fusion processes introduced in the
inference network. It should be noted that the Lagrangian-
based physical consistency constraint is applied only during
the training stage and does not introduce learnable parame-
ters or inference-time computation.

VI. CONCLUSION

This paper proposes a novel Transformer trajectory pre-
diction framework that integrates a spatiotemporal atten-
tion mechanism and kinematic constraints to overcome the
critical accuracy bottleneck of hybrid mechanisms. This is
vital in the industry, where precise, high-speed machinery
requires robust modeling for multi-modal feature interac-
tion (like joint force and velocity) and rapid response to
structural topology changes, ensuring consistent, defect-
free material processing. By constructing a hierarchical
spatiotemporal attention module, the decoupled expression
of dynamic features such as joint angle, velocity, and torque
is realized, and a dynamic graph convolutional network
is applied to capture the modulation effect of structural
topology changes on the motion path. At the same time,
the physical consistency loss function constructed based
on the Lagrangian equation is embedded in the training
process to ensure the rationality of the predicted trajec-
tory at the dynamic level. The experimental results show
that the proposed model achieves an MAE index of 1.06,
which is significantly lower than the traditional LSTM and
standard Transformer models. In the terminal six-degree-of-
freedom joint, the median RMSE of Joint 1 is controlled
at 1.42 mm, reflecting the good prediction stability of the
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upstream structure. In the long sequence prediction task,
the response delay under the condition of 100 frames of
input is controlled at 18.7 ms, showing excellent real-time
performance. The research results confirm that the model
maintains stable prediction accuracy and essential real-
time response capabilities, even when dealing with com-
plex topological structures and dynamic multi-modal input
conditions. This robust performance demonstrates strong
potential for both large-scale promotion and significant
engineering application value in the high-degree-of-freedom
hybrid mechanisms critical to advanced machinery, enabling
optimized efficiency and precision in manufacturing.
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