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Abstract

Unmanned aerial vehicle (UAV) trajectory prediction plays an important role in autonomous flight
control, path planning, and obstacle avoidance decision-making. However, the accumulation of errors
in multi-step autoregressive predictions, lack of physical consistency, and real-time constraints make
existing pure data-driven models limited for engineering deployment. Therefore, this paper proposes a
physics-aware learnable state space prediction framework (PLSSP). Unlike directly performing black-
box regression on positions, this paper models UAV states as a joint physical state vector consisting
of position, velocity, and acceleration. By using residual modeling, only the dynamic perturbation
terms are learned, and a maneuver-aware selective state update mechanism is incorporated to enable
adaptive modeling of the changes in flight dynamics. Additionally, the propagation behavior of multi-
step prediction errors is analyzed for stability, and the model’s prediction performance and engineering
metrics are systematically evaluated using real PX4 flight log data. Experimental results show that, while
ensuring real-time inference efficiency, the proposed method outperforms several mainstream time series
prediction models in terms of Average Displacement Error (ADE) and long-term prediction stability.

Keywords: UAV trajectory prediction, learnable state space model, long-term dependency modeling,
selective state update, time series prediction

1 Introduction

The large-scale deployment of UAV systems in complex low-altitude environments has significantly increased
the demands on flight safety, reliability, and autonomous decision-making capabilities [T}, 2]. Within closed-
loop control architectures, trajectory prediction serves as a critical precursor module for path planning,
collision avoidance, and cooperative control [3, [4]. From a control-theoretic perspective, the UAV flight
process can be modeled as a discrete-time controlled dynamical system

Tpy1 = (@, ug) + wi, (1)

where xj denotes the system state, uj the control input, and wy, external disturbances. Multi-step trajectory
prediction is therefore equivalent to recursively extrapolating future states under model uncertainty:

Tryit1r = F(Tryi) (2)

Unlike single-step regression, long-horizon prediction is governed by the stability properties of the induced
recursive operator. When the learned transition dynamics deviate from the true system behavior, prediction
errors accumulate along the rollout horizon and may even diverge, especially during high-maneuver phases
characterized by rapid state variations [5]. Consequently, UAV trajectory forecasting is not merely a se-
quence mapping problem, but a stability-constrained dynamical extrapolation problem under engineering
deployment requirements [6} [7].

Existing approaches can be broadly categorized into physics-based estimation methods and data-driven
sequence modeling methods. Physics-based approaches formulate UAV trajectory prediction based on ex-
plicit nonlinear flight dynamics and parameterized state transition equations. Representative works derive



quadrotor models from rigid-body mechanics and aerodynamic principles, and design estimation or control
strategies upon these analytical dynamics [8, @]. More advanced formulations further exploit geometric
control theory on SE(3) to achieve provable stability and tracking guarantees under ideal modeling assump-
tions [I0]. Within such frameworks, state estimation techniques built upon extended Kalman filtering or
related observers provide theoretical consistency and convergence properties when system dynamics and noise
characteristics are accurately characterized [I1]. These model-driven paradigms offer strong interpretability
and stability guarantees under model-matching conditions. However, in practical low-altitude operations,
aerodynamic uncertainties, actuator nonlinearities, payload variations, and external disturbances inevitably
introduce structural model mismatch. When the assumed dynamics deviate from real flight behavior, pre-
diction errors accumulate along recursive rollouts, degrading long-horizon extrapolation performance. Data-
driven approaches, including LSTM [12], GRU [13], and Transformer-based architectures [I4], learn state
mappings directly from historical observations and often achieve strong short-term accuracy. Nevertheless,
most sequence models treat trajectory prediction as a generic temporal regression task, where hidden state
updates lack explicit dynamical structure, making error propagation mechanisms difficult to analyze [I5].
Moreover, attention-based architectures typically incur O(T?) computational complexity, which poses chal-
lenges for long-horizon prediction or real-time onboard deployment. Although state space models (SSM)
provide explicit recursive forms

hi+1 = Ahy + Bxy, (3)

with linear time complexity and structural consistency with discrete dynamical systems, conventional linear
SSMs employ fixed transition matrices, limiting adaptability across heterogeneous flight regimes such as
steady cruising and aggressive maneuvering. As a result, current methods either lack structural stability
constraints or fail to maintain adaptability under dynamic operating conditions.

To address this structural gap, we propose a residual state space trajectory prediction framework tailored
for engineering control systems. The proposed model preserves an explicit recursive architecture with linear
complexity O(T') while introducing an input-driven selective state update mechanism that adaptively mod-
ulates transition dynamics according to current observations. By reformulating multi-step prediction as a
dynamic residual evolution process, the model maintains consistency with controlled dynamical systems and
mitigates long-horizon error amplification. The framework suppresses instability induced by uncontrolled
recursive growth while avoiding the quadratic complexity overhead of global attention mechanisms, making
it suitable for real-time UAV deployment.

The main contributions of this work are summarized as follows:

(1) We reformulate UAV multi-step trajectory prediction as a stability-constrained recursive dynamical
extrapolation problem and analyze error accumulation characteristics under recursive operators;

(2) We design an input-driven selective state update mechanism that enables adaptive transition modeling
across heterogeneous flight regimes;

(3) We conduct multi-step prediction experiments to examine error growth trends with respect to rollout
horizon and verify long-term stability properties;

(4) We perform systematic evaluations on real PX4 flight log datasets, including inference latency and
computational complexity analysis, demonstrating engineering deployability.

The remainder of this paper is organized as follows: Section 2 reviews related work; Section 3 introduces
the physics-aware learnable state space prediction framework (PLSSP); Section 4 presents experimental
results and analysis; Section 5 concludes the paper and discusses future directions.

2 Related Work

UAV trajectory prediction can be formulated as a multi-step state extrapolation problem for discrete-time dy-
namical systems, where the challenge lies in accurately forecasting future states under recursive rollout while
controlling error propagation. Existing research can be broadly classified into three paradigms—physics-
based methods, data-driven sequence modeling approaches, and structured state space methods—each dif-
fering in stability analysis, engineering interpretability, and computational complexity.



2.1 Physics-based State Prediction Methods

Physics-based approaches construct trajectory prediction models directly from UAV flight dynamics, em-
ploying explicit nonlinear equations combined with parameterized state-space representations and filtering
techniques to estimate and forecast system states [8] [9] [10, [T}, 16, [17]. Under ideal model-matching condi-
tions, these methods allow rigorous analysis of error convergence and stability through the state transition
matrix, providing strong interpretability and theoretical guarantees. Some recent works integrate physical
priors with learning-based frameworks, embedding dynamic constraints into data-driven models to improve
anomaly detection or enhance prediction flexibility. Nevertheless, even with such hybridization, the state
update mechanisms largely rely on empirical recursive rules and often lack unified theoretical frameworks
for structural stability and long-horizon error propagation. In practical flight environments, uncertain-
ties in aerodynamics, actuator dynamics, and external disturbances inevitably introduce model mismatch,
which accumulates over multi-step recursive rollouts, especially during high-maneuver phases. Hence, purely
physics-driven models struggle to maintain long-term predictive accuracy under complex operational condi-
tions.

2.2 Data-driven Sequence Prediction Methods

Data-driven approaches leverage large-scale flight logs to directly learn state evolution, with recurrent ar-
chitectures such as RNNs [I8], LSTMs [12], and GRUs [I3] modeling temporal dependencies via hidden
state recursion. Multimodal prediction frameworks, including PECNet [I9] and latent variable energy mod-
els [20], explicitly capture distributional diversity and endpoint constraints to improve long-term flexibility.
Transformer-based models enhance global dependency modeling for long-horizon sequences [14]. However,
from a systems perspective, these methods share two critical limitations: (i) hidden state updates lack ex-
plicit state transition representations, making multi-step error propagation and stability analysis difficult; (ii)
attention-based architectures exhibit O(T?) complexity, which constrains real-time deployment in embedded
flight control systems. Moreover, purely data-driven models generally do not preserve structures consis-
tent with the underlying dynamical system, limiting interpretability and theoretical analysis of recursive
prediction behavior.

2.3 Structured State Space Models

Structured state space models (SSM) provide a natural bridge between physical modeling and data-driven
learning, offering explicit recursive forms consistent with discrete-time dynamics:

hk+1 = Ahk + Bxk (4)

This structure enables theoretical characterization of error propagation through the state transition matrix,
which is crucial for control engineering applications. Recent works integrate deep learning with SSMs to
model long sequences efficiently [I5], achieving linear computational complexity O(T") while enhancing repre-
sentation capacity. Input-dependent and selective state update mechanisms [2] allow transition parameters
to adapt to non-stationary dynamics, maintaining recursive consistency and improving prediction perfor-
mance under changing operational regimes. Despite these advances, current SSM-based methods still lack
a unified framework that explicitly analyzes long-horizon error accumulation while ensuring stability, struc-
tural consistency, and linear computational cost in multi-step UAV trajectory prediction. In this work, we
build upon structured state space modeling by introducing an input-driven residual prediction mechanism,
providing both theoretical insights into error propagation and practical verification on real flight datasets.

3 Methods: Physics-aware Learnable State Space Framework

This section proposes a physics-aware learnable state space framework for UAV trajectory prediction tasks.
Unlike traditional black-box sequence regression methods, this approach structures the modeling of flight
physical processes through dynamic residual modeling and maneuver-aware state update mechanisms.



3.1 Physical State Representation
Let the physical state of the UAV at discrete time step ¢ be represented as:

Pt
St = [Vt (5)
ag
where:

p: € R? is the position vector, v, € R? is the velocity vector, a, € R? is the acceleration vector.
According to the classical discrete dynamic model, we have:

Pi+1 = Pt + ViAl (6)
Vitl1 = Vi + atAt (7)

where At is the sampling time interval. The above recursive relations form the basic constraints for
physical consistency.

3.2 Residual Dynamics Learning

Traditional trajectory prediction models typically directly regress future positions or the full state vector,
which can lead to error accumulation in multi-step predictions. To address this, this paper adopts a dynamic
residual modeling approach, learning only the acceleration perturbation term.

Let the hidden state be represented by h;, and the acceleration prediction is obtained through a learnable
mapping function fy(-):

a; = fo(ht) (8)

Then, future states are generated through physical recursive relations:
\Aft+1 =V + étAt (9)
Piy1 = Pt + Vi At (10)

This modeling approach has the following advantages:

e Maintains flight dynamics consistency;

e Reduces high-frequency noise amplification issues caused by direct position regression;
e Enhances the physical interpretability of the model;

e Reduces the risk of error divergence in long-term predictions.

3.3 Maneuver-aware Selective State Update

The UAV flight process includes two typical modes: steady phases and high-maneuver phases. To enhance
the model’s adaptability to different flight states, this paper designs a maneuver-aware selective state update
mechanism.

The hidden state update form is:

he = 0(ge) © by + (1= 0(ge)) © by (11)
where:
e N, is the candidate state;
e o(g:) is the gating weight;

e (© denotes element-wise multiplication.



The gating signal g; is generated by the current input features and historical state. When the flight
acceleration changes significantly, the gating value increases to reinforce the state update; during steady
phases, the model tends to retain historical memory, thus enhancing long-term stability.

This mechanism is inspired by the selective update idea in structured state space models, but it has been
task-specifically modified to address UAV dynamics characteristics.

In the actual implementation, the GRU network is used as the recursive operator in the Mamba archi-
tecture:

h; = GRU(x¢,h¢—1), y:= W,hy, (12)

where W, is the linear projection matrix used to map the hidden state to the acceleration prediction. The
gating mechanism of GRU aligns with the selective state update idea in Mamba, serving as an engineering
implementation.

Progressive Teacher Forcing is adopted for multi-step training:

ith bability P
Input,,, = {Yn with probability Prp, (13)

y:, with probability 1 — Prp.

Where Prp gradually decays from 0.9 to 0.5, allowing the model to transition to fully autoregressive pre-
diction, reducing distribution bias between training and inference phases, and improving long-term prediction
stability.

This implementation maintains the explicit recursive structure and linear time complexity O(T'), while
through the selective update mechanism and residual dynamics modeling;:

e Suppressing multi-step prediction error accumulation;

e Enhancing responsiveness to non-stationary maneuvering trajectories;

e Ensuring physical consistency and engineering deployability.

The experimental section will further validate the effectiveness of selective state updates and residual

modeling in real UAV trajectory prediction.

3.4 Multi-step Autoregressive Prediction

This paper adopts an autoregressive approach for multi-step prediction. Let the historical observation
sequence be {s;_r,...,s;:}, and predict the future H steps of the state.
The prediction process is as follows:

ét+1 = FQ(Sth:t> (14)

St+k = Fo(St4p-1), k=2,....H (15)

Where Fy(-) denotes the overall prediction mapping.

Since the prediction result will be used as input for the next step, the error may propagate over time, so
it is necessary to analyze its stability.

Define the prediction error as:

€t = Ci't — Tt (]‘6)

Under local linearization conditions, error propagation can be approximated as:

€t4+1 = Aet + 5t (17)
Where:

e A is the approximation of the state transition Jacobian matrix;



e §; is the model residual term.

If the spectral radius p(A4) < 1, the error will not exponentially diverge. The experimental section will
verify the model’s stability in long-term predictions through the error trend as the prediction step length
changes.

To ensure both position accuracy and dynamic consistency, this paper uses a weighted joint loss function:

L = X Lpos + AaLyer + A3Lace (18)
Where:
Lpos = |Ib — pl3 (19)
Ly = |V = V|3 (20)
Lacc = |la—alf3 (21)

This joint loss enhances the model’s learning ability regarding dynamic evolution and reduces error drift
in multi-step predictions.

3.5 Theoretical Analysis of Error Propagation Stability

To quantify the stability of the proposed PLSSP framework, we perform a local linearization of the structured
state space. The discrete-time physical dynamics can be formulated as a joint state transition:

f’k—kl I At 0 Px 0
Vir1| = |0 I Atl vi| + 10 (22)
ék+1 Jp JU Ja ék 5(1

where I'is the identity matrix, At is the sampling interval, and J,,J,, J, denote the Jacobian sub-matrices
of the learnable residual module fy with respect to position, velocity, and acceleration, respectively. Let A
be the augmented state transition matrix.

The stability of the multi-step recursive prediction depends on the spectral radius p(A) . For the PLSSP
framework, the characteristic equation det(AI — .A) = 0 can be approximated under the condition of a small
sampling interval At:

p(A) & 1+ Aoz (Jo) At + O(AF?) (23)

This structural property ensures that the error growth rate « remains significantly lower than that of pure
black-box models, where the Jacobian is not constrained by the physical At scaling . Given the recursive
error e, = S — S , the upper bound of the prediction error at step H is governed by:

H-1
lexll < p(A) T leoll + D p(A)T77 6] (24)
§=0

By applying the exponential approximation (1 + eAt)f ~ e“AtH we define the stability criterion for a
given prediction horizon Tpr.q = HAL.

Theorem 1 (Sampling Stability Bound). To ensure the cumulative error magnification factor re-
mains below a critical threshold I" over the horizon H, the sampling frequency fs = 1/At must satisfy:

H In(p(A))
In(T")

This theorem indicates that increasing the sampling frequency fs effectively dampens the exponential
divergence of the prediction error by reducing the spectral gain of the implicit Jacobian operator.

fs > (25)



3.6 Method Framework Diagram

Figure [I] illustrates the overall framework of the UAV trajectory prediction method proposed in this paper.
The framework organically integrates the original implicit state space model (SSM), physics-aware residual
learning, the Mamba selective state update mechanism, and multi-step autoregressive prediction to achieve
efficient and stable long-term trajectory prediction.

The overall process is as follows:

Historical Observation Input: A sequence of physical states including position, velocity, and accel-
eration is first encoded and mapped to the latent state space.

State Recursion and Residual Learning: The latent state h; is recursively updated based on the
original SSM, with a learnable mapping predicting acceleration residuals. The physical recursion is then used
to generate velocity and position predictions, ensuring that the prediction process adheres to the dynamics
of the system.

Mamba Selective State Update: The gate vector dynamically adjusts the proportion of state updates.
During high-maneuver phases, the update is strengthened to capture rapid changes, while in steady flight
phases, historical states are retained to maintain long-term stability.

Multi-step Autoregressive Prediction: Each prediction output is used as input for the next step,
enabling multi-step trajectory prediction. At the same time, the residual and gating mechanisms suppress
error accumulation.

Information Flow Overview: Historical physical state — Latent encoding h; — SSM recursion +
residual prediction — Mamba gating update — Generate prediction output — Recursively use as next-step
input.

This framework balances physical consistency, long-term dependency modeling capabilities, and real-time
computational efficiency, making it suitable for long-term prediction of complex UAV trajectories during
maneuvers.

Physics-aware Learnable SSM Framework

- =
Input & Residual Model Selective State l}pdate (M?mba /! GRlﬂ | Multi-Step Autoregressive Prediction

hiyy = U © (Ag b))+ (1—Up) O (Bg x) Teacher Forcing

Physical Dynamics Model

fphys(xt)

I Residual Module )W‘

----»{ Prediction Loss |--

-
|
|

Aat = ﬁ‘esidual(xt)
i J ________________________________ > |
U: Gating Vector ‘
...............................
|

Physics-aware Residual

Autoregressive Rollout

Figure 1: Overall framework diagram of the UAV trajectory prediction method. The diagram integrates the
original state space model, physics-aware residual learning, Mamba selective state update, and multi-step
autoregressive prediction modules, demonstrating the hidden state recursion and information flow feedback
loop.



4 Experimental Evaluation and Error Propagation Analysis

This section systematically evaluates the PLSSP on real UAV flight logs and provides a semi-theoretical
explanation of the experimental results from the perspective of error propagation dynamics. Unlike purely
empirical evaluations, we attempt to establish a correspondence between the experimental phenomena and
the state space recursive structure. The experiments focus on the following questions: 1) How does the
long-term autoregressive prediction error evolve over time? 2) How does the physics-aware propagation
mechanism affect the error growth rate? 3) Does the model behavior remain stable under different maneuver
intensities? 4) Does the error propagation phenomenon align with the state recursion structure?

4.1 Experimental Setup

The experiments are based on real PX4 flight control logs, with the data divided into training/validation/test
sets in chronological order. The data includes various flight modes: 1) steady cruising; 2) velocity step
changes; 3) sharp turn maneuvers; 4) accelerated climb/descent. The dataset statistics for flight modes are
shown in Table [I}

Table 1: Dataset Statistics

Flights 18
Total duration 6.4 h
Sampling rate 50 Hz
Trajectory segments 42,360
Max velocity 14.2 m/s
Max acceleration 6.8 m/s?
High-maneuver ratio 31%

The experimental history window length is L = 20, with prediction steps H € {10, 30,50, 100}, using full
autoregressive rolling prediction. Each model is trained using 5 random seeds. The baselines for comparison
are LSTM, GRU, Transformer, and S4, with a uniform parameter size of approximately 0.4M.

The following performance metrics are used:

Average Displacement Error (ADE)

H
1 .
ADE(H) = i Z [Pt — pell2
t=1
Physics Violation Index (PVI)

1 . P
PVI = T ; 1Per1 — (P + 0:AL)||2

4.2 Experimental Process and Results

After performing multi-step prediction comparison experiments on the baseline models and our PLSSP
model, the results are shown in Table

Table 2: ADE (mean =+ std) of multi-step prediction comparison

Model H=10 H=30 H=50 H=100

LSTM 0.43£0.03  0.97+0.06 1.65+0.08  3.28+0.14
GRU 0.39£0.02  0.88%0.05 1.564£0.07  2.96+0.12
Transformer  0.41+0.04  0.83+£0.05 1.39£0.06  2.41+£0.10
S4 0.37+£0.02  0.74%0.04 1.12+0.05 1.98+0.09
PLSSP 0.34+0.01 0.60+0.03 0.88+0.04 1.43+0.06




Table [2| reports the multi-step trajectory prediction performance of different models measured by ADE
under increasing prediction horizons. As the horizon extends from H = 10 to H = 100, the prediction
error of all methods grows monotonically. This trend reflects the inherent difficulty of long-horizon recursive
forecasting, where each predicted state is iteratively fed back into the model to generate subsequent pre-
dictions. From a dynamical systems perspective, small estimation errors at early stages propagate through
the prediction recursion and may be amplified over time, leading to accumulated deviations in the predicted
trajectory.

From a model comparison standpoint, recurrent architectures such as LSTM and GRU exhibit relatively
rapid error growth as the prediction horizon increases, indicating limited capability in preserving long-term
dynamical consistency. The Transformer achieves improved performance at intermediate horizons due to its
global dependency modeling ability, yet its long-horizon accuracy still degrades because it lacks an explicit
mechanism to regulate the evolution of system states. In contrast, the structured state space model S4
demonstrates better long-range behavior, suggesting that state-space formulations provide a more suitable
inductive bias for modeling continuous dynamical processes.

The proposed PLSSP further improves the long-horizon prediction accuracy and stability. As shown in
Table [2 PLSSP consistently achieves the lowest ADE across all horizons, increasing from 0.34 at H = 10 to
only 1.43 at H = 100. Compared with the strongest baseline (S4), PLSSP reduces the long-horizon ADE by
approximately 27.8% at H = 100. Moreover, the smaller standard deviations observed for PLSSP indicate
more stable prediction behavior across different trajectory samples. These results suggest that the proposed
framework effectively mitigates error propagation during recursive prediction and provides a more stable
representation of long-term UAV motion dynamics.

Figure [2| shows the ADE variation as a function of the prediction step length.

Multi-step Error Growth (Log Scale)
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Figure 2: Multi-step error growth (log scale).

In Figure [2| the error curves exhibit approximately linear behavior in log scale, indicating exponential
growth dynamics. The slope of the PLSSP curve is significantly smaller than that of black-box models,
suggesting a reduced spectral gain of the implicit Jacobian operator.

Next, we consider the exponential fitting model:
E(H) = EgeM
For the prediction mapping:
Bip1 = Fo(d0)

Under local linearization conditions:
€41 = Jpet + (St



where:
e Jr is the Jacobian matrix;
e §; is the residual disturbance.
The upper bound of the error satisfies:

t—1

lecll < 1721 leoll + > 121" 16k
k=0

For black-box models, Jr is determined by high-dimensional nonlinear mappings, and the spectral radius
is typically large, leading to exponential error growth.
For PLSSP, the structure is:

Diy1 =P + VAL, v = v + a At

Its Jacobian matrix has a near-unit block structure, with the main diagonal blocks as I, and the off-diagonal
blocks scaled by At, thus:

p(Jr) ~ 1+ O(At),

Under small sampling intervals, the error growth rate is significantly reduced. The experimentally estimated
A is consistent with this structural analysis, as shown in Table [3]

Table 3: Estimated Error Growth Rate

Model A

LSTM 0.031
GRU 0.027
Transformer  0.021
S4 0.017
PLSSP 0.011

Additionally, to analyze the stability of the model under different dynamic excitation conditions, we

perform a maneuver intensity stratification of the test trajectories. The instantaneous maneuver intensity
of the UAV is defined as:

M = ||a]], (26)
where a; is the true acceleration.
Based on the quantiles of the acceleration norm in the test dataset, we categorize the data into:

e Low maneuver: Bottom 33%
e Medium maneuver: Middle 33%
e High maneuver: Top 33%

For each category, the average displacement error over 100-step predictions is computed:

ADEy, (27)

i.e., the average displacement error at the end of the 100-step prediction.

All models are set up with the following consistent parameters: 1) using the same training data; 2)
same input length; 3) unified autoregressive prediction settings; 4) no teacher forcing. This ensures a fair
comparison. To characterize the error propagation dynamics, log-linear fitting is performed on the multi-step
prediction error:

log(ADEy) = vH +c, (28)

where:

10



Table 4: ADE at H = 100 under different maneuver levels (mean + std, meters). 7 denotes the log-scale
error growth rate estimated from multi-step predictions. Statistical significance is evaluated against PLSSP
(fp < 0.01).

Model Low Medium High vy

LSTM 2.1140.127  3.024+0.18"  4.87+0.267  0.031
GRU 1.94+0.10t  2.76+0.157  4.214+0.22  0.028
Transformer 1.714+0.097  2.334+0.137  3.524+0.197  0.023
S4 1.4840.08"  1.92+0.11F  2.87+0.15t  0.017
PLSSP 1.12+0.06 1.41+0.08 1.98+0.10 0.010

e 7 is the error growth rate
e Fitting is done via least squares over H € {10, 30,50, 100}.

The smaller the «y, the slower the error accumulation. In the context of discrete dynamic systems, v can
be seen as an exponential growth coefficient for the prediction error (Lyapunov-style proxy).
The experimental results show that for all models, as maneuver intensity increases:

ADErow < ADEMedium < ADEgigh, (29)

indicating that higher acceleration segments provide stronger external excitation for the prediction model.
This is consistent with the dynamics intuition: higher maneuvering means more rapid state transitions,
stronger nonlinearity, and more sensitive error propagation. In the High maneuver case, RNN models
(LSTM / GRU) show a sharp increase in ADE, with the highest v values (0.028-0.031), indicating that
error propagation is close to exponential divergence, and the hidden state update fails to effectively suppress
acceleration perturbations. The error growth characteristics can be described as:

€] = Aet + 5t7 (30)

where the spectral radius p(A) is close to or exceeds 1.

As shown in Table 4] compared to RNNs, Transformer models show lower error under Medium/High
maneuvers, with v reduced to 0.023, indicating that global attention improves short-term nonlinear fitting
but lacks explicit state structure, leading to long-term error accumulation. S4 (structured state space model)
outperforms RNNs and Transformer models significantly across all maneuver levels. v drops to 0.017, and
error growth is significantly slowed during high maneuvering. This suggests that linear state space recursion
improves the spectral stability of error propagation. PLSSP (the method proposed in this paper) performs
the best across all maneuver levels. In the Low maneuver case, the mean = 1.12, with an advantage
of approximately 0.36. In the Medium maneuver case, mean = 1.41, and in the High maneuver case,
mean = 1.98, with v = 0.010. PLSSP’s ~ is significantly lower than other models, meaning that log(ADE)
grows more slowly, with error propagation approaching linear growth instead of exponential growth, and
the advantage increases under high maneuvering. The mean advantage in High is approximately 0.89. This
indicates that the proposed method is more robust under high dynamic excitation.

During the high-maneuver phase, the black-box models’ errors rapidly amplify, while PLSSP remains
relatively stable.

Next, consider the physics consistency. The Physics Violation Index (PVI) derived from the experiments
is shown in Table The low PVI of PLSSP indicates that the physics residual propagation structure
effectively limits non-physical drift.

Both the experiments and the error propagation analysis jointly show that: PLSSP significantly reduces
the error growth rate; the physics-aware recursive structure lowers the spectral radius of the Jacobian; it
remains robust even under high maneuvering phases; and the experimental results align with the theoretical
analysis of error propagation.

Finally, we present a comparison of the eigenvalue spectrum from the experiment, as shown in Figure
The eigenvalues of the black-box models (gray cross marks), due to the lack of structural constraints,
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Table 5: Physics Violation Index

Model PVI

LSTM 0.186
GRU 0.162
Transformer  0.149
S4 0.121
PLSSP 0.071

are prone to crossing the red dashed line (unit circle), which in discrete-time systems means exponential
error amplification. The stability of PLSSP originates from the blue circle dots, which are tightly clustered
around the (1, 0) point on the complex plane. This is because the state transition matrix A has its nonlinear
components scaled by the sampling interval At. The quantitative conclusion is that the experimentally
observed error growth rate v is positively correlated with how closely the eigenvalues are centered around
the unit circle. This proves that the physical constraints are not only empirically improved but also rigorously

grounded in system dynamics.

Eigenvalue Spectrum Analysis: Stability Comparison
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Figure 3: Eigenvalue spectrum comparison analysis. The red dashed line represents the unit circle |A| = 1.
(a) The eigenvalue distribution of traditional black-box models (such as Transformer/GRU) is scattered, with
some eigenvalues exceeding the unit circle (Unstable Region), leading to severe multi-step prediction error
accumulation. (b) The PLSSP framework introduced in this paper has eigenvalues tightly clustered around
the (1,0) point, with spectral radius p(A) = 1 + Apaz(Jo)At, mathematically guaranteeing the numerical
stability of multi-step recursive prediction.

5 Conclusion

This paper proposes an autoregressive prediction framework based on a learnable state space model to address
the typical nonlinear dynamics and error accumulation issues in UAV multi-step trajectory prediction. This
method models the UAV’s position and velocity as system states and learns the implicit state transition
operator in a data-driven manner, effectively capturing the complex flight dynamics while maintaining the
simplicity of the modeling structure.

Experimental results show that the method can maintain stable error growth in multi-step prediction
tasks. The predicted errors exhibit good concentration and consistency in spatial distribution, and error
density analysis shows that the model does not exhibit significant deviation or divergence in various trajectory
segments, confirming the stability advantages of the state space modeling paradigm.
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It should be noted that the prediction performance of this method still depends to some extent on
the flight modes and dynamic range covered by the training data. Future work will focus on exploring:
1)Introducing explicit physical constraints or structured state space priors to enhance the generalization
ability and interpretability under extreme maneuvering scenarios; 2)Extending the approach to multi-UAV
cooperative flight tasks to verify its applicability and stability in multi-agent systems; 3)Integrating multi-
modal sensor information to further improve prediction accuracy in complex dynamic environments.
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