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ABSTRACT: Autonomous unmanned aerial vehicles (UAVs) operating in dense three-dimensional environments
require predictive models that can represent multiple plausible futures while estimating the safety consequences of
these futures. This paper presents a hybrid diffusion world model for short-horizon UAV trajectory forecasting and
probabilistic collision-risk estimation. The model conditions on historical UAV states and executed actions, depth
observations, and safety-context variables to generate multiple future relative-motion trajectories over a 1.0-s prediction
horizon, while jointly estimating collision probability, near-miss probability, and obstacle-clearance information. A
task-specific synthetic UAV dataset based on locations in Vietnam containing 1000 in-distribution episodes and
200,000 synchronized frames is generated under randomized static and dynamic obstacle configurations, controller
behaviors, sensing noise, and disturbances. The dataset is partitioned exclusively at the episode level into 697 training,
148 validation, and 155 test episodes, and all baselines and ablations use the same immutable partition and prepro-
cessing protocol. To improve statistical rigor, all model families are trained using five independent random seeds,
and evaluation is performed on the complete test partition rather than on an ordered subset of sliding windows.
Statistical uncertainty is quantified at the episode level, while probabilistic risk estimation is evaluated using Brier
score, expected calibration error, and reliability diagrams with classification thresholds selected exclusively from the
validation partition. The diffusion model is additionally evaluated using multiple sampled futures with K = {5, 10, 20},
including mean and best-of-K trajectory errors and trajectory-diversity measures. Matched recurrent baselines,
deterministic prediction, risk-only prediction, and ablations removing depth, safety context, and risk heads are included
to isolate the contribution of individual components. The results show that deterministic recurrent models remain
competitive in single-trajectory ADE and FDE, whereas the diffusion model provides multimodal future coverage
and substantially improved probabilistic calibration of collision risk. These findings support diffusion-based world
modeling as a complementary predictive safety layer for uncertainty-aware UAV navigation rather than solely as a
point-trajectory regressor.

KEYWORDS: Unmanned aerial vehicle; diffusion model; world model; predictive collision avoidance; dynamic safety
margin; control barrier function; dense 3D navigation; UAV trajectory

1 Introduction
Unmanned aerial vehicles (UAVs) have evolved from remotely operated platforms into increasingly

autonomous aerial systems used in logistics, infrastructure inspection, environmental monitoring, precision
agriculture, disaster response, and urban air mobility. Among these applications, drone-based logistics and
last-mile delivery have received substantial attention because UAVs can complement conventional ground
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transportation in time-sensitive missions and geographically constrained areas [1,2]. As UAV deployment
expands from isolated operations to shared low-altitude airspace, autonomous navigation must address not
only path efficiency but also dynamic obstacles, sensing uncertainty, aerodynamic disturbances, computa-
tional constraints, and real-time operational safety [3]. These challenges become particularly significant in
dense three-dimensional environments.

In such environments, a UAV must maintain collision-free motion while simultaneously satisfying
constraints related to velocity, acceleration, altitude, sensing range, control latency, and actuator capability.
Conventional UAV navigation has primarily been addressed through search-based planning, evolutionary
optimization, model-based control, and learning-assisted planning. Particle swarm optimization and genetic
algorithms, for example, have been used to generate UAV trajectories under safety and motion con-
straints [4]. Control-oriented trajectory-planning methods have also been developed to improve trajectory
feasibility under vehicle-dynamic limitations [5], while combinations of model predictive control (MPC)
and reinforcement learning have been investigated for collision-aware UAV path planning [6]. Although
these approaches can produce feasible or locally optimal trajectories, their effectiveness often depends on
an accurate representation of the environment and its future evolution. In dense and dynamic scenes,
however, a trajectory that is safe at the current timestep may become unsafe shortly afterward because of
moving obstacles, wind disturbances, control variations, sensor noise, or partial observability. Consequently,
navigation strategies based only on the current observation or on a single deterministic estimate may fail
to identify hazardous events before they occur. Safe autonomous navigation therefore requires predictive
reasoning, in which the UAV anticipates multiple possible future states and evaluates their safety before
committing to a control action.

Trajectory prediction constitutes a central component of such predictive reasoning. Existing UAV
trajectory-prediction methods range from classical filtering and mathematical models to machine-learning
and deep-learning approaches [7]. The Kalman filter provides a fundamental framework for state estimation
and prediction under noisy observations, but its conventional formulation relies on linear state-transition
and observation assumptions [8]. Deep recurrent networks relax some of these assumptions by learning
nonlinear temporal dependencies directly from trajectory data. Long short-term memory (LSTM) networks
were introduced to capture long-range dependencies in sequential data [9], whereas gated recurrent unit
(GRU) networks provide a more compact recurrent architecture with fewer gating mechanisms [10]. In UAV
applications, recurrent LSTM models have been used with Automatic Dependent Surveillance-Broadcast
information to predict trajectories in crowded low-altitude airspace [11]. GRU-based frameworks have
demonstrated real-time and scalable UAV trajectory-forecasting capability [12], while velocity-enhanced
GRU models have incorporated explicit motion information for three-dimensional prediction [13]. GRU
networks have also been applied to UAV flight-path prediction for autonomous site assessment [14]. In
addition, trajectory predictors have been combined with collision-risk classifiers in urban air-mobility
applications, demonstrating that future-motion prediction can support early conflict warning [15]. Despite
this progress, most recurrent UAV predictors generate adeterministic, single-modal point trajectory. Such
deterministic predictions do not explicitly represent the multimodal nature of future motion. Given the
same state and observation history, several future trajectories may remain plausible because of uncertain
obstacle behavior, depth-measurement errors, wind disturbances, and variations in the executed control
action. A single forecast may therefore conceal low-probability but safety-critical outcomes. Moreover,
evaluating a trajectory predictor only through displacement metrics, such as average displacement error or
final displacement error, does not directly determine whether the predicted trajectory remains collision-free
or maintains sufficient obstacle clearance. These limitations motivate a transition from predicting only where
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a UAV may move toward jointly predicting how its future motion may evolve and whether that motion is
likely to remain safe.

World models provide a suitable conceptual foundation for this transition. A world model learns an
internal representation of environment dynamics and uses this representation to imagine possible future
states before actions are executed. Early recurrent world models demonstrated that learned generative
dynamics can support policy evolution through imagined rollouts [16]. More recent research has shown
that world models can support decision-making across diverse control tasks by learning predictive rep-
resentations of the environment [17]. For UAV navigation, a world model can therefore operate as an
intermediate predictive layer between multimodal perception and downstream control, allowing the system
to assess the potential consequences of candidate motions under uncertain environmental conditions. To
effectively implement the multimodal generative capability required by such world models, diffusion models
have emerged as a powerful family of generative models for learning complex and multimodal probability
distributions. Denoising diffusion probabilistic models formulate generation through a progressive noising
and denoising procedure [18], while score-based generative modeling provides a continuous-time stochastic
differential-equation interpretation of this process [19]. Diffusion models have demonstrated strong capa-
bility in modeling high-dimensional and multimodal data distributions [20]. Beyond image synthesis, they
have been extended to trajectory generation and robotic decision-making. Diffuser formulates planning as
conditional denoising over future trajectories [21], whereas Diffusion Policy models visuomotor control as
an iterative action-denoising process [22]. These properties make diffusion models particularly relevant to
UAV trajectory forecasting because multiple stochastic rollouts can be generated from the same historical
context rather than restricting prediction to a single deterministic future.

Nevertheless, generative trajectory prediction alone does not guarantee safe closed-loop behavior. A
learned predictor may become inaccurate under distribution shifts, unobserved obstacle configurations, or
disturbance levels that differ from those represented in the training data. Even when a predicted trajectory is
accurate, the prediction mechanism does not inherently prevent a downstream controller from selecting an
unsafe action. Control-theoretic safety mechanisms therefore provide an important complementary layer.
Control Barrier Functions (CBFs) define forward-invariant safe sets and formulate constraints that prevent
a controlled system from entering unsafe regions [23]. In UAV applications, collision-cone CBFs have been
developed for obstacle avoidance in dynamic environments [24]. Higher-order CBFs have been applied
to collision-avoidance guidance in multi-UAV pursuit-evasion scenarios [25], while CBF-based runtime-
assurance methods have been studied for fixed-wing collision avoidance and geofencing [26]. Collision-cone
CBF formulations have also been investigated for real-time fixed-wing UAV safety under static and dynamic
obstacles [27]. More recent studies integrate CBF constraints with MPC-based UAV obstacle avoidance [28]
or improve collision-cone formulations for dynamic-obstacle scenarios [29]. A related research direction
combines generative planning with explicit safety constraints. Diffusion-based conditional planning has been
integrated with control barrier and Lyapunov functions for dynamic robot environments [30]. SafeDiffuser
incorporates safety constraints into diffusion-based planning [31], while flow-matching approaches have
similarly been combined with CBFs for safe robot motion planning [32]. Dynamic high-order CBFs have
also been integrated with diffusion-based planning for safety-critical trajectory generation [33]. These studies
demonstrate the potential of coupling generative future modeling with explicit safety reasoning.

Despite the progress in UAV trajectory prediction, diffusion-based planning, and control-theoretic
safety filtering, several limitations remain. First, existing UAV trajectory predictors predominantly generate
deterministic trajectories and therefore do not explicitly represent multiple plausible future outcomes caused
by sensing uncertainty, disturbances, and dynamic-obstacle motion. Second, trajectory prediction and
collision-risk estimation are often treated as separate tasks; consequently, a low trajectory-displacement error
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does not necessarily correspond to reliable prediction of collision, near-miss, or unsafe-clearance events.
Third, existing diffusion-based planning studies are largely developed for general robotic motion planning,
while comparatively limited attention has been given to task-specific diffusion world models that jointly use
UAV state-action history, depth observations, and safety context to forecast future three-dimensional UAV
motion. Fourth, only limited work has investigated a unified predictive interface that produces multimodal
trajectory rollouts together with horizon-wise collision probability, near-miss probability, and minimum
obstacle-distance estimates for downstream safety filtering. Finally, conventional safety strategies frequently
rely on predefined safety margins and do not explicitly adapt these margins according to predicted trajectory
dispersion, relative closing speed, and collision likelihood.

To address these gaps, this paper proposes a hybrid diffusion world model for short-horizon UAV
trajectory forecasting and predictive collision-risk estimation in dense three-dimensional environments. The
framework conditions its predictions on historical UAV states, executed control actions, the current depth
observation, and the current safety context. Instead of reconstructing complete future RGB images or depth
maps, the model learns a conditional distribution over future relative UAV position and velocity during a
1.0 s prediction horizon. A conditional diffusion branch generates plausible future motion rollouts, while
dedicated supervised risk heads estimate horizon-wise collision probability, near-miss probability, and min-
imum obstacle distance. This design concentrates the learned world model on motion and safety variables
that are directly relevant to predictive collision avoidance. Multiple diffusion rollouts can additionally be
used to characterize future-trajectory dispersion and sampled collision likelihood. These outputs define an
interface through which a downstream safety supervisor may adjust its minimum safety margin according
to predicted uncertainty, relative closing speed, and collision risk. The learned predictive representation
is evaluated first in open-loop forecasting and risk-estimation settings and subsequently in closed-loop
experiments that assess whether model-generated future trajectories and risk estimates can support safety-
aware action selection. Oracle simulator rollouts, where retained, are used only as a reference upper bound
rather than as the principal decision mechanism. To address the aforementioned research gaps, this study
makes the following main contributions:

1. We propose a joint diffusion-based world model for UAV navigation that simultaneously represents
multiple plausible future trajectories and predicts horizon-wise safety variables, including collision
probability, near-miss probability, and minimum obstacle distance. Unlike deterministic recurrent
predictors that provide a single future trajectory, the proposed formulation models future motion
as a conditional distribution and couples this multimodal representation with explicit probabilistic
risk estimation.

2. We introduce a unified trajectory–risk learning formulation in which historical UAV state–action
information, depth observations, and safety-context variables are jointly exploited for predictive safety
modeling. The resulting architecture enables the same predictive representation to support both future-
motion generation and calibrated collision-risk estimation. This design is further examined through
risk-only, trajectory-only, deterministic, no-depth, and no-safety-context ablations to quantify the
contribution and trade-offs of each component.

3. We establish a reviewer-aligned experimental protocol for statistically rigorous comparison across
recurrent, deterministic, generative, and risk-only models. All model families use the same episode-
level data partitions, preprocessing pipeline, historical context, prediction horizon, validation-based
threshold selection, and five independent training seeds. Evaluation is performed on the complete test
partition using episode-level bootstrap confidence intervals, multimodal best-of-K metrics, trajectory
diversity, Brier score, expected calibration error, and reliability analysis.
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4. We evaluate the proposed model under both distribution shift and end-to-end closed-loop integration.
A dedicated OOD test suite is used to analyze failure modes caused by unseen obstacle density, size, and
motion characteristics, while a paired closed-loop stress test evaluates learned-model action selection
against nominal control and simulator-based rollout references. The results reveal a practical speed–
safety trade-off: learned diffusion rollouts provide substantially lower planning latency than simulator
rollouts, while safety improvements remain scenario-dependent under challenging OOD conditions.

2 Related Work

2.1 UAV Navigation and Trajectory Prediction in 3D Environments
UAV navigation in three-dimensional environments is an important problem in autonomous aerial

systems, especially when UAVs are deployed in scenarios involving numerous obstacles, narrow spaces,
high vehicle density, or uncertain sensing conditions. Unlike navigation on a two-dimensional plane, UAVs
operate in three-dimensional space; therefore, their motion state commonly includes position, velocity,
heading, acceleration, and kinematic or dynamic constraints related to the vehicle’s maneuverability [1,2]. In
essence, the UAV navigation problem can be viewed as a combination of trajectory planning, environmental
perception, future-state prediction, and safety-aware control. A UAV needs to construct or receive environ-
mental information from sensors, maps, or simulations, and then generate a sequence of actions that enables
the vehicle to move from its current state to the desired goal. However, in dense 3D environments, a flight
path that is optimal in terms of distance is not necessarily safe, because factors such as dynamic obstacles,
sensor noise, localization errors, control delay, and dynamic limitations can increase collision risk [3,4]. UAV
trajectory prediction plays a central role in safe navigation. Instead of reacting only to the current state, the
system needs to predict the future evolution of the UAV over a short time window, such as several steps or
several seconds ahead. This prediction may include future position, velocity, minimum distance to obstacles,
near-miss likelihood, and collision probability. Recent studies show that deep learning can support trajectory
prediction and collision-risk estimation in UAV or Urban Air Mobility scenarios, especially when motion
data are sequential and influenced by spatial context [7,15].

2.2 Traditional Time-Series Data-Driven Approaches
Traditional time-series prediction methods are generally based on the assumption that the future state of

a system can be inferred from its current state and a set of past observations. In the UAV problem, timeseries
data may include position, velocity, acceleration, heading, distance to obstacles, and other variables related
to the environmental state [34]. One classical foundation of state prediction is the Kalman filter, in which the
hidden state of a dynamic system is estimated through a state-transition model and noisy observations [8].
Kalman-filter-based variants are often suitable for systems with linear or near-linear models, but they may
face limitations when the UAV environment contains strong nonlinearities, complex obstacles, and rapidly
changing control behaviors. When motion data are nonlinear and involve long-term dependencies, deep
time-series models are increasingly used, especially recurrent neural networks (RNNs), long shortterm
memory (LSTM), and gated recurrent unit (GRU) networks. LSTM was developed to reduce the vanishing-
gradient problem in long-sequence learning, thereby enabling the model to retain information across
multiple timesteps [9]. GRU is a simpler variant with a gated mechanism, often requiring fewer parameters
than LSTM while still maintaining the ability to learn temporal dependencies [10]. In UAV trajectory
prediction, these models can learn the relationship between past motion and future position without fully
modeling the UAV’s dynamic equations. Many recent studies have applied LSTM and GRU models to UAV
trajectory prediction. Zhang et al. used a recurrent LSTM model based on ADS-B information to predict UAV
trajectories, demonstrating the ability to exploit historical data in aerial motion prediction [11]. Other studies
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have developed GRU-based prediction frameworks to improve real-time processing, accuracy, and scalability
in UAV environments [12]. VECTOR further extends this direction by enhancing GRU networks with
velocity information to improve real-time 3D UAV trajectory prediction [13]. In addition, recent studies have
also used GRU for UAV flight-path prediction in the context of autonomous site assessment [14]. Although
LSTM and GRU models are effective for trajectory prediction, they commonly produce a point trajectory or a
deterministic sequence of predictions. This may be insufficient in highly uncertain 3D environments, where
the same current state can lead to multiple plausible futures. Therefore, traditional time-series models may
need to be combined with uncertainty estimation, multimodal prediction, or safety-filtering mechanisms to
ensure that predicted trajectories are meaningful for real-world control. In this context, world models and
generative models such as diffusion models have begun to receive increasing attention because they can learn
a distribution over future outcomes instead of predicting only a single result. A world model allows an agent
to simulate future evolution in a latent space or state space, thereby supporting planning and control [17].
Diffusion models and score-based generative modeling provide a foundation for generating data through a
denoising process, which may be suitable for multimodal time-series prediction problems [18,19]. Therefore,
compared with traditional GRU/LSTM models, a diffusion world model can be viewed as an extended
direction for modeling the future as a distribution, making it suitable for UAV problems involving high risk
and uncertainty.

2.3 UAV Trajectory Prediction and Collision Avoidance
Recent UAV navigation studies increasingly use learning-based methods to predict future motion

instead of relying only on reactive obstacle avoidance. Shukla et al. review conventional, machine-learning,
and deep-learning approaches for UAV trajectory prediction [7]. Recurrent neural networks are particularly
common because UAV trajectories are naturally represented as temporal sequences. Yoon et al. propose
a GRU-based framework for real-time UAV trajectory forecasting and discuss its relevance to collision
avoidance, mission planning, and anti-drone systems [12]. Nacar et al. introduce a velocity-enhanced GRU
network for real-time 3D UAV trajectory prediction using historical position and velocity information [13].
Zhang et al. propose a recurrent LSTM-based UAV trajectory-prediction method using ADS-B information
for crowded low-altitude airspace [11]. Kim et al. combine LSTM Attention trajectory prediction with
collision-risk classification for urban air mobility [15]. These studies show that short-horizon prediction can
support early conflict warning. However, most recurrent methods generate deterministic point forecasts and
do not explicitly represent multiple plausible futures under sensing uncertainty or disturbances. Collision
avoidance can also be enforced through optimization-based safety filters. Liu et al. develop a controloriented
trajectory planning method under UAV motion constraints [5]. Tayal et al. introduce collisioncone Control
Barrier Functions (CBFs), which modify control commands through quadratic programming to avoid static
and moving obstacles [24]. However, conventional safety constraints commonly use predefined margins
and do not adapt the minimum safe distance according to predicted uncertainty, relative closing speed, and
collision probability.

2.4 Control-Theoretic Collision Risk Assessment and Safety Filtering
Recent UAV studies show that navigation in three-dimensional environments is increasingly being

expanded into a framework that combines prediction, risk assessment, and safety-aware control. Recent
surveys emphasize that UAV trajectory prediction should be extended from position prediction to the
prediction of risk, uncertainty, and interaction with the environment [7]. Kim et al. also proposed a
deeplearning framework for Urban Air Mobility that combines trajectory prediction and collision-risk
assessment, showing that the current research logic is shifting from “predict where the UAV will go” to
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“predict whether the future trajectory is safe” [15]. From a modeling perspective, world models provide
a suitable foundation for building future-prediction capability in autonomous agents. Instead of directly
learning only control actions, a world model learns an internal representation of the environment and
simulates the future evolution of system states. Hafner et al. showed that world models can support agents
in mastering diverse control tasks by learning the dynamics of the environment [17]. For UAVs, this logic
is important because the system needs to “imagine” possible future trajectories before selecting a control
action. When combined with flight-state data and 3D environmental information, a world model can serve as
a predictive layer that enables the UAV to evaluate the short-term consequences of its actions. Nevertheless,
machine-learning models or generative models do not automatically guarantee that their output actions
are always safe. This is why safety-aware control methods based on Control Barrier Functions (CBFs) are
used as an independent protective layer. A CBF defines a safe set of states and designs control constraints
so that the system does not leave that safe set [23]. In UAV applications, Tayal et al. applied CBFs with a
collision-cone formulation for obstacle avoidance during flight [24]. Lv et al. proposed a collision-avoidance
guidance strategy for multiple fixed-wing UAVs based on High-Order Control Barrier Functions, in which
CBF constraints are integrated into an optimization problem to maintain safe distances among UAVs [25].
Molnar et al. extended this direction to collision avoidance and geofencing for fixed-wing aircraft, using
CBFs as a safety filter in a run-time assurance system [26]. Agarwal et al. further investigated collision-cone
CBFs for real-time safety of fixed-wing UAVs in environments with static and dynamic obstacles [27]. Based
on these research directions, the theoretical framework of this study can be formulated as follows. First, a
UAV requires a trajectory-prediction model to identify possible future states in a 3D environment [7,11–15].
Second, because UAV environments involve high uncertainty, the prediction model should be extended from
position prediction to the prediction of safety indicators, including minimum distance, near-miss events,
and collision risk. This provides the basis for using a diffusion world model as a safety-oriented prediction
module [16–22,30–32]. Third, because a datadriven prediction model does not inherently guarantee control
safety, this study additionally evaluates safety-filtering strategies in closed-loop settings to analyze the effects
of safety constraints on collision frequency and safe clearance [23–27]. Accordingly, this study is built on
a three-layer logic: trajectory prediction using a diffusion world model, risk assessment through collision,
near-miss, and minimumdistance prediction, and closed-loop verification with fixed and adaptive safety
strategies in dense 3D UAV environments.

3 Methodology
The proposed framework consists of three main stages: simulation-based dataset generation, collision-

risk annotation, and diffusion-based future state prediction. First, diverse UAV navigation episodes are
generated under varying obstacle configurations, controller behaviors, sensing uncertainties, and aero-
dynamic disturbances. Second, synchronized trajectories are annotated with instantaneous and future
collision-risk labels. Finally, the resulting multimodal sequences are used to train a diffusion-world model
for future-state rollout and collision-aware trajectory evaluation.

3.1 Simulation-Based Dataset Generation
A Gazebo-assisted hybrid simulation pipeline is developed to generate a task-specific dataset for

predictive collision avoidance. Gazebo is used to construct the base three-dimensional UAV environment
and execute representative navigation scenarios. A Python/NumPy orchestration layer is employed to
automate procedural scenario randomization, temporal sampling, disturbance injection, geometry-based
observation synthesis, synchronized data recording, and risk-label generation. This hybrid design enables
the systematic generation of safety-critical trajectories without exposing physical UAV hardware to collision
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risks. The simulated workspace has a size of 15 × 15 × 8 m3. For each episode, the obstacle configuration
is regenerated to increase scene diversity. The environment contains both static and dynamic obstacles,
represented by axis-aligned boxes and spheres. The number of static obstacles varies from 25 to 54, while
the number of dynamic obstacles varies from 5 to 11. Dynamic obstacles move along linear trajectories
with randomly sampled speeds ranging from 0.3 to 2.0 m/s and reverse their direction when reaching the
environment boundaries. The initial UAV position is sampled from a collision-free region with a minimum
clearance of 2.0 m, whereas each navigation goal is generated at least 5.0 m away from the current UAV
position. The UAV is represented by a simplified six-degree-of-freedom quadrotor model. Its state vector is
defined as

st = [xt , yt , zt , qw ,t , qx ,t , qy ,t , qz ,t , vx ,t , vy ,t , vz ,t , ωx ,t , ωy ,t , ωz ,t]
⊺ . (1)

where (xt , yt , zt) denotes the UAV position, (qw ,t , qx ,t , qy ,t , qz ,t) is the quaternion-based orientation,
(vx ,t , vy ,t , vz ,t) is the linear velocity, and (ωx ,t , ωy ,t , ωz ,t) is the angular velocity. The control vector is
written as

ut = [Tt , τx ,t , τy ,t , τz ,t]
⊺ , (2)

where Tt is the total thrust and (τx ,t , τy ,t , τz ,t) are the body torques. The motion model incorporates gravi-
tational force, aerodynamic drag, motor lag, stochastic process noise, and time-varying wind disturbances.
Each episode consists of 200 timesteps with a sampling interval of 0.05 s, corresponding to a sampling
frequency of 20 Hz and an episode duration of 10 s. To improve state-space coverage, three controller modes
are used during data generation: expert, noisy, and random controllers. Their nominal sampling probabilities
are set to 50%, 30%, and 20%, respectively. The controller mixture increases exposure to nominal trajectories,
near-miss situations, and collision-prone behaviors. At each timestep, the pipeline records the UAV state,
control action, and obstacle configuration. Synchronized RGB images, depth maps, point clouds, and
occupancy grids are additionally generated to represent the spatial structure of the surrounding environment.
Both RGB images and depth maps have a resolution of 64 × 64 pixels. The horizontal camera field of view is
90○, and the maximum sensing range is 15 m. To represent uncertain sensing conditions, Gaussian noise is
introduced into UAV position, velocity, and depth observations. A random depth dropout probability of 2%
is additionally applied. The main simulation and data-generation parameters are summarized in Table 1.

3.2 Collision-Risk Annotation
Let dt denote the distance from the UAV center to the surface of the nearest obstacle at timestep t, and

let rUAV = 0.3 m denote the effective UAV radius. The instantaneous collision label is defined as

ct =
⎧⎪⎪⎨⎪⎪⎩

1, dt ≤ rUAV,
0, dt > rUAV.

(3)

A near-miss label is assigned when the UAV does not collide with an obstacle but the remaining
clearance is smaller than the threshold δnm = 1.0 m:

nt = I [ct = 0 ∧ (dt − rUAV) < δnm] . (4)

In addition to the instantaneous labels, the dataset stores future collision indicators and future minimum
distances over a prediction horizon of H = 20 timesteps. The future-collision vector is defined as

c+t = [ct+1 , ct+2, . . . , ct+H]⊺ . (5)
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Table 1: Main simulation and data-generation parameters.

Parameter Value
Simulation framework Gazebo-assisted hybrid pipeline

Automation layer Python and NumPy
Number of UAVs 1
Workspace size 15 × 15 × 8 m3

UAV model Simplified 6-DOF quadrotor
Simulation timestep 0.05 s
Sampling frequency 20 Hz

Episode length 200 timesteps/10 s
Number of episodes 1000

Static obstacles per episode 25–54
Dynamic obstacles per episode 5–11

Obstacle geometry Axis-aligned boxes and spheres
Dynamic-obstacle speed 0.3–2.0 m/s

UAV effective radius 0.3 m
RGB resolution 64 × 64 pixels

Depth-map resolution 64 × 64 pixels
Horizontal field of view 90○

Maximum sensing range 15.0 m
Position-noise standard deviation 0.02 m
Velocity-noise standard deviation 0.05 m/s
Depth-noise standard deviation 0.1 m

Depth-dropout probability 2%
Prediction horizon 20 timesteps/1.0 s

Controller probabilities Expert: 50%, noisy: 30%, random: 20%

A trajectory-safe label is assigned when no collision occurs within the prediction horizon:

ysafe
t = I [

H
∑
h=1

ct+h = 0] . (6)

This annotation strategy enables the model to estimate emerging risk before a collision is physi-
cally observed.

3.3 Dataset Composition and Descriptive Statistics
The resulting dataset contains 1000 episodes and 200,000 temporally synchronized frames. The realized

controller distribution consists of 490 expert-controller episodes, 306 noisy-controller episodes, and 204
random-controller episodes. The generated trajectories cover nominal flight, near-miss situations, and
collision-prone behaviors. As summarized in Table 2, collision frames account for 14.72% of all samples,
while near-miss frames account for 36.23%. In addition, 760 out of 1000 episodes contain at least one collision
event. The mean minimum distance to the nearest obstacle is 1.146 m. The substantial proportion of near-
miss samples is particularly relevant to predictive collision avoidance because these frames characterize the
transition region between safe navigation and physical contact.
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Table 2: Descriptive statistics of the generated UAV dataset.

Metric Value
Total number of episodes 1000

Frames per episode 200
Total number of frames 200,000

Expert-controller episodes 490 (49.0%)
Noisy-controller episodes 306 (30.6%)

Random-controller episodes 204 (20.4%)
Collision frames 29,442 (14.72%)

Near-miss frames 72,452 (36.23%)
Episodes with at least one collision 760/1000 (76.0%)
Mean minimum obstacle distance 1.146 m

The use of a task-specific synthetic dataset offers three practical advantages. First, it enables controlled
variation of obstacle density, obstacle motion, controller behavior, sensing noise, and aerodynamic distur-
bances. Second, hazardous and failure-prone trajectories can be generated without risking physical UAV
hardware. Third, synchronized future-risk labels can be computed directly from the simulated trajectories,
which is essential for training a predictive world model.

3.4 Episode-Level Partition and OOD Test Suite
The 1000 in-distribution (ID) episodes are partitioned exclusively at the episode level into 697 training

episodes, 148 validation episodes, and 155 test episodes. No episode identifier is shared across these subsets.
The same immutable partition files are used by every baseline, ablation model, random seed, and evaluation
procedure. This prevents temporal leakage that would otherwise arise if overlapping windows from the
same episode were distributed across different subsets. In addition to the ID dataset, a separate OOD
test suite contains 300 episodes and is not used for training, hyperparameter selection, normalization,
probability-threshold selection, or checkpoint selection. The suite is divided into three 100-episode profiles:
sparse environments with faster dynamic obstacles, dense environments containing smaller obstacles, and
environments containing substantially larger obstacles. The resulting dataset hierarchy is illustrated in Fig. 1,
which separates the immutable ID train/validation/test partitions from the independent OOD test suite. This
organization makes the role of each subset explicit and prevents the OOD profiles from influencing model
fitting or model selection.

Table 3 summarizes the controlled distribution shifts used to define the ID and OOD scenario profiles.
Relative to the ID setting, OOD Sparse/Fast increases dynamic-obstacle speed and dynamic-obstacle count,
OOD Dense/Small substantially increases obstacle density while reducing obstacle size, and OOD Large
introduces obstacle sizes outside the ID range. These controlled shifts are designed to isolate different forms
of geometric and dynamic distribution change.

Fig. 2 provides qualitative examples from the three OOD profiles. The normal, near-miss, and collision
cases show that the dataset contains not only different obstacle distributions but also safety outcomes
spanning routine navigation, reduced-clearance interactions, and physical-contact events. The paired RGB,
depth, and top-down views provide complementary visual evidence of scene appearance, sensed obstacle
proximity, and trajectory-level behavior.
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Figure 1: Logical organization of the in-distribution dataset and the independent OOD test suite. The ID dataset is split
exclusively at the episode level, while the three OOD profiles are reserved for post-training generalization evaluation.

Table 3: Definition of the ID and OOD scenario profiles.

Scenario Static Obstacles Dynamic Obstacles Size (m) Speed (m/s)
ID 25–54 5–11 0.4–2.2 0.3–2.0

OOD Sparse/Fast 8–15 12–19 0.4–2.2 2.2–3.2
OOD Dense/Small 60–75 12–19 0.2–0.3 0.3–2.0

OOD Large 4–8 1–3 2.3–2.8 0.1–0.2

Figure 2: Representative samples from the OOD UAV test suite. Rows correspond to the OOD Sparse/Fast, OOD
Dense/Small, and OOD Large scenario profiles, while columns show normal, near-miss, and collision cases. Each
panel contains the RGB observation, metric depth observation, and top-down UAV trajectory with static and dynamic
obstacles.
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3.5 Proposed Hybrid Diffusion World Model
The proposed model is designed as a compact predictive world model for short-horizon UAV trajectory

forecasting and probabilistic safety estimation. Rather than reconstructing future RGB or depth observations,
it models future relative UAV motion and associated safety variables. The architecture combines (i) a
numerical encoder for historical state-action information and safety context, (ii) a depth encoder for the
current spatial observation, (iii) a conditional trajectory-diffusion branch, and (iv) supervised heads for
collision, near-miss, and minimum-distance prediction.

3.5.1 Input and Target Representation
At timestep t, the model receives a historical context window of W = 10 timesteps. Since the simulation

frequency is 20 Hz, the historical context represents the previous 0.5 s of UAV motion. The numerical
conditioning vector is defined as

z = [s̃t−W ∶t−1 , ut−W ∶t−1 , rt] . (7)

where s̃t−W ∶t−1 is the stored UAV-state history, ut−W ∶t−1 is the executed action history, and rt is the current
safety context. The stored state representation used by the learning module augments the physical state
defined above with roll, pitch, and yaw:

s̃t = [xt , yt , zt , qw ,t , qx ,t , qy ,t , qz ,t , ϕt , θt , ψt , vx ,t , vy ,t , vz ,t , ωx ,t , ωy ,t , ωz ,t]
⊺ . (8)

The safety-context vector is

rt = [ct , nt , dmin
t ]

⊺ , (9)

where ct is the instantaneous collision label, nt is the instantaneous near-miss label, and dmin
t is the

minimum distance to the nearest obstacle surface. Each stored state contains 16 variables, while the action
representation follows the control schema stored in the released dataset. The current safety-context vector
contains three variables. The exact action-channel definition is kept identical across the proposed model and
all matched baselines. The model additionally receives the current depth map Dt . The original 64 × 64 depth
observation is downsampled to 32 × 32, clipped to the sensing range, normalized to [0, 1], and flattened into
a 1024-dimensional vector. A key design choice is to forecast future motion relative to the current UAV state
rather than predicting absolute future coordinates. For each prediction step h ∈ {1, . . . , H},

Δpt+h = pt+h − pt , Δvt+h = vt+h − vt . (10)

The clean trajectory target is

y0 = [Δpt+1 , Δvt+1 , . . . , Δpt+H , Δvt+H] . (11)

With H = 20, corresponding to a prediction horizon of 1.0 s, the target dimension is dim(y0) = 6H =
6 × 20 = 120. The relative representation reduces sensitivity to absolute workspace coordinates and mitigates
trajectory drift during reverse-diffusion sampling. The collision, near-miss, and safe-trajectory labels are
defined based on the distance between the UAV and the nearest obstacle. This distance-based labeling follows
the common logic of trajectory prediction and collision-risk assessment, where future states are evaluated
not only by positional accuracy but also by whether they violate a safety region around the vehicle [7,15].
Specifically, an instantaneous collision is assigned when the nearest-obstacle distance is smaller than or equal
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to the effective UAV radius. A near-miss label is assigned when the UAV has not collided but its remaining
clearance is below a predefined near-miss threshold. Similar safety-distance reasoning is also consistent with
recent UAV collision-avoidance studies using control barrier functions and collision-cone constraints, where
safety is formulated by preventing the vehicle state or relative motion from entering unsafe regions [23–27].
Therefore, the future collision vector and safe-trajectory label are used in this study to convert geometric
proximity information into supervised risk labels over the prediction horizon.

3.5.2 Conditional Trajectory Diffusion
The numerical conditioning vector and current depth observation are processed independently by

multilayer perceptrons. The numerical encoder maps z into a 384-dimensional representation, while the
depth encoder maps Dt into a 128-dimensional representation. A sinusoidal embedding represents the
diffusion timestep. Following denoising diffusion and score-based generative modeling principles [18,19],
Gaussian noise is added to the clean future trajectory during training:

yτ =
√

ᾱτ y0 +
√

1 − ᾱτ ε, ε ∼ N (0, I), (12)

where τ is the diffusion timestep and ᾱτ is the cumulative product of the noise schedule. The denoising
network receives the noisy trajectory, encoded numerical context, encoded depth observation, and diffusion-
time embedding. It predicts the added noise:

ε̂ = εθ (yτ , τ, z, Dt). (13)

The estimated clean trajectory is recovered as

ŷ0 =
yτ −
√

1 − ᾱτ ε̂
√

ᾱτ
. (14)

Similar to conditional diffusion models for trajectory generation and robot behavior
synthesis [21,22,30], the denoising network receives the noisy trajectory, encoded numerical context,
encoded depth observation, and diffusion-time embedding.

3.5.3 Supervised Safety-Risk Heads
Continuous trajectory generation and safety-risk estimation are separated because trajectory variables,

binary risk indicators, and obstacle distances have different statistical properties. The predicted clean
trajectory is combined with a shared risk-context representation. Three dedicated heads estimate the future
safety variables:

ĉ+t = σ ( fcol(ŷ0, z, Dt)) ,
n̂+t = σ ( fnm(ŷ0, z, Dt)) ,

d̂
+

t = ReLU ( fmd(ŷ0, z, Dt)) , (15)

where ĉ+t ∈ [0, 1]H contains future collision probabilities, n̂+t ∈ [0, 1]H contains future near-miss probabilities,
and d̂

+

t ∈ RH
≥0 contains predicted minimum distances. Each risk head contains two hidden layers with 256

and 128 units, followed by an output layer with H = 20 values.
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3.5.4 Multi-Task Training Objective
The proposed model is trained using the weighted multi-task objective

Ltotal = Ldiff + λtrajLtraj + λcolLcol + λnmLnm + λmdLmd, (16)

where

Ldiff = ∥ ε −ε̂∥2
2,

Ltraj = ∥y0 − ŷ0∥
2
2,

Lcol = BCE(ĉ+t , c+t ),
Lnm = BCE(n̂+t , n+t ),

Lmd = SmoothL1(d̂+t , d+t ). (17)

The loss weights used in the reviewer-aligned training pipeline are

λtraj = 1.0, λcol = 0.5, λnm = 0.5, λmd = 0.1. (18)

Positive-class weights are estimated from the ID training partition for collision and near-miss prediction
to mitigate class imbalance. No validation or test samples are used when estimating these training statistics.

3.5.5 DDIM-Based Inference and Control-Oriented Interpretation
At inference time, the model starts from Gaussian noise and performs a DDIM-style reverse-diffusion

process to generate a future relative trajectory. The final denoised trajectory is passed to the three supervised
heads to obtain horizon-wise collision probabilities, near-miss probabilities, and minimum-distance esti-
mates. Because the reverse process starts from a random Gaussian sample, multiple trajectory rollouts can
be generated for the same historical context. Let M denote the number of sampled rollouts. A downstream
planner or safety supervisor may aggregate these sampled trajectories to estimate probabilistic collision risk:

pcol
t =

1
M

M
∑
m=1

I [min
1≤h≤H

d̂(m)t+h ≤ rUAV] , (19)

where d̂(m)t+h denotes the predicted minimum obstacle distance at the h-th step of the m-th sampled rollout.
For downstream control integration, the predicted risk can additionally support an adaptive minimum-safe-
distance threshold:

dsafe
t = d0 + ασt + β[vrel

t ]+ + γpcol
t , (20)

where d0 is a baseline safety margin, σt denotes rollout dispersion, vrel
t denotes the relative closing speed,

[⋅]+ =max(0, ⋅), and α, β, and γ are non-negative coefficients. The sampled-rollout aggregation rule and
adaptive safety-distance formulation define the interface between the predictive world model and the
downstream safety-aware decision module. Open-loop experiments evaluate forecasting, uncertainty, and
calibration, while the revised closed-loop benchmark evaluates learned-model rollouts separately. Oracle
simulator rollouts, where retained, are treated only as a reference upper bound.
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4 Experimental Setup

4.1 Simulation Workflow and Reproducibility Scope
The experimental workflow follows the Gazebo-assisted hybrid simulation pipeline described in the

methodology. Gazebo is used for base-environment construction and representative scenario verification,
whereas the retained Python/NumPy automation layer performs procedural obstacle randomization, dis-
turbance injection, geometry-based sensing synthesis, synchronized logging, and future-risk annotation.
The simulated workspace is 15 × 15 × 8 m3, the simulation timestep is 0.05 s, and the sampling frequency is
20 Hz. Each episode contains 200 timesteps and therefore represents 10 s of simulated flight. The complete
ID dataset contains 1000 episodes and 200,000 temporally synchronized frames. The retained dataset is
geometry-driven rather than photorealistic. It includes RGB observations, depth maps, UAV states, control
actions, obstacle states, point clouds, occupancy grids, and future-risk labels. The trained models use the
historical state-action context, current safety context, and current depth map according to the matched-input
protocol; the remaining modalities are retained for dataset completeness and future architectural extensions.

4.2 Episode-Level Dataset Partitioning
The dataset is partitioned at the episode level rather than at the frame or sliding-window level. This

protocol prevents temporally adjacent observations from the same UAV trajectory from appearing in
different subsets, thereby reducing temporal leakage. A fixed and reproducible split is used for all model
families, ablation variants, random seeds, and evaluation procedures. The revised partition contains 697
training episodes, 148 validation episodes, and 155 test episodes. These subsets are mutually exclusive
and jointly contain all 1000 episode identifiers. Table 4 reports the exact partition sizes and percentages;
the 69.7/14.8/15.5 split is shared unchanged by the proposed model, all recurrent baselines, and every
ablation experiment.

Table 4: Episode-level dataset partition.

Subset Episodes Percentage
Training 697 69.7%

Validation 148 14.8%
Test 155 15.5%

Total 1000 100.0%

Each learning sample uses a historical context of W = 10 timesteps and predicts a future horizon
of H = 20 timesteps. Sliding windows are constructed independently within each episode and retain the
corresponding episode_id. Different strides are used according to the role of each subset: a stride of four
for training, two for validation, and one for threshold selection and final testing. Importantly, overlapping
sliding windows are used as optimization samples but are not treated as statistically independent observations
during uncertainty estimation. Window-level predictions are first associated with their source episodes, after
which uncertainty is quantified using the episode as the resampling unit. This avoids artificially narrow
confidence intervals caused by treating strongly overlapping temporal windows as independent samples. All
preprocessing statistics are estimated exclusively from the ID training partition. Normalization statistics are
fitted using at most 20,000 training windows selected with a fixed normalizer seed of 42. The preprocessing
manifest records the immutable training-partition signature and the corresponding normalization artifacts.
Validation and test episodes are excluded from normalization fitting and model training.
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4.3 Implementation Environment
The experiments are executed under Microsoft Windows using an NVIDIA GeForce RTX 5050 Laptop

GPU with 8 GB of video memory. The reviewer-aligned environment uses Python 3.11 and PyTorch 2.11.0
with CUDA 12.8 support. The implementation platform is summarized in Table 5. Reporting the software
stack and GPU configuration improves reproducibility because diffusion inference time and numerical
behavior can depend on the CUDA/PyTorch environment.

Table 5: Hardware and software environment.

Component Configuration
Operating system Microsoft Windows

GPU NVIDIA GeForce RTX 5050 Laptop GPU
GPU memory 8 GB

Python 3.11
PyTorch 2.11.0+cu128

CUDA runtime used by PyTorch 12.8

4.4 Training Configuration and Common Experimental Protocol
All model families are trained under a matched experimental protocol designed to support statistically

fair comparison. Five independent training seeds, {42, 123, 2026, 3407, 9999}, are used for every experiment.
All models use the same immutable episode-level split, historical context length, prediction horizon,
preprocessing artifacts, validation partition, and evaluation partition. Architecture-specific learning rates
are selected from the common candidate set {10−4, 3 × 10−4, 10−3}. The resulting learning rates are 3 × 10−4

for the GRU, LSTM, hybrid GRU-LSTM, deterministic, and risk-only families, and 10−4 for the diffusion
family and its diffusion-based ablations. Final training uses a common maximum budget of 30 epochs.
Early stopping is applied with a patience of four epochs and a minimum improvement threshold of 10−4.
AdamW optimization is used with weight decay 10−4 and gradient clipping at a maximum norm of 1.0. A
ReduceLROnPlateau scheduler reduces the learning rate by a factor of 0.5 after one validation epoch without
sufficient improvement. The maximum epoch count is interpreted as a common computational cap rather
than as evidence of convergence. Checkpoints are selected using validation performance under the same rule
for every architecture, and runs reaching the cap are retained in the convergence audit so that the training
budget is reported transparently. The complete shared optimization settings are consolidated in Table 6. The
common data split, preprocessing protocol, history/horizon, learning-rate candidate set, and early-stopping
rule are held fixed across model families so that architectural comparisons are not confounded by different
training procedures.

4.5 Full-Test Predictive Evaluation and Statistical Protocol
All final predictive results are computed on the complete held-out ID test partition. No ordered 1024-

window subset is used in the revised evaluation. The test loader traverses all valid test windows, while each
prediction retains the corresponding episode identifier to preserve the hierarchical temporal structure of
the data.
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Table 6: Training configuration and common experimental protocol.

Parameter Value
Random seeds {42, 123, 2026, 3407, 9999}

Historical context window W = 10 steps/0.5 s
Prediction horizon H = 20 steps/1.0 s

Training window stride 4 steps
Validation window stride 2 steps

Depth input 32 × 32
Maximum depth 15.0 m

Maximum epochs 30
Batch size 64
Optimizer AdamW

Learning-rate candidates {10−4, 3 × 10−4, 10−3}
Diffusion-model learning rate 10−4

Weight decay 10−4

Early-stopping patience 4 epochs
Early-stopping minimum delta 10−4

Learning-rate scheduler ReduceLROnPlateau
Scheduler reduction factor 0.5

Scheduler patience 1 epoch
Gradient clipping Maximum norm 1.0

Hidden dimension 384
Depth-embedding dimension 128

Diffusion-time embedding dimension 128
Number of layers 2

Dropout probability 0.1
Diffusion timesteps 1000

Diffusion x0 clipping 5.0
Validation diffusion sampling steps 20

Operational diffusion samples K = 20
Normalizer-fitting partition ID training partition only
Normalizer-fitting windows Maximum 20,000 windows

Normalizer seed 42
Trajectory-loss weight λtraj = 1.0
Collision-loss weight λcol = 0.5

Near-miss-loss weight λnm = 0.5
Distance-loss weight λdist = 0.1

Trajectory forecasting is evaluated using average displacement error (ADE) and final displacement error
(FDE):

ADE = 1
NH

N
∑
i=1

H
∑
h=1
∥p̂i ,h − pi ,h∥2 , (21)
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FDE = 1
N

N
∑
i=1
∥p̂i ,H − pi ,H∥2 . (22)

Because diffusion prediction is intrinsically stochastic, the proposed model is additionally evaluated
using K = {5, 10, 20} future samples for each conditioning input. We report meanADE@K and meanFDE@K
to characterize average sampled quality, minADE@K and minFDE@K to measure best-of-K future coverage,
and trajectory and endpoint diversity to quantify the dispersion of plausible sampled futures.

Collision and near-miss probabilities are evaluated using precision, recall, F1-score, Brier score, and
expected calibration error (ECE). ECE is computed using 15 probability bins. Classification thresholds are
selected exclusively on the ID validation partition using a fixed threshold-selection procedure and are
frozen before evaluation on the ID test and OOD partitions. Reliability diagrams are used to visualize the
relationship between predicted probability and empirical event frequency.

To account for the statistical dependence introduced by overlapping sliding windows, uncertainty is
evaluated at the episode level. Predictions from windows belonging to the same episode are grouped before
statistical resampling. Episode-level bootstrap with 5000 replicates and a fixed bootstrap seed is used to
estimate 95% confidence intervals. In addition, each model is trained using five independent random seeds,
and seed-level variability is reported using the mean and sample standard deviation across the five runs.

4.6 Matched Baselines and Ablation Models
The revised comparison includes recurrent, deterministic, generative, and risk-only architectures

trained under the same episode-level data partitions and common experimental protocol. Table 7 summa-
rizes the evaluated model families and their corresponding roles in the comparative analysis.

Table 7: Evaluated baseline and ablation model families.

Model Description
M1 GRU-based joint trajectory–risk predictor
M2 LSTM-based joint trajectory–risk predictor

M2H Hybrid GRU–LSTM joint predictor
M3 Full joint diffusion world model
A1 Diffusion ablation without depth conditioning
A2 Diffusion ablation without safety-context variables
A3 Trajectory-only diffusion model without supervised risk heads
A4 Deterministic joint trajectory–risk predictor replacing diffusion sampling
B1 Direct risk-only model without trajectory prediction

Except when an input is intentionally removed as part of an ablation, matched models receive the
same state, action, depth, and safety-context information, together with the same historical context W = 10
and prediction horizon H = 20. All model families use the same preprocessing artifacts, episode-level split,
learning-rate candidate set, early-stopping policy, and five training seeds. This design enables differences in
performance to be attributed more directly to architectural or input changes rather than to inconsistent data
or optimization procedures.
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4.7 Offline OOD Generalization Protocol
Generalization is evaluated without retraining or threshold adjustment on the independent 300-episode

OOD test suite introduced in Fig. 1 and Table 3. Each OOD profile contains 100 episodes. OOD Sparse/Fast
increases the number and speed of dynamic obstacles, OOD Dense/Small substantially increases obstacle
density while reducing obstacle size, and OOD Large introduces obstacle sizes outside the ID training range.
For every trained seed, the corresponding checkpoint is evaluated on the complete OOD partition with the
same preprocessing artifacts and the collision and near-miss thresholds selected on ID validation. No OOD
labels are used for model selection, calibration, or threshold tuning.

The same trajectory, risk, calibration, and multimodal metrics used on ID are recomputed on each
OOD profile. Consequently, OOD analysis does not reduce generalization to a single trajectory-error score:
ADE/FDE and best-of-K coverage are considered together with collision F1, near-miss F1, Brier score, and
ECE. This is important because a distribution shift may affect geometric forecasting and probabilistic safety
estimation differently.

4.8 Learned-Model Closed-Loop Evaluation Protocol
A separate closed-loop stress test evaluates whether the learned diffusion model can be integrated end-

to-end into online candidate-action selection. The closed-loop benchmark is inference-only and uses the M3
checkpoint trained with seed 42; therefore, this experiment is intended to test predictive-safety integration
rather than to establish a closed-loop ranking between M3 and the recurrent baselines. The locked collision
and near-miss thresholds are 0.960 and 0.535, respectively, both selected from ID validation before closed-
loop evaluation. No threshold is re-optimized on ID test or OOD scenarios.

Four decision strategies are compared: (i) the nominal controller without predictive intervention, (ii)
learned-fixed, which evaluates candidate actions with the learned model and a fixed 1.0 m safety margin, (iii)
learned-adaptive, which uses learned trajectory dispersion, closing speed, and collision risk to adapt the safety
margin between 0.65 and 1.30 m, and (iv) a short-horizon simulator rollout reference. The rollout reference
is included as a computationally expensive simulator-based comparator and is not treated as a mathematical
upper bound.

At each planning update, 13 candidate actions are considered. The learned planners use five stochastic
rollouts per candidate with 20 DDIM sampling steps and a prediction horizon of 20 simulator steps. Planning
is performed every four simulation steps. The action-selection objective combines collision, near-miss, goal-
progress, clearance, and control-deviation costs. The adaptive planner uses a base safety margin of 0.65 m,
dispersion weight 0.8, closing-speed weight 0.25, and collision-risk weight 0.6. The corresponding fixed and
adaptive settings are summarized in Table 8.

The closed-loop OOD suite is deliberately broader than the three-profile offline OOD suite. It con-
tains high-density, high-speed, new-motion, narrow-passage, sudden-crossing, and combined-OOD stress
profiles. Table 9 reports the generation ranges. The narrow-passage profile uses a 1.15 m passage gap, the
sudden-crossing profile activates crossing motion at 1.5 s, and the combined-OOD profile combines high
density, high speed, new motion, narrow passage, and sudden crossing.

Each scenario is assigned one disturbance condition from a fixed schedule comprising nominal
dynamics, observation noise, wind gust, action delay, action noise, and obstacle-position perturbation. The
observation perturbation uses position and velocity standard deviations of 0.08 m and 0.12 m/s; wind-gust
force has a standard deviation of 1.2 N; the action delay is two simulator steps; and obstacle-position jitter has
a standard deviation of 0.12 m. All four methods receive the same scenario seed and disturbance assignment,
enabling paired comparisons.
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Table 8: Reviewer-aligned closed-loop evaluation protocol.

Parameter Value
Evaluated learned checkpoint M3, seed 42, best checkpoint at epoch 30

Closed-loop methods Nominal, learned-fixed, learned-adaptive, rollout reference
ID base scenarios 100

OOD stress profiles 6 profiles × 50 scenarios = 300
Total base scenarios 400

Total episode-method rows 1600
Candidate actions per planning step 13

Learned rollouts per candidate 5
DDIM sampling steps 20

Prediction horizon 20 steps/1.0 s
Planning interval 4 simulation steps/0.2 s

Fixed safety margin 1.0 m
Adaptive margin range 0.65–1.30 m

Collision threshold 0.960 (locked from ID validation)
Near-miss threshold 0.535 (locked from ID validation)
Bootstrap replicates 5000

Statistical unit Paired base scenario/episode
Pairing rule Same profile, scenario seed, and disturbance across methods

Table 9: Closed-loop OOD stress-profile parameters.

Profile Static Obstacles Dynamic Obstacles Size Range (m) Speed Range (m/s)
High density 58–71 13–19 0.25–1.00 0.3–2.0
High speed 25–54 8–13 0.40–2.00 2.2–3.8

New motion 25–54 8–13 0.40–2.00 0.5–2.4
Narrow passage 18–29 4–7 0.40–1.70 0.3–1.7
Sudden crossing 22–37 8–13 0.40–1.50 1.5–3.2
Combined OOD 55–67 14–20 0.25–1.00 2.2–3.8

Closed-loop outcomes include success rate, collision-episode rate, near-miss-episode rate, minimum
clearance, time-to-goal for successful episodes, path length, computation time, recovery, and failure mode.
Uncertainty is quantified using 5000 paired base-scenario/episode bootstrap replicates. A paired difference
is interpreted as conclusive only when its 95% confidence interval excludes zero.

5 Results and Discussion

5.1 Full-Test Performance Across Independent Training Seeds
Table 10 summarizes performance on the complete ID test partition. Each value is reported as the

mean and sample standard deviation across five independently trained seeds. The recurrent models achieve
substantially lower conventional single-trajectory ADE and FDE than the stochastic diffusion model. M1
obtains an ADE of 0.4083 ± 0.0333 m, M2 obtains 0.4114 ± 0.0246 m, and M2H obtains 0.4127 ± 0.0489 m.
The deterministic A4 predictor obtains 0.4524 ± 0.0510 m. In comparison, the full diffusion model M3
obtains a single-sample ADE of 0.8843 ± 0.0339 m and FDE of 1.6965 ± 0.0442 m.
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Table 10: Full-test performance across five independent training seeds.

Model ADE (m)↓ FDE (m)↓ Collision F1↑ Near-Miss F1↑ Collision Brier↓ Collision ECE↓
M1 GRU 0.4083 ± 0.0333 0.8544 ± 0.0628 0.3587 ± 0.0156 0.7474 ± 0.0047 0.0396 ± 0.0044 0.0783 ± 0.0097

M2 LSTM 0.4114 ± 0.0246 0.8539 ± 0.0418 0.3364 ± 0.0312 0.7444 ± 0.0038 0.0420 ± 0.0048 0.0828 ± 0.0108
M2H GRU-LSTM 0.4127 ± 0.0489 0.8580 ± 0.0920 0.3583 ± 0.0253 0.7446 ± 0.0128 0.0436 ± 0.0137 0.0846 ± 0.0277

M3 Diffusion 0.8843 ± 0.0339 1.6965 ± 0.0442 0.3040 ± 0.0152 0.7461 ± 0.0055 0.0163 ± 0.0026 0.0200 ± 0.0048
A4 Deterministic 0.4524 ± 0.0510 0.9298 ± 0.0857 0.3329 ± 0.0247 0.7283 ± 0.0127 0.0511 ± 0.0178 0.0948 ± 0.0342

B1 Risk-only – – 0.3228 ± 0.0286 0.7154 ± 0.0086 0.0488 ± 0.0138 0.1082 ± 0.0285

These results show that the principal advantage of the diffusion model becomes clearer when mul-
timodal future coverage and probabilistic safety estimation are considered. In particular, M3 achieves a
collision Brier score of 0.0163 ± 0.0026 and collision ECE of 0.0200 ± 0.0048, substantially lower than
the corresponding values of the direct risk-only and deterministic baselines. The recurrent predictors
therefore remain strong deterministic trajectory forecasters, whereas the diffusion formulation provides a
complementary representation of future uncertainty and calibrated collision risk.

Fig. 3 visualizes the five seed-level test values underlying the aggregate statistics in Table 10. The boxplots
make the between-seed spread explicit and help distinguish stable performance trends from results that may
be sensitive to initialization or stochastic optimization.

Figure 3: Variability across five independent training seeds for ADE, FDE, collision F1, and near-miss F1. Boxes
summarize seed-level test values and diamonds denote their means.
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5.2 Ablation Analysis
The ablation experiments quantify the contribution of depth conditioning, safety-context variables,

supervised risk heads, and diffusion-based stochastic prediction. Removing depth information (A1) pro-
duces only a modest degradation relative to M3 under the ID test distribution, suggesting that the numerical
state-action and safety-context representation already contains substantial predictive information in the
current synthetic environment. Table 11 summarizes the component-wise ablation results across the same five
seeds. Reading the table together with the preceding discussion shows that removing safety context produces
the clearest deterioration in risk prediction, whereas removing depth has a smaller effect under the current
ID distribution.

Table 11: Ablation study across five independent training seeds.

Model Depth Safety
Context Diffusion Risk

Heads ADE (m)↓ FDE (m)↓ Collision F1↑ Near-Miss F1↑

M3 Full ✓ ✓ ✓ ✓ 0.8843 ± 0.0339 1.6965 ± 0.0442 0.3040 ± 0.0152 0.7461 ± 0.0055
A1 w/o depth – ✓ ✓ ✓ 0.8956 ± 0.0198 1.7116 ± 0.0291 0.3165 ± 0.0182 0.7481 ± 0.0051

A2 w/o safety context ✓ – ✓ ✓ 0.8952 ± 0.0383 1.7124 ± 0.0598 0.1705 ± 0.0073 0.5623 ± 0.0030
A3 trajectory-only ✓ ✓ ✓ – 0.7289 ± 0.0167 1.4867 ± 0.0314 – –
A4 deterministic ✓ ✓ – ✓ 0.4524 ± 0.0510 0.9298 ± 0.0857 0.3329 ± 0.0247 0.7283 ± 0.0127

In contrast, removing the safety context (A2) causes a pronounced degradation in risk prediction.
Collision F1 decreases from 0.3040 ± 0.0152 for M3 to 0.1705 ± 0.0073, while near-miss F1 decreases from
0.7461 ± 0.0055 to 0.5623 ± 0.0030. Near-miss Brier score also increases from approximately 0.130 to 0.216.
These results indicate that the safety-context variables play an important role in distinguishing geometrically
similar motion states with different immediate risk levels. The trajectory-only diffusion ablation A3 produces
substantially lower displacement error than the joint M3 model, with ADE 0.7289 ± 0.0167 and FDE 1.4867 ±
0.0314. This trade-off suggests that jointly optimizing trajectory generation and supervised risk estimation
modifies the learned representation toward safety-relevant prediction rather than minimum displacement
error alone.

5.3 Direct Risk Prediction vs. Joint Trajectory-Risk Modeling
The B1 risk-only baseline directly predicts collision and near-miss probabilities without producing

a future trajectory. This experiment addresses whether collision risk can be estimated without explicit
trajectory forecasting. B1 achieves a collision F1-score of 0.3228 ± 0.0286, which is slightly higher than the
0.3040 ± 0.0152 obtained by M3. However, the joint diffusion model produces substantially better calibrated
collision probabilities: its Brier score decreases from 0.0488 ± 0.0138 for B1 to 0.0163 ± 0.0026, while collision
ECE decreases from 0.1082 ± 0.0285 to 0.0200 ± 0.0048. Therefore, direct collision prediction is feasible
and can remain competitive in thresholded classification metrics. Nevertheless, the joint trajectory-risk
formulation provides additional information about plausible future motion and yields markedly better
calibrated collision probabilities, which are advantageous when risk estimates are consumed by downstream
decision-making rather than interpreted only as binary labels.

5.4 Multimodal Future Prediction
The principal motivation for using a diffusion model is its ability to represent multiple plausible

futures rather than a single deterministic trajectory. To evaluate this property, the full M3 model is sampled
using K = {5, 10, 20} futures for the same conditioning input. Table 12 reports both average-sample and
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best-of-K errors. This distinction is important because meanADE/meanFDE describe the typical sampled
trajectory, whereas minADE/minFDE measure whether at least one sampled future captures a plausible
ground-truth mode.

Table 12: Multimodal trajectory prediction of the full diffusion model.

K meanADE@K meanFDE@K minADE@K minFDE@K
5 0.8852 ± 0.0347 1.7000 ± 0.0458 0.5363 ± 0.0163 0.9673 ± 0.0223
10 0.8848 ± 0.0341 1.6995 ± 0.0448 0.4563 ± 0.0129 0.7841 ± 0.0177
20 0.8844 ± 0.0342 1.6986 ± 0.0451 0.3963 ± 0.0106 0.6445 ± 0.0132

The average sampled displacement remains nearly constant as K increases, indicating that simply
drawing more samples does not improve the accuracy of each individual trajectory. In contrast, the best-
of-K errors decrease consistently. minADE decreases from approximately 0.536 m at K = 5 to 0.396 m at
K = 20, while minFDE decreases from approximately 0.967 to 0.644 m. This behavior demonstrates that
additional diffusion samples increase coverage of plausible future modes rather than collapsing toward the
same deterministic prediction.

At K = 20, the mean trajectory-diversity metric is 0.9409 ± 0.0621, while endpoint diversity is 1.7247 ±
0.0840. The non-zero diversity together with the systematic decrease in best-of-K error provides quantitative
evidence that the diffusion branch generates distinct plausible futures.

5.5 Probabilistic Calibration
Probability calibration is important because a downstream safety supervisor may use risk probabilities

directly rather than only their thresholded binary decisions. For this reason, collision and near-miss
predictions are evaluated using Brier score, expected calibration error, and reliability diagrams.

For the full diffusion model, the collision Brier score is 0.0163 ± 0.0026 and collision ECE is 0.0200
± 0.0048. The corresponding near-miss Brier score is 0.1296 ± 0.0017, with an ECE of 0.0767 ± 0.0050.
Classification thresholds are selected exclusively using the ID validation partition and are frozen before
evaluation of the ID test and OOD datasets. Fig. 4 visualizes calibration for collision risk, while Fig. 5 provides
the corresponding near-miss analysis. In both diagrams, the dashed diagonal represents perfect calibration;
deviations from this line indicate probability ranges in which the predicted confidence differs from the
empirical event frequency.

Taken together, Figs. 4 and 5 show that calibration quality is task dependent. The collision task is
summarized by a particularly low ECE for M3, whereas near-miss prediction remains more difficult to
calibrate because it covers a broader transition region between clearly safe and collision states. These
diagrams therefore complement thresholded F1 scores by evaluating whether the reported probabilities
themselves are suitable for downstream risk-aware decision making.

5.6 Out-of-Distribution Generalization
To evaluate robustness to previously unseen obstacle distributions, the trained models are evaluated

without additional optimization on three OOD profiles: OOD Sparse/Fast, OOD Dense/Small, and OOD
Large. These profiles respectively modify obstacle velocity and population, increase obstacle density while
reducing obstacle size, and introduce obstacle sizes beyond the ID training range.
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Figure 4: Reliability diagram for collision-risk prediction. The dashed diagonal denotes perfect calibration.

Figure 5: Reliability diagram for near-miss probability prediction. The dashed diagonal denotes perfect calibration.
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Table 13 compares the full M3 diffusion model on the ID test partition and the three offline OOD
profiles. All values are reported as mean±SD across the same five independent training seeds. The results
show that OOD behavior is configuration dependent rather than uniformly degraded.

Table 13: ID and offline OOD performance of the full diffusion model across five seeds.

Setting ADE↓ FDE↓ minADE@20↓ minFDE@20↓ Collision F1↑ Collision Brier↓ Collision ECE↓ Near-Miss F1↑

ID 0.8843 ± 0.0339 1.6965 ± 0.0442 0.3963 ± 0.0106 0.6445 ± 0.0132 0.3040 ± 0.0152 0.0163 ± 0.0026 0.0200 ± 0.0048 0.7461 ± 0.0055
OOD Sparse/Fast 0.9120 ± 0.0321 1.7607 ± 0.0423 0.4094 ± 0.0098 0.6642 ± 0.0113 0.4070 ± 0.0111 0.0538 ± 0.0055 0.0543 ± 0.0074 0.6402 ± 0.0016

OOD Dense/Small 0.7392 ± 0.0297 1.4533 ± 0.0398 0.3087 ± 0.0092 0.5204 ± 0.0119 0.1482 ± 0.0133 0.0157 ± 0.0044 0.0289 ± 0.0084 0.7813 ± 0.0015
OOD Large 0.8537 ± 0.0352 1.6477 ± 0.0487 0.3786 ± 0.0097 0.6153 ± 0.0125 0.4237 ± 0.0178 0.0105 ± 0.0025 0.0179 ± 0.0044 0.7845 ± 0.0064

OOD Sparse/Fast produces only a modest increase in geometric trajectory error: relative to ID, ADE
rises from 0.8843 to 0.9120 m and FDE from 1.6965 to 1.7607 m. In contrast, calibration deteriorates much
more strongly. Collision Brier score increases from 0.0163 to 0.0538 and collision ECE from 0.0200 to 0.0543,
while near-miss F1 decreases from 0.7461 to 0.6402. This profile therefore reveals a failure mode in which
trajectory geometry remains comparatively stable while probabilistic safety estimates become less reliable
under previously unseen obstacle speeds.

OOD Dense/Small exhibits a different failure pattern. ADE, FDE, minADE@20, and minFDE@20
are numerically lower than on ID, yet collision F1 decreases from 0.3040 ± 0.0152 to 0.1482 ± 0.0133, a
reduction of approximately 51.3%. Thus, improved displacement metrics do not imply improved collision-
risk recognition under distribution shift. The same profile is difficult across model families rather than
uniquely for diffusion: collision F1 decreases to approximately 0.1623 for M1, 0.1700 for M2, 0.1744 for M2H,
0.1429 for A4, and 0.1366 for B1.

Conversely, OOD Large is comparatively easier for several safety metrics. M3 collision F1 increases to
0.4237 ± 0.0178, while collision Brier and ECE decrease to 0.0105 ± 0.0025 and 0.0179 ± 0.0044, respectively.
Accordingly, the OOD experiments do not support a claim that all unseen configurations necessarily degrade
performance. Instead, they show that generalization depends on the specific type of distribution shift and
that geometric forecasting and calibrated risk estimation can fail independently.

These results directly answer the reviewer question concerning unseen obstacle configurations: the
model can fail or become poorly calibrated under specific OOD conditions, particularly dense-small and
sparse-fast scenarios. Explicit OOD evaluation is therefore necessary before using trajectory accuracy alone
as evidence of safety robustness.

5.7 Learned-Model Closed-Loop Evaluation
The revised closed-loop experiment evaluates whether the learned predictive model can support action

selection without relying on oracle simulator future dynamics as the primary rollout mechanism. Candidate
actions are evaluated using future trajectories and risk estimates generated by the learned model. Multiple
disturbance rollouts are used to characterize candidate-level risk, and the same scenario seeds are shared
across methods to enable paired comparison.

The benchmark reports success rate, collision episode rate, near-miss rate, minimum obstacle clearance,
time-to-goal, path length, and computation time together with episode-level statistical uncertainty. Oracle
simulator rollouts are retained only as an upper-bound reference.

The final closed-loop benchmark contains 400 paired base scenarios and four methods, yielding 1600
episode-method rows. The ID portion contains 100 scenarios, while the closed-loop OOD stress suite
contains 300 scenarios across six profiles. Tables 14 and 15 summarize ID and aggregate-OOD performance.
The brackets report 95% base-scenario/episode bootstrap confidence intervals.
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Table 14: Closed-loop safety outcomes on ID and aggregate OOD scenarios.

Setting Method Success (%)↑ Collision (%)↓ Near Miss (%)↓ Min. Clearance (m)↑
ID Nominal 21.0 [13.0, 29.0] 16.0 [9.0, 23.0] 86.0 [79.0, 92.0] 0.588 [0.506, 0.672]
ID Learned fixed 19.0 [12.0, 27.0] 14.0 [8.0, 21.0] 86.0 [79.0, 92.0] 0.574 [0.491, 0.657]
ID Learned adaptive 19.0 [12.0, 27.0] 16.0 [9.0, 24.0] 87.0 [80.0, 93.0] 0.577 [0.493, 0.659]
ID Rollout reference 19.0 [12.0, 27.0] 14.0 [7.0, 21.0] 84.0 [76.0, 91.0] 0.594 [0.508, 0.683]

OOD aggregate Nominal 14.3 [10.3, 18.3] 22.7 [18.0, 27.7] 93.3 [90.3, 96.0] 0.399 [0.357, 0.441]
OOD aggregate Learned fixed 14.7 [10.7, 18.7] 23.3 [18.7, 28.3] 93.7 [91.0, 96.3] 0.399 [0.356, 0.441]
OOD aggregate Learned adaptive 14.0 [10.3, 18.0] 23.0 [18.3, 28.0] 94.3 [91.7, 96.7] 0.399 [0.358, 0.441]
OOD aggregate Rollout reference 14.0 [10.3, 18.0] 18.3 [14.0, 23.0] 94.7 [92.0, 97.0] 0.422 [0.381, 0.463]

Table 15: Closed-loop operational metrics on ID and aggregate OOD scenarios.

Setting Method Time-to-Goal (s)↓ Path Length (m)↓ Planning Time (ms)↓
ID Nominal 7.688 [7.000, 8.348] 9.677 [8.720, 10.757] 0.000 [0.000, 0.000]
ID Learned fixed 7.442 [6.724, 8.147] 10.089 [9.054, 11.217] 66.033 [64.465, 67.811]
ID Learned adaptive 7.376 [6.689, 8.074] 9.704 [8.718, 10.757] 65.751 [64.238, 67.392]
ID Rollout reference 7.624 [6.955, 8.303] 10.245 [9.116, 11.486] 539.697 [525.221, 554.271]

OOD aggregate Nominal 7.516 [7.050, 7.995] 10.802 [9.974, 11.702] 0.000 [0.000, 0.000]
OOD aggregate Learned fixed 7.750 [7.265, 8.225] 10.932 [10.111, 11.832] 65.164 [64.760, 65.587]
OOD aggregate Learned adaptive 7.613 [7.125, 8.099] 10.921 [10.098, 11.801] 65.153 [64.775, 65.556]
OOD aggregate Rollout reference 7.688 [7.220, 8.149] 11.203 [10.384, 12.086] 570.121 [551.529, 588.832]

On ID, learned-fixed produces a modest numerical reduction in collision rate from 16% to 14%.
However, its paired collision-rate difference relative to nominal is −2 percentage points with a 95% CI of
[−6,+2], which includes zero. The success rate also changes from 21% to 19%. Learned-adaptive yields
the same 16% collision rate as nominal. Consequently, the ID experiment does not support a statistically
conclusive claim that the learned planner reduces collision probability, although learned-fixed shows a small
numerical improvement.

The aggregate OOD results are more challenging. Nominal collision rate is 22.7%, compared with
23.3% for learned-fixed and 23.0% for learned-adaptive. Success remains low for all methods, between
approximately 14.0% and 14.7%. These results show that the learned safety benefit does not transfer uniformly
to unseen closed-loop scenarios. The rollout reference reduces aggregate OOD collision rate to 18.3% and
increases mean minimum clearance to 0.422 m, but at substantially greater computation cost.

The strongest practical advantage of learned-model planning is computation time. Across ID and
aggregate OOD, learned-fixed and learned-adaptive require approximately 65–66 ms per planning decision,
whereas the short-horizon rollout reference requires approximately 540 ms on ID and 570 ms on aggregate
OOD. Thus, the learned model provides an order-of-magnitude reduction in planning latency relative to
simulator rollout, although its safety improvement is not uniform.

Fig. 6 visualizes collision-episode rates across ID and the closed-loop OOD stress profiles. The variation
across profiles makes clear that collision behavior is scenario dependent rather than described adequately by
a single aggregate percentage.
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Fig. 7 shows the corresponding planning-time comparison. The learned approaches maintain plan-
ning times near 65 ms across profiles, whereas the simulator rollout reference requires several hundred
milliseconds and becomes particularly expensive in difficult OOD scenarios.

Figure 6: Closed-loop collision-episode rate across ID and OOD stress profiles for the nominal, learned-fixed, learned-
adaptive, and short-horizon rollout-reference methods.

Figure 7: Mean closed-loop planning time across ID and OOD stress profiles. The learned planners are substantially
faster than the short-horizon simulator rollout reference.
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The most difficult profile is Combined OOD, which simultaneously introduces high obstacle density,
high speed, unseen motion behavior, narrow-passage geometry, and sudden crossing. Table 16 shows that
learned-fixed does not reduce collision rate relative to nominal (36% vs. 36%), while learned-adaptive
increases it numerically to 38%. The rollout reference reduces collision rate to 22% and increases minimum
clearance from 0.155 to 0.230 m, but its planning time rises to approximately 782 ms.

Table 16: Closed-loop performance in the combined-OOD stress profile.

Method Success (%) Collision (%) Min. Clearance (m) Planning Time (ms)
Nominal 2.0 36.0 0.155 0.0

Learned fixed 2.0 36.0 0.165 65.7
Learned adaptive 2.0 38.0 0.159 65.5
Rollout reference 2.0 22.0 0.230 782.3

The paired minimum-clearance improvement of the rollout reference over nominal in Combined OOD
is +0.0749 m with a 95% CI of [+0.0206,+0.1353] m, which excludes zero. In contrast, the learned-fixed
collision difference is 0 percentage points with a CI of [−8,+8], and the learned-adaptive difference is +2
points with a CI of [−6,+12]. Therefore, the simulator reference exhibits a measurable clearance advantage
in this hardest configuration, but this benefit comes with substantially greater latency.

Failure analysis further shows that low success is not explained by collision alone. In Combined
OOD, goal_not_reached accounts for 56% of nominal episodes, 58% of learned-fixed episodes,
58% of learned-adaptive episodes, and 66% of rollout-reference episodes. The corresponding success
rate is only 2% for every method. Consequently, the closed-loop benchmark should be interpreted as a
stress test of predictive-safety integration rather than evidence that the current system solves end-to-end
autonomous navigation.

Overall, the closed-loop experiment satisfies the requested protocol requirements-paired scenarios,
increased episode count, multiple stochastic rollouts, disturbances, learned-model action selection, opera-
tional metrics, failure analysis, and episode-level confidence intervals-but the efficacy result is deliberately
more limited. The learned diffusion planner is computationally much cheaper than simulator rollout and can
be executed end-to-end, yet its collision benefit is scenario dependent and is not statistically uniform across
ID and OOD conditions.

5.8 Limitations and Future Work
Several limitations remain despite the expanded reviewer-aligned evaluation. First, all training data

are generated in simulation. Although the data-generation process randomizes obstacle geometry, dynamic
motion, sensing noise, controller behavior, and disturbances, the synthetic environment does not reproduce
the full photometric, aerodynamic, sensing, and actuation complexity of a physical UAV. Real deployment
may introduce depth artifacts, localization drift, actuator latency, aerodynamic-model mismatch, commu-
nication delay, wind-field structure, and perception failures that are absent or simplified in the current
simulator. Accordingly, the present results should be interpreted as simulation-based evidence rather than
real-world flight validation.

Second, the OOD experiments reveal that generalization failure is metric and scenario dependent.
The offline Sparse/Fast profile causes relatively small trajectory-error changes but markedly worse collision
and near-miss calibration, while Dense/Small reduces collision F1 despite improved displacement metrics.
Conversely, the Large-obstacle profile improves several risk metrics. The closed-loop stress suite extends this
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analysis to high-density, high-speed, new-motion, narrow-passage, sudden-crossing, and combined shifts,
but it still cannot represent the open-ended range of real-world distribution changes. Future work should
therefore incorporate explicit OOD detection, uncertainty-triggered fallback behavior, online calibration
monitoring, and adaptation using previously unseen environmental conditions.

Third, deterministic recurrent models remain stronger in conventional single-trajectory ADE and FDE.
The empirical benefit of diffusion lies in multimodal future coverage and calibrated probabilistic collision risk
rather than uniformly superior point forecasting. Moreover, the trajectory-only diffusion ablation improves
geometric trajectory accuracy, revealing a measurable multi-task trade-off between pure displacement
optimization and joint safety supervision. Future architectures should investigate decoupled or dynamically
weighted objectives that preserve risk calibration while reducing single-trajectory error.

Fourth, the closed-loop results do not demonstrate a uniform safety improvement over the nominal con-
troller. Learned-fixed reduces ID collision rate numerically from 16% to 14%, but the paired 95% confidence
interval of the difference includes zero. Aggregate OOD collision rates for learned-fixed and learned-adaptive
are comparable to or slightly higher than nominal, and Combined OOD remains particularly challenging.
In addition, success rates are low because many episodes terminate without reaching the goal even when no
collision occurs. Future work should therefore jointly optimize safety and task progress rather than treating
collision avoidance as the only control objective.

Fifth, the current learned closed-loop benchmark uses the M3 checkpoint from seed 42 rather than
repeating the full closed-loop evaluation for every architecture and all five training seeds. This design satisfies
the reviewer request for an end-to-end learned-model test but does not establish that diffusion is superior
to GRU, LSTM, or deterministic models in closed-loop control. A future paired benchmark should compare
multiple learned model families under the identical candidate-action and disturbance protocol.

Finally, computation remains an important deployment constraint. Learned diffusion planning requires
approximately 65 ms per planning update in the present implementation, which is substantially faster than
the 0.35–0.78 s short-horizon simulator rollout reference but remains above the 50 ms base simulation
timestep. Practical deployment will therefore require accelerated diffusion sampling, reduced-step solvers,
model distillation, candidate pruning, asynchronous planning, or lower-frequency supervisory integration.
A staged sim-to-real program combining stronger domain randomization, hardware-in-the-loop testing,
UAV system identification, physical sensor-noise characterization, and fine-tuning on real flight logs is
planned before any real-world safety claims are made.

6 Conclusion
This study presents a hybrid diffusion world model for short-horizon UAV trajectory forecasting and

probabilistic collision-risk estimation in dense three-dimensional environments. The revised framework
combines historical UAV state-action information, depth observations, and safety-context variables to
generate multiple plausible future trajectories while jointly estimating collision, near-miss, and obstacle-
clearance information. The experimental protocol was redesigned to address the principal methodological
concerns raised during review. The 1000-episode ID dataset is split exclusively at the episode level into 697
training, 148 validation, and 155 test episodes. All baseline and ablation families use the same immutable
partitions, preprocessing artifacts, historical context, prediction horizon, learning-rate candidate set, and
early-stopping rule. Nine configurations are trained with five independent random seeds, and the complete
ID test partition is evaluated rather than an ordered subset of windows. Statistical uncertainty is handled at
the episode level using 5000 bootstrap replicates, while collision and near-miss thresholds are selected only
on ID validation and then frozen for test and OOD evaluation.
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The results do not support the claim that diffusion is a better single deterministic trajectory predictor.
GRU, LSTM, and hybrid recurrent baselines achieve substantially lower conventional ADE and FDE. Instead,
the main advantage of M3 is multimodal future coverage and calibrated probabilistic collision risk. Increasing
the number of diffusion samples from K = 5 to K = 20 reduces minADE from 0.5363 ± 0.0163 to 0.3963 ±
0.0106 m and minFDE from 0.9673 ± 0.0223 to 0.6445 ± 0.0132 m, while trajectory and endpoint diversity
remain non-zero. At K = 20, the diffusion best-of-set FDE is approximately 24.6% lower than the GRU
point-prediction FDE, which demonstrates stronger coverage of plausible future trajectories but should not
be interpreted as an online oracle-selection advantage. M3 also achieves a collision Brier score of 0.0163 ±
0.0026 and ECE of 0.0200 ± 0.0048, substantially improving probability calibration relative to the recurrent,
deterministic, and risk-only comparisons. The ablation study clarifies where these gains originate and where
trade-offs remain. Removing safety context reduces collision F1 from 0.3040 ± 0.0152 to 0.1705 ± 0.0073 and
near-miss F1 from 0.7461 ± 0.0055 to 0.5623 ± 0.0030, demonstrating that safety-context conditioning is
important for risk prediction. Removing depth has only a modest effect under the present ID distribution.
Replacing diffusion with a deterministic predictor removes multimodal sampling and yields worse best-
of-set trajectory coverage, whereas removing the supervised risk heads improves pure trajectory accuracy,
exposing a trade-off between geometric forecasting and joint safety supervision.

Regarding the reviewer question of whether collision probability can be predicted directly without first
predicting trajectories, the answer is yes. The B1 risk-only model reaches a collision F1 of 0.3228 ± 0.0286,
slightly higher than the 0.3040 ± 0.0152 of the full M3 model, showing that explicit trajectory generation
is not required for thresholded collision classification. However, B1 has substantially worse probabilistic
calibration: its collision Brier score is 0.0488 ± 0.0138 and its ECE is 0.1082 ± 0.0285, compared with 0.0163
and 0.0200 for M3. The joint model also preserves multimodal future trajectories and produces stronger near-
miss prediction. Thus, direct risk prediction is feasible, but joint trajectory-risk diffusion is more informative
when downstream decisions require both plausible future motion and calibrated risk probabilities. Regarding
previously unseen obstacle configurations, the answer is also yes: the model can fail or become poorly
calibrated under distribution shift. This failure is not uniform across OOD types. In OOD Dense/Small, M3
collision F1 decreases from 0.3040 ± 0.0152 on ID to 0.1482 ± 0.0133, even though ADE and FDE improve.
In OOD Sparse/Fast, trajectory error increases only modestly, but collision Brier score rises from 0.0163 ±
0.0026 to 0.0538 ± 0.0055 and collision ECE from 0.0200 ± 0.0048 to 0.0543 ± 0.0074. Conversely, the
OOD Large profile improves several safety metrics, including collision F1 to 0.4237 ± 0.0178. These findings
demonstrate that accurate trajectory geometry does not guarantee robust safety-risk estimation and that
OOD robustness must be assessed by both trajectory and calibration metrics.

The expanded closed-loop benchmark further tests this limitation end-to-end using 400 paired base
scenarios, four decision methods, six OOD stress profiles, multiple stochastic rollouts per candidate,
disturbances, and episode-level 95% confidence intervals. The learned model can be used directly for action
selection without oracle future dynamics. However, its safety benefit is scenario dependent. On ID, learned-
fixed numerically reduces collision rate from 16% to 14%, but the paired difference is −2 percentage points
with a 95% CI of [−6,+2]. Across the 300 closed-loop OOD scenarios, collision rates are 22.7% for nominal,
23.3% for learned-fixed, and 23.0% for learned-adaptive. In the hardest Combined-OOD profile, learned-
fixed matches nominal at 36% collision and learned-adaptive reaches 38%, whereas the short-horizon
simulator rollout reference reaches 22% and improves minimum clearance from 0.155 to 0.230 m. The
simulator reference, however, requires approximately 782 ms per planning decision in this profile, compared
with approximately 65 ms for the learned planners.
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Taken together, the closed-loop results demonstrate successful end-to-end integration and a substantial
computational advantage over simulator-based rollout, but they do not establish uniform closed-loop safety
superiority. The contribution of the proposed diffusion world model is therefore best characterized as
a predictive safety representation that provides multimodal future coverage and well-calibrated collision
probabilities at much lower rollout cost, while still exhibiting OOD and control-level limitations that must
be addressed before physical deployment.
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CBF Control Barrier Function
DDIM Denoising diffusion implicit model
ADE Average displacement error
FDE Final displacement error
MAE Mean absolute error
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AUPRC Area under the precision-recall curve
TN True Negative
FP False Positive
FN False Negative
TP True Positive
NM Near Miss
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CUDA Compute Unified Device Architecture
GPU Graphics Processing Unit
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