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Abstract
Generating realistic and controllable vehicle trajectories remains
a key challenge in traffic simulation due to the dynamic and sto-
chastic nature of road traffic. Existing deep learning approaches
often rely solely on raw sensory inputs, limiting their ability to
capture both fine-grained spatiotemporal dependencies and high-
level semantic context. To address this gap, we propose a gener-
alizable framework with two complementary modules. The first
performs low-level numerical modeling using a dynamic Spatial-
Temporal Graph Neural Network and visual encoder to capture
spatial–temporal dynamics and environmental context. The second
applies perception-driven semantic modeling via a Multi-Modal
Large Language Model pipeline to extract human-like interpreta-
tions of traffic scenarios. Outputs from both modules condition a
diffusion-based generative model to produce behaviorally feasible,
controllable trajectories. Experiments on a real-world dataset show
significant improvements over state-of-the-art baselines across mul-
tiple metrics, validating the effectiveness of our approach.
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1 Introduction
Vehicle trajectory data is crucial for trafficmanagement, autonomous
vehicle development, and urban planning [5–7], but real-world data
collection is limited by privacy, cost, and technical barriers. Gener-
ating realistic and controllable trajectories remains challenging due
to traffic’s dynamic and stochastic nature and complex multi-agent
interactions. Early rule-based and kinematic trajectory generation
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models offered interpretability but struggled to capture the complex-
ity and variability of real-world traffic. Deep learning approaches
improved adaptability, and diffusionmodels now produce stable and
diverse trajectories for complex traffic scenarios. However, most
existing methods oversimplify sensory data embeddings, limiting
their ability to capture dynamic spatiotemporal dependencies and
fail to reveal higher-level intent and behavioral patterns influencing
driving behavior.

This study introduces a two-module trajectory generation frame-
work: (1) a numerical modeling module using a dynamic Spatial
Temporal Graph Neural Network and visual encoder to capture
spatial–temporal dynamics and environmental context, and (2) a
semantic modeling module using a Multi-Modal Large Language
Model pipeline to produce human-like interpretations of the same
data. The dynamic STGNN adapts its graph structure at each timestep
to model evolving vehicle interactions more accurately than fixed-
graph STGNNs, improving the extraction of complex traffic dy-
namics and neighbor influence. The semantic module goes beyond
low-level sensory features by generating and encoding textual sum-
maries of movements and constraints with an MLLM semantic
pipeline. This extracts intent, scene semantics, and behavioral pat-
terns using reasoning capabilities and pretrained world knowledge.

By combining the numerical and semantic modeling components,
our framework conditions a diffusion-based generative model on a
richer, more comprehensive representation of historical observa-
tions. This dual-perspective approach significantly enhances both
the realism and controllability of the generated trajectories.

While this paper presents one concrete implementation of our
approach, the proposed method can be generalized as a conceptual
framework for input modeling in trajectory generation. It encour-
ages analyzing spatiotemporal data from two distinct but comple-
mentary perspectives: numerical modeling, which captures precise
patterns and interactions, and semantic modeling, which infers
intent and context. Human drivers naturally engage in seman-
tic reasoning, considering behaviors, goals, and context, rather
than computing exact motion paths. Nonetheless, numerical anal-
ysis remains essential for identifying fine-grained interactions
that semantic reasoning alone may overlook. By integrating both
paradigms, our framework promotes a modular design philosophy,
allowing researchers to experiment with different architectures
tailored to numerical or semantic processing without being lim-
ited to the specific components used in our study. Source code:
https://github.com/DimuthuLakmal/TrajNS.git

The main contributions of this paper are summarized as follows:

• Dual-perspective input framework combining numerical
modeling of vehicle dynamics and interactions with seman-
tic modeling of intent, behavior, and context, improving the
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controllability and realism of diffusion-based trajectory gen-
eration.

• MLLM-based pipeline that generates textual summaries from
historical spatial data, extracting intent, scene semantics, and
behavioral pattern information to facilitate semantic-level
reasoning.

• Dynamic STGNN with temporally adaptive graph structures
for accurately capturing evolving vehicle interactions in
complex traffic.

2 TrajNS: Problem Statement and Architecture
In this section, we first define the key problem statement, followed
by the architectural details of TrajNS, our dual-perspective frame-
work. Finally, we detail the training and inference procedures, in-
cluding rule-based guidance for controllable and realistic trajectory
synthesis.

2.1 Problem Statement
Given historical observations over a window of 𝑇 steps up to
time step 𝑡 , including ego vehicle data 𝑂𝑒

𝑡−𝑇+1:𝑡 , 𝑀 adjacent ve-
hicles 𝑂𝑀

𝑡−𝑇+1:𝑡 , and the surrounding environment 𝑂env
𝑡−𝑇+1:𝑡 , the

goal is to generate the ego vehicle’s future trajectory 𝜏𝑒
𝑡+1:𝑡+𝐻 =

{(𝑠𝑒
𝑡+1, 𝑎

𝑒
𝑡+1), . . . , (𝑠

𝑒
𝑡+𝐻 , 𝑎

𝑒
𝑡+𝐻 )} for a horizon of 𝐻 steps. Each ele-

ment contains an action 𝑎𝑒𝑡 = ( ¤𝑣𝑒𝑡 , ¤𝜓𝑒
𝑡 ) - acceleration and yaw rate,

and a state 𝑠𝑒𝑡 = (𝑣𝑒𝑡 ,𝜓𝑒
𝑡 , 𝑝

𝑒
𝑡 ) - speed, yaw, and position.

The objective is to learn a trajectory distribution 𝜋𝜙 (𝜏𝑒𝑡+1:𝑡+𝐻 |
𝑂𝑒
𝑡−𝑇+1:𝑡 ,𝑂

𝑀
𝑡−𝑇+1:𝑡 ,𝑂

env
𝑡−𝑇+1:𝑡 ) that approximates the ground truth

while satisfying constraints 𝐶 such as collision avoidance and stay-
ing on-road. At each time 𝑡 , the ego observation is 𝑜𝑒𝑡 = (𝑣𝑒𝑡 ,𝜓𝑒

𝑡 , 𝑝
𝑒
𝑡 ),

and the𝑚-th adjacent vehicle’s observation is 𝑜𝑚𝑡 = (𝑣𝑚𝑡 ,𝜓𝑚
𝑡 , 𝑝𝑚𝑡 ),

with histories 𝑂𝑒
𝑡−𝑇+1:𝑡 = {𝑜𝑒

𝑡 ′ }
𝑡
𝑡 ′=𝑡−𝑇+1 and 𝑂𝑀

𝑡−𝑇+1:𝑡 = {(𝑜1
𝑡 ′ , ..,

𝑜𝑀
𝑡 ′ )}

𝑡
𝑡 ′=𝑡−𝑇+1. The model generates future trajectories conditioned

on this spatiotemporal context to ensure they are feasible, realistic,
and compliant with all constraints.

2.2 Architecture
Dual-Perspective Conditioning Architecture: We refer to our
architecture as TrajNS, which combines numerical and semantic
modeling of spatiotemporal data to condition a diffusion-based
trajectory generator (Figure 1). The diffusion model adopts a U-
Net backbone and is guided by three embeddings from the input
pipeline’s two modules. The numerical modeling module includes
a dynamic STGNN and an image encoder. The STGNN extracts
spatial–temporal features from historical vehicle observations us-
ing a temporally adaptive graph, while the image encoder captures
environmental context from visual map data. The semantic model-
ing module uses a Multi-Modal Large Language Model to perform
human-like reasoning on historical spatiotemporal data, produc-
ing textual descriptions of scene semantics, intent, and behavioral
patterns. These descriptions are converted into text embeddings
via a text encoder. The three embeddings jointly condition the
diffusion model, which outputs an ego-vehicle action sequence
𝐴𝑒
𝑡+1:𝑡+𝐻 = {𝑎𝑒

𝑡+1, . . . , 𝑎
𝑒
𝑡+𝐻 }. Actions are transformed into states

𝑆𝑒
𝑡+1:𝑡+𝐻 = {𝑠𝑒

𝑡+1, . . . , 𝑠
𝑒
𝑡+𝐻 } using a kinematic model such as the

Unicycle model, where 𝑠𝑒
𝑡+1 = 𝑓 (𝑎𝑒𝑡 , 𝑠𝑒𝑡 ). The following sections

detail the framework’s components and diffusion process.

2.2.1 Components of the Numerical Modeling Module. The numeri-
cal modeling module components are designed to extract low-level
numerical spatiotemporal information from raw sensory data.

Dynamic Spatiotemporal Graph Neural Network: Unlike
traditional STGNNs with fixed graph connectivity, our dynamic
STGNN adapts to evolving vehicle interactions by combining a tem-
poral transformer encoder with a dynamic Graph Attention Net-
work (GAT). The transformer encoder computes time-dependent
node weights𝑊𝑡 = {𝑤1

𝑡 , . . . ,𝑤
𝑁
𝑡 } from embedded historical fea-

tures 𝑋 ∈ R𝑇×𝑁 (𝑚)×𝐹 , allowing the model to reflect changes in
vehicle influence over time. Here,𝑁 (𝑚) denotes the maximum num-
ber of adjacent vehicles observed in the𝑚th input sequence, which
may vary across sequences. These weights are passed to a GAT
to capture spatial dependencies, producing latent spatial vectors
𝐺 = {𝑔1, . . . , 𝑔𝑁 }. Finally, Graph Temporal Encoder blocks analyze
𝐺 across𝑇 timesteps to capture temporal patterns, yielding the first
set of low-level embeddings.

Image Encoder: Alongside the dynamic STGNN, the numerical
modeling module incorporates an image encoder based on a ResNet
architecture to capture environmental context from visual maps.
Directly converting maps into graph structures is computationally
inefficient due to their large node and edge counts. Instead, we
generate a sequence of map images for each timestep with vehicle
locations superimposed to embed dynamic spatial context. These
images are stacked along the channel axis and processed by the
ResNet, producing the second type of low-level embedding. This
design follows the approach in [10].
2.2.2 Components of the Semantic Modeling Module. The semantic
modeling module interprets historical spatiotemporal data through
human-like reasoning using an MLLM pipeline to extract high-level
intent, behavioral patterns, and contextual insights.

Fine-Tuned Multi-Modal Large Language Model: We em-
ploy a fine-tuned QWEN2.5-VL model [1] to capture semantic in-
formation from map images and sequences of vehicle locations.
Starting from a publicly available pretrained model, we fine-tune
it to align with reasoning over historical traffic data. The model
outputs textual summaries describing vehicle behaviors and scene-
level context.

Text Encoder: The generated summaries, capped at 512 tokens,
are tokenized and passed through an Electra encoder [4] to produce
compact text embeddings. These high-level semantic embeddings
condition the diffusion model alongside the low-level spatiotempo-
ral embeddings from the numerical module.

2.3 Training and Inference
2.3.1 Training. The model is trained via imitation learning to gen-
erate trajectories that match those in the training set. We minimize
the objective 𝐿(𝜃 ) = E𝜖,𝜏0,c

[
∥𝝉0 − 𝝉0∥2

]
where 𝜏0 is the ground-

truth trajectory, 𝜏0 is the reconstructed output, and c denotes the
conditioning features from our dual-perspective input framework.
2.3.2 Inference. For fair comparison with other diffusion-based
approaches, we apply rule-based gradient guidance during infer-
ence [10] to balance realism and constraint satisfaction. A rule-
agnostic trajectory generator is first trained, and during inference
it is guided by an iterative gradient optimization process for rule-
specific controllability. The reverse diffusion step is approximated
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Figure 1: Overall Architecture of TrajNS. Key components are described in Sec. 2.2

Table 1: Comparison of methods for trajectory generation. Lower values indicate better performance for all metrics except cov,
where higher values are preferable.

No Collision No Off-Road

ADE FDE cov real rel-real rule fail ADE FDE cov real rel-real rule fail

SimNet 7.043 17.948 194.70 0.129 0.353 0.375 0.536 7.043 17.948 194.70 0.129 0.353 0.296 0.536
SimNet + opt 6.840 17.543 200.80 0.104 0.346 0.341 0.537 5.124 13.322 239.10 0.135 0.357 0.236 0.522
TrafficSim 5.629 13.902 260.60 0.134 0.356 0.108 0.157 5.629 13.902 260.60 0.134 0.356 0.111 0.157
TrafficSim + opt 5.628 13.901 261.00 0.168 0.348 0.106 0.155 5.640 13.916 258.40 0.143 0.345 0.094 0.163
BITS 2.851 7.004 544.55 0.167 0.386 0.103 0.138 2.851 7.004 544.55 0.167 0.386 0.085 0.138
BITS + opt 2.933 6.699 549.00 0.162 0.381 0.062 0.113 2.902 6.938 532.70 0.166 0.378 0.043 0.151
CTG 3.639 9.706 530.10 0.079 0.360 0.084 0.145 3.639 9.706 530.10 0.079 0.360 0.084 0.145
CTG + opt 3.604 9.514 536.00 0.094 0.356 0.079 0.134 3.090 8.068 529.90 0.132 0.372 0.037 0.184
TrajNS 3.012 7.775 546.10 0.087 0.343 0.071 0.158 3.012 7.775 546.10 0.087 0.343 0.071 0.158
TrajNS + opt 2.793 7.410 577.10 0.075 0.321 0.059 0.078 2.863 7.573 555.00 0.086 0.333 0.031 0.144

Table 2: Comparison of methods for trajectory generation
with inference-time gradient optimization for combination
of rules: No Collision + No Off-Road

No Collision + No Off-Road

ADE FDE cov real rel-real rule(col) rule(off-road) fail

SimNet 5.064 13.223 170.45 0.166 0.340 0.360 0.240 0.521
TrafficSim 5.631 13.904 261.10 0.135 0.341 0.111 0.096 0.160
BITS 2.250 6.036 587.40 0.158 0.357 0.041 0.037 0.044
CTG 2.783 7.456 602.65 0.110 0.347 0.049 0.037 0.047
TrajNS 2.712 7.421 595.60 0.091 0.317 0.039 0.034 0.041

as 𝑝𝜃 (𝜏𝑡−1 | 𝜏𝑡 , 𝑦, 𝑐inf ) ≈ N (𝜏𝑡−1; 𝜇𝜃 + Σ𝑔, Σ𝜃 ), where 𝑐inf denotes

rule-based constraints and Σ𝑔 is the final gradient from the guid-
ance process. Given initial observations, the model generates future
trajectories for subsequent future timesteps, processing all vehicle
observations in parallel to enable multi-agent trajectory generation.

3 Experimental Evaluation
We conducted a series of experiments to evaluate how well the
proposed framework balances physical feasibility, safety, and gen-
eralization across complex driving scenarios, while maintaining
controllability over the generated output compared to a set of com-
petitive baselines.
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Figure 2: Visual comparison of generated trajectories. (a),
(d), (g) represent trajectories generated by TrajNS. (b), (e),
(h) represent trajectories generated by CTG. (c), (f), (i) repre-
sent trajectories generated by BITS model. All the outputs
generated applying inference time optimization for both no-
collision and no-off-road rules

3.1 Setup
Dataset: We use the nuScenes dataset [3], containing 1,000 20-
second scenes captured in two cities from radar, lidar, and camera
sensors installed in autonomous vehicles. For evaluation, we select
50 scenes covering a range of traffic complexities.

EvalutionMetrics: We assess realism using theWasserstein dis-
tance between histograms of simulated and ground-truth trajectory
profiles, alongwith themean of threemotion characteristics [9]: lon-
gitudinal acceleration, lateral acceleration, and jerk—measured both
independently (real) and relative to other vehicles (rel-real). Con-
trollability is evaluated via rule-specific violations [10]: collision
and off-road avoidance, and by the failure rate (fail) - the fraction
of agents experiencing critical failures. Accuracy is measured using
Average Displacement Error (ADE) and Final Displacement Error
(FDE); however, these do not capture the diversity or generalization
ability of generative models. We therefore also report Coverage,
which quantifies the proportion of drivable area occupied by valid
trajectories. Together, ADE, FDE, and Coverage provide a holistic
evaluation of trajectory accuracy, diversity, and safety.

Baselines:We evaluate our method against four baseline models:
CTG [10], BITS [9], SimNet [2], and TrafficSim [8]. All baselines
are evaluated both with and without inference-time rule-based
optimization.

3.2 Experimental Results
We compare TrajNS with competitive baselines under two inference-
time settings: (i) single-rule optimization for No Collision or No
Off-Road, and (ii) combined optimization applying both rules [10].

The +opt suffix in Table 1 denotes models with rule-based gradient
guidance during inference. Every model is applied with inference
time optimization in Table 2.

Single-rule evaluation: As shown in Table 1, TrajNS achieves
strong accuracy and the highest Coverage, outperforming CTG and
matching or surpassing BITS.While BITS yields slightly betterADE,
TrajNS excels in diversity (Coverage) and realism (real, rel-real) with
lower violation and failure rates, indicating better controllability
and safety.

Combined-rule evaluation: Under simultaneous No Collision
and No Off-Road constraints (Table 2), TrajNS maintains compet-
itive accuracy and coverage while achieving the lowest violation
and failure rates and the highest realism scores. Joint optimization
improves compliance without degrading accuracy or diversity.

Overall, TrajNS- built on dual numerical and semantic modeling
- consistently balances accuracy, diversity, realism, controllability,
and safety, demonstrating the value of integrating both perspectives
in trajectory generation.

4 Conclusion and Future Work
We presented TrajNS, a vehicle trajectory generation framework
that combines numerical modeling—via a dynamic STGNN and im-
age encoder-with semantic modeling through a fine-tuned MLLM.
This dual-perspective design enables a diffusion-based generator
to produce accurate, realistic, diverse, and controllable trajectories.
Future work will focus on improving robustness in partially observ-
able environments, enhancing performance under limited or sparse
observations to increase reliability in safety-critical scenarios.
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