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What About Generative Foundation Models with Physics Priors?

• Very few examples, but the topic is becoming very hyped!
• For embodied AI with physical systems, the data we have is often not enough
• Physics priors can „fill the data gap“ & provide better generalization
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Physics-Informed Video-Language-Action Model (VLA)

An example from our TUM-AVS lab in the context of physics-informed learning
with vision-based semantic reasoning for trajectory planning

Y. Gao, D. Hua, M. Piccinini, F. R. Schäfer, K. Moller, L. Li, J. Betz, “StyleVLA: Driving Style-Aware Vision Language Action Model for Autonomous Driving”, 
available on arXiv, 2026
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StyleVLA: Driving Style-Aware Vision Language Action Model for
Autonomous Driving

Yuan Gao1, Dengyuan Hua1, Mattia Piccinini1, Finn Rasmus Schäfer1, Korbinian Moller1, Lin Li2, Johannes Betz1
https://anonymous-paper-2026.github.io/StyleVLA/

Abstract— Vision Language Models (VLMs) are transform-
ing intelligent systems by bridging the gap between visual
perception and linguistic reasoning. In Autonomous Driving
(AD), this synergy has catalyzed the development of Vision
Language Action (VLA) models, which aim to translate high-
level multimodal understanding into actionable driving be-
haviors, typically represented as future trajectories. How-
ever, current VLA models predominantly focus on generating
generic collision-free trajectories. While collision avoidance is
a fundamental requirement, adapting to diverse driving styles
(e.g., sporty, comfortable) is essential for personalized user
experiences. Furthermore, they often treat trajectory generation
as a naive token prediction task, leading to kinematically
infeasible actions. To address these limitations, we present
StyleVLA, a physics-informed VLA framework that generates
diverse, physically plausible driving behaviors. We introduce a
novel hybrid loss function that integrates a physics-informed
kinematic consistency constraint with a continuous regression
head, enhancing the physical feasibility of generated trajec-
tories. To train the StyleVLA model based on Qwen3-VL
4B, we construct a large-scale instruction dataset containing
over 1.2k scenarios with 76k Bird’s Eye View (BEV) and
42k First Person View (FPV) samples, featuring ground-
truth trajectories for five distinct driving styles and natural-
language instructions. Extensive experiments demonstrate that
our 4B-parameter StyleVLA model significantly outperforms
proprietary models (e.g., Gemini-3-Pro) and State-of-the-Art
(SOTA) VLA models. Using a composite driving score that
measures success rate, physical feasibility, and adherence to
user-specified driving styles, StyleVLA achieves 0.55 on BEV
and 0.51 on FPV, compared to 0.32 and 0.35 for Gemini-3-
Pro. This finding highlights that a specialized, physics-informed,
lightweight model can surpass closed-source models on domain-
specific tasks.

I. INTRODUCTION

Foundation models, particularly Large Language Models
(LLMs) and Vision Language Model (VLM), have revolu-
tionized artificial intelligence by demonstrating remarkable
reasoning and generalization capabilities across diverse do-
mains, from natural language processing to Autonomous
Driving (AD) [1]. By leveraging massive-scale pre-training
on internet-scale data, these models can understand complex
multi-modal contexts and perform tasks with minimal zero-
shot adaptation [2]. In the realm of AD, this paradigm
shift has catalyzed the development of Vision Language

1 Y. Gao, D. Hua, M. Piccinini, F. Schäfer, K. Moller, J. Betz are with the
Professorship of Autonomous Vehicle Systems, TUM School of Engineering
and Design, Technical University of Munich, 85748 Garching, Germany;
Munich Institute of Robotics and Machine Intelligence (MIRMI)

2 L. Li is with the School of Mechanical and Aerospace Engineering,
Nanyang Technological University

Fig. 1. Concept of StyleVLA: Enabling driving style-aware trajectory
generation via VLA model. Our framework yields diverse driving styles
(Default, Balanced, Comfort, Sporty, Safety) in response to user instructions.

Action (VLA) models. These models aim to transcend the
limitations of traditional rule-based systems and classical
End-to-End (E2E) architectures by using the multi modal
reasoning of VLMs for decision-making [3].

Specifically, existing VLA models prioritize collision
avoidance, neglecting the heterogeneity of human driving
preferences. As illustrated in Fig. 1, real-world driving
requires adapting to diverse driving styles, such as sporty
or comfort-oriented behaviors, based on user intent. This
deficiency stems from the lack of large-scale datasets with
ground-truth trajectories for diverse driving styles. To address
this, we propose StyleVLA, a driving style-aware VLA
model for trajectory generation in autonomous driving. This
model leverages physics-informed supervision to generate
diverse, physically plausible driving behaviors. To enable
this, we also construct the accompanying StyleVLA dataset,
which provides ground-truth supervision for distinct driving
styles (Default, Balanced, Comfort, Sporty, Safety).

A. Related Work

1) Classical E2E Autonomous Driving: Recent literature
increasingly favors E2E AD to address the limitations of
modular pipelines, aiming to jointly optimize the entire
driving stack by directly mapping raw sensor inputs to con-
trol outputs via neural networks [4]. While early behavioral
cloning approaches [5] suffered from covariate shift, classical
unified architectures like UniAD [6] and VAD [7] have
advanced the field through hierarchical query-based Trans-
formers and efficient vectorized representations. However,
for these traditional architectures [4], handling rare, long-
tail scenarios and generalizing to diverse driving behaviors
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Fig. 2. Overview of the StyleVLA framework. Top (Dataset Construction): A motion planner generates style-specific ground-truth trajectories to
create multimodal instruction samples. Instruction Dataset Generation: Details the instruction generation process and 3D scenario replay in CARLA.
Bottom (Fine-tuning Architecture): The model predicts trajectory tokens using only an LLM head conditioned on visual context and language prompts.
During training, an auxiliary MLP decoder maps the predicted tokens to continuous kinematic trajectories for physics-informed supervision. Training uses
a physics-informed hybrid loss (Ltotal) combining cross-entropy (Lce), regression (Lreg), and kinematic consistency (Lpikc). Trajectory Generation:
Shows the model’s application in both 2D BEV and 3D FPV domains.

the motion planner’s multi-objective cost function to priori-
tize style-specific metrics such as comfort or safety.

Stage 1: Cost Function Design. At each planning step,
the motion planner generates a set of candidate trajectories
X by sampling target end states in the curvilinear coordinate
frame (s, d) along a given reference path. The sampling
spans m lateral displacements d and n longitudinal velocities
ṡ, yielding up to m→ n trajectory candidates ω per step.

Each trajectory ω is represented as a sequence of kinematic
state vectors:

ω = {st}Tt=1, st = [xt, yt, vt, at, εt]
→ ↑ R5, (1)

where (xt, yt) denote the ego-vehicle position, vt the veloc-
ity, at the longitudinal acceleration, and εt the heading angle
at timestep t. T denotes the maneuver duration.

Each candidate trajectory ω is subsequently subjected
to a kinematic feasibility check enforcing bounds on ac-
celeration, curvature, and yaw rate, with infeasible sam-
ples being discarded. The remaining feasible trajectories
Xfeas are then evaluated using a driving style-specific

TABLE I
WEIGHTS ACROSS DRIVING STYLES, FOR THE COST FUNCTION (2) OF

THE FRENTIX MOTION PLANNER USED FOR DATASET GENERATION.

Cost Term Comfort Balanced Sporty Safety Default

Kinematic Constraints (wkin)
Longitudinal Jerk (wj,lon) 0.80 0.50 0.25 0.40 0.20
Lateral Jerk (wj,lat) 0.80 0.50 0.25 0.40 0.20
Velocity Offset (wv) 0.30 0.60 1.00 0.30 1.00
Distance to obstacles (wobs) 0.30 0.80 0.60 2.00 0.00

External Perception (wext)
Phantom Risk (wpm) [27] 3.0 5.0 4.0 8.0 5.0
Visibility Seeking (wve) [28] 0.0 0.5 0.8 1.5 0.0

cost function Jk for each style k ↑ D, where D =

{Comfort, Sporty, Safe,Balanced,Default} denotes the set of
considered driving styles. The cost for a trajectory ω under
driving style k is defined as

Jk(ω) = w→
kin,kCkin(ω) +w→

ext,kCext(ω), (2)

which balances internal kinematic costs Ckin (e.g., jerk or
deviation from the desired velocity), weighted by wkin,k,
and external perceptual costs Cext (e.g., occlusion risk),
weighted by wext,k. Table I lists the corresponding weight
configurations for each driving style k ↑ D. Weights are
designed according to the behavioral role of each cost term
and tuned to produce distinct driving styles.

Among the feasible trajectories Xfeas, the trajectory with
the lowest cost Jk is selected as the style-conditioned output
ω↑k . By adjusting the weight vectors wkin,k and wext,k for
each style, the same sampling pool produces qualitatively
different driving behaviors. Specifically, Comfort Mode pri-
oritizes passenger comfort by penalizing jerk, Sporty Mode
favors faster progress by penalizing deviations from the
desired velocity, Safety Mode enforces larger spatial buffers
around obstacles, and Balanced Mode represents a moderate
trade-off between these objectives. The Default Mode serves
as a baseline configuration.

With the five driving styles k ↑ D defined, we next
prepare the scenario corpus on which Frenetix [25] is
executed. We use 1, 484 scenarios drawn from the CR
scenario database [26]. The CR database comprises a large
collection of traffic scenarios with road networks represented
as Lanelet2 maps [29], enabling an accurate representation
of real-world road structures. The scenarios originate from
14 countries (e.g., Germany: 597, Greece: 258, Poland: 245)
and include diverse traffic scenarios (e.g., urban intersections,

• Ask a VLA to drive a car with a desired style
• VLA inputs: ego states (0.5 sec history), goal state 

(x,y coords), image of the current time step: 2D 
bird-eye-view (BEV) or 3D first-person-view (FPV)

• VLA outputs: 𝑥, 𝑦, 𝜃, 𝑣, 𝑎  for the next 3 sec
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• Ask a VLA to drive a car with a desired style
• Using the Qwen3-VL-4B VLA (4 billion parameters)
• VLA fine-tuning on a custom dataset
• Fine-tuning only the vision encoder, lightweight 

adaptor matrices (QLoRA), MLP decoder  
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Loss function design:
• Standard cross-entropy loss  
• Physics-informed kinematic (PIKC)

• 𝑥̂, 𝑦̂ = predictions from prev. time step 
è unsupervised physics loss

following the nuScenes front-facing camera convention, po-
sitioned forward and above the vehicle center with a 5

→

downward tilt to capture the road ahead while maintaining
horizon visibility. We replay the driving-style ground-truth
trajectories by spawning both the ego vehicle and all traffic
participants. At each simulation timestep, we update vehicle
positions and orientations using coordinate transformation
utilities that convert CR states to CARLA instances. To
match CR obstacles to appropriate CARLA vehicle models,
we employ a dimensional-similarity-matching system. The
system maintains a database of CARLA vehicle dimensions
and selects blueprints based on length, width, and height
similarity, ensuring accurate visual representation of different
vehicle types (e.g., cars, trucks, and buses).

2) Quality Control and Instruction Generation: To ensure
data integrity, we implemented a two-stage filtering pipeline.
First, an automated validation step discards frames with ren-
dering failures (e.g., black screens), or map conversion errors
(e.g., off-road spawning due to coordinate misalignment).
Second, a human-in-the-loop verification removes scenarios
with ambiguous visual cues or incomplete traffic participant
spawning. This process yielded a final dataset of 42,084
high-quality instances from successfully replayed scenarios.

We modify the Human Instruction to enforce implicit
perception and vision-based driving. Unlike the BEV setting,
where traffic-agent states are provided in the prompt, the
FPV setting is vision-only: we omit external traffic states
to prevent shortcut learning (i.e., relying on provided states
instead of perception). The prompt contains only: (1) Ego-
Vehicle History, (2) Goal Point, and (3) Style Command.

D. Fine-Tuning StyleVLA
To enhance the capability of VLA models to generate

diverse driving-style trajectories, we fine-tune a VLM on
our StyleVLA instruction dataset. We adopt Qwen3-VL-
4B [32] as our base model due to its strong multimodal
reasoning capabilities and efficient parameter count, making
it practical for deployment on edge platforms [2]. To make
fine-tuning feasible on consumer-grade hardware, we employ
QLoRA (low-rank adaptation with 4-bit quantization), freez-
ing language model weights and training lightweight adapter
matrices in the attention and feed-forward layers (Fig. 2).

To bridge the gap between discrete semantic reasoning and
continuous control, we introduce a physics-informed hybrid
loss function. This objective jointly optimizes geometric
accuracy and kinematic plausibility, improving trajectory
feasibility compared to standard token-based prediction (Ta-
ble IV).

1) Hybrid Loss Function Design: Standard VLMs are
trained using a CE loss Lce [31], treating trajectory gen-
eration as a next-token prediction task:

Lce = → 1
N

N∑

i=1

logPω(ωgt,i | Xi, Ii), (6)

where N is the number of training samples. ωgt,i denotes
the response with the target style trajectory (e.g., 3 s st =

[xt, yt, vt, at, εt]), Xi the instruction prompt, Ii the visual
input, and Pω(·) the conditional probability distribution over
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Fig. 3. Example training dynamics of StyleVLA fine-tuning on the FPV
instruction dataset. Top: loss terms (Ltotal, Lce, Lreg, Lpikc). Bottom:
learned log-variance parameters (wce, wreg) that yield adaptive precision
weights via exp(→w).

output tokens predicted by the model with parameters ε.
However, token-level classification discretizes continuous
states, potentially introducing quantization error. To address
this, we introduce an auxiliary MLP regression head attached
to the Transformer’s final hidden states (Fig. 2). This head
projects the pooled semantic embedding of the response into
a continuous sequence of kinematic states ϑ̂reg, allowing us
to minimize geometric error against the ground truth ϑgt:

Lreg = ||ε̂reg → εgt||22. (7)

The MLP regression head is used only during training to
provide physics-informed supervision. During inference, tra-
jectory generation is performed solely by the LLM decoding
head, which outputs structured trajectory tokens. To balance
the discrete CE loss (Lce) and the continuous regression loss
(Lreg), which differ significantly in scale and convergence
dynamics, we adopt a Homoscedastic Uncertainty Weighting
strategy [33]. The unified hybrid loss objective is derived
from maximizing the Gaussian likelihood:

Lhybrid =

(
e→wceLce +

1
2
wce

)
+

1
2

(
e→wregLreg + wreg

)
, (8)

where wce and wreg are learnable log-variance parame-
ters. Their corresponding precision weights, exp(→wce) and
exp(→wreg), adaptively rescale Lce and Lreg during fine-
tuning: smaller w increases a term’s contribution. Fig. 3
visualizes the loss curves (top) and the learned parameters
(bottom) during StyleVLA fine-tuning on the FPV instruction
dataset.

2) Physics-Informed Kinematic Consistency (PIKC): To
ensure physical plausibility, we enforce a PIKC Loss (Lpikc).
By predicting the full state vector st = [xt, yt, vt, at, εt]
at each timestep, we derive the physically expected next
position (x̂t+1, ŷt+1) based on the current state and discrete
kinematic equations with time step !t:

x̂t+1 = xt + vt cos ϑt!t+ 0.5 at cos ϑt(!t)2,

ŷt+1 = yt + vt sin ϑt!t+ 0.5 at sin ϑt(!t)2.
(9)

TABLE III
HYPERPARAMETERS USED IN FINE-TUNING

Group Value

Regression Loss Weights
(wreg, wpikc) (2.0, 2.0, 0.5, 0.5, 0.5, 1.5)
Training Hyperparameters (FPV)
Backbone Qwen3-VL-4B-Instruct
Quantization QLoRA, 4-bit
LoRA (r,ω,dropout) (256, 512, 0.05)
Optimizer/schedule AdamW (8-bit), cosine, warmup 0.03
Learning rate 1→ 10→4 (base)
Component LRs vision 2→10→6, merger 1→10→5, reg-head

1→ 10→5, w-params 5→ 10→5

Precision bf16

The consistency loss is then defined as the error between
the model’s directly predicted next position (xt+1, yt+1) and
this physically extrapolated one:

Lpikc =
1

T → 1

T→1∑

t=0

(
||xt+1 → x̂t+1||2 + ||yt+1 → ŷt+1||2

)
. (10)

This loss term does not depend on the ground truth data but
instead operates on the internal consistency of the prediction
itself, allowing the MLP head to learn a differentiable
function of the vehicle’s kinematics. The final regression
objective Lreg,total combines the direct loss Lreg (7) with
the kinematic penalty:

Lreg,total = w↑
regLreg + wpikcLpikc, (11)

where wreg and wpikc are fixed loss weights (see Table III).
We assign higher weights to the position and kinematic term,
while velocity and heading serve as auxiliary guides. This
physics-informed regularization is integrated into Lhybrid (8)
by replacing the Lreg term with Lreg,total. The resulting
training objective is

Ltotal = Lhybrid

∣∣∣
Lreg↓Lreg,total

. (12)

An ablation study on how the physics-informed hybrid loss
affects the performance of the fine-tuned model is presented
in Section III-B.

III. RESULTS & DISCUSSION

A. Experimental Setup
All experiments are performed on a Dell Alienware R15

equipped with an Intel i7-13700KF CPU, an NVIDIA RTX
4090 GPU with 24GB VRAM, and 128 GB of RAM.

1) Evaluated Vision Language Models: Our evaluation
includes leading proprietary and open-source VLMs. For the
proprietary models, we use the following models: Gemini
2.5 Pro, Gemini 2.5 Flash, Gemini 3 Pro, and GPT 5 Nano.
Regarding open-source models, we leverage LMDeploy3 to
deploy Qwen3-VL-4B, Qwen2.5-VL-7B, InternVL3-9B.

2) Evaluation metrics: We evaluate generated trajectory
quality using standard metrics: Average Displacement Error
(ADE) and Final Displacement Error (FDE), computed on
the 2D position sequence (xt, yt) as the mean and final
Euclidean distance to the ground truth. We also report the
Planning Success Rate (PSR), defined as the percentage of

3https://github.com/InternLM/lmdeploy

TABLE IV
ABLATION ON BEV STYLEVLA (QWEN2.5-VL-7B, 3 S HORIZON).

SCALING DATA AND ADDING PHYSICS-INFORMED HYBRID LOSS

CONSISTENTLY IMPROVES GENERALIZATION

Configuration ADE (m) ↑ FDE (m) ↑ PSR ↓ Heading MAE (rad) ↑

Impact of Training Data Scaling (with Physics-Informed Hybrid Loss)
Small (4.5k) 2.08 5.43 20.60% 0.073
Medium (20k) 1.51 3.92 27.14% 0.046
Large (40k) 1.47 3.81 29.37% 0.044
Standard (50k) 1.17 3.06 33.19% 0.035

Impact of Loss Components (50k Training dataset)
CE 1.47 3.82 29.00% 0.043
CE + REG 1.21 3.17 32.08% 0.036
CE + REG + PIKC 1.17 3.06 33.19% 0.035

trajectories with ADE < 1.0m, and the Miss Rate (MR)
for failures with FDE > 2.0m. Additionally, we introduce
the Kinematic Consistency Error (KCE) to quantify physical
violations, calculated as the discrepancy between the model’s
output position at t+1 and the predicted position computed
from (9). Finally, we report the inference time for trajectory
generation.

To resolve trade-offs between disparate metrics, we pro-
pose a unified grading formula Sfinal → [0, 1] that prioritizes
safety and success over raw precision:

Sfinal = 0.35Ssucc + 0.30Sreach + 0.20Sacc + 0.15Skin (13)

where the components are defined as:

Ssucc = PSR, Sreach = 1→ MR,

Sacc = 0.4e→
ADE
1.5 + 0.6e→

FDE
3.0 ,

Skin = 0.3Svel + 0.3Shead + 0.4Sconsist,

(14)

with the kinematic sub-scores given by:

Svel = max(0, 1→ MAEv/3.0),

Shead = max(0, 1→ MAEω/0.2),

Sconsist = max(0, 1→ KCE/0.5).
(15)

B. Experiment 1: Fine-tuning StyleVLA on BEV Domain
1) Ablation Study: Data Scaling Analysis. We trained

the baseline Qwen2.5-VL-7B model on four subsets of our
training dataset to determine the data volume required for
robust generalization. The subsets were stratified by the
number of distinct scenarios: small (4.5k samples), medium
(20k samples), large (40k samples), and standard (50k sam-
ples). All models were trained with a fixed LoRA rank of
256. Table IV shows that increasing dataset size consistently
improves performance. The standard dataset achieves the
lowest ADE (1.17m) and highest PSR (33.19%), signif-
icantly outperforming the small subset (2.08m, 20.60%),
justifying our use of the standard dataset for final training.

Loss function Analysis: To quantify the impact of our
physics-informed hybrid loss framework as stated in Sec-
tion II-D, we perform an ablation study on the Qwen2.5-VL-
7B model trained on the standard dataset (50k), comparing
three configurations: (1) CE denotes Lce; (2) CE + REG
corresponds to the hybrid loss Lhybrid; and (3) CE + REG +
PIKC enhanced Lhybrid by adding Lkin. Table IV highlights
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Outperforming proprietary VLAs (including Alpamayo R1)

Fig. 4. Qualitative comparison of style-conditioned trajectory generation under five driving styles (Default, Balanced, Comfort, Sporty, Safety). We
visualize the goal, ground truth, and predicted trajectories from pretrained VLMs and SOTA baselines (see legend). ”*” failed to generate trajectories.

TABLE V
BENCHMARKING ACROSS VLMS ON BEV DOMAIN (ZERO-SHOT)

Model Score → PSR → MR ↑ ADE ↑ FDE ↑ KCE ↑ Time ↑
(0-1) (ADE< 1m) (FDE> 2m) (m) (m) (m) (s)

Open Source Models
Qwen3-VL-4B 0.00 0.00% 100.0% - - - 2.00
Qwen2.5-VL-7B 0.00 0.00% 100.0% - - - 3.43
InternVL3-9B 0.00 0.00% 100.0% 12.63 25.89 3.72 5.77

Proprietary Models
Gemini-2.5-Flash 0.26 13.30% 73.40% 2.40 5.70 0.07 44.18
Gemini-2.5-Pro 0.27 13.41% 71.57% 2.25 5.74 0.09 44.77
Gemini-3-Pro 0.32 16.38% 66.21% 1.72 4.37 0.11 73.83

Ours (Fine-Tuned)
Qwen2.5-VL-7B 0.46 33.19% 48.18% 1.17 3.06 0.12 3.7
Qwen3-VL-4B 0.55 39.47% 39.91% 1.15 2.93 0.08 1.92

Metrics are computed on generated trajectories. InternVL3-9B achieves a
90.91% generation rate; Qwen3-VL-4B and Qwen2.5-VL-7B generate
none. “–” indicates metrics not computable due to zero success rate.

the progressive gains. Adding the MLP regression head
reduces the FDE by 0.65m (3.82m → 3.17m) and boosts
the PSR by 3.08%. The kinematic consistency loss further
refines control: the ADE improves (1.21m → 1.17m) and
the PSR sees a gain (1.11%), while the FDE improves
(3.17m → 3.06m) and the Heading MAE is reduced
(0.036 rad → 0.035 rad), confirming Lkin as a vital physics-
informed constraint.

2) Benchmarking across VLMs: We fine-tuned two
agents, Qwen2.5-VL-7B and Qwen3-VL-4B, on a training
set of 50k samples (3 s) and evaluated them on a held-
out set of 2000 samples. As summarized in Table V, we
compared our framework against the high-performance open-
source models and proprietary models in a Zero-Shot setting.

The results highlight three critical observations. First,
baseline open-source models fail completely to generate
valid driving-style trajectories (0% success), showing that
driving physics is not innate to standard pre-training. Second,
proprietary models like Gemini-3-Pro, while performing
best among baselines, still struggle with precise trajectory
generation and require over 70 s per inference, making them
unsuitable for online deployment. Third, fine-tuned mod-
els outperform even large-scale models. Our fine-tuned
version of Qwen3-VL-4B achieves a 39.47% success rate,
while the best closed-source model achieves only 16.38%.
Additionally, due to model size and quantization, the infer-
ence time remains online-capable (1.92 s). This proves that
domain-specific adaptation is essential for bridging the gap
between reasoning and control. Furthermore, Qwen3-VL-4B
demonstrates superior efficiency, achieving faster inference
(1.92 s vs. 3.70 s) and higher performance (Score 0.55 vs.

TABLE VI
BENCHMARKING ACROSS VLMS ON FPV DOMAIN (ZERO-SHOT)

Model Score → PSR → MR ↑ ADE ↑ FDE ↑ KCE ↑ Time ↑
(0-1) (ADE< 1m) (FDE> 2m) (m) (m) (m) (s)

Open Source Baselines
Qwen3-VL-4B (Base) 0.00 - - - - - 4.97

Proprietary Models
Gemini 2.5 Flash 0.12 9.04% 87.21% 9.39 18.21 3.42 1.80
Gemini 2.5 Pro 0.29 16.63% 70.74% 2.23 5.76 0.06 35.48
GPT-5 Nano 0.29 16.67% 69.70% 2.36 6.06 0.11 49.05
Gemini 3 Pro 0.35 17.65% 62.35% 1.54 3.94 0.06 91.39

SOTA Models
SimLingo (1B) 0.00 0.30% 99.40% 8.01 17.58 / 0.55
Orion (7B) 0.05 2.10% 96.40% 11.13 21.35 / 0.36
OpenDriveVLA (0.5B) 0.13 7.38% 87.25% 5.83 9.82 / 0.51
Alpamayo-R1 (10B) 0.19 13.60% 73.10% 3.37 5.85 / 0.65

Qwen3-VL-4B (StyleVLA) 0.51 38.60% 36.90% 1.17 3.13 0.11 2.13

Metrics are computed on successfully generated trajectories. All models
achieve 100% generation except OpenDriveVLA (14.9%),
Gemini 2.5 Flash (90.9%), and Qwen3-VL-4B (Base, 0%). - indicates
metrics not computable due to zero success rate. / indicates models lacking
velocity or acceleration outputs; therefore, KCE cannot be computed.

0.46) compared to the Qwen2.5-VL-7B model, aligning with
technical reports [32] that recent architectural advancements
allow smaller models to match or exceed their predecessors.

C. Experiment 2: Fine-tuning StyleVLA on FPV Domain
Based on the ablation study and BEV benchmarking

results, we select Qwen3-VL-4B as the optimal backbone
and employ the physics-informed hybrid loss to fine-tune
our StyleVLA agent (based on 40k samples). The training
hyperparameters are listed in Table III. We benchmark its
end-to-end capabilities on the CARLA FPV dataset (1000
samples) against high-impact pre-trained models. We also
include SOTA VLA models into this comparison, as they
are specifically tailored for E2E AD and offer open-source
checkpoints for reproducible evaluation. Fig. 4 provides
qualitative comparisons across pretrained VLMs and SOTA
baselines under five driving styles.

As shown in Table VI, three trends emerge. First, among
proprietary models, Gemini-3-Pro achieves the best zero-
shot performance but suffers from prohibitive latency
(91.39 s), mirroring the BEV results in Table V. Second,
baseline models and SOTA methods fail to generate high-
quality driving-style trajectories, likely due to insufficient
fine-tuning on style-specific datasets. Furthermore, these
SOTA methods focus primarily on path generation and
cannot output velocity or acceleration, making it impossible
to evaluate their kinematic consistency. Third, our fine-
tuned agent significantly outperforms both proprietary and

Fig. 4. Qualitative comparison of style-conditioned trajectory generation under five driving styles (Default, Balanced, Comfort, Sporty, Safety). We
visualize the goal, ground truth, and predicted trajectories from pretrained VLMs and SOTA baselines (see legend). ”*” failed to generate trajectories.

TABLE V
BENCHMARKING ACROSS VLMS ON BEV DOMAIN (ZERO-SHOT)

Model Score → PSR → MR ↑ ADE ↑ FDE ↑ KCE ↑ Time ↑
(0-1) (ADE< 1m) (FDE> 2m) (m) (m) (m) (s)

Open Source Models
Qwen3-VL-4B 0.00 0.00% 100.0% - - - 2.00
Qwen2.5-VL-7B 0.00 0.00% 100.0% - - - 3.43
InternVL3-9B 0.00 0.00% 100.0% 12.63 25.89 3.72 5.77

Proprietary Models
Gemini-2.5-Flash 0.26 13.30% 73.40% 2.40 5.70 0.07 44.18
Gemini-2.5-Pro 0.27 13.41% 71.57% 2.25 5.74 0.09 44.77
Gemini-3-Pro 0.32 16.38% 66.21% 1.72 4.37 0.11 73.83

Ours (Fine-Tuned)
Qwen2.5-VL-7B 0.46 33.19% 48.18% 1.17 3.06 0.12 3.7
Qwen3-VL-4B 0.55 39.47% 39.91% 1.15 2.93 0.08 1.92

Metrics are computed on generated trajectories. InternVL3-9B achieves a
90.91% generation rate; Qwen3-VL-4B and Qwen2.5-VL-7B generate
none. “–” indicates metrics not computable due to zero success rate.

the progressive gains. Adding the MLP regression head
reduces the FDE by 0.65m (3.82m → 3.17m) and boosts
the PSR by 3.08%. The kinematic consistency loss further
refines control: the ADE improves (1.21m → 1.17m) and
the PSR sees a gain (1.11%), while the FDE improves
(3.17m → 3.06m) and the Heading MAE is reduced
(0.036 rad → 0.035 rad), confirming Lkin as a vital physics-
informed constraint.

2) Benchmarking across VLMs: We fine-tuned two
agents, Qwen2.5-VL-7B and Qwen3-VL-4B, on a training
set of 50k samples (3 s) and evaluated them on a held-
out set of 2000 samples. As summarized in Table V, we
compared our framework against the high-performance open-
source models and proprietary models in a Zero-Shot setting.

The results highlight three critical observations. First,
baseline open-source models fail completely to generate
valid driving-style trajectories (0% success), showing that
driving physics is not innate to standard pre-training. Second,
proprietary models like Gemini-3-Pro, while performing
best among baselines, still struggle with precise trajectory
generation and require over 70 s per inference, making them
unsuitable for online deployment. Third, fine-tuned mod-
els outperform even large-scale models. Our fine-tuned
version of Qwen3-VL-4B achieves a 39.47% success rate,
while the best closed-source model achieves only 16.38%.
Additionally, due to model size and quantization, the infer-
ence time remains online-capable (1.92 s). This proves that
domain-specific adaptation is essential for bridging the gap
between reasoning and control. Furthermore, Qwen3-VL-4B
demonstrates superior efficiency, achieving faster inference
(1.92 s vs. 3.70 s) and higher performance (Score 0.55 vs.

TABLE VI
BENCHMARKING ACROSS VLMS ON FPV DOMAIN (ZERO-SHOT)

Model Score → PSR → MR ↑ ADE ↑ FDE ↑ KCE ↑ Time ↑
(0-1) (ADE< 1m) (FDE> 2m) (m) (m) (m) (s)

Open Source Baselines
Qwen3-VL-4B (Base) 0.00 - - - - - 4.97

Proprietary Models
Gemini 2.5 Flash 0.12 9.04% 87.21% 9.39 18.21 3.42 1.80
Gemini 2.5 Pro 0.29 16.63% 70.74% 2.23 5.76 0.06 35.48
GPT-5 Nano 0.29 16.67% 69.70% 2.36 6.06 0.11 49.05
Gemini 3 Pro 0.35 17.65% 62.35% 1.54 3.94 0.06 91.39

SOTA Models
SimLingo (1B) 0.00 0.30% 99.40% 8.01 17.58 / 0.55
Orion (7B) 0.05 2.10% 96.40% 11.13 21.35 / 0.36
OpenDriveVLA (0.5B) 0.13 7.38% 87.25% 5.83 9.82 / 0.51
Alpamayo-R1 (10B) 0.19 13.60% 73.10% 3.37 5.85 / 0.65

Qwen3-VL-4B (StyleVLA) 0.51 38.60% 36.90% 1.17 3.13 0.11 2.13

Metrics are computed on successfully generated trajectories. All models
achieve 100% generation except OpenDriveVLA (14.9%),
Gemini 2.5 Flash (90.9%), and Qwen3-VL-4B (Base, 0%). - indicates
metrics not computable due to zero success rate. / indicates models lacking
velocity or acceleration outputs; therefore, KCE cannot be computed.

0.46) compared to the Qwen2.5-VL-7B model, aligning with
technical reports [32] that recent architectural advancements
allow smaller models to match or exceed their predecessors.

C. Experiment 2: Fine-tuning StyleVLA on FPV Domain
Based on the ablation study and BEV benchmarking

results, we select Qwen3-VL-4B as the optimal backbone
and employ the physics-informed hybrid loss to fine-tune
our StyleVLA agent (based on 40k samples). The training
hyperparameters are listed in Table III. We benchmark its
end-to-end capabilities on the CARLA FPV dataset (1000
samples) against high-impact pre-trained models. We also
include SOTA VLA models into this comparison, as they
are specifically tailored for E2E AD and offer open-source
checkpoints for reproducible evaluation. Fig. 4 provides
qualitative comparisons across pretrained VLMs and SOTA
baselines under five driving styles.

As shown in Table VI, three trends emerge. First, among
proprietary models, Gemini-3-Pro achieves the best zero-
shot performance but suffers from prohibitive latency
(91.39 s), mirroring the BEV results in Table V. Second,
baseline models and SOTA methods fail to generate high-
quality driving-style trajectories, likely due to insufficient
fine-tuning on style-specific datasets. Furthermore, these
SOTA methods focus primarily on path generation and
cannot output velocity or acceleration, making it impossible
to evaluate their kinematic consistency. Third, our fine-
tuned agent significantly outperforms both proprietary and
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Physics-Informed Video-Language-Action Model (VLA)

Y. Gao, D. Hua, M. Piccinini, F. R. Schäfer, K. Moller, L. Li, J. Betz, “StyleVLA: Driving Style-Aware Vision Language Action Model for Autonomous Driving”,
available on arXiv, 2026

• Impact of dataset size: the more, the better 
• Impact of physics-informed loss component (PIKC): better generalization



What Are Promising 
Future Directions?
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Future Directions to Address Open Challenges

• Combining multiple physics priors routes: physics-guided inputs and data, 

physics-encoded architectures, physics-informed loss functions

• Foundation models in Embodied AI: use physics priors to fill the data gap

• Differentiable end-to-end training to boost performance & rapid adaptation

• Online lifelong physics-aware adaptation

• Provably safe and verifiable system performance 

• Interpretability and social acceptance
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Thank You for Attending!

• Remember to send us your report to receive the credits by the end of August
• We are happy to support you in developing a good research idea (both for the 

report and the following implementation, if you like!)
• We will create an Excel file in the shared Google Drive folder, where you can 

write if you need to pass the final „exam“ (report), or if you just need an 
attendance certificate à please use the shared Excel for this

Feedback needed: We prepared a short questionnaire (5 min) to help us improve 
next year's edition. Thanks a lot!



Let’s work together!


