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Abstract

Translating real-world scenarios into simulation environments is essential for the safe, cost-
effective, and scalable development of autonomous vehicles. Simulations enable rigorous
testing of complex, rare, and hazardous scenarios, while also allowing for rapid iteration,
data generation, and exposure to diverse conditions. However, the real-to-sim gap remains
a significant challenge, as automated methods often fail to accurately capture real-world
conditions, and manual scenario generation is labor-intensive and struggles to replicate
realistic dynamics and unpredictable human behavior.

In this work, we propose Road2Code, a framework that bridges the gap between
real-world traffic data and simulation by leveraging neuro-symbolic program synthesis.
Road2Code translates real-world driving scenarios into Scenic programs! for the CARLA
simulator?, utilizing large language models for code generation. To enhance efficiency, we
employ a distillation approach, where a large language teacher model generates reasoning
processes that refine training for a smaller student model used for inference. Road2Code
enhances simulation fidelity by accurately modeling real-world scenarios and agent behav-
iors while enabling scenario editing and counterfactual analysis, providing essential tools for
testing and refining autonomous vehicle behavior. This direct link between real-world data
and simulation lays a foundation for advancing trustworthy and transparent autonomous
driving research, accelerating progress toward reliable autonomous vehicle systems.
Keywords: Neuro-symbolic Programming, Large Language Models, Artificial Intelligence,
Autonomous Driving.

1. Introduction

Simulating autonomous driving scenarios is essential for autonomous vehicle (AV) systems
development as it is less costly, time-consuming, and limited in scope, compared to real-
world testing Ljungbergh et al. (2025) and it is easy to test “edge cases” such as sudden
pedestrian crossings or unexpected vehicle approaches which are otherwise difficult to test
Kalra and Paddock (2016). Simulation provides a risk-free, scalable environment for AV
testing to enable iterative improvement of perception and planning Rong et al. (2020),
accelerate training Chen et al. (2020), enable dynamic adjustments in vehicle behavior
Filos et al. (2020), and support rigorous validation and verification Li et al. (2023).
However, existing frameworks often fall short in capturing the complexity of real-world
driving and traffic. Most frameworks rely heavily on pre-constructed, deterministic scenarios

1. Scenic is a domain-specific probabilistic language for interpretable traffic scenario generation
2. CARLA is an open-source simulator for autonomous driving, for testing self-driving systems
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Figure 1: Road2Code converts real-world video into realistic CARLA simulations using
Scenic, a domain-specific language. It preserves key elements like road structure, vehicle
positions, and agent behavior (left). It also enables scene editing for further analysis and
scenario refinement (right).

and hand-coded agent behavior models that lack the realism and unpredictability inherent
in actual traffic Chao et al. (2018a,b). This limits their ability to effectively represent crit-
ical and nuanced events necessary for robust AV testing. Moreover, traditional simulation
methods struggle to seamlessly integrate real-world sensory input, into simulation, further
reducing their fidelity and practical relevance Chao et al. (2018a); Li et al. (2019). Ad-
dressing these limitations requires a real-to-simulation framework that can automatically
translate real-world driving observations into realistic, editable simulation scenarios, pro-
viding AV systems with comprehensive exposure to the full spectrum of driving situations
they may encounter on the road.

In this paper, we take the first steps toward bridging the substantial gap between real-
world traffic and simulated driving environments, aiming to create adaptable, high-fidelity
simulations that reflect the complexity of real-world traffic while remaining easily editable
and interpretable. To achieve this, we propose a neuro-symbolic approach that generates
simulated scenes directly from real-world video inputs, enabling seamless integration of real-
world data into simulation frameworks. Using the powerful code generation and reasoning
capabilities of Large Language Models (LLMs) Achiam et al. (2023); Roziere et al. (2023);
Touvron et al. (2023); Anil et al. (2023); Devlin et al. (2019), we extract vehicle trajectories
from the input video data and translate their relative motions into Scenic code Fremont
et al. (2019) using our neuro-symbolic synthesis framework. This code can then be loaded
into simulators such as CARLA Dosovitskiy et al. (2017) for subsequent testing and analysis.

Large models like the GPT family Achiam et al. (2023); OpenAI (2024) excel at code
generation but require billions of parameters, demanding significant computational and
memory resources Xu et al. (2024). Therefore, we employ a smaller language model for pro-
gram generation by distilling knowledge from a teacher model. Using Zero-Shot Chain-of-
Thought (ZS-CoT) prompting Kojima et al. (2023), the teacher model generates reasoning
steps that link input scenarios to code, which are then incorporated into the student model
for fine-tuning and inference, improving efficiency without sacrificing performance.

In summary, our key contributions in this work are:

e We introduce Road2Code, a framework that translates real-world driving scenarios
as captured by cameras and LiDAR sensors into symbolic representations. Road2Code
models diverse traffic patterns and vehicle behaviors, as shown in Figure 1, making it
well-suited for autonomous vehicle certification and testing.



From Road to Code

" We harness the reasoning capabilities of Large Language Models for program gen-
eration, employing a Zero-shot Chain-of-Thought prompting approach to guide the
program synthesizer in generating accurate and interpretable neuro-symbolic code
that captures agent movements and behaviors in real tra ¢ scenarios.

We demonstrate that scenarios generated from real-world videos are easily editable
within our framework (for example, Figure 1, right). Speci cally, applications such
as scene translation, editing, and post-mortem analysis highlight Road2Code's utility
for autonomous driving simulations and comprehensive vehicle behavior testing prior
to deployment.

2. Related Work

Neuro-symbolic Program Synthesis. Program synthesis|generating programs from
high-level task speci cations|has long been a challenge in computer science Biermann
(1978); Summers (1977). Traditional approaches to program synthesis rely on automated
search and reasoning but are limited by engineering complexity and scalability Parisotto
et al. (2016). Neuro-symbolic methods, which combine deep learning with symbolic rea-
soning, have emerged as a promising alternative Chaudhuri et al. (2021); Devlin et al.
(2017); Chen et al. (2021b); Hsu et al. (2023); Okamoto and Parmar (2024); Dang-Nhu
(2020); Mao et al. (2019); Stammer et al. (2021). These methods leverage deep learning
for processing unstructured data while using symbolic representations for logical reason-
ing, interpretability, and generalization Parisotto et al. (2016); Chaudhuri et al. (2021);
Jha et al. (2023). Applications of neuro-symbolic methods span textual reasoning Devlin
et al. (2017), query understanding Chen et al. (2021b); Barceb et al. (2023), vision and
graphics Hsu et al. (2023); Ellis et al. (2018), and multi-modal learning Mao et al. (2019);
Stammer et al. (2021). In autonomous driving and robotics, neuro-symbolic programming
has enabled better decision-making for autonomous agents Sun et al. (2021); Namasivayam
et al. (2023); Bennajeh et al. (2019); Elmaarou et al. (2024a). More recently, a mixture
of experts model has been used to synthesize autonomous vehicle scenarios from natural
language description Elmaarou et al. (2024b).

Large Language Models. Recent advancements in large language models (LLMs) such
as GPT-3 Achiam et al. (2023), GPT-4 Brown (2020), Llama Touvron et al. (2023), PaLM
Anil et al. (2023), and BERT Devlin et al. (2019) have demonstrated strong capabili-
ties in natural language generation Roziere et al. (2023), symbolic reasoning Chen et al.
(2021a), and mathematical problem-solving Hendrycks et al. (2021). However, enhancing
and adapting LLMs' reasoning for speci ¢ tasks remains a challenge. Techniques such as
Chain-of-Thought (CoT) prompting Wei et al. (2022) and Zero-Shot Chain-of-Thought Ko-
jima et al. (2023) enhance reasoning by generating intermediate steps, making models more
interpretable and adaptable. Our approach leverages Zero-shot CoT to generate reasoning
processes, which can enhance program synthesis abilities for simulation scenarios. A key
challenge to harnessing this reasoning ability is deploying LLMs with limited computational
resources. Knowledge distillation and pruning techniques Sanh et al. (2020); Muralidha-
ran et al. (2024); Men et al. (2024); Xia et al. (2023) reduce model size while retaining
performance, but typically require training a new model from from scratch. Instead, we
distill the reasoning process by knowledge transfer from a teacher LLM to a lightweight
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student model, enabling e cient program synthesis for simulations. Training LLMs by uti-
lizing a teacher-student for knowledge transfer have been shown to enhance LLM reasoning
capability Saha et al. (2023); Ho et al. (2022).

Scene Representations and Neural Rendering. Recent advancements in 3D scene
reconstruction and neural rendering, including Neural Radiance Fields (NeRF) Mildenhall
et al. (2021); Tancik et al. (2022); Xu et al. (2022), Gaussian Splatting Wu et al. (2024);
Kulhanek et al. (2024), and implicit representations Sitzmann et al. (2019); Chen and Zhang
(2019); Park et al. (2019), have signi cantly improved autonomous driving simulations by
enabling novel view synthesis and sensor data generation. While these methods can render
both static and dynamic scenes Pumarola et al. (2021); Gao et al. (2021), they lack com-
positionality, making it di cult to edit individual scene elements|an essential requirement

for exible scenario testing in AV simulations. Recent e orts Ost et al. (2021); Tonderski

et al. (2024); Yang et al. (2023); Khan et al. (2024); Bashetty et al. (2020) have intro-
duced editable scene representations, but they still fall short of providing programmatic
control over complex driving scenarios. In contrast, by representing tra ¢ scenes symboli-
cally, our Road2Code approach enables precise control, scenario editing, and counterfactual
analysis|capabilities that neural rendering lacks. The work that is closest to us in recreat-
ing real-world scenarios is Miao et al. (2024) however the main approach is fundamentally
di erent. Our approaches uses model distillation and ne-tuning of foundation models
whereas Miao et al. (2024) uses prompt engineering.

3. Road2Code Neuro-Symbolic Synthesis
3.1. Problem Formulation

Generating realistic and editable autonomous driving scenarios requirstructured program-
matic representations that accurately re ect real-world conditions. Given an input ego-
vehicle videoV, our goal is to generate a Scenic prograr® that encodes the scene, including
the road structure, agent behaviors, and dynamic interactions, which can then be rendered
in CARLA for simulation.

Formally, given an input video sequenceV = fligl_;;lt 2 R% W 3; where I is the
RGB frame at time t, our goal is to generate a programmatic representation:

P=feage2R;a= fag\; (1)

where e represents the road and environment, anda; represents the behaviors of theith
agent (vehicle). The simulator function h then renders the scene:

V=nhP)Y v )
ensuring realism and delity between the real and simulated scene.

3.2. Road2Code Architecture

Road2Code consists of multiple processing stages, leveraging LLMs for program synthesis
and neuro-symbolic reasoning for structured representation learning. We illustrate the
architecture in Figure 2 and describe it here.






	Introduction
	Related Work
	Road2Code Neuro-Symbolic Synthesis
	Problem Formulation
	Road2Code Architecture
	Teacher-Student Model Distillation
	Training and Inference

	Results and Discussion
	Implementation
	Evaluation
	Applications of Road2Code

	Conclusion
	Programmatic Scenario Editability

