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ABSTRACT

Intelligent transportation systems (ITS) require reliable coordination among mul-
tiple vehicles operating under heterogeneous behaviors and time-varying traffic
conditions. Prior approaches face a recurring trade-off: physics-based controllers
provide interpretability and constraint handling but can be brittle under model
mismatch, whereas data-driven policies adapt to complex scenarios but often
lack safety guarantees and transparent decision logic. We propose a hierarchical,
physics-guided framework that separates semantic coordination from continuous
control execution. At the regional level, a large language model (LLM) generates
discrete, human-interpretable coordination directives (e.g., yielding priority and
target gaps) from multimodal observations. At the vehicle level, each directive
is realized by a physics-informed controller augmented with a learned residual
policy, where the residual is constrained and safety-filtered to preserve feasibil-
ity and closed-loop robustness. Multimodal fusion via vision–language models
(VLMs) supports context-aware coordination by combining visual cues with tex-
tual traffic descriptors and temporal signals. In highway merging simulations, the
proposed framework improves traffic throughput by 23% and reduces collision
rates by 31% relative to classical and learning-based baselines, indicating that se-
mantic coordination and physics-grounded execution can be combined without
sacrificing safety-critical control requirements.

1 INTRODUCTION

Urban traffic congestion continues to impose substantial social, economic, and environmental
burdens on modern cities. Recent analyses estimate that congestion-related delays cost billions of
dollars in lost productivity and excess fuel consumption annually, while tailpipe emissions from inef-
ficient traffic flows degrade urban air quality and contribute to climate impact Essamlali et al. (2025);
Gao et al. (2025); Lin (2025); Yu et al. (2025b). These inefficiencies stem not merely from limited
infrastructure capacity but also from complex interactions among heterogeneous vehicles, diverse
driving behaviors, pedestrian unpredictability, and dynamic environmental factors Yu et al. (2025c).
Consequently, attempts to alleviate congestion through road-widening or infrastructure expansion
alone often lead to induced demand effects, resulting in only temporary improvements Ossokina
et al. (2022); Wang et al. (2025a); Xin et al. (2024); Cao et al. (2025c;b). Meanwhile, Connected
and Autonomous Vehicles (CAVs) have emerged as a promising direction for transforming traffic
systems by enabling vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) coordination Is-
lam et al. (2023); Xin et al. (2025b); Yu (2025); Lin et al. (2025b); Zheng et al. (2025a;b); Tian et al.
(2025b); Lin et al. (2024b). However, unlocking the efficiency potential of CAVs requires coordina-
tion strategies that remain robust, interpretable, and reliable across diverse traffic situations.
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Figure 1: Overview of the proposed hierarchical framework. Multimodal inputs (visual, semantic,
temporal) are integrated at the regional level to produce low-frequency semantic directives via a
Regional LLM Coordinator. Each vehicle executes directives through a physics-based controller
augmented by a bounded residual policy, followed by a hard safety filter (e.g., CBF/QP) to enforce
constraint satisfaction. The traffic environment provides state/observation feedback to close the
loop.

Traditional vehicle control and traffic coordination strategies rely on physically grounded and
mathematically interpretable frameworks, such as Model Predictive Control (MPC), PID, car-
following models, artificial potential field methods, sampling-based methods, and optimal control
formulations Borrelli et al. (2005); Zhang et al. (2025b); Li et al. (2025b;a). These methods can
ensure stable and safe vehicle behavior by explicitly embedding system dynamics, collision avoid-
ance constraints, and comfort considerations Wang & Wang (2024); Sarkar et al. (2025); Xin et al.
(2025a); Lin et al. (2025a). However, their performance depends heavily on parametric assumptions
that simplify real-world complexities, such as homogeneous vehicle types, rational driving behav-
iors, and stationary traffic regimes Treiber & Kesting (2013); Cao et al. (2025a). In environments
where human-driven vehicles exhibit varying levels of aggressiveness and attention, these assump-
tions may fail, leading to degraded performance or overly conservative behaviors Chen et al. (2023).
Thus, classical control methods offer safety and interpretability but often sacrifice adaptability in
rapidly changing contexts.

Recent advancements in reinforcement learning (RL) and deep learning have shown the potential
to improve adaptability by optimizing control policies directly from interaction experience Yu et al.
(2025a); Lin et al. (2024a); Tian et al. (2025c). Learning-based systems excel in high-dimensional
state spaces and can infer control strategies for conditions that exceed the modeling capability of
handcrafted physics models Li et al. (2026). Nevertheless, deploying such methods in safety-critical
domains such as transportation remains challenging. First, RL models demand extensive training
data that are unsafe or impractical to collect in real traffic scenarios Kiran et al. (2021). Second,
policy learning often results in opaque decision processes that cannot easily be interpreted or vali-
dated Rudin (2019). Third, learned policies generally provide few formal safety guarantees and may
exhibit unpredictable failure modes in previously unseen conditions Cheng et al. (2019). While mul-
timodal perception models—integrating visual, temporal, and semantic features—have improved
scene interpretation Chen et al. (2024b), current systems still struggle to translate perception into
coordinated and verifiable vehicle actions Araujo et al. (2023).

Multi-agent coordination introduces additional layers of complexity beyond single-vehicle con-
trol Zhang et al. (2025a). Effective traffic coordination requires resolving implicit social negotiations
such as merging priority, yielding behavior, platoon formation, and lane-level cooperation Shalev-
Shwartz et al. (2017). Conventional Multi-Agent Reinforcement Learning (MARL) methods face
non-stationarity, where each agent’s evolving policy continuously alters the environment for all
others Hernandez-Leal et al. (2019). As a consequence, MARL systems often scale poorly with
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Table 1: Representative comparison of approaches for intelligent transportation systems.

Approach Interpret. Adapt. Multi-Agent Multimodal Physics Safety Theoretical Real-time

IDM/MPC Borrelli et al. (2005); Treiber & Kesting (2013) ✓ × × × ✓ ✓ ✓ ✓
DCRNN Li et al. (2018) × ✓ × △ × × △ ✓
PPO/SAC Schulman et al. (2017); Haarnoja et al. (2018) △ ✓ × △ × × △ ✓
QMIX/MAPPO Rashid et al. (2020); Yu et al. (2022) △ ✓ ✓ △ × △ △ ✓
InterFuser Shao et al. (2023) × ✓ × ✓ × △ × ✓
GPT-Driver Chen et al. (2025) ✓ △ △ ✓ × × × △
LanguageMPC Sha et al. (2023) ✓ △ × △ ✓ ✓ △ △
Ours ✓ ✓ ✓ ✓ ✓ ✓ △ ✓

Notes: △ denotes partial/indirect support. ... Theoretical = stated stability/convergence results; we mark △ for
our method as the LLM coordination optimality analysis (Prop. 3) remains informal.

traffic density and fail to generalize to new roadway topologies or behavioral distributions. Re-
cently, Large Language Models (LLMs) have demonstrated capabilities in structured reasoning and
high-level planning in multi-agent settings Chen et al. (2025); Wang et al. (2025b). These models
allow coordination logic to be expressed in interpretable natural language form, offering a potential
foundation for human-comprehensible CAV cooperation. However, existing LLM-based coordina-
tion approaches often remain disconnected from low-level continuous control, lacking the physical
grounding needed for safety and closed-loop robustness in real traffic scenarios.

To address these gaps, we propose a physics-guided hierarchical multi-agent framework that
integrates high-level semantic reasoning with verifiable low-level control. Our central hypothesis
is that traffic coordination is inherently hierarchical: what should be coordinated (e.g., merging or-
der, negotiation priority, lane assignment) is naturally specified at an abstract semantic level, while
how to realize those cooperative intentions must be grounded in vehicle dynamics and safety en-
velopes Khan et al. (2025). Accordingly, we introduce regional LLM-based coordination modules
that generate interpretable coordination directives (e.g., yielding priority, target gaps, or speed har-
monization), which are then executed by per-vehicle controllers built from a physically grounded
baseline control law augmented with a constrained residual learning correction and safety filtering
to preserve feasibility and robustness Cheng et al. (2019). This design aims to improve adaptability
while maintaining safety-critical control requirements.

Our contributions can be summarized as follows:

• A hierarchical physics-guided coordination framework. Inspired by recent progress
on leveraging foundation models for structured decision support, we introduce a two-level
architecture separating semantic coordination (via regional LLM reasoning) from vehicle-
level residual control, aiming for interpretability at the high level and safety-aware execu-
tion at the low level Brunke et al. (2022).

• Unified multimodal scene representation. We develop a vision–language–temporal fu-
sion framework that captures visual topology, behavioral intent cues, and temporal motion
trends to support context-aware coordination Tian et al. (2025a); Chen et al. (2024a).

• Residual learning with safety-preserving constraints. Our residual adaptation layer pro-
vides fine-grained adjustability of vehicle actions while preserving physical stability and
comfort bounds through explicit constraints Berkenkamp et al. (2017).

• Comprehensive empirical evaluation. We evaluate in challenging highway merging sce-
narios and report improvements in throughput, collision rates, and driving efficiency, with
ablation studies isolating and validating each architectural contribution.

2 METHODOLOGY

2.1 PROBLEM FORMULATION

We consider a traffic network with N autonomous vehicles operating in a shared environment E .
The key difficulty is that multi-vehicle interactions are coupled (each agent affects others) and non-
stationary (traffic patterns, intents, and local conflicts evolve over time). We formulate coordination
as a multi-agent sequential decision problem with a weighted reward capturing safety, efficiency,
and comfort.
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At discrete time t, vehicle i has state st
i ∈ S :

st
i = [pt

i,v
t
i,a

t
i,θ

t
i ]

T , (1)

where pt
i ∈ R2 is position, vt

i ∈ R2 velocity, at
i ∈ R2 acceleration, and θ t

i ∈ [0,2π) heading. The
global state is St = [st

1, . . . ,s
t
N ] ∈ S N , and each action satisfies ut

i ∈ U , with the joint action Ut =
[ut

1, . . . ,u
t
N ] ∈ U N .

The coordination problem seeks residual policies π = {π1, . . . ,πN} maximizing expected dis-
counted return under the system dynamics:

π∗ = argmax
π

Eτ∼p(τ|π)

[
T

∑
t=0

γ
tR(St ,Ut)

]
, (2)

where γ ∈ (0,1] and τ denotes a trajectory. High-level coordination directives (defined below) are
treated as contextual inputs that parameterize low-level action generation.

To reflect safety-critical requirements, R combines safety, efficiency, and comfort:

R = λ1Rsafety +λ2Refficiency +λ3Rcomfort,
3

∑
m=1

λm = 1. (3)

We instantiate safety via distance-based penalties:

Rsafety(St ,Ut) =−
N

∑
i=1

∑
j ̸=i

max
(
0,dmin −∥pt

i −pt
j∥2

)
, (4)

where dmin is the minimum safe inter-vehicle distance.

2.2 OVERALL FRAMEWORK ARCHITECTURE

Our design goal is to combine (i) interpretable coordination and intent reasoning at the region
level with (ii) stable low-level control that respects vehicle dynamics and safety envelopes. To
this end, we use a two-level hierarchy: semantic coordination produces high-level directives, while
physics-guided residual control executes these directives through a stabilizing baseline controller
augmented by a bounded learned correction.

Hierarchical decomposition. The framework contains (1) a Regional LLM Coordination
Layer that processes multimodal traffic signals and outputs human-readable coordination direc-
tives, and (2) a Physics-Guided Residual Control Layer that maps directives into vehicle-specific
control actions.

Regional structure. The traffic network is partitioned into regions R = {R1, . . . ,RK}, each with
a coordinator Ck producing directives dt

k for vehicles in Rk. This regionalization improves scalability
and mitigates non-stationarity by restricting coordination to locally interacting agents.

Physics-guided execution. For each vehicle i ∈ Rk, the executed action decomposes into a
physics baseline plus a learned residual:

ut
i = uphys

i (st
i,d

t
k)+ures

i (st
i,d

t
k). (5)

The baseline provides stability and constraint handling, while the residual captures unmodeled in-
teractions and rare negotiation cases.

2.3 REGIONAL LLM COORDINATION LAYER

The coordinator aims to produce interpretable and consistent directives that reduce conflicts (e.g.,
merging order, yielding preference, speed harmonization) using multimodal evidence. Rather than
directly outputting continuous controls, the LLM operates at the semantic level to avoid an uncon-
strained end-to-end mapping from language to actions that is difficult to verify in safety-critical
settings.

Regional partitioning. We define a partitioning function Φ : S N → P({1, . . . ,N}):
Rt

k = {i : Φ(St)i = k}. (6)
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Directive space. We define the coordination directive dt
k as a structured tuple:

dt
k = (σt

k,G
t
k,v

adv,t
k ) ∈ D , (7)

where σt
k ∈ S|Rt

k|
is a permutation defining priority order, Gt

k ∈ R|Rt
k|

+ specifies target inter-vehicle

gaps, and vadv,t
k ∈ R|Rt

k|
+ provides advisory speeds. This hybrid discrete-continuous space enables

interpretable high-level coordination while remaining compatible with downstream optimization-
based control. Multimodal directive generation. Each regional coordinator consumes vision Vt

k,
language/semantic descriptors Lt

k, and temporal signals Tt
k, then outputs directives

dt
k = Ck(Vt

k,L
t
k,T

t
k;θk). (8)

In practice, dt
k can encode priority ordering, target gaps, suggested speeds, and soft preference

weights that are compiled into references and constraints for the low-level controller.

2.4 PHYSICS-GUIDED RESIDUAL CONTROL LAYER

This layer translates directives into feasible actions while enforcing safety constraints. The
physics baseline provides a constraint-satisfying operating point; the residual improves performance
under mismatch without sacrificing stability.

Physics-based baseline. We use a constrained controller as backbone (e.g., MPC). For vehicle i:

uphys
i = arg min

ut:t+H−1
i

H

∑
ℓ=0

[
∥st+ℓ

i − sref
i (dt

k)∥2
Q +∥ut+ℓ

i ∥2
R

]
, (9)

subject to vehicle dynamics and directive-consistent constraints.

As a concrete longitudinal prior, IDM can be used:

aIDM = amax

[
1−

(
v
v0

)4

−
(

s∗(v,∆v)
s

)2
]
,

s∗(v,∆v) = s0 + vT +
v∆v

2
√

amaxb
.

(10)

Residual policy. The residual correction is learned

ures
i = π

res
i (st

i,d
t
k;ϕi)

, which captures unmodeled interactions and improves efficiency/comfort while remaining close to
the physics baseline.

Safety filter. All actions are enforced by hard constraints (example for longitudinal control):

amin ≤ atotal ≤ amax, TTC ≥ TTCmin, THW ≥ THWmin. (11)

2.5 MULTIMODAL DATA INTEGRATION

We fuse regional vision, semantic text, and temporal signals to provide the coordinator with a
compact, situation-aware representation. Let fv and fl be vision and language encoders. Cross-
attention produces fused features

zt
k = Attention( fv(Vt

k), fl(Lt
k))+WtTt

k, (12)

and temporal dependencies are captured

ht
k = GRU(zt

k,h
t−1
k )

. These representations are used by Ck to generate stable, context-consistent directives.

Implementation details. We instantiate the regional coordinator using LLaMA-2-7B with LoRA
fine-tuning (r = 16, α = 32, dropout= 0.05). The input prompt follows a structured template:
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Figure 2: Performance comparison across different traffic densities. Our method maintains strong
performance at the highest density setting.

[REGION STATE] {traffic density, avg speed, queue length}
[VEHICLES] {id, position, velocity, lane, intent}×N [TASK]
Generate coordination directives for safe and efficient
merging.

The LLM outputs a JSON-formatted directive:

{"priority order": [id1, id2, ...], "yield pairs": [[id a,
id b], ...], "target gap": {id: gap m}, "speed advisory":
{id: v ref}}

These discrete/continuous parameters are parsed and compiled into reference trajectories sref
i and

constraint bounds for the downstream MPC. Fine-tuning uses 50K labeled coordination scenarios
from MTCD with cross-entropy loss on discretized directive tokens.

2.6 TRAINING AND OPTIMIZATION PIPELINE

We adopt a staged training pipeline to reduce instability from jointly optimizing LLM coordina-
tion and low-level residual control.

Stage 1 (coordination pre-training). Regional coordinators are trained on labeled coordination
scenarios:

Lcoord = E(x,y)∼Dcoord

[
∥Ck(x;θk)−y∥2

2
]
. (13)

Stage 2 (residual RL). Residual policies are trained using RL with regularization encouraging min-
imal corrections:

Lres = Eτ∼π

[
T

∑
t=0

γ
t (R(St ,Ut)−α∥ures

i ∥2
2
)]

. (14)

Stage 3 (joint fine-tuning). We optionally fine-tune the full stack with safety penalties:

Ltotal = Lcoord +βLres +ηLsafety. (15)
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Algorithm 1 Physics-Guided Multi-Agent Training

1: Initialize physics prior (e.g., IDM/MPC) and residual policy networks
2: Generate simulation trajectories and semantic labels (e.g., SUMO)
3: Fine-tune regional LLM coordinators (e.g., LoRA)
4: for each training episode do
5: Collect regional observations (Vt

k,L
t
k,T

t
k)

6: Get coordination directives dt
k from the regional coordinator

7: Compute physics baseline actions uphysics
i

8: Apply residual corrections ures
i

9: Execute safety filtering
10: Update residual policies (e.g., PPO)
11: end for
12: Joint fine-tuning with safety regularization

Table 2: Performance comparison on highway merge scenarios. SR: success rate, CR: collision rate,
MS: mean speed, CI: comfort index.

Method SR (%) CR (%) MS (m/s) CI

IDM 67.3 12.4 24.1 0.52
PPO 74.8 8.9 26.7 0.61
SAC 76.2 8.1 27.3 0.63
MAPPO 78.9 6.7 28.1 0.67

Ours 84.6 3.2 29.8 0.74

3 EXPERIMENTS AND RESULTS

3.1 MAIN RESULTS

3.1.1 PERFORMANCE ANALYSIS ACROSS MULTIPLE DIMENSIONS

Fig. 2 summarizes performance trends across traffic densities. Our approach achieves the highest
throughput (1850 vehicles/hour), corresponding to a 48% improvement over classical control and a
7.6% gain over the best MARL baseline. Collision rates are reduced under the same evaluation pro-
tocol, and efficiency gains are reflected in shorter merge times (21 s), outperforming both classical
control and MARL approaches. Training curves suggest faster and more stable convergence with the
physics-guided prior, while the radar chart indicates balanced performance across safety, efficiency,
adaptability, interpretability, and robustness. Scenario-level evaluation further shows success rates
above 80% across diverse conditions, including congested traffic where classical and MARL base-
lines degrade.

3.1.2 CROSS-MODAL ATTENTION MECHANISM

Fig. 3 provides diagnostic results for the multimodal fusion module used by the regional coordi-
nator. The cross-modal attention map (c) shows consistent alignment between visual and textual to-
kens, suggesting effective information exchange between modalities and supporting a unified scene
representation for directive generation.

3.1.3 TEMPORAL FEATURE EVOLUTION

The temporal feature analysis in Fig. 3(a) indicates distinct dynamics across speed, density, and
flow signals. Modeling these temporal patterns helps the coordinator anticipate traffic state transi-
tions and adjust regional directives proactively.
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Figure 3: Diagnostic analysis of the multimodal fusion module. The figure visualizes internal rep-
resentations and performance effects of multimodal fusion, including temporal latent features, em-
bedding activations, cross-modal attention patterns, traffic variable evolution, feature distributions,
and quantitative performance comparison across modality settings.

3.1.4 FEATURE DISTRIBUTION ANALYSIS

The feature distribution comparison in Fig. 3(b) supports the fusion strategy. While visual and
textual features exhibit different distributional characteristics, the fused representation is more bal-
anced and exhibits reduced variance, suggesting improved stability for downstream directive gener-
ation.

3.1.5 PERFORMANCE IMPROVEMENTS

The metric summary in Fig. 3(d) indicates consistent gains from multimodal fusion over uni-
modal variants on the fusion subtask used by the coordinator (e.g., rare-event detection and spatial
understanding). These improvements align with the observed gains in downstream coordination
performance reported in Tab. 2.

3.1.6 COMPARATIVE PERFORMANCE ANALYSIS

Tab. 2 indicates that the proposed physics-guided multimodal multi-agent framework improves
coordination across all reported metrics. Our method achieves an 84.6% success rate and reduces
the collision rate to 3.2%. Compared to the strongest baseline MAPPO, this corresponds to a rela-
tive reduction of 52.2% in CR (6.7% to 3.2%). It also maintains a higher mean speed of 29.8 m/s
while achieving the highest comfort index of 0.74, suggesting that hierarchical semantic coordina-
tion combined with physics-guided execution improves both efficiency and safety-related outcomes.
Notably, the simultaneous improvement in safety, mobility, and ride comfort indicates that the pro-
posed hierarchy avoids the common trade-off between aggressive maneuvering and stable vehicle
behavior. Furthermore, these gains demonstrate the framework’s ability to sustain reliable coop-
erative performance under dynamically evolving traffic interactions, supporting its suitability for
safety-critical real-world deployment.

8



Published as a conference paper at ICLR 2026

4 CONCLUSION

This paper introduced a physics-guided multimodal multi-agent framework for intelligent trans-
portation systems, integrating regional large language model (LLM)-based semantic coordination
with residual-learning-enhanced low-level vehicle control. By decomposing cooperative driving
into macro-level semantic directives and micro-level execution, the framework mitigates the prac-
tical tension among interpretability, adaptability, and safety in multi-vehicle coordination. Specif-
ically, LLMs provide region-level coordination cues for cooperation, while physics-grounded con-
trollers enforce motion feasibility and safety-oriented constraints during execution. This hierarchical
design improves responsiveness under dynamic traffic conditions while retaining consistent and in-
terpretable coordination outcomes.

Moreover, the multimodal fusion mechanism enables the framework to leverage heterogeneous
traffic signals and contextual observations, enhancing robustness against uncertainty and partial ob-
servability. The residual learning strategy further compensates for modeling inaccuracies, allowing
the control layer to adapt to nonlinear vehicle dynamics without sacrificing stability. Collectively,
these properties promote scalable coordination across dense traffic scenarios and highlight the frame-
work’s potential for real-world deployment in safety-critical intelligent transportation environments.
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APPENDIX

A EXPERIMENT SETUP

A.1 SIMULATION ENVIRONMENT

Experiments are conducted using SUMO v1.14.0, a widely-used microscopic traffic simulator.
The simulation runs at a 0.1s time step to capture fine-grained interactions. The test scenario fea-
tures a 2km, three-lane highway with a 500m on-ramp merge zone, designed to induce natural
bottlenecks. Vehicle dynamics include acceleration limits (amax = 2.6m/s2, amin = −4.5m/s2),
lane-changing with a 100m look-ahead, and driver reaction times sampled from N (1.0,0.22)s.

A.2 HARDWARE AND SOFTWARE CONFIGURATION

Training is performed on distributed clusters with 4×A100 (40GB) GPUs for LLM modules
and 8×V100 (32GB) GPUs for PPO-based residual policy learning (batch size: 2048 trajectories).
The stack includes PyTorch 2.0.1 + CUDA 11.8, Transformers 4.35.0, and Stable-Baselines3 1.8.0.
LoRA fine-tuning (r = 16, α = 32) is applied to LLMs, substantially reducing trainable parameters
while maintaining competitive performance. LLM training achieves ∼1,500 tokens/sec throughput.

A.3 EVALUATION METRICS

We evaluate across four dimensions: (1) Safety: collision rate, critical TTC< 1.5s, THW> 0.9s,
emergency braking (> 4.0m/s2), and unsafe lane changes (gap < 2.0s). (2) Efficiency: aver-
age travel time, merge-point throughput, mean harmonic speed, and Macroscopic Fundamental
Diagram (MFD) analysis. (3) Comfort: ISO 2631-1 based jerk thresholds (0.9m/s3 longitudi-
nal, 0.6m/s3 lateral), acceleration variance, and a normalized comfort index. (4) Interpretability:
LLM-generated explanations are rated by 50 traffic engineers using a predefined rubric on accuracy,
completeness, clarity, and actionability; Fleiss’ κ = 0.78 indicates substantial inter-rater agreement.

A.4 DATASETS AND SCENARIOS

Our experimental evaluation focuses on highway merge scenarios using a 3-lane highway con-
figuration with on-ramp merge zones. Key statistics are summarized in Table 3. The network design
incorporates varying traffic densities and vehicle heterogeneity to capture realistic traffic conditions.
We develop a custom Multimodal Traffic Congestion Dataset (MTCD) that integrates visual data
from over 500 traffic cameras, textual traffic reports from regional transportation authorities, and
temporal sensor data from loop detectors and GPS traces with synchronized labels for congestion
levels and incident types. MTCD is used to pre-train the multimodal representation and coordination
components, while closed-loop control evaluation is conducted in SUMO.

To assess robustness across different traffic conditions, we evaluate the framework under multi-
ple scenario variations. Light traffic scenarios use densities from 10 to 30 veh/km/lane, representing
free-flow conditions. Moderate traffic conditions span 30 to 60 veh/km/lane, introducing coordi-
nation challenges. Heavy traffic scenarios with densities between 60 and 90 veh/km/lane test the
system’s performance under congested conditions. Additionally, we include incident scenarios in-
volving accidents, construction zones, and adverse weather conditions to evaluate adaptability under
anomalous situations.

A.5 BASELINE METHODS

We compare our approach against representative baselines spanning classical control, deep rein-
forcement learning, and multi-agent coordination. Classical baselines include the Intelligent Driver
Model (IDM) and MOBIL (Minimizing Overall Braking Induced by Lane Changes), which are
widely-used physics-based approaches in traffic control. For learning-based comparisons, we imple-
ment Proximal Policy Optimization (PPO) Schulman et al. (2017), Soft Actor-Critic (SAC) Haarnoja
et al. (2018), and QMIX Rashid et al. (2020), a value-based multi-agent Q-learning method with
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Table 3: MTCD Dataset Statistics and SUMO Simulation Parameters

MTCD Dataset

Cameras 500+ traffic cameras
Video 2000+ hours
Reports 15,000+ incidents
Sensor Data 50M+ loop detector points
GPS Traces 100,000+ vehicles
Congestion 4 levels (free/stable/congested/-

jammed)
Incidents 8 types (accident/construc-

tion/etc.)

SUMO Simulation

Version SUMO v1.14.0
Time Step 0.1s
Highway 2km, 3 lanes
Merge Zone 500m
Accel./Decel. 2.6/−4.5m/s2

Reaction Time N (1.0,0.22)s
Look-ahead 100m
Density Range 0.1–0.9 veh/m
Test Cases 1000+ scenarios
Evaluation 50 runs/config

Notes: MTCD = Multimodal Traffic Congestion Dataset.

mixing networks. We also evaluate Multi-Agent PPO (MAPPO) Yu et al. (2022) and Counterfac-
tual Multi-Agent Policy Gradients (COMA) Foerster et al. (2018), which are standard cooperative
MARL baselines.

B THEORETICAL ANALYSIS

We establish theoretical foundations for the proposed framework through formal analysis of sta-
bility, safety, and coordination quality. For analysis, we consider a continuous-time control-affine
surrogate model ṡ = f (s)+g(s)u.

B.1 LYAPUNOV STABILITY OF RESIDUAL CONTROL

We show that the residual learning mechanism preserves the stability of the physics-based base-
line controller under bounded perturbations.
Definition 1 (Safe Operating Region). The safe operating region Ssafe ⊂ S is defined as:

Ssafe =
{

s ∈ S : ∥pi −p j∥2 ≥ dmin, ∀i ̸= j
}

(16)
where dmin is the minimum safe inter-vehicle distance.
Theorem 1 (Residual Control Stability). Let the physics-based controller uphysics(s) render the equi-
librium s∗ asymptotically stable with a Lyapunov function V (s) satisfying

∇V (s)⊤
(

f (s)+g(s)uphysics(s)
)
≤−cV (s), c > 0. (17)

If the residual policy is bounded as ∥ures(s)∥2 ≤ ε and ∥∇V (s)⊤g(s)∥2 ≤ L in a neighborhood of s∗,
then for ε < c

2L the composite controller utotal = uphysics +ures preserves asymptotic stability.

Proof. Along trajectories under utotal, we have

V̇ (s) = ∇V (s)⊤
(

f (s)+g(s)uphysics(s)
)
+∇V (s)⊤g(s)ures(s) (18)

≤−cV (s)+
∥∥∥∇V (s)⊤g(s)

∥∥∥
2
· ∥ures(s)∥2 (19)

≤−cV (s)+Lε. (20)
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For ε < c
2L , V̇ (s)< 0 holds outside a sufficiently small neighborhood of s∗, which preserves asymp-

totic stability.

B.2 SAFETY GUARANTEES VIA CONTROL BARRIER FUNCTIONS

We formalize safety constraints using Control Barrier Functions (CBFs).
Definition 2 (Control Barrier Function). A continuously differentiable function h : S → R is a
Control Barrier Function if there exists an extended class K∞ function α such that:

sup
u∈U

[
∂h
∂ s

( f (s)+g(s)u)+α(h(s))
]
≥ 0. (21)

For collision avoidance, we define:

hi j(s) = ∥pi −p j∥2
2 −d2

min. (22)

Theorem 2 (Forward Invariance of Safe Set). If the control action satisfies the CBF constraint:

∂hi j

∂ s
( f (s)+g(s)u)+ γ hi j(s)≥ 0 (23)

for all vehicle pairs (i, j) with γ > 0, then the safe set Ssafe is forward invariant, i.e., if s(0) ∈Ssafe,
then s(t) ∈ Ssafe for all t ≥ 0.

In implementation, the safety filter enforces a quadratic-program constraint; TTC/THW limits
can be included as additional practical constraints within the same filtering step.

B.3 LLM COORDINATION OPTIMALITY

We analyze the approximation quality of LLM-generated coordination directives for a given
region-time instance.
Proposition 3 (Coordination Cost Degradation Bound (Informal)). Let d∗ be an optimal coordina-
tion directive and dLLM be the LLM-generated directive. If the directive space is bounded and the
LLM incurs a bounded approximation error εLLM, then the coordination cost satisfies

J(dLLM)≤ (1+ εLLM)J(d∗)+O(τcomm), (24)

where τcomm is the communication delay.

This bound motivates the use of LLMs for high-level coordination while relying on physics-based
controllers for real-time safety.

B.4 MULTI-AGENT CONVERGENCE ANALYSIS

Theorem 4 (Distributed Training Convergence (Informal)). Under the Centralized Training De-
centralized Execution (CTDE) paradigm with a shared reward, the joint policy π = {π1, . . . ,πN}
obtained by stochastic policy optimization converges to an ε-stationary solution in expectation, with
a typical rate O(T−1/2) in terms of the expected gradient norm, where T denotes the number of
training updates.

This convergence-rate characterization is consistent with our multi-stage training design, where
physics-guided initialization provides structured exploration and empirically stabilizes learning
compared to unstructured initialization.

C ADDITIONAL EXPERIMENTS

C.1 ABLATION STUDIES

To quantify the contribution of each component in our hierarchical framework, we perform abla-
tions by removing one module at a time. Table 4 reports the results.
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Table 4: Ablation Study Results

Configuration SR (%) CR (%) CI

Full Method 84.6 3.2 0.74
w/o LLM Coord. 79.1 5.8 0.68
w/o Physics Prior 76.4 7.3 0.62
w/o Multimodal 81.2 4.1 0.71
w/o Safety Filter 82.3 8.9 0.69

Notes: SR = Success Rate ↑; CR = Collision Rate ↓; CI = Comfort Index ↑. Arrows indicate optimization
direction.
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Figure 4: Ablation study visualization. Removing the physics prior yields the largest drop in success
rate, while removing the safety filter causes the largest increase in collision rate.

C.1.1 IMPACT OF LLM COORDINATION

Removing the LLM coordination layer decreases the success rate from 84.6% to 79.1% (5.5 pp)
and increases the collision rate from 3.2% to 5.8% (2.6 pp). This trend suggests that semantic-level
directives help resolve multi-vehicle negotiation patterns (e.g., zipper merging and yielding) beyond
purely reactive local control. The comfort index also decreases from 0.74 to 0.68, indicating less
smooth coordination.

C.1.2 SIGNIFICANCE OF PHYSICS-BASED PRIOR

The physics prior (i.e., the physics-based baseline controller) has the strongest effect on overall
performance. Without it, the success rate drops to 76.4% (8.2 pp) and the collision rate increases to
7.3% (4.1 pp), indicating that learning alone is less reliable in maintaining consistent safety margins
under interaction uncertainties. The comfort index decreases to 0.62, consistent with less regularized
control actions without a dynamics-informed operating point.

C.1.3 CONTRIBUTION OF MULTIMODAL FUSION

Without multimodal integration, the success rate decreases to 81.2% (3.4 pp) with a moderate
collision-rate increase to 4.1% (0.9 pp). This pattern indicates that multimodal fusion primarily
improves situational awareness and decision quality under partial observability, while the physics
prior and safety filter dominate hard safety constraints. The comfort index changes modestly (0.71
vs 0.74), suggesting a larger impact on high-level coordination than on low-level smoothness.

C.1.4 ROLE OF SAFETY FILTERING

Removing the safety filter increases the collision rate to 8.9%, compared to 3.2% for the full sys-
tem, while the success rate remains 82.3%. This pattern suggests that the filter mainly intervenes in
safety-critical edge cases rather than constraining nominal operation. Without explicit constraint en-
forcement, the controller exhibits more aggressive maneuvers (CI drops to 0.69), including frequent
hard braking and abrupt steering corrections.
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Figure 5: Qualitative examples of regional LLM coordination directives with accompanying ratio-
nales.

C.1.5 SYNERGISTIC EFFECTS

The ablation trends indicate complementary roles across components. LLM coordination pro-
vides semantic directives for multi-vehicle negotiation, the physics prior supplies a dynamics-
consistent operating point for execution, multimodal fusion enriches situational context for direc-
tive generation, and the safety filter enforces hard constraints as a final safeguard. Together, these
modules support interpretable coordination while maintaining safe execution under interaction un-
certainties.

C.2 QUALITATIVE ANALYSIS

Figure 5 illustrates representative behaviors and decision patterns of the proposed framework
across multiple operational aspects, highlighting how regional directives are translated into feasible
vehicle actions.

C.2.1 SPATIAL-TEMPORAL TRAFFIC PATTERNS

The traffic-flow heatmap (top-left) shows structured patterns under our coordination framework.
The velocity field visualization indicates smooth speed transitions over the 2-km highway segment,
with regular waves consistent with stabilized traffic flow. The trajectory comparison (top-middle)
shows closer tracking to the reference path, while the baseline exhibits cross-track deviations of up
to 15 m in congested intervals, which can degrade comfort and increase lane-deviation risk.

C.2.2 CONTROL ACTION DISTRIBUTION AND SAFETY MARGINS

The action-space visualization (top-right) contrasts different control behaviors. Classical control
produces clustered actions within a limited range, whereas deep RL spreads actions more broadly.
Our method forms organized clusters that remain consistent with dynamics constraints while adapt-
ing to traffic conditions. The safety-distance analysis (bottom-left) shows inter-vehicle distances
remaining above the configured dmin threshold (5 m in our setup) more consistently than baselines,
which more frequently approach unsafe proximity in dense traffic.
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Figure 6: Scalability analysis under increasing vehicle counts. The framework maintains high suc-
cess rates (>78%) up to 100 vehicles while exhibiting graceful degradation under extreme loads.

C.2.3 ENERGY EFFICIENCY AND MULTI-AGENT COORDINATION

The energy-consumption visualization (bottom-middle) indicates improved efficiency, with
smoother acceleration profiles and fewer braking events. The coordination matrix (bottom-right)
suggests stronger pairwise consistency for neighboring vehicles, consistent with more effective
merging and lane-change negotiation guided by the regional coordination layer.

C.2.4 INTERPRETABILITY AND HUMAN EVALUATION

The system generates human-readable rationales for coordination decisions, e.g., yielding rec-
ommendations based on relative speed and remaining merge distance. Expert ratings from 50 traffic
engineers report that these rationales are 87% accurate in capturing salient factors and 91% help-
ful for understanding system behavior, supporting interpretability in safety-critical transportation
settings.

C.3 SCALABILITY ANALYSIS

To evaluate scalability, we conduct experiments with varying numbers of concurrent vehicles.

Figure 6 summarizes performance across fleet sizes. With 10 vehicles, the framework achieves a
90.2% success rate and 2.8% collision rate. As vehicle count increases to 50, performance remains
robust with 85.1% success rate. Even at 100 vehicles, the system maintains 78.4% success rate,
representing a 13% degradation relative to the 10-vehicle setting. Throughput scales near-linearly
up to 50 vehicles (1720 veh/h to 3150 veh/h), suggesting effective coordination without severe com-
munication bottlenecks.
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Figure 7: Latency breakdown of system components. LLM coordination dominates latency but
operates at lower frequency (1 Hz), while physics-based control maintains real-time performance at
50 Hz.
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Figure 8: Performance comparison across diverse traffic scenarios. The framework demonstrates
consistent improvements over baselines across all scenario types, with particularly strong gains in
complex multi-vehicle interactions.

C.4 REAL-TIME PERFORMANCE ANALYSIS

Figure 7 presents the latency breakdown across system components. The physics-based controller
operates with 2.1 ms average latency (99th-percentile, p99: 4.8 ms), enabling 50 Hz control loops
suitable for real-time vehicle control. The residual policy adds 5.3 ms (p99: 11.2 ms), remaining
within real-time constraints. The LLM coordination layer requires 185 ms average latency (p99:
420 ms), which we address by running coordination asynchronously at 1 Hz, decoupled from the
high-frequency control loop. As a result, time-critical low-level control does not depend on LLM
inference latency.

C.5 CROSS-SCENARIO GENERALIZATION

Figure 8 evaluates generalization across diverse traffic scenarios including highway merging, ur-
ban intersections, roundabouts, construction zones, and adverse weather conditions. Our framework
maintains consistent advantages on the primary performance metric: 23% gain in highway scenar-
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Figure 9: Pareto frontier of safety-efficiency trade-off under varying safety constraint strictness. Our
method achieves superior Pareto optimality compared to baselines.

ios, 28% in urban intersections, and 31% in construction zones compared to the best baseline. The
physics-guided design is particularly beneficial in scenarios where constraint satisfaction is most
critical.

C.6 SAFETY-EFFICIENCY TRADE-OFF ANALYSIS

Figure 9 visualizes the safety-efficiency Pareto frontier by varying the safety-filter strictness gain
γ ∈ [0.5,1.2] at evaluation time. At γ = 0.8 (default), the system achieves a balanced operating point
with 84.6% success rate and 3.2% collision rate. Stricter constraints (γ = 1.2) reduce collisions to
1.1% but decrease throughput by 8%. This Pareto curve enables tuning for deployment contexts,
ranging from aggressive highway settings to more conservative urban operation.

D DISCUSSION

D.1 KEY FINDINGS AND INSIGHTS

Our experimental results support several findings:

Synergy of Physics and Learning: Combining physics-based priors with residual learning im-
proves both stability and adaptability, mitigating limitations of purely classical or purely learning-
based approaches (e.g., Table 4).

Interpretability Benefits: The regional LLM layer provides interpretable coordination ratio-
nales without degrading performance, which can facilitate auditing and debugging in safety-critical
transportation systems (e.g., Fig. 5).

Multimodal Advantage: Integrating visual, textual, and temporal inputs improves robustness
under diverse traffic conditions and incident scenarios (e.g., Fig. 8).
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D.2 LIMITATIONS AND FUTURE WORK

Computational Complexity: The LLM coordination layer introduces additional overhead. Fu-
ture work should explore compression and distillation techniques to further reduce latency and com-
pute.

Low-frequency coordination limitations: The 1 Hz LLM coordination may be insufficient for
sudden cut-in or emergency braking scenarios where sub-second re-coordination is needed. We
mitigate this through the safety filter, but future work should explore lightweight “reflex” modules
that can override stale directives in time-critical situations.

Real-world Validation: While simulation results are promising, real-world deployment requires
validation on physical testbeds and additional safety considerations beyond the simulator assump-
tions.

Scalability: Current experiments study moderate-scale settings (up to 100 vehicles). Scaling to
city-wide traffic networks introduces further challenges in coordination, communication, and partial
observability.

D.3 BROADER IMPLICATIONS

This work highlights the potential of integrating foundation models with classical control for
safety-critical applications Shalev-Shwartz et al. (2017). Interpretable coordination rationales may
improve system transparency and operational oversight. As the automotive industry transitions
toward autonomy Chen et al. (2017), frameworks that balance learning-based adaptability with
physics-based constraints will become increasingly important.
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