Under review as a conference paper at ICLR 2026

VIRL-TSC: ENHANCING REINFORCEMENT LEARN-
ING WITH VISION-LANGUAGE MODELS FOR
CONTEXT-AWARE TRAFFIC SIGNAL CONTROL

Anonymous authors
Paper under double-blind review

ABSTRACT

In real-world urban environments, traffic signal control (TSC) must maintain sta-
bility and efficiency under highly uncertain and dynamically changing traffic con-
ditions. Although reinforcement learning (RL) has shown strong adaptability in
dynamic environments, existing methods still depend on predefined state spaces
and cannot directly perceive the environment. Consequently, they fail to exploit
visual semantic information, which restricts their ability to generalize to unseen or
evolving traffic conditions during training. To overcome these limitations, we in-
troduce ViRL-TSC, a unified framework that integrates RL with Vision—Language
Models (VLMs). A Foundation Model-Driven Visual Reasoning Engine (FM-
VRE) fuses visual inputs with structured information matrices to generate high-
level multimodal semantic representations of intersections. These representations
are then processed by a Foundation Model-Driven Decision Evaluation Engine
(FM-DEE), which integrates them with the RL agent’s proposed actions. The RL
policy ensures efficient control in scenarios encountered during training, while
the VLM leverages logical reasoning and contextual analysis to handle rare events
beyond the scope of RL training. By combining RL’s task-specific policy opti-
mization with the VLM’s rich semantic understanding, ViRL-TSC maintains high
efficiency during routine operations and selectively intervenes to enhance robust-
ness under long-tail traffic conditions.

1 INTRODUCTION

Traffic congestion has become a critical challenge in modern urban governance, as it not only re-
duces travel efficiency and increases the risk of accidents but also contributes significantly to en-
vironmental pollution. Intelligent Traffic Signal Control (TSC) plays a central role in coordinating
vehicle flows and improving transportation efficiency. However, conventional TSC methods often
rely on predefined rules and fixed assumptions about traffic conditions, limiting their adaptability to
complex and dynamic environments. In recent years, researchers have introduced deep reinforce-
ment learning (RL) into traffic signal control, and a series of studies Noaeen et al.| (2022); |Zhao
et al.| (2024) have demonstrated clear advantages over traditional methods Lowrie| (1990); | Koonce &
Rodegerdts|(2008). The key strength of RL lies in its ability to learn policies for achieving long-term
control objectives through direct interaction with dynamic environments.

Despite these advances, most existing TSC approaches face significant challenges in maintaining
robustness and adaptability under highly dynamic and uncertain conditions of urban traffic [Dulac-
Arnold et al.| (2021); |Pang et al.| (2024a)); Chen et al.|(2024). Current RL methods generally rely on
static reward designs and observation states, which abstract away the semantically rich cues essen-
tial for context-aware decision-making. In real-world deployments, factors such as traffic control
interventions, data loss due to RSU malfunctions, and rare but critical scenarios that are underrep-
resented during training pose substantial obstacles to the practical application of RL Noaeen et al.
(2022). These issues collectively undermine the robustness and reliability of RL-based traffic signal
control in real-world applications. |Chen et al.| (2023)).

The emergence of large language models (LLMs) (Chang et al.| (2024) has opened new possibilities
for introducing high-level reasoning and generalization capabilities into traffic signal control sys-
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tems. Recent studies have explored integrating LLMs into TSC to enhance semantic reasoning and
improve decision robustness [Huang et al.| (2022); Wang et al.| (2024b)); Pang et al.| (2024b); |Zhao
et al.| (2025a). By leveraging LLMs, agents can analyze intersection environments and make more
contextually informed decisions. However, existing LLM-based approaches Huang et al.| (2022);
Wang et al.|(2024b)); [Pang et al.|(2024b); Zhao et al. (2025a)) typically depend on templated or man-
ually designed prompt descriptions of traffic scenes, which lack the richness and fidelity needed to
accurately capture complex, real-world traffic situations. This limitation is particularly pronounced
in visually grounded or ambiguous scenarios, often resulting in substantial information loss. Further-
more, as LLMs cannot natively process visual inputs, they fundamentally lack the ability to perform
fine-grained visual semantic reasoning required for reliable TSC.

To address these limitations, a promising direction is to leverage Vision-Language Models (VLMs),
which can directly interpret raw intersection images and construct high-level semantic representa-
tions, enabling end-to-end environmental understanding [Da et al.| (2023)); |Awais et al.|(2025)); Wang
et al.[ (2025a). However, optimizing VLMs for task-specific control policies remains a significant
challenge, as their large parameter size makes task-specific training on environment-specific data
both computationally intensive and practically infeasible. This challenge highlights the comple-
mentary strength of RL in efficiently learning environment-adaptive policies. Motivated by this,
we explore integrating the generalization and reasoning capabilities of foundation models with the
efficient policy-learning ability of RL, enabling semantically grounded, causally aware environment
modeling while generating robust and high-performance traffic signal control policies.

To this end, we propose ViIRL-TSC, a unified framework that integrates RL with VLMs. RL agent
provides efficient policy optimization, while VLMs enable multimodal scene understanding, allow-
ing decision agent to refine RL actions based on environment visual information such as vehicle
types, motion patterns, and so on. Specifically, a pre-trained RL agent generates actions from the in-
formation matrix. The Foundation Model-Driven Visual Reasoning Engine(FM-VRE) leverages
multi-modal scene information to achieve a more comprehensive understanding and extract semantic
representations. Subsequently, the Foundation Model-Driven Decision Evaluation Engine (FM-
DEE) interprets these semantic representations to guide action selection. In scenarios encountered
during RL training, the RL-generated actions are executed directly; in out-of-training scenarios,
such as emergency vehicle (EMV) prioritization, the foundation model performs reasoning to pro-
duce appropriate actions, ensuring robust and context-aware control. By integrating RL and VLM,
ViRL-TSC achieves efficient and reliable traffic signal control under real-world uncertainties. Our
main contributions are as follows:

* We propose ViRL-TSC, a novel framework that integrates VLMs with RL to generate
high-level semantic representations from intersection camera streams, surpassing tradi-
tional handcrafted traffic states and enhancing flexibility in understanding the environment.
Combining RL and VLM allows the agent to make efficient decisions in scenarios en-
countered during training, while also enabling robust and context-aware traffic control in
out-of-training scenarios.

* The FM-VREs leverages VLMs to process multi-modal data from both visual inputs and
feature representations. Combined with the FM-DEE and chain-of-thought (CoT) prompt-
ing, ViRL-TSC effectively fuses these inputs to achieve more accurate, context-aware un-
derstanding of traffic scenes and generate appropriate decisions.

* Experimental results show that VIRL-TSC can reduce EMV waiting times by up to 88%,
while the waiting time for other vehicles increases by no more than 1% when only a sin-
gle emergency vehicle is passing. Additionally, further ablation studies on prompt design
validate the effectiveness of the proposed prompting framework for traffic signal control.

2 PRELIMINARIES

As illustrated in Figure [IL we consider a standard four-way intersection to formalize key
concepts in TSC. The network comprises four incoming and four outgoing roads, each
with multiple lanes. A movement is defined as a traffic direction from an incoming lane
to an outgoing lane, while a phase represents a set of non-conflicting movements operat-
ing simultaneously within a fixed interval; transitions between phases trigger a yellow light.
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In our design, phases are grouped according to traffic flow directions, for example, from
east to west, rather than lane-level movements, as current VLM capabilities in fine-grained
lane detection are limited, mak-
ing direction-based definitions more
practical for real-world deployment.

To overcome the perception con-
straints of conventional traffic
simulators, we develop a vision-
enabled TSC simulator built upon
SUMO Behrisch et al] 2011). In
addition to the standard interface,
the simulator integrates multi-view
visual inputs, including a bird’s-eye
view for global traffic monitoring and
directional roadside views emulating
surveillance cameras commonly
deployed at urban intersections.
These multi-view inputs provide
richer contextual information such
as lane markings and emergency
vehicle tracking, forming the basis
for fine-grained scene understanding
and enabling signal control strategies
to incorporate both adaptability and
safety awareness under diverse traffic
conditions.

(b)

(2

Figure 1: Simulation environment illustrating (a) the traffic
signal phases and a bird’s-eye view, (b) the SUMO simula-
tion platform, and (c) rendered traffic probe data based on
the intersection camera.
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Figure 2: Overview of the VIRL-TSC framework. The RL Agent generates actions based on learned
policies and is jointly trained within the closed-loop environment. The FM-VRE encodes multi-
modal inputs into semantic representations, and the FM-DEE integrates them to produce adaptive
TSC decisions.

3 METHODOLOGY

We propose VIRL-TSC, a TSC framework that integrates RL with VLMs, as shown in Figure
The overall framework consists of three main components: an RL Agent that generates actions
based on learned policies, a FM-VRE model responsible for processing multimodal data, and a
FM-DEE that produces the final control strategy. Specifically, the RL. Agent uses features extracted
by the Feature Extraction module to generate actions according to its trained policy. The FM-
VRE processes multimodal inputs, including multi-view intersection images and the Information
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Matrix, and interprets them into natural language descriptions to obtain richer scene representations.
The FM-DEE then integrates these semantic contexts with the RL-generated actions to assess their
suitability: RL outputs are executed in routine control scenarios, while robust alternative actions
are generated through logical reasoning in critical situations. This design enables ViRL-TSC to
maintain real-time efficiency while ensuring robustness, safety, and interpretability under real-world
uncertainties. A more detailed description of each component follows.

3.1 PROBLEM FORMULATION

The TSC problem can be formulated as a Markov Decision Process (MDP) |Chu et al.|(2021)), rep-
resented by the tuple (S, A, P, R,~). In this formulation, S denotes the state space, which captures
both static and dynamic attributes of the intersection. A is the action space, representing signal phase
selections. P defines the transition probability between states, R is the reward function, typically
set as the negative average vehicle delay, and v € (0, 1) is the discount factor.

At each time step ¢, the agent observes state s; € S and selects action a; € A based on a policy
7 : S — A. The objective is to learn an optimal policy 7* that maximizes the expected discounted
cumulative reward:

7 (s) = argmaxE g vy | so = s,a0 = al , (1
a
t=0

where r; = R(s¢, a;) denotes the immediate reward.

3.2 RL AGENT DESIGN

In the proposed method, the RL agent plays a pivotal role in making informed TSC decisions.
This section outlines the three essential components that constitute the RL agent: state, action,
and reward. Each component is critical for the agent’s operation within the TSC environment,
influencing its decision-making process in real-time traffic management.

State: At each timestep ¢, the intersection state is represented as:

J, =[m},...,m}?] e R1?*7, )

where each movement m! includes 7 features:

at)

i 7 max,? mean,i jtype green,t yminG,3s
mi = |F}, O openi e . pgeeni } 3)
with:

o F}: average vehicle flow,
max,? , . .
* O;""": maximum occupancy ratio,
mean,? .
* O : mean occupancy ratio,
« 1™ € {0,1,2}: movement type (straight, left, right),
¢ L;: number of lanes,
o IE*™ ¢ {0,1}: green light indicator,
« I""S% ¢ {0,1}: minimum green satisfied indicator.
Intersections with fewer than 12 movements are zero-padded. To capture temporal dynamics, the

agent observes a S-frame sequence, which spans approximately 25 s and effectively covers the typi-
cal time for vehicles to traverse the intersection:

St = [Jt_4,...,Jt] €R5X12X7. 4)
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Action: At the end of each time slot, the RL agent selects an action a; € P, where each phase
represents a directional traffic flow such as north—south or east—west. This abstraction shifts the
control from lane-level granularity to direction-based signal phases, ensuring better compatibility
with current vision-language models that are more effective at capturing aggregated directional flow
patterns than detailed lane-specific states.

Reward: The RL agent is designed to improve traffic efficiency, and in this work, the average
vehicle waiting time is used as the reward.

RL Agent Training: We adopt Proximal Policy Optimization (PPO) [Schulman et al,| (2017) due
to its stability and effectiveness in dynamic traffic environments. To capture short-term temporal
dependencies, a temporal encoder aggregates sequential traffic states s; into embeddings h;, which
are processed by a policy network 7y to output signal-phase probabilities and a value network v
to estimate expected returns. This design enables the RL agent to learn adaptive, temporally-aware
control policies. For detailed information, please refer to the Appendix

3.3 FOUNDATION MODEL-DRIVEN VISUAL REASONING ENGINE

To enable the VLM to better interpret the multimodal information of an intersection, we introduce
a Foundation Model-Driven Visual Reasoning Engine, which processes visual inputs and the in-
formation matrix to generate high-level semantic representations, thereby achieving more precise
and context-aware perception. As illustrated in Figure [2| the FM-VRE is composed of three key
components:

(1) VLM-Derived Visual Input: Cameras at an intersection monitor traffic from different directions
independently. To obtain a complete view of the intersection, the information from these cameras
must be integrated. For example, at a four-way intersection, data from the north, south, east, and
west directions need to be combined. Let Z¢ denote the raw image captured from direction d €
{1,..., D} at timestep t. Each Z¢ is processed by a VLM encoder fypm(-) to extract a semantic
embedding v¢:

d d
Uy = fVLM(It ), (5)
where v{ encodes high-level traffic semantics such as congestion levels, queue density, and rare
critical events (e.g., emergency vehicle presence or lane blockages) for the given direction.

The per-direction embeddings are then aggregated to form a comprehensive scene-level representa-
tion V;:

Vi = Aggregate (v}, ...,v7), (6)

where the Aggregate(-) denotes concatenation or learned fusion across directional features. The
resulting V; provides a unified semantic summary of the entire intersection, grounded in raw visual
context.

(2) Feature-Driven Prompt Construction: Visual inputs are insufficient for accurately captur-
ing traffic states, such as vehicle speeds or lane-specific counts. To address this, we incorporate
a structured traffic feature matrix J; as a complementary information source. To ensure temporal
consistency and inference stability while avoiding noise from outdated data, only the current snap-
shot of J; is encoded, excluding historical states. The movement features in J; = [m;}, ..., m}?]
are converted into concise, structured natural language representations interpretable by the founda-
tion model and mapped to phase-level information, denoted as (2. This provides the agent with
more granular and compact semantic cues, reducing the ambiguity inherent in vision-only inputs

and enabling a consistent and robust understanding of the current traffic state.

(3) LLM-Driven Reasoning Engine: This module is designed to integrate visual information with
the structured feature matrix. First, the rich visual data is analyzed to extract relevant features, such
as the presence of EMVs or traffic control measures, forming the visual semantic embedding €2,,.
It is important to note that data derived solely from (2, may be imprecise due to the limitations of
current VLMs, which can reliably detect only vehicles near the camera and cannot infer precise at-
tributes such as vehicle speed. To address this limitation, €2, is fused with the structured embedding
Q,, which provides complementary and accurate traffic information. By jointly modeling visual
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Algorithm 1 ViRL-TSC inference with FM-DEE

Require: RL policy 7y, max VLM refinement attempts K
1: Initialize TSC environment
2: for each timestep ¢ do

3: Observe structured state s; and camera images Z;!
4 ar < mo(st) > initial action from RL agent
5 for i <— 1to K do
6: Derive visual semantic summary 2, (from V;)
7 Convert S; to natural-language description €24
8: Query VLM Py, with prompt Q « {2, 2, } to get O;
9: Parse candidate action a; from O, (e.g., regex)
10: if parsing succeeds and a; € A then
11: a; < Gy
12: break > accept VLM suggestion and stop refinement
13: else
14: a; < mo(s¢) > fallback to RL action if invalid
15: end if
16: end for
17: Apply final action a; to the simulator
18: Observe next state ;41
19: end for

and structured inputs, the reasoning core generates a coherent, context-aware representation of the
environment, offering reliable guidance for policy optimization and enhancing the system’s robust-
ness and adaptability in dynamic traffic scenarios, while ensuring the accuracy of both semantic and
structured information.

3.4 ENHANCING RL DECISIONS WITH FOUNDATION MODEL-DRIVEN DECISION
EVALUATION ENGINE

To enhance the reliability of TSC in diverse and uncertain scenarios, we propose a Foundation
Model-Driven Decision Evaluation Engine that refines the initial control actions a; generated by
the RL agent. The evaluator leverages the Structured Multimodal Scene Prompt {2 from the FM-
VRE module, which integrates visual-semantic information with traffic-state representations. It
operates on a prompt structure consisting of three components: Essential Traffic Guidelines, which
encode rule-based constraints and safety principles for signal control; a Logical Chain of Answers,
guiding the foundation model through step-by-step reasoning to ensure consistent, explainable, and
risk-aware decision refinement; and an Answer Format, which enforces a fixed output structure,
enabling candidate actions to be extracted via regular expressions. Specific implementation details
can be found in Appendix [A.2] The action space derived from these outputs is aligned with the
RL agent’s original action space, ensuring compatibility and seamless integration. Leveraging these
inputs, the FM-DEE performs context-aware assessment of the RL agent’s proposed action, provides
structured reasoning explanations, and generates a grounded decision aligned with real-world traffic
conditions.

Formally, the FM-DEE produces a candidate decision sequence O; by maximizing

|O:|
p(Or | Q) = [ pvim(oi | 2, 0<0),

=1

where o; denotes the i-th token. Candidate actions extracted via regular expressions are validated
and retried up to K times if invalid; otherwise, the original RL action a; is retained to ensure
stable and continuous control. As shown in Algorithm [T} under normal circumstances, the system
follows the RL agent’s proposed action, while in rare or unforeseen situations not encountered during
training, the FM-DEE leverages its understanding of the real-world scene and performs reasoning to
generate the final, context-aware decision.
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(a) HK, YMT (b) France, Massy

Figure 3: Illustrations of two types of intersection environments: (a) a four-way intersection in the
Hong Kong, YMT scenario, and (b) a T-shaped intersection in the France, Massy scenario.

4 EXPERIMENT

4.1 EXPERIMENTAL SETUP

All experiments are conducted in a custom TSC simulator that integrates SUMO with a multi-view
camera rendering module. Each simulation episode follows standard urban traffic rules: green
phases last at least 10 seconds, yellow phases 3 seconds, while red phases have no fixed upper
bound. A minimum vehicle headway of 2.5 meters is enforced to ensure safety.

We conduct evaluations on two real-world intersections: Yau Ma Tei in Hong Kong and Massy in
France, as shown in FigureEl Yau Ma Tei represents a dense urban core with narrow lanes, restricted
turns, and frequent congestion, whereas Massy is a suburban T-junction with wider lanes and simpler
traffic flows, offering a complementary evaluation scenario.

For the VLM in ViRL-TSC, we adopt Qwen2.5 due to its open-source nature
and efficient image encoding pipeline, which enables seamless integration with multi-view camera
inputs. In offline mode, the inference time for a single decision step is within 3 seconds. The
framework remains modular and can be extended with other foundation models.

Table 1: Comparison of model performance under two urban scenarios (Hong Kong Yau Ma Tei and
France Massy). | indicates lower is better.

Hong Kong, Yau Ma Tei

Category Model ATT | AWT | AETT | AEWT |
FixTime 67.63 +4.57 40.00 +2.28 82.67+3.23 53.17+2.14
Rule-based  Webster (1958 56.26 +3.39 28.62 +£1.23 59.67 £4.11  30.83+1.79
MaxPressure|Varaiya|(2013] 41.36 £2.22 13.33 £ 0.40 36.17 £2.39 8.83+0.27
69.10 +2.86 13.73 £0.52 65.59 £ 2.80 8.14+0.49
RL-based 38101287 10290507 33.19+192 5.17+0.35°%
4160+2.02 1123+045% 3624+1.45 5.65+0.31
Vanilla-RL (Ours) 39.54+139% 11.51+0.16% 41.03+055 13.22+1.19
Vanilla-VLM 62.45 +8.76 17.62+245 27.79+3.79% 586 +0.69
VLM-based VLMLight (2025b 4542 +£7.18 16.68+3.10 32.00+2.86% 257+093%
ViRL-TSC (Ours) 41.05+0.73%  12.73+0.75 2567337 150+1.81°F
France, Massy
Category Model ATT | AWT | AETT | AEWT |
FixTime 75.84 £4.46 28.19 + 1.58 73.60 £4.62  27.80+1.06
Rule-based ~ Webster (1958 68.92 +2.15 20.89 +0.79 65.20+£3.04 19.80+0.61

MaxPressure|Varaiya|(2013] 64.82 +£4.01 1525+0.86  7240+283  22.40+0.92

IntelliLight |Wei et al.|(2018 69.10 +2.86 13.73 £0.52 65.59 +2.80 8.14£0.49
RL-based UniTSA Wang et al.[(2024c 57.84+1917 1091+£054% 64.90+2.28 9.81+0.41

CCDA |[Wang et al.|(2024a} 62.83£242  11.19+038°% 5880240  7.20%0.49
Vanilla-RL (Ours) 5920+ 1.41% 1077£0.187 5808255 12.27+0.46
Vanilla-VLM 6840691  1825+2.01 53.01+8.34% 3.52+0.67°
VLM-based ~ VLMLight (2025b) 62.18+0.58  13.12£0.13 47.32+£6297 2042177
ViRL-TSC (Ours) 61890945 1293+037 4920+£0.927 2.53+0.50

Ranking markers:  best, ¥ second,i‘ third.
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Table 2: Performance under temporary traffic control at Hong Kong, Yau Ma Tei. | indicates lower
is better.

Method ATT | AWT | AETT | AEWT |

FixTime 82.60 = 0.04 55.49+0.21 79.67+4.67 50.67+4.17
Vanilla-RL 50.64 £1.22 20.51 £0.87 61.754+2.47 29.59 & 2.00
VLMLight 50.00 £ 0.08 20.23+0.11 3435+191 5.67+1.65
ViRL-TSC (Ours) 45.58 - 1.56 16.67 = 0.48 3559+1.29  6.13 + 0.06

4.2 COMPARED METHODS

We evaluate our approach against a diverse set of baselines, including rule-based, RL-based, and
VLM-based methods. Traditional approaches comprise FixTime, Webster |Webster| (1958)), and
MaxPressure [Varaiya (2013). The RL-based baselines consist of IntelliLight |Wei et al.| (2018),
UniTSA |Wang et al.|(2024c)), and CCDA |Wang et al.| (2024a)). We additionally include Vanilla-RL,
which corresponds to the same RL backbone used in ViRL-TSC but without any VLM integration;
this baseline isolates the contribution of VLM-guided reasoning. For VLM-based comparison, we
adopt a Vanilla-VLM baseline that directly applies VLM outputs to decision-making without reason-
ing or iterative refinement. We further incorporate VLMLight |Wang et al.| (2025b)), a vision-based
TSC method that leverages VLMs for scene understanding while performing traffic signal control
using standard RL mechanisms under typical scenarios. This provides a stronger comparison point
to evaluate the benefit of our full VLM-guided RL framework.

4.3 EVALUATION METRICS

We assess system performance using four metrics: Average Travel Time (ATT), the mean time for all
vehicles to reach their destinations; Average Waiting Time (AWT), the mean time vehicles remain
nearly stationary (speed < 0.1 m/s); Average Emergency Travel Time (AETT), the mean travel time
for emergency vehicles; and Average Emergency Waiting Time (AEWT), the mean waiting time for
emergency vehicles. These metrics jointly reflect overall traffic efficiency and emergency vehicle
prioritization.

4.4 PERFORMANCE COMPARISON

As shown in Table |1} we evaluate multiple TSC strategies across diverse urban environments, in-
cluding the dense grid network in Yau Ma Tei, Hong Kong, and a T-shaped intersection in Massy,
France.

Routine Traffic Efficiency Under normal traffic conditions, RL-based methods such as UniTSA,
CCDA, and Vanilla-RL substantially outperform FixTime and rule-based strategies. For instance,
in the Hong Kong scenario, Vanilla-RL achieves an AWT of 11.51 s, roughly 60% lower than Fix-
Time’s 40.00s. A similar pattern is observed in the France scenario, where Vanilla-RL reaches
10.77s AWT compared to Webster’s 20.89s, demonstrating the effectiveness of adaptive control
policies trained for specific scenarios. Compared with Vanilla-VLM, ViRL-TSC further reduces the
average vehicle waiting time by approximately 28% in Hong Kong Yau Ma Tei, and 29% in France
Massy, highlighting the benefit of leveraging RL decisions in routine traffic while enhancing over-
all performance. Compared with VLMLight, ViRL-TSC benefits from multi-source feature fusion
rather than relying solely on visual inputs, leading to more accurate decisions and consistently lower
delays across different traffic conditions. In practice, VIRL-TSC reduces AWT from 16.68 s to 12.73
s in Hong Kong, Yau Ma Tei and from 13.12 s to 12.93 s in France, Massy.

Emergency Vehicle Efficiency By incorporating visual semantics and multimodal reasoning, ViRL-
TSC achieves both accurate traffic state understanding and robust EMV handling. In the Hong Kong
experiment, VIRL-TSC reduces the AEWT to 1.50s, an improvement of approximately 88% over
Vanilla-RL at 13.22s, ensuring rapid EMV passage while maintaining network efficiency. In the
France Massy intersection, VIRL-TSC lowers AEWT to 2.53 s compared to Vanilla-RL at 12.27s,
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Table 3: Ablation results on Hong Kong, Yau Ma Tei, impact of structured reasoning components
and corresponding inference time.

Modules \ Metrics
Answer Format Logical Chain  Guidelines \ AWT | AWT | AETT] AEWT]
v X X 48.88 19.92 40.83 11.33
v X v 44.90 16.12 33.67 4.67
v v v 41.05 12.73 25.67 1.50

while keeping AWT within about 2s of the RL baseline. This indicates that prioritizing EMV
passage incurs only a minor cost to overall traffic delay. In addition, both VLMLight and ViRL-
TSC leverage VLMs to identify EMVs, providing essential semantic information to support policy
decision-making.

Overall, RL-based methods perform well under normal traffic but fail to adapt to EMVs. ViRL-TSC
addresses this by combining RL decision-making with VLM reasoning, cutting EMV delays by over
80% while maintaining network stability.

4.5 PERFORMANCE UNDER TEMPORARY TRAFFIC CONTROL

To assess robustness under non-stationary conditions, we introduce a 50-second period of temporary
traffic control on the Phase-1 approach at the Yau Ma Tei intersection. As shown in Table FixTime
and Vanilla-RL methods exhibit clear performance degradation under this disruption, especially in
terms of AWT and AEWT. VLMLight benefits from visual perception but remains unstable due
to its reliance on vision-only cues. In comparison, ViRL-TSC delivers the strongest overall perfor-
mance. Its AWT is about 19% lower than that of VLMLight, and its ATT is reduced by roughly
9%. More importantly, VIRL-TSC continues to ensure fast emergency vehicle clearance even during
traffic-control interventions, demonstrating that multi-source information fusion enables robust and
reliable decision-making when normal traffic patterns are disrupted.

4.6 ABLATION ANALYSIS

To investigate the impact of each prompt component on the performance of the FM-DEE, we con-
ducted ablation studies at the Yau Ma Tei intersection in Hong Kong. The prompt consists of three
elements: (1) essential hints for decision-making (Guidelines), (2) Logical Chain of Answers (Log-
ical Chain ), and (3) answer format. Since the VLM must understand the environment and respond
in a specific format, the traffic scenario description and answer format are considered fundamental
components. Therefore, our experiments focused on evaluating the effects of Guidelines and the
logical chain. The results are summarized in Table

The results indicate that relying solely on the answer format yields high AWT and AEWT, reflecting
the limited reasoning capability of the VLM. Incorporating Guidelines substantially reduces waiting
times, and further adding a logical chain enhances performance even more. When both Guidelines
and logical reasoning are enabled, the system achieves optimal performance, with AWT and AEWT
reduced to 41.05s and 1.50s, representing reductions of 36% and 87%. This demonstrates that
structured semantic grounding, contextual Guidelines, and explicit logical reasoning complement
each other, enabling the VLM to handle complex traffic scenarios effectively while improving both
efficiency and decision reliability in the FM-DEE.

4.7 MODEL STABILITY ANALYSIS

To further evaluate the stability and effectiveness of the proposed ViRL-TSC framework, we exam-
ine its decision-making behavior under varying traffic conditions, with a focus on EMV prioritiza-
tion. Specifically, we evaluate how the VLM’s performance varies with different numbers of EMVs
and the extent to which it modifies the RL agent’s decisions.
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Figure 4: Impact of EMV number on ViRL-TSC performance.

As shown in Figure[d] prioritizing EMVs slightly increases AWT for regular vehicles, from 11.05s
with no EMVs to 13.10s with five EMVs. Both the modification rate and AWT decrease as the
number of EMVs declines, indicating adaptive adjustments and stable policy behavior.

Despite the marginal increase in AWT, EM Vs are cleared rapidly, with expected waiting times main-
tained within 2-3 s, consistent with signal timing (full phase 5s, yellow interval 3s). The FM-DEE
intervenes in only 3%-10% of cases, preserving the RL agent’s decisions in most situations. This
demonstrates ViRL-TSC’s effectiveness: it relies on RL decisions in routine scenarios and inter-
venes selectively in critical situations to ensure rapid EMV passage.

5 CONCLUSION

This paper has proposed VIRL-TSC, a novel TSC framework that integrates VLM with RL. By
exploiting the multimodal understanding and cross-domain generalization capabilities of VLMs,
ViRL-TSC enhances the robustness and adaptability of RL-based TSC systems in complex, real-
world environments. It optimizes RL-generated policies under dynamic and uncertain environments,
enabling more context-aware and adaptive decision-making. Extensive experiments demonstrate
that ViRL-TSC significantly narrows the performance gap between simulation-trained RL agents
and real-world deployments, achieving stable and context-aware TSC. While visual perception still
faces challenges when vehicles are distant from cameras, the information matrix can provide more
precise complementary information.

Future research will focus on integrating visual and V2X data to enhance overall perception and
decision-making capabilities. Additionally, large-scale deployment, multi-intersection coordination,
and continual learning strategies will be explored to further improve system adaptability in open
and dynamic traffic environments. More broadly, VIRL-TSC presents a task-agnostic paradigm
that effectively combines foundation models with RL, opening new avenues for intelligent control
applications in complex real-world systems.

REFERENCES

Muhammad Awais, Muzammal Naseer, Salman Khan, Rao Muhammad Anwer, Hisham Cholakkal,
Mubarak Shah, Ming-Hsuan Yang, and Fahad Shahbaz Khan. Foundation models defining a
new era in vision: a survey and outlook. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2025.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin Ge, Sibo Song, Kai Dang, Peng Wang,
Shijie Wang, Jun Tang, et al. Qwen2. 5-vl technical report. arXiv preprint arXiv:2502.13923,
2025.

Michael Behrisch, Laura Bieker, Jakob Erdmann, and Daniel Krajzewicz. Sumo-simulation of urban

mobility: an overview. In Proceedings of SIMUL 2011, The Third International Conference on
Advances in System Simulation. ThinkMind, 2011.

10



Under review as a conference paper at ICLR 2026

Yupeng Chang, Xu Wang, Jindong Wang, Yuan Wu, Linyi Yang, Kaijie Zhu, Hao Chen, Xiaoyuan
Yi, Cunxiang Wang, Yidong Wang, et al. A survey on evaluation of large language models. ACM
transactions on intelligent systems and technology, 15(3):1-45, 2024.

Minshuo Chen, Yu Bai, H Vincent Poor, and Mengdi Wang. Efficient 1l with impaired observability:
Learning to act with delayed and missing state observations. Advances in Neural Information
Processing Systems, 36:46390-46418, 2023.

Minshuo Chen, Yu Bai, H Vincent Poor, and Mengdi Wang. Efficient rl with impaired observability:
Learning to act with delayed and missing state observations. Advances in Neural Information
Processing Systems, 36, 2024.

Kai-Fung Chu, Albert YS Lam, and Victor OK Li. Traffic signal control using end-to-end off-policy
deep reinforcement learning. IEEE Transactions on Intelligent Transportation Systems, 23(7):
7184-7195, 2021.

Longchao Da, Kuanru Liou, Tiejin Chen, Xuesong Zhou, Xiangyong Luo, Yezhou Yang, and Hua
Wei. Open-TI: Open Traffic Intelligence with Augmented Language Model. arXiv preprint
arXiv:2401.00211, 2023.

Gabriel Dulac-Arnold, Nir Levine, Daniel J Mankowitz, Jerry Li, Cosmin Paduraru, Sven Gowal,
and Todd Hester. Challenges of real-world reinforcement learning: definitions, benchmarks and
analysis. Machine Learning, 110(9):2419-2468, 2021.

Yixu Feng, Shuo Hou, Haotian Lin, Yu Zhu, Peng Wu, Wei Dong, Jinqgiu Sun, Qingsen Yan, and
Yanning Zhang. Difflight: integrating content and detail for low-light image enhancement. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pp. 6143—
6152, 2024.

David Ha and Jiirgen Schmidhuber. World models. arXiv preprint arXiv:1803.10122, 2(3), 2018.

Danijar Hafner, Jurgis Pasukonis, Jimmy Ba, and Timothy Lillicrap. Mastering diverse domains
through world models. arXiv preprint arXiv:2301.04104, 2023.

Jiawei Hu, Hong Jia, Mahbub Hassan, Lina Yao, Brano Kusy, and Wen Hu. Lightllm: A versatile
large language model for predictive light sensing. In Proceedings of the 23rd ACM Conference
on Embedded Networked Sensor Systems, pp. 158—171, 2025.

Wenlong Huang, Fei Xia, Ted Xiao, Harris Chan, Jacky Liang, Pete Florence, Andy Zeng, Jonathan
Tompson, Igor Mordatch, Yevgen Chebotar, et al. Inner monologue: Embodied reasoning through
planning with language models. arXiv preprint arXiv:2207.05608, 2022.

Peter Koonce and Lee Rodegerdts. Traffic signal timing manual. Technical report, United States.
Federal Highway Administration, 2008.

Siqi Lai, Zhao Xu, Weijia Zhang, Hao Liu, and Hui Xiong. Large language models as traffic signal
control agents: Capacity and opportunity. arXiv preprint arXiv:2312.16044,2023.

P Lowrie. Scats-a traffic responsive method of controlling urban traffic. Sales information brochure
published by Roads & Traffic Authority, Sydney, Australia, 1990.

Mohammad Noaeen, Atharva Naik, Liana Goodman, Jared Crebo, Taimoor Abrar, Zahra Shak-
eri Hossein Abad, Ana LC Bazzan, and Behrouz Far. Reinforcement learning in urban network
traffic signal control: A systematic literature review. Expert Systems with Applications, 199:
116830, 2022.

Afshin Oroojlooy, Mohammadreza Nazari, Davood Hajinezhad, and Jorge Silva. Attendlight: Uni-
versal attention-based reinforcement learning model for traffic signal control. Advances in Neural
Information Processing Systems, 33:4079—4090, 2020.

Aoyu Pang, Maonan Wang, Yirong Chen, Man-On Pun, and Michael Lepech. Scalable Reinforce-
ment Learning Framework for Traffic Signal Control under Communication Delays. IEEE Open
Journal of Vehicular Technology, 2024a.

11



Under review as a conference paper at ICLR 2026

Aoyu Pang, Maonan Wang, Man-On Pun, Chung Shue Chen, and Xi Xiong. iLLM-TSC: Integration
reinforcement learning and large language model for traffic signal control policy improvement.
arXiv preprint arXiv:2407.06025, 2024b.

John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov. Proximal policy
optimization algorithms. arXiv preprint arXiv:1707.06347,2017.

Haoran Su, Yaofeng Desmond Zhong, Biswadip Dey, and Amit Chakraborty. EMVLight: A de-
centralized reinforcement learning framework for efficient passage of emergency vehicles. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 36, pp. 4593-4601, 2022.

Pravin Varaiya. Max pressure control of a network of signalized intersections. Transportation
Research Part C: Emerging Technologies, 36:177-195, 2013.

Maonan Wang, Yirong Chen, Yuheng Kan, Chengcheng Xu, Michael Lepech, Man-On Pun, and
Xi Xiong. Traffic signal cycle control with centralized critic and decentralized actors under vary-
ing intervention frequencies. IEEE Transactions on Intelligent Transportation Systems, 2024a.

Maonan Wang, Aoyu Pang, Yuheng Kan, Man-On Pun, Chung Shue Chen, and Bo Huang. LLM-
Assisted Light: Leveraging Large Language Model Capabilities for Human-Mimetic Traffic Sig-
nal Control in Complex Urban Environments. arXiv preprint arXiv:2403.08337, 2024b.

Maonan Wang, Xi Xiong, Yuheng Kan, Chengcheng Xu, and Man-On Pun. UniTSA: A univer-
sal Reinforcement Learning Framework for V2X Traffic Signal Control. IEEE Transactions on
Vehicular Technology, pp. 1-16, 2024c¢. doi: 10.1109/TVT.2024.3403879.

Maonan Wang, Yirong Chen, Aoyu Pang, Yuxin Cai, Chung Shue Chen, Yuheng Kan, and Man-
On Pun. VLMLight: Traffic Signal Control via Vision-Language Meta-Control and Dual-Branch
Reasoning. arXiv preprint arXiv:2505.19486, 2025a.

Maonan Wang, Yirong Chen, Aoyu Pang, Yuxin Cai, Chung Shue Chen, Yuheng Kan, and Man On
Pun. Vlmlight: Safety-critical traffic signal control via vision-language meta-control and dual-
branch reasoning architecture. In The Thirty-ninth Annual Conference on Neural Information
Processing Systems, 2025b.

Fo Vo Webster. Traffic signal settings. Technical report, 1958.

Hua Wei, Guanjie Zheng, Huaxiu Yao, and Zhenhui Li. Intellilight: A reinforcement learning ap-
proach for intelligent traffic light control. In Proceedings of the 24th ACM SIGKDD international
conference on knowledge discovery & data mining, pp. 2496-2505, 2018.

Tongtong Wu, Linhao Luo, Yuan-Fang Li, Shirui Pan, Thuy-Trang Vu, and Gholamreza Haffari.
Continual learning for large language models: A survey. arXiv preprint arXiv:2402.01364, 2024.

Yi Xu, Yuxin Hu, Zaiwei Zhang, Gregory P Meyer, Siva Karthik Mustikovela, Siddhartha Srinivasa,
Eric M Wolff, and Xin Huang. Vlm-ad: End-to-end autonomous driving through vision-language
model supervision. arXiv preprint arXiv:2412.14446, 2024.

Ruohong Zhang, Bowen Zhang, Yanghao Li, Haotian Zhang, Zhiqing Sun, Zhe Gan, Yinfei Yang,
Ruoming Pang, and Yiming Yang. Improve vision language model chain-of-thought reasoning.
arXiv preprint arXiv:2410.16198, 2024.

Guosheng Zhao, Xiaofeng Wang, Zheng Zhu, Xinze Chen, Guan Huang, Xiaoyi Bao, and Xingang
Wang. Drivedreamer-2: Llm-enhanced world models for diverse driving video generation. In
Proceedings of the AAAI Conference on Artificial Intelligence, volume 39, pp. 10412-10420,
2025a.

Haiyan Zhao, Chengcheng Dong, Jian Cao, and Qingkui Chen. A survey on deep reinforcement
learning approaches for traffic signal control. Engineering Applications of Artificial Intelligence,
133:108100, 2024.

Qingqing Zhao, Yao Lu, Moo Jin Kim, Zipeng Fu, Zhuoyang Zhang, Yecheng Wu, Zhaoshuo Li,
Qianli Ma, Song Han, Chelsea Finn, et al. Cot-vla: Visual chain-of-thought reasoning for vision-
language-action models. In Proceedings of the Computer Vision and Pattern Recognition Confer-
ence, pp. 1702-1713, 2025b.

12



Under review as a conference paper at ICLR 2026

A APPENDIX

A.1 RL ALGORITHM

The training of the RL-based agent is a critical aspect of the proposed framework. In this study, the
Proximal Policy Optimization (PPO) algorithm is employed to train the RL agent. PPO is chosen
due to its suitability for policy-based reinforcement learning in environments with both discrete
and continuous action spaces. This study utilizes two primary neural networks, namely a policy
network denoted as g and a value network denoted as vg4, where 6 and ¢ are the respective network
parameters. The policy network generates a probability distribution over the actions, given the
current state, while the value network estimates the expected future return for that state. The traffic
intersection observations s; are used as input for both networks, generating g (s;) and v4(s;). Next,
the following PPO objective is proposed by taking into account both a policy loss £, (6) and a value
function loss £, (¢):

F(g, qﬁ) = _Ep(e) + )“Cv((b)ﬂ (N

where ) is a hyperparameter that balances the two loss terms. Furthermore, the policy loss function
L,(0) is defined as:

L,(0) =B, [min (J(G)/lt, clip (J(8),1 — e, 1 +¢) At)} : ®)

where . denotes the empirical expectation under policy my while e represents the clipping range.
Furthermore, J(#) and A; take the following form:

WICED)
Jo) = S8 ?
( ) ﬂ_é(at|st)7 ( )
At = TI41+ 7“¢(St+1) —vg(st), (10)

where 7 is the discount factor that determines the present value of future rewards. 7y (-|-) and 75(-|-)
stand for the current and previous policy, respectively. The previous policy 7;(-|-) is used as a
reference to ensure that the policy updates are consistent with the previous policy.

Finally, the value function £, (¢) is computed as the mean-squared error between the predicted state
values v, (s) and the actual discounted returns:

L,(¢) =B, [(Atﬂ . (11)

By minimizing this loss, the agent learns to predict the expected return from each state more accu-
rately, which in turn helps the agent to choose better actions.

A.2 STRUCTURED PROMPT DESIGN FOR FM-DEE

To enable the LLM to reason about complex traffic control scenarios, we design a structured natural
language prompt composed of the following four components, as shown in Figure [5}

1. Role Definition: The prompt begins by assigning the LLM the role of a TSC evaluator.
This establishes the context and ensures the model understands its responsibilities in the
decision-making process.

2. Decision-Making Guidelines: A concise list of operational rules and traffic principles is
provided. These include prioritizing emergency vehicles, ensuring each intersection can
select only one valid phase per time step, and following standard traffic safety practices.
This guides the LLM toward rational and regulation-compliant actions.

3. Reasoning Chain: The prompt instructs the LLM to first evaluate the RL agent’s pro-
posed action based on the provided scenario context, explain whether it aligns with traffic
guidelines, and, if needed, propose a revised action. This process encourages interpretable,
rule-based reasoning rather than intuition-based responses.
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Role to be played: TSC Evaluator

J

/ Essential hints for decision-making: \
1. You must output a decision when you finish this task.

2. Your final output decision must be unique and not
ambiguous.

3. You need to know your available actions and junction state
before you make any decision.

4. Emergency vehicles have priority through intersections.

\5- [-]

/
Logical chain of answers: \
1. Decision: Traffic light decision-making judgment whether
the Action is reasonable in the current state.
2. Explalanation: Your explanation about your decision,
described your suggestions to the Crossing Guard. The
analysis should be as detailed as possible, including the
possible benefits of each action.
3.Final Action: An action is finally selected from the set of
candidate phases.

\

Answer Format:
Format the output as JSSON with the following keys:
*json

{
"decision": string // The final Acion ....
"expalanations": string // Your explaination about ...

} /

Figure 5: The schematic diagram of LLM as a traffic evaluator, illustrates the three-stage architecture
of LLM in traffic control: formulating thought programs, acquiring environmental information, and
optimizing RL actions.

4. Output Format Specification: To support seamless integration into the TSC pipeline, the
LLM is required to return a structured JSON response. This format ensures the output is
machine-readable and can be directly parsed for downstream execution.

This structured prompt enables the LLM to bridge symbolic control logic and natural language
reasoning, improving interpretability and robustness in traffic signal control decisions.

B RELATED WORKS

RL-Based TSC Method. TSC methods are generally categorized into traditional approaches and
RL-based approaches. Traditional rule-based methods, including fixed-time control, Webster’s
method [Koonce & Rodegerdts| (2008), and SCATS |Lowrie| (1990), have been widely deployed in
urban areas but often fail to adapt to the stochastic and dynamic nature of real-world traffic, re-
sulting in suboptimal performance. To address this limitation, RL has been introduced into TSC to
enable adaptive and real-time decision-making Oroojlooy et al.|(2020); [Pang et al.[(2024a); Wang
et al.|(2024c). RL-based methods typically deploy trainable agents at intersections that dynamically
adjust signals based on real-time traffic states and have demonstrated promising results in simula-
tion studies. However, deploying these methods in real-world scenarios remains challenging due to
issues such as long-tail events|Su et al.|(2022) and noisy or missing observations Feng et al.|(2024),
which are often underrepresented during training. To bridge the gap between controlled simulations
and real-world complexity, this work proposes integrating foundation models into RL-based TSC
frameworks, leveraging their generalization and representation capabilities to enhance robustness
and adaptability.
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Foundation Models for TSC. Developing adaptable TSC systems remains a significant challenge.
Recent studies have primarily focused on integrating LLMs to improve generalization and adaptabil-
ity|Lai et al.|(2023); Wang et al.|(2024b); Hu et al.| (2025). However, existing LLM-based approaches
typically rely on handcrafted, scene-specific prompts and lack effective task-driven policy learning,
limiting their flexibility and scalability in open-world environments [Wu et al.| (2024). Meanwhile,
VLMs have demonstrated remarkable multimodal perception and reasoning capabilities in other do-
mains|Zhang et al.|(2024); Xu et al.| (2024]), yet their application in TSC remains limited. To address
these gaps, we investigate a combined framework of VLM and RL, aiming to enhance the robustness
and adaptability of TSC systems through richer integration of visual and semantic information.

VLM-Enhanced World models for Agent Control. World models aim to simulate environment
dynamics by predicting future states based on current observations and actions |Ha & Schmidhu-
ber| (2018)), enabling planning, reasoning, and imagination-based learning in RL. Traditional world
models rely on explicit environment transition modeling |[Ha & Schmidhuber| (2018)); [Hafner et al.
(2023)), whereas LLM have recently emerged as implicit world models due to their strong semantic
reasoning and generalization capabilities|Zhao et al.|(2025a)). However, in highly dynamic tasks such
as TSC, existing VLMs mostly perform direct state prediction with simple input—output mappings,
lacking the intermediate reasoning steps essential for complex decision-making. This limitation pre-
vents them from addressing higher-level causal questions such as “What if a specific signal phase
is applied?” or “How would the outcome change under a different past decision?”. To overcome
this, recent studies have introduced CoT reasoning to explicitly unfold intermediate inference steps
and model the association—intervention—counterfactual causal chain, enabling multi-step and inter-
pretable decision generation Zhang et al.| (2024); Zhao et al.| (2025b)). Combining CoT with multi-
modal VLM perception from multi-directional cameras |Awais et al.| (2025) and precise structured
traffic features, recent works explore integrating multimodal reasoning with reinforcement learning
policies, significantly enhancing robustness and generalization under real-world challenges such as
communication delays, observation noise, and long-tail events Pang et al.[(2024b)).

C EXPERIMENT DETAILS

C.1 COMPARED METHODS
C.1.1 RULE-BASED METHODS

We compare three classical rule-based traffic signal control strategies:

* FixTime: A fixed-time control policy where each traffic signal phase is assigned a constant
duration. In our experiments, we adopt FixTime-30, where each phase is set to a fixed
length of 30 seconds.

* Webster: A classical analytical method that determines the optimal signal cycle length and
phase split based on traffic demand. It aims to minimize average vehicle delay through
formula-based optimization.

* MaxPressure: A dynamic control algorithm that selects the phase with the maximum pres-
sure, defined as the difference between upstream and downstream queues. This strategy
seeks to improve overall traffic throughput and alleviate congestion.

C.1.2 RL-BASED METHODS

We evaluate three representative reinforcement learning-based TSC methods:

* IntelliLight: A deep Q-learning-based method that selects the most appropriate signal
phase every 5 seconds. It incorporates a balanced experience replay buffer to address phase
selection bias.

* UniTSA: An advanced RL model that employs junction matrices and state augmentation
techniques to enhance generalization across heterogeneous intersections and traffic pat-
terns.
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* CCDA: A hybrid architecture combining a centralized critic with decentralized actors. It
jointly adjusts all phase durations using discrete actions from {—6,—3,0,3,6} seconds,
with decisions made every 10 seconds to maintain smooth transitions.

* Vanilla-RL: A standard reinforcement learning baseline that directly learns a TSC pol-
icy from raw state representations without using any auxiliary modules, such as vision-
language reasoning or expert priors. The agent interacts with the environment by observing
the queue lengths and phase states, and optimizes its policy purely through reward feedback
via trial-and-error exploration. This baseline reflects the performance of conventional RL
methods under the same observation and reward settings, serving as a reference to highlight
the effectiveness of incorporating high-level semantic cues in our proposed framework.

C.1.3 VLM-BASED METHODS

We include two representative vision-language-based baselines that incorporate multimodal reason-
ing into traffic signal control:

* VLMLight: A recent VLM-enhanced TSC framework where an image-based VLM ana-
lyzes intersection scenes to provide semantic guidance for signal control. The system uses
the VLM to interpret key visual cues—such as vehicle type, spatial density, and abnormal
events—and switches between VLM-guided decisions and an RL policy. The RL agent op-
erates on features extracted by the VLM, resulting in a tightly coupled perception—control
design. While VLMLight demonstrates the potential of multimodal reasoning in TSC, its
reliance on visual inputs alone limits its ability to integrate structured traffic features or
multi-source data, and its dependence on cloud-based VLM inference makes it sensitive to
communication delays.

* Vanilla-VLM: An ablation baseline where ViRL-TSC operates solely using the VLM com-
ponent without any reinforcement learning module. Given an intersection image and struc-
tured state descriptions, the VLM produces a direct signal-phase decision through chain-of-
thought reasoning. This baseline represents the standalone capability of foundation models
in traffic signal control and allows us to evaluate how much improvement RL contributes in
scenarios requiring long-term optimization or multi-step reasoning. The exact prompting
structure used for Vanilla-VLM is provided in Appendix A.2 to ensure reproducibility.

C.2 REINFORCEMENT LEARNING MODEL SETTINGS AND TRAINING RESULTS

As shown in Table 4| summarizes the key hyperparameters used in training our reinforcement
learning-based traffic signal control models. These include the trace-decay parameter vy, which de-
termines the temporal discounting of future rewards; the policy update parameter \; and the policy
clipping range € used to constrain policy updates during optimization. The length of state history K
indicates how many previous steps are incorporated into the current observation, enabling the model
to capture temporal dynamics.

Table 4: List of RL Model Parameters Used in Simulation

Variables Value
Trace-decay Parameter 0.99
Policy Update Parameter A 1
Policy Clipping Range ¢ 0.2
Length of State K’ )

To evaluate training stability and performance convergence, we track the cumulative reward curves
across training episodes. Figure[6]and Figure[7]show the training reward trajectories in two represen-
tative scenarios: France Massy and Hong Kong Yau Ma Tei (YMT), respectively. In both environ-
ments, the reward increases steadily as training progresses, indicating effective policy learning. The
France Massy environment presents a moderate traffic pattern with consistent convergence, while the
Hong Kong YMT environment exhibits more dynamic traffic conditions, leading to slightly higher
reward variance. Nevertheless, both scenarios demonstrate satisfactory convergence performance.
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Figure 6: Training reward curve in France Massy.
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Figure 7: Training reward curve in Hong Kong YMT.

C.3 CASE STUDY

Figure [§] illustrates a representative case study highlighting how ViRL's foundation model compo-

nents collaboratively generate adaptive and context-aware signal decisions in response to emergency
vehicle (EMV) events.

FM-VRE Module. This module integrates multi-modal traffic information using vision and lan-
guage foundation models. First, the Vision-Language Model analyzes the real-time intersection
image, identifying critical elements such as vehicle types, directions, and the presence of an EMV.
Simultaneously, the Feature-Derived Prompt provides structured traffic state data—such as signal
phases, vehicle queues, and waiting times—which complements the visual input. These inputs are
jointly interpreted by the Large Language Model, which performs reasoning to associate semantic
elements with the physical signal phases and spatial layout of the intersection.

FM-DEE Module. Based on the inferred intent and situation context provided by FM-VRE, the
FM-DEE determines the most appropriate signal action. It ensures that the selected phase gives
priority to the EMV while maintaining intersection safety and minimizing disruption to other traffic.
By aligning multi-modal perception with structured control logic, this evaluator bridges human-like
understanding with real-time signal operations.
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Scene-0: The current road conditions at the intersection appear to be moderately congested. There are multiple vehicles present, but the flow of
traffic seems to be moving without significant delays.
Special Vehicles:
- **Police Car:** There is a police car identifiable by its distinct markings and lights. It is located within the intersection, moving from the
bottom right towards the top left. The police car has passed the stop line and is actively entering the intersection.
- **Ambulance:** There is an ambulance identifiable by its red color and cross symbol. It is also within the intersection, moving from the
bottom right towards the top left. The ambulance has passed the stop line and is actively entering the intersection.

Summary:
- **Congestion:** Moderate.
- **Special Vehicles:**
- A police car is entering the intersection.
- An ambulance is entering the intersection.
- **QOrdinary Vehicles:** Multiple ordinary vehicles are present, either waiting or moving through the intersection.

Scene-1: ... ....
Scene-2: ... ...
Scene-3: ... ...

- . J
LLM-Driven Reasoning Engine Feature-Derived Prompt
SENSOR INDEX 2 PHASE INDEX: {0:2, 1:3, 2:0, 3:1} The decision RL Agent make thie step is : Phase-3

Summary of Traffic Phases

Traffic Phase-0: The vehicles mean occupancy of each movement is:

- **Congestion:** Moderate, with no significant delays. ml:'12.3%" .. ...
- **Special Vehicles:** None identified. The number of cars waiting in each movement is:
- **Qrdinary Vehicles:** ... ... ml:3 ...

Traffic Phase-1: ... ... Phase to Movement:
Traffic Phase-2: ... ... Phase-0:{m1, m2}... ...
\__Traffic Phase-3: ... ... VRN J

Foundation Model-DrivenDecision Evaluator

Decision: Phase-2
Explanations: Traffic Phase-2 has both a police car and an ambulance entering the intersection. According to the rules, this phase

should be given priority to ensure the safe and efficient passage of special vehicles.

Figure 8: Case Study: Vi’s Foundation Model-Based Decision Pipeline for Emergency Vehicle
Prioritization.

This case demonstrates the interpretability, flexibility, and responsiveness of ViRL-TSC’s foundation
model-based pipeline, particularly under high-stakes scenarios such as emergency response.

LLM USAGE

We used a large language model (GPT-5) solely for grammar checking and language refinement. The
LLM did not contribute to research ideation, experimental design, implementation, or data analysis.
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