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Appendix

In this appendix, we provide supplementary material to further elaborate on VLMLight:

 Additional method details, including the routine control policy, full algorithm, and prompt
templates in Section [A]

* Full experimental setup, including datasets and compared baselines in Section

 Extended results, including RL convergence curves, LLM model comparisons, and inference
times in Section[C]

 Three case studies illustrating the decision-making process of VLMLight in Section

* In-depth discussion on limitations and broader impact in Section [E]

A Method

A.1 Details of Routine Control Policy

In standard traffic scenarios, VLMLight adopts an Reinforcement Learning (RL) policy trained within
a Markov Decision Process (MDP) framework. At each timestep ¢, the intersection state is encoded
as J; = [m!,..., ml,], where each m! € R7 represents the status of the i-th movement at the
intersection. The vector mﬁ includes a combination of traffic flow, movement, and signal-related
features. The traffic characteristics are captured through the average vehicle flow F*!, maximum
occupancy Ofn’flx, and mean occupancy Ofn’éan since the last control action. The movement-specific
features consist of an indicator I! € {0, 1,2} that reflects whether the movement is straight, left, or
right, and the lane count L;. Signal status is described by two binary indicators: Iclét for whether the

current phase is green, and Iﬁ{é to indicate whether the minimum green duration requirement has
been satisfied. The complete feature vector is written as:

m: = [F%t’Orlﬁztix7011ﬂéana[;7LiaIclgit’Irlﬂgi] : ()
To ensure a consistent input size, intersections with fewer than 12 movements are zero-padded. For
example, at the Yau Ma Tei intersection, the absence of a left-turn movement from north to south is
represented by a zero vector. An illustration of the zero-padding scheme is shown in Figure|l} To
capture temporal dynamics, the agent receives input from the current and previous four timesteps,
forming a 5-frame observation window:

Sy = [Ji—a, Ji—3, Jr—a, Jy—1, Jy] € RO*¥12XT, 2)

At each timestep, the agent selects an action a; € P, where P denotes the set of available traffic
signal phases. The reward r; is defined as the negative average queue length, encouraging smoother
traffic flow.

To extract expressive representations from Sy, we use a Transformer-based encoder that processes
both spatial and temporal dimensions. In the spatial encoding stage, the individual movement vectors
m! € R7 for each frame J, € R12%7 are projected to d-dimensional embeddings h! via a shared
linear layer:

h! =W.m'! +b,, i=1,...,12, 3)

producing a token matrix h® = [h!, ... hi,] € R'?*< This matrix is processed by a Transformer
block composed of layer normalization (LN), multihead self-attention (MSA), and a feed-forward
network (MLP):

E' = MLP (LN (h' + MSA(LN(h")))) € R"**%. )

We then apply mean pooling across the 12 movement embeddings to obtain a compact spatial
summary Sg:

12
1 t d
st:E;EieR. (5)
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Figure 1: Example of zero-padding at the Yau Ma Tei intersection.

In the second stage, we process the five temporal embeddings S; = [s;_4,...,s;] € R5*? using
another Transformer encoder:
Z; = MLP (LN (S; + MSA (LN(S;)))) € R®*%, (6)

where each row Z; j, € R? corresponds to the enriched representation of time step ¢ — k. To obtain a
fixed-length state embedding for decision-making, we apply average pooling over the temporal axis:

5
1
fi= ; Z:y € R @)

After obtaining the spatio-temporal representation h;, we pass it into both the policy and value
networks. The policy head outputs a probability distribution 7(a; | hy; 6) over actions, and the value
head estimates the expected return V' (hy; ¢). We optimize the policy using the Proximal Policy
Optimization (PPO) algorithm, which maximizes the following surrogate objective:

LP(9) = E, [min (rt(ﬁ)At, clip(re(6),1 — e,1 + e)At)} , 8)

o (as|he
where r:(0) = —MZS(;L‘hz)

€ is used to bound policy updates and improve training stability. The value network is trained by
minimizing the squared error between predicted values and empirical returns:

is the policy ratio and A, is the advantage estimate. The clipping parameter

L) — E, [(V(ht;qﬁ) - RJT , ©)

where R, denotes the bootstrap return. This hierarchical design enables the routine control policy to
leverage both short-term dynamics and long-term patterns for efficient traffic management. The full
training objective combines the above terms:

Actotal(ay ¢) = _Epolicy(g) =+ Avﬁvalue((ﬁ)a (10)

where ), is a hyperparameter that balances value learning. This Transformer-based hierarchical
design allows the fast RL policy to effectively reason over fine-grained spatio-temporal signals for
efficient traffic control in routine scenarios.

A.2  Algorithm for VLMLight

VLMLight employs a modular set of collaborative agents that together enable perception-aware,
safety-critical traffic control. Table[T]summarizes the responsibilities of each agent. The architecture
is designed to interleave fast decision-making (via RL) with high-level reasoning (via LLM agents)
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Table 1: Summary of agent roles in VLMLight.

Agent Name Function

Agentgcene Converts multi-view images I; into directional text descriptions 7T;
Agentyodeselector  Selects control mode: fast RL policy or structured LLM reasoning
Agentppyge Aggregates T; into phase-level descriptions P;

Agentpi, Selects optimal action a-™™ and explains the rationale

Agentcheck Validates action feasibility against current legal phase set A

under a unified meta-control mechanism. Each agent operates on structured inputs—either visual,
textual, or phase-level representations—and outputs either a decision or an intermediate semantic
representation used by downstream agents.

Algorithm 1 Algorithm for VLMLight

Require: Maximum simulation time T},.x, legal phase set A, phase-to-lane mapping Mh.iane,
maximum check attempts N¢peck, control interval At.
1: Initialize t <+ 0
2: while t < T}, do
3 Obtain multi-view images {Iy, I, ..., Ip} from simulator
4: {1, Ty,...,Tp} < AGENTscexe({/i})
5 m < AGENTwmopgseLector({ 5 })
6.
7
8

if m = RL then
at < AGENTRL(St)

: else

9: {P1, Py, ..., Pg} < AGENTpyase ({7}, Mph-tanc)
10: af"™M < AGENTp An({ P })

11: for n = 1 to Npeck do

12: a; < AGENTcypek (™, Ay)
13: if a; € A; then

14: break

15: end if

16: end for

17: ifa; ¢ A, then

18: a; < AGENTRL(S¢)

19: end if
20: end if
21: Execute a; in simulator

22: t+t+ At
23: end while

Algorithm 1| outlines the inference procedure of VLMLight. At each decision interval, the system
receives multi-view images from the simulator and invokes the Agentg.,e to generate directional
scene descriptions. A safety-prioritized meta-controller Agentyjodeselector then determines whether to
proceed with the fast RL policy or activate the structured reasoning branch. In routine conditions, a
lightweight RL agent issues a control action based on the current traffic state. In contrast, for safety-
critical scenarios, three LLM agents collaborate sequentially: the Agentpp,se module transforms
scene descriptions into phase-level summaries using a predefined phase-to-lane mapping Mph-lane;
the Agentpy,, agent proposes a candidate action aligned with system objectives; and the Agentcpeck
agent verifies the action’s legality against the current feasible phase set 4. If the verification fails
after Nepeck attempts, the system falls back to the action proposed by Agentg;, to ensure continued
operation. The selected action is then executed in the simulator, and the simulation clock advances by
a fixed interval At. This loop continues until the maximum simulation time 7' max is reached.

A.3 Prompt Templates

This section presents the prompt templates used by the five agents in VLMLight. Agentgcene uses
a VLM to convert intersection images into textual descriptions, as shown in Figure [2| The other
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four agents are based on LLMSs: Agentyogeselector determines the control mode (Figure E]), Agentppyge
generates phase-level descriptions based on the scene context (Figure[d), Agentpi,, selects the optimal
phase (Figure E]), and Agentcpeck verifies rule compliance (Figure @

AgentSCene \

You are TrafficVision, an Al traffic analyst. Based on the intersection image below from a fixed surveillance
camera, provide an accurate and concise description of the scene:
- Assess traffic congestion level.
- Identify special vehicles (e.g., ambulances, police cars, fire trucks) only if clearly visible.
- Avoid speculation — report only what is verifiable.
[ {Image}]
\

Figure 2: Prompt template for Agentsgeene.

AgentModeSelector N\

You are in a role play game. The following roles are available:

- Routine Control Agent: Handle normal traffic using RL-based decisions to optimize flow and ensure safety.

- Reasoning Agent: Take over when special vehicles appear or unusual conditions arise, ensuring their
priority while keeping traffic orderly. Please read the dialogue history and choose the next suitable role to
speak.

When the user indicates to stop chatting or when the topic should be terminated, please return '[STOP]'.

Only return the role name from [{agent names}] or '[STOP]'. Do not reply any other content.

Figure 3: Prompt template for Agentyiodeselector-

\

You are a traffic phase analyst. The intersection has [ {direction_number}] directional descriptions, each
representing a different view. The following is the phase-to-lane mapping for this junction:
[{phase-to-lane}]

Please summarize each traffic phase by extracting:

1) Congestion level

2) Confirmed special vehicles (ambulance, police car, fire truck — only if clearly visible)

3) Any notable traffic events

Use the scene descriptions provided for each direction:

[{junction_description-direction}], ...

Figure 4: Prompt template for Agentphse.-

\

You are roleplaying as a traffic police officer managing a real-time intersection. You have received the
description for each traffic phase: [ {phase description}].

Please make decisions by:

- Prioritizing confirmed emergency vehicles (ambulances, police cars, or fire trucks)

- Otherwise, adjusting signal timings to minimize congestion and maximize overall traffic efficiency
Note: You must choose only from the following available actions: [ {available actions}]

Figure 5: Prompt template for Agentpy,,.

B Experiments Setup

B.1 Experiment Settings

In this section, we describe the experimental setup used to evaluate the performance of VLMLight,
our proposed traffic signal control framework. The experiment involves the integration of a self-
developed traffic simulator, the deployment of large models for vision-language understanding, and
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You are an evaluator responsible for verifying whether a traffic control decision is valid.
A valid decision must select an action strictly from the following set: [ {self.available actions}].
If the decision is compliant, return a JSON object with exactly two keys:
- "decision": the selected Traffic Phase ID
- "explanation": the rationale for the decision based on the traffic phase description
No other keys are allowed in the output. Example output:
{
"decision": "Phase-2",
"explanation": "The image depicts a basic road intersection scenario with no special vehicle markings; ...

H

\ J

Figure 6: Prompt template for Agentcpeck-

the training of an RL policy to assess VLMLight’s adaptability in dynamic traffic scenarios, especially
in safety-critical situations.

The experiments are conducted using a self-developed traffic simulation environment built on top of
the SUMO (Version 1.22) framework. The simulated roads feature a maximum speed limit of 13.9
m/s (approximately 50 km/h) to model typical urban traffic conditions. The simulator includes three
specialized types of vehicles—police cars, ambulances, and fire trucks—to evaluate the system’s
performance in emergency response scenarios. The vehicle speed distribution is modeled as a
Gaussian distribution with a mean of 10 m/s and a variance of 3, reflecting typical urban traffic flow
patterns.

To ensure high-performance traffic signal control, we deploy both VLMs and LLMs locally on a
high-performance computing system. The system is equipped with an Intel Xeon 6738P CPU, 256
GB of RAM, and five A100 GPUs, all running Ubuntu 20.04 LTS. This setup allows us to run multiple
VLMs in parallel, significantly improving the speed and efficiency of scene understanding. The use
of multiple VLMs is essential for rapidly processing the visual inputs from various intersection views
and generating natural language descriptions that capture the complex dynamics of the scene. This
configuration ensures that VLMLight can make real-time decisions based on a thorough understanding
of the current traffic situation.

For the RL-based components of VLMLight, we use the PPO [1]] algorithm, implemented via
the Stable Baselines3 library. To speed up training and improve the exploration of different traffic
conditions, we deploy 30 parallel processes, each interacting with a separate instance of the simulation.
The total number of environment steps is set to 3e5 and the batch size is configured to 64. The
learning rate follows a linear schedule, starting at 1e — 3 and gradually decreasing as the number of
training steps increases. Additionally, the trajectory memory size is set to 3000.

B.2 Dataset Details

To evaluate the generalizability of VLMLight, we construct an evaluation suite based on three real-
world intersections with varying topologies and traffic conditions, located in Songdo (South Korea),
Yau Ma Tei (Hong Kong), and Massy (France). Each site was selected to represent distinct urban
forms: Songdo features large-scale grid intersections with high traffic throughput; Yau Ma Tei is
situated in a densely populated downtown with constrained geometry and restricted turning rules;
and Massy contains a suburban T-junction with lighter traffic and fewer lanes. These variations allow
us to systematically test VLMLight across a broad range of physical layouts and flow intensities.

For each intersection, multi-directional cameras were deployed to capture 30 minutes of continuous
traffic footage, with all approaches covered. As shown in Figure[7] the first column in each subfigure
presents the top-down intersection layout, while subsequent images show direction-specific views
from each inbound lane. These direction-wise visual inputs are fed into the VLMLight perception
module for downstream reasoning. Table [2]summarizes the directional traffic flow statistics. Vehicle
counts and arrival rates vary considerably across sites: Songdo shows the heaviest traffic load, with
arrival rates exceeding 2 vehicles/s in certain directions, while Massy represents the lightest scenario
with sub-1 vehicle/s flow. Emergency vehicles were sparsely but consistently present across all
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Figure 7: Multi-view camera observations of three real-world intersections. Top-down layouts are
shown on the left; directional inbound views follow. (a) Songdo, (b) Yau Ma Tei, and (c) Massy.

125  sites, ensuring meaningful evaluation of safety-critical reasoning. This comprehensive setup enables
126 reproducible and diverse benchmarking for vision-language-based traffic signal control.

Table 2: Traffic flow statistics for each approach direction at the three intersections. #Veh: total
vehicles; #Emerg: emergency vehicles.

Arrival Rate (vehicles/s)
Mean Std Min Max

Network Dir #Veh #Emerg

D 37180 9 210 031 1.60 2.67

@ 3740 4 208 032 158 278

Songdo 3 2993 4 166 023 120 220
@ 2932 5 163 021 135 2.03

D 2556 7 142 020 105 1.70

Q@ 1916 4 106 017 078 137
YauMaTei = 5 957 4 107  0.17 075 135
@ 2346 2 130 020 1.00 1.65

D 1216 3 0.68 009 045 0.85

Massy @ 626 2 035 006 025 047
® 1079 2 0.60 0.0 042 0.78
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B.3 Compared Methods

In this section, we introduce the methods compared to our VLMLight framework, which includes
three traditional baselines, five RL-based approaches, and one VLM-based method. These methods
are evaluated to highlight the advantages of VLMLight in terms of traffic efficiency and safety.

Traditional Methods. We adopt three traditional approaches in experiments as follows:

* FixTime: Fixed-time control assigns predetermined cycle and phase durations, which are
most effective in steady traffic conditions. We consider the FixTime-30 variant, where each
phase duration is fixed at 30 seconds.

* Webster [2]: The Webster method adjusts cycle lengths and phase splits based on traffic
volumes, optimizing travel time in uniform traffic. In this study, we use it for adjusting
traffic lights based on real-time traffic flow.

* MaxPressure [3]: The MaxPressure method prioritizes phases with the highest traffic
demand, optimizing the flow by minimizing congestion. This approach is known for its
simplicity and effectiveness in maximizing intersection throughput.

RL-Based Methods. We examine five RL-based methods, each offering distinct strategies for TSC:

* IntelliLight [4]: IntelliLight uses a DQN-based approach to select the best traffic phase from
available options, addressing data imbalance by maintaining a balanced data buffer for each
phase. In this study, decisions are made every 5 s from all available phases.

e UniTSA [5]: UniTSA introduces junction matrices, which enable it to adapt to different
intersection layouts. The method also leverages state augmentation, ensuring the agent
encounters diverse intersection types and traffic volume during training.

* A-CATs [6]]: A-CATs employs an actor-critic approach to train TSC agents, where the
output phase duration is adjusted within a range of 10 to 40 seconds. This method provides
continuous learning for phase duration optimization based on traffic conditions.

* 3DQN-TSCC [7]: 3DQN-TSCC applies DQN to adjust phase durations in small increments,
focusing on stabilizing the signal light transitions. In this method, the phase duration is
modified by a fixed set of values {—5,0,5} s.

¢ CCDA [8]]: CCDA introduces a centralized critic and decentralized actor framework, ensur-
ing stability in phase duration changes. The method adjusts all phase durations in smaller
steps {—6,—3,0, 3,6} s and decisions are made every 10 s to ensure stability.

VLM-Based Method. We also consider a VLM-based approach, Vanilla-VLM, which directly
utilizes a VLM for scene understanding and generates a textual description of the traffic situation,
which is then used by an LLM to make decisions without the involvement of RL policies in regular
scenarios.

" = P v s e CEU e bt e o 7 ot
g a2l 11 E ~ 10000} 7 b g 500017
E 50000/ Z / E /
= / & 20000 & 7500
2 IntelliLight || & / IntelliLight || £ _10000
£ —100000 { e UniTSA & 730000 UniTSA =
E A-CATs g / A-CATs 2 —12500
s\ ) o | B —40000F ) £
3 3DQN-TSC | = 3DOQN-TSC | 2
O ~150000 —— CCDA ©  CCDA O —15000
—50000
200 400 600 800 0 200 400 600 800 0 200 100 600 800
Episode Episode Episode
(@) (b) (©

Figure 8: Training reward curves of five RL-based TSC methods across three real-world intersections:
(a) Songdo (South Korea), (b) Yau Ma Tei (Hong Kong), and (c) Massy (France).
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C Additional Experiments Results

C.1 Additional Performance Analysis of RL. Methods for TSC

In this section, we describe five RL-based TSC methods: IntelliLight, UniTSA, A-CATs, CCDA,
and 3DQN-TSC. Figure@] shows the reward curves for each method in three scenarios, where the
X-axis represents training episodes and the y-axis represents cumulative rewards. Among the methods,
IntelliLight and UniTSA achieve the highest cumulative rewards and exhibit rapid convergence. Their
superior performance stems from their design: both adopt direct phase-switching actions, allowing
for timely and responsive adjustments to dynamic traffic conditions.

A-CATs and CCDA exhibit competitive, though slightly inferior performance. A-CATs decomposes
the multi-phase scheduling task into sequential single-phase adjustments, which increase the learning
difficulty but eventually result in near-optimal control once convergence is reached. CCDA extends
this idea by enabling simultaneous updates of all phases with a larger action space, leading to slower
convergence but similar final performance.

Finally, 3DQN-TSC performs the worst across all scenarios. Its restrictive action design—Ilimited to
modifying a single phase per cycle—constrains its ability to optimize phase allocations holistically.
As a result, it accumulates fewer rewards and struggles to match the performance of other methods.

Table 3: Performance comparison of different VLMs for scene understanding. The top two results
are marked with * (best),  (second).

Scene | Metrics | VLMLight Qwen2.5-VL-7B LLava-7B  LLava-13B GPT-40
Songdo 87.14* 92.68 95.25 91.96 87.46'
YauMaTei | ATT | 39.80* 41.79 48.54 41.27 41.12f
Massy 60.84* 65.62 70.54 66.44 63.721
Songdo 49.881 76.13 80.45 60.86 48.06*
Yau Ma Tei | AETT | 13.50f 30.34 27.55 19.71 13.04*
Massy 45.401 62.63 65.97 55.78 45.17*

Table 4: Performance comparison of different LLMs for mode selection.

Scene | Metrics | VLMLight Qwen2.5-7B  Qwen2.5-32B  Llama3-70B  GPT-4o0
Songdo 87.141 87.18 86.28" 89.53 88.57
Yau Ma Tei ATT | 39.801 41.01 41.14 38.89* 40.19
Massy 60.841 62.46 62.73 62.67 60.79*
Songdo 49.88 49.81" 50.67 51.25 49.70*
Yau Ma Tei | AETT | 13.50 13.36 13.91 13.191 12.96*
Massy 45.40* 46.81 48.61 45.441 46.76

Table 5: Performance comparison of different LLMs on reasoning policy.

Scene | Metrics | VLMLight Qwen2.5-7B  Qwen2.5-32B  Llama3-70B  GPT-4o0
Songdo 87.14* 90.59 88.59 87.40° 87.99
YauMaTei | ATT| 39.80 38.50f 40.57 38.23* 39.93
Massy 60.84" 63.71 62.56 59.11* 61.11
Songdo 49.88 51.85 49.71 49.457 49.37*
Yau Ma Tei | AETT | 13.50f 13.34 13.97 13.76 13.14*
Massy 45.401 53.68 46.68 50.54 44.61*
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C.2 Additional Ablation Study on different LLMs

In this section, we analyze the impact of different LLM models on the performance of VLMLight
across various modules, including scene understanding, mode selection, and reasoning policy. We
evaluated multiple models, including Qwen2.5-VL-7B [9], LLaVA-7B, LLaVA-13B [10], and GPT-40
[L1] for the scene understanding agent (Agentscene), and Qwen2.5-7B, Qwen2.5-32B [12], Llama3.1-
70B [13]], and GPT-40 [11] for the Agentpodeselector and reasoning policy agents. The results are
presented in Tables 3] 4] and[5] showcasing the effects of model selection on the respective modules.

The results indicate that the scene understanding module (Agentgcepe) 1S the most sensitive to model
changes. As shown in Table[3] the performance of the model significantly affects both the Average
Travel Time (ATT) and Average Emergency Travel Time (AETT), especially in identifying special
vehicles. For instance, switching from Qwen2.5-VL-32B to Qwen2.5-VL-7B results in notable
increases in the waiting time and travel time of special vehicles, likely due to missed recognition of
emergency vehicles. Moreover, the performance drop in model accuracy also leads to longer travel
times for regular vehicles, as normal vehicles may be mistakenly treated as special vehicles, causing
unnecessary green lights to be given. This highlights the importance of a reliable and accurate scene
understanding for the overall system performance, as inaccurate scene descriptions can propagate
errors in the subsequent decision-making stages.

In contrast, the Agentyodeselector and reasoning policy agents, which involve simpler textual pro-
cessing tasks, show more resilience to model changes. As indicated in Table 4] and Table [5] even
smaller models like Qwen2.5-7B maintain similar performance to larger models, with only marginal
differences in ATT for regular vehicles. However, special vehicles may still experience slight delays
due to inaccurate lane-to-phase mappings in the reasoning process. Overall, the most critical take-
away is that the scene understanding module has the greatest impact on VLMLight’s performance,
particularly in ensuring timely prioritization of special vehicles. Thus, using a high-performance
model for scene understanding is essential for maintaining the system’s ability to handle complex,
safety-critical scenarios effectively.

C.3 Additional Ablation Study on Inference Time

In this section, we analyze the inference time of VLMLight across three distinct environments. The
results, shown in Table @ demonstrate that VLMLight achieves inference times well below 13 s in all
three environments, falling within an acceptable range for real-world deployment. This is particularly
notable considering the minimum green light duration of 10 s and the additional 3 s for yellow lights.

As illustrated in Table[6] the majority of the inference time is spent on scene understanding, while
mode selection and deliberative reasoning stages require considerably less time. Overall, the results
indicate that VLMLight is suitable for deployment in practical settings, with its architecture optimized
for both speed and safety.

Table 6: Inference time for each stage of VLMLight across three environments.

Stage \ Songdo YauMa Tei Massy
Agentsgcene 5.12 5.15 4.79
AgentModeSelector 0.75 0.95 0.77
Agentppyge 3.87 1.95 224
Agentpy, 1.23 0.86 1.21
Agentcpeck 0.51 0.45 0.34
Total | 1148 9.36 9.35

D Case Study

To showcase VLMLight in action, we present three representative case studies. Each example covers
a complete TSC cycle from time step 7" to T+ 1, demonstrating how different agents collaborate under
both routine and safety-critical scenarios. For each case, we describe the visual inputs, the decision
made by each agent, and the resulting traffic outcome. This offers insight into how VLMLight



217 dynamically selects between the fast RL branch and the deliberative LLM branch as circumstances
218 demand.

r

N r' ____________________________________________ il
@ Scene Understanding
Input: Describe the traffic condition in this direction.
Output:
= - Direction-1: Moderate traffic with regular vehicles and no emergency presence.
# - Direction-2: Light traffic with few regular vehicles and a clear intersection.
- Direction-3: Minimal traffic with spaced regular vehicles and no delays.
- Direction-4: Moderate flow with six regular vehicles and no emergency vehicles.

\

@ Safety-Prioritized Meta-Control

Output: Routine Control Agent

{0 Y
outon E:::g: Routine Control Policy
utput:
{

"decision": "Phase-2",
"explanation": "Under routine traffic conditions, implement the decisions
recommended by the reinforcement learning system to optimize traffic flow."

|
|
|
|
|
|
|
|
|
|
|
|
|
:
: Input: Return the role name from [Routine Control Agent] or [Reasoning Agent].
|
|
|
|
|
|
|
|
|
|
|
|
|

lé.; Scene Understanding

Input: Describe the traffic condition in this direction.

Qutput:

- Direction-1: Light traffic... no special vehicles detected.

- Direction-2: Moderate congestion... ambulance detected in center lane, immediate
green light recommended.

- Direction-3: Steady flow... no emergency vehicles, delay green phase if needed.

@ Safety-Prioritized Meta-Control

Input: Return the role name from [Routine Control Agent] or [Reasoning Agent].
Output: Reasoning Agent

E Deliberative Reasoning Policy

\
r

L.

Figure 10: Deliberative Reasoning policy for complex traffic in Massy.

J
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@ Scene Understanding

Input: Describe the traffic condition in this direction.

Output:

- Direction-1: Moderate traffic with a fire truck in the straight lane.
- Direction-2: Moderate congestion; no emergency vehicles seen.

- Direction-3: Vehicles queued in both lanes; no special vehicles.

- Direction-4: Steady flow with only regular vehicles.

@ Safety-Prioritized Meta-Control

Input: Return the role name from [Routine Control Agent] or [Reasoning Agent].
Output: Reasoning Agent

:? Deliberative Reasoning Policy

Input: Please summarize the traffic condition for each phase.

Qutput:

- Phase-0: Moderate traffic ... Several regular cars from different directions
- Phase-1: Moderate congestion ... no special vehicles.

- Phase-2: Moderate flow ... A fire truck is approaching.

- Phase-3: Moderate congestion ... Only standard cars present.

Input: Please select an appropriate traffic phase.
Qutput: Traffic Phase-2 is prioritized... A fire truck is approaching. This ensures safe,
quick passage and meets priority rules for special vehicles.

Input: Please check if the current action (e.g., Phase-1, Phase-2, ...) is valid. If so,
return the result in JSON format.

QOutput:

"decision": "Phase-2",
"explanation": "Phase-2 is prioritized to allow the approaching fire truck to pass
safely, as required for special vehicles."

J

Figure 11: Deliberative Reasoning policy for complex traffic in Songdo.

219 D.1 Example 1: Routine Control in Yau Ma Tei

220 Figure|§|presents a routine scenario at the Yau Ma Tei intersection. The Agentgepe first transforms
221 multi-view traffic images into structured language descriptions. Finding no anomalies or priority
222 vehicles, the Agentyogeselector routes the control to the RL branch. Based on the traffic density, the
223 Agentygy selects Phase-2 (westbound) for the green signal. The transition from 7" to 7' + 1 confirms
224 that the westbound queue clears once Phase 2 is activated.

225 D.2 Example 2: Complex Scenario in Massy

226 Figure [I0] showcases a special case at the Massy intersection, where an ambulance is detected
227 on the west approach. The Agentg.,. detects the emergency vehicle from the image inputs and
228 generates descriptive observations. Recognizing a priority event, the Agentyjodeselector SUbsequently
220 triggers the Deliberative Reasoning branch. The Agentpy,se agent maps the scene to candidate signal
230 phases, Agentpy,, recommends Phase-1 for a green signal, and Agentcpeck verifies compliance with
231 emergency-priority rules. By the time 7" + 1, the ambulance has cleared the intersection through the
232 northbound turn.

233 D.3 Example 3: Complex Scenario in Songdo
234 Figure[IT]presents a complex case at the Songdo intersection. Similar to the previous Massy case,

235 the Agentsgeene identifies key cues (a fire truck approaching), and Agentyjodeselector activates the
236 Deliberative Reasoning branch. The sequence of Agentphyse, Agentpiy,, and Agentcpeck ensures a

11



237
238

239

240
241
242
243
244
245
246

247
248
249

251
252
253
254
255

compliant and safe control action. By the time 7" + 1, the fire truck moves through the intersection
without interruption.

E Disscussion

VLMLight introduces a novel vision-language framework for TSC, combining real-time visual
reasoning with safety and efficiency improvements. As the first open-source vision-based simulator
in the TSC domain, VLMLight is compatible with RL-based TSC algorithms, offering a valuable
resource for future research on perception-driven traffic systems. This framework enables enhanced
scene understanding through multi-view visual perception and structured reasoning, ensuring both
fast decision-making for routine traffic and reliable handling of critical scenarios like emergency
vehicles.

However, VLMLight has several limitations. Firstly, the current simulator lacks diverse weather
and lighting conditions, limiting its evaluation of visual robustness in challenging environments.
Secondly, the absence of pedestrians, bicycles, and other real-world elements makes the simulated
environment less realistic; incorporating more diverse models is necessary for future iterations.
Third, all experiments have been conducted on single intersections, and extending the framework
to multi-intersection scenarios requires further research on scalability and coordination in broader
traffic networks. Lastly, VLMLight’s performance is closely tied to VLM capabilities, with optimal
results requiring models with numerous parameters. Future work will focus on fine-tuning smaller
models to improve both traffic scene recognition accuracy and inference speed.
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