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Abstract

We introduce Traffic-R1, a 3B-parameter foun-
dation model with human-like reasoning for
Traffic signal control (TSC), developed via self-
exploration and iterative reinforcement of LLM
with expert guidance in a simulated traffic envi-
ronment. Compared with traditional reinforce-
ment learning and recent LLM-based methods,
Traffic-R1 offers three main advantages: zero-
shot generalization, transferring unchanged to
new road networks and out-of-distribution inci-
dents by leveraging internal traffic-control poli-
cies and reasoning; a compact 3B-parameter
design that supports real-time inference on
mobile-class chips for edge deployment; and
an explainable TSC process that enables multi-
intersection coordination through communica-
tion and an asynchronous communication net-
work. Extensive benchmarks show Traffic-
R1 outperforms strong baselines and training-
intensive RL controllers. In production, the
model now manages signals affecting over
55,000 drivers daily, reduces average queue
lengths by more than 5%, and halves oper-
ator workload. Our model is available at
https://huggingface.co/Season998/Traffic-R1.

1 Introduction

Rapid urbanization and surging vehicle ownership
intensify congestion, wasting billions of productive
hours, burning vast fuel reserves, and driving nearly
a quarter of urban greenhouse emissions. Pro-
longed delays raise crash rates, slow emergency re-
sponse, exacerbate cardiopulmonary pollution, and
unfairly burden transit-poor communities. Within
this broad societal context, traffic-signal control
(TSC), which coordinates phase sequences and du-
rations at signalized intersections, remains a princi-
pal lever for mitigating congestion and improving
network throughput (Yau et al., 2017; Ye et al.,
2019; Wei et al., 2021; Zhang et al., 2024).
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Efficiency ✔ ✔ ✔ ✘ ✘ ✔

Performance ✘ ✘ ✔ ✔ ✘ ✔

Explainability ✘ ✘ ✘ ✔ ✘ ✔

Multi-Intersection
Coordination ✘ ✘ ✔ ✘ ✘ ✔
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Figure 1: Introduction of Traffic-R1, a foundation (cov-
ering six features) reinforced LLM for TSC systems.

Traditional controllers like FixedTime (Koonce
et al., 2008) and MaxPressure (Varaiya, 2013) rely
on fixed heuristics and thus adapt poorly to fluc-
tuating demand. Reinforcement learning (RL) re-
places these hand-crafted rules with a data-driven
policy: each cycle observes lane queues, delays,
and neighboring signal states, selects a phase (or
duration) as the action, and receives a reward linked
to delay reduction or throughput gain. Deep RL
further augments this paradigm by learning the
policy end-to-end with expressive function approx-
imators. These advances achieve impressive bench-
mark scores in simulation (Srinivasan et al., 2006;
Zhao et al., 2011). However, field deployment re-
mains rare as existing methods still suffer from (i)
cross-region generalization: policies tuned on one
city transfer poorly to another (Zhao et al., 2024;
Wei et al., 2021); (ii) interpretability: nontranspar-
ent decisions undermine practitioner trust (Vouros,
2022; Glanois et al., 2024); and (iii) robustness
to out-of-distribution (OOD) events: models fal-
ter during incidents or emergency-vehicle priority
scenarios (Glanois et al., 2024; Wei et al., 2018).

Recently, large language models (LLMs) have
been enlisted to alleviate these shortcomings. Two
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integration paradigms dominate. In the LLM Ex-
plainer paradigm (Lai et al., 2023; Yuan et al.,
2025), an LLM is trained to verbalize the policy of
an RL controller, translating opaque action choices
into natural language rationales. In contrast, the
LLM assistant framework (Wang et al., 2025a,
2024) keeps the RL agent in charge of routine con-
trol and consults an LLM only when OOD inci-
dents arise. Both paradigms are promising yet re-
main distant from large-scale deployment: LLM
Explainers inherit the coverage and performance
ceiling of the underlying RL policy, and their post-
hoc narratives can diverge from the controller’s
true internal logic (Wu et al., 2025; Glanois et al.,
2024; Wei et al., 2018; Agarwal et al., 2024; Malin
et al., 2025); LLM Assistants introduce additional
prompt engineering and repeated LLM queries, in-
flating latency and computation while providing
limited benefit for everyday signal timing. Hence
practitioners remain cautious about adopting cur-
rent LLM-enhanced TSC solutions.

To date, operational TSC systems still rely on
heuristic rule sets and substantial human oversight
to cope with routine flow and unexpected inci-
dents (Mandhare et al., 2018; Müller et al., 2021;
Mahavar and Juremalani, 2018). Bridging this
research-deployment gap requires a foundational
model for TSC systems, i.e., a single, versatile
agent capable of (1) zero-shot generalization to
unseen traffic networks and OOD incidents, (2)
resource-efficient inference on edge hardware
such as mobile platforms, and (3) human-like &
transparent reasoning that supports explainable
decision-making and multi-intersection coordina-
tion. Figure 1) schematically illustrates these three
desiderata in the envisioned foundational agent.

We answer this call with Traffic-R1, a
lightweight reinforced LLM with human-like rea-
soning, designed as a foundational traffic con-
trollers incorporating the six key features from Fig-
ure 1. Built on the efficient Qwen2.5-3B, Traffic-
R1 employs a two-stage agentic RL finetuning
approach: an offline stage integrates human ex-
pert knowledge from TSC recordings, and an on-
line stage adapts the model to dynamic scenarios
through exploration in simulated environments. In-
spired by recent studies (Bai et al., 2022; Liu et al.,
2024a; Yu et al., 2025; Zhou et al., 2023), our RL
framework trains Traffic-R1 to generate Chain-of-
Thought (CoT) reasoning along with actions via
self-iteration. The learning process is guided by
a policy-based reward model that incorporates re-

wards for both output format and action correctness.
In the offline stage, action rewards are calculated
based on alignment with human expert decisions;
in the online stage, they are derived from simu-
lated traffic feedback. This training scheme enables
the lightweight model to develop robust reasoning
through self-exploration, leading to strong zero-
shot TSC performance and generalization to out-of-
distribution (OOD) scenarios, all while maintaining
resource-efficient inference.

By generating its own training samples within
our RL framework, Traffic-R1 mitigates the catas-
trophic forgetting often observed when smaller
models are finetuned on synthetic data from larger
ones. As a result, it retains strong general lan-
guage communication skills and explainable rea-
soning. o leverage these language skills for multi-
agent traffic coordination, we introduce an asyn-
chronous communication network that enables
LLM agents to coordinate across multiple inter-
sections via message-passing, mimicking the col-
laboration of human traffic agents.

In summary, our contributions are:

• Foundation model for TSC systems: We
present the first LLM-based, general-purpose
controller that can operate at any interaction
without additional training, handling routine sig-
naling, incident management, and emergency-
vehicle prioritization with human-level reasoning.

• Lightweight yet high-performing: Our two-
stage RL training yields a 3B-parameter LLM
that matches or exceeds much larger models (e.g.,
GPT-4o) and strong expert baselines, while re-
maining suitable for inference on edge devices.

• Human-like reasoning and communication:
We achieve human-like reasoning for explainable
TSC through self-iteration of the reinforced LLM.
This reasoning, combined with language capa-
bilities, is further utilized in our asynchronous
communication network for effective coordina-
tion across multiple intersections.

• Extensive validation and field deployment:
Evaluated on standard TSC benchmarks and out-
of-distribution incident tasks, achieving stable
state-of-the-art performance. In live deployment
serving over 55,000 drivers daily, trials show a
>5% reduction in average queues and a >50% re-
duction in operator workload for phase planning
and incident response.
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2 Related Works

Traffic Signal Control. TSC is essential for traffic
management. The FixedTime method, one of the
earliest and most widely used approaches, relies on
predetermined cycle lengths and phase allocations
set by human experts for each intersection (Yau
et al., 2017; Serafini and Ukovich, 1989). It is sim-
ple and stable but inefficient under dynamic traf-
fic and requires substantial human effort (Serafini
and Ukovich, 1989; Thunig et al., 2019). Max-
pressure introduces adaptive control by prioritiz-
ing movements based on pressure, defined from
queue lengths per direction (Varaiya, 2013; Mer-
cader et al., 2020), yet it and FixedTime remain
constrained by fixed rules that struggle with vary-
ing scenarios (Rasheed et al., 2020; Wei et al.,
2021; Abdulhai et al., 2003). Machine learning
has produced RL-based TSC methods such as Co-
Light (Wei et al., 2019), CosLight (Ruan et al.,
2024), and MPLight (Chen et al., 2020), which im-
prove performance in simulation but often fall short
for real-world deployment (Chen et al., 2022; Wei
et al., 2021; Qadri et al., 2020). Recent work ex-
plores integrating large language models into TSC,
but significant challenges remain before these ap-
proaches are practical for field use (Lai et al., 2023;
Yuan et al., 2025; Wang et al., 2025a, 2024; Wen
et al., 2023; Feng et al., 2025).
RL finetuning for LLM. LLMs often require fine-
tuning to adapt to specific tasks or human prefer-
ences (Wu et al., 2025; Minaee et al., 2024; Ding
et al., 2025; Li et al., 2025). Instruction finetun-
ing (Chung et al., 2024; Dettmers et al., 2023) is
widely used because it is simple and effective for
task- and format-specific adaptation. RL finetuning,
particularly RL from Human Feedback (Ouyang
et al., 2022), has seen less adoption for downstream
use due to its complex pipeline and high compute
cost(Gao et al., 2023; Bai et al., 2022; Ramamurthy
et al., 2022). Recent work shows LLMs can de-
velop reasoning through interaction with RL envi-
ronments, and Liu et al. (2024a) reduces compute
needs by using group policy-based optimization.
RL finetuning offers practical advantages: (1) self-
exploration reduces dependence on large labeled
datasets, (2) it guides models to acquire capabili-
ties rather than imitate or memorize outputs, and
(3) KL-divergence constraints on updates help miti-
gate catastrophic forgetting by anchoring the policy
to the pretrained distribution(Cao et al., 2024; Xu
et al., 2025; Ke et al., 2025; Huang et al., 2025).

3 Preliminaries

Definition 3.1. Road Network. The road network
is modeled as a directed graph with intersections
V and lanes L. Lanes are classified into three
types: (1) go-through lanes (Lgo), (2) left-turn
lanes (Lleft), and (3) right-turn lanes (Lright). Each
lane connects to neighboring intersections and is
divided into segments S = {s1, . . . , sn} based on
their distance from the intersection.
Definition 3.2. Signal Phase. At each signal-
switching time step, the model assigned to an in-
tersection selects a signal phase from a predefined
set A = {a1, . . . , am}. A signal phase is defined
as a = set(Lallow), where Lallow represents the set
of lanes permitted to proceed without conflicting
movements (i.e., green light for Lallow and red light
for conflicting lanes).
Definition 3.3. Traffic Signal Control System.
The traffic signal control system comprises mul-
tiple agents Π = {π1, . . . , πn}, each managing
signal control at one of n intersections in a road
network. Each agent πi collaborates with neigh-
boring agents through traffic observations and mes-
sage passing at signal-switching time steps to coor-
dinate multi-intersection operations, such as green
wave synchronization and emergency response.

4 Methodology

In this section, we describe the training pipeline for
Traffic-R1. As shown in Figure 2, we utilize a two-
stage RL framework comprising offline human-
informed RL and online open-world RL to finetune
the LLM. For each stage, we define distinct training

Figure 2: Introduction of the two-stage RL framework
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datasets, environments, policy optimization meth-
ods, and reward designs to support their function-
ality. Besides, we propose an asynchronous com-
munication network for reinforced LLM to support
efficient multi-intersection coordination.

4.1 Human-Informed RL

Existing LLMs for TSC are typically finetuned to
imitate traditional RL models. This approach has
two major flaws: first, finetuning LLMs to imitate
traditional RL models confines their performance
and generalization to the capabilities of the teacher
RL model. Second, action trajectories produced by
RL models through iterative optimization in simu-
lated environments may not provide clear reasoning
and logic for LLMs, as some RL decision policies
and actions can be suboptimal or impractical for
general TSC, focusing instead on narrow perfor-
mance metrics. To address these limitations, we
propose a human-informed RL finetuning stage that
incorporates an expert-collaborative TSC dataset
and offline policy optimization. This approach re-
places the RL model teacher with real human traffic
experts to guide the finetuning of the LLM.

4.1.1 Expert-Collaborative TSC Dataset
Our RL finetuning approach reduces the training
data requirement from hundreds of thousands of
samples typically needed for instruction finetuning
to just thousands. This enables the creation of a
TSC dataset with actions provided by human ex-
perts for each traffic scenario. As shown in Figure
3, we developed a 3,000-sample dataset using a
human-in-the-loop pipeline. For each traffic sce-
nario, a base model suggests an action. This action
is then validated for effectiveness using the SUMO
simulator and reviewed by two human traffic con-
trol experts. If an action is rejected, experts provide
the correct one. This process, involving 11 experts,
resulted in our final dataset. Crucially, we only
include the final, validated actions, excluding any
reasoning steps. This design encourages the model

Figure 3: Expert-Collaborative Dataset Construction

to develop its own reasoning capabilities during RL
finetuning, rather than imitating an external thought
process from others.

4.1.2 Offline Policy Optimization

Inspired by the work of (Liu et al., 2024a), which
effectively finetunes LLMs on mathematics and
coding datasets containing only final answers or ac-
tions without reasoning text, our approach uses the
same offline RL framework to finetune the LLM
on our expert-collaborative TSC dataset to promote
self-thinking in traffic control. The core process
involves an LLM policy model interacting with an
offline environment, guided by a rule-based reward
derived from expert-provided answers. Given a tex-
tual prompt x describing a specific traffic scenario,
the LLM, parameterized by θ, generates an output
sequence y autoregressively according to its policy
πθ(y | x) =

∏|y|
t=1 πθ(yt | x, y<t).

Input Template for Rollout. Rollout is a critical
component of RL iterations, which involves using
the original LLM πθ to produce a variety of struc-
tured responses. To guide the interaction process,
the LLM is prompted with specific templates that
include format instructions, ensuring the generated
sequence y contains both task-specific reasoning
and answer components in a structured, extractable
format for the offline reward policy. The input
prompt template is presented in Appendix A.1.
Offline Rule-based Reward. By treating the of-
fline TSC task as a math-like problem-solving pro-
cess during our offline RL stage, the rule-based
reward is required to be clear and simple, minimiz-
ing computational complexity and preventing re-
ward hacking. The reward function R is a weighted
combination of an accuracy reward Racc and a for-
mat reward Rformat, defined as: R(x, y) ∈ [0, 1] =[
wacc, wformat

]
·
[
Racc, Rformat

]T . Since signal ac-
tions are mutually exclusive, Racc = 1 only when
the generated action exactly matches the expert-
suggested action. Similarly, Rformat = 1 only when
the generated sequence y fully adheres to the spec-
ified reasoning and answer format instructions.
Reinforcing Reasoning via Policy Optimization.
To optimize the policy πθ with parameters θ in an
offline environment, we employ Group Relative
Policy Optimization (GRPO) (Liu et al., 2024a) to
ensure stable gradient updates. Let πθ represent
the policy and {a(j)i }kj=1 denote each input prompt
xi is paired with k candidate completions sampled
from the current policy. The reward function R
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assigns a score r
(j)
i to each completion a

(j)
i . To

address high variance in policy gradients, GRPO
computes group-normalized advantages for each
completion a

(j)
i generated from the same input xi,

as shown in Equation 1. This approach centers the
rewards within each group, mitigating the impact
of absolute reward magnitudes:

A
(j)
i = r

(j)
i −

1

k

k∑

l=1

r
(l)
i , (1)

The policy is updated by maximizing the clipped
surrogate objective:

L(θ) = E

[
min

(
ρ
(j)
i A

(j)
i , clip(ρ(j)i , 1− ϵ, 1 + ϵ)∗

A
(j)
i

)
− βDKL [πθ(·|x) ∥ πθref(·|x)]

]
,

(2)

where ρ
(j)
i =

πθ(a
(j)
i |xi)

πθref (a
(j)
i |xi)

is the likelihood ra-

tio between the current policy πθ and the refer-
ence policy πθref , and ϵ is the clipping threshold.
The expectation E[·] is computed over (xi, a

(j)
i )

drawn from πθref .The coefficient β determines the
strength of the Kullback-Leibler divergence penalty
DKL [πθ ∥ πθref ]. In practice, reference policy πθref

is typically set to a snapshot of the previous policy,
which stabilizes training to inspire deep thinking
instead of imitation by constraining policy updates.

4.2 Open-World Reinforcement Learning
Although the human-informed offline RL has fine-
tuned LLM to learn from human experts for stable
performance on TSC tasks, the model’s capacity is
limited to the expert knowledge extracted from the
dataset. In this section, we propose an open-world
online RL to inspire LLM explore multi-step and
multi-intersection TSC networks. This approach
allows LLM to interact with the online dynamic
simulated traffic environment and update its policy
based on online reward for better performance.
Online Traffic Simulation To simulate the multi-
intersection and multi-step dynamics of real-world
traffic flow, we constructed a 4× 4 simulated road
network with 300-meter roads between each inter-
section. The 16 positions in the network represent
most typical road scenarios encountered at real-
world intersections. Traffic flow within the network
is randomly generated, allowing for up to 8,000 ve-
hicles over the course of one hour. For efficiency in
iterations, we utilize CityFlow (Zhang et al., 2019)
as the simulator to model the traffic dynamics re-
sulting from the actions of the LLM. The online

multi-step rewards Rtraj are quantified based on
the cumulative average queue length and waiting
time caused by a series of multi-intersection ac-
tions. We use group advantage as final rewards to
mitigate random variations in environment during
online training through group mean comparison,
ensuring stable optimization gradients.
Multi-step Policy Optimization Existing RL fine-
tuning typically uses offline, single-turn settings
(e.g., math). Traffic online RL requires LLMs
to act in interactive, multi-step environments with
stochastic feedback. Methods (Wang et al., 2025b)
that concatenate observations and model responses
into a single trajectory with a trajectory-level re-
ward are impractical for TSC: context lengths be-
come very large, raising compute and memory
costs and diluting token-level attention on criti-
cal observations and actions. Besides, traffic is
also partially observable and not well modeled as a
perfect Markov decision process, so directly port-
ing trajectory-concatenation approaches from dig-
ital games will likely produce brittle policies that
generalize poorly and offer limited interpretability,
similar to traditional RL controllers.

To address the chaotic dynamics in real-world
traffic systems, where the link between actions
and subsequent states is not strictly continuous,
we propose Stepwise Trajectory Policy Optimiza-
tion (STPO). This method assigns the total trajec-
tory reward to each individual observation-action
pair (ot, at), decomposing the trajectory to provide
denser, step-level reward signals and reduce com-
putational overhead. The step-wise reward rt is
uniformly distributed from the total trajectory re-
ward Rtraj over T steps:

rt = Rtraj(o1:T , a1:T ) · T−1, (3)

where Rtraj is the reward over the full sequence
of observations o1:T and actions a1:T . The policy
πθ(at|ot) is then optimized with the objective:

LSTPO(θ) = E(ot,at∼πθref )
[log πθ(at|ot)At] , (4)

The advantage calculation (At), Kullback-Leibler
divergence penalty, and advantage clipping are
analogous to those in the original GRPO formu-
lation (see Equation 2).

4.3 Asynchronous Communication Network

Most TSC research assumes a synchronized par-
allel workflow, where all intersection agents act
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Figure 4: Asynchronous communication network com-
pared with conventional synchronized network

simultaneously. This simplification hinders real-
world multi-intersection coordination, which is in-
herently asynchronous. Consequently, implemen-
tations in synchronized frameworks are often in-
efficient, requiring extensive shared global data,
or ineffective, leading to incompatible decisions.
While some reinforcement learning methods incor-
porate neighborhood observations, they typically
suffer from poor generalization and scalability.

To enable natural communication and unlock
the potential of our LLM-based model, we pro-
pose an asynchronous communication network. As
illustrated in Figure 4, we partition intersections
into two groups based on positional parity. Each
TSC step is split into two inner steps: the first ac-
tivates group one, and the second activates group
two. This structure allows models activated in the
first inner step to generate messages for their neigh-
bors, which are then received and processed in the
subsequent inner step. This framework fully uti-
lizes the language capabilities of LLMs to enhance
multi-intersection coordination. The pseudocode
for this network is provided in Algorithm 1.

5 Experiments

In this section, we evaluate our proposed Traffic-R1
to address the following research questions:

• RQ1: Can Traffic-R1 outperform other TSC ex-

Table 1: Statistics of traffic flow datasets.

Dataset Network Vehicles Arrival rate (vehicles/5min)
Mean Std Max Min

Jinan1
3 ∗ 4

6295 523.67 98.52 671 255
Jinan2 4365 362.83 74.81 493 236
Jinan3 5494 456.92 160.87 569 362

Hangzhou1
4 ∗ 4 2983 247.68 40.44 332 211

Hangzhou2 6984 581.08 318.43 1145 202

pert models and LLMs on public datasets and in
zero-shot settings?

• RQ2: How does Traffic-R1 perform in handling
OOD incidents through its reasoning?

• RQ3: What’s the advantage of our RL-based
finetuning over traditional paradigms for LLMs
in traffic control tasks?

• RQ4: How effective are the designs of Traffic-R1
under various ablation settings?

5.1 Experimental Settings

5.1.1 Dataset
Our experiments were primarily conducted on two
public traffic flow datasets (Mei et al., 2024) to
ensure fair comparison, as detailed in Table 1.
For out-of-distribution scenarios, we collect traffic
emergency incident recordings from traffic manage-
ment departments and summarize them into 200
representative textual examples, such as passages
running onto roads, vehicle accidents, and school
times, along with the action records implemented
by traffic managers as correct responses (presented
in Appendix A.3). Besides, for , we modify the
Hangzhou1 datasets by incorporating a 5% propor-
tion of emergency vehicle flow to simulate emer-
gency vehicle coordination scenarios.

5.1.2 Implementation Details
Traffic-R1 was trained based on Qwen2.5-3B-base
on a device with 4 H100 GPUs and deployed for
inference on a single Tesla T40 GPU, utilizing the
Verl framework (Sheng et al., 2024). We evalu-
ated all models using the CityFlow traffic simula-
tor (Zhang et al., 2019). The experimental setup
features a standard four-phase action space: north-
south through (NTST), east-west through (ETWT),
east-west left-turn (ELWL), and north-south left-
turn (NLSL). Each green phase lasts 15 seconds,
followed by a 3-second yellow and a 2-second
red transition period, consistent with real-world
TSC systems (Zhang et al., 2022; Mei et al., 2024).
Right turns are permitted at all times. All traffic
flow datasets are simulated for one-hour periods.

5.1.3 Baseline Methods
We incorporate a range of baseline models from var-
ious research areas to ensure a comprehensive com-
parison. For traditional TSC methods, we include
FixedTime (Koonce et al., 2008) and Maxpres-
sure (Varaiya, 2013). For RL-based methods, we
evaluate five effective approaches: MPLight (Chen
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Table 2: Zero-shot performance comparison on conventional traffic signal control tasks (the smaller the better). The
best results are in bold and second-best results are underlined.

Models Jinan1 Jinan2 Jinan3 Hangzhou1 Hangzhou2 Paradigm
ATT↓ AWT↓ ATT↓ AWT↓ ATT↓ AWT↓ ATT↓ AWT↓ ATT↓ AWT↓

FixedTime 453.41 51.32 370.34 35.15 384.53 36.95 497.54 36.41 408.53 53.94 Traditional
MethodsMaxpressure 274.34 32.04 246.35 22.56 245.66 24.31 289.55 21.52 349.53 67.52

LLMLight-7B [KDD’24] 274.47 33.66 286.53 28.66 271.11 28.27 299.31 25.53 331.38 51.79

RL-
based

Methods

MPLight [AAAI’20] 455.34 72.45 471.14 78.03 427.37 64.91 491.32 64.05 425.42 69.85
AttendLight [NeurIPS’20] 381.11 67.59 305.53 64.72 331.34 66.42 318.94 67.84 348.41 65.58

CoLight [CIKM’19] 472.44 91.09 450.41 78.59 498.84 89.94 494.61 72.18 435.32 81.11
Efficient-Colight [Arxiv’21] 663.16 98.98 640.34 91.32 638.23 80.34 701.45 103.43 534.94 87.19

Advanced-CoLight [ICML’22] 347.31 56.54 345.78 35.96 342.56 37.55 485.32 54.11 523.19 72.56
CoLLMLight-8B [Arxiv’25] 281.12 33.23 269.34 25.51 268.32 34.36 298.42 24.45 336.92 45.43

Zero-
shot

Methods

Llama3.3-70B [Meta’24] 272.41 33.53 244.55 22.04 243.53 25.43 281.44 17.65 326.42 45.56
Qwen 2.5-72B [Alibaba’24] 275.42 33.15 251.41 25.49 264.21 24.54 282.13 17.54 329.34 39.34
GPT 3.5-turbo [OpenAI’23] 337.32 39.98 328.19 37.08 343.19 34.35 293.42 23.45 348.59 33.45

GPT-4o [OpenAI’24] 281.58 30.11 259.61 24.71 258.85 24.17 280.48 16.32 325.48 32.26
DeepSeek-R1-671B [DeepSeek’25] 279.11 31.85 258.43 21.67 262.21 27.87 278.565 17.81 335.53 30.19

DeepSeek-R1-Distill-7B [DeepSeek’25] 331.45 38.91 311.43 31.43 288.42 29.23 291.32 19.56 344.73 33.72
Traffic-R1-3B (Ours) 270.34 27.95 239.53 21.11 238.03 23.17 277.83 15.51 324.11 33.14

et al., 2020), AttendLight (Oroojlooy et al., 2020),
CoLight (Wei et al., 2019), Efficient-CoLight (Wu
et al., 2021), and Advanced-CoLight (Zhang et al.,
2022), along with the state-of-the-art LLM-based
method, LLMLight (Lai et al., 2023). For zero-shot
methods, we assess the performance of CoLLM-
Light (Yuan et al., 2025) and general LLM models,
which include Llama 3.3 (70B), Qwen 2.5 (72B),
GPT 3.5-turbo, GPT-4o, and DeepSeek-R1 (671B
and distilled to 7B). All learning-based baselines
are trained on the same 4x4 simulated road net-
work and traffic flow dataset as Traffic-R1 during
the open-world RL stage. Notably, for LLMLight
and CoLLMLight, we also incorporate our expert-
collaborative dataset into the training instructions
to ensure a fair comparison

5.1.4 Evaluation Protocols
We adopt the commonly used Average Travel Time
(ATT) and Average Waiting Time (AWT) to eval-
uate the performance of models. Lower values in
ATT and AWT indicate better traffic efficiency.

5.2 Conventional TSC Evaluation (RQ1)

We evaluate the performance of Traffic-R1 on con-
ventional TSC tasks using public datasets that are
widely adopted in TSC research. All learning-
based methods are trained in the same simulated
traffic environment as Traffic-R1 to fairly assess-
ment. As shown in Table 2, our model signifi-
cantly outperforms all baselines, demonstrating
strong generalization for real-world deployment.
RL-based methods perform poorly in zero-shot
scenarios, even lagging behind traditional meth-
ods, which questions their real-world applicabil-
ity without iterative training. While large LLMs

like DeepSeek-R1-671B achieve impressive zero-
shot results, their performance degrades when dis-
tilled into smaller models. For completeness, Ap-
pendix A.4 presents full-shot results, where RL
models are trained on each test dataset. Although
RL methods then surpass traditional ones, our zero-
shot model still outperforms them, highlighting its
superior internal reasoning and control policies.

5.3 OOD Incident Dealing (RQ2)

Evaluation only in ideal simulations is insufficient
for deployment. RQ2 asks whether Traffic-R1 can
handle out-of-distribution (OOD) traffic incidents
via human-like reasoning. Incident handling re-
quires internal logic, commonsense, and domain
knowledge, which challenge both traditional RL
and standard LLM approaches.

We split OOD tasks into two types: local in-
tersection incidents (single-intersection events,
e.g., an local accident) and network-wide inci-
dents (events affecting multiple intersections, e.g.,
emergency-vehicle routing). For local incidents
we use Emergency Action Accuracy (EAA). For
network-wide incidents we use Average Emergency

Table 3: OOD Incident Dealing Evaluation. “-” indi-
cates the method is entirely inadequate for the task.

Method Size Local Network-wide
EAA↑ AETT↓ AEWT↓

Random n.a. 0.25 614.45 97.42
MaxPressure n.a. - 287.94 21.87

Advanced-CoLight n.a. - 286.32 24.53
LALight 72B 0.82 234.42 12.32

LLMLight 7B 0.42 273.55 15.21
Qwen2.5 (large) 72B 0.88 232.54 10.53
DeepSeek-R1 672B 0.93 223.19 10.14

Traffic-R1 3B 0.85 215.58 7.98
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Figure 5: Comparison results for models’ capacities.

Travel Time (AETT) and Average Emergency Wait-
ing Time (AEWT) adapted from Wang et al. (2024).
Results are reported in Table 3. The findings high-
light two key strengths of Traffic-R1:

• Stable OOD generalization. Traffic-R1 main-
tains consistent performance across diverse OOD
scenarios and outperforms larger general LLMs
and LLMLight by over 30% across metrics, in-
dicating it applies traffic knowledge instead of
merely imitating training examples.

• Lightweight and efficient. At 3B parameters,
Traffic-R1 matches or exceeds traditional base-
lines and advanced LLMs while using roughly
1% of their parameters and much lower deploy-
ment cost. It performs particularly well on
network-wide incidents, showing that the asyn-
chronous communication design enables coordi-
nated multi-intersection control.

5.4 Discussion of RL-based Finetuning (RQ3)

To validate our proposed RL-based two-stage fine-
tuning paradigm, we compare it against traditional
instruction finetuning, represented by the LLM-
Light framework (Lai et al., 2023). For a fair com-
parison, both methods use the same Qwen2.5 base
model. We built the instruction dataset for LLM-
Light using a similar pipeline: RL-generated ac-
tion trajectories, GPT-4 explanations, and expert-
collaborative QA samples. After training, we eval-
uate the models in two dimensions: 1. TSC perfor-
mance: we assess zero-shot capabilities, quantify-
ing results based on the average improvement in
ATT and AWT across all datasets, with Qwen2.5-
3B’s performance normalized to 0.5. 2. General ca-
pabilities: we use public benchmarks (Team, 2024)
to evaluate reasoning, instruction following, and
commonsense to gauge the models’ stability and
potential for real-world deployment. The results in
Figure 5, highlight two key findings regarding RL
finetuning for LLMs in traffic tasks:

• From imitation to reasoning. Traffic-R1 sig-
nificantly outperforms the instruction-finetuned
model on zero-shot TSC tasks. This perfor-
mance gap, despite identical training data, shows
that instruction finetuning encourages imitation
of synthetic data. In contrast, our RL-based
paradigm fosters internal reasoning through self-
exploration and iteration.

• Complete general capabilities. Instruction fine-
tuning often causes "catastrophic forgetting," de-
grading LLM’s general abilities. The SFT model
exemplifies this, performing worse than the base
model on general benchmarks. Traffic-R1 miti-
gates this issue using self-rollout samples and KL
divergence penalty. This approach constrains the
policy update to a controlled space, promoting
deeper optimization over memorization and pre-
serving the model’s comprehensive capabilities.

5.5 Ablation Study (RQ4)
To assess the contribution of each component of
Traffic-R1 to its performance, we developed the
following model variants for our ablation study:

• (-) Expert. This variant excludes the human-
informed RL stage and is trained solely using
open-world exploration.

• (-) Open-world. This variant excludes the open-
world RL stage during training.

• (-) Communicate. This variant removes the asyn-
chronous communication mechanism and oper-
ates without communication.

Figure 6: Ablation results on TSC and OOD tasks.

We present the ablation results for Traffic-R1 and
its variants on both conventional traffic scenar-
ios and OOD scenarios in Figure 6. Our find-
ings are summarized as follows: 1) The human-
informed RL stage is necessary to establish foun-
dational TSC knowledge, enabling stable explo-
ration in the subsequent open-world RL stage. 2)
The open-world RL stage is effective in unlocking
the model’s potential to achieve superior perfor-
mance. 3) Asynchronous communication is critical
for multi-intersection coordination tasks but is not
determinative for conventional traffic scenarios.
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6 Real-world Deployment

6.1 Environment and System Adaption

Traffic-R1 is deployed on a traffic platform of a
Chinese Tier-1 city (name withheld), overseeing
10 interconnected intersections in a high-volume
commercial district. Serving over 55,000 vehicles
daily, these four-way arterial junctions (spaced 600-
800m apart) handle peak throughputs exceeding
21,000 vehicles per intersection.

To bridge the gap between simulation and real-
world complexity, we implemented two key adap-
tations: (1) aggregating lanes with identical traffic
movements to reduce state-space complexity, and
(2) incorporating mandatory pedestrian-crossing
phases during peak hours to ensure regulatory com-
pliance while maintaining traffic efficiency.

Figure 7: In-situ traffic sensing devices for Traffic-R1

Our deployment relies on a multi-modal sens-
ing suite (shown in Figure 7) for real-time,
LLM-compatible inputs. Fine-tuned Grounding
DINO (Liu et al., 2024b) processes 2D roadside
camera data for vehicle detection, augmented by
millimeter-wave radar for precise distance measure-
ments, yielding a comprehensive and continous
traffic state representation.

Due to strict safety mandates, we utilize a hy-
brid online-offline dispatch framework (shown in
Figure 8) running on a centralized server. For
routine offline management, a LightGBM model
trained on 30-day historical data forecasts next-day
traffic flow. Traffic-R1 then generates a prelimi-
nary signal timing plan, which human experts re-
view and approve before implementation. The on-
line pipeline is exclusively reserved for real-time,

Figure 8: Online and offline dispatch framework

expert-supervised incident response. This dual-
pipeline ensures both safety and operational effi-
ciency. Furthermore, Traffic-R1’s 3B-parameter ar-
chitecture can be quantized for future deployment
on low-power edge devices.

6.2 In-Situ Performance Evaluation
A six-week A/B test evaluated Traffic-R1 against a
manual human-control baseline. To mitigate tem-
poral bias, the systems alternated weekly. Perfor-
mance metrics were recorded exclusively during
weekday evening peak hours (16:00-19:30) to main-
tain a consistent basis for comparison.

Table 4: Real-world A/B test results spanning 6 weeks.
Method Average Queue↓ Maximum Queue↓ Working Hours↓
Manual 34.5 50.3 2+

Traffic-R1 31.3 48.1 0.5+
#Improve 9.3% 4.4% ∼75%

As detailed in Table 4, Traffic-R1 significantly
outperforms the manual baseline. It reduced av-
erage and maximum queue lengths by 9.3% and
4.4%, respectively, while achieving a 75% reduc-
tion in the human labor required for daily oper-
ations. These results empirically validate Traffic-
R1’s effectiveness and efficiency in a dynamic, real-
world traffic environment.

7 Conclusion and Future Work
In this paper, we introduce a two-stage reinforce-
ment learning strategy and a network communica-
tion framework to convert the LLM into a foun-
dational traffic-control model that operates like a
human traffic agent. Evaluation on standard TSC
benchmarks and traffic-incident handling shows
improvement over prior methods, and real-world
tests demonstrate value for industrial deployment.
Future work includes reinforced VLMs for direct
road-vision reasoning without reliance on struc-
tured textual traffic data, enhancing efficiency and
deployment convenience.
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9 Limitations

While Traffic-R1 demonstrates strong performance
in both standard and out-of-distribution traffic con-
trol tasks with impressive zero-shot generalization,
it has several limitations. First, the base model,
training, and inference are highly reliant on struc-
tured data in a single textual modality: traffic ob-
servations and incident information must be con-
verted into structured text before being input to the
model. This requirement causes inconvenience and
potential information loss in dense real-world de-
ployments, and we will address it in future work
by developing reinforced vision-language models
and multimodal input pipelines. Second, due to
limitations in deployment scale and practical con-
straints imposed by traffic management agencies,
we cannot provide a detailed analysis of LLM
hallucination-related instability across large-scale
traffic scenarios or assess drivers’ feedback to the
agent-based traffic network. Access restrictions,
privacy requirements, safety constraints, and the
cost and complexity of long-term field trials pre-
vented extended real-world evaluations and system-
atic collection of driver response data.
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A Appendix

A.1 Input Template for Traffic-R1

Input Templates for LLM Rollout

System: You are a helpful traffic control agent.
Task Description: The crossroad connects two roads:
north-south and east-west, with the traffic light at their
intersection. Each road is divided into two sections (e.g.,
north and south for the north-south road) and each section
has two lanes: a through lane and a left-turn lane...
Structured Traffic Observation:
Signal: ETWT
Allowed lanes: Eastern and western through lanes
- Early queued: 2 (East), 1 (West), 3 (Total)
- Segment 1: 0 (East), 0 (West), 0 (Total)
- Segment 2: 1 (East), 0 (West), 1 (Total)
- Segment 3: 1 (East), 2 (West), 3 (Total)
Signal: ELWL

Allowed lanes: Eastern and western left lanes
- Early queued: 0 (East), 1 (West), 1 (Total)
- Segment 1: 0 (East), 0 (West), 0 (Total)
- Segment 2: 3 (East), 0 (West), 3 (Total)
- Segment 3: 1 (East), 0 (West), 1 (Total)
Signal: NTST

Allowed lanes: North and south through lanes
- Early queued: 0 (North), 0 (South), 0 (Total)
- Segment 1: 0 (North), 0 (South), 0 (Total)
- Segment 2: 1 (North), 0 (South), 1 (Total)
- Segment 3: 1 (East), 1 (West), 2 (Total)
Signal: NLSL

Allowed lanes: North and south left lanes
- Early queued: 1 (North), 0 (South), 1 (Total)
- Segment 1: 0 (North), 0 (South), 0 (Total)
- Segment 2: 0 (North), 0 (South),0 (Total)
- Segment 3: 1 (East), 0 (West), 1 (Total)
Incident Information (optional):

(at training stage we do not use this part)
Refer Appendix A.3...
Format Instruction: You can only choose one of the
signals listed above. You FIRST think about the reasoning
process for your choice as an internal monologue and then
provide the final answer. Your think process MUST BE
put in <think>...</think> tags. The final choice MUST BE
put in \boxed{ }.

A.2 Introduction of baselines

We compare our method against three categories
of approaches for traffic control. Below is detailed
information about these methods:

• Traditional Methods: This category includes con-
ventional traffic signal control (TSC) methods,
which are straightforward and widely adopted in
real-world traffic systems.

– FixedTime (Koonce et al., 2008): A policy
that assigns a fixed cycle length with prede-
fined phase splits across all phases.

– MaxPressure (Varaiya, 2013): A control
strategy that selects the phase with the highest
pressure to optimize traffic flow.

• RL-based Methods: These methods normally re-
quire training and interaction with their policies on
each evaluation dataset.

– LLMLight-7B (Lai et al., 2023): A SOTA
LLM-based TSC method that employs the
Advanced-CoLight framework to interact and
generate action policies for each dataset. It uti-
lizes GPT-4 to generate explanations for each
action, which, along with Advanced-CoLight
generated actions, are used for instruction fine-
tuning to enable the LLM base model to emu-
late TSC capabilities.

– MPLight (Chen et al., 2020): A method
based on the FRAP model that uses pressure
as both observation and reward to optimize
TSC.

– AttendLight (Oroojlooy et al., 2020): A
method that employs attention mechanism to
construct phase features and predict its transi-
tion probabilities.

– CoLight (Wei et al., 2019): A method that
uses a graph attention network to represent
inter-intersection communication within a RL
framework.

– Efficient-CoLight (Wu et al., 2021): An en-
hanced version of the CoLight model that in-
corporates efficient pressure as an observation
to improve decision-making in TSC.

– Advanced-CoLight (Zhang et al., 2022): A
SOTA RL-based method that enhances CoL-
ight by integrating efficient pressure and ad-
vanced traffic state features, such as effective
running vehicles, to optimize decision-making
capabilities.

• Zero-shot Methods: These methods (including
Traffic-R1) are represented by their zero-shot work-
ing ability on every dataset. In our experiment,
the models are not trained on any TSC evaluation
dataset and carry out traffic control based on their
inner policies and knowledge.

– CoLLMLight-8B (Yuan et al., 2025): An
enhanced version of LLMLight (Lai et al.,
2023) that incorporates neighbor information
into consideration. The model is trained us-
ing an instruction fine-tuning framework on a
synthetic dataset and demonstrates improved
zero-shot performance compared to LLM-
Light.

– Llama3.3-70B: A LLM developed by Meta
AI, featuring 70 billion parameters and a 128K
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Table 5: Performance comparison on conventional traffic signal control tasks (the smaller the better). The best
results are in bold and second-best results are underlined.

Models Jinan1 Jinan2 Jinan3 Hangzhou1 Hangzhou2 Paradigm
ATT AWT ATT AWT ATT AWT ATT AWT ATT AWT

FixedTime 453.41 51.32 370.34 35.15 384.53 36.95 497.54 36.41 408.53 53.94 Traditional
MethodsMaxpressure 274.34 32.04 246.35 22.56 245.66 24.31 289.55 21.52 349.53 67.52

LLMLight-7B 274.47 33.66 256.53 28.66 247.11 28.27 289.31 25.53 331.38 51.79

RL-
based

Methods

MPLight 310.54 50.45 270.14 48.03 272.37 42.91 319.32 44.05 365.42 69.85
AttendLight 280.11 47.59 250.53 34.72 251.34 36.42 288.94 27.84 338.41 55.58

CoLight 272.44 41.09 250.41 38.59 248.84 39.94 294.61 42.18 335.32 61.11
Efficient-Colight 263.16 28.98 240.34 21.32 238.23 20.34 301.45 33.43 334.94 47.19

Advanced-CoLight 247.31 32.54 235.78 25.96 242.56 27.55 285.32 24.11 323.19 52.56
Llama3.3-70B 272.41 33.53 244.55 22.04 243.53 25.43 281.44 17.65 326.42 45.56

Zero-
shot

Methods

Qwen 2.5-72B 275.42 33.15 251.41 25.49 264.21 24.54 282.13 17.54 329.34 39.34
GPT 3.5-turbo 337.32 39.98 328.19 37.08 343.19 34.35 293.42 23.45 348.59 33.45

GPT-4o 281.58 30.11 259.61 24.71 258.85 24.17 280.48 16.32 325.48 32.26
DeepSeek-R1-671B 279.11 31.85 258.43 21.67 262.21 27.87 278.565 17.81 335.53 30.19

DeepSeek-R1-Distill-7B 331.45 38.91 311.43 31.43 288.42 29.23 291.32 19.56 344.73 33.72
Traffic-R1-3B 270.34 27.95 239.53 21.11 238.03 23.17 277.83 15.51 324.11 33.14

token context window. It offers performance
comparable to much larger models in zero-
shot tasks, with enhanced capabilities in tool
calling and multilingual support.

– Qwen2.5-72B: A LLM developed by Alibaba
Cloud, with 72 billion parameters. It is de-
signed for superior performance in zero-shot
learning, particularly in coding, mathematics,
and following complex instructions.

– GPT-3.5-turbo: A variant of OpenAI’s GPT-
3.5 model, finetuned for conversational appli-
cations. It excels in zero-shot dialogue sys-
tems and natural language processing tasks.

– GPT-4o: OpenAI’s advancing multimodal
language model that processes text, audio,
and images. It provides advanced zero-shot
capabilities across multiple tasks, with fast
response times and cost efficiency.

– DeepSeek-R1-671B: A massive language
model with 671 billion parameters, developed
by DeepSeek AI. It specializes in zero-shot
reasoning, particularly in mathematics and
coding, and is available as an open-source
model.

– DeepSeek-R1-Distill-7B: A Qwen2.5-based
distilled version of DeepSeek-R1, featuring
7 billion parameters. It maintains competi-
tive zero-shot performance in reasoning tasks
through efficient distillation methods.

A.3 Traffic Incident Data
In this work, we evaluate the models’ incident han-
dling capabilities by collecting traffic emergency
incident recordings from traffic management de-
partments. We summarize these recordings into

200 representative textual examples to simulate the
occurrence of out-of-distribution (OOD) traffic in-
cidents. Below, we present selected anonymized
examples of these incident recordings:

Examples for testing traffic incidents

ID 1: At this intersection, a traffic accident in the
eastbound lane is causing significant congestion.
Response Action: ETWT
ID 2: At this intersection, a pedestrian was struck in the
northbound crosswalk. Response Action: ETWT/NLSL
ID 3: Report from the nearby intersection to the north:
Heavy southbound traffic is approaching. Response
Action: NTST/NLSL
ID 4: At this intersection, a school bus is stopped in
the eastbound lane, loading students. Response Action:
NTST
ID 5: At this intersection, a group of pedestrians is
blocking the westbound crosswalk. Response Action:
NTST
ID 6: Report from the nearby intersection to the east: A
fire hydrant crew is slowing westbound traffic. Response
Action: NTST/ELWL
ID 7: At this intersection, vehicles spun out in the
westbound lane. Response Action: NTST
ID 8: At this intersection, for the XXX event, a marathon
is passing through the eastbound lane. Response Action:
ETWT
ID 9: At this intersection, a road rage incident was
reported in the northbound lane due to a heavy traffic jam.
Response Action: NTST
ID 10: At this intersection, it is 5:30 PM, the nearby
western school is scheduled to dismiss, leading to
increased vehicular traffic for student pick-up. Response
Action: ETWT

A.4 More Experiment Result

We evaluate the performance of Traffic-R1 on stan-
dard signal control tasks in full-shot settings. We
adopt the original deployment configurations of all
learning-based baseline models for training in the
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Responses of Traffic-R1 in different scenarios

Case 1: <think>Based on the current state of the intersection, Signal: ETWT (Eastern and Western through lanes) is the one
that most significantly improves traffic conditions during the next phase. This is because this lane has 18 early queued
vehicles and 13 approaching vehicles in Segment 3, indicating a significant number of vehicles waiting to pass through and
incoming huge traffic pressure. Approving this signal will allow these vehicles to proceed, easing the traffic flow.</think>

Case 2: <think>Based on the current state of the intersection, the signal phase that will most significantly improve traffic
conditions during the next phase is NTST (Northern and southern through lanes). This is because only the southern through
lane has approaching vehicles in Segment 1, which indicates that there are vehicles waiting to enter the intersection.
By allowing vehicles in the northern and southern through lanes to flow, this signal phase will help avoid the queue of
approaching vehicles and improve overall traffic flow.</think>

Case 3: <think>Based on the current state of the intersection, the signal phase that will most significantly improve traffic
conditions during the next phase is ETWT (Eastern and Western through lanes). Although the northern through lane has
20 early queued vehicles in Segment 2, an ambulance is currently approaching from the east, heading west. Prioritizing
ETWT is critical to ensure the ambulance passes through the intersection without delay, maintaining emergency response
efficiency. This signal will also alleviate some traffic pressure by allowing eastern and western vehicles to proceed.</think>

Case 4: <think>Based on the current state of the intersection, the signal phase that will most significantly improve traffic
conditions during the next phase is NTST (Northern and Southern pedestrian crossing). This is because a large number
of students are waiting to cross from the northern to southern direction, indicating significant pedestrian demand.
Activating this signal will allow these students to cross safely, reducing congestion at the crosswalk.</think>

Case 5: <think>Based on the current state of the intersection and the urgent message of an emergency fire truck approaching
from the west, the signal phase that will most significantly improve traffic conditions during the next phase is ETWT (Eastern
and Western through lanes). This is because both ETWT and NTST have comparable queues, with approximately 15
early queued vehicles each in Segment 2, but prioritizing ETWT ensures the fire truck’s swift passage. Activating this
signal will clear the western lane, facilitating emergency access while also easing general traffic flow.</think>

test environments, while Traffic-R1 is assessed di-
rectly in a zero-shot setting. The results, presented
in Table 5, show that Traffic-R1, in its zero-shot
configuration, outperforms all baselines, includ-
ing RL-based methods that underwent extensive
training and optimization on the test datasets. No-
tably, some advanced LLMs achieve impressive
performance comparable to SOTA RL-based meth-
ods, demonstrating the potential of LLMs to fully
replace traditional RL-based methods in traffic con-
trol tasks. Furthermore, Traffic-R1 achieves better
performance than SOTA LLMs (e.g., DeepSeek-
R1-671B) while utilizing only 1% of their parame-
ter size.

A.5 Reasoning Cases of Traffic-R1

We provide several representative reasoning pro-
cesses generated by Traffic-R1 during experiments
across different scenarios. The results clearly
demonstrate the model’s comprehensive and log-
ical reasoning ability in both conventional traffic
situations and incident response tasks. The reason-
ing examples illustrate the model’s understanding
of traffic control, including its focus on queued ve-
hicles and approaching vehicles. The model inde-
pendently makes trade-offs to achieve better traffic
efficiency. Furthermore, when an incident occurs,
Traffic-R1 accurately analyzes the situation and

identifies optimal actions to address it, while even
striving to both maximize traffic efficiency and re-
spond to the incident’s needs. This showcases the
model’s ability to balance multiple objectives in
dynamic traffic environments.
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Algorithm 1 Asynchronous TSC Network with Symmetric Half-Step Communication

1: Input: Road network graph G = (I, E), partitioned intersection sets (G1,G2).
2: Initialize: Environment Env, Agent policy π, message bufferM.
3: for each time_step t in Total_Steps do

// — Half-step for agents in G1 —
4: Create new empty bufferMnext.
5: for each intersection i ∈ G1 do
6: Oi,Min,i ← Env.get_observation(i),M[i] ▷ Read messages from G2 from prev. half-step
7: Ai,Mout,i ← π(Oi,Min,i)
8: if Mout,i ̸= null then
9: for each neighbor j ∈ N (i) ∩ G2 do

10: if dist(i, j) ≤ 2km then
11: Mnext.add(j,Mout,i)
12: end if
13: end for
14: end if
15: end for
16: M←Mnext ▷ Update message buffer for the next half-step (for G2)
17: Env.update_state({Ai}i∈G1)

// — Half-step for agents in G2 —
18: Create new empty bufferMnext.
19: for each intersection j ∈ G2 do
20: Oj ,Min,j ← Env.get_observation(j),M[j] ▷ Read messages from G1 from prev.

half-step
21: Aj ,Mout,j ← π(Oj ,Min,j)
22: if Mout,j ̸= null then
23: for each neighbor i ∈ N (j) ∩ G1 do
24: if dist(j, i) ≤ 2km then
25: Mnext.add(i,Mout,j)
26: end if
27: end for
28: end if
29: end for
30: M←Mnext ▷ Update message buffer for the next half-step (for G1)
31: Env.update_state({Aj}j∈G2)
32: end for
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