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ABSTRACT
Reinforcement learning (RL) has emerged as a promising approach

for Traffic Signal Control (TSC), enabling intersections to learn

control policies under dynamic traffic conditions. However, existing

RL-based methods only rely on current traffic states and expected

rewards, without leveraging future traffic conditions for better

decision making. To address this limitation, we propose FutureLight,
the first RL-based TSC framework that leverages future route data.

Specifically, we design FutureLight-RouteSys, a macroscopic, signal-

aware, and lane-level simulator for efficient and accurate estimation

of future traffic conditions. The predicted future information is then

encoded by FutureLight-Encoder and integrated into FutureLight-
DQN through state augmentation, reward shaping, and hybrid value

estimation, which combines simulated near-future rewards with

bootstrapped returns. Finally, we introduce pruning techniques

to avoid redundant computation and improve training efficiency.

Experimental results show that FutureLight consistently improves

TSC performance while achieving more than 30× faster training.
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1 INTRODUCTION
Background. Traffic Signal Control [20, 33] is a fundamental com-

ponent of intelligent transportation systems, designed to manage

urban traffic flow efficiently in complex and dynamic environments.

Traffic management systems [11] rely on sensing and communica-

tion infrastructures, such as IoT-enabled platforms, to continuously
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Figure 1: Procedure to Simulate Routes’ Passing Sequence

collect traffic information from the physical environment. Recent

advances have increasingly focused on reinforcement learning (RL)-

based approaches [44, 60], where each signal is modeled as an agent

that adapts its control policy under varying traffic conditions. In

green lines of Figure 1-c), RL-based methods rely on microscopic

simulators to provide traffic states for signal phase selection at each

decision step. They aim to enhance the overall traffic efficiency by

minimizing performance metrics such as the average travel time.

Limitation. During decision making, each RL-based agent only

considers the current traffic state and optimizes the expected cumu-

lative reward. However, they ignore future traffic flow, which could

help reduce average travel time. Recent traffic prediction models

[16, 18] have shown strong performance in short-term traffic fore-

casting. However, these predictions are aggregated over coarse time

intervals, such as average flow or speed in the next few minutes,

making them difficult to integrate into RL-based control frame-

works that require fine-grained, time-specific traffic information.

Example 1.1 (Future Traffic Guidance). In Figure 1-a), a micro-

scopic environment such as CityFlow [59] provides only the current

state to the agent: two vehicles (red) are waiting from N-S, and

one is waiting from W-E. The agent therefore sets NS to green, as

releasing more pressure leads to a higher reward during training.

In contrast, Figure 1-b) shows that if four additional vehicles (blue)

are expected to arrive from WE in the near future (e.g., within 30

seconds). Therefore, setting WE to green becomes the better choice.

Motivations. In real life, navigation data, which contains planned

road segments and departure times, reveals the near-future travel

intentions of vehicles that have not yet reached the current inter-

section but are expected to do so. For example, an area that is rarely
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congested may become heavily congested when a large event (e.g., a
concert) attracts many incoming vehicles. Models based only on his-

torical data cannot predict such situations, whereas navigation data

can [55]. Such future route data is increasingly available from GPS-

based services [52], urban electric vehicle monitoring platforms

[26], and other mobility systems such as maritime vessels [24] and

warehouse AGVs [50]. Thus, we propose FutureLight, the first RL-
based TSC framework that integrates fine-grained, time-specific

future traffic information to improve intersection efficiency, but

achieving this goal is non-trivial due to the following challenges:

Challenge 1: Accurately and efficiently transform future
route data into queryable lane-level future traffic states for
decision making. Current traffic prediction methods are efficient

but produce coarse-grained outputs, making them unsuitable for RL-

based TSC, which requires fine-grained traffic information. Given

future route data, microscopic simulators such as SUMO [1] can

generate accurate near-future traffic conditions, but their high com-

putational cost makes them impractical for real-time decision mak-

ing. In contrast, macroscopic traffic models [54, 55] can efficiently

estimate future traffic states, but they operate at the road level

and do not model traffic signals, limiting their use in TSC. Ac-
cordingly, we propose FutureLight-RouteSys, a macroscopic,
signal-aware, and lane-level traffic simulation algorithm for
deriving future traffic states from future route data. Building
on macroscopic traffic modeling principles, we incorporate signal

waiting time retrieval and lane-level future traffic flow estimation.

Specifically, we use a priority queue with route labels to maintain

the traveling order of vehicles. When a vehicle enters a lane, a

ML model estimates its traversal time from static and dynamic fea-

tures (e.g., lane length and current traffic flow). This design enables

accurate and efficient lane-level estimation of future traffic states.

Challenge 2: Frequently updated traffic signals trigger time-
consuming re-simulations. This problem can be viewed as in-

cremental maintenance of derived future traffic states, where re-

computing the entire simulation after each update is inefficient

(e.g., a round of RL training call macroscopic simulation 120 times).

During training, traffic signal phases may change dynamically, mak-

ing previously estimated near-future traffic information outdated.

Recomputing the entire simulation is costly and redundant. For

example, in Section 6.7.1, re-simulation in New York takes 48 min,

whereas our method brings it down to 0.6 min. To address this
issue, we introduce two pruning techniques. The no repetition
technique identifies unaffected route labels and continues the sim-

ulation from them instead of restarting from the beginning. The

early termination technique stops the macroscopic simulation once

the required near-future information is obtained to avoid unnec-

essary computation. To further improve RL training efficiency, we

replace the microscopic RL environment with a macroscopic one.

Instead of microscopic simulator, we use the lane-level traffic flows

generated by FutureLight-RouteSys for control. This replacement

preserves the accuracy of future traffic flow estimation, maintains

input equivalence, and enables faster and more stable RL training.

Challenge 3: Effectively incorporation of action dependent
near future traffic information into RL-based TSC. Existing
RL frameworks are designed around current traffic states and imme-

diate rewards, without exploiting near-future traffic information. A

straightforward solution is to concatenate near-future information

with the current state, but the value of near-future information

cannot be fully utilized during training. In addition, the near-future

traffic information is not directly available in advance, but depends

on the selected control action. Therefore, the RL framework must be

redesigned to exploit future information while preserving training

stability and practicality. To address this challenge, we propose a

future-aware RL framework that leverages predicted traf-
fic information. The predicted traffic flow is incorporated into

the framework through two components: (i) FutureLight-Encoder
augments current observations with embedded near-future lane-

level traffic distributions. (ii) Future-aware reward incorporates

predicted future congestion into the learning objective. Specifically,

at each decision step, the agent first estimates a peek-action, and
FutureLight-RouteSys then estimates the near-future traffic state

under that peek-action. This future feedback reveals the short-term

consequence of the selected peek-action and helps guide the final

decision. These designs enable each intersection to anticipate up-

coming traffic and make more coordinated signal control decisions.

Contributions. The main contributions of this work are as follows.

• We introduce future route data as a new spatiotemporal modality

for RL-based TSC, and propose FutureLight to use it effectively;

• We design FutureLight-RouteSys, a signal-aware and lane-level
traffic simulation algorithm that accurately and efficiently de-

rives and queries future traffic states from the future route data;

• We design no-repetition and early termination pruning techniques
for incremental updates, and use FutureLight-RouteSys as a light
alternative to microscopic environments for faster RL-training;

• We propose multiple strategies to incorporate predicted future

traffic into RL-based TSC, including state augmentation, reward

shaping, and value estimation, thereby improving agents’ overall

decision quality by anticipating near-future traffic information;

• We conduct comprehensive experiments to validate the value of

future traffic data and show that the proposed data management

design improves overall training efficiency bymore than 30 times.

2 RELATEDWORK
2.1 Traffic Signal Control Algorithms
TSC has progressed since the early use of fixed-time plans [42].

Early adaptive systems like SCOOT [17] and SCATS [28] rely on

the expert-defined rules, but cannot adapt to highly dynamic traffic

conditions. The introduction of RL has significantly advanced real-

time TSC, which can be categorized into two main lines: (1) Core
framework design, which has established various RL paradigms,

including value-basedmethods [2] [45], policy-based strategies [30],

and actor-critic frameworks [4] [48]. The central focus has been

on crafting state and reward representation that accurately reflects

traffic dynamics. (2) Traffic state representation design, such
as queue length [40] [49], vehicle counts [44] [51], and travel time

[61]. CoLight [60] improves the state-of-the-art by modeling lane

capacity dynamics, exploiting the number of running and waiting

vehicles as inputs, but none of them considers future traffic data.

2.2 Traffic Signal Infrastructure Systems
Traffic light systems also rely on supporting sensing and communi-

cation infrastructure for real-time traffic monitoring. Such systems
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enable wireless communication, centralizedmonitoring, and remote

configuration of traffic signals, thereby providing the foundation

for developing real-time traffic signal control algorithms [11] to

better utilize traffic information for the real-time decision making.

2.3 Utilization of Future Traffic Data
Beyond TSC, existing traffic-related studies have also explored the

use of navigation data by directly concatenating navigation-related

features into model inputs, including traversed road segments [38],

predicted travel times from travel time estimation [10], and aggre-

gated traffic demand profiles [27, 58]. However, these features are

typically coarse-grained and unsuitable for TSC. Future traffic data

has also been utilized for path-rerouting [53] to reduce congestion.

2.4 Traffic Simulation Tools
(1) Micro-level traffic simulation (e.g., SUMO [1]) rely on physical

models and assumptions (e.g., car following, acceleration, and lane

change) to accurately simulate the behavior of vehicles at each time

step. Therefore, they can effectively capture the impact of new road

layouts and traffic signal policies, but they are too slow for real-time

use. (2)Macro-level traffic simulation [13, 22, 41] uses simplified

functions to coarsely model vehicle travel sequences. Although it is

more efficient, it sacrifices simulation accuracy. We have proposed

a road-level macroscopic traffic simulation algorithm [54–56] that

efficiently and accurately estimates future traffic conditions from

navigation data. However, it is not suitable for TSC tasks, because

it does not model traffic signals and lacks the lane-level resolution.

3 PRELIMINARY
3.1 Basic Concepts of Road Network
Road Network: 𝐺 . It is a graph 𝐺 = (𝑉 , 𝐸) structure, where 𝑉 de-

notes a set of intersections, and 𝐸 refers to a set of road segments.

Each road consists of one or more lanes 𝑙 , associated with a specific

turn direction, such as going straight, turning left, or turning right.

Traffic Flow: 𝑓 (𝑢, 𝑣, 𝑙, 𝑡). It refers to the number of vehicles currently

passing on the lane 𝑙 of road segment (𝑢, 𝑣) ∈ 𝐸 at the timestamp 𝑡 .

Route: 𝑟 . Its passing road segments with temporal information from

the origin 𝑢 to the destination 𝑣 is represented as 𝑟 = ⟨(𝑣0, 𝑡0), . . . ,
(𝑣𝑘 , 𝑡𝑘 )⟩, where 𝑣0 = 𝑢, 𝑣𝑘 = 𝑣 , (𝑣𝑖 , 𝑣𝑖+1) ∈ 𝐸, and 𝑡𝑖 is the timestamp

at 𝑣𝑖 , ∀0 ≤ 𝑖 < 𝑘 . Travel time of route 𝑟 departing at time 𝑡0 is de-

fined: 𝑇 (𝑟, 𝑡0) =
∑𝑘−1
𝑖=0 [𝑐 (𝑣𝑖 , 𝑣𝑖+1, 𝑡𝑖 ) +𝑤 (𝑣𝑖+1, 𝑡𝑖 + 𝑐 (𝑣𝑖 , 𝑣𝑖+1, 𝑡𝑖 ))],

where 𝑐 (𝑣𝑖 , 𝑣𝑖+1, 𝑡𝑖 ) denotes the travel time on the road (𝑣𝑖 , 𝑣𝑖+1)
at time 𝑡𝑖 , and𝑤 (𝑣𝑖+1, ·) represents the waiting time at 𝑣𝑖+1 due to
traffic signals, calculated based on route’s arrival time on (𝑣𝑖 , 𝑣𝑖+1).
Queue Length. It represents the number of vehicles on an incoming

lane that cannot pass through the intersection due to signal control

or congestion, thereby quantifying the extent of accumulated delay.

Intersection. As shown in Figure 2-a), the road network is repre-

sented as a collection of intersections, each with 12 incoming lanes.

Traffic Movement. A vehicle’s left turn, straight movement, or right

turn through an intersection is defined as a traffic movement. In

Figure 2-b), a four-way intersection contains 12 distinct movements.

Traffic Signal Phase: 𝑝𝑖 . Each consists of a set of non-conflicting

traffic movements that are granted the right-of-way simultaneously,

(b) Movement

(c) Phase(a) Intersection

Figure 2: Definitions of traffic signal control.

while all other movements are held by red lights. In Figure 2-c), 8

distinct phases are utilized to coordinate the 12 traffic movements.

3.2 Basic Concepts of Traffic Signal Control
State: S and Observation: O. S is the global state of all traffic signal

agents. At each time step 𝑡 , each agent receives an observation

𝑜 ∈ O, including a one-hot encoded phase representation of the

currently active green phase and a flow representation that records

the number of vehicles on each incoming lane of the intersection.

Near-Future Traffic State: 𝑆𝑓 . For an intersection 𝑖 and a given pre-

diction horizon Δ𝑡 , the near-future traffic state 𝑆𝑡+Δ𝑡
𝑓 ,𝑖

denotes the

estimated lane-level traffic flow on all incoming lanes at time 𝑡 +Δ𝑡 .
Traffic Signal Action: A. It refers to the action space for each traffic

signal agent, which includes all selectable green signal phases. At

each time step 𝑡 , an agent 𝑖 selects an action 𝑎𝑡
𝑖
∈ A𝑖 from its avail-

able phase set. This action corresponds to one of the predefined

green phases 𝑝 that the intersection will maintain during the inter-

val [𝑡, 𝑡 + Δ𝑡]. The action decides which phase will be activated for

the next control period, which guiding traffic flow accordingly.

State Transition Function: P. It shows how the environment evolves

in response to signal control actions. At each time step 𝑡 , given the

current global state 𝑠𝑡 and the joint action 𝑎𝑡 = 𝑎1 × 𝑎2 × · · · × 𝑎𝑁
taken by all 𝑁 traffic signal agents, the system transitions to a new

state 𝑠𝑡+1 according to the probability distribution P(𝑠𝑡+1 | 𝑠𝑡 , 𝑎𝑡 ).
Reward: 𝑟 . Each agent 𝑖 receives an immediate reward 𝑟𝑡

𝑖
at 𝑡 , de-

termined by a combination of current and predicted traffic con-

ditions on its incoming lanes. The reward is defined as follows:

𝑟𝑡
𝑖
= −𝛼 · current𝑡

𝑖
− 𝛽 · 1

𝑁

∑𝑁
𝑛=1 future

𝑡+Δ𝑡
𝑖 , where current

𝑡
𝑖
denotes

the queue length at time 𝑡 , and future𝑡+Δ𝑡𝑖 represents the predicted

one at future step 𝑡 + Δ𝑡 . The coefficients 𝛼 and 𝛽 balance the con-

tributions of present and future states. It enables the agent to make

more informed decisions by considering the upcoming congestion.

Policy: 𝜋 . Each traffic signal agent follows a policy 𝜋 : O → A, that

maps observations to actions. At each time step 𝑡 , agent 𝑖 receives

an observation 𝑜𝑡
𝑖
∈ O and selects an action 𝑎𝑡

𝑖
∈ A according to

its individual policy 𝜋𝑖 . The objective of TSC is to learn a policy

that maximizes the agent’s expected cumulative reward over time.

Discount Factor: 𝛾 . 𝛾 ∈ [0, 1] determines the relative importance

of future rewards. A higher 𝛾 places more emphasis on long-term

outcomes, while a lower 𝛾 focuses on immediate rewards. The

cumulative discounted return for the agent 𝑖 at time 𝑡 is defined as

𝑅𝑡
𝑖
=
∑∞
𝑘=0

𝛾𝑘𝑟𝑡+𝑘
𝑖

. This formulation ensures that rewards received

sooner are weighted heavily, while future rewards are discounted.

3.3 Problem Definition
Definition 3.1 (Future Traffic-Driven TSC Problem). At each

control step 𝑡 , the agent at an intersection 𝑖 receives an observation
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𝑜𝑡
𝑖
= (𝑆𝑡

𝑐,𝑖
, 𝑆𝑡+Δ𝑡

𝑓 ,𝑖
), where 𝑆𝑡

𝑐,𝑖
denotes the current traffic state on

its incoming lanes and 𝑆𝑡+Δ𝑡
𝑓 ,𝑖

denotes the near-future traffic state.

The agent selects a signal phase 𝑎𝑡
𝑖
∈ A𝑖 from a policy 𝜋𝑖 , and

the objective is to learn the policy that maximizes the cumulative

discounted reward 𝑅𝑡
𝑖
=
∑∞
𝑘=0

𝛾𝑘𝑟𝑡+𝑘
𝑖

. The final performance of the

policy is evaluated by the average travel time (ATT) of all vehicles.

4 FUTURELIGHT TRAFFIC SIGNAL CONTROL
4.1 FutureLight Framework
The FutureLight framework enhances traffic signal control by in-

corporating future traffic information derived from route data. The

overall workflow is illustrated in Figure 4 and summarized as fol-

lows. (a) FutureLight-RouteSys. In Figure 4-a), given the road

network and route data with departure times, FutureLight-RouteSys
efficiently estimates lane-level future traffic flows and travel times.

The predicted future information is indexed by timestamp and

stored, enabling efficient queries of near-future traffic states for

any intersection. (b) FutureLight-Encoder. In Figure 4-b), for a

target intersection (e.g., intersection B), the current traffic flows

of neighboring intersections are incorporated to capture spatial

dependencies. The predicted future traffic flow of the target inter-

section is then combined with the current flows of its neighbors

to form an enhanced state representation. (c) FutureLight-DQN.
In Figure 4-c), the encoded state is fed into a Q-value prediction

module to evaluate all phases. The one with the highest Q-value is

selected and applied to the environment producing the next obser-

vation. During simulation, the generated transitions are stored in a

replay memory to train and update the Q-network. When the se-

lected phase deviates from the predefined plan, the resulting traffic

evolution also changes. Therefore, the future traffic estimation is

updated to remain consistent with the executed traffic signal phase.

4.2 FutureLight-RouteSys
Existing macroscopic traffic simulation algorithms can estimate

future traffic conditions. However, they cannot be directly applied

to the TSC problem because they do not model traffic signal control

and operate at the road level rather than the lane level. To address

these limitations, we introduce FutureLight-RouteSys, an extension

of the macroscopic RouteSys framework [54, 55] that explicitly

incorporates traffic signal logic and supports lane-level simulation.

This framework can efficiently and accurately estimate future traffic

flow and travel time based on future route data and signal settings.

4.2.1 Route Label Initialization. To ensure vehicles’ passing se-

quences are conducted in chronological order, we propose a data

structure called as route label. It serves as the foundation of the

simulation algorithm, guaranteeing that all vehicles preceding the

current one have been processed before simulating the current one.

Route Label. 𝑙 (𝑟 ) = ⟨𝑣𝑖 , 𝑡𝑖 ⟩ is constructed for each route data 𝑟

during the simulation algorithm, where 𝑟 .𝑣𝑖 indicates the currently

arrived vertex of the route 𝑟 , and 𝑟 .𝑡𝑖 shows its arriving time at 𝑣𝑖 .

Example 4.1 (Route Labels Initialization). For ease of un-

derstanding, we use a road-level example instead of a lane-level

one. In Figure 3, suppose there are two routes, 𝑟1 = ⟨𝐴, 𝐵,𝐶⟩ and
𝑟2 = ⟨𝐷, 𝐵,𝐶⟩, with departure times of 6:00 and 6:10. Their route

𝒍 𝒓𝟏 =< 𝑨, 𝟔: 𝟎𝟎 > 𝒍 𝒓𝟏 =< 𝑩, 𝟔:𝟐𝟎 >

𝒍 𝒓𝟐 =< 𝑫, 𝟔: 𝟏𝟎 >

𝒍 𝒓𝟐 =< 𝑩, 𝟔:𝟏𝟓 >
A

B
C

D

🚥

Figure 3: Procedure to Simulate Routes’ Passing Sequence

labels are initialized as 𝑙 (𝑟1) = ⟨𝐴, 6:00⟩ (blue) and 𝑙 (𝑟2) = ⟨𝐷, 6:10⟩
(green). Suppose the travel times on ⟨𝐴, 𝐵⟩ and ⟨𝐷, 𝐵⟩ are estimated

as 20 minutes and 5 minutes, respectively. During simulation, 𝑙 (𝑟1)
and 𝑙 (𝑟2) are then updated to ⟨𝐵, 6:20⟩ and ⟨𝐵, 6:15⟩, respectively.

Simulation Procedure. It is illustrated as follows: (a) Route labels
initialization: For each route, the current vertex 𝑣 is initialized as

its source 𝑟 .𝑣0, and the corresponding arriving time 𝑡 is the route’s

departure time 𝑟 .𝑡0 initially. (b) Iteration by earliest arrival time:
A priority queue 𝐿 is used to maintain labels sorted by arrival time.

In each iteration, label 𝑙 (𝑟 ) = ⟨𝑣𝑖 , 𝑡𝑖 ⟩ with the smallest arrival time

is selected, and its travel time on the next road is estimated based

on machine learning models (detailed in Section 4.2.2) with dy-

namically changing traffic flow and signal polices. (c) Label and
traffic flow update: The route label is updated to the next vertex

and time (𝑡 ← 𝑡 + 𝑇 (𝑣𝑖 , 𝑣𝑖+1, 𝑡) and 𝑙 (𝑟 ) ← ⟨𝑣𝑖+1, 𝑡⟩). Traffic flow

is updated accordingly for the current lane when a route enters /

leaves, and the count for the previous lane as one route leaves it.

In addition, given the estimated arrival time at an intersection, the

corresponding traffic signal state and remaining phase time can be

queried in 𝑂 (1). If the signal is red, the expected waiting time is

added to the travel time. (d) Termination: Once a route reaches its
destination, it is removed from 𝐿. The simulation terminates when

𝐿 becomes empty, indicating that all routes have been processed.

Example 4.2 (Simulation Example). The simulation shown in

Figure 3 proceeds as follows: (1) 𝑙 (𝑟1) and 𝑙 (𝑟2) are initialized as

⟨𝐴, 6:00⟩ and ⟨𝐷, 6:10⟩. (2) 𝑙 (𝑟1) is selected first. The traffic flow on

edge (𝐴, 𝐵) increases by 1, and the estimated travel time, including

the waiting time caused by the red signal, is 20 minutes. 𝑙 (𝑟1) is
updated to ⟨𝐵, 6:20⟩ and reinserted into the priority queue 𝐿. (3)

𝑙 (𝑟2) becomes the top label in 𝐿. After the traffic flow on edge (𝐷, 𝐵)
is updated, the estimated travel time for 𝑟2 on this edge is 5 minutes.,

and 𝑙 (𝑟2) is updated to ⟨𝐵, 6:15⟩ and re-inserted into 𝐿. (4) The same

procedure is repeated until 𝑟1 and 𝑟2 reach the destinations. Their

labels are then removed from 𝐿, and the simulation is terminated.

Complexity analysis. Assume the number of route data is |𝑅 |with
at most |𝐸 | roads, time complexity of the simulation algorithm is

𝑂 ( |𝐸 | × |𝑅 | × log |𝑅 |), where log |𝑅 | is the priority queue operations.

4.2.2 Machine LearningModels. During simulation, when a vehicle

enters a lane, its travel time on that lane is estimated using a learned

machine learningmodel. The input features of themodel are divided

into two categories: (a) Static features, which remain constant

over time, including the number of lanes, speed limit, and road

length; (b) Dynamic features, which vary over time and reflect

the traffic state when the vehicle enters the lane. These features

include the traffic flow (i.e., the number of vehicles already in the

lane), whether the vehicle will encounter a red signal when exiting

the lane, and the vehicle’s turning direction toward the next lane.
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Figure 4: Overview architecture of FutureLight for the TSC problem: (a) FutureLight-RouteSys estimates lane-level future
traffic conditions from route data, (b) FutureLight-Encoder integrates spatial dependencies with current and future flows to
form enhanced state representations, and (c) FutureLight-DQN selects the optimal signal phase based on predicted Q-values.

We utilize CityFlow [59] to simulate traffic and generate training

data, including road features and corresponding travel times on it.

Models can be any mainstream machine learning approaches, cate-

gorized as follows: (a) Tree-based methods. Random Forest [6],

LightGBM [19], XGBoost [9], CatBoost [35]. (b) Linear models.
Linear [46], Ridge [15], and Lasso regression [36]. (c) Neural net-
works. MLP [39] and TabNet [3]. (d) Ensemble methods. Bagged
[5], Stacked [47], and Weighted Ensemble [47]. (e) Other methods.
KNN [34], SVM [32], and Naive Bayes [37]. Model selection depends

on both predictive performance and interpretability. In our case,

we choose tree-based methods because of the strong explainability.

4.2.3 Model Catching for Efficiency. Although machine learning

models provide accurate predictions, their inference latency be-

comes a bottleneck under the large number of prediction requests

during simulation, as discussed in Section 4.2. To reduce this over-

head, we adopt a trade-off strategy that sacrifices little accuracy

for faster inference. Given the small number of input features, we

improve efficiency by caching model predictions, which requires

around tens to hundreds of megabytes. Specifically, we precompute

and store predicted travel times in a lookup table indexed by the

corresponding input features. To reduce the space cost, these fea-

tures are represented as integers or floating-point numbers with

two decimal places. During simulation, model inference is replaced

by table lookup, substantially improving the system responsiveness.

4.2.4 Route Records for Future TrafficQueries. During macroscopic

traffic simulation algorithm, route labels record vehicle entry and

exit events on lanes together with their timestamps. Based on these

labels, the algorithm can dynamically maintain traffic flow changes

on each lane over time. After simulation, the generated route labels
and traffic flow records are reorganized by lane and timestamp

to build route records, which describe how traffic flow changes as

vehicles enter or leave a lane. Specifically, each route record is keyed

by timestamp, and its values include the vehicle ID, the vehicle’s

entry or exit status, and the corresponding traffic flow on that lane.

These route records serve as the basis for future traffic queries. Given

a specific lane and a future timestamp, the system can retrieve the

corresponding route records on that lane to determine the number

of vehicles will travel on the lane at the specific future timestamp.

Example 4.3 (Example of Future Traffic Queries). Contin-
ues to the Example 4.2, the generated route labels on each lane

are listed in the following: 1. Road AB: [6:00 : 𝑟1, 𝑖𝑛, 1], [6:20 :

𝑟1, 𝑜𝑢𝑡, 0], 2. Road BD: [6:10 : 𝑟2, 𝑖𝑛, 1], [6:15 : 𝑟2, 𝑜𝑢𝑡, 0], 3. Road BC:
[6:15 : 𝑟2, 𝑖𝑛, 1], [6:20 : 𝑟1, 𝑖𝑛, 2], [6:25 : 𝑟2, 𝑜𝑢𝑡, 1], [6:35 : 𝑟1, 𝑜𝑢𝑡, 0].
To query the future traffic flow on road BC at timestamp 6:22,

a binary search is performed over its timestamps to locate the

[6:20 : 𝑟1, 𝑖𝑛, 2], indicating that two vehicles will travel on road BC.

4.3 FutureLight-Encoder
In this section, we first describe the backbone feature encoder that

embeds the intersections’ current and surrounding information,

then we present how to embed the future navigation information.

4.3.1 Traffic Embedding. It consists of the following components:

Phase-based Intersection Encoder : At each time step 𝑡 , the raw

observation of an intersection 𝑖 , denoted by 𝑜𝑡
𝑖
, is represented as a

20-dimensional vector. Specifically, the current signal phase is one-

hot encoded into an 8-dimensional vector, while the traffic flows

on 12 incoming lanes (3 lanes × 4 directions) constitute the remain-

ing 12 dimensions. Observation 𝑜𝑡
𝑖
is then encoded into a dense

representation ℎ𝑖 by a MLP layer: ℎ𝑖 = Embed(𝑜𝑡
𝑖
) = 𝜎 (𝑜𝑖𝑊𝑒 + 𝑏𝑒 ).

Graph Attention-based Cooperation: After encoding the local ob-

servation of each intersection into ℎ𝑖 , we enable communication

among intersections through a graph attention mechanism. Each

intersection is modeled as a node, while the spatial relationships

between intersections (e.g., adjacency or shared roads) are repre-

sented as edges. This design allows the agent at each intersection

to make decisions based not only on its local traffic conditions but

also on the contextual influence of the neighboring intersections.

Spatial Dependencies among Intersections: To capture the spatial

influence between intersections, we compute an interaction score

for each pair (𝑖, 𝑗), where 𝑖 is the target intersection and 𝑗 is a
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neighboring one. The score 𝑒𝑖 𝑗 measures the importance from 𝑗 for

determining the signal control policy at 𝑖: 𝑒𝑖 𝑗 = (ℎ𝑖𝑊𝑡 ) · (ℎ 𝑗𝑊𝑠 )𝑇 ,
where𝑊𝑡 ,𝑊𝑠 ∈ R𝑚×𝑛 are learnable projection matrices for the

target and source embeddings, respectively. Since traffic influence

is directional (e.g., information is different in upstream and down-

stream directions), 𝑒𝑖 𝑗 is not necessarily symmetric, e.g., 𝑒𝑖 𝑗 ≠ 𝑒 𝑗𝑖 .

Attention Normalization within Neighborhood: Given the interac-

tion scores 𝑒𝑖 𝑗 , we assign a normalized importance weight to each

neighbor of 𝑖 . This normalization ensures stable weighting across

neighbors and prevents large raw scores from dominating the aggre-

gation. Attention coefficient𝛼𝑖 𝑗 is defined as:𝛼𝑖 𝑗 =
exp(𝑒𝑖 𝑗 /𝜏 )∑

𝑘∈N𝑖 exp(𝑒𝑖𝑘/𝜏 )
,

where N𝑖 denotes the set of neighbors of 𝑖 , and 𝜏 is a temperature

coefficient that controls the sharpness of the attention distribution.

Neighborhood Representation Update: After obtaining the atten-
tion coefficients, the representation of intersection 𝑖 is updated by

aggregating information from its neighbors weighted by the cor-

responding attention scores: ℎ′
𝑖
= 𝜎

(
𝑊𝑞

∑
𝑗∈N𝑖

𝛼𝑖 𝑗 (ℎ 𝑗𝑊𝑐 ) + 𝑏𝑞
)
,

where𝑊𝑞,𝑊𝑐 ∈ R𝑚×𝑚 are trainable parameters, 𝑏𝑞 is a bias term,

and 𝜎 (·) denotes a nonlinear activation function (e.g., ReLU). The
resulting embeddingℎ′

𝑖
summarizes both the local condition and the

contextual information from neighboring intersections, enabling

cooperative and coordinated traffic signal control in the network.

Multi-head Attention Extension: To capture diverse spatial depen-
dency patterns, we further extend the single-head attention mecha-

nism to a multi-head version. Multiple attention heads operate in

parallel, eachwith its own learnable parameters {𝑊 ℎ
𝑡 ,𝑊

ℎ
𝑠 ,𝑊

ℎ
𝑐 },Their

outputs are then averaged to form the final neighborhood repre-

sentation:
˜ℎ′
𝑖
= 𝜎

(
𝑊𝑞 · 1𝐻

∑𝐻
ℎ=1

∑
𝑗∈N𝑖

𝛼ℎ
𝑖 𝑗
(ℎ 𝑗𝑊 ℎ

𝑐 ) + 𝑏𝑞
)
, where 𝐻

is the number of attention heads. This design allows the model to

jointly capture different spatial correlations (e.g., upstream conges-

tion) and improves the robustness of the intersection cooperation.

4.3.2 Future Navigation Embedding. We first describe how to effi-

ciently retrieve the future navigation data generated by RouteSys,
and then explain how to use it to enhance feature representation.

Future Traffic Flow Query: As described in Section 4.2.4, future

traffic queries are supported by the constructed route records. Given
a lane and a future timestamp, the system retrieves the correspond-

ing record on that lane to determine traffic flow at that timestamp.

Feature Enhancement by Future Information: To further improve

the decision-making ability of the RL agent, the simulated future

traffic flow can be queried and integrated into the encoded obser-

vation
˜ℎ′
𝑖
at time 𝑡 . When the RL agent updates the signal phase at

each time step (e.g., Δ𝑡 = 30 seconds), the near-future traffic flow

over the next Δ𝑡 can be queried in advance. Let 𝑓 𝑡+Δ𝑡
𝑖

denote the

predicted future traffic information for intersection 𝑖 at time 𝑡 + Δ𝑡 ,
obtained from FutureLight-RouteSys. The future feature 𝑓 𝑡+Δ𝑡

𝑖
is first

transformed by a multi-layer perceptron (MLP) into a dense rep-

resentation:
ˆ𝑓 𝑡+Δ𝑡
𝑖

= 𝜎 (𝑓 𝑡+Δ𝑡
𝑖

𝑊𝑓 + 𝑏 𝑓 ). Then, the future-enhanced
representation

˜ℎ𝑡
𝑖
is constructed by concatenating these encoded

future features with the current encoded observation
˜ℎ′
𝑖
, which ag-

gregates information from the neighbors:
˜ℎ𝑡
𝑖
= Concat

(
˜ℎ′
𝑖
, ˆ𝑓 𝑡+Δ𝑡
𝑖

)
.

In addition, if the originally defined signal phase plans are al-

tered during the RL procedure, the corresponding future traffic flow

information can be efficiently re-simulated and updated, ensuring

that
˜ℎ𝑡
𝑖
remains consistent with the updated signal control policies.

4.4 FutureLight DQN
After obtaining the future-enhanced intersection representation

˜ℎ𝑡
𝑖
, each control agent uses the same DQN to make two sequential

decisions. It first predicts a peek-action to query the corresponding

near-future traffic state, and then predicts the optimal final-action
based on the current state and the resulting future representation.

It aims to approximate the optimal action-value function 𝑄∗ (𝑠, 𝑎),
which represents the expected cumulative discounted reward when

selecting action 𝑎 under state 𝑠 and the following optimal policy.

4.4.1 Q-value Estimation and Action Selection. Given the aggre-

gated intersection representation
˜ℎ𝑡
𝑖
, which encodes both current

and future traffic flow information, the control agent evaluates the

utility of each candidate traffic signal phase through a Q-value pre-

diction network. The Deep Q-Network (DQN) [29] predicts the in-

put state
˜ℎ𝑡
𝑖
to Q-values for all possible actions:𝑄 ( ˜ℎ𝑡

𝑖
, 𝑎;𝜃 ) = 𝑓𝜃 ( ˜ℎ𝑡𝑖 ),

where 𝑓𝜃 (·) is the Q-value estimation network parameterized by 𝜃 .

Action corresponding to the highest predicted Q-value is se-

lected by the 𝜖-greedy strategy defined in the following: 𝑎𝑡
𝑖
=

random action,with probability 𝜖 or argmax

𝑎
𝑄 ( ˜ℎ𝑡

𝑖
, 𝑎;𝜃 ), otherwise.

This procedure allows each intersection agent to make decisions

based on both current and future aggregated state representation,

supporting proactive rather than the purely reactive signal control.

4.4.2 Experience Replay and Target Network. To stabilize learning,

transitions (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1) are stored in a replay buffer D. During

training, mini-batches are randomly sampled from D to perform

gradient-based updates, which helps reduce the temporal correla-

tion between consecutive experiences. A separate target network

with delayed parameters 𝜃− is used to compute target Q-values and

reduce training oscillations:𝑦𝑡 = 𝑟𝑡 +𝛾 max𝑎′ 𝑄 (𝑠𝑡+1, 𝑎′;𝜃−), where
𝛾 is the discount factor to balance immediate and future rewards.

4.4.3 Q-Learning Optimization Objective. Q-network parameters

𝜃 are learned by minimizing the mean squared temporal-difference

(TD) error: L(𝜃 ) = E(𝑠𝑡 ,𝑎𝑡 ,𝑟𝑡 ,𝑠𝑡+1 )∼D
[
(𝑦𝑡 −𝑄 (𝑠𝑡 , 𝑎𝑡 ;𝜃 ))2

]
, where

𝑄 (𝑠𝑡 , 𝑎𝑡 ;𝜃 ) is the predicted Q-value and 𝑦𝑡 is the target Q-value.

This objective enables the network to iteratively approximate the

optimal Q-function. By minimizing L(𝜃 ) with stochastic gradi-

ent descent, DQN gradually aligns its Q-value estimates with the

expected returns, thereby improving the control policy over time.

4.4.4 Integration with Future Guidance. Unlike conventional DQN-
based signal control methods, the proposed framework incorpo-

rates FutureLight-RouteSys results as future navigation guidance.

The future-enhanced state
˜ℎ𝑡
𝑖
integrates both the current traffic

observation and the predicted flow information in the next horizon,

allowing the Q-network to anticipate the near-future impact of

phase changes. Such forward-looking guidance mitigates myopic

decisions and accelerates convergence during the training, thereby

globally coordinated traffic signal control across all intersections.

2349



5 EFFICIENT SPATIOTEMPORAL SIMULATION
AND RL ENVIRONMENT OPTIMIZATION

5.1 Efficiency Enhancement of Simulation
Challenges. During RL training, the signal phase at each intersection
is continuously updated according to its current state (described

in Section 4.4.1). These dynamic phase changes can make the esti-

mated future traffic flow inaccurate. For example, when the signal

phase changes, some vehicles that were predicted to pass through

the intersection may instead be stopped under the updated phase.

Ideas. The most straightforward solution is to rerun the macro-

scopic traffic simulation whenever a signal phase is updated during

the RL training. However, this approach is inefficient, as it may lead

to excessive computational overhead due to repeated calculations.

To maintain efficiency, two key principles can be considered: (1)

No repetition: For the time range with already determined signal

phases, the simulation should reuse and manage the previously

generated route labels from the FutureLight-RouteSys, rather than
restarting the entire process each time, (2) Early termination: For
the future time range with undecided signal phases, FutureLight-
RouteSys terminates early to prevent unreliable future traffic flow.

5.1.1 No Repetition. By reviewing the route label update proce-

dure in the FutureLight-RouteSys algorithm, when a vehicle enters

a new road, its travel time is estimated based on both the static

and dynamic characteristics of that road. Then, a waiting time is

computed by determining whether the vehicle will be delayed by

the current traffic signal. The sum of the estimated travel time and

waiting time is then used to update the corresponding route label.

Assuming that the RL training procedure updates signal phases

every 𝑡 seconds, we define this interval as the period of validity,
while the signal phases beyond this interval have not yet been deter-

mined. Accordingly, the route labels generated by the FutureLight-
RouteSys algorithm can be categorized into reliable and unreliable

route labels, as defined below. Reliable route labels correspond to

vehicle trajectories that are fully determined within the current

validity period, while unreliable route labels may be affected by

future signal phase updates and therefore need to be re-simulated.

Reliable and Unreliable Route Labels. Given a route label 𝑙 (𝑟 ) =
⟨𝑣𝑖 , 𝑡𝑖 ⟩, we categorize it based on a period of validity 𝑡 : 1. Reliable
Route Label. A route label is reliable if the vehicle can pass through

the current road without being stopped by a red signal and 𝑡𝑖 ≤ 𝑡 . 2.
Unreliable Route Label. Otherwise, the route label is unreliable.

To improve computational efficiency, we continue the simula-

tion from reliable route labels instead of restarting from the initial

state. In contrast, unreliable route labels will be re-simulated in

subsequent periods when more signal phase information becomes

available. Nevertheless, these unreliable route labels are still main-

tained for future traffic flow estimation, as they represent vehicles

currently traveling behaviors on the corresponding road segments.

Example 5.1 (No Repetition). In Figure 5, three routes are initial-

ized with labels: 𝑙 (𝑟1) = ⟨𝐴, 0⟩, 𝑙 (𝑟2) = ⟨𝐷, 5⟩, and 𝑙 (𝑟3) = ⟨𝐷, 10⟩.
The period of validity is set to 30𝑠 . During the signal phase 0𝑠−30𝑠 at
𝐵, movements from 𝐴 to 𝐵 and 𝐷 to 𝐵 are allowed, while the move-

ment from 𝐷 through 𝐵 to 𝐶 is red. Based on FutureLight-RouteSys,
the simulation proceeds as follows: (1) The estimated travel time of

𝑟1 on 𝐴𝐵 is 20𝑠 , and the signal phase is green, so its route label is

A

C
D

B

𝒍 𝒓𝟏 =< 𝑨, 𝟎 > 𝒍 𝒓𝟏 =< 𝑩,𝟐𝟎 >

𝒍 𝒓𝟐 =< 𝑫,𝟓 >

𝒍′ 𝒓𝟐 =< 𝑩,𝟐𝟓 >

15s

𝒍 𝒓𝟑 =< 𝑫,𝟏𝟎 > 𝒍′ 𝒓𝟑 =< 𝑩,𝟒𝟎 >

𝒍′ 𝒓𝟏 =< 𝑩, 𝟑𝟓 >

Figure 5: Example of No Repetition

updated to 𝑙 (𝑟1) = ⟨𝐵, 20⟩, marked as reliable. (2) Travel time of 𝑟2
on 𝐷𝐵 is 20𝑠 . Since the signal phase is red and waiting time is un-

known, its route label is updated to 𝑙 (𝑟2) = ⟨𝐵, 25⟩, but it’s marked

unreliable and excluded from the next simulation. (3) Travel time

of 𝑟3 on 𝐷𝐵 is 30𝑠 . With a departure time of 10𝑠 , the arrival time

becomes 40𝑠 , which exceeds the validity period, so its label ⟨𝐵, 40⟩
is also unreliable. (4) The earliest reliable label is ⟨𝐵, 20⟩. The travel
time on 𝐵𝐶 is 15𝑠 , leading to an arrival time of 35𝑠 , again beyond

the validity period. (5) Unreliable labels will be re-simulated in the

next period (30𝑠 − 60𝑠). If a label becomes reliable, it won’t need

re-estimation in future simulations. (6) In 30𝑠 − 60𝑠 , the simulation

starts with label 𝑙 (𝑟1) = ⟨𝐵, 20⟩, 𝑙 (𝑟2) = ⟨𝐷, 5⟩, and 𝑙 (𝑟3) = ⟨𝐷, 10⟩.

5.1.2 Early Termination. Because signal phases may be updated

during RL training, the future traffic flows estimated beyond the

period of validity can no longer be trusted to guide action selection

and may introduce noise. Therefore, the FutureLight-RouteSys algo-
rithm can be terminated early, and the termination point is defined

by the look-ahead window of 𝑁 × 𝑡 . For time ranges beyond the

period of validity, where signal phases remain undecided, the prede-

fined phase plan is adopted as a placeholder. However, if the value

of 𝑁 is set too large, excessive noise may be introduced, which

could degrade the performance rather the than provided guidance.

5.2 Efficiency Enhancement on Environment
Motivation. In the previous sections, we proposed an efficient and

accurate FutureLight-RouteSys algorithm. Since the gap between

FutureLight-RouteSys and microscopic simulation environment is

very small, it can also support traffic flow estimation with high

efficiency and accuracy (as shown in Section 6.6 and 6.7). In ad-

dition, since the decision making in RL-based traffic signal con-

trol mainly depends on aggregated quantities (e.g., queue length

or flow difference) rather than tracking the fine-grained informa-

tion, the unbiased FutureLight-RouteSys is sufficient to preserve the

Markovian property and ensure stable policy improvement. These

observations form our motivation to explore whether traditional

microscopic simulation environments can be replaced with the

proposed FutureLight-RouteSys to accelerate the training efficiency.

To replace microscopic simulation environment in RL-based TSC,

FutureLight-RouteSys must satisfy theoretical requirements that

ensure information equivalence, adaptability, and Markov property.

5.2.1 Consistency with RL State and Reward Representation. As
introduced in Section 3.2, the traffic signal control problem can

be formulated as a Markov Decision Process (MDP) (S,A,P, 𝑟 , 𝛾),
where each intersection is modeled as an individual agent. At each

decision step 𝑡 , agent 𝑖 observes 𝑜𝑡
𝑖
∈ O𝑖 , selects an action 𝑎𝑡

𝑖
∈ A𝑖 ,

and receives an immediate reward 𝑟𝑡
𝑖
, following the DQN-based

learning procedure in the RL framework. To theoretically ensure the

substitution in the RL training process, we analyze the consistency

between the two simulation paradigms from following perspectives:
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(1) State and Observation Representation. As summarized in

Section 4.3, each intersection observation 𝑜𝑡
𝑖
is encoded into a low-

dimensional vector ℎ𝑡
𝑖
that represents the current signal phase and

the lane-level traffic flow statistics. Because this design relies solely

on aggregated lane-level quantities rather than microscopic vehicle

trajectories, it provides an abstract yet informative representation

that the proposed macroscopic simulator can efficiently reproduce.

(2) Reward Representation. Each agent receives a reward 𝑟𝑡
𝑖
at

the end of each control interval to evaluate its phase selection. In ex-

isting RL-based frameworks, the reward is typically designed based

on congestion- or pressure-related metrics, which can be written

as: 𝑟𝑡
𝑖
= 𝑓 ({𝑞𝑡

ℓ
| ℓ ∈ Lin

𝑖
}) = −∑ℓ∈Lin

𝑖
𝑞𝑡
ℓ

or − ∑(𝑚,𝑛) (𝑞in,𝑡𝑖,𝑚
−

𝑞
out,𝑡
𝑖,𝑛
)., 𝑞𝑡

ℓ
denotes the number of vehicles on the incoming lane ℓ

at time 𝑡 , while 𝑞
in,𝑡
𝑖,𝑚

and 𝑞
out,𝑡
𝑖,𝑛

represent the aggregated inflow and

outflow volumes of intersection 𝑖 at time 𝑡 , corresponding to its

𝑚-th incoming and 𝑛-th outgoing directions. It should be noted that

the reward formulation above omits the incorporation of future

information. As these reward functions depend solely on aggre-

gated lane-level statistics, they are insensitive to the microscopic

environment, such as individual vehicle positions or acceleration.

(3) Requirement for Information Equivalence. To serve as a
substitute for microscopic environments, the proposed macroscopic

simulator must provide consistent states and rewards. Formally, for

each intersection 𝑖 and lane ℓ , the macroscopic model should satisfy:

𝑞𝑡
ℓ
≈ 𝑞𝑡

ℓ
, 𝑟𝑡

𝑖
= 𝑓 (𝑞𝑡

ℓ
) ≈ 𝑟𝑡

𝑖
= 𝑓 (𝑞𝑡

ℓ
), where 𝑞𝑡

ℓ
and 𝑟𝑡

𝑖
denote the

lane flow and reward estimated by the macroscopic simulator, and

𝑓 (·) is the same reward function as in the original environment. If

the discrepancies between 𝑞𝑡
ℓ
and 𝑞𝑡

ℓ
are bounded by a small error 𝜀𝑠 ,

then the resulting reward deviation 𝜀𝑟 can be remained negligible.

Theorem 5.2 (RL Consistency under Information Eqiva-

lence). If the macroscopic simulator satisfies the information equiv-
alence (in 5.2.1-(3)), then the RL process maintains theoretical validity.
Specifically, the agent perceives consistent state and reward feedback,
and the Markov Decision Process (MDP) formulation as well as the
optimization behavior of the DQN-based framework remain preserved.

5.2.2 Adaptive Re-simulation for Phase Changes. To efficiently re-

spond to dynamic signal updates during RL training, the macro-

scopic simulator adopts an adaptive re-simulation strategy (in Sec-

tion 5.1). Instead of rerunning the entire simulation whenever a

phase changes, it reuses previously computed reliable route labels
within the current period of validity and re-simulates only those

unreliable labels whose future trajectories are affected by the new

phase configuration. This mechanism, combined with the early
termination strategy, enables the environment to maintain accurate

and efficient flow statistics while avoiding redundant computations.

Therefore, FutureLight-RouteSys can replace the microscopic en-

vironment in standard DQN-based frameworks without significant

changes to the learning formulation. We validate the accuracy and

efficiency of this macroscopic RL environment in the Section 6.8.

6 EXPERIMENTS
6.1 Environment setup
6.1.1 Datasets. We evaluate our method on three widely used real-

world TSC datasets, i.e., New York, Hangzhou, and Jinan [25, 44].

Table 1: Statistics Description of Route Data
Datasets/
Description

JiNan HangZhou New York
1 2 1 2 1 2

Num of routes 4365 4365 2983 2983 2212 2212

Average time 297s 291s 327s 326s 1245s 1419s

Average roads 4.44 4.32 4.65 4.37 15.99 16.53

Average length 2667m 2486m 3335m 3269m 4795m 4973m

Table 2: Average Travel Time Comparison (ATT) (Unit: s)

Methods JiNan HangZhou New York
1 2 1 2 1 2

FixedTime [21] 369.6 331.4 497.1 437.8 1053.3 1036.8

MaxPressure [40] 279.5 276.3 325.3 310.4 654.2 648.3

MPLight [7] 294.4 283.3 355.4 333.3 498.0 449.6

CoLight [44] 271.2 266.7 310.7 310.2 420.1 416.0

E-MPLight [49] 268.4 262.6 310.5 302.5 654.1 637.8

E-CoLight [49] 267.6 260.9 302.4 296.6 478.2 473.7

E-MaxPressure [49] 267.0 260.5 318.2 302.2 632.1 634.9

E-PressLight [43] 303.1 298.4 376.9 364.0 1183.7 1281.8

A-MPLight [60] 265.9 260.8 309.8 292.8 427.2 423.8

A-CoLight [60] 270.4 260.0 304.5 288.4 416.9 412.2

A-MaxPressure [60] 265.9 260.8 314.2 299.0 499.7 493.5

LLMLight [23] 274.0 263.6 310.8 294.3 - -

Macro-Sim [55] 265.1 259.6 299.2 290.0 423.3 413.6

Future-STGCN [57] 264.5 258.9 312.2 289.2 421.6 412.7

FutureLight 262.1 256.2 290.9 285.6 412.1 408.0

In addition, to assess the effect of route distributions, we construct

three synthetic datasets on the same road networks, preserving the

route counts while randomly sampling OD pairs and generating

routes with Dijkstra’s algorithm [12]. The details are as follows:

1. Hangzhou Dataset. It consists of 16 intersections (4 × 4) in
Hangzhou, China. The corresponding statistics are summarized in

Table 1. Entries labeled as ‘1’ denote real-world datasets collected

from roadside surveillance cameras, while entries labeled as ‘2’

denote synthetic datasets generated on the same road network.

2. JiNan Dataset. It includes 12 intersections (3 × 4) in Jinan,

China. Similar to Hangzhou, labeled ‘1’ denotes the real-world

datasets, while ‘2’ denotes the synthetic datasets, shown in Table 1.

3. New York Dataset. It includes 196 intersections (28 × 7) in

Manhattan, New York City. Traffic demand is derived from New

York City taxi trip records [31], where each trip provides an OD pair.

The corresponding routes are generated using Dijkstra’s algorithm

[12] to simulate realistic traffic. The statistics are shown in Table 1.

6.1.2 Compared Baselines. Baselines are categorized into tradi-

tional methods and RL-based methods. All RL-based models are

trained for 80 rounds, with each round corresponding to a 60-minute

simulation. Results in Table 2 shows the mean computed over the

last ten testing episodes. A brief introduction of them is in below:

1. Traditional Methods. (1) FixedTime [21]: Static signal cy-
cle with the fixed cycle time. (2) MaxPressure [40]: Selects phase
maximizing pressure (queue difference) to stabilize the traffic flow.

2. Reinforcement Learning Methods. (1) MPLight [7]: A de-

centralized RL framework combining MaxPressure with neural

policy learning. (2) CoLight [44]: A cooperative RL framework

using graph attention for intersection interaction. (3) E-PressLight
[43]: A pressure-based RL framework minimizing queue imbalance.

(4) E-MPLight [49]: Simplifies pressure computation to acceler-

ate MPLight training. (5) E-CoLight [49]: Incorporates efficient
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Figure 6: The Training Convergence of FutureLight (In 50 Rounds)
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Figure 7: ATT Reduction (Compared with the Highest ATT) Across Congestion Percentiles. The Larger the Better.

Table 3: Ablation Study (Average Travel Time)

Variant Jinan Hangzhou New York
1 2 1 2 1 2

Baseline 277.11 263.93 313.22 300.49 454.38 489.11

w/o Attention 263.61 258.68 296.00 289.23 427.01 426.86

w/o RouteSys 274.87 261.68 296.95 304.56 430.23 472.34

w/o F-Reward 264.68 258.37 293.87 289.49 416.29 416.86

FutureLight 262.10 256.24 290.85 285.64 412.15 407.97

Table 4: Analysis on Action Time and Look-ahead Horizon
Action
Time Ahead Jinan Hangzhou New York

1 2 1 2 1 2
30s 15s 266.24 261.23 296.94 287.75 416.22 417.34

30s 30s 262.10 256.24 290.85 285.64 412.14 407.97
45s 15s 299.51 295.10 321.10 316.99 477.80 480.09

45s 30s 298.30 293.49 319.49 313.11 475.57 458.95
45s 45s 296.19 292.12 317.51 311.57 468.02 468.74

60s 30s 337.01 339.92 351.63 356.16 517.31 504.73

60s 45s 341.71 328.76 358.78 348.99 514.47 488.70
60s 60s 339.21 331.15 351.36 349.36 530.38 503.47

pressure design for faster cooperative learning. (6) E-PressLight
[49]: Optimizes PressLight with lightweight reward computation.

(7) A-MPLight [60]: Enhances MPLight with demand-aware state

encoding. (8) A-CoLight [60]: Combines GAT-based cooperation

with advanced representations. (9) A-MaxPressure [60]: Extends
MaxPressure with advanced pressure–demand representations. (10)
LLMLight [23]: A LLM framework that uses LLM reasoning for

signal decision making, enhanced by the domain-specialized Light-

GPT backbone. (10) Macro-Sim [55]: A macroscopic simulation

algorithm for traffic prediction that does not consider traffic signals.

(11) Future-STGNN: Near-future feature is generated by STGCN

[57] using the previous four time intervals to predict the next. All

the above “E-” stands for Efficient, and “A-” stands for Advanced.

6.1.3 Evaluation Metrics and Settings. We use: average travel time

(ATT) [8, 14] as evaluation metrics for the simulated environment.

6.1.4 Environment. The macroscopic simulation algorithm is im-

plemented in C++ and compiled with full optimizations. It is evalu-

ated on a server with two Xeon Gold 8375C 2.9GHz CPUs (32 cores

and 64 threads) and 2TB of memory. FutureLight and all baselines

are implemented and evaluated on an NVIDIA RTX 4090 GPU with

24GB of memory. FutureLight-RouteSys is encapsulated as a C++

module, which is invoked by FutureLight whenever near-future
information is needed, enabling interaction during the RL training.

6.1.5 Implementation Details. The key hyperparameters in exper-

iments are summarized as follows: (1) Action Time. The signal
control policy is updated every 30 seconds during RL training. (2)

Look-ahead Horizon. The future prior uses a prediction horizon

of future 30 seconds, so that the predicted traffic conditions cor-

respond to the same time span as the current control phase. (3)

Prior Encoder. The future prior is encoded by a two-layer MLP

with hidden sizes of 64 and 32, providing sufficient representation

capacity while keeping the model compact and stable. (4) Prior
Integration. The predicted future inflow vector is concatenated

with the original traffic state to form the final state representation.

6.2 Comparison Performance
This section analyzes the results in terms of average travel time and

convergence between the proposed FutureLight and all baselines.

6.2.1 Comparison with Baselines on Average Travel Time. Table
2 describes the results of all baseline methods in terms of aver-

age travel time (ATT) across the JiNan, HangZhou, and New York

datasets. The analysis is summarized as the following perspectives:

(1) Overall Performance. FutureLight consistently achieves

the lowest ATT among all compared methods and outperforms both

traditional and RL-based baselines. It shows that incorporating near-

future traffic flow information derived from future route data can

improve signal control decisions, reduce overall travel time, and

thus alleviate network congestion. LLMLight is not evaluated on

New York because its large scale and long episode duration make

the LLM-based control prohibitively time- and memory-consuming.

(2) Cross-Dataset Consistency. The performance improve-

ment of FutureLight is consistent across all three road networks.

These results demonstrate the robustness and generalizability of

FutureLight under diverse network structures and traffic conditions.

(3) Interpretation and Insights. The performance of Future-
Light can be attributed to its integration of future traffic flow guid-

ance into the RL framework. Leveraging macroscopic simulation-

based predictions, it enables agents to anticipate the potential con-

gestion and optimize phase transitions before the bottleneck occur.
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Table 5: Robustness of Macroscopic Simulation under Differ-
ent Future Route Availability (MAE/ RMSE/ MAPE %)
Percent Task Jinan 1 Hangzhou 1 NewYork 1

100% Time 21.4 / 48.8 / 6.5% 5.8 / 15.5 / 2.3% 174.1 / 246.0 / 16.5%

Flow 1.6 / 2.7 / 47.8% 0.7 / 1.4 / 35.1% 2.1 / 3.5 / 58.4%

70% Time 20.4 / 47.9 / 6.6% 5.8 / 15.6 / 2.4% 177.0 / 248.1 / 16.9%

Flow 2.3 / 3.7 / 51.9% 1.1 / 1.8 / 44.0% 2.0 / 3.5 / 57.7%

50% Time 23.7 / 52.2 / 9.8% 6.5 / 17.8 / 2.6% 237.8 / 342.9 / 25.4%

Flow 2.8 / 4.2 / 58.2% 1.4 / 2.1 / 51.6% 2.6 / 4.2 / 58.1%

30% Time 22.6 / 51.3 / 9.4% 7.1 / 19.1 / 2.8% 297.5 / 411.3 / 29.6%

Flow 3.6 / 5.1 / 69.2% 1.8 / 2.5 / 64.2% 3.7 / 5.8 / 66.7%

Table 6: Robustness of Macroscopic Simulation under Differ-
ent Departure Time Perturbations (MAE/RMSE/MAPE%)
Noise Task Jinan 1 Hangzhou 1 NewYork 1

15s Time 21.5 / 49.1 / 6.5% 6.4 / 16.7 / 2.5% 172.5 / 242.6 / 16.6%

Flow 1.7 / 2.8 / 51.6% 0.9 / 1.5 / 40.5% 2.0 / 3.4 / 58.2%

30s Time 23.1 / 51.0 / 7.0% 7.6 / 18.0 / 2.8% 174.5 / 245.8 / 16.6%

Flow 1.8 / 2.8 / 52.5% 0.9 / 1.5 / 41.2% 2.1 / 3.5 / 59.9%

1 min Time 26.8 / 54.2 / 8.1% 11.7 / 24.2 / 3.9% 174.3 / 241.5 / 17.3%

Flow 1.8 / 2.9 / 54.5% 1.0 / 1.6 / 43.6% 2.0 / 3.5 / 59.2%

2 min Time 34.7 / 61.4 / 10.8% 20.0 / 35.1 / 6.0% 182.0 / 246.4 / 19.0%

Flow 2.0 / 3.0 / 58.5% 1.1 / 1.7 / 47.8% 2.0 / 3.4 / 60.4%

5 min Time 46.5 / 72.1 / 14.4% 33.5 / 52.5 / 9.4% 190.7 / 253.3 / 20.4%

Flow 2.2 / 3.3 / 65.2% 1.3 / 1.8 / 56.9% 2.0 / 3.4 / 62.0%

(4) Analysis Under Different Congestion Levels. To further

understand the performance gains, we analyze ATT under different

congestion levels. For each dataset, trips are divided by travel-time

percentiles (no congestion 0–80%, medium congestion 80–90%, and

severe congestion 90–100%). Figure 7 compares FutureLight with
three strongest baselines. The 𝑦-axis reports the ATT reduction

within each group, normalized by setting the highest ATT in that

group to 0. Results show that under no congestion (0–80%), all

methods have similar ATT. Traffic is close to free flow and sig-

nal optimization has limited impact. As they take 80% of the trips,

the average improvement in Table 2 is marginal. In these highly

congested scenarios (80–100%), FutureLight not only achieves the

lowest ATT, but also delivers a substantially larger reduction than

the baselines. For example, on NewYork-1, the ATT of FutureLight
is around 140s lower than that of Efficient-CoLight in the 90–100%

group. In addition, the congestion mitigation effect is more pro-

nounced compared with static baselines. In the 90–100% group, the

ATT is 2594.81s for FixedTime and 1558.5s for MaxPressure, while
FutureLight reduces them to 840.42s. In summary, these results

indicate the effectiveness of FutureLight under severe congestion.

6.2.2 Comparison on Convergence. We analyze the training con-

vergence of FutureLight to validate its efficiency and stability during

training. In Figure 6, FutureLight converges faster than all baselines,

reaching stable performance after fewer training rounds, which can

be attributed to the integration of near-future traffic flow, which

provides each agent with knowledge of upcoming traffic dynamics.

6.3 Ablation Study
To evaluate the contribution of each component, we conduct an

ablation study on Graph Attention, FutureLight-RouteSys, and the

future-aware reward design. Since the future-aware reward is cou-

pled with FutureLight-Encoder in FutureLight-RouteSys when near-

future information is used, we do not evaluate the FutureLight-

Encoder separately. In Table 3, baseline denotes the variant without

both Graph Attention and FutureLight-RouteSys. All components

improve upon the baseline, while the full model achieves the best

performance. Specifically, Graph Attention brings consistent but

relatively moderate gains, indicating its effectiveness in capturing

spatial dependencies among intersections. FutureLight-RouteSys

leads to a larger ATT reduction, showing the benefit of action-

dependent near-future traffic information. In addition, removing

the future-aware reward also degrades performance, confirming

the importance of using near-future information in reward design.

In summary, the near-future information can substantially reduce

the ATT by enabling more effective traffic prediction and control.

6.4 Sensitivity Analysis on Look-Ahead Horizon
We test two temporal hyperparameters: 1) Action Time is the

duration for which the selected signal phase is maintained before

the RL agent makes the next decision. 2) Look-Ahead Horizon
is the future time span explored by the macroscopic simulation

algorithm to provide future-aware information for the current de-

cision. In our implementation, the look-ahead horizon is the early

termination window, and we only consider settings where it does

not exceed the action time. We do not evaluate shorter action times

because real-world signal control must reserve sufficient yellow

change, red-clearance, and pedestrian service intervals, making

overly short action times less practical in the real-world scenario.

Table 4 reports the results with the following observations: 1)

Under the 30s action time, the 30s horizon consistently outperforms

the 15s horizon on all datasets, indicating that an overly short

horizon cannot fully exploit useful future information. 2) When

the action time increases, a longer horizon is not always beneficial.

For example, under the 45s action time, the 15s horizon always

performs worse, while in New York, the 30s horizon performs better

than the 45s horizon. There results show that simply extending the

look-ahead horizon does not necessarily improve the performance.

6.5 Sensitivity to Future Route Data Quality
6.5.1 Impact of Route Coverage. To evaluate the robustness of the

proposed framework under partial future route data coverage, we

conduct experiments with four coverage levels (e.g., 100%, 70%, 50%,
and 30%). The prediction accuracy of the macroscopic simulation is

compared with ground-truth observations, as described in Table 5.

As future route data becomes less available, the prediction er-

ror of the macroscopic simulation algorithm increases consistently

across all datasets. This effect is relatively mild on Hangzhou, but

becomes more pronounced on Jinan and New York, where con-

gestion is more severe. These results show that the accuracy of

macroscopic simulation depends on the availability of future route

data and becomes more sensitive under more congested conditions.

In addition, the RL-based signal control performance also de-

creases as future route data becomes less available, as shown in Ta-

ble 7. However, with moderate future route data coverage (e.g., 50%),
the framework still performs effectively across different datasets,

demonstrating its robustness under partial observability. This ro-

bustnessmainly comes from two factors: 1) Themacroscopic simula-

tion algorithm still provides relatively stable traffic flow estimation

under partial route information. 2) the RL agent uses both pre-

dicted future traffic states and current traffic observations, where
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Table 7: RL Performance under Different Route Availability
Dataset 100% 70% 50% 30% Best Base
Hangzhou-1 290.9±0.8 292.8±0.7 293.2±0.8 300.3±2.7 302.4±1.04
Jinan-1 262.1±0.7 263.1±1.0 264.7±1.2 266.2±1.6 265.8±0.00
NewYork-1 412.2±0.8 416.5±1.0 417.4±1.2 419.4±1.6 416.9±0.84

Table 8: RL Performance with Departure Time Perturbations
Dataset 15s 30s 1min 2min 5min
Hangzhou 1 292.1±0.8 292.8±0.9 293.2±1.1 295.3±1.5 296.6±1.3
Jinan 1 263.3±0.6 263.8±0.9 264.8±1.3 265.5±1.1 268.0±1.4
NewYork 1 415.4±3.4 417.4±2.4 420.1±2.2 423.8±8.3 426.3±4.8

the latter provide complementary information and help maintain

performance when future route data is incomplete or noisy. Overall,

although higher future route data availability leads to better perfor-

mance, the framework does not critically rely on full information.

6.5.2 Impact of Departure Time Deviation. To evaluate the robust-

ness of the proposed framework under noisy departure times, we

conduct additional experiments by perturbing only the departure

times used by the macroscopic simulation with Gaussian noise,

while keeping the CityFlow-generated ground truth unchanged.

We consider five perturbation levels: 15s, 30s, 1min, 2min, and 5min.

Table 6 summarizes the prediction accuracy of the macroscopic

simulation. As the departure time perturbation increases, the pre-

diction error of the macroscopic simulation generally increases

across all datasets. Hangzhou is the most sensitive to departure

time deviation, Jinan shows a moderate increase, and the larger,

more spatially distributed New York network exhibits smoother

error growth. Moreover, although traffic flow error increases with

larger perturbations, it is more stable than the travel time error.

Table 8 reports the RL performance under different levels of

departure time perturbation. The RL-based signal control perfor-

mance degrades as the perturbation becomes larger, but the overall

degradation remains limited across different datasets, which is con-

sistent with the observations in Section 6.5.1. The main reason is

that the RL agent relies on the future traffic flow prior rather than

the simulated travel time, and the traffic flow estimation remains

relatively stable even when the departure times are noisy. Moreover,

the agent also uses current observations, including signal phases,

queue lengths, and lane-level traffic states, which can compensate

for errors in the prior information. Therefore, although departure

time deviation reduces the accuracy of the macroscopic simulation,

the proposed framework remains robust under such uncertainties.

6.6 Accuracy of Macroscopic Traffic Simulation
To evaluate the reliability of estimated future traffic information, we

compare the traffic flow and travel time generated by FutureLight-
RouteSys (Section 4.2) with ground-truth results obtained from

environment CityFlow by widely used metrics MAE/RMSE/MAPE.

6.6.1 Accuracy on the Estimated Future Traffic Flow. During the

simulation process in the CityFlow environment, we record the traf-

fic flow on each lane together with the corresponding timestamps

as ground truth. Then, given the route data and a static signal phase

plan, the proposed FutureLight-RouteSys algorithm can efficiently

estimate future traffic flow information. Based on the query mecha-

nism described in Section 4.2.4, we query the predicted lane flow at

each recorded timestamp and compare it with the ground truth. The

row corresponding to 100% route data coverage in Table 5 illustrates

the evaluation results on three datasets. Taking the results from

the first route dataset in Hangzhou as an example, the MAE is less

than one, indicating that the estimated future traffic flow generated

by the proposed FutureLight-RouteSys algorithm is highly reliable.

6.6.2 Accuracy on The Future Travel Time. Similarly, after the

simulation process in the CityFlow environment, each vehicle ob-

tains its route travel time as the ground truth value. The proposed

FutureLight-RouteSys algorithm can also estimate the corresponding

travel time for each vehicle. The predicted and ground truth travel

times are evaluated using the same metrics as in Section 6.6.1, and

the results are summarized in the row corresponding to 100% route

data coverage in Table 5. Taking the first route dataset in Hangzhou

as an example, for routes with an average length of approximately

3 km, the MAE is less than ten seconds, which demonstrates the

high accuracy and reliability of the FutureLight-RouteSys algorithm.

Similarly, as discussed in Section 6.6.1, the predicted travel time is

also influenced by the highly severe and unusual congestion, where

vehicles may need to wait through multiple traffic signal cycles. For

instance, with a signal cycle of approximately 250 seconds, waiting

for one more cycle can introduce an additional error of about 250

seconds, let alone the cases with multiple rounds of waiting. In

addition, numerous acceleration and deceleration delays caused by

such repeated stops can further deteriorate both prediction errors.

6.7 Efficiency of Macroscopic Traffic Simulation
6.7.1 Efficiency of Macroscopic Simulation. This section evaluates

the runtime performance of FutureLight-RouteSys and the efficiency

improvements from the optimization strategies. As discussed in

Section 5.1, No Repetition and Early Termination are designed to re-

duce the computational overhead during RL training. Table 9 shows

the average runtime per simulation for each method, including the

baseline Rerun Simulation, Early Termination, No Repetition, and
their combination. Specifically, when the agent queries near-future

traffic flow (e.g., 𝑡+30s), Rerun Simulation executes the full simula-

tion, Early Termination stops at 𝑡+30s, No Repetition runs from 𝑡 to

the end time, and the combination simulates only from 𝑡 to 𝑡+30s.
In Table 9, the runtime of the Rerun Simulation reflects the base-

line computational cost of the macroscopic algorithm, whichmainly

depends on the number of routes and road segments each route tra-

verses. For instance, the runtime on the New York network is higher

than on Hangzhou and Jinan, as each route in New York covers

more roads and involves longer travel times, as shown in Table 1.

Both optimization strategies effectively improve Rerun Simulation
efficiency. Specifically, Early Termination outperforms No Repetition,
possibly because the vehicle distribution in the simulation is left-

skewed. By pruning later computations, Early Termination saves

more time than No Repetition, which only eliminates redundant

early-stage computations. Combining both strategies results in the

lowest runtime, highlighting that near-future information from the

FutureLight-RouteSys significantly enhances RL training efficiency.

6.7.2 Impact of Pruning on Training Efficiency. We evaluate the

impact of pruning on the overall training efficiency of the RL frame-

work using the per-round training time, including environment
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Table 9: Comparison of Pruning during Simulation (Unit: s)

Efficiency Methods JiNan HangZhou New York
1 2 1 2 1 2

Rerun Simulation 0.2288 0.2089 0.2358 0.1903 0.3045 0.2654

No Repetition 0.1068 0.1140 0.1213 0.1109 0.1921 0.1696

Early Termination 0.0024 0.0023 0.0024 0.0021 0.0047 0.0045

Combination 0.0021 0.0019 0.0020 0.0016 0.0042 0.0040

Table 10: Environment Comparison (Training Time/ ATT) (s)
Datasets/

Environments
JiNan HangZhou New York

1 2 1 2 1 2
CityFlow 26.7/ 279 23.3/ 276 29.9/ 325 28.5/ 310 275.7/ 654 270.1/ 648

RouteSys 0.98/ 267 0.97/ 261 1.3/ 301 1.39/ 306 14.7/ 512 15.6/ 512

Table 11: Comparison for Near-Future Traffic Estimation
Datasets/

Simulation Tools
JiNan HangZhou New York

1 2 1 2 1 2
CityFlow 0.3751 0.2910 0.2832 0.2961 1.8701 1.7438

FutureLight-RouteSys 0.0021 0.0019 0.0020 0.0016 0.0042 0.0040

rollout, sample construction, and network update. On the Jinan and

Hangzhou, standard RL baselines require about 50s–80s per round,

while FutureLight without pruning requires about 85s–120s. On the

larger New York network, the baselines require about 400s–850s,

while FutureLight without pruning techniques requires about 1300s.
Pruning substantially reduces this overhead. The per-round train-

ing time decreases from 115s to 51s on Jinan-1, from 123s to 58s

on Hangzhou-1, and from 1301s to 973s on NewYork-1. As a result,

the training cost of FutureLight becomes much closer to strong RL

baselines, showing that pruning effectively controls the additional

cost and keeps FutureLight practical even on large-scale networks.

6.8 Accuracy and Efficiency Validation of the
Substituted Macroscopic RL Environment

In this section, we evaluate the computational cost of RL training

and ATT after replacing CityFlow with the FutureLight-RouteSys.
Most RL-based TSCmethods discussed in Section 6.1.2 rely onmi-

croscopic traffic features to make decisions. For example, Advanced-
CoLight identifies which vehicles are truly waiting near the stop

line by checking each vehicle’s exact position and determining

whether its speed falls below a small threshold. Vehicles that are

still moving in the upstream portion of the lane are intentionally

excluded. Such calculations depend on precise vehicle features and

cannot be reliably reconstructed by a macroscopic traffic simulator.

To evaluate whether the proposed macroscopic traffic simulation

algorithm has the potential to replace the fine grained environment

such as CityFlow, we check it using a simple static decision logic

for phase selection. Specifically, whenever an intersection needs

to choose the next signal phase, the algorithm predicts the traffic

flow of each lane over a short future time slice (e.g., 30s) and selects

the phase that serves the lane with the highest predicted demand.

After choosing the phase, the algorithm predicts the flows for the

next time window and repeats this procedure until a complete

sequence of signal decisions is produced. Finally, we apply CityFlow

to execute this entire signal plan to compute the resulting average

travel time, enabling a fair microscopic evaluation of the decision.

6.8.1 Time Consumption and Average Travel Time of Replacement.
Table 10 reports the time consumption and ATT for one training

round (1 hour) using either CityFlow or FutureLight-RouteSys as

the environment. The row for CityFlow shows the results achieved

by the MaxPressure baseline with CityFlow as the environment:

1. ATT. The results show that while our macroscopic simulator

achieves comparable ATT, it offers significantly higher efficiency,

particularly on larger networks like New York. However, as shown

in Table 2, RL methods based on fine-grained microscopic features

still outperform in terms of overall performance. This suggests

that FutureLight-RouteSys as environment can maintain effective

decision-making while significantly reducing time consumption

during RL training. 2. Time Consumption. The macroscopic sim-

ulator with static decision logic is nearly twenty times faster than

CityFlow. For instance, in the Jinan 1 network, CityFlow requires

about thirty seconds for one round, whereas FutureLight-RouteSys
takes around one second. This demonstrates significant potential

for reducing simulation costs, especially for larger or more complex

networks. However, the current macroscopic simulator is limited to

static decision logic. Supporting fine-grained traffic features would

require designing specialized mechanisms to align with specific

baselines, which could further enhance efficiency. These extensions

are beyond the scope of this study and are left for future exploration.

6.8.2 Estimating Future Traffic Flow byCityFlow. When near-future

traffic information is required to enhance the agents’ decision-

making, a straightforward approach is to use CityFlow to simu-

late the upcoming traffic state. As a micro-level traffic simulator,

CityFlow can produce accurate near-future estimations. However,

in Table 11, this accuracy comes at a significant computational

cost. For instance, in New York, FutureLight-RouteSys produces a
near-future estimate in around 0.004s, while CityFlow takes several

seconds for the same prediction. This latency is incompatible with

real-world TSC, where intersections must respond immediately to

changing traffic conditions. Therefore, FutureLight-RouteSys is basis
for supporting the near-future traffic estimation at the city scale.

7 CONCLUSION
Intelligent traffic signal control is crucial for the transportation

system’s efficiency. In this work, we propose FutureLight, the first
RL-TSC framework that leverages future navigation data, which is

hard to incorporate due to its high volume, high dynamicity, and

high cost to obtain. To convert the planned routes to future traffic

data, we propose a macroscopic and signal-aware lane-level simula-

tion framework. To support dynamic signal updates during training,

we proposed several pruning strategies to further improve efficiency.

Finally, by incorporating the future traffic information into state

representation, reward design, and value estimation, FutureLight
becomes a unified traffic signal control optimization framework

with the higher decision quality and the higher training efficiency.
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