
STAR: Spatio-Temporal Attention Rebalancing
for Eco-Friendly Autonomous Mobility-on-Demand Systems

Jungeun Lee1 , Seungjae Baek2 , Seongjae Lee1 , Sunhwi Kim1 and Jeong hwan Jeon1,2

1 Department of Electrical Engineering, UNIST
2 Artificial Intelligence Graduate School, UNIST

{jungeunlee, bsj970, lsj1999, shkim308, jhjeon}@unist.ac.kr

Abstract
Existing Autonomous Mobility-on-Demand
(AMoD) systems and demand-responsive algo-
rithms are designed to adaptively respond to traffic
demands, enhancing traffic service quality and
profitability. However, such approaches may
exacerbate traffic congestion by concentrating
vehicles in high-demand areas. In addition, repeated
braking, acceleration, and low-speed driving
in traffic jams lead to substantial increases in
emissions. Moreover, existing Deep Reinforcement
Learning (DRL)-based approaches fail to address
the instability of cooperative learning in environ-
ments with highly variable rewards, such as carbon
emissions. To address these issues, we propose the
Spatio-Temporal Attention Rebalancing (STAR)
framework, leveraging an encoder-decoder archi-
tecture. In the proposed framework, we maximize
the number of requests served and minimize CO2

emissions, while ensuring high service quality by
limiting maximum travel delays and waiting times
for passengers. To evaluate the proposed framework,
we conduct simulations in realistic urban traffic
scenarios. Experimental results demonstrate that
our framework consistently outperforms existing
baselines. In a large-scale scenario with a fleet
of one hundred vehicles, our approach improves
the service rate by up to 10.1% and reduces CO2

emissions per passenger by up to 69.6% compared
to the baseline methods. The proposed framework
and baselines are publicly available at https://github.
com/2jungeuni/eco-friendly-fleet-rebalancing.

1 Introduction
Traditional public transportation systems, which rely on fixed
routes and schedules, face several limitations. Low ridership
during off-peak hours not only reduces operational efficiency
but also increases per-passenger carbon emissions. Further-
more, underserved areas remain poorly connected to public
transit, reflecting the persistent First-Mile-Last-Mile (FMLM)
problem. To address these issues, Autonomous Mobility-on-
Demand (AMoD) systems have emerged as a next-generation
solution that flexibly optimizes routes and schedules in real
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Figure 1: Overview of the proposed Spatio-Temporal Attention Re-
balancing (STAR) framework. The proposed framework enables
autonomous vehicles to proactively bypass predicted traffic bottle-
necks while responding to nearby passenger requests. The policy
serves a large number of passengers while effectively reducing CO2

emissions.

time. Today, advances in demand forecasting and large-scale
optimization make citywide deployments possible, reducing
waiting times and improving reliability [Alonso-Mora et al.,
2017]. However, capturing complex spatiotemporal demand
dynamics over extended horizons remains computationally
prohibitive in practice [Tsao et al., 2019]. To overcome
these limitations, optimization-based AMoD studies have fo-
cused on vehicle rebalancing strategies, relocating idle vehi-
cles to predicted demand hotspots to reduce waiting times
and travel delays [Jiao et al., 2021; Haliem et al., 2020;
Qin et al., 2021; Alonso-Mora et al., 2017]. However,
such approaches may worsen traffic congestion by con-
centrating AMoD fleets in high-demand regions, which in
turn leads to higher CO2 emissions [Fiedler et al., 2017;
Fagnant and Kockelman, 2015]. Frequent stops, prolonged
idling, and low-speed driving in congested areas substantially
increase fuel consumption and CO2 emissions [Dhanorkar
and Burtch, 2022].

As shown in Fig. 1, congestion-induced CO2 emissions
emerge from interactions among vehicles and background traf-
fic. Moreover, these interactions evolve continuously over
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time, making emissions neither fixed nor fully predictable
within traditional optimization frameworks. These observa-
tions motivate the adoption of learning-based approaches for
AMoD rebalancing. In particular, Multi-Agent Reinforcement
Learning (MARL) provides a natural framework for model-
ing decentralized vehicle interactions. However, deploying
MARL at the city scale introduces fundamental challenges. In
urban AMoD systems, interactions among vehicles, nearby
passenger requests, and predicted traffic congestion are spa-
tially sparse and temporally dynamic. At any given time, only
a small subset of vehicles meaningfully influences system be-
havior, and the structure of these interactions shifts rapidly as
traffic conditions evolve. Under such circumstances, value-
decomposition methods that rely on simple summation or
averaging of individual value functions, such as Value Decom-
position Networks (VDNs) [Sunehag et al., 2017], struggle to
assign credit effectively. More sophisticated methods such as
QMIX [Rashid et al., 2020] adopt monotonic mixing networks,
but their weights depend only on the global state, failing to cap-
ture agent-specific context. Attention-based extensions such
as QPLEX [Wang et al., 2020] address agent-wise weight-
ing but rely on dueling decomposition and do not explicitly
handle dynamically varying agent sets. As a result, these
methods struggle to distinguish which agents are truly respon-
sible for system-level outcomes, including service profitability
and CO2 emissions. Moreover, they fail to adapt to dynami-
cally varying agent sets, leading to severe credit assignment
degradation in large-scale AMoD environments.

To tackle this challenge, we propose the Spatio-Temporal
Attention Rebalancing (STAR) framework, a cooperative
MARL approach for large-scale AMoD systems that jointly op-
timizes service profitability and CO2 emissions. At the core of
our framework is the STAR mixer, a state-dependent attention
mechanism designed to address sparse and non-stationary spa-
tiotemporal interactions by enabling structured credit assign-
ment. In addition, the STAR framework adopts a feasibility-
filtered control architecture. At each decision time step, a
dispatching optimization module strictly enforces all hard ser-
vice quality constraints, such as maximum waiting time and
allowable travel delay. This design restricts policy learning
to a feasible action space defined by these constraints. As a
result, constraint satisfaction is guaranteed by construction,
allowing the STAR agent to focus on optimizing long-term
service performance and environmental sustainability.

We evaluate the STAR framework in a realistic urban simu-
lation of New York City (NYC), focusing on For-Hire Vehicle
(FHV) services such as Uber and Lyft. Real-world FHV trip
data [Taxi and Commission, 2024] are integrated into the Sim-
ulation of Urban MObility (SUMO) environment, together
with large-scale background traffic consisting of over 100, 000
Human-Driven Vehicles (HDVs). The high-fidelity setting en-
ables a rigorous assessment of cooperative rebalancing under
realistic congestion patterns and their environmental impacts.

The following is a summary of key contributions:
• Eco-friendly cooperative AMoD framework. We pro-

pose the STAR framework, which jointly optimizes ser-
vice profitability and CO2 emissions. By adopting a
feasibility-filtered control architecture, STAR strictly en-
forces hard service-quality constraints while learning

DeepPool Guo Chang Sahebdel STAR
’19 ’23 ’24 ’25 (Ours)

RL-based ✓ ✓ × × ✓
Ridesharing ✓ × ✓ ✓ ✓
Emission-aware × ✓ ✓ ✓ ✓
Congestion × ✓ ✓ ✓ ✓modeled
Large-scale △ ✓ △ △ ✓

Table 1: Comparison of our framework to recent works. Except for
DeepPool, methods are referred to by the last name of the first author.
The symbol△ denotes evaluation in a large-scale environment with-
out publicly available source code.

long-term sustainable rebalancing policies.

• Spatio-temporal attention for robust credit assign-
ment. We devise the STAR mixer, a state-dependent
attention mechanism that addresses sparse and non-
stationary spatiotemporal interactions in urban traffic.
Unlike existing value-decomposition methods, the STAR
mixer leverages agent-specific observations for credit
assignment. As each attention weight is computed in-
dependently per agent, the design is inherently fleet-
size-agnostic, enabling stable cooperative learning across
varying fleet scales.

• Comprehensive evaluation under realistic traffic con-
ditions. We validate STAR in a high-fidelity SUMO
environment with real-world NYC traffic data. Experi-
mental results show that STAR consistently outperforms
baselines.

2 Related Works

Several recent studies [Al-Abbasi et al., 2019; Guo et al., 2023;
Chang et al., 2024; Sahebdel et al., 2025] have incorporated
traffic congestion or emissions-related objectives into trans-
portation systems. However, as summarized in Table 1, these
works differ substantially from our setting in both domain
and problem formulation. Among existing methods, Guo et
al. [2023] focus on traffic signal control, an infrastructure-level
problem distinct from vehicle fleet control. Chang et al. [2024]
and Sahebdel et al. [2025] estimate emissions through offline
analysis, lacking the capability for real-time and adaptive
fleet control. Therefore, these methods [Guo et al., 2023;
Chang et al., 2024; Sahebdel et al., 2025] are not directly
applicable as baselines for online AMoD rebalancing.

Although DeepPool [Al-Abbasi et al., 2019] does not ex-
plicitly model background traffic congestion or directly op-
timize CO2 emissions, it remains the most relevant baseline
for our problem setting. This is because it focuses on system-
level operational efficiency and service profitability, which are
closely related to vehicle utilization and, indirectly, to emis-
sion outcomes. To ensure a fair comparison under realistic
traffic conditions, we reimplemented DeepPool within our
SUMO environment. This allows us to isolate the effects of
the cooperative coordination enabled by our framework and
its congestion-aware credit-assignment mechanism.
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t Discrete decision time step, t ∈ Z≥0.
Vt Set of CAVs present at time t.
Rt Set of passenger requests active at time t.
ri Request time of passenger i.

Nt
Set of nodes at time t, which includes the pickup and drop-off
locations of passenger requests and the current location of CAVs.

Np
t Pickup locations of active requests at time t, where Np

t ⊂ Nt.
Nd

t Drop-off locations of active requests at time t, where Nd
t ⊂ Nt.

ℓpi Pickup location of request i, where ℓpi ∈ Np
t .

ℓdi Drop-off location of request i, where ℓdi ∈ Nd
t .

ℓtv Current location of CAV v at time t, where ℓtv ∈ Nt.

xt
nv

Binary variable indicating whether node n is included in the
planned route of CAV v at time t.

yt
nmv

Binary decision variable indicating whether the path from node n
to m is included in the overall scheduled route of CAV v at time t.

zt
iv

Binary decision variable indicating whether passenger request i
is assigned to CAV v at time t.

at
nv

Positive continuous decision variable representing the expected
arrival time of CAV v at node n, as estimated at time t.

cnm Expected CO2 emissions of CAV traveling from node n to m.
τt
v Idle time of vehicle v at time t.

btv On-board passenger count of vehicle v at time t.

ĥt Predicted regional traffic volumes at time t.
ht Observed regional traffic volumes at time t.
St Set of completed requests at time t.

Table 2: Notations. The notations are used to describe our system.
Since all Cooperative Autonomous Vehicles (CAVs) are homoge-
neous, expected travel time and CO2 emissions between any nodes
are defined identically for all vehicles. Here, node denotes a vertex
in the road network.

3 Problem Formulation
In this study, we consider a cooperative fleet rebalancing prob-
lem in which multiple vehicles make coordinated decisions to
achieve shared system-level objectives. These vehicles are re-
ferred to as Cooperative Autonomous Vehicles (CAVs). They
operate alongside Human-Driven Vehicles (HDVs), which
generate background traffic and induce dynamic congestion.
This section formalizes the system objectives and hard service-
quality constraints. These constraints are not directly opti-
mized by the learning agents but are instead enforced by a
dispatching optimization module within the control pipeline.
Under this formulation, the proposed STAR framework learns
cooperative rebalancing policies within the resulting feasible
decision space. All notations used throughout this section are
summarized in Table 2.

3.1 Objectives
Our primary objectives are twofold: minimizing CO2 emis-
sions

min
yt
nmv

∑
n∈Nt

∑
m∈Nt

∑
v∈Vt

cnmytnmv (1)

and serving the maximum number of passengers

max
zt
iv

∑
i∈Rt

∑
v∈Vt

ztiv (2)

at every decision time step t.

…
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Figure 2: The Spatio-Temporal Attention Rebalancing (STAR) frame-
work operating within a realistic urban driving environment. The
flows of inputs and outputs among modules are presented.

3.2 Constraints
This section describes the key constraints considered critical
within our system. First, passengers assigned at the previous
decision time must remain unchanged until service comple-
tion:

ztiv = zt−1
iv , (3)

for all passengers not yet served and all vehicles. Here, a
passenger is considered not yet served if the corresponding
drop-off has not been completed. In addition, every vehicle
has a maximum passenger capacity C:∑

i∈Rt

ztiv ≤ C , ∀ v ∈ Vt. (4)

All assigned passengers must be served within the maximum
allowable waiting time W and travel delay T :

atlpi v
− ri ≤ W +M

(
1− xt

lpi v

)
, ∀ i ∈ Rt, v ∈ Vt, (5)

atldi v
− atlpi v

≤ T +M
(
1− xt

lpi v

)
, ∀ i ∈ Rt, v ∈ Vt, (6)

where M is a sufficiently large constant. If a passenger request
i is assigned to vehicle v, both its pickup and drop-off locations
must be included in the vehicle schedule:

xt
lpi v

= ztiv, xt
ldi v

= ztiv , ∀ i ∈ Rt, v ∈ Vt. (7)

In addition, pickup locations should be visited before drop-off
locations:

atlpi v
≤ atldi v

, ∀ i ∈ Rt, v ∈ Vt. (8)

4 Methodology
Building on the objectives and hard service-quality constraints
defined in Section 3, we propose the Spatio-Temporal Atten-
tion Rebalancing (STAR) framework. An overview is illus-
trated in Fig. 2. The dispatching optimization module explic-
itly enforces all feasibility constraints, including maximum

PRELIMINARY PREPRINT VERSION – DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of IJCAI-ECAI 2026.

IJ
CA

I-E
CA

I 2
02
6
PR
EP
RI
N
T



Algorithm 1 STAR framework.
1: Initialize decision step t← 0
2: while t < E do
3: St ← DispatchingOptimization(Vt,Rt,W, T )
4: if t ≥ Nh then
5: ĥt ← Encoder (ht−Nh:t−1)
6: for each vehicle vi ∈ Vt do
7: if vi is unmatched in St and τ t

i > N then
8: a

(i)
t ← Decoder

(
ĥt, st,o

t
vi

)
9: end if

10: end for
11: Observe reward rt = w1ridle(t) + w2rsr(t) resulting from

the joint action at−1

12: Store transition (st−1,at−1, rt, st), where at−1 denotes
the rebalancing actions taken at decision step t− 1

13: Update encoder parameters by minimizing MAE between
ĥt and ht

14: Update decoder parameters using sampled transitions from
the replay buffer

15: end if
16: t← t+ 1
17: end while

waiting time, maximum travel delay, and vehicle capacity,
thereby defining the admissible decision space of the system.
Within this feasible space, the proposed encoder-decoder Deep
Reinforcement Learning (DRL) model learns cooperative fleet
rebalancing policies aimed at improving service profitability
and reducing CO2 emissions.

4.1 Overview
To simulate a more realistic urban driving environment, we
integrate an actual road network from Open Street Map (OSM)
into the Simulation of Urban MObility (SUMO) environment.
Additionally, we use an open dataset [Donovan et al., 2016]
providing real-time traffic volumes to simulate the movements
of HDVs. In this simulated urban scenario, a fleet of CAVs
operates in traffic congestion caused by HDVs and responds
to passenger requests. Vehicle-to-passenger matching is per-
formed at each decision time step using an optimization al-
gorithm to maximize the number of served passengers while
maintaining acceptable service quality. The matching algo-
rithm is inspired by the greedy algorithm proposed by Alonso-
Mora et al. [Alonso-Mora et al., 2017] and complies with all
constraints specified in Section 3.2. To further improve service
rates and reduce environmental pollution, CAVs that remain
idle beyond a specified threshold (N minutes) are identified
for rebalancing. Observations of idle vehicles are provided to
an encoder-decoder architecture within the proposed frame-
work, which determines optimal repositioning locations by
balancing objectives of increasing service rates and reducing
CO2 emissions. Algorithm 1 summarizes the overall proce-
dure of the proposed method under the Centralized Training
and Decentralized Execution (CTDE) paradigm. During train-
ing, the encoder and decoder are optimized jointly, as shown
in Fig. 3. The encoder is trained using both the supervised
prediction loss and gradients propagated from the reinforce-
ment learning objective, whereas the decoder is optimized as
the reinforcement learning policy. The global state and the

𝒉𝒕−𝑵𝒉:𝒕−𝟏
Encoder
(STGCN) 𝒉𝒕 𝒔𝒕

Decoder
(STAR mixer)

𝑸𝒕𝒐𝒕

𝒐𝒗
𝒕

MAE

Replay 
buffer

Historical
traffic volume

Predicted
traffic

volume

Global
state

Local
observation

MAE based on 
actual traffic volume

: forward pass : backpropagation from MAE loss based on real traffic volume

: backpropagation using samples from the replay buffer

Figure 3: Training flow of the encoder-decoder architecture. Forward
and backward computational flows are illustrated across the encoder,
mixer, and decoder modules during training.

STAR mixer are used only during centralized training to en-
able coordinated credit assignment. During execution, each
CAV selects its action based solely on its local observation.

4.2 Encoder
In the encoder-decoder architecture, the encoder generates
predicted traffic congestion states ĥt and passes them to
the decoder within the STAR framework. Effective traffic-
volume forecasting is essential for eco-friendly AMoD sys-
tems to respond to dynamic congestion conditions involving
spatial and temporal relationships. To address this, our frame-
work adopts Spatio-Temporal Graph Convolutional Networks
(STGCN) [Yu et al., 2018], which leverage Graph Convolu-
tional Networks (GCNs) to capture these spatial and temporal
dependencies. The encoder receives traffic volumes from
the SUMO environment for the last Nh decision time steps,
grouped into spatial regions via K-means clustering based
on spatial proximity, and predicts traffic conditions for the
next Np decision time steps. Although originally developed
to estimate average vehicle speeds, STGCN is adapted in our
framework to predict regional traffic volumes for the AMoD
system, achieving a Mean Absolute Error (MAE) of approx-
imately 0.74 at the 100th epoch, which we find sufficient to
capture short-term congestion trends relevant for real-time
rebalancing decisions.

4.3 Decoder
The decoder generates cooperative rebalancing actions for idle
CAVs based on the predicted traffic states ĥt produced by the
encoder. In the proposed STAR framework, the decoder is for-
mulated as a cooperative Multi-Agent Reinforcement Learn-
ing (MARL) policy operating under a value-decomposition
paradigm. Urban AMoD systems depend on sparse and non-
stationary spatiotemporal interactions, where only a subset
of vehicles meaningfully influences system-level outcomes
such as service profitability and CO2 emissions at any given
time. To address the resulting credit assignment challenges,
the STAR framework introduces a state-dependent attention-
based mixing mechanism, referred to as the STAR mixer. Al-
though centralized signals are used during training, each idle
CAV v selects its rebalancing action atv based on its local ob-
servation ot

v at execution time. During centralized training,
the individual agent action-values Qv (o

t
v, a

t
v) are aggregated
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into a global action-value function through the STAR mixer:

Qtot (st,at) =
I∑

v=1

αv

(
st,o

t
v

)
Qv

(
ot
v, a

t
v

)
, (9)

where I = |V idle
t | denotes the number of idle vehicles at time

t. For each agent v, an attention logit is computed from the
concatenation of the global state st and its local observation
ot
v:

ev = fattn
([
st,o

t
v

])
, (10)

where fattn is a two-layer Multi-Layer Perceptron (MLP) with
ReLU hidden activations and [·, ·] denotes concatenation. The
attention weights are then obtained via softmax across agents:

αv =
exp(ev)∑
j exp(ej)

, (11)

which ensures αv > 0 and
∑

v αv = 1. Since each ev is
computed independently per agent, the mixer accommodates
a variable number of active vehicles without architectural
changes. Moreover, the aggregation in Eq. (9) is invariant to
the ordering of agents. Furthermore, the non-negativity of
αv satisfies the sufficient condition for the Individual-Global-
Max (IGM) principle [Rashid et al., 2020], as it guarantees
∂Qtot/∂Qv ≥ 0 for all v regardless of the state or the number
of agents. This ensures that the local greedy actions derived
from Qv are consistent with the global optimal joint action.

4.4 Markov Decision Process (MDP)
We model the fleet rebalancing problem as a Decentralized Par-
tially Observable Markov Decision Process (Dec-POMDP).

State and observation
The global state st ∈ S represents the overall environment at
time step t, including all vehicle states, passenger requests,
and traffic conditions:

st =
(
ĥt,

(
ot
v

)
v∈Vt

)
, (12)

where ot
v is each vehicle’s local observation, and ĥt is the

predicted regional traffic volumes. In the decentralized execu-
tion setting, each CAV v makes decisions based exclusively
on its local observation ot

v . To capture the local context while
maintaining a fixed input dimension for the policy network,
we define the observation as:

ot
v =

(
ξtv,

(
ρti
)
i∈Pk(v)

)
, (13)

where ξtv = (ℓtv, τ
t
v, b

t
v) is the per-vehicle state, and ρti =(

ri, ℓ
p
i , ℓ

d
i

)
is the state of a request. Crucially, Pk(v) denotes

the set of the k nearest unassigned passenger requests to vehi-
cle v, ensuring a fixed-sized input vector.

Action
At each decision time step t, every idle vehicle v ∈ V idle

t
selects a rebalancing location atv from a discrete action space
A. Each agent selects its action greedily based on its individual
value function, atv = argmaxa∈A Qv (o

t
v, a). The individual

value functions are aggregated through a monotonic structure
that guarantees that increasing any individual utility does not
decrease the global state-action value, as formalized in Eq. (9).

Transitional dynamics
The transition function P (st+1|st,at) is implicitly defined by
the SUMO traffic simulator. After agents take a joint action
at at decision time step t, the system evolves for an interval
∆t. During this time, vehicles move, new requests arrive, and
traffic conditions change, leading to the next global state st+1.

Reward
For cooperative behavior, all agents receive a shared global
reward Rt at the end of each decision interval. The reward
function is designed to learn a policy that improves the pas-
senger service rate while simultaneously minimizing vehicle
idle time, a proxy for reducing CO2 emissions. This proxy
is used because direct carbon emission signals suffer from
high variance and a wide dynamic range. Normalizing such
high-variance signals often leads to reward sparsity, which
destabilizes the learning process. Instead, we adopt vehicle
idle time as a surrogate reward signal that produces smooth gra-
dients and directly captures prolonged low-speed driving and
stop-and-go congestion patterns known to increase fuel con-
sumption and emissions [Dhanorkar and Burtch, 2022]. We
empirically verify that cumulative idle time strongly correlates
with per-service CO2 emissions in our simulation environ-
ment, with a Pearson correlation coefficient of 0.708. Thus,
the reward function consists of two components.

• Passenger service reward (rsr). It encourages serving
as many passengers as possible. It is defined as the cu-
mulative service rate, the ratio of all serviced requests to
all received requests up to time step t:

rsr(t) =
|S1:t|
|R1:t|

, (14)

where |·| denotes the cardinality of a set, and X1:t is
defined as ∪t

i=1Xi for an arbitrary set X .

• Idle time penalty (ridle). It penalizes vehicles for being
idle longer than a predefined threshold. The strategy aims
to prevent significant carbon emissions from idling and
helps vehicles avoid traffic jams. Specifically, the penalty
is formulated using the hyperbolic tangent function to be
smooth and saturated:

ridle(t) = −
∑

v∈V idle
t

tanh
(
γ
(
τ tv − δ

))
, (15)

where τ tv is the duration vehicle v has been idle, δ is
the maximum allowable idle duration, and γ is a scaling
constant.

To balance these two competing objectives, the final reward
function is a linear combination of these components:

r(t) = w1ridle(t) + w2rsr(t), (16)

where w1 and w2 are positive weighting factors that determine
the relative importance of service rate and idle time reduction.

5 Experiments
We evaluate the proposed framework in a realistic urban traf-
fic simulation built on Lower Manhattan, New York City,
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Figure 4: A moment from the SUMO simulation. It visualizes CAVs in yellow, HDVs in cyan, and passengers in green. CAV 1, currently
empty, is planning a route to pick up and drop off passenger 1. CAV 2, carrying two passengers, is planning a route to drop off passenger 2 and
then passenger 3. CAV 3, idle for N minutes, anticipates demand and moves towards a region with lower expected CO2 emissions. Currently,
CAV 3 is located in a heavily congested area, surrounded by many HDVs.

selected for its heterogeneous travel demand, and availabil-
ity for high-quality public datasets [Donovan et al., 2016;
Taxi and Commission, 2024]. Our study focuses on For-Hire
Vehicle (FHV) services regulated by the New York City Taxi
and Limousine Commission (TLC). The simulation environ-
ment is implemented in SUMO and integrates two real-world
datasets. The first dataset consists of FHV passenger requests
recorded in January 2024 [Taxi and Commission, 2024], which
are injected into the simulator according to their original re-
quest times and pickup locations. The second dataset provides
hourly average traffic volumes for road segments by day of
the week [Donovan et al., 2016]. Based on these volumes,
Human-Driven Vehicles (HDVs) are generated by randomly
sampling departure times within each hourly interval, creating
realistic background congestion. Moreover, vehicle-level CO2

emissions are estimated online using the Handbook Emis-
sion Factors for Road Transport (HBEFA), which models
emissions as a function of speed, acceleration, deceleration,
and road type. Following European standards, we adopt the
HBEFA3/PC G EU4 category for gasoline passenger vehicles.

Each training epoch simulates a three-day horizon, starting
on January 4, 2024. All experiments are performed on a
machine equipped with 32GB RAM, an NVIDIA RTX 4090
GPU, and an AMD Ryzen 7 7800X3D CPU. Each epoch takes
approximately 39.5 minutes, resulting in a total training time
of about 39 hours and 40 minutes for 100 epochs. Using
the best-performing checkpoint selected during training, we
report all metrics as the mean and standard deviation over ten
evaluation runs.

To provide an intuitive illustration of the operational chal-
lenges captured in this simulation, Fig. 4 shows a snapshot
of the simulation environment. CAVs operate under realistic
congestion induced by HDVs. In this example, one CAV is
actively serving passengers, another is completing sequen-
tial drop-offs, and an idle CAV anticipates future demand by
repositioning. Notably, the idle CAV is trapped in a heavily
congested region, emitting high levels of CO2 while being
unable to efficiently approach nearby passengers.

5.1 Baselines
To evaluate the STAR framework proposed in Section 4 for
reducing CO2 emissions and improving the service rate of our
AMoD system, three baselines are established.

• Greedy Rebalancing (GR) [Alonso-Mora et al., 2017].
The method operates in two sequential stages: greedy
assignment and rebalancing. First, vehicles are greedily
matched to passenger requests to maximize the number
of served passengers using a demand-responsive assign-
ment strategy. After this initial matching, the remaining
idle vehicles are rebalanced to serve unassigned requests.
This rebalancing stage is formulated as a linear assign-
ment problem that minimizes the total travel time from
idle vehicles to waiting passengers. The procedure is
repeated until either all idle vehicles are dispatched or no
unserved requests remain. Since no official open-source
implementation is available, we implemented the algo-
rithm based on its original description.

• Historical Average (HA). The method rebalances idle
vehicles toward areas with the lowest traffic congestion.
The target locations are selected based on average traffic
volumes observed over the previous Nh decision steps.
Passenger assignment is then performed using the match-
ing procedure proposed by Alonso et al. [Alonso-Mora
et al., 2017].

• DeepPool [Al-Abbasi et al., 2019]. It is a distributed,
model-free ridesharing dispatch algorithm based on DQN,
where each vehicle independently learns a dispatch pol-
icy through its own agent. The learned policy jointly
minimizes supply-demand mismatch, passenger waiting
time, idle driving distance, and additional delays from
shared rides, enabling vehicles to both serve current re-
quests and proactively reposition toward high-demand
regions. Since the official implementation of DeepPool is
not publicly available and was not designed for realistic
urban simulators such as SUMO, we reimplemented its
core mechanisms within our SUMO environment.
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# of CAVs Scenario
Operational metrics User experience metrics

CO2 per Service Average travel Average Average
passenger (kg) ↓ rate ↑ distance (km) travel delay (s) waiting time (s)

5

GR 0.519 ± 0.008 0.506 ± 0.014 23.116 ± 1.166 62.235 ± 6.338 132.712 ± 1.385
HA 0.594 ± 0.022 0.485 ± 0.026 33.812 ± 5.249 61.627 ± 13.672 138.163 ± 6.855

DeepPool 1.321 ± 0.022 0.530 ± 0.111 31.811 ± 6.022 68.394 ± 12.227 127.519 ± 19.354
STAR (Ours) 0.397 ± 0.129 0.582 ± 0.105 27.267 ± 12.102 101.371 ± 78.235 133.310 ± 6.151

10

GR 0.848 ± 0.030 0.788 ± 0.016 16.663 ± 5.319 70.131 ± 12.740 81.481 ± 2.189
HA 1.029 ± 0.142 0.784 ± 0.032 10.984 ± 8.180 57.807 ± 6.625 86.327 ± 4.296

DeepPool 1.329 ± 0.065 0.780 ± 0.025 29.344 ± 9.947 54.719 ± 7.935 87.365 ± 4.183
STAR (Ours) 0.466 ± 0.035 0.830 ± 0.020 23.140 ± 6.396 60.311 ± 17.294 76.311 ± 1.096

100

GR 3.438 ± 0.082 0.890 ± 0.012 23.634 ± 5.342 44.504 ± 7.140 46.923 ± 0.017
HA 3.753 ± 0.097 0.916 ± 0.023 16.328 ± 4.767 59.683 ± 5.443 57.942 ± 4.037

DeepPool 7.965 ± 0.257 0.976 ± 0.000 17.217 ± 5.155 72.577 ± 14.002 47.558 ± 1.385
STAR (Ours) 2.418 ± 0.268 0.980 ± 0.000 18.445 ± 10.080 66.504 ± 12.110 47.272 ± 0.599

Table 3: Comparison of operational and user experience metrics under varying fleet sizes. Lower CO2 emissions per passenger and higher
service rates are desirable outcomes. Other metrics, while not primary objectives of this study, were measured to assess service quality.

Symbol Description Value
C Maximum passenger capacity per vehicle 3

W Maximum allowable waiting time 3 minutes
T Maximum allowable travel delay 5 minutes
N Idle time threshold for rebalancing 3 minutes
∆t Decision time interval 90 seconds
Nh Historical horizon for traffic prediction 12

Np Prediction horizon 1

K
Number of spatial regions for traffic

13aggregation

k
Number of nearest unserved requests in

3observation
w1 Weight of idle time penalty 0.5

w2 Weight of service rate reward 0.5

Table 4: Experimental parameters. These are key parameters used in
the main experiments.

5.2 Simulation results
We evaluate the STAR framework in terms of quantitative com-
parison against baselines, qualitative analysis of the attention
mechanism, and computational complexity.

Quantitative results
Table 3 presents a comprehensive quantitative comparison of
the STAR framework against several baselines across fleet
sizes of 5, 10, and 100 CAVs to evaluate scalability. The
key parameters used in these experiments are summarized in
Table 4, while additional training settings, such as network
layer sizes and learning rates, are provided in the released
open-source code. Performance is evaluated using five met-
rics. Total CO2 emissions per passenger (kg) measures the
average carbon emissions generated by the CAV fleet for each
successfully served passenger. The service rate refers to the
percentage of requests that are successfully serviced. The
average travel distance (km) measures the mean distance trav-
eled by CAVs, while the average travel delay (s) captures
the additional time experienced by passengers in shared rides
compared to solo trips. Lastly, the average waiting time (s) rep-
resents the average duration passengers wait from the moment
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Figure 5: Interpretability of attention. The attention weights reflect
both traffic congestion and proximity to passenger demand, indicating
that the mechanism captures meaningful coordination signals.

of request until pickup. Among these metrics, we primarily fo-
cus on CO2 emissions and service rate, as they directly reflect
the objective of our framework. The remaining metrics are
reported for service quality evaluation. In particular, the user
experience metrics verify that the STAR framework consis-
tently satisfies the imposed constraints on maximum allowable
waiting time and travel delay.

As shown in Table 3, although the greedy rebalancing
method [Alonso-Mora et al., 2017] focuses on maximizing
service rate, the STAR framework consistently achieves higher
service rates across all fleet sizes while substantially reducing
CO2 emissions. Across all experimental scales, STAR reduces
per-passenger CO2 emissions while improving service rates
relative to all baseline methods. Specifically, for fleets of 5, 10,
100 CAVs, STAR reduces per-passenger CO2 emissions by up
to 69.9%, 64.9%, and 69.6%, respectively, while increasing
service rates by up to 20.0%, 6.4%, and 10.1%.

Qualitative results
To understand what the attention learns, we analyze the learned
weights across the STAR framework scenarios reported in
Table 3. Fig. 5 shows that attention does not depend on con-
gestion alone. As shown in Fig. 5a, higher congestion leads
to lower Q-value entropy, so the optimal rebalancing action
is more clearly defined. In Fig. 5b, attention decreases with
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Number Number of Inference time Training time
of CAVs parameters (µs) (min / epoch)

5 33, 755 145.2 32.0
10 66, 470 261.3 32.4
100 655, 340 2, 390.1 39.5

Table 5: Computational scalability of the STAR framework. The
number of parameters, inference time, and training time per epoch
are reported across varying fleet sizes.

# of Scenario CO2 per Service
CAVs passenger (kg) ↓ rate ↑

5

DQN 1.443 ± 0.038 0.388 ± 0.013
TD3 0.875 ± 0.020 0.462 ± 0.020

QMIX 0.760 ± 0.204 0.574 ± 0.115
STAR (Ours) 0.397 ± 0.129 0.582 ± 0.105

10

DQN 1.152 ± 0.197 0.612 ± 0.088
TD3 1.007 ± 0.076 0.538 ± 0.032

QMIX 0.501 ± 0.102 0.794 ± 0.073
STAR (Ours) 0.466 ± 0.035 0.830 ± 0.020

100

DQN 3.892 ± 0.406 0.976 ± 0.000
TD3 2.423 ± 0.003 0.966 ± 0.027

QMIX 2.645 ± 0.144 0.980 ± 0.000
STAR (Ours) 2.418 ± 0.268 0.980 ± 0.000

Table 6: Ablation study comparing different decoders under varying
fleet sizes. For clarity, all baseline methods are referred to by their
corresponding decoder algorithms. Lower CO2 emissions per pas-
senger and higher service rates are desirable outcomes.

the distance to the nearest request, so agents closer to demand
receive higher attention. Overall, these results indicate that the
attention mechanism captures meaningful coordination rather
than increasing model capacity.

Computational complexity
As shown in Table 5, the number of parameters and inference
time scale approximately linearly with the number of CAVs,
while training time per epoch remains nearly constant, demon-
strating that the STAR framework scales efficiently to large
fleets.

5.3 Ablation study
In addition, we conduct an ablation study by replacing the
decoder of our framework with three representative Multi-
Agent Reinforcement Learning (MARL) algorithms [Mnih et
al., 2015; Fujimoto et al., 2018; Rashid et al., 2020] under the
Centralized Training with Decentralized Execution (CTDE)
paradigm. It allows us to isolate the effect of the proposed de-
coder design. Table 6 shows that STAR reduces per-passenger
CO2 emissions by up to 48-72% compared to alternative de-
coders, while achieving superior service rates across all fleet
sizes.

Furthermore, we perform sensitivity analyses by systemat-
ically varying key system parameters to evaluate the robust-
ness of the proposed framework. In particular, to examine
STAR’s behavior under relaxed service quality constraints

(a) Per-passenger CO2 emissions
under different W , T , and N .

(b) Service rate under different
W , T , and N .

Figure 6: Trade-off under relaxed service quality constraints. Per-
passenger CO2 emissions and service rate achieved by STAR when
the waiting time, travel delay, and idle time constraints are relaxed
from (W,T,N) = (3, 5, 3) to (5, 7, 5) minutes.

compared to the default setting in Table 4, we increase the
maximum waiting time, travel delay, and idle time threshold
from (W,T,N) = (3, 5, 3) to (5, 7, 5) minutes. This setting
allows greater flexibility in vehicle dispatch and rebalancing
decisions. Under these looser constraints, the STAR frame-
work is able to serve a large number of passengers even with
a smaller fleet size, as shown in Fig. 6. However, this im-
provement in service coverage comes at the cost of increased
per-passenger CO2 emissions, as vehicles are permitted to
tolerate longer delays and idle periods. These results show
the inherent trade-off between service efficiency and envi-
ronmental sustainability. At the same time, the performance
trends confirm that STAR responds robustly to variations in
constraints.

6 Conclusion
This paper presented the STAR framework, a cooperative
MARL framework for eco-friendly fleet rebalancing in large-
scale AMoD systems. By combining spatio-temporal traffic
prediction with attention-based value decomposition, STAR
enables robust credit assignment under sparse and non-
stationary urban interactions while strictly enforcing service-
quality constraints.

Experiments in a high-fidelity SUMO environment with
real-world demand and background traffic demonstrate that
STAR improves service rates while substantially reducing
per-passenger CO2 emissions across different fleet sizes, out-
performing existing baselines. Future work will extend the
STAR framework to heterogeneous fleets.
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