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Abstract
Free-flow road networks, such as suburban highways, are in-
creasingly experiencing traffic congestion due to growing com-
muter inflow and limited infrastructure. Traditional control
mechanisms—traffic signals or local heuristics—are ineffec-
tive or infeasible in these high-speed, signal-free environments.
We introduce self-regulating cars, a reinforcement learning-
based traffic control protocol that dynamically modulates ve-
hicle speeds to optimize throughput and prevent congestion,
without requiring new physical infrastructure. Our approach
integrates classical traffic flow theory, gap acceptance models,
and microscopic simulation into a physics-informed RL frame-
work. By abstracting roads into super-segments, the agent cap-
tures emergent flow dynamics and learns robust speed modu-
lation policies from instantaneous traffic observations. Evalu-
ated in the high-fidelity PTV Vissim simulator on a real-world
highway network, our method improves total throughput by
5%, reduces average delay by 13%, and decreases total stops
by 3% compared to the no-control setting. It also achieves
smoother, congestion-resistant flow while generalizing across
varied traffic patterns—demonstrating its potential for scal-
able, ML-driven traffic management.
Code and Simulation Files: https://github.com/ankitbha/Self-
Regulating-Cars

Introduction
Traffic jams lead to significant economic and productivity
losses globally (Badger 2013; Downie 2008), disproportion-
ately affecting developing regions (Bhardwaj et al. 2023).
The growing volume of traffic now increasingly affects pre-
viously uncongested, high-speed freeways due to suburban
sprawl and commuter traffic flows (Gordon et al. 1996). The
concept of managing congestion not being a primary con-
sideration in the initial design, these freeways are largely
un-signalized. The straightforward solution of infrastructure
expansion (building new roads) and modification (installing
signals) remains prohibitively expensive, leading to perennial
jams. Leveraging the rise of AI-driven vehicles, we introduce
self-regulating cars, an automated traffic management system
where smart vehicles adjust their speeds using a centralized
protocol. This system enables dynamic, infrastructure-free
congestion control by coordinating individual vehicle speeds
to maintain high throughput and prevent traffic jams.

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

We frame freeway congestion control as a centralized
reinforcement learning (RL) problem, where an agent
dynamically sets segment-level desired speeds to optimize
traffic flow. Unlike traditional traffic signaling protocols,
which rely on distributed, reactive heuristics at intersections,
our method learns a global policy that coordinates across
the network while accounting for flow-density dynamics
and stochastic inflow and driving behaviors. We incorporate
domain knowledge from traffic flow theory, gap acceptance
models, and car-following dynamics into the RL design: key
traffic metrics (e.g., density, speed, inflow) form the state
space, and the reward penalizes congestion while promoting
high-speed flow. The agent operates in a discretized action
space to support human-in-the-loop deployment and
actuation robustness. We train and evaluate our system
using the PTV Vissim microscopic simulator on a real-world
free-flow road network in Mainz, Germany. Compared
to baseline signaling protocols, our approach consistently
achieves higher throughput, smoother flow, and greater
resilience under varied traffic conditions.

A central challenge in our setting is maintaining smooth,
uninterrupted flow in the presence of stochastic traffic inflows
and dynamic merging behavior. Unlike signalized traffic
control, where stop-and-go behavior is imposed by design,
free-flow networks are vulnerable to spontaneous congestion
waves that emerge from local interactions, even without
explicit bottlenecks. Our RL agent must therefore learn
a delicate balance: modulating speeds enough to prevent
congestion, but not so aggressively as to induce braking
cascades or shockwaves. To enable this, we aggregate
vehicle dynamics over larger super-segments to capture
emergent flow behaviors while smoothing over short-term
fluctuations. The discrete action space reflects real-world
deployability constraints, enabling implementation via
in-vehicle apps or interfaces, while the use of instantaneous
state representations, instead of temporal features, supports
generalization across varied and stochastic traffic patterns.
This design ensures the agent learns policies that are
physically grounded and robust to input shifts, rather than
overfitting to specific temporal trajectories.

In this paper, we address these challenges through the
following key contributions:
• We formulate freeway traffic flow regulation as a central-

ized reinforcement learning problem aimed at maximizing
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network throughput while maintaining smooth, congestion-
free operation in stochastic, free-flow settings.

• We design a physics-informed RL framework that incor-
porates traffic-theoretic insights into both state and reward
structures, enabling robust and interpretable policy learning
without temporal input dependencies.

• We introduce a super-segment abstraction to capture emer-
gent flow dynamics and mitigate local noise, and leverage
a discretized action space to support human-in-the-loop
deployment via in-vehicle interfaces.

• We evaluate our protocol in the high-fidelity PTV Vissim
simulator on a real-world road network under diverse traf-
fic conditions. Compared to baseline distributed control
strategies, our approach improves network throughput
by 5%, reduces average vehicle delay by 13%, and low-
ers total stops by up to 5%, while maintaining smooth
and robust traffic flow.
Taken together, our results highlight a novel and prac-

tical traffic management paradigm: learning global speed
modulation policies that achieve system-level coordination
without infrastructure changes. By aligning with the capabili-
ties of autonomous vehicles and real-time routing platforms,
our method offers a feasible path to deployment through
lightweight, app-level integration. Large-scale mobile telem-
atics platforms like CMT (Cambridge Mobile Telematics
2025) and Samsara (Samsara Inc. 2025) are already adopted
by tens of millions of drivers receiving instantaneous coor-
dination and feedback from cloud-AI powered telematics
systems, thereby underscoring the deployability of our ap-
proach and bridging ML innovation with scalable impact in
modern traffic systems.

Related Work
The problem of road traffic management, especially freeway
traffic management has been approached from many different
angles across several research communities.

Traditional freeway management techniques aim to opti-
mize flow, reduce congestion, and enhance safety through
methods such as ramp metering (Arnold et al. 1998; Papa-
georgiou and Kotsialos 2002; Shaaban, Khan, and Hamila
2016), lane metering (Karimi Shahri et al. 2019; Hussain,
Ghiasi, and Li 2016), and dynamic tolling (Mattsson 2008;
Croci 2016; Yang, Purevjav, and Li 2020; May and Milne
2000). These infrastructure-heavy methods coordinate traf-
fic through signaling, lane controls, and pricing strategies,
but have proven inadequate in handling growing suburban
congestion (Gordon et al. 1996). In contrast, more recent
traffic management proposals fall into two broad categories:
network-based approaches (for Advanced Transit and PATH;
California Department of Transportation 2019; May et al.
2005; Texas A&M Transportation Institute (TTI) 2021),
which modify physical infrastructure, and vehicle-based ap-
proaches like Uber and Google Maps (Nguyen 2015; Lau
2020), which provide real-time routing feedback. However,
existing vehicle-based systems focus on individual optimiza-
tion rather than system-level coordination. Our work ad-
dresses this gap by introducing a vehicle-based traffic control
framework that learns global policies for network-wide regu-

lation, without requiring new infrastructure.
Speed modulation as a method of road traffic management

has been previously studied in (OH and Oh 2005; Soriguera,
Torné, and Rosas 2013). OH and Oh (2005) use traditional
theoretical models of free-flow traffic and derive the optimal
speed control mechanism, but do not test the performance of
their model with either empirical or simulation experiments.
Soriguera, Torné, and Rosas (2013), on the other hand, assess
the impact of a particular case study in Barcelona, and do
not propose any optimal strategy. More recent efforts have
applied reinforcement learning to variable speed limit con-
trol (Zhu and Ukkusuri 2014; Li et al. 2017), but these meth-
ods rely on macroscopic or link–queue formulations that sim-
plify traffic flow and omit microscopic dynamics such as ac-
celeration, merging, and car-following behavior. Furthermore,
Zhu and Ukkusuri (2014) model only aggregated link dynam-
ics, and Li et al. (2017) focus on localized bottleneck control,
whereas our work achieves infrastructure-free, network-level
coordination across multiple unsignalized highway segments
using the PTV Vissim microscopic simulator, which captures
individual driver behavior and realistic congestion formation.

Prior works have also tackled the problem of road traf-
fic management using reinforcement learning (Prabuchan-
dran, AN, and Bhatnagar 2014; Wiering et al. 2000; Mousavi,
Schukat, and Howley 2017; Garg, Chli, and Vogiatzis 2018;
Chu et al. 2019; Li et al. 2021; Chauhan, Bansal, and Sen
2020; Chauhan and Sen 2023, 2024), but most of the works
in this domain apply reinforcement learning for learning op-
timal traffic signal controls, and do not apply to freeways.
In the context of free-flow road networks, the applications
of reinforcement learning have been studied mostly with co-
operative vehicular networks (Pan et al. 2021; Peng et al.
2021; Shi et al. 2021; Vrbanić et al. 2021), which employ
vehicle-level speed control and lane management strategies
for traffic flow management. However, such approaches run
into scalability issues since the multi-agent reinforcement
learning model is dependent on peer-to-peer communication
that scales super-linearly with the number of vehicles. Our
system addresses this very important limitation, bringing our
evaluation scale close to real-world deployment.

Pivoting to deployment, the human-in-the-loop deploy-
ment design of our system is inspired by prior work on
advisory autonomy (Cho et al. 2023; Fridman 2018) and
green light optimized speed advisory (GLOSA) systems (Ste-
vanovic, Stevanovic, and Kergaye 2013). Adaptive signaling
systems like SCATS and SCOOT (Stevanovic, Kergaye, and
Martin 2009; Transport for New South Wales 2024; Transport
Research Laboratory (TRL) 2024; Lowrie 1982; Hunt et al.
1981), which we initially planned to use as baselines for com-
parison, but are proprietary protocols that require external
licenses that we were unable to procure, are smart city-scale
traffic signaling systems that have seen limited deployment.

Preliminaries
In this section, we introduce concepts that play a key role in
the design of our reinforcement learning system.
Traffic Flow Theory We focus on free-flow road networks,
which lack traffic signals and operate under a maximum
speed limit. For a single free-flow segment, traffic dynamics
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follow the volume-density relationship C = b · v, where C
is flow volume, b is density, and v is velocity. Unlike tradi-
tional fluid models, traffic flow accounts for compressibility
(variable density) and collision avoidance. The speed-density
relationship is modeled via formulations by Greenshields
et al. (1935), Underwood (1961), and Drake (1967), all of
which yield a unimodal volume-density curve with a max-
imum at a critical density—validated empirically in Hall,
Allen, and Gunter (1986). In multi-segment networks with
merges and crossings, conflicting streams complicate the dy-
namics. These are typically resolved either via signals or
through gap acceptance models (Lieu 1999), such as those
by Troutbeck and Brilon (1996), McDonald and Armitage
(1978), Tanner (1962), and Harders (1968) for unsignalized
intersections. These models assume that drivers assess the
safety of proceeding by identifying a time-based ”gap” in
traffic—measured as the interval between vehicles. While
effective conceptually, such models rely on simplified geo-
metric assumptions and become analytically intractable under
complex real-world intersection conditions.
Traffic Simulation Framework Theoretical models of traf-
fic flow are encoded into simulators for studying complex
real-world traffic behavior. Macroscopic simulators (Papa-
georgiou et al. 2010; PTV Group 2023b) are generally
used for studying aggregated variables such as density, flow,
and speed at scale, using continuum traffic flow mechanics
(Lighthill and Whitham 1955; Richards 1956; Payne 1973;
Whitham 2011). Microscopic simulators, in contrast, simu-
late individual vehicles governed by rule-based car-following
models (Hunter et al. 2021; Weidmann 1993; Newell 1961).
This approach suits our RL-based setup, where traffic flow is
modulated at the vehicle level. For our simulations, we use
PTV Vissim (PTV Group 2023a), a state-of-the-art micro-
scopic traffic simulator employing the Weidmann 99 driving
model (Hunter et al. 2021), a psycho-physical behavior model
where drivers adjust actions based on discrete thresholds of
gap, speed, and relative speed. Previously, Fellendorf and
Vortisch (2001) have shown that PTV Vissim can be cali-
brated across diverse real-world traffic scenarios to match
both microscopic and macroscopic traffic patterns. We tuned
the key Weidmann parameters to reproduce realistic speed-
density-flow relationships as shown in in Figure 1 (top-left),
and explained in detail in the Appendix. This approach en-
sures that the results are generalizable to other simulation
frameworks and empirical settings.
Physics-Based Proof of Concept Traffic management can
be framed as a network performance optimization problem
targeting metrics like average travel time, throughput, and
fairness, with a key objective of avoiding traffic jams (Lieu
1999). Prior work (Bhardwaj et al. 2023) has shown that
even sub-critical increases in input flow can trigger persistent
congestion once critical density is exceeded. Our strategy
is thus based on two principles: (1) maintain density below
critical thresholds, and (2) maximize flow speed.

To reconcile these, we apply a simplified backpressure-
based speed modulation protocol inspired by queue-based
routing algorithms from communication networks (Tassiulas
and Ephremides 1990; Ribeiro 2009; Yoo et al. 2011; Sefer-
oglu and Modiano 2015), and adapted to traffic contexts (Ma

et al. 2020; Chang et al. 2020; Hu and Smith 2019). In a toy
2:1 merge scenario, let Cℓ(t) = bℓ(t) · vℓ(t) denote flow on
segment ℓ. The density change on the downstream segment
ℓ′ is given by

dbℓ′

dt
=

∑
ℓi

Cℓi(t)− Cℓ′(t),

and its remaining capacity before reaching critical density
B∗

ℓ′ is b̂ℓ′(t) = B∗
ℓ′ − bℓ′(t). If δt is the control interval, and

dbℓ′
dt · δt > b̂ℓ′(t), input flows are scaled using:

α =
b̂ℓ′(t)/δt+ Cℓ′(t)∑

ℓi
Cℓi(t)

,

where α applies proportional backpressure via velocity mod-
ulation. Using PTV Vissim, we implemented this protocol
and compared it to SCATS, SCOOT1, equal-time, and no-
control baselines on a single-lane merge topology. As shown
in Figure 1, backpressure modulation outperformed baselines
in throughput and time to jam formation, while intentionally
reducing average speed.

However, performance varied with network geometry and
driving dynamics. For instance, in single-lane merges, Wei-
dmann 99 and gap acceptance behavior introduced a “gap
penalty” at intersections, where vehicles slow down to assess
safety before merging. Under high load, this leads to queuing
and congestion. We also observed sensitivity to lane configu-
rations, gap timing, and intersection geometry, highlighting
the need for more adaptive, scalable strategies.

Methodology
Traffic control in free-flow road networks poses a complex
and stochastic optimization challenge. Designing a determin-
istic speed-modulation policy using first-principles physics
is intractable due to nonlinear dynamics, unmodeled driver
behavior, and topology-induced variability. Instead, we adopt
a reinforcement learning (RL) approach that enables learn-
ing from simulation, while embedding traffic-theoretic pri-
ors—such as volume-density relationships and gap accep-
tance theory—into the state and reward design. This hy-
bridization allows for both interpretability and adaptability
across varying traffic conditions. Our objective is to learn a
control policy that dynamically adjusts segment-wise speed
limits to maximize throughput and prevent congestion, with-
out relying on fixed signaling infrastructure.
Environment Setup & Settings To reduce the modeling bur-
den of creating complex traffic networks in PTV Vissim, we
developed a semi-automated pipeline that converts real-world
road layouts from OpenStreetMap (OpenStreetMap Founda-
tion 2024) into Vissim-compatible formats. Using Overpass
Turbo (Raifer 2024), we query and extract a filtered road net-
work based on selected coordinates. The extracted data is then
converted to OpenDrive format via osm2xodr (Meusener
and username) 2022), which Vissim can import. While the
conversion is not perfect, it significantly reduces the manual
effort required to reconstruct large-scale road networks. After

1SCATS and SCOOT were simplified for single intersection and
implemented based on original papers.
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Figure 1: Flow-Density function plot (top-left) showing the instantaneous flow rate as a function of the queue size. The plot was experimentally
derived by simulating a single segment in PTV Vissim. Blue dots are the observed points and the red line is the fitted plot. Other plots show the
performance of different traffic control strategies on single lane merge topology on average speed, throughput, and time to hit a jam.

generating the network layout, we partition the road into
continuous super-segments, each spanning 2–3 kilometers,
to serve as control units that capture free-flow traffic char-
acteristics such as volume-density relationships (Nishinari
2014; Kerner 2004). OpenStreetMap (OSM) segments
are typically much shorter, reflecting changes in road
attributes, intersections, or administrative boundaries, and are
optimized for geographic accuracy rather than traffic analysis.
To construct super-segments, we manually aggregated
contiguous OSM links using sampled vehicle trajectories
from PTV Vissim simulations (west → east). Intersections,
entry/exit nodes, or natural boundaries were used as division
points, and aggregation was stopped once the segment
length exceeded roughly 3–5 km. This procedure ensured
that each super-segment represented a coherent roadway
section suitable for stable and interpretable control. The
RL model operates at the super-segment level, determining
speed modulation policies that are fed back to the simulator.
Segment-level states within each super-segment are averaged
to form a composite state vector, which serves as the model
input and enables efficient, interpretable control.

Reinforcement Learning Model Architecture We formu-
late traffic flow control as a Markov Decision Process (MDP),
where a centralized agent observes the global traffic state and
modulates the maximum allowable velocity on each of N
super-segments to optimize throughput and avoid congestion.
The MDP is defined by the tuple M = (S,O,A,P, r, π, γ)
as follows:
State and Observation (S,O): At time t, each super-

segment i ∈ {1, . . . , N} is described by a local state vector
sti ∈ R5 containing key traffic metrics: vehicle density ρti,
average speed vti , average gap gti , inflow rate λt

i, and outflow
rate µt

i. These features provide a localized snapshot of con-
gestion, stability, and flow pressure. The global observation
is the concatenation ot = [st1, . . . , s

t
N ] ∈ R5N , forming the

input to the agent.
Action Space (A): The agent selects an action vector at =
[at1, . . . , a

t
N ], where ati ∈ Ai represents maximum allow-

able speed (in km/h) for super-segment i during [t, t+∆t].
We use a fixed, discrete action set Ai across all segments
to promote interpretability, robustness, and compatibility
with human-in-the-loop implementations such as in-vehicle
advisories.
Transition Dynamics (P): The traffic state evolves stochas-
tically according to St+1 ∼ P(St+1 | St, At), where ve-
hicle interactions are governed by the Weidmann 99 car-
following model implemented in the PTV Vissim simulator.
Reward Function (r): The reward rti for each super-
segment i at time t combines two objectives. First, a
penalty is applied if the density exceeds a critical threshold
ρ∗ = 0.3:

r
(1)
i (t) =

{
−αd if ρti > ρ∗,

0 otherwise,
where αd is a large penalty constant. Second, the agent is
rewarded for maintaining high average speed:

r
(2)
i (t) = βv · vti ,

where βv is a positive scaling factor. The total reward for
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segment i is rti = r
(1)
i (t) + r

(2)
i (t), and the global reward

is rt =
∑N

i=1 r
t
i . This design simulates a backpressure-

like mechanism, where high-density regions act as implicit
pressure signals and speed rewards encourage smooth flow.
Objective and Policy (π, γ): The agent aims to learn a
policy π : O → A that maximizes the expected cumulative
discounted return:

π∗ = argmax
π

Eπ

[
T∑

t=0

γtrt

]
,

where γ ∈ [0, 1] is the discount factor.
To learn the optimal policy, we employ Deep Q-Learning

(DQN) (Mnih et al. 2015). This value-based method is well
suited to our centralized setting and discrete action space, of-
fering faster convergence and higher sample efficiency, com-
pared to actor-critic or policy-gradient methods often used
in continuous or multi-agent scenarios (Tan 2025). The Q-
function Q(ot, at; θn) is parameterized by a neural network
with weights θn, and trained by minimizing the temporal-
difference loss:

L(θn) = E(ot,at,rt,ot′ )[
N∑
i=1

(
rti + γmax

a′
Q(ot

′
, a′i; θn−1) −Q(ot, ati; θn)

)2
]
,

where transitions (ot, at, rt, ot
′
) are sampled from a re-

play buffer. This formulation supports interpretable learning
of control policies that balance throughput and congestion
mitigation across dynamic traffic conditions.
Throughput-Optimality under Two-Regime Flow Dynam-
ics Let λt

i, µ
t
i denote the inflow and outflow in super-segment

i at time t, and let f(ρti) be the empirically observed flow-
density function. Assume that (i) f(ρ) is unimodal with a
unique maximum at critical density ρ∗; (ii) The environment
evolves as ρt+1

i = ρti + λt
i − µt

i; (iii) There is sufficient and
persistent inflow: λt

i ≥ λmin∀t; and λmin is large enough
that the system would reach ρ∗ if outflow were not prop-
erly managed. Then, the optimal policy π∗ that maximizes
the expected discounted return, is throughput-optimal in the
sense in the sense that it maintains the network in a stable
equilibrium near ρ∗, the point of maximum sustainable flow,
while preventing congestion collapse.

To justify this claim, we divide the analysis into two
regimes based on the density ρti in each segment.

Free-flow regime (ρti < ρ∗): In this region, the traffic dy-
namics are dominated by car-following behavior. The vehicle
flow is given by

µt
i =

vti
d0 + vtiT

where d0 is the standstill distance and T is the headway time.
This function is strictly increasing in vti for ρti < ρ∗ since

dµt
i

dvti
=

d0
(d0 + vtiT )

2
> 0

Hence, in the free-flow regime flow increases with velocity.
Now consider the agent’s reward:

rti = βv · vti (since ρti < ρ∗ ⇒ no penalty)

So maximizing rti in this region leads to maximizing µt
i.

Congested regime (ρti > ρ∗): In this region, emergent traf-
fic behaviors dominate (e.g., braking waves), and empirical
VDFs (e.g., Figure 1(top-left)) show that: dµt

i

dρt
i
< 0

Additionally, the reward includes a penalty term:
rti = −αd + βv · vti

The large value of αd and bounded velocity in the action
set ensures that rti is strictly negative. Hence, the agent has
incentive to reduce ρti to exit this regime, but this behavior
also maximizes the outflow.
Simulation-Based Training and Transfer Learning We
train a deep Q-learning model to learn speed modulation
policies for self-regulating cars using the PTV Vissim micro-
scopic simulator. The agent controls 12 super-segments, each
with three discrete speed options, and is implemented as a
two-layer neural network. Every minute, the agent observes a
state vector for each super-segment containing density, aver-
age speed, gap, inflow, and outflow, and selects speed actions
accordingly. Training is performed over simulation episodes
of either 1200 or 2500 seconds, using an initial exploration
rate of 0.9 that decays to 0.1 (with decay rate 0.02–0.05
per episode), and a discount factor γ = 0.9 to encourage
long-term optimization.

We evaluate two regimes. In the Self-Regulating Cars
(SRC) protocol, the model is trained directly on a high-traffic
input pattern over 2500 seconds with the action set of (30, 45,
or 60 km/h). In the transfer learning variant (SRC-TL), the
agent is first trained on a low-traffic input pattern for 1200
seconds to promote exploration across traffic states with the
action set of (20, 40, or 60 km/h), then transferred—without
fine-tuning—to a different high-traffic pattern for evaluation
over 2500 seconds. This setup improves policy robustness
by enabling convergence under stable dynamics while ensur-
ing generalization across flow patterns. The use of coarsely
discretized actions aids deployability via human-in-the-loop
implementations (e.g., mobile advisory systems), and the
model is trained solely on instantaneous state and reward sig-
nals. This design deliberately avoids temporal input features
to ensure transferability across varying demand scenarios,
leveraging the consistency of underlying traffic physics such
as flow-density and gap acceptance relationships.

Evaluation
Evaluation Testbed In free-flow road networks, traffic jams
rarely occur on uninterrupted straight segments unless ca-
pacity changes. While phantom jams (Flynn et al. 2009)
can arise, they are unlikely in our setting where self-driving
agents adhere strictly to the Weidmann 99 model. Thus, we
focus on applying speed modulation only at network bot-
tlenecks—typically during morning peak hours when sub-
urban traffic converges at city entry points, causing conges-
tion. To study such conditions, we modeled a real-world
highway segment in Mainz, Germany (Figure 2b), simulat-
ing eastbound rush hour traffic with multiple ramp inflows.
The input pattern was designed to reflect realistic cumula-
tive west-to-east flow, where upstream vehicles continue for-
ward and additional traffic merges at successive ramps. The
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(a) RL-based model to control velocity on different road segments.

(b) Real-world free-flow road network layout in Mainz, Germany.
Figure 2: RL framework and deployment environment.

A643 & A60 junction introduced 3,000–5,000 veh/hr, rep-
resenting long-distance freeway traffic. L419 (Draisberghof,
Saarstraße) added 1,500–3,000 veh/hr from arterial roads.
Further east, the A60 & A63 Marienborn interchange con-
tributed 4,000–6,000 veh/hr from a major highway junction.
Finally, the A60 & Hechtsheim ramp merged 2,500–4,000
veh/hr from urban arterials. No new vehicles entered beyond
this point, and all traffic exited via the B9 & A60 Mainz
bridge. This setup allowed Vissim to simulate realistic merg-
ing dynamics, congestion buildup & rising density near urban
core without artificially overloading any single entry point.
Baselines Our goal is to evaluate a centralized speed-
modulation controller that operates without introducing any
new roadside infrastructure. The system assumes that each
vehicle has a mobile phone or in-vehicle device with internet
connectivity, allowing a central service to broadcast recom-
mended speeds in real time. While the idea of speed mod-
ulation has been explored conceptually in prior works (OH
and Oh 2005; Soriguera, Torné, and Rosas 2013), these ef-
forts have largely focused on localized or analytical stud-
ies rather than deployable solutions evaluated on realistic
road networks. As a result, there are no existing large-scale,
infrastructure-free speed-modulation baselines to compare
against. In contrast, adaptive metering and decentralized RL
strategies (Chen et al. 2020; Wei et al. 2019) typically rely on
additional infrastructure such as ramp meters, lane-specific
actuators, roadside sensors, or vehicle-to-infrastructure com-
munication. Including such methods as baselines would im-
plicitly assume hardware upgrades that our framework explic-
itly seeks to avoid. So, we compare against the infrastructure-
based control paradigms that already dominate real-world
deployments, using only existing signal infrastructure.

We consider four such baselines: no control, equal
split, green wave, and proportional split sig-
naling. The no control baseline represents the simula-
tor’s default behavior. In equal split signaling, each
incoming road receives an equal share of a 120-second sig-

nal cycle with a 5-second intergreen interval. The green
wave configuration introduces offsets between consecutive
intersections so that vehicles traveling at the speed limit en-
counter mostly green lights. In proportional split
signaling, green times are allocated based on measured traf-
fic loads, allowing busier intersections proportionally longer
green durations. These baselines were implemented by em-
bedding traffic signals into the network layout; they modulate
only how many vehicles can enter the main highway and
do not directly control vehicle speeds. This setup allows
us to highlight the operational and social advantages of a
connectivity-based, software-layer controller over traditional
infrastructure-centric systems.
Metrics We evaluate traffic performance using 14 metrics
from PTV Vissim, which we organize into five categories:
throughput, flow smoothness, delay, congestion, & emissions.
Throughput is captured by VEHARR (vehicles that
completed trips), DISTTOT (total distance trav-
eled), SPEEDAVG (average traffic flow speed) and
DEMANDLATENT (unfulfilled demand).
Flow smoothness is measured by STOPSAVG and
STOPSTOT, representing the average and total number of
stops per vehicle, respectively.
Delay-related metrics include DELAYAVG,
DELAYSTOPAVG, DELAYTOT, DELAYSTOPTOT, and
DELAYLATENT. While we report these for completeness,
they are influenced by simulation implementation details
and should be interpreted cautiously.
Congestion is quantified via VEHACT, the number of ac-
tive vehicles remaining in the network, and TRAVTMAVG,
which we obtain by normalizing total recorded travel time
in vissim (TRAVTMTOT) by total vehicle count (VEHARR
+ VEHACT). A lower value here reflects less congestion.
Emissions are represented by EMISSIONSCO2, es-
timated from vehicle speed using the method of
Ntziachristos and Samaras (2000). The total calcu-
lated emissions are further normalized by multiplying
the recorded emissions with (VEHARR + VEHACT +
DEMANDLATENT/VEHARR + VEHACT) to account for
the latent demand.

Taken together, these metrics provide a holistic view of per-
formance of a traffic network.
Results Table 1 provides the performance results of
our protocol and the baselines on the aforementioned
metrics and testbed. Our self regulating cars protocol
(SRC) and transfer learned (SRC(TL)) with a different
training input pattern, achieve the best throughput per-
formance across all four metrics (VEHARR, DISTTOT,
SPEEDAVG, DEMANDLATENT), aligning with our primary
design objective of maximizing network capacity and prevent-
ing traffic jams. Our protocol also achieves greatest smooth-
ness in the traffic flow by minimizing the stop frequency
(STOPSAVG, STOPSTOT). We also note competitive delay
and congestion performance achieved by our protocol with
best performance achieved in DELAYAVG, DELAYTOT,
and TRAVTMAVG. While Proportional Split baseline achieves
lowest active vehicle numbers (VEHACT), we observed traffic
jams and high congestion on entry points to the main high-
way. Our protocol achieves the best VEHACT with a more
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Metric No Control Equal Split Proportional Split Green Wave SRC SRC (TL)

Throughput

↑ VEHARR (#) 2227 ± 19 2002 ± 22 1873 ± 10 2045 ± 17 2337.8 ± 16.42 2291.6 ± 33.78
↑ DISTTOT (103 km) 12.300 ± 0.315 11.723 ± 0.086 9.598 ± 0.083 11.904 ± 0.050 13.078 ± 0.099 12.467 ± 0.065
↓ DEMANDLATENT (#) 1, 722.8 ± 43.73 1, 746.8 ± 27.53 2, 164.8 ± 32.51 1,570.8 ± 20.36 1,547.8 ± 35.074 1, 643.8 ± 57.45
↑ SPEEDAVG (km/hr) 13.16 ± 0.42 11.22 ± 0.05 10.39 ± 0.07 10.70 ± 0.10 13.23 ± 0.16 13.06 ± 0.06

Flow Smoothness

↓ STOPSAVG (#) 15.17 ± 0.34 32.31 ± 0.50 23.81 ± 0.52 199.76 ± 3.19 15.94 ± 0.96 14.51±0.32
↓ STOPSTOT (103 #) 65.425 ± 1.711 139.175 ± 2.059 92.151 ± 2.345 895.682 ± 19.05 71.552 ± 4.165 63.723 ± 1.40

Delay

↓ DELAYAVG (sec) 571.42 ± 6.50 689.11 ± 3.39 683.65 ± 9.20 714.00 ± 6.95 527.20 ± 9.46 499.36 ± 7.96
↓ DELAYSTOPAVG (sec) 226.26 ± 7.31 460.62 ± 3.79 473.28 ± 9.88 395.73 ± 5.39 306.05 ± 11.33 251.93 ± 12.38
↓ DELAYTOT (106 sec) 2.464 ± 0.039 2.968 ± 0.021 2.646 ± 0.042 3.201 ± 0.049 2.366 ± 0.039 2.193 ± 0.030
↓ DELAYSTOPTOT (106 sec) 0.976 ± 0.034 1.984 ± 0.025 1.832 ± 0.044 1.774 ± 0.030 1.373 ± 0.051 1.106 ± 0.054
↓ DELAYLATENT (106 sec) 5.618 ± 0.107 5.467 ± 0.076 6.023 ± 0.088 5.132 ± 0.069 5.334 ± 0.097 5.511 ± 0.117

Congestion

↓ VEHACT (#) 2085 ± 38 2305 ± 32 1997 ± 11 2438 ± 55 2150 ± 27.23 2100.2 ± 14.92
↓ TRAVTMAVG (103 sec/veh) 0.780 ± 0.007 0.873 ± 0.006 0.859 ± 0.011 0.894 ± 0.012 0.793 ± 0.009 0.783 ± 0.006

Emissions

↓ EMISSIONSCO2 (g/m, normalized) 0.525 ± 0.013 0.600 ± 0.001 0.513 ± 0.005 3.001 ± 0.023 0.530 ± 0.005 0.526 ± 0.003

Table 1: Vehicle network performance measurements for self-regulating cars and baseline traffic management strategies for
real-world representative traffic loads. The variance and mean values were calculated over 5 random seeds, with each experiment
running for 2500 seconds. Arrow directions show direction of desired outcome. Our protocol dynamically adjusts desired
speeds, unlike fixed-speed baselines. Because Vissim computes delay relative to a speed-dependent free-flow travel time, raw
delay values are not directly comparable. We therefore evaluate delay at equivalent congestion levels and rely on additional
network-wide efficiency metrics for fairness.

Metric 75% control 50% control 25% control

Throughput

↑ VEHARR (103) 2.27 ± 0.02 2.25 ± 0.06 2.22 ± 0.04
↑ DISTTOT (104 km) 1.26 ± 0.02 1.23 ± 0.02 1.20 ± 0.01
↓ DEMANDLATENT (103) 1.65 ± 0.06 1.72 ± 0.05 1.69 ± 0.05
↑ SPEEDAVG (10 km/hr) 1.35 ± 0.01 1.32 ± 0.01 1.29 ± 0.00

Flow Smoothness

↓ STOPSAVG (10) 1.45 ± 0.07 1.46 ± 0.07 1.42 ± 0.04
↓ STOPSTOT (105) 0.63 ± 0.03 0.63 ± 0.02 0.62 ± 0.01

Delay

↓ DELAYAVG (102 s) 5.40 ± 0.07 5.53 ± 0.14 5.62 ± 0.08
↓ DELAYSTOPAVG (102 s) 2.56 ± 0.11 2.42 ± 0.11 2.40 ± 0.10
↓ DELAYTOT (106 s) 2.35 ± 0.02 2.38 ± 0.05 2.44 ± 0.02
↓ DELAYSTOPTOT (106 s) 1.11 ± 0.05 1.04 ± 0.05 1.04 ± 0.04
↓ DELAYLATENT (106 s) 5.53 ± 0.11 5.64 ± 0.07 5.65 ± 0.09

Congestion

↓ VEHACT (103 veh) 2.08 ± 0.03 2.06 ± 0.04 2.12 ± 0.04
↓ TRAVTMAVG (103 s/veh) 0.78 ± 0.01 0.78 ± 0.01 0.77 ± 0.01

Table 2: Ablation experiments with mixed traffic inputs. Re-
sults show a clear trend of improvement in throughput and
flow metrics with increasing fraction of compliant vehicles.

uniformly distributed vehicle profile. The EMISSIONSC02
numbers are calculated under lots of approximation assump-
tions, and the associated variance in calculations is higher
than the difference between best emissions and our numbers.
Consistent with earlier expectations, our experimental results
show that the self-regulating cars protocol performs well
even when evaluated on an unseen traffic input pattern. The
transferred policy (SRC-TL) continues to optimize key perfor-
mance metrics, such as throughput and delay, and maintains
competitive results across other indicators when compared to
both learned and baseline signaling strategies.

Mixed Traffic Ablations We conducted ablation experi-
ments on the same network layout, where only a subset of
vehicles is controlled by our RL model (25%, 50%, and 75%).
All other configuration parameters remained unchanged; how-
ever, introducing mixed autonomy led to minor variations in
simulation behavior. The results shown in Table 2 demon-
strate a consistent trend: as the proportion of controlled vehi-
cles increases, network performance improves significantly.
Specifically, average speed and throughput increase, while
overall delay and congestion-related metrics decrease. These
findings reinforce the practical applicability of our method in
settings with partial adoption. Similar trends are observed in
stochastic conformity settings.

Conclusion, Limitations, and Future Work
We introduced a novel traffic control paradigm based on
self-regulating cars, smart vehicles that coordinate to main-
tain smooth traffic flow in free-flow networks by adjusting
speeds according to a physics-informed reinforcement learn-
ing policy. Our method achieves comparable or superior
performance to existing signaling protocols in high-fidelity
real-world simulations, and can be deployed via lightweight
integration with in-vehicle navigation systems. A key current
limitation is the manual specification of road networks for
simulation, restricting our evaluation to a single topology.
Moreover, the protocol’s effectiveness relies on a sufficient
adoption rate of compliant vehicles, and its current design
allows non-compliant agents to gain a strategic advantage. In
future work, we aim to automate the simulator input pipeline,
develop a city scale simulation engine, and extend the con-
trol framework to incorporate lane-level decision-making to
design mechanisms to mitigate adversarial behavior.
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traffic control systems would need to be conducted in collab-
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