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Abstract

Autonomous vehicles (AVs) are operating on pub-
lic roads in several cities. Assuming they use
Multi-Agent Reinforcement Learning (MARL)
for simultaneous route optimization, higher AV
penetration rates may degrade traffic networks’
system-wide performance. We study AV rout-
ing decisions in a traffic environment shared with
human drivers. Our experiments with standard
MARL algorithms reveal that, both in simplified
and complex networks, policies often fail to con-
verge to an optimal solution or require long train-
ing iterations. This convergence issue is amplified
by the fact that we cannot rely entirely on simu-
lated training, as there are no accurate models of
human routing behavior. In addition, real-world
training in cities risks destabilizing urban traffic
systems, increasing externalities, such as C'Oq
emissions, and introducing non-stationarity as hu-
man drivers will adapt unpredictably to AV behav-
iors. In this position paper, we argue that city
authorities must collaborate with the ML com-
munity to monitor and critically evaluate the
routing algorithms proposed by car companies,
ensuring fair, system-efficient algorithms that
maintain, or even improve, the performance of
urban traffic networks.

1. Introduction

In urban traffic networks, human drivers every day make
routing decisions (Arnott et al., 1990) to arrive at their desti-
nations as fast as possible (Bovy & Hoogendoorn-Lanser,
2005). With the deployment of Autonomous Vehicles (AVs)
in some cities worldwide, such as San Francisco (Cheng,
2025), these routing decisions may be delegated to algo-
rithms that aim to maximize the reward by selecting the
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optimal action given the traffic network’s current state.
Classically, this routing problem is formulated as a game-
theoretical problem (Correa et al., 2004), where humans
independently maximize their perceived payoffs.

In mixed systems, where AVs increasingly share the roads
with human drivers, they will influence the complex social
dynamics of rational yet non-deterministic human driving
behavior (Rahmati et al., 2019) for a while, until human
driving ceases. However, as we argue, current machine
learning (ML) systems will not have (as of today) a suffi-
ciently detailed model of urban mobility capable of training
routing algorithms. Furthermore, as we demonstrate, specif-
ically during training, the joint actions of AVs may lead
to suboptimal solutions, resulting in costs for all users in
the capacitated system with limited resources. Moreover,
AVs may take actions different from those of human drivers,
which will likely trigger human adaptations that will change
their routing policies in response to AVs’ actions. This im-
pact is negligible to some level, and single or a few AVs
routing recklessly during training will not disequilibrate the
system. Yet the critical mass of AVs can be quickly reached
as AVs become broadly available (as little as 15% of AVs in
our experiment disequilibrate the system). This aligns with
projections indicating rapid growth in AV deployment, with
the number of commercial AVs for ridesharing expected to
reach a few million by 2030 (Sachs, 2024).

This position paper argues that city authorities must
begin actively collaborating with the ML research com-
munity to monitor and evaluate Al-based routing algo-
rithms for AVs deployed by car companies. In parallel,
the ML community should focus on continuously improv-
ing existing algorithms to ensure they are robust, fair,
and suitable for real-world deployment. Without regu-
lation, autonomous collective routing could exacerbate
congestion and introduce chaos into urban traffic sys-
tems, which are a shared public resource. We support this
position by demonstrating that, in simplified and real-world
networks, when multiple AVs simultaneously learn routing
policies using MARL, they will either destabilize the road
networks and fail to find optimal solutions or learn long
enough to affect the system’s performance. Our argument
is supported by experiments conducted on a toy network
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Figure 1. Overview. We demonstrate how MARL fails to find optimal routing policies on a simple topology of Two Routes: shorter with
no priority (Yield sign) and longer with priority (TRY network). We simulate 22 human drivers who may reach two equilibria: (a) optimal
when all drivers use the shorter route 0, and (b) suboptimal when all use the longer route 1 (the first three humans always choose route 1
in this solution). If we replace a single human driver with an AV, any standard RL algorithm will quickly find the optimal routing policy
(c). However, when multiple AVs (10) learn simultaneously, many MARL algorithms fail to converge to the optimal policy (d) or
require hundreds of days (episodes) until they find it (e) in this trivial case as well as in real complex systems (Ingolstadt, Saint-Arnoult).

(Figure 1a, b) and complemented with experiments on the
real-world Ingolstadt and Saint-Arnoult networks (Figure 7,
8), using a portfolio of MARL algorithms. We analyze and
show that:

e Human drivers, by maximizing their payoffs, stabilize the
system into two equilibria (Figure 1(a, b)).

e RL finds the optimal route for a single AV (Figure 3).
However, when multiple human drivers are replaced by
AVs (acting selfishly or cooperatively), MARL either
fails to converge or needs lengthy training to find the
optimal solution (Figure 4(a, b)).

e The simulators of urban mobility are not ready to serve as
virtual environments to train MARL, and training in the
real world will be at the cost of the system’s performance
(Section 3.3).

e Optimal equilibrium state can easily transition to sub-
optimal (with worse performance for each agent) when
non-determinism (e.g., in the traffic simulation) and/or
human adaptation is introduced as another source of non-
stationarity (Figure 4c).

e Centralization can, in some cases, speed up convergence
to optimal policies, but at the cost of privacy (Figure 11b).

o In the real-world Ingolstadt, Saint-Arnoult networks, mul-
tiple simultaneously routing AVs can destabilize the sys-
tem (Figure 5, 9).

These phenomena can hinder the massive potential of AVs
to contribute to sustainability (Taiebat et al., 2018), effi-
ciency (Talebpour & Mahmassani, 2016), and optimality
(Zhou et al., 2024) of urban mobility. While Connected and
Autonomous Vehicles (CAVs) promise novel routing strate-
gies that allow the reduction of total and individual costs
(travel times) and system costs (like total delays) (Jamr6z
et al., 2025) and its externalities (CO,, NOy, safety, noise,
etc.) (Kopelias et al., 2020) - these benefits can be limited
by the challenges described above.

2. Call to Action

Based on experiment findings, to safely and reliably exploit
the opportunities that AVs and MARL offer to the future
urban traffic systems, we call for:

e The introduction of a regulatory framework, devel-
oped in collaboration with the ML community, requiring
car companies to submit their routing algorithms for cer-
tification before deployment in public road networks.

e The development and deployment of monitoring sys-
tems that track collective routing behaviors and can allow
authorities to detect issues, like inequitable travel time
distributions or prolonged system-wide congestion.

e The data-driven development of urban traffic simula-
tors, led jointly by the ML and transportation research,
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to realistically reproduce human route choice (in the pres-
ence of real-time information) and its adaptation to dy-
namic environmental changes.

e The continuous development and improvement of
ML algorithms that can robustly handle non-stationarity,
scale with agent populations, and adapt to real-world
traffic conditions.

e Broad experimental studies to benchmark routing algo-
rithms in diverse traffic scenarios, identify failure modes
that inform regulatory policies, and safe algorithm design,
using benchmarks like the Urban Routing Benchmark
(URB) (Akman et al., 2025a).

3. Background
3.1. Agent Environment Cycle (AEC) game

We abstract the daily (repeated) route choices made by
humans and AVs in capacitated networks (limited re-
sources) as a repeated congestion game (Holzman &
Law-Yone, 1997). This can be formalized as a one-
cycle Agent Environment Cycle (AEC) game (Terry et al.,
2021), defined in (Akman et al., 2025a) as a tuple:
(S8, Z,{A;}icz,{ri}ticz,{O;}icz,v). At each episode
(day or iteration), a finite set Z of AV agents act sequen-
tially in order v of departure time, each selecting a route
from their action space. Let N = |Z| denote the number
of AV agents, and H the set of human agents. We consider
a finite set of states S. At each episode t, each AV agent
1 € T, receives an observation oﬁ € O; from the environ-
ment, and selects an action a;? € A;, resulting in a joint
action a’ = (al,db, ..., a;). Then, receives an immediate
reward 7/, that is a value of function r; in episode ¢ 4 1.

3.2. Multi-agent reinforcement learning (MARL)

The route assignment is a combinatorial optimization prob-
lem, for which a plausible solution is to employ ML-
equipped AVs and specifically use MARL, where each agent
(AV) learns an optimal policy to select the best route in
the currently observed state of the road network. MARL
involves multiple agents interacting within a shared envi-
ronment, where each agent’s actions can influence the envi-
ronment’s state. This makes the environment non-stationary
from a single agent’s perspective. Using a single-agent RL
algorithm to learn value functions of joint actions would
eliminate the non-stationarity (Claus & Boutilier, 1998) but
would not scale well when the size of the action space grows
exponentially with the number of agents (Lu et al., 2024).

One approach is to train a set of independent learners (IL)
where each learner treats other agents as part of the environ-
ment. We use Independent Deep Q-Learning (IDQN) as the
initial baseline (Mnih et al., 2015), followed by the Indepen-
dent Soft Actor-Critic (ISAC), the multi-agent version of the

SAC algorithm (Haarnoja et al., 2018), and the Independent
Proximal Policy Optimization (IPPO) algorithm, which has
shown benchmark performance in a variety of problems (Yu
et al., 2022; Papoudakis et al., 2021).

The existing literature widely uses the Centralized Training
and Decentralized Execution (CTDE) structure, in which
agents learn decentralized policies in a centralized manner
(Lowe et al., 2017). Within this framework, Value Decom-
position Network (VDN) (Sunehag et al., 2017) and QMIX
(Rashid et al., 2018) decompose joint value functions, with
QMIX employing a monotonic mixing network. All these
algorithms, including the Multi-Agent PPO (MAPPO) (Yu
et al., 2022; Schulman et al., 2017) and Multi-Agent SAC
(MASAC), are used in our experimental evaluation.

3.3. Limitations: Are traffic models ready to train RL
algorithms?

We illustrate our position with a numerical simulation de-
signed to replicate the real world and its complexity. How-
ever, the actual conditions in which AVs will be deployed
are much more complex. Namely, at the level of:

e Traffic flow. We use Simulation of Urban MObility
(SUMO) (Lopez et al., 2018), which applies the Intel-
ligent Driver Model (IDM) (Treiber et al., 2000), an
accurate, but not perfect, microscopic model of traffic.
Real traffic is less predictable and noisier and admits rare
events like accidents (Chen et al., 2018).

o Demand patterns. In this paper (except from Section
6.6), we assume a fixed commute pattern every day.
Namely, each agent has a fixed origin from which it
departs every day at the same time to a fixed destina-
tion. However, in real systems, humans change departure
times, work irregularly, and occasionally stay at home
or travel to different destinations (Gonzalez et al., 2008;
Horni et al., 2016; Bhat & Koppelman, 1999).

e Route choices. Humans are non-deterministic decision
makers, making probabilistic choices, with a significant
variation and heterogeneity in the choice probabilities (as
in the Logit model (Ben-Akiva & Bierlaire, 1999)).

e Action space. In real networks, the number of feasi-
ble routes explodes quickly, reaching 10%° in many real-
world examples (Frejinger et al., 2009).

Unfortunately, all of the above are only roughly approxi-
mated by state-of-the-art transport system models. Although
the setup in Figure 1 is simple, it already gives rise to is-
sues (like increased human travel time), and these worsen as
the system scales to bigger networks (replicated using the
Ingolstadt, Saint-Arnoult networks) with irregular demand
patterns and non-deterministic traffic flows (see Figure 4c).
In these cases, we get similarly poor results: MARL fails to
find the optimal solution, which supports our position.
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4. Related work
4.1. Alternative solutions to MARL

While the nature of the problem and its formalization as an
AEC game renders (MA)RL likely to be the tool of choice
to solve fleet route choice problems we do not argue that
it is the best and only solution. The classic traffic assign-
ment solvers identify User Equilibrium (UE) and System
Optimum (SO) using Operations Research (OR) methods,
like Frank-Wolfe (Fukushima, 1984). However, these meth-
ods operate on macroscopic flows and convex, continuous
travel-time functions (Kucharski & Drabicki, 2017), while
we study an agent-based setting with a realistic, microscopic
traffic flow model (SUMO).

Alternatively, game-theoretical equilibria solvers, like Gam-
bit (Turocy, 2001), can be used. However, Gambit requires
a precomputed payoff matrix that includes 2'° episode runs
(for the setup discussed in Figure 1) to account for all pos-
sible joint action combinations, and the game’s complexity
grows exponentially. Genetic algorithms (Holland, 1992)
represent another possible alternative to MARL, where a
global solution encodes routing decisions for all AVs, mak-
ing it computationally challenging as the number of vehicles
and available routes increases. Hence, both solutions often
struggle to adapt to the complex and dynamic nature of
mixed traffic scenarios involving AVs and human drivers
(Bamdad Mehrabani et al., 2024) and scale poorly in big-
ger networks. All these highlight the need for alternatives;
MARL emerges as the most promising.

4.2. Multi-agent reinforcement learning

RL has been already applied to the route choice problem
in works that assume a macroscopic setting, modeling ve-
hicles as aggregate flows rather than individual agents. For
example, (Thomasini et al., 2023) studied route choice in
a centralized multi-agent setting using a macroscopic traf-
fic simulator. Additionally, (Zhou et al., 2020) formulated
route choice as a congestion game, transforming it into the
Traffic Assignment Problem (TAP). They proposed an RL-
based solution that converges almost surely to the optimal
solution, aiming to minimize the total travel time in traffic
networks. While macroscopic approaches explore overall
traffic dynamics, they abstract away the heterogeneity and
strategic behavior of individual agents.

In contrast, microscopic approaches focus on individual
vehicle decisions, making them more suitable for modeling
AV—human interactions. For instance, (Tumer & Agogino,
2006) adopted a multi-agent approach where drivers use Q-
learning for route selection using reward-shaping techniques
to reduce traffic congestion. Additionally, (Ramos et al.,
2018) proposed a regret-minimization approach that relies
on external traffic data.
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Figure 2. We model the routing ”game” between humans and AVs
on urban traffic networks using the RouteRL (Akman et al., 2025d)
framework, which includes a custom PettingZoo (Terry et al., 2021)
environment, communicating with SUMO, a microscopic traffic
simulator, as it trains optimal routing policies with standard MARL
algorithms via torchRL (Bou et al., 2023).

Some studies model route choice as a sequence of deci-
sions made at each network node (Grunitzki et al., 2014;
de O. Ramos & Grunitzki, 2015), allowing for dynamic
adaptation to changing traffic conditions. In a different vein,
(Lazar et al., 2021) consider a setting where human drivers
act selfishly and AVs centrally controlled using deep RL de-
crease congestion by indirectly influencing human’s routing
decisions. Lastly, (Akman et al., 2025c) introduced AV-
specific behavioral reward formulations in mixed-traffic en-
vironments which are later included in the RouteRL frame-
work (Akman et al., 2025d) for simulating the collective
route choices of both human drivers and AVs. To the best of
our knowledge, no prior work has modeled AVs as indepen-
dent RL agents in a microscopic, shared environment with
human drivers, showing that AVs learning MARL routing
strategies could exacerbate congestion.

5. Problem statement

We illustrate our position on a simple Two-Route (Yield)
network (TRY) (Figure 1(a, b)), which, while abstract, is
carefully designed to capture potential issues of AV intro-
duction in traffic networks. To assess the generalizability of
our findings we also include two real-world traffic networks.
In the TRY network, each agent selects from two possible
routes (0 or 1) to reach the destination. Then, the reward
(travel time) is collected from the environment to update
choices for the next episode. Each episode is interpreted
as a day on which the 22 drivers commute through the net-
work. For clarity, the setting is unrealistically static. Each
human driver follows the same route every day, departing at
the same time, and the travel times do not vary day-to-day
(none of the above holds in real networks as discussed in
Section 3.3). By design, the system has two Nash equilibria
achievable by humans, one optimal (System Optimal - User
Equilibrium, Figure 1a) and one suboptimal (Suboptimal
- User equilibrium, Figure 1b). Humans mutate into AVs,
which will use any MARL algorithms to find optimal poli-
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cies. To simulate this scenario, we use the RouteRL (Akman
et al., 2025d) framework (Figure 2), which models mixed-
traffic scenarios, where AVs are simulated as RL agents
and humans behave according to a given human-behavior
model.

SUMO. An open-source, state-of-the-art, microscopic,
agent-based traffic simulator used as the traffic environment
in which each vehicle navigates the road network according
to the IDM (Lopez et al., 2018) (see Appendix B).

Action. The action space is the set of available routes con-
necting an agent’s origin and destination and is discrete with
value two on the TRY network (See Figure 1(a, b)).

Reward. The reward 71 (al, of) is the negative travel time

of each agent ¢ to reach from its origin to its destination, as
calculated by SUMO.

Observation. We assume, plausibly for the future systems,
that each AVs’ observation of is composed of their departure
time and the number of agents that departed before them
and selected each alternative route. In the TRY network,
this corresponds to the number of vehicles departed before
agent ¢ and chose routes 0 and 1.

Human agents. We follow the classical representation of
human route-choice behavior from transportation research.
Human drivers are rational decision-makers aiming to max-
imize their perceived utility (Cascetta, 2009) by selecting
actions that minimize expected travel times. Their expecta-
tions are updated based on experienced travel times (from
SUMO). In scenarios with adaptation (see Section 6.6), hu-
mans shift to an alternative route with 10% probability.

5.1. Human system and its equilibria.

We consider two plausible equilibria resulting from human
collective decisions: first, when all humans select the shorter
route ([{0}2?], Figure 1a), and second when they all opt for
the longer route ([{1}22], Figure 1b). Both meet Nash cri-
teria for User Equilibrium (Wardrop, 1952) (common para-
phrase of Nash equilibrium for the route choice context),
with the former being also System Optimal (minimizing
total system travel times (Merchant & Nemhauser, 1978)).
None of the drivers is inclined to change their route, as
it would reduce their individual rewards (traveling longer
and arriving later). For stability, we fix the route for the
first three agents to stabilize early system loading (see Ap-
pendix C). After 200 days of simulation, the system is sta-
ble (the next day the rational drivers will replicate today’s
choices), fair (travel times are equal among drivers), and
either globally optimal (Figure 1a where total travel costs
are minimized) or suboptimal (Figure 1b). The individual
and system costs (travel times) are reported in Table 2.
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Figure 3. Single AV replicates human choices, and each tested RL
algorithm finds the optimal solution to the binary choice problem
(means, error bars computed across replications; see Appendix A).

6. Experimental support for the position
6.1. Single AV routing with RL.

In the equilibrated human system, we first replace a random
human vehicle with a RL-controlled AV. Its traffic proper-
ties (reaction, acceptance gap, and other IDM parameters
(Treiber et al., 2000)) remain intact. AVs are indistinguish-
able from humans by all but routing decisions: they may
use any RL algorithm to converge to the optimal policy.

We demonstrate that RL finds the optimal solution, and AV
agents follow the crowd (replicate the decision of the human
driver they replaced). Unsurprisingly, since the problem is a
trivial binary decision in a static environment, this is true for
all suitable RL algorithms, including DQN, PPO, and SAC,
as shown in Figure 3. In any equilibrated system, any RL
algorithm training AVs with the same reward formulation,
and action space as their human predecessors will replicate
the optimal strategy, which can be derived directly from
conditions of Nash equilibrium. Moreover, in a dense traffic
environment, the impact of a single vehicle is unlikely to
be noticed by other humans. The marginal cost of actions
taken by a single AV to other humans will fall within what
is known as the indifference band (Di et al., 2017), mak-
ing them indistinguishable from the traffic stochastic noise
(Neun et al., 2023). Our position, that AVs will disequi-
librate the traffic networks, does not hold for a system
with a single AV, which will converge to the solution of its
human predecessor and will not impact other human drivers.

6.2. Simultaneous learning of multiple AVs with MARL.

Already in our simple scenario, serious issues arise when
multiple vehicles learn optimal routing policies simultane-
ously. As multiple AVs are increasingly introduced in cities
worldwide, each will potentially be solving the same prob-
lem of identifying optimal routing policies to reach their
destination. Such a multi-agent setting allows a significant
alteration to the initial problem: the AVs may communicate
(becoming the so-called CAVs) and share information.
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Figure 4. (a, b): 8000 episodes (that correspond to over 20 years) of training for selected MARL algorithms. The trivial solution is found
only by IPPO, MAPPO, and IDQN. Other algorithms fail to converge to the optimal policy. Convergence in the suboptimal equilibrium
is achieved after 1000 days, but System optimal requires much more training, far exceeding the patience threshold for the remaining
12 human drivers in the system. The first 200 episodes represent the human learning phase, followed by the AV’s training and testing
phases. (¢): The MAPPO solution (red), however, is not robust and falls to suboptimal as soon as non-determinism is introduced to the
environment (green), demand (yellow), or human behavior (blue). The line represents the mean and standard deviation. See Appendix A

for the experiments’ setup.

Selfish AV behavior. First, we demonstrate the natural
first stage of AV introduction: with no communication and
reward formulation identical to the one of the selfish human
drivers. Now, the environment has become non-stationary
(Jiang et al., 2024), as the state transitions and rewards of
an agent are influenced by the evolving policies of other
agents. With as few as 10 AVs (where non-convergence
appears after the introduction of just 4 AV agents discussed
in Section 6.4 and Appendix H, J) our setting is sufficient to
argue for our position.

Despite the small size of joint action space, some algo-
rithms fail to find the optimal solutions after thousands
of iterations. Others need hundreds of policy updates to
find the trivial solution. Specifically, the trivial solutions
are [{1}??] or [{0}??] depending on the human equilibrium
from which we start, and the joint action space is 2'°.

In Figure 4(a, b), we present two arguments supporting
our position. First is the class of algorithms that failed to
converge after sufficiently long training (MASAC, ISAC).
Specifically, the choices are far from optimal, fluctuating
noisily around 0.5. The consequences of introducing MARL
routing algorithms to AVs are negative to all parties: not
only are the travel times longer for all agents (humans and
AVs), but they also become variable, as we report in Table
2. TPPO, MAPPO, and IDQN, however, converged after
long training. Theoretical explanations of the convergence
difficulties are provided in Appendix F.

Cooperative AV behavior Next, we analyze the conver-
gence of AV agents when their reward is the average travel
time of all the AV agents in the system. When AVs aim to
maximize this new reward, the system’s equilibria remain
unchanged. As shown in Figure 4(a, b), QMIX and VDN
fail to converge to either equilibria even after extensive
training, further supporting our position.

6.3. Training in virtual traffic environment.

Some MARL algorithms converge and successfully manage
to identify optimal policies (the small joint action space of
1024 can be easily enumerated to identify optimal solutions).
Eventually, the 10 AVs manage to stabilize their actions and
reliably make optimal choices (see Figure 4(a, b)). After
that, the negative impact on the system and the humans
diminishes (see Table 2). Nonetheless, the learning process
was lengthy, with thousands of episodes (days).

Training can be interpreted in two ways: within a virtual
environment or in a real system. The former is neutral to the
real system and its users since AVs can train their policies
virtually and deploy them only after training is complete and
the policies have converged to optimal solutions. Humans
will not be affected, and iterations will remain only virtual.
This, however, requires virtual environments suitable for
training such a policy, which are not yet available, as we
argued in Section 3.3. If so, the learning period needs
to be treated physically and algorithmic iterations are not
abstract episodes anymore, but physical days of real dis-
turbances. Eventually, disturbances diminish (as for IPPO,
MAPPO, IDQN), yet the negative impact on the system and
its users accumulates (to values presented in Section G).
Alternatively, RL can be inaccurately trained on imperfect
models and collected data and later fine-tuned in reality, as
shown in (Nair et al., 2021). However, sim2real transfer
presents significant challenges, as discussed in (Zhao et al.,
2020). Real-world complexity exceeds any simulation’s
capabilities.

6.4. Critical fleet size analysis.

As demonstrated, the problem behind our position lies in
multiple agents learning simultaneously. To determine how
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Figure 5. Introducing AVs on the Ingolstadt network (with 1000
agents and 1000 nodes) not only increased human travel times but
introduced variability of travel times during training, which did
not converge in 3000 days (MAPPO training, see Appendix D).

many simultaneously learning agents can negatively affect
the system, we simulate scenarios with gradually increas-
ing numbers of agents and report when convergence issues
arise. In each simulation, the specific AVs are chosen at
random, with the condition that no two AVs are consecutive
(there is always a human agent between AVs), and the first
three vehicles are never AVs. The algorithms start failing
to converge even with 3-5 agents, as shown in Appendix H.
This reveals a systemic issue that becomes increasingly
prevalent as the number of agents grows, which will pose
a serious threat to traffic performance when more AVs
participate in our daily commute.

6.5. Privacy of personal data in centralized systems.

Another aspect of our position lies in the communication,
and/or centralization (Schwarting et al., 2019), which makes
AVs the CAVs. This enables better use of autonomous driv-
ing, presumably at the cost of sharing private information
with others or with a central agent (Nayak et al., 2021). Can
we trade our private destination and origin to resolve the
non-stationarity issues? To some extent, centralization may
speed up the convergence, yet nowhere close to solving
the problem and leading to issues with a combinatorially
growing search space (see Figure 11 in Appendix I).

6.6. Scaling to real-world scenarios

To reinforce our results, we reproduce our experiments and
investigate what happens when complexity is added to the
abstract case. We gradually introduce real-world phenom-
ena from Section 3.3 (see Figure 4c and Table 1), succes-
sively including non-determinism in the traffic flow model
(green), demand patterns (implemented as random departure
times, yellow), and human adaptation (blue).

As these complexities are introduced, the system becomes
increasingly disequilibrated. In response, humans will nat-

Table 1. MARL convergence under varying complexity levels (v/
= deterministic, X = non-deterministic).

Network | Traffic Flow |Demand| Adaptation| Convergence
TRY v v v yes
TRY X v v no
TRY X X v no
TRY X X X no
Ingolstadt v v v no
Saint-Arnoult v v v no

urally seek ways to improve their payoffs (arrive faster)
(Watling & Cantarella, 2013). This behavior is similar to
the process of finding the equilibrium (Bie & Lo, 2010), but
even less predictable (He & Liu, 2012). This adds another
source of non-stationarity to the system. We include a prob-
abilistic adaptation formula (to the human decisions, see
Appendix C), and the previously optimal system now shifts
to the suboptimal state (Figure 4c).

Finally, we report the results on two real-world traffic net-
works: Ingolstadt and Saint-Arnoult. For Ingolstadt, we
use realistic demand from the RESCO benchmark (Ault &
Sharon, 2021), and for Saint-Arnoult we report results from
the URB benchmark (Akman et al., 2025a) (see Appendices
D, E). The Ingolstadt network comprises 1000 agents, of
which 400 are AVs with varying origins and destinations,
each selecting from four paths, rendering the joint action
space 40, As shown in Figure 5, the average travel time
of all the human agents in the system (pre-AV) is stable.
However, after the introduction of AVs (episode 500), the
previously stable system becomes unstable, exhibiting fluc-
tuating travel times with values higher than before. A simi-
lar phenomenon is observed in the Saint-Arnoult network:
when AVs are trained using MAPPO, the system-level av-
erage travel time displays variability as depicted in Figure
9.

In all the above-mentioned cases, the central issue high-
lighted in our position remains present: agents did not
converge to the optimal solution even after many episodes
(4¢), and during MARL training, the system was destabi-
lized (demonstrated as the variability of travel times on
Figure 5).

7. Conclusion

AVs are operating in cities worldwide, and MARL algo-
rithms can be applied to optimize their route choices. In
practice, the state-of-the-art MARL algorithms employed in
this paper need hundreds of episodes to converge to optimal
policies, even in trivial cases. The problem is amplified
when more realistic traffic dynamics are introduced in the
simulations. The current state of research on human route-
choice behavior lacks strict models, verified by extensive
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Table 2. Average travel times (in seconds) for each subgroup (AVs, humans, and both), with standard deviations within each subgroup in
parentheses. ‘Human system’ refers to rollouts up to the 200th episode, before the introduction of AVs. The remaining values (MARL,
Centralized) are calculated from aggregated results during the testing phase and averaged across repeated experiment folds. The lowest
travel times for each subgroup in each experimental setting are highlighted in bold.

SYSTEM OPTIMUM & USER EQUILIBRIUM

SUBOPTIMAL & USER EQUILIBRIUM

AVs HUMANS ALL AVs HUMANS ALL
HUMAN SYSTEM - 53.1 (13.1) 53.1 (13.1) - 65.9 (15.5) 65.9 (15.5)
IPPO 59.1(13.3) 55.9(21.1) 57.4 (18.2) 69.9 (13.3) 62.5(16.4) 65.9 (15.5)
MAPPO | 57.4 (12.0) 51.2(15.6) 54.0 (14.4) 69.9 (13.3) 62.6(16.4) 65.9 (15.5)
ISAC 72.1 (17.4) 171.5(26.9) 71.8 (23.1) 82.0(16.7) 61.0(15.4) 70.6(19.5)
MARL MASAC | 69.3 (15.3) 70.1 (24.7) 69.7 (21.1) 84.2 (18.0) 60.7 (15.5) 71.3(20.4)
QMIX 61.4 (14.6) 55.9(20.2) 58.4 (18.2) 84.5(16.6) 60.1(14.8) 71.2(19.9)
VDN 67.6 (14.8) 62.8 (23.0) 65.0 (19.8) 83.8 (18.1) 60.0 (14.4) 70.8 (20.2)
IDQN 56.7 (11.2) 50.6 (14.7) 53.4 (13.5) 69.9 (13.4) 62.5(16.4) 65.9 (15.5)
IPPO 65.3 (12.6) 74.1(30.4) 70.1 (24.4) 69.7 (13.4) 65.4(18.9) 67.4 (16.8)
MAPPO | 65.6 (12.2) 78.0(29.9) 72.3 (24.4) 69.8 (13.4) 65.5(18.9) 67.4 (16.7)
MARL ISAC 70.2 (16.8) 66.4 (23.9) 68.1 (21.1) 79.4 (17.9) 63.5(17.8) 70.7 (19.7)
(ADAPTATION) MASAC | 71.6 (17.4) 68.8 (26.8) 70.0 (23.1) 84.4 (17.9) 62.9(17.8) 72.7(20.9)
QMIX 65.4 (15.3) 58.4(19.9) 61.6 (18.3) 77.9 (17.8) 63.9(18.2) 70.3(19.4)
VDN 70.8 (16.2) 66.7 (23.6) 68.6 (20.7) 82.2(19.2) 62.8(17.7) 71.6(20.8)
IDQN 62.4 (13.9) 55.3(17.3) 58.5 (16.2) 72.4 (15.5) 64.8(18.8) 68.3(17.8)
CENTRALIZED IPPO 64.7 (10.6) 83.9 (30.3) 75.2 (25.3) 41.9 (8.0) 37.5(9.8) 39.5(9.3)
MAPPO | 64.7 (10.6) 83.9 (30.3) 75.2 (25.3) 69.9 (13.3) 62.5(16.4) 65.9(15.5)

data, limiting the realism of virtual simulations. Realis-
tic urban mobility simulators are lacking, and the training
episodes would likely need to be deployed directly in real
traffic systems, disrupting traffic networks. Needless to say,
such a disruption should be avoided at all costs. We hope our
contribution will spark discussions within the MARL com-
munity, encouraging collaboration between authorities and
the ML community to regulate autonomous collective rout-
ing. Such an experimental research program is needed
to ensure we fully exploit the opportunities of the new
technology (AVs) and algorithms to help us improve the
traffic in future cities.

8. Alternative Views

This section covers some alternative perspectives that could
challenge our position.

Authorities should not monitor ML-based routing algo-
rithms. One could argue that authorities do not need to
monitor ML-based routing algorithms, since cities already
manage infrastructure through traffic signals, congestion
pricing, and physical designs. Furthermore, the competitive
market incentivizes companies to develop efficient routing
tools to offer superior services to their users. While these
points are valid, history shows that markets may degener-
ate into vicious, degrading competition if left alone, espe-
cially when novel strategies, whose efficiency may involve

dumping, introducing chaos, etc., become available to group
players.

What if car companies would not apply ML for the rout-
ing policies of AVs? Artificial intelligence has already been
integrated into many aspects of our daily lives. As discussed
in Section 4, RL has already been applied to optimize ve-
hicle routing. It is therefore natural to expect that such
technologies will also be adopted by car companies.

What if reinforcement learning is not suitable for vehicle
routing? RL, as discussed in Section 4, is already regarded
as a viable solution for routing optimization. However, this
paper does not claim that MARL is the only method car
companies might adopt, but it argues that companies may
deploy a range of algorithmic approaches—some of which
could have even more detrimental effects on traffic flow.
This is why such routing algorithms must be monitored.

What if the limitations of the virtual environment are
specific to this study and could be resolved with better
design or tools? As discussed in Section 3.3, accurately
representing dynamic, multi-agent systems like traffic net-
works requires highly complex simulation environments.
In addition, modeling realistic traffic demand patterns in-
volves acquiring and handling data about real-world driver
behavior, which is often private and sensitive.
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A. Experiments

The experiments were conducted using the RouteRL framework (Akman et al., 2025d), employing version 0.0.1 for the
experiments on the TRY network and version 1.0.0 for the experiments on the Ingolstadt network. RouteRL is released
under the MIT License.

All experiments on the TRY network involve 200 policy updates, with each update consisting of 40 frames collected per
agent (interpreted as episodes or days). Training is performed for 10 epochs, using a minibatch size of 2, and the Tanh
activation function. The algorithm scripts are derived from the state-of-the-art (SOTA) implementations provided by the
TorchRL library (Bou et al., 2023). All experiments were conducted using version 0.3.0 of the open-source TorchRL library
to ensure reproducibility. In the experiment conducted on the Ingolstadt network, 4,000 frames were used with 800 policy
updates. The AVs were introduced into the traffic network from episode 500. The training was performed using 1 epoch and
a minibatch size of 32. All hyperparameters were consistent with those listed in Table 3.

Each experiment was replicated a different number of times, depending on the scenario. In the case of multiple simultaneously
routing AVs (described in Section 6.2 and shown in Figure 4(a, b)), each algorithm experiment had 10 replications for each
equilibrium. For the experiments investigating the minimum number of simultaneously routing AVs that can destabilize the
traffic network (described in Section 6.4 and shown in Figure 10), each algorithm was replicated for five independent runs
for each equilibrium. The experiments exploring the effects of non-determinism and centralization (described in Sections
6.6, 6.5 and shown in Figures 4c and 11) were conducted for 3 independent replications per setting. Hyperparameter
optimization was performed for each algorithm and setting (e.g., centralization) separately. The experiment scripts used in
this work are available at https://anonymous.4open.science/r/RouteRL_two_route_net-E7BB.

Table 3. Hyperparameters used in the experiments.

HYPERPARAMETER IDQN VDN QMIX MASAC ISAC MAPPO IPPO IPPO/MAPPO - CENTR
LEARNING RATE 1E-4 1E-2 1E-3 1E-5 1E-5 1E-5 1E-5 1E-4
MEMORY SIZE 1600 1600 1600 1600 1600 - - -

MAX GRADIENT NORM - 2 1.5 0.5 0.5 0.5 0.5 1.0

TAU - 1E-2 1E-2 5E-3 5E-3 - - -

GAMMA 0.9 0.85 0.95 0.98 0.99 0.99 0.99 0.85

LAMBDA - - - - - 1 1 0.9

CLIP EPSILON - - - - - 0.2 0.2 0.2

ENTROPY COEFFICIENT - - - - - 1E-4 1E-4 1E-3

Hardware. Our experiments were carried out on our institution’s computing nodes with resources allocated as listed in
Table 4.

Table 4. Summary of the hardware used for the experiments.

COMPONENT SPECIFICATION

CPU INTEL(R) XEON(R) GoLD 5122 CPU, 3.60GHz
GPU NVIDIA GEFORCE RTX 2080

RAM 40 GB ALLOCATED PER JOB

OPERATING SYSTEM  UBUNTU 24.04.1 LTS

JOB SCHEDULER SLURM

SUMO VERSION 1.18.0

Execution time. The experiment computation times depend on the MARL algorithm. We share the computation time of
some representative cases in Table 5.
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Table 5. Computation time of representative experiments in minutes.

TRAFFIC NETWORK  ALGORITHM RUNTIME

TRY IDQN ~64
TRY QMIX ~80
TRY VDN ~80
TRY IPPO ~200
TRY MAPPO ~200
TRY ISAC ~220
TRY MASAC ~220
INGOLSTADT IPPO ~7200

Overall, the experiments described in the paper required approximately 2,000 hours of computation. Full research required
up to twice as much computation in total, due to preliminary testing, errors, and our curiosity-driven exploration.

Plots. In all plots, except Figure 5, the lines represent the mean across multiple replications for each episode, and the error
bars indicate the standard deviation values. In Figure 3, the line depicts the mean across replications, while the error band
accounts for variations due to different agent start times and the use of various algorithms, as described in Section 6.1. All
plotted data smoothed using a moving average method with a window size of value 10.

B. SUMO

SUMO is the traffic simulator used in this study and is licensed under the Eclipse Public License Version 2.0 (EPL
V2). Throughout our experiments, SUMO operates under deterministic conditions, except Figure 4c, where we explic-
itly introduce non-determinism. Under deterministic settings, if all vehicles select the same routes across consecutive
iterations, their travel times remain identical across runs. In the SUMO screenshots below, red vehicles represent hu-
man drivers, and yellow vehicles depict AVs. The SUMO network file used to simulate the TRY network is available
in the anonymized repository at https://anonymous.4open.science/r/RouteRL_two_route_net—-E7BB,
under RouteRL/network_and_config, together with simulation videos in the videos directory.

L —

(a) System optimal user equilibrium (see Figure 1a).

(b) Suboptimal user equilibrium (see Figure 1b).

Figure 6. SUMO screenshots illustrate the network under the two distinct equilibria.

C. Equilibria of the human system

As illustrated in Figure 1(a,b), the system initially consists solely of human drivers. We assume that the first three agents are
human and are exogenously constrained in their route choices: they select route O in the system-optimal user equilibrium
and route 1 in the suboptimal user equilibrium. Due to the network design, the system-optimal equilibrium occurs when all
human agents choose route 0. In this configuration, total system travel time is minimized, and no agent can reduce their
individual travel time by unilaterally deviating from this route while others’ choices remain fixed. The resulting travel times
for all agents under this equilibrium are reported in Table 6.

Conversely, the suboptimal user equilibrium arises when all agents choose route 1, with the first three human agents fixed to
that route. Although this equilibrium is stable under unilateral deviations, it yields higher total travel time compared to the
system-optimal configuration. The corresponding agent travel times are summarized in Table 6.

Below is the equation defining the route choice in the human adaptation case. Let X ~ Uniform(0, 1) and let e = 0.1. The
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Table 6. Individual travel times of human agents under the system-optimal and suboptimal equilibria (SUMO random seed = 23).

Human agents ~ System optimal- User equilibrium  Suboptimal - User equilibrium

Human agent 1 0.68 0.85
Human agent 2 0.68 0.87
Human agent 3 0.72 0.92
Human agent 4 0.75 0.95
Human agent 5 0.83 1.03
Human agent 6 0.85 1.03
Human agent 7 0.87 1.08
Human agent 8 0.90 1.13
Human agent 9 0.93 1.2
Human agent 10 0.98 1.25
Human agent 11 1.00 1.27
Human agent 12 1.00 1.28
Human agent 13 1.05 1.37
Human agent 14 1.08 1.4
Human agent 15 1.12 1.43
Human agent 16 1.18 1.52
Human agent 17 1.25 1.6
Human agent 18 1.27 1.62
Human agent 19 1.28 1.63
Human agent 20 0.48 0.68
Human agent 21 0.53 0.68
Human agent 22 0.65 0.8

action a € {0, 1} is chosen according to

*

1—a* ifX <eg,
a =
a*, otherwise,

where a* = 0 for the system-optimal user equilibrium and a* = 1 for the suboptimal user equilibrium.

D. Ingolstadt network experiment

The Ingolstadt network consists of 850 links, with demand data sourced from InTAS (Lobo et al., 2020) and used in the
RESCO benchmark (Ma & Wu, 2020). This demand includes 1,000 agents. In our experiments, we consider that 400 human
agents transition to using AVs in episode 500, each learning to select the optimal path from four available alternatives. These
alternative paths are generated using Janux software (Akman, 2025), which is integrated into the RouteRL framework. As
shown in Figure 5, the system remains stable when only humans are present, with a constant average travel time. However,
starting at episode 500, the introduction of AVs increases variability in human drivers’ travel times.

E. Saint-Arnoult network results

In this section, we include additional results originally reported in (Akman et al., 2025a). The authors simulated 100%
market penetration of an AV fleet on the real-world traffic network of Saint-Arnoult (Figure 8) with a total of 222 agents.
The results illustrated in Figure 9 show the case where AVs are trained with MAPPO and cooperative rewards to minimize
the average daily CAV travel times. The resulting training instability observed consistently across seeded repetitions aligns
with our findings and further reinforces our position.

F. Theoretical challenges of the MARL algorithms applied in this paper

This section outlines the theoretical barriers to the convergence of the MARL algorithms employed in this paper. Although
empirical performance is often emphasized in MARL, for example in (de Witt et al., 2020; Mei et al., 2023), theoretical
convergence guarantees are often lacking. Moreover, in recent benchmarks, agents are trained for millions of timesteps
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Figure 8. Saint-Arnoult traffic network from the URB dataset (Akman et al., 2025b), which consists of 1115 nodes (intersections) and
2397 links.

(de Witt et al., 2020; Papoudakis et al., 2021).

In IL methods, such as IDQN, each agent treats others as part of the environment. This breaks the Markov assumption and
leads to non-stationarity, as the transition dynamics P(s’|s, a;) are no longer fixed, due to the evolving policies of other
agents. As a result, even though IDQN is a baseline used in MARL problems that often works well in practice, it lacks
theoretical convergence guarantees (Papoudakis et al., 2021; Foerster et al., 2017; Lowe et al., 2017).

Value factorization algorithms, such as VDN and QMIX assume that the joint action-value function Q:.:(s,a) can be
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Mean CAV Travel Times per Episode
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Figure 9. Introducing AVs on the Saint-Arnoult network (222 agents with trips between 215 unique origin-destination pairs) leads to
variability in the system travel times during training with the MAPPO algorithm.

decomposed into individual functions Q;(s, a;), either additively (VDN) or under monotonicity constraint (QMIX). This
assumption is violated in many coordination tasks, especially those evolving non-monotonic utility landscapes (Mahajan
et al., 2019). However, this property does not guarantee non-convergence. As far as the SAC algorithm is concerned, prior
work has proposed a method to reduce the variance and address the credit assignment problem that arises in the multi-agent
setting (Igbal & Sha, 2019).

G. Cumulative time difference

The cumulative travel time difference denotes the average time loss experienced by an agent from mutation to the final
episode, under the assumption that, without mutation, the agent would follow the policy observed in the last pre-mutation
episode. Positive cumulative travel time differences, i.e., ¢; > 0, mean that, on average, human agents after mutation
experience longer travel times; thus, the impact of AV introduction on them is negative. This occurred in the system’s
optimal user equilibrium scenario for each algorithm tested. In the suboptimal user equilibrium, ¢; < 0 for each algorithm.
This means that human agents experience shorter travel times than before the introduction of AVs. This can be attributed to
the fact that humans follow the priority route (route 1), and these values are negligible.

Table 7. Cumulative travel time differences (in hours) with standard deviations between experiment replications for each user equilibrium
and algorithm. The lowest cumulative travel time differences are highlighted in bold.

ALGORITHM | SYSTEM OPTIMUM & USER EQUILIBRIUM ~ SUBOPTIMAL & USER EQUILIBRIUM

IPPO 12.87 (7.17) -0.21 (0.09)
MAPPO 11.80 (3.72) -0.19 (0.16)
ISAC 33.33 (0.19) -4.77 (0.04)
MASAC 33.27 (0.39) -4.78 (0.04)
QMIX 36.20 (12.66) -3.95 (1.47)
VDN 32.88 (0.92) -4.72 (0.07)
IDQN 35.76 (4.63) -4.04 (0.34)

Let H be the set of all agents that do not mutate to AVs. Let [N be the number of experiment replications and E the number
of episodes. For each experiment ¢ = 1,..., N and episode e = 1, ..., E, we annotate travel time by ¢’ ,. Let . describe
the average travel time of agents from # for each episode e and experiment %:

o 1 i
te - m Z te,h,'

heH
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For each MARL algorithm and user equilibrium, the cumulative travel time difference ¢, is given by the following formula:
E
=) Y (e —Th),

1=1e=1

where £, stands for the average travel time of agents H in the last episode before the mutation in the i-th experiment, i.e.

. 1 ,
by = ] Z b -

heH

where 1h stands for the last episode before introducing AVs. For each algorithm and each equilibrium, we conducted 10
experiment replications. The set H contains 12 human agents. Mutation began in the 201st episode, and experiments
continued until episode 8300. The values in Table 7 are cumulative travel time differences and the standard deviations over
experiments.

H. Critical fleet analysis

Figure 10 shows that, even when a small number of AVs (2-5) learn optimal routing strategies simultaneously, they may fail
to converge to the optimal solution after 1,000 days of training.

IPPO suboptimal user equilibrium s [DQN suboptimal user equilibrium mmmm [SAC suboptimal user equilibrium
IPPO system optimal user equilibrium = = ® [DQN system optimal user equilibrium = = = ISAC system optimal user equilibrium

mmmm Optimal Choice

IPPO IDQN ISAC

0.5

Fraction of AVs
choosing optimal action

0.0

2 3 4 5 2 3 4 5 2 3 4 5
Number of agents Number of agents Number of agents

Figure 10. With an increasing number of agents, a fraction of those who learn the optimal policy decreases, achieving similar efficiency to
random choice (equilibrium 0: system optimal - user equilibrium - Figure 1a, equilibrium 1: suboptimal user equilibrium - Figure 1b).
This appears to happen with as few as four agents for some of the tested algorithms (ISAC, IDQN) that failed to converge in Figure 4.

1. Limitations of the centralized case

In the TRY network, the centralized variant of IPPO can accelerate convergence under the Suboptimal User Equilibrium,
reducing the time required to reach the optimal solution, as demonstrated in Figure 11b. However, under the System Optimal
User Equilibrium, the centralized approach converges to a suboptimal solution even after long training, showcasing its
limited effectiveness in improving convergence (see Figure 11a).

Another limitation of centralized approaches is their limited scalability with respect to the number of agents and available
actions (Sunehag et al., 2017). Specifically, in real-world traffic scenarios, such as the Berlin SUMO Traffic (BeST)
scenario, introduced in (Schrab et al., 2023), there are more than two million daily vehicle trips distributed over across more
than 70,000 distinct routes. At this scale, centralized control or learning becomes computationally infeasible, as the joint
state-action space grows exponentially with the number of agents.
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a) System optimal - User equilibrium b) Suboptimal - User equilibrium
R —— ==

1.0

.O
9

— IPPO
— [PPO-centr
== (Optimal Choice

Fraction of AVs choosing

the optimal action

o
=)
o

=== End of AV learning phase

1
2000 4000 6000 8000 200 400 600 800 1000

Episodes (days) Episodes (days)

Figure 11. In the System Optimal User Equilibrium case (a), the centralized IPPO converges to the suboptimal solution, showing the
limitations of the centralized case. This contrasts with the result shown in (b), where the centralized version of IPPO can accelerate
convergence, reducing the time required to reach an optimal solution. However, this reduction is for a few days.

J. Results for smaller AV fleets

Figure 12 shows the outcomes of testing episodes under different AV population sizes, highlighting the fraction of AV agents
that converge to the optimal solution. The figure reveals that multiple algorithms fail to reach the optimal policy.
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Figure 12. Results (last 100 episodes—testing phase) of the randomly sampled simulations for smaller fleet sizes. Several algorithms
failed to find the optimal solutions and performed worse as the number of AVs in the system increased.
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K. Mean rewards
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(c) Monotonic value function factorisation (QMIX) (d) Multi-agent proximal policy optimization (MAPPO)
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Figure 13. Mean rewards of AV agents, human agents, and both combined under the System Optimal User Equilibrium of one experiment
seed. The initial 200 episodes of the simulation represent the human learning phase. The mutation event at episode 200 initiates the
training of AV agents using different MARL algorithms and marks the end of the human learning phase. The testing phase corresponds
to the last 100 episodes. Notably, IPPO, MAPPO, and IDQN algorithms converge after 8000 episodes to the lowest average reward,
while other algorithms either stabilize at higher reward values or exhibit variability during training. The episodes in these plots do not
correspond to policy updates (see Appendix Section B).
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Figure 14. Mean rewards of AV agents, human agents, and both combined in the Suboptimal User Equilibrium under a specific
experiment seed. IPPO, MAPPO, and IDQN achieve the lowest average rewards in the testing phase, and during training, their rewards
are less variable than those of the other algorithms. The rewards in this scenario are higher than those in 13, as the system is under the
Suboptimal User Equilibrium.
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Figure 15. Action shifts of AV and human agents under the System Optimal User Equilibrium. The plots show the number of human
agents and AVs that choose routes 1 and 0, respectively. Among the algorithms, IPPO converges the fastest to the optimal solution, where
all AV agents select route 0. MAPPO and IDQN also converge to this solution, but require additional episodes. The remaining algorithms

settle on suboptimal solutions.
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Figure 16. Action shifts of AVs and human agents in the suboptimal user equilibrium. The plots illustrate the number of human agents
and AVs selecting routes 0 and 1. Among algorithms, IPPO and MAPPO converge even faster to the optimal solution than in the
system-optimal user equilibrium scenario, as this equilibrium is more stable. IDQN required longer training to converge to the optimal
solution. The remaining algorithms converge to suboptimal solutions.
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