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Abstract

While autonomous vehicles have achieved reli-
able performance within specific operating re-
gions, their deployment to new cities remains
costly and slow. A key bottleneck is the need
to collect many human demonstration trajecto-
ries when adapting driving policies to new cities
that differ from those seen in training in terms of
road geometry, traffic rules, and interaction pat-
terns. In this paper, we show that self-play multi-
agent reinforcement learning can adapt a driv-
ing policy to a substantially different target city
using only the map and meta-information, with-
out requiring any human demonstrations from
that city. We introduce NO data Map-based
self-play for Autonomous Driving (NOMAD),
which enables policy adaptation in a simulator
constructed based on the target-city map. Us-
ing a simple reward function, NOMAD sub-
stantially improves both task success rate and
trajectory realism in target cities, demonstrat-
ing an effective and scalable alternative to data-
intensive city-transfer methods. Project Page:
https://nomaddrive.github.io/

1. Introduction
Autonomous vehicles have improved dramatically over the
past few years and now outperform humans in certain envi-
ronments (Kusano et al., 2025; Di Lillo et al., 2024). How-
ever, they still operate reliably in only a small fraction of
the global road network (Waymo, 2025b). For many cur-
rent deployments, scaling and expansion remain a gradual,
city-by-city effort (Waymo, 2025a). This is mainly because
different cities, especially those in different countries or
continents, vary in road geometry, traffic rules, and interac-
tion patterns, i.e., the spatiotemporal behaviors induced by
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Figure 1. City transfer in autonomous driving. Top: Zero-shot
deployment of an imitation policy trained in a source city into a
new city leads to performance degradation due to cross-city distri-
bution shift. Bottom: NOMAD adapts the same policy to the tar-
get city using only the target-city map and easily accessible meta-
information, without any human demonstrations, by performing
map-based self-play multi-agent reinforcement learning in a sim-
ulator of the new city. This adaptation substantially improves the
policy’s success rate and realism in the new city.

road topology, intersection design, and traffic density (Sun
et al., 2023; Li et al., 2024a; Vasudevan et al., 2025). As a
result, models trained with imitation learning in one city
may exhibit degraded performance when deployed else-
where (Feng et al., 2024), leading to passenger discomfort
or even unsafe driving (Yasarla et al., 2025).

Current deployment pipelines address this problem by col-
lecting new human demonstrations in target cities and fine-
tuning policies on the new data (Leussink & Freed, 2025).
However, this approach is slow and expensive, and hinders
rapid expansion. If human demonstrations were not needed
for geographic expansion, we could substantially reduce
both the cost and the time needed to deploy autonomous
vehicles at scale. This motivates a fundamental question:

Can we adapt driving policies to new cities without
collecting additional human demonstrations from them?

Fortunately, although collecting driving trajectories in new
cities is resource intensive, other forms of city information
are more readily accessible. In particular, the lane-level
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map and traffic meta-information, such as speed limits and
traffic density, are prevalent and inexpensive.

Motivated by this observation, we introduce NO data Map-
based self-play for Autonomous Driving (NOMAD). As il-
lustrated in Figure 1, NOMAD first constructs a simula-
tor of the target city using its lane-level map and readily
available traffic meta-information, such as speed limits and
traffic density. This design is motivated by the hypothe-
sis that much of the disparity in optimal driving behav-
ior across cities is determined at the map level. A pol-
icy trained via imitation learning in the source city is then
adapted through self-play multi-agent reinforcement learn-
ing (self-play MARL) within this simulator. During self-
play, the policy interacts with other agents and explores
feasible maneuvers and interaction dynamics induced by
the target-city map, thereby acquiring experience that ef-
fectively substitutes for target-city demonstrations. Im-
portantly, the adaptation relies on a simple reward func-
tion, avoiding city-specific reward engineering or manual
tuning. We achieve it by anchoring the adaptation to the
source-city policy via KL regularization, which preserves
the behavioral prior learned from real human driving data
in the source city while allowing deviations only where
required by the target-city map and interaction structure.
This selective adaptation substantially improves both suc-
cess rate and behavioral realism in the target city.

Extensive closed-loop experiments demonstrate that NO-
MAD substantially improves zero-shot policy performance
in unseen cities without relying on target-city human tra-
jectories or complex reward engineering. In the Boston-to-
Singapore transfer setting, NOMAD increases the success
rate from 42% under zero-shot transfer to over 90%, while
simultaneously improving trajectory realism from 0.679 to
approximately 0.765, as measured by the WOSAC (Mon-
tali et al., 2023) realism metric in closed-loop evaluation.
Furthermore, selected checkpoints produced by NOMAD
form a Pareto frontier over success rate and realism, with
each frontier checkpoint representing the best achievable
policy for a particular success–realism trade-off. This en-
ables practitioners to select deployment policies based on
problem-specific requirements. We also conduct system-
atic analyzes of NOMAD, including the role of behav-
ioral priors, the necessity of target-city map, comparison
against policy with target-city demonstration access, gen-
eralization across diverse cities, and a sensitivity study on
KL regularization strength. Overall, these results indicate
that NOMAD substantially narrows cross-city generaliza-
tion gaps, supporting scalable deployment of autonomous
driving systems across diverse environments and highlight-
ing the promise of self-play MARL for improving safety
and robustness.

2. Related Work
2.1. Large-Scale Deployment of Autonomous Driving

Recent large-scale advances in autonomous driving have
been driven by three complementary paradigms: the in-
corporation of Large Language/Vision-Language Models
that leverage rich world knowledge to handle corner cases
and improve generalization (Shao et al., 2024; Sima et al.,
2024; Tian et al., 2024; Renz et al., 2025; Fu et al., 2025);
World Models that act as data engines generating diverse
traffic scenarios for training and evaluation (Hu et al., 2023;
Russell et al., 2025; Ren et al., 2025; Wang et al., 2024);
and simulation at scale providing infrastructure for closed-
loop training and validation (Dosovitskiy et al., 2017; Mon-
tali et al., 2023; Caesar et al., 2021; Cao et al., 2025). How-
ever, a critical barrier remains: robustness under domain
distribution shift. While early efforts addressed percep-
tion shifts across weather and sensor conditions (Sakaridis
et al., 2018; Michaelis et al., 2019; Muhammad et al.,
2022; Li et al., 2024b; Jeon et al., 2024), these scalable
paradigms do not fully eliminate the need for explicit adap-
tation to new cities, where road geometry, traffic rules, and
interaction patterns vary significantly—motivating the city-
transfer setting discussed next.

2.2. City Transfer of Autonomous Driving

Transferring policies across diverse cities presents a more
specific challenge. Vasudevan et al. (2025) demonstrate
significant behavioral differences among different cities in
the nuPlan dataset. UniTraj (Feng et al., 2024) shows that
even state-of-the-art trajectory prediction models trained
with large datasets struggle to generalize to new cities. Ad-
ditionally, Yasarla et al. (2025) show that L2 error and col-
lision rate both increase substantially when planners are
transferred zero-shot to a new city.

These findings motivate the need for explicit cross-city
adaptation mechanisms. TeraSim-World (Wang et al.,
2025) proposes a pipeline to generate driving scenarios
worldwide using the Cosmos-Drive world model (Ren
et al., 2025). However, this approach still depends on world
models that may not generate accurate scenarios for un-
seen cities. As an alternative, Vasudevan et al. (2025) pro-
pose AdaptiveDriver, a rule-based planner that adapts its
behavior in new cities via interactions with a learned re-
active world model. While their approach shows modest
generalization to held-out cities within nuPlan, it still re-
quires logged trajectories to calibrate the reactive world
model in the new cities. Furthermore, the world model
relies on IDM’s (Kesting et al., 2010) single-agent car-
following formulation, which limits the planner’s ability to
reason about complex multi-agent interactions. Moreover,
RoCA (Yasarla et al., 2025) improves cross-domain robust-
ness of end-to-end planners via a GP-based probabilistic to-
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ken model and uncertainty-guided adaptation, achieved by
prioritizing the most informative target data for finetuning.
As another avenue to consider, LLaDA (Li et al., 2024a)
uses Large Language Models to interpret text-based traffic
codes and correct plan violations. While effective for ex-
plicit constraints like traffic rules, this approach struggles
to capture geometry-dependent dynamics that are crucial
for smooth trajectory planning but not formally codified in
text. Although Wayve (2025) shows that large-scale foun-
dation driving models can enable zero-shot transfer when
the target city lies close enough to the training distribu-
tion, demonstration collection is necessary for cities with
distinctly different traffic patterns. In contrast, NOMAD
enables city transfer without collecting any logged trajec-
tories from the target city. It adapts driving policies through
experience gathered via self-play in simulator constructed
from target-city map and meta-information, avoiding re-
liance on learned world models, target-city demonstrations,
or industrial-scale training pipelines.

2.3. Self-Play for Autonomous Driving

Self-play is a powerful paradigm for training agents by al-
lowing policies to improve through interactions with copies
of themselves. CoPO (Peng et al., 2021) uses coordinated
policy optimization to simulate self-driven particle systems
in traffic by enabling agents to dynamically shift between
cooperative and competitive behaviors. More recently,
Cusumano-Towner et al. (2025) demonstrate that robust
and naturalistic driving can emerge from self-play. A key
challenge in self-play for driving, however, is maintaining
human-like behavior while optimizing for task completion.
Cornelisse & Vinitsky (2024) address this by regularizing
self-play against a human reference policy. They also show
that scaling self-play across thousands of Waymo scenar-
ios yields reliable agents with over 99% goal completion
and minimal collisions (Cornelisse et al., 2025). Simi-
larly, SPACER (Chang et al., 2025) introduces a self-play
framework that stabilizes RL training by anchoring decen-
tralized agents to a centralized reference policy, mitigat-
ing non-stationarity while enabling human-like behavior
learning. Beyond trajectory planning, self-play has been
applied to asymmetric scenario generation (Zhang et al.,
2024), where a teacher policy learns to create challenging
yet solvable scenarios for a student, and to natural language
communication for cooperative driving (Cui et al., 2025).
While prior self-play methods target robustness and realism
within a single domain, NOMAD repurposes self-play for
cross-city transfer. By conducting self-play in map-based
simulators of the target city, NOMAD enables adaptation
without any target-city demonstrations.

3. Preliminaries and Problem Formulation
We model a target city C as a distribution over its map
and traffic scenarios, C = (MC ,ΞC). Specifically, we
sample a map segment m ∼ MC , namely road lay-
out and traffic direction, from a given region of the tar-
get city. Conditioned on m, we then sample a scenario
ξ = (s0, {gi}N−1

i=0 ,m) ∼ ΞC(·|m), which specifies num-
ber of agents N , the initial state s0, goal positions for all
agents {gi}N−1

i=0 , and the map segment m. Given a traf-
fic scenario ξ, rolling out a policy π produces a trajectory
τ ∼ qπ(·|ξ), where qπ(·|ξ) denotes the trajectory distri-
bution induced by π in closed loop. We evaluate the per-
formance of policy π with two metrics, success rate and
realism, that are broadly accepted by the community (Li
et al., 2022; Montali et al., 2023; Cornelisse* et al., 2025;
Cusumano-Towner et al., 2025).

Success rate is the probability of a given vehicle reaching
the goal-centered neighborhood within the horizon H:

S(π,C) := Eξ∼ΞC

[
Eτ∼qπ(·|ξ) [1(∃t ≤ H : d(pt, g) ≤ ϵ)]

]
,

(1)
where pt and g are the ego position at time t and the goal
position, respectively. 1(·) is the indicator function. And ϵ
is the error tolerance in reaching the goal.

Realism measures how well generated trajectories match
the actual distribution of real-world driving behavior. Be-
cause the true distribution of real-world driving is un-
known, we estimate realism using the likelihood of logged
human trajectories under the trajectory distribution induced
by π. Formally, we define:

R(π,C) := Eξ∼ΞC

[
Eτ∼p(·|ξ) [log qπ(τ |ξ)]

]
, (2)

where p(τ |ξ) denotes the distribution of logged human tra-
jectories in the scenario ξ. Importantly, this realism metric
requires access to target-city human trajectories only for
evaluation. These trajectories are never used during train-
ing or adaptation, and serve solely as an offline benchmark
for assessing behavior realism. Overall, we evaluate the
policy π in city C by a multi-objective score

J(π,C) = (S(π,C),R(π,C)). (3)

City adaptation without demonstrations. Let π0 be a
planner trained using source-city data (e.g., via behavior
cloning) and deployed zero-shot in target city C. Given
target-city priors (the map MC and meta-information IC
such as speed limits and traffic density), but no target-city
demonstrations, our goal is to learn a set of adapted poli-
cies:

Π+(C) = Adapt(π0;MC , IC) = {π+(1), . . . , π+(N)}
(4)
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that offer improved success–realism trade-offs in the target
city. Namely, Π+(C) should contain policies that Pareto-
dominate the zero-shot baseline:

∃π+ ∈ Π+(C) s.t. J(π+, C) ≻ J(π0, C), (5)

where ≻ indicates Pareto dominance. In practice, Π+(C)
contains multiple candidate policies (e.g., checkpoints),
from which we extract an empirical Pareto frontier. Ideally,
we aim to expand the achievable Pareto frontier in the tar-
get city, yielding improved trade-offs across a wide range
of success–realism preferences.

Deployment. At deployment time, a practitioner selects
a single policy πdeploy ∈ Π+(C) according to application-
specific preferences (e.g., prioritizing success rate or trajec-
tory realism), corresponding to choosing an operating point
along the induced Pareto frontier.

4. Multi-Agent Interaction Model
We formulate city adaptation problem as a partially ob-
servable stochastic game (POSG) (Hansen et al., 2004)
defined by the tuple (N,S,A,O, P, Z, r,H, γ, b0), where
each agent in the game is indexed by i ∈ {0, 1, · · · , N−1},
and S is the set of possible states. P is the state tran-
sition function, deciding the probability of the next state
st+1 via joint action at at the state st. For agent i, Ai

and Oi are the set of possible actions and observations,
respectively. Zi(oit|st, at, st+1) is the observation func-
tion. ri(st, at, st+1) is the scalar reward function. γ is
the discount factor and b0 is the probability of initial state
s0. We focus on homogeneous agents: all vehicles share
the same observation space, action space, and reward func-
tion. This symmetry naturally supports a shared-parameter
policy, which we exploit for scalable self-play training.

Observation space. At each timestep, each dynamic vehi-
cle i receives a partial observation oit consisting of its lo-
cal ego state (e.g., velocity and goal) and a limited-range
perception of nearby vehicles and road information (e.g.,
edges and lanes in a neighborhood). To facilitate learn-
ing and support parameter sharing, all observations are ex-
pressed in an ego-centric coordinate frame .

Action space. We adopt decentralized, memoryless poli-
cies π(ait|oit), where temporal information such as velocity
is encoded directly in the observation. At each step, the
policy predicts discrete action increments in position and
heading, ait = (δix, δ

i
y, δ

i
h). These increments are defined in

the ego vehicle’s coordinate frame and are deterministically
applied using kinematic pose updates. Each action dimen-
sion is bounded and uniformly discretized into multiple
bins. A discretized action space improves training stabil-
ity during reinforcement learning and supports multi-modal
behavior naturally during imitation learning. In addition, it
respects vehicle motion constraints and is commonly used

in trajectory prediction and planning tasks (Philion et al.,
2024; Cornelisse & Vinitsky, 2024; Wu et al., 2024; Zhang
et al., 2025).

Reward function. Reward design in autonomous driv-
ing is non-trivial due to the difficulty of balancing safety,
progress, and other factors (Knox et al., 2023). More-
over, precise reward engineering often requires substan-
tial iterative tuning (Wurman et al., 2022) and can be brit-
tle under transfer, since optimized policies may overfit to
environment-specific reward proxies or simulator details,
leading to degraded performance under distribution shift
(Zhang et al., 2018; Pan et al., 2022). To demonstrate that
NOMAD’s effectiveness stems from the adaptation frame-
work itself rather than reward tuning, we deliberately adopt
a minimal reward formulation:

ri(st, at, st+1) = wg1Gi(st+1)+wc1Ci(st+1)+wo1Oi(st+1)

(6)
where 1(·) is the indicator function. Gi(st), Ci(st), and
Oi(st) represent if the goal is reached, a collision occurs,
and the car drives offroad for agent i at timestep t, respec-
tively. wg , wc, and wo are corresponding weights, set as
1.0, −0.75, and −0.75, respectively, in all experiments.

5. NOMAD
We now introduce NO data Map-based self-play for
Autonomous Driving (NOMAD), which leverages map-
based simulation and self-play MARL to adapt a driving
policy to a new city without target-city demonstrations.

5.1. Overview

Figure 2 provides an overview of NOMAD. Let C be the
city we want to transfer to, assuming the target-city map
MC and the city-specific meta-information IC are accessi-
ble. IC consists only of coarse information that is typically
known a priori (e.g., speed limits and traffic density). Im-
portantly, IC is global to the city, independent of the spe-
cific map segment m, and low-dimensional, and thus does
not require any trajectory data or city-specific learning.

Based on this, we construct a scenario generator
Ξφ(ξ|m, IC) with a learned or heuristic generic param-
eter φ to approximate the true distribution of scenarios
ΞC(ξ|m) in city C. The generator is used only to sample
initial agent states and goal locations; it does not gener-
ate expert trajectories, driving behaviors, or policies. Any
method that samples initial states and goals from the map
can be used, and NOMAD, which focuses on map-based
self-play rather than scenario generation, is agnostic to the
specific scenario generation procedure. The generated sce-
narios ξ = (s0, {gi}N−1

i=0 ,m) are next loaded into a multi-
agent data-driven autonomous driving simulator like GPU-
Drive (Kazemkhani et al., 2025), Waymax (Gulino et al.,
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Figure 2. NOMAD overview. Starting from a source-city imitation policy π0, NOMAD adapts it to a target city C using map segments
m ∼ MC and meta-information IC . A scenario generator samples initial states and goals that are loaded in a data-driven multi-agent
simulator, yielding a simulator of C. The policy πθ is initialized from π0 and optimized via KL-regularized self-play MARL. Training
checkpoints produce an adapted policy set Π+(C), from which a deployment policy πdeploy is chosen based on practitioner preferences.

2023), or Nocturne (Vinitsky et al., 2022), yielding a simu-
lator of the target city C.

Starting from an imitation learning policy π0 from the
source city, we initialize a policy πθ and adapt it to the tar-
get city through KL-regularized self-play within the simu-
lator. Training produces a set of adapted policies Π+(C)
that achieve Pareto improvements over the zero-shot pol-
icy π0. At deployment time, practitioners select a policy
πdeploy ∈ Π+(C) along the induced Pareto frontier based
on their preferences over success rate and realism.

5.2. Policy Adaptation via Regularized Self-Play
NOMAD solves the POSG described in Section 4 with reg-
ularized self-play. By requiring all agents to share a single
policy πθ(at|ot) parameterized by θ, we can scale RL train-
ing to dense urban environments more effectively since the
number of parameters is independent of the number of ve-
hicles controlled. In addition, it also boosts training ef-
ficiency by allowing a single policy to learn from the di-
verse experiences collected by all agents simultaneously.
We train πθ with independent PPO (IPPO) due to its sim-
plicity and efficacy (De Witt et al., 2020; Yu et al., 2022).
IPPO treats each agent as an independent learner that opti-
mizes a standard PPO objective,

max
θ

JPPO(θ) = E(o,a)∼πθold

[
min

(
πθ(a|o)
πθold(a|o)

Aπθold
(o, a),

clip
(

πθ(a|o)
πθold(a|o)

, 1− ϵ, 1 + ϵ

)
Aπθold

(o, a)

)]
,

(7)

using its own local observations and rewards, modeling the
other agents as part of a non-stationary environment.

Given our minimal reward formulation, optimization with-
out regularization could yield policies that complete goals
but deviate from human-like driving patterns. To retain
useful knowledge from the source city and mitigate reward
hacking, we regularize the learned policy toward the prior
π0 using reverse Kullback–Leibler divergence. This choice
penalizes assigning probability mass to actions deemed un-
likely by the prior, thereby discouraging unnatural driving
while allowing selective adaptation when required by the
target city. The regularized objective is:

max
θ

J(θ) = JPPO(θ)

−λKL · Eπθ

[
1

H

H−1∑
t=0

DKL

(
πθ(·|ot) ∥π0(·|ot)

)]
,

(8)

where DKL is the KL divergence and λKL is a regulariza-
tion weight, whose effects we analyze in Section 7.6.

6. Experimental Setup
Datasets and Simulator. We use nuPlan (Caesar et al.,
2021), a large-scale dataset collected from the U.S. and
Singapore. NuPlan stores the scenarios separately by cities
and provides cross-continental coverage, which enables
studying city transfer under large distribution shifts. For
instance, Singapore and U.S. cities like Boston and Pitts-
burgh differ both in road topology and traffic handedness.
In our experiments, we randomly select 4,000 traffic sce-
narios for each city, partitioned into 3,200 for training and
800 for test. For closed-loop traffic simulation, we use
GPUDrive (Kazemkhani et al., 2025), a GPU-accelerated
data-driven simulation tool suitable for fast and efficient
RL training. We converted the nuPlan dataset into the for-
mat supported by GPUDrive, with 9-second scenarios dis-
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cretized at 10 Hz.

Scenario Generation. We use a heuristic scenario gen-
erator Ξφ(·|m, IC) conditioned on the map, speed limits,
and traffic density to produce feasible and realistic spawn
and goal points for self-play simulation in the target city.
For each map segment, we generate K = 8 distinct scenar-
ios, yielding a total of 3,200 × 8 = 25,600 unique traffic
scenarios for training.

Metrics. Evaluation is based on two core metrics, suc-
cess rate and realism, defined in Section 3. For re-
alism, we adopt the Waymo Open Sim Agents Chal-
lenge (WOSAC) evaluation metric (Montali et al., 2023).
WOSAC aggregates weighted components over kinemat-
ics (e.g., speed and acceleration), interaction features (e.g.,
time-to-collision and collisions), and map compliance (e.g.,
road departures).

Training details and baselines. Our main experiments fo-
cus on policy transfer from Boston to Singapore, as this
pair involves two different continents with differences in
driving side road geometry, and traffic rules. We report the
results for other city pairs in Section 7.5, however, unless
stated otherwise, the results refer to a Boston-to-Singapore
transfer by default. For the zero-shot baseline π0, we train
a trajectory planning model using behavior cloning (BC)
using cross-entropy loss with trajectories from the source
city. We also train its counterpart in the target city for com-
parison. Additional baselines include random and constant
velocity policies, along with an oracle from logged demon-
strations. We also report several diagnostic variants, in-
cluding a variant with additional supervision beyond NO-
MAD. During adaptation, we initialize the network back-
bone and the actor head of πθ with π0 but learn the critic
head from scratch. We set the interaction budget as 1 bil-
lion (approximately three days on a single NVIDIA A100)
in all experiments to ensure a plateau of both the realism
meta score and success rate.

7. Results
7.1. Main Results
Figure 3 (a) visualizes the empirical Pareto frontier of suc-
cess rate versus realism meta score across different train-
ing checkpoints throughout self-play training in Boston-
to-Singapore transfer . Each point represents an adapted
policy (checkpoint) π+ ∈ Π+(C) with the color shade in-
dicating the number of interaction steps since the begin-
ning of training. The yellow star denotes π0, while the
lime star shows behavior cloning using Singapore data. The
modest performance of behavior cloning with 3,200 Singa-
pore scenarios reflects the inherent data demands of imi-
tation learning: empirical scaling analyzes in autonomous
driving show that imitation-based policies are quite data
hungry, with robustness and generalization improving only

with substantially larger and more diverse datasets, while
compounding errors dominate at smaller scales (Baniodeh
et al., 2025) . By contrast, NOMAD achieves better suc-
cess–realism trade-offs even without demonstrations in the
target city, indicating that map-based self-play can be a
more effective adaptation strategy than imitation on limited
data even when some target-city trajectories are available.

Interestingly, the resulting Pareto frontier forms a clear up-
per envelope and dominates both the zero-shot transfer pol-
icy π0 and behavior cloning trained on 3,200 Singapore
scenarios. This dominance spans the entire spectrum of
success–realism trade-offs, which means that regardless of
the desired balance between these two objectives, NOMAD
offers a policy that outperforms both baselines in both met-
rics simultaneously. This means that practitioners may se-
lect a deployment policy πdeploy anywhere along this fron-
tier, from conservative settings that prioritize realism to ag-
gressive settings that maximize task completion, while still
benefiting from substantial improvements over zero-shot
transfer. Surprisingly, the observed trade-off between suc-
cess rate and realism is mild: substantial gains in success
rate are achieved with only marginal reductions in realism
(a 7-percentage-point gain in success rate corresponds to
only a 0.012 decrease in realism). Therefore, in practice,
one can simply select the checkpoint with the highest suc-
cess rate, without requiring target-city trajectories to esti-
mate realism meta scores.

To ground the frontier visualization with concrete values,
Table 1 reports the success rate and realism meta score of
representative baselines, the oracle policy, and the range
spanned by the NOMAD Pareto frontier. NOMAD con-
sistently achieves superior success–realism trade-offs com-
pared to zero-shot transfer and other baselines, approach-
ing the expert-derived upper bound without access to any
target-city demonstrations.

Table 1. Success rate and realism meta score for representative
baselines and NOMAD in closed-loop evaluation for Singa-
pore. πexpert

d denotes an oracle policy obtained by inferring actions
from logged expert trajectories and discretizing them to match the
action space; its realism meta score serves as an approximate up-
per bound under the current POSG formulation.

Policy Realism Meta Score Success Rate

πexpert
d 0.8056 88.26%

Random 0.4074 4.30%
Constant Velocity 0.6147 19.45%
π0 0.6795 42.25%
BC (Singapore) 0.7011 55.49%

NOMAD Frontier 0.7570∼0.7697 87.28∼94.27%

7.2. The Role of Behavioral Priors
NOMAD demonstrates that map-based self-play can effec-
tively adapt a driving policy to a new city using only a sim-
ple reward function, which raises a natural question: is an
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Figure 3. Success–realism trade-offs under city transfer. We plot mean success rate versus mean realism meta score over 5 runs
for three transfer settings: (a) Boston-to-Singapore (primary), (b) Singapore-to-Boston, and (c)Singapore-to-Pittsburgh. Each dot is a
NOMAD training checkpoint, colored by the cumulative number of interaction steps; the red dashed curve denotes the empirical Pareto
frontier over NOMAD checkpoints. Stars and dashed curves denote reference policies and ablations: the zero-shot transfer behavior
cloning policy from the source city π0 (BC (Source)), behavior cloning with target-city demonstrations (BC (Target)), BC pretrained,
self-play with logged target-city scenarios (BC (Target) + RL (Target)), BC pretrained, self-play with logged source-city scenarios
(BC (Source) + RL (Source)), and RL from scratch in the target city with generated scenarios (RL (Target)).

imitation policy necessary to initialize and regularize pol-
icy learning? To answer this, we conduct an ablation study
in which we train the policy purely via map-based self-play
in the target city without regularization from scratch, us-
ing the same reward function and training budget. “RL
(Target)” in Figure 3 shows the performance of the best
checkpoint . Without an imitation policy, self-play can in-
deed achieve near-perfect success rates and improved re-
alism meta score, compared to zero-shot transfer and be-
havior cloning policies in the target city. However, its re-
alism meta score converges to a relative lower value. By
contrast, NOMAD improves the success rate while main-
taining a high realism meta score, ultimately achieving a
substantially better success–realism trade-off.

To understand the source of this gap, we compare the kine-
matic metrics between these two methods in Figure 4. Self-
play without pretraining and regularization fails to learn
high kinematic scores. While NOMAD exhibits a mild
decline in kinematic realism due to the absence of ex-
plicit realism rewards, its initialization from behavioral pri-
ors provides a superior starting point compared to train-
ing from scratch. Also, by anchoring the self-play process
to this human-like prior, NOMAD maintains significantly
higher kinematic scores throughout the adaptation horizon.
These results highlight that self-play alone is insufficient
for learning realistic driving behavior under minimal re-
ward supervision. The pretrained BC policy both serves as
an optimization warm-start and provides critical behavioral
priors that constrains exploration to human driving patterns
and mitigates reward hacking. This enables NOMAD to
achieve superior realism without sacrificing task success.
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Figure 4. Comparison of kinematic metrics between self-play
with and without behavioral priors. Self-play without behav-
ioral priors struggles to learn kinematically realistic behavior,
while NOMAD preserves substantially more realistic motion pat-
terns despite lacking explicit kinematic rewards.

7.3. The Necessity of Target-City Map
To investigate the role of the target-city map in the adap-
tation process, we conduct behavior cloning followed by
self-play with logged scenarios entirely in the source city
(Boston) and evaluate the resulting policy zero-shot in the
target city (Singapore). This baseline uses the same BC
initialization and self-play training protocol as NOMAD,
but never accesses the target-city map or scenarios during
training.

The “BC (Source) + RL (Source)” in Figure 3 shows the
Pareto frontier of source-city self-play . While this base-
line improves upon the zero-shot transfer policy, its Pareto
frontier remains significantly inferior to that of NOMAD.
Specifically, self-play conducted in Boston saturates at sub-
stantially lower success rates and yields marginal gains in
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realism when evaluated in Singapore.

These findings provide strong justification for map-based
self-play in the target city. Self-play alone is not a sil-
ver bullet: improvements learned through interaction are
largely city-specific and do not reliably transfer across dis-
tinct urban environments. Effective adaptation requires in-
teraction dynamics to be grounded in the geometry, topol-
ogy, and traffic structure of the deployment city, rather than
relying solely on additional optimization in the source city.

7.4. NOMAD vs. Demonstration-Based Training
We further examine how closely NOMAD can approach
the performance of a policy trained with access to target-
city demonstrations. Specifically, we compare NOMAD,
which uses neither target-city demonstrations nor logged
scenarios, against a data-driven policy trained with access
to 3,200 scenarios with human driving trajectories from
Singapore. This policy is first pretrained via BC and sub-
sequently trained using self-play on both generated and
logged scenarios. The reward function, training budget,
and overall training protocol are identical to those of NO-
MAD, with the only difference being that all training is
conducted directly using target-city demonstrations.

This policy, denoted as “BC (Target) + RL (Target)” in Fig-
ure 3 , achieves only a modest improvement over NOMAD
along the success–realism Pareto frontier. Notably, the per-
formance gap between this policy and NOMAD is substan-
tially smaller than the gap between NOMAD and zero-shot
transfer. This indicates that map-based self-play provides
the majority of the gains typically provided by target-city
demonstrations.

7.5. Generalization to Other Cities
To verify that the effectiveness of NOMAD is not specific
to a single target city, we evaluate cross-city transfer from
Singapore to both Boston and Pittsburgh. Figure 3 (b) and
(c) report the success–realism Pareto frontiers for these
two transfer settings, respectively. These results demon-
strate that NOMAD consistently delivers significant per-
formance gains across different target cities. In all cases,
the adapted policies substantially outperform the zero-shot
baseline, despite the absence of any demonstrations from
Boston or Pittsburgh. In particular, this generalization is
achieved using a single reward function and a shared set
of hyperparameters across all target cities, highlighting the
robustness and scalability of NOMAD.

7.6. Sensitivity Study on KL Regularization Strength
We evaluate how KL divergence coefficient λKL in Equa-
tion 8 influences the balance between success rate and be-
havioral realism during city transfer. Figure 5 presents
Pareto frontiers for different values of λKL in Boston-to-
Singapore transfer. Higher KL coefficients constrain the
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Figure 5. Pareto frontiers of success rate versus realism meta
score for different KL weights. Smaller KL weights favor higher
success at the cost of realism, while larger KL weights encourage
more realistic behaviors but constrain success rate.

policy to remain closer to the source-city prior, resulting
in higher realism meta score but limiting the policy’s abil-
ity to adapt to target-city geometries, manifested as lower
success rates. The results reveal that the values of λKL at
around 0.08 achieve the best balance. Importantly, even
with relatively aggressive or conservative KL regulariza-
tion choices, NOMAD can still substantially outperform
the zero-shot baseline. In our experiments, we use the
λKL = 0.08 for all city pairs.

8. Conclusion and Future Work
This paper challenges a central assumption in city trans-
fer in autonomous driving: that effective adaptation to a
new city requires collecting human demonstrations in that
city. We introduce NOMAD, a framework that adapts au-
tonomous driving policies to new cities using only target-
city map and its meta-information, without requiring any
human demonstrations from them. Through extensive
closed-loop evaluations, we show that NOMAD consis-
tently expands the success–realism Pareto frontier, trans-
forming brittle zero-shot transfer into a diverse set of poli-
cies that trade-off task success and behavioral realism.
These results suggest that much of the disparity in opti-
mal driving behavior across cities is determined at the map-
level, which can be effectively addressed through map-
based self-play.

Challenges remain. For example, differences in driving
culture and social conventions across cities and countries
continue to pose obstacles, highlighting the need for richer
representations of interaction norms beyond geometric map
structure. As traffic simulation continues to improve, we
believe that scalable multi-agent self-play offers a viable
and principled path toward robust, large-scale deployment
of autonomous driving.
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