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Abstract

Deploying learned decision-making systems often requires
transferring to new sites where the sensing pipeline differs.
In such cases, observations can change in semantics and di-
mensionality even when action primitives and objectives re-
main comparable. In this work, we study transferable model-
based planning under this observation mismatch, which re-
mains challenging for existing learning-based approaches.
We propose Adaptive Modularized Model (AMM), a modu-
lar planning architecture that separates a domain-specific ob-
servation adapter from a shared internal dynamics model de-
fined in a common planning state space. The dynamics model
is meta-learned from multiple source domains to enable fast
adaptation with limited target interaction. At run time, AMM
performs receding-horizon planning by rolling out candidate
action sequences under the learned dynamics and selecting
actions that optimize a task-specific objective over predicted
futures. We instantiate the approach on cross-domain traf-
fic signal control, where actions correspond to signal phases
and the planning objective captures congestion. Experiments
show that AMM improves both performance and data effi-
ciency compared with existing conventional controllers and
learning-based baselines.

Code — github.com/ZheruiHuang/AMMforTSC
Datasets — traffic-signal-control.github.io/index.html

Introduction
Automated planning and scheduling systems are increas-
ingly deployed in settings where the control problem re-
peats across many sites (Ghallab, Nau, and Traverso 2016).
A recurring obstacle is that the sensing and logging pipeline
changes from site to site. Sensors differ in modality and cov-
erage, while feature definitions differ due to environmental
factors (e.g., vendors and jurisdictions) (Xing et al. 2021).
As a result, the observation space can change in semantics
and dimension even when the available actions and the un-
derlying physical process remain similar (Sun et al. 2022).
This form of observation mismatch makes it difficult to reuse
learned decision-making components (Zhao, Queralta, and
Westerlund 2020). It also raises the cost of deployment,
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since collecting extensive online interaction data at each new
site can be expensive and risky (Garcıa and Fernández 2015;
Levine et al. 2020).

Model-based planning offers a natural solution to this
challenge (Mayne et al. 2000; Chua et al. 2018). If one can
learn a compact planning state and a predictive model that
captures the system dynamics, then the controller can evalu-
ate candidate action sequences by rollout and select actions
with a receding-horizon plan (Rawlings et al. 2017). Learn-
ing can supply the required components by fitting a state
abstraction that exposes the variables needed for planning
and a dynamics model that is accurate in the state space that
matters for control (Ha and Schmidhuber 2018; Hafner et al.
2019b). Recent work on world model planning has shown
that decomposing a controller into a representation model, a
dynamics model, and a value or prediction model can sup-
port strong performance in complex domains (Hafner et al.
2019b,a; Schrittwieser et al. 2020). However, most existing
approaches are typically studied with a fixed observation
interface and have not been the primary focus for transfer
across changing observation pipelines.

This paper studies transferable planning under observa-
tion mismatch. We consider a family of related domains
that share the same action space and planning objective, and
whose latent dynamics are similar, but whose observations
differ. Our goal is to obtain a planner for a new target domain
using limited target interaction, while leveraging data col-
lected from multiple source domains. The key design choice
is to separate what must change with the sensors from what
should remain stable across domains. We therefore introduce
a modular architecture that decouples a domain-specific ob-
servation adapter from a shared internal dynamics model
that supports lookahead planning.

We present Adaptive Modularized Model (AMM), an
adaptive modular world model planner. AMM maps raw ob-
servations to a shared planning state using a domain-specific
representation module. It then predicts the transition of that
planning state under candidate action sequences using a
shared dynamics module. A value module scores predicted
future states, which enables receding horizon planning by
selecting the action sequence with the best predicted out-
come. The shared dynamics module is learned with meta
learning across source domains so that it can take advantage
of large amounts of multi-source heterogeneous data and be
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adapted to a new target domain with limited data and few
updates. Only the observation adapter must be replaced or
retrained when the observation interface changes, which en-
ables data-efficient reuse of the planning model across de-
ployments with heterogeneous sensing.

In this work, we instantiate this framework in traffic sig-
nal control problems. Traffic signal control can be viewed
as a sequential planning problem (Varaiya 2013; Wei et al.
2019c). At each control interval, each intersection selects
a signal phase, and the joint decisions across intersections
shape network-wide congestion over time. Traffic systems
also exhibit the deployment conditions that motivate our set-
ting (Zhang et al. 2019). Different cities and districts of-
ten provide different sensing and logging capabilities (Zang
et al. 2020). Some provide only coarse counts, while others
provide speeds or trajectory aggregates. At the same time,
the action primitives and the underlying queueing dynam-
ics have a common structure across deployments (Sun et al.
2024). These properties make cross-domain traffic signal
control a suitable testbed for studying learning components
that enable planning under observation mismatch (Zhang
et al. 2019; Wei et al. 2019c; Jiang et al. 2024).

We evaluate AMM on three public benchmarks with
heterogeneous observations and limited target interaction.
Across all road networks, AMM improves both average
travel time and average queue length compared with conven-
tional controllers and strong learning-based baselines. We
further conduct ablations that isolate the effects of modu-
larization and meta-learning, as well as analyses on model
capacity, source-domain choice, and a case study that trains
the observation adapter from logged data.

This work makes three main contributions. First, we for-
malize transferable planning under observation mismatch,
where observation spaces vary across domains while ac-
tion semantics and objectives are shared. Second, we pro-
pose AMM, a modular world model planner that com-
bines a domain-specific observation adapter with a shared
meta-learned dynamics model for planning. Third, we eval-
uate AMM on traffic signal control problems and provide
ablations that isolate the effects of modularization, meta-
learning, and data budget on target-domain adaptation.

The remainder of this paper is organized as follows. We
first review related work on learned planning models, trans-
fer under observation mismatch, and traffic signal control.
We then present AMM, including the modular world model,
the meta-learning procedure, and the receding-horizon plan-
ner. Next, we report experimental results and analyses. Fi-
nally, we conclude with limitations and directions for future
work.

Related Work
Planning with learned models A central theme in learn-
ing for planning is to acquire predictive models and ab-
stractions from data, and then use them for online decision-
making. Model-based reinforcement learning has explored
planning by rollout with learned dynamics, including
probabilistic ensembles and trajectory optimization (Chua
et al. 2018), as well as latent world models that enable
imagination-based control (Hafner et al. 2019a,b). MuZero

popularized a representation, dynamics, and prediction de-
composition and combined it with search (Schrittwieser
et al. 2020). Our approach is aligned with this family of
methods in its use of a learned latent dynamics model to sup-
port lookahead. The main difference is the target setting. We
focus on transfer across domains with heterogeneous obser-
vations, and we structure the model so that observation han-
dling is domain-specific while the internal dynamics used
for planning are shared and adapted with limited target up-
dates.

Transfer and adaptation under observation mismatch
Transfer in reinforcement learning is often studied through
domain randomization and augmentation (Tobin et al. 2017),
as well as representation learning methods that aim to ex-
tract task-relevant factors that generalize across domains.
Meta learning provides a complementary approach by learn-
ing initial parameters that can be adapted quickly to new
tasks (Finn, Abbeel, and Levine 2017). Several works ad-
dress adaptation when the observation interface changes by
learning representations that align across domains or by
learning latent states that preserve controllable structure.
These methods motivate the separation of perception from
dynamics and decision making. Our work follows this prin-
ciple, but it enforces it at the level of planning by learning a
shared dynamics model in a common planning state space,
while allowing the observation adapter to vary with the sens-
ing pipeline.

Traffic signal control Traffic signal control has a long his-
tory in transportation research. Classical methods include
fixed time control (Allsop 1971), self-organizing traffic
lights (Gershenson 2004), and MaxPressure control (Varaiya
2013). Deep reinforcement learning has been applied ex-
tensively to TSC and has produced strong results in sim-
ulation. Representative methods include IntelliLight (Wei
et al. 2018), FRAP (Zheng et al. 2019), PressLight (Wei
et al. 2019a), CoLight (Wei et al. 2019b), MPLight (Chen
et al. 2020), AttendLight (Oroojlooy et al. 2020), MetaL-
ight (Zang et al. 2020), and UniLight (Jiang et al. 2022).
Recent work has also emphasized improved state represen-
tations for pressure-based control (Wu et al. 2021; Zhang
et al. 2022). CityFlow provides a widely used open simu-
lator and benchmark suite for large-scale evaluation (Zhang
et al. 2019). LibSignal further standardizes datasets, envi-
ronments, and implementations for more reproducible com-
parisons (Mei et al. 2024).

Cross-domain and data-efficient TSC The cost of online
exploration has motivated research on cross-domain trans-
fer and offline to online learning in TSC. Recent cross-
city methods leverage offline data and limited target inter-
action to improve deployability (Sun et al. 2024; Jiang et al.
2024). Other lines study offline reinforcement learning for
TSC (Zhang et al. 2023; Bokade and Jin 2025) and practi-
cal constraints such as safety and missing or partial obser-
vations (Du et al. 2023; Mei et al. 2023). These works sup-
port the importance of transfer and limited data adaptation
in realistic deployments. Most existing approaches focus on
transferring policies or coordinating representations under a
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Figure 1: Framework of Adaptive Modularized Model

fixed observation interface. In contrast, our method explic-
itly targets observation function mismatch by modularizing
the observation adapter and transferring the internal dynam-
ics used for lookahead planning.

Method
Problem Formulation
We study transferable model-based planning across a set of
related domains. Each domain d ∈ D is a controlled pro-
cess with a shared action space A and an objective that is
comparable across domains. At time t, the agent receives an
observation ot ∈ Od and selects an action at ∈ A. The
observation space Od may differ in semantics and dimen-
sionality across domains. This captures changes in sensing
and preprocessing pipelines.

We assume there exists a shared planning state space S
that is sufficient for decision making. The planning state is
not directly observed. Instead, each domain provides obser-
vations through a domain-specific observation process. Our
goal is to obtain a planner for a target domain d⋆ using lim-
ited target interaction, while leveraging data from a set of
source domains DS .

AMM addresses this setting by learning (i) a domain-
specific observation adapter that maps observations into S ,
and (ii) a shared internal dynamics model in S that sup-
ports online lookahead. At deployment time, AMM per-
forms receding-horizon planning by rolling out candidate
action sequences using the learned dynamics and selecting
actions that optimize a planning objective over predicted fu-
tures.

Adaptive Modular World Model Planning
AMM separates components that depend on the observation
interface from components that should transfer across do-
mains. It contains three parts. The first part is an observa-
tion adapter. The second part is an internal dynamics model.
The third part is an evaluation model used for planning. The
framework of AMM is illustrated in Figure 1.

Observation Adapter The observation adapter is domain-
specific. It maps a domain observation to a shared planning

state representation

ŝt = fϕd
(ot), ŝt ∈ S. (1)

The parameters ϕd are allowed to vary across domains to
accommodate heterogeneous observation spaces. This is the
only component that must be replaced or retrained when the
observation interface changes.

Shared Internal Dynamics Model The internal dynamics
model is shared across domains. It predicts how the planning
state transitions under actions as

ŝt+1 = gθ(ŝt, at). (2)

For a planning horizon H , we roll out iteratively

ŝt+h+1 = gθ(ŝt+h, at+h), h = 0, . . . ,H − 1. (3)

The parameters θ are shared across all source domains and
the target domain. They are learned from source-domain
data and adapted in the target domain with few updates.

Evaluation Model and Receding-Horizon Planning
AMM uses an evaluation model to score predicted futures.
We denote the evaluation function by V : S → R. It can be
a learned value model or an explicit objective proxy. Given
a candidate action sequence at:t+H−1 = (at, . . . , at+H−1),
AMM rolls out (3) and computes

Score(at:t+H−1) =

H∑
h=1

γh−1V (ŝt+h), (4)

where γ ∈ (0, 1] discounts future outcomes within the hori-
zon. AMM selects the sequence with the highest score and
executes the first action

a⋆t:t+H−1 = arg max
at:t+H−1∈AH

Score(at:t+H−1), at ← a⋆t .

(5)
This produces receding-horizon planning by rollout in a
learned planning state space.

Learning and Adaptation
AMM learns the domain adapters {fϕd

} and a transferable
initialization of the shared dynamics parameters θ.

Losses We train the dynamics model with multi-step pre-
diction loss in the planning state space. For a trajectory seg-
ment starting at time t, let ŝt+h be the rollout produced by
(3). We minimize

Ldyn
d (θ) = E

[ H∑
h=1

λh−1 Dist(ŝt+h, st+h)
]
, (6)

where λ ∈ (0, 1] discounts longer rollouts and Dist(·, ·) is a
task-dependent distance on planning states.

In our instantiation, the planning state st can be computed
from the simulator, which allows supervised training of the
observation adapter. We minimize

Lrepr
d (ϕd) = E

[
Dist

(
fϕd

(ot), st
)]
. (7)
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Algorithm 1: Meta-learning the dynamics initialization

Require: Source domains DS , step sizes α, β
1: Initialize dynamics parameters θ
2: while not converged do
3: Sample meta-batch B ⊂ DS

4: for each domain d ∈ B do
5: Sample support set Sd and query set Qd

6: θ′d = θ − α∇θLdyn
d (θ;Sd)

7: end for
8: θ ← θ − β∇θ

∑
d∈B L

dyn
d (θ′d;Qd)

9: end while
10: return θ

Algorithm 2: AMM adaptation and control in the target do-
main
Require: Source domains DS , target domain d⋆

Require: Horizons H , step sizes α, β, η
1: Meta-learn θ using Algorithm 1
2: Initialize target adapter parameters ϕd⋆

3: while target interaction budget not exhausted do
4: Collect target data and update ϕd⋆ by minimizing

Lrepr
d⋆ (ϕd⋆)

5: Fine-tune θ by minimizing Ldyn
d⋆ (θ)

6: end while
7: Deploy with receding-horizon planning using (5)

Meta-Learning the Dynamics Initialization We treat
each source domain as a task and meta-learn an initializa-
tion for θ so that it adapts quickly to a new domain. We use
model-agnostic meta-learning (Finn, Abbeel, and Levine
2017). At each meta-iteration, we sample a meta-batch of
domains B ⊂ DS . For each d ∈ B, we split its data into a
support set Sd and a query setQd. We compute task-adapted
parameters by a gradient step on the support loss

θ′d = θ − α∇θLdyn
d (θ;Sd), (8)

then update the meta-parameters by minimizing the query
losses after adaptation

θ ← θ − β∇θ

∑
d∈B

Ldyn
d (θ′d;Qd). (9)

The sum in (9) is over domains in the meta-batch. It is not
a sum over minibatches within a single domain. The meta-
learning procedure is shown in Algorithm 1.

Target-Domain Adaptation and Deployment Given a
target domain d⋆, we initialize the dynamics model with the
meta-learned parameters θ. We then learn the target adapter
fϕd⋆

and fine-tune θ using a limited interaction budget in
d⋆. After adaptation, AMM controls the target domain by
applying (1) and (5) at each decision step. The procedure of
target-domain adaptation is shown in Algorithm 2.

Instantiation to Traffic Signal Control
We now specify how the formulation and modules above are
instantiated for traffic signal control.

Observation

Speed Count Accel.

Observation
Adapter

State

Position Rasterized Stats

Shared Internal 
Dynamics Model

Next State
Evaluation 

ModelTraffic Signal
Phase

Action

Real-world
Environment

Figure 2: Illustration of instantiation to traffic signal control

Domain and actions A domain corresponds to a road net-
work and traffic flow configuration with a particular obser-
vation interface. The road network contains M signalized
intersections. At each control interval t, intersection i selects
an action ait from a discrete phase setAi. AMM uses param-
eter sharing across intersections. It applies the same model
parameters to every intersection and outputs one action per
intersection at each step. Planning is performed per inter-
section using (5), and it can be executed in parallel across
intersections.

Planning state For each intersection i, the planning state
sit ∈ Si lies in a fixed domain-invariant space. In this work,
we consider two components of sit: (1) normalized vehicle
positions near the stop line for each incoming lane, and (2)
rasterized approach-level statistics over segments, including
estimated vehicle counts and average speeds.

Observation mismatch Each domain d exposes an ob-
servation vector oi,dt for each intersection. The observation
components differ across domains in dimension and seman-
tics, such as counts, speeds, or flow aggregates. The adapter
fϕd

maps these heterogeneous observations to ŝit, so that the
shared dynamics model gθ operates in a consistent planning
state space across domains.

Evaluation function We score predicted futures using a
congestion-oriented value proxy. We aggregate occupancy
in n-cell segments and apply larger weight to segments
closer to the stop line. This defines V (s) and Dist(·, ·) used
in (4), (6), and (7). Details are provided in the experimental
section and match the objective of reducing congestion and
queueing near intersections.

Experiments
Experimental Setup
Simulator and Benchmarks We use CityFlow (Zhang
et al. 2019), an open-source microscopic traffic simula-
tor designed for large-scale traffic signal control research.
CityFlow provides efficient simulation of vehicle move-
ments on real road networks and has been widely used in
recent TSC benchmarks.

624



We evaluate on three public benchmarks derived from real
traffic data and road networks (Zhang et al. 2019; Wei et al.
2019c). The benchmarks are Hangzhou (4 × 4), Manhattan
(16× 3), and Manhattan (28× 7), where x× y denotes the
network size, i.e., the number of signalized intersections is
roughly arranged in a grid with x rows and y columns. Each
benchmark includes a road network file and a vehicle flow
file of 3600 seconds. We treat each benchmark as a sepa-
rate domain. Although two benchmarks are from Manhat-
tan, they correspond to different network sizes and traffic
patterns, and they constitute distinct domains in our evalua-
tion.

Observation, State, Value, and Action To study
observation-function shift, we assign each domain a dif-
ferent observation vector. All domains include a shared
core feature consisting of per-lane vehicle counts near
the intersection. We then add a domain-specific feature to
induce mismatch. Hangzhou (4× 4) provides the number of
vehicles that entered the intersection during the last control
interval. Manhattan (16×3) provides the number of vehicles
passing the midpoint of each road segment during the last
control interval. Manhattan (28 × 7) provides average
speeds measured in two road segments, namely the middle
third and the last third. AMM uses only these observations
as input to its adapter. For baselines, we use the default
observation definitions from their implementations, since
these methods are not designed for varying observation
interfaces across domains.

The internal planning state is domain-invariant and is
constructed from simulator ground truth for training and
evaluation. It has two complementary parts. First, for
each incoming lane, we represent every vehicle by its
distance-to-stop-line expressed as a percentage of the lane
length. Second, we add a rasterized summary over each ap-
proach. For every 10 m segment, we record estimated vehi-
cle count, average speed, and related statistics. The combi-
nation captures microscopic proximity and mesoscopic flow
and is sufficient to support effective planning in our experi-
ments. These choices are representative rather than manda-
tory. Other encodings can replace them without changing the
method.

We use the average queue length to quantify congestion.
It is computed over incoming lanes as the mean number of
standing vehicles near the stop line. Lower values indicate
better traffic conditions and serve as our planning objective
proxy and evaluation metric.

At each control interval, each intersection selects one of
eight standard signal phases. The chosen phase is held until
the next decision step.

Protocol Each episode simulates 3600 seconds. We use a
fixed control interval of 20 seconds. At each decision step,
every intersection selects one phase and holds it until the
next decision step. This results in 180 decisions per episode.
Our controller uses parameter sharing across intersections.
The same model parameters are applied to every intersec-
tion, and the controller outputs one phase action per inter-
section at each step.

In the transfer, we follow a leave-one-domain-out proto-

col. For each target domain, the remaining two domains are
used as sources. AMM meta-learns the dynamics initializa-
tion on the source domains and then adapts to the target do-
main using a limited interaction budget. We define the full
budget as 60 episodes of target domain interaction. Unless
otherwise stated, we report results under the full target in-
teraction budget. Besides, we report results under varying
target data budgets, considering budgets in {5%, 10%, 20%,
. . . , 100%}. When comparing with learning-based baselines,
we restrict their training to the same target interaction bud-
get. This reflects the practical setting where a new deploy-
ment provides only limited online interaction. It also avoids
conflating target performance with additional target data.

For each learning-based method, we run three seeds and
report mean and standard deviation. Conventional baselines
are deterministic under fixed traffic flows and thus have zero
variance in our setting.

Metrics We report two standard metrics. Average travel
time measures the mean time a vehicle spends in the net-
work. Average queue length measures the mean number of
waiting vehicles. Lower values indicate better performance.

Baselines
We compare against conventional controllers and learning-
based controllers.

Conventional controllers. Fixed-Time (Allsop 1971) cy-
cles through phases with pre-defined green durations. SOTL
(Gershenson 2004) selects phases based on local queue pres-
sure heuristics. MaxPressure (Varaiya 2013) greedily se-
lects the phase with maximum pressure and is a strong non-
learning baseline.

Learning-based controllers. We include representative
deep RL methods for network-level control and multi-agent
coordination. CoLight (Wei et al. 2019b) uses graph atten-
tion to coordinate intersections. MPLight (Chen et al. 2020)
builds on FRAP (Zheng et al. 2019) and uses pressure-based
features. AttendLight (Oroojlooy et al. 2020) uses attention
to aggregate information and learns a universal controller.
MetaLight (Zang et al. 2020) applies meta-learning to im-
prove adaptation across scenarios. E-PressLight (Wu et al.
2021) and E-MPLight (Wu et al. 2021) improve pressure-
based representations. A-MPLight (Zhang et al. 2022) re-
fines the pressure and demand representation. UniLight
(Jiang et al. 2022) uses a communication mechanism to im-
prove coordination.

Main Results
Table 1 reports the main results on average travel time and
average queue length. AMM attains the best overall perfor-
mance with low variance across all three benchmarks. A
consistent observation is that conventional controllers can
outperform several learning-based baselines when the avail-
able training data are limited. This is expected since conven-
tional controllers do not require exploration. AMM remains
competitive in this regime because it transfers a dynamics
model from source domains and only adapts a small number
of parameters in the target domain.
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Methods Hangzhou (4×4) Manhattan (16×3) Manhattan (28×7)

Travel Time Queue Length Travel Time Queue Length Travel Time Queue Length

Fixed-Time 416.88± 0.00 0.96± 0.00 535.60± 0.00 0.89± 0.00 723.08± 0.00 1.17± 0.00
SOTL 440.66± 0.00 1.21± 0.00 862.81± 0.00 1.54± 0.00 769.67± 0.00 1.28± 0.00
MaxPressure 303.31± 0.00 0.29± 0.00 250.14± 0.00 0.14± 0.00 564.36± 0.00 0.70± 0.00

CoLight 689.89± 49.20 3.53± 0.15 853.52± 14.66 1.58± 0.05 829.18± 8.72 1.24± 0.06
MPLight 616.67± 204.3 2.63± 1.58 775.45± 116.6 1.50± 0.15 829.73± 4.93 1.44± 0.09
AttendLight 508.43± 158.6 1.97± 1.35 712.16± 201.2 1.26± 0.39 736.47± 59.58 1.17± 0.05
MetaLight 319.56± 13.02 0.53± 0.20 289.73± 127.8 0.34± 0.40 558.45± 28.64 0.79± 0.09
E-PressLight 708.40± 73.76 3.50± 0.14 786.79± 42.53 1.54± 0.08 819.29± 13.20 1.28± 0.10
E-MPLight 511.19± 181.3 1.95± 1.62 591.18± 171.6 1.00± 0.46 764.78± 102.3 1.11± 0.21
A-MPLight 578.57± 138.7 2.71± 1.32 758.68± 160.8 1.31± 0.32 736.50± 82.14 1.24± 0.27
UniLight 681.77± 71.37 1.10± 0.13 1303.92± 56.34 1.16± 0.05 1535.36± 16.35 1.24± 0.02

AMM w/o Mod. 372.00± 69.65 1.06± 0.70 197.02± 26.60 0.07± 0.04 704.33± 62.80 1.08± 0.13
AMM w/o ML 279.95± 3.50 0.15± 0.02 171.34± 3.14 0.03± 0.01 557.65± 23.21 0.75± 0.10
AMM 277.95± 3.54 0.14± 0.03 168.36± 2.12 0.03± 0.01 538.93± 6.81 0.70± 0.03

Table 1: Comparison with baselines on benchmarks. Metrics are average travel time (s) and average queue length (vehicles),
lower is better. Each method is run three times per benchmark and the table reports mean ± std. Bold marks the best result in
each column. Conventional controllers are deterministic under fixed flows and therefore show zero variance.
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Figure 3: Data efficiency on the target domains. Average travel time as the fraction of the target interaction budget increases,
where 100% equals 60 episodes. Curves are averaged over three runs. AMM reaches strong performance with substantially less
target interaction than baselines.

Source Domain
Target Domain

Hangzhou (4×4) Manhattan (16×3) Manhattan (28×7)

Travel Time Queue Length Travel Time Queue Length Travel Time Queue Length

Hangzhou (4×4) / 180.67± 1.99 0.05± 0.01 551.75± 13.13 0.72± 0.09
Manhattan (16×3) 280.57± 2.52 0.16± 0.02 / 606.03± 62.11 0.76± 0.18
Manhattan (28×7) 280.93± 2.57 0.16± 0.02 174.83± 2.02 0.04± 0.01 /

Fixed-Time 416.88± 0.00 0.96± 0.00 535.60± 0.00 0.89± 0.00 723.08± 0.00 1.17± 0.00
MaxPressure 303.31± 0.00 0.29± 0.00 250.14± 0.00 0.14± 0.00 564.36± 0.00 0.70± 0.00

Table 2: Single-source pretraining study. Each row uses the source domain shown to pretrain the dynamics model and then
adapts to the target domain with the standard budget. Cells report mean ± std of average travel time and average queue length,
lower is better. “/” marks the diagonal where pretraining on the same domain is not applicable. Fixed-Time and MaxPressure
are included as reference non-learning controllers.
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Figure 4: Analysis of AMM. Left: Average travel time and average queue length for AMM with different parameter counts.
Performance varies little across a wide range of capacities, indicating limited sensitivity to model size under the considered
budgets. Right: Comparison between offline and online training of the observation adapter. “Offline AMM” fits the adapter
from non-interactive logs collected by a fixed-time controller, while “Online AMM” uses online interaction. Offline AMM
approaches online performance with only limited logs, highlighting the low-risk adaptation enabled by the modular design.

Data Efficiency Under Limited Target Interaction
Figure 3 compares average travel time as a function of tar-
get interaction budget. AMM improves rapidly with small
target budgets and reaches strong performance earlier than
the baselines. This behavior is consistent with the design
of AMM. The dynamics initialization is meta-learned from
source domains, and adaptation in the target domain mainly
aligns the observation adapter and fine-tunes the dynamics
model.

Ablation Studies
We include two ablations to isolate the impact of the mod-
ular design and the meta-learning procedure. Results are
shown in Table 1.

Effect of modularization The “AMM w/o Mod.” repre-
sents the non-modularized variant, which uses a single end-
to-end model that directly maps observations to value es-
timates, and it does not separate an observation adapter
from the dynamics model. This variant performs substan-
tially worse, particularly under observation mismatch, since
it cannot reuse source data in a consistent internal space.

Effect of meta-learning The “AMM w/o ML” represents
the sequential training variant that replaces meta learning
with sequential multi-domain training. It trains the dynam-
ics model on source domains by standard gradient descent
and then fine-tunes on the target domain. Sequential train-
ing performs competitively but is consistently worse than
AMM. This supports the role of meta-learning in producing
an initialization that adapts more effectively with limited tar-
get data.

Further Analyses
Sensitivity to model capacity We study model capacity
by varying network depth and width and reporting perfor-
mance as a function of parameter count. Figure 4 left shows
that AMM is relatively stable across a wide range of model
sizes. Performance saturates once the model reaches mod-
erate capacity, and larger models do not provide consistent
additional gains under the considered data budgets.

Source domain selection To assess how source domains
influence transfer, we train AMM using a single source do-
main and then adapt it to the target domain. Table 2 reports
the results. Single-source pretraining already yields reason-
able performance after target adaptation, which suggests that
the learned dynamics capture shared structure. Using both
source domains provides the best results, which supports ag-
gregating multi-domain experience.

Training the observation adapter with offline data In
many deployments, logged data are easier to obtain than
online interaction. We evaluate whether the observation
adapter can be trained from logged trajectories collected
by a fixed-time controller. Figure 4 right compares Offline
AMM, which trains the adapter from logged data, with On-
line AMM, which trains with interactive target data. Offline
AMM attains competitive performance, which indicates that
the modular separation enables different training strategies
for different components.

Conclusion, Limitations, and Future Work
This paper studies transfer for sequential decision-making
when observation interfaces differ across deployments. We
cast this setting as transferable model-based planning un-
der observation mismatch and present AMM, a modular
world-model planner. AMM separates a domain-specific ob-
servation adapter from a shared internal dynamics model
in a common planning state space. The dynamics model is
meta-learned on source domains for fast target adaptation,
and AMM selects actions by receding-horizon planning with
learned rollouts.

We instantiate AMM on traffic signal control with het-
erogeneous observation pipelines. On CityFlow bench-
marks, AMM reduces average travel time and queue
length compared with conventional controllers and strong
learning-based baselines under the same target interaction
budgets. Ablations show that modularization enables reuse
across observation interfaces and that meta-learning im-
proves adaptation over sequential multi-domain training.
Analyses further show stable performance across model
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capacities, benefits from aggregating multiple source do-
mains, and that the observation adapter trains effectively
from logged data.

Several limitations remain. The planner searches action
sequences per intersection with parameter sharing rather
than joint actions at network scale. Adapter training uses
simulator-derived targets that may be unavailable or noisy in
real deployments, and learned rollouts can accumulate error
over the planning horizon. Future work will explore joint or
factored planning with stronger coupling, uncertainty-aware
dynamics and value estimation, weaker or self-supervised
adapter learning, and broader evaluations beyond traffic sig-
nal control.
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