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Abstract. Managing railway disruptions is a complex multi-agent rout-
ing problem where a single train failure can propagate delays across the 
network. Traditional approaches rely on heuristic optimization solvers, 
which are effective but assume access to a global system view and require 
substantial expert design, limiting their applicability and generalization. 
Reinforcement learning (RL) offers an alternative by learning adaptive 
strategies from interactions with the environment. In this paper, we show 
that none of the available paradigms is sufficient in isolation: (i) heuristic 
solvers encode valuable global expertise but cannot be deployed directly, 
(ii) world models improve sample efficiency but struggle to leverage 
expert knowledge, and (iii) pure RL can adapt policies but often lacks 
stability without strong guidance. We propose a hybrid framework that 
integrates the strengths of these approaches. First, imitation learning 
transfers knowledge from a global expert solver to initialize a neural pol-
icy. Then, model-based RL fine-tunes this policy using the DreamerV2 
world model to enhance generalization and responsiveness to local per-
turbations. Our method builds on the Multi-Agent Model-Based Archi-
tecture (MAMBA) to model agent interactions and addresses the chal-
lenge of transferring expertise from global solvers to decentralized agents
operating on local latent observations. Experiments on a train reschedul-
ing problem using the Flatland environment show that our method out-
performs MAMBA, improving performance by up to 23% on difficult
instances. This highlights the benefit of combining imitation learning
with world-model-based multi-agent RL for complex transportation net-
works. The code is available here https://github.com/corail-research/ 
Imitation-Guided World Models. 
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1 Introduction 

Multi-agent routing [41] consists in coordinating several agents moving within a 
network to reach their destinations while minimizing conflicts and delays. This
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problem appears in logistics [22,28], robotics [16], and public transportation [12], 
and is characterized by strong combinatorial complexity due to agent inter-
dependencies. Efficient methods are crucial for reducing operational costs and 
improving the resilience of large-scale systems. In railway networks, disruptions 
further increase this complexity. A single train breakdown blocks its track seg-
ment, potentially propagating delays across the network. Rescheduling trains to
mitigate these cascading effects is, therefore, central to modern railway opera-
tions. The Flatland environment [30], developed with several European railway 
companies, provides a realistic platform for studying such scenarios. Traditional
approaches rely on heuristic or search-based solvers [3,37,42]. While effective, 
they require handcrafted heuristics tailored to each instance and assume access 
to a global system view, an unrealistic condition since trains typically observe
only local surroundings. Reinforcement learning (RL) [43] offers an alternative by 
learning from interaction. However, model-free methods often suffer from poor
sample efficiency [29], limited generalization [4], and instability in m ulti-agent
settings [11]. Model-based approaches, such as Dreamer [9], improve efficiency 
by learning latent dynamics but remain limited by model inaccuracies [45] and a 
performance gap with expert solvers [25]. Imitation learning (IL) [15] mitigates 
exploration challenges by leveraging expert demonstrations. Yet, aligning expert 
trajectories defined in global real-state space with the local latent space of world
models is non-trivial [5]. 

We propose a hybrid methodology that combines IL and model-based RL for 
train rescheduling. A neural policy is first initialized from an expert solver [21], 
then refined using Mamba system, a multi-agent world m odel based on Dream-
erV2 [10] with Transformer-based communication [47]. Our key contribution 
is an adaptation strategy enabling the transfer of global solver expertise into a 
decentralized latent setting. Experiments in Flatland show that our method out-
performs state-of-the-art baselines, achieving up to 23% improvement on difficult 
instances. This demonstrates the value of combining imitation and world-model-
based RL for scalable decision-making in complex transportation networks.

2 Related Work 

Multi-agent Reinforcement Learning (MARL) has become a central research 
direction, driven by the need to handle non-stationarity, coordination, and 
competition among multiple interacting agents. Overviews of deep learning 
methods f or addressing scalability, decentralized decision-making, and efficient
communication are provided by few recent surveys [11,14]. Beyond model-free 
approaches, several works have investigated the use of predictive models, or w orld
models, in MARL. For instance, Mamba [6] coupled a Transformer-based c om-
munication [47] between agents with DreamerV2 [10]. This world model intro-
duced learned dynamics models to generate imagined rollouts, thereby improving 
sample efficiency and reducing reliance on expensive environmen t interactions.
Another architecture, referred to as global-aware world model [39] adopted cen-
tralized training with decentralized execution, leveraging Transformers to aggre-
gate local observations into a global latent representation. Other methods also
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explored local predictive structures, such as models as agents [52] which opti-
mize multi-step predictions of interactive local models, or hierarc hical frame-
works (e.g., [48], which employs bi-level latent-variable world models). Together, 
these methods highlight the potential of world models to improve stability, scal-
ability, and coordination. Y et, they often underperform as the number of agents
increases.

On the other hand, imitation learning offers a complementary paradigm 
where agents learn from demonstrations rather than sparse or delayed rewards
[46]. In the multi-agent setting, imitation learning must also capture inter-agent 
dependencies. Recent approaches explicitly mo del joint behaviors, for instance,
with copula-based methods [49] or adversarial extensions of generative adversar-
ial imitation learning [13] to cooperative and competitive scenarios [40]. Hybrid 
strategies further combine IL and RL, such as self-imitation frameworks [31]  or  
offline-to-online training strategies like advantage-weighted regression [32], aim-
ing to accelerate convergence while ensuring robustness. However, most methods 
assume access to large-scale demonstrations or s implified coordination, which
may not hold in real-world systems.

Focusing now on the specific railway domain, the Flatland environment was 
introduced during the NeurIPS 2020 competition [30] as a benchmark for large-
scale multi-agent routing and rescheduling. It provides a simplified yet realis-
tic simulation where multiple trains must coordinate under infrastructure and 
safety constraints. Flatland also includes stochastic disruptions, such as ran-
dom breakdowns, making it suitable for s tudying robust decision-making under
uncertainty. Beyond the baseline methods proposed in the competition, the win-
ning solution, scalable rail planning and replanning [21], combines Multi-Agent 
PathFinding (MAPF) techniques, large neighborhood search, safe interval path 
planning, simulated annealing, minimum-communication policies, and parallel 
computation, demonstrating strong performance with up to 400 trains. Since
then, subsequent research has extended Flatland to practical scheduling. For
instance, LCPPO [53] introduces a policy-gradient algorithm tailored to large-
scale railway networks, while curriculum-driven continual DQN expansion [17] 
addresses stability-plasticity trade-offs through continual learning. But there is 
also a rich literature outside Flatland: for instance, Cappart and Schaus [3]  pro-
poses a CP model using time-interval variables for real-time rescheduling in a 
Belgian station, outperforming greedy operator strategies; Reinforcement learn-
ing in railway timetable r escheduling explores RL methods off-line to enable fast
online dispatching under delays [55]; Liao et al. [23] combined deep learning and 
genetic algorithms to optimize m etro energy consumption under random distur-
bances [23]. Finally, recent models also integrate learning-based model predictive 
control to adapt rolling stock and train compositions [26]. 

Taken together, these works highlight that flexibility, realistic constraints 
(e.g. variable speeds, train composition, or disruptions) and the ability to com-
pute solutions rapidly in real-world contexts are crucial requirements for MARL
or RL applied to this domain.
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3 Background 

World models have emerged as a powerful paradigm in mo del-based reinforce-
ment learning (MBRL) [43], where an agent learns a latent dynamics model of 
the environment and uses it for planning and policy optimization. Formally, the 
model consists of a latent state-space mo del defined by the following conditional
distributions:

zt ∼ pθ( · | zt−1, at−1), (1) 
ot ∼ pθ( ·  | zt), (2) 
rt ∼ pθ( ·  |  zt, at), (3) 

where at is an action, zt is a latent state, ot an observation, and rt a reward 
obtained at a timestep t. Each component is implemented as a neural network 
pθ, where θ denotes the joint vector of all their parameters. A policy πφ(at | zt) 
is trained entirely in latent space by maximizing the expected discounted return:

J(πφ) = Ez0∼pθ,at∼πφ

T

t=0

γtr(zt, at) , (4) 

where φ are our policy’s parameters, z0 the initial latent space following the 
initial distribution pθ, γ ∈ (0, 1] the discount factor which indicates how much 
weight we give to short-term r eward compared to long-term reward and T the
time horizon in the latent space. The Dreamer family of algorithms [9,10] demon-
strated that training on imagined trajectories in latent space yields state-of-the-
art performance while being computationally efficien t. In particular, a recurrent
state-space model [8] with categorical latent variables stabilizing long-horizon 
predictions and improving scalability is employed by DreamerV2.

3.1 Multi-agent Reinforcement Learning 

Multi-agent Reinforcement Learning. (MARL) studies sequential decision-
making with multiple agents interacting in a shared environment. This setting 
can be formalized as a Markov game featuring n agen ts:

M = , {Ai}n
i=1, T, {ri}n

i=1, γ , (5) 

where S is the state space, Ai is the action space of agent i, and the transition 
dynamics f ollow

s ∼ T (s | s, a1, . . . , an), (6) 

where s ∈  S  and ai ∈  Ai, ∀i ∈  {1, ..., n}. Each agent i receives a reward 
ri(s, a1,  .  .  .  ,  an) and optimizes its policy πi 

φ(ai | oi), a neural network parameter-
ized by φ, based on local observations oi. As before, γ is the discount factor. Most
of the time, if a world model is used then the policy is trained using the actor-
critic approach [20]. In actor-critic methods, the policy (actor) is updated using
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feedback provided by a value function (critic), which estimates the expected 
return of stateaction pairs. This framework com bines the exploration capabilities
of policy gradient methods [36,44,51] with the stability of v alue-based estima-
tion [2,29,50]. In the centralized training with decentralized execution (CTDE)
paradigm [7], critics are trained with global information while policies rely solely 
on local observations. A typical policy gradient update is given by: 

∇φJ(πφ)  =  Es∼D,a∼πθ
∇φ log πφ(a | o)Q(s, a) , (7) 

where Q(s, a) is the value function output by the critic, it may be learned with 
centralized knowledge during t raining and D is the dataset from which the
states are sampled [24,27,44]. To improve sample efficiency, model-based MARL 
approaches extend latent dynamics models to multi-agent settings. For example,
scalable frameworks such as Mamba [6] introduce communication mechanisms 
where an agent i shares latent states and actions at step t through a message 
mt 

i defined as follows:
mt

i = cω zt−1
i , at−1

i , (8) 

This communication is commonly restricted to neighbors, thereby reducing com-
plexity from O(n2)  to  O(n). With Mamba, cω is a Transformer neural network.

3.2 Imitation Learning 

Imitation Learning (IL) leverages expert demonstrations DE = 
{(si,  aexpert 

i )}M 
i=1, M being the number of samples available, to accelerate RL.

The simplest approach, behavioral cloning (BC) [15], minimizes the negative 
log-likelihood of expert actions: 

LBC(πφ)  =  E(s,aexpert)∼DE − log πφ(aexpert | s) . (9) 

However, combining IL with world models is non-trivial. In world models, the 
actor operates in the latent space z, while demonstrations are expressed in the 
true state space s. A mapping through the learned encoder eθ is required:

z = eθ(s), (10) 

but this mapping is optimized for compression and prediction, not alignment 
with expert trajectories. Although the explicit alignment of expert trajecto-
ries with latent spaces is uncommon, several recent works tackle this challenge.
DITTO [5] introduces an intrinsic latent reward to align agent and expert behav-
iors, FLARE [54] aligns future latent representations during policy learning,
latent diffusion planning [1] generates transformed demonstrations to better 
cover the latent space. These works highlight the open challenge of transferring 
expert knowledge into latent representations, which motivates our approach to
bridge expert solvers with local latent policies.
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Fig. 1. Overview of our approach: (1) pretraining DreamerV2 world model, (2) collect-
ing expert-labeled trajectories, (3) iterative supervised pretraining, and (4) fine-tuning 
with RL. Each main step is detailed in a specific subsection.

4 Our Imitation-Guided World Model 

In this section, we describe our approach to warm-start both the world model 
and the agent in a sequential, iterative manner, using expert demonstrations 
from a Flatland solver to initialize the neural network parameters before RL to
fine-tune it. Our approach is illustrated in Fig. 1. 

4.1 Expert Demonstrator 

A strong reference for large-scale railway rescheduling is t he solver of Li et al.
[21], the winner of the NeurIPS 2020 Flatland Challenge. It showed that well-
engineered planning and optimization techniques can outperform l earning-based
methods in terms of scalability and robustness under stochastic disruptions.

The solver combines key components from multi-agent pathfinding: an ini-
tial feasible solution is built through prioritized planning [37], where agents are 
ordered and planned sequentially; each path is generated with safe interval path
planning (SIPP) [33] to respect spatiotemporal constraints; and the solution is 
refined via large neighborhood search (LNS) [38], guided by simulated a nnealing
heuristics [19] to balance exploration and exploitation.

A notable strength is its adaptive replanning: when a breakdown occurs, only 
the trains affected by the blocked segment are r eplanned, limiting the propaga-
tion of delays. Minimum communication policies [28] further prevent deadlocks in 
congested areas. The solver scales to 400 trains and achieves top performance 
in Flatland without using RL, confirming the competitiveness of combinatorial
optimization in this domain.

However, this approach assumes global knowledge of the full network and 
plans paths centrally. This is an unrealistic requirement for real railway oper-
ations, where trains rely on local observations and limited communication. In 
contrast, our method leverages imitation learning and world models to enable 
decentralized decision-making under partial observability. Using this expert, we
collect a dataset DE of 800K samples, though our approach remains compatible
with any alternative expert, including those reflecting real operational practices.
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4.2 DreamerV2 World Model Pretraining 

In addition to the expert’s policy, we train a latent dynamics model follow-
ing the DreamerV2 framework [10]  as  in Mamba [6] without any modification. 
DreamerV2 learns a compact latent representation zt of the environment from 
observations ot and actions at where zt is composed of a deterministic recurrent 
state ht and a stochastic state st. This structured representation enables the 
model to predict future latent states, rewards, and discount factors. The model 
consists of 6 components. First, we have a recurrent state-space model (RSSM)
composed of three models:

Recurrent Model ht = fθ(ht−1, st−1, at−1), (11) 
Representation Model st ∼ qθ(st|ht,  ot), (12) 

Transition Predictor ŝt ∼ pθ(ŝt|ht). (13) 

Additionally, we have three more predictors: 

Observation Predictor ôt ∼ pθ(ôt|ht, st), (14) 
Reward Predictor r̂t ∼ pθ(r̂t|ht, st), (15) 

Discount Predictor γ̂t ∼ pθ(γ̂t|ht, st). (16) 

We denote by qθ the neural network parameterizing the generative distributions 
of the real environment, and by pθ the inference networks that approximate 
them to enable latent imagination. In our case, we reuse the Mamba architec-
ture: our observation predictor, reward predictor and discount predictor are 2 
fully-connected layers of 400 neurons each; The transition predictor is a single 
fully-connected layer of 400 neurons, followed by an attention encoder (3 lay-
ers, 8 heads), a gated recurrent unit (GRU) (1 layer, 600 neurons), and two
fully-connected layers of 400 neurons; The representation model has the same
architecture with an additional MLP (2 layers, 400 neurons per layer) at the end.
Concerning the recurrent model (Eq. 11), ht is computed using a GRU referred 
to as fθ. The GRU is chosen for its ability to efficiently capture temporal depen-
dencies in sequential data, while being less prone to vanishing gradient issues 
compared to vanilla RNNs, and is computationally lighter than LSTMs. This is 
particularly relevant in our multi-agent railway environment, where long-term
dependencies matter (e.g., train interactions over multiple time steps) but effi-
ciency is critical due to the large number of agents.

The representation model qθ (Eq. 12) infers the stochastic latent state 
from the deterministic hidden state and the current observation. This stochas-
tic component captures uncertainty in the environment and allows the model 
to represent multiple plausible futures, which is critical in partially observable
multi-agent settings such as ours because trains can have information (i.e. their
previous actions and states) only from nearby other trains.

The transition predictor pθ (Eq. 13) predicts the next stochastic latent state 
purely from the deterministic hidden state, enabling latent imagination without 
direct access to future observations. This facilitates planning and policy learning
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entirely in latent space. The observation predictor (Eq. 14) reconstructs observa-
tions from the latent state, ensuring that the latent representation retains suffi-
cient information about the environment for downstream tasks, such as training
policies or critics. The reward predictor (Eq. 15) predicts rewards in the latent 
space, providing the signal necessary for RL. By predicting rewards from latent 
states rather than raw observations, the model enables sample-efficient policy
updates. The discount predictor (Eq. 16) estimates the expected discount factor 
for the next time step, allowing the model to handle stochastic episode termina-
tions or partial observability in a principled manner.

The model is trained by minimizing the negative log-likelihood of observa-
tions, rewards, and discounts, along with a KL divergence term to regularize the 
latent distribution: 

Lworld(θ)  =  −Eqθ(s1:t|h1:t,o1:t)[log pθ(ôt, ̂rt, ̂γt| ht, st)]

+ KL qθ(st|ht, ot) pθ(ŝt|ht) (17) 

where s1:t,  h1:t,  o1:t are sequences of stochastic states, deterministic states and 
observations. This training ensures that the latent representation zt =  (ht,  st) 
captures sufficient information for both planning and policy learning, enabling
sample-efficient decision-making in downstream imitation learning and RL
stages.

4.3 Supervised Agent Pretraining 

Using the expert dataset DE and the latent states zt from the world model, we 
train the agent network πφ(a | z) in a supervised manner by minimizing the 
cross-entropy loss over discrete actions: 

LIL(φ)  =  − 1
|DE |

aexpert
t ∈DE

zt∼qθ,fθ

log πφ at = aexpert
t | zt (18) 

This loss encourages the policy to mimic the expert in the latent space learned 
by the world model. Importantly, trajectories are collected by rolling out the 
agent’s current policy πφ. At each timestep, we query the expert for the action 
aexpert 

t they would have taken, but we do not follow the expert’s policy. Instead, 
the agent executes its own actions, while the expert provides labels used for 
sup ervision. This setup ensures that the training distribution matches the states
actually encountered by the agent, mitigating covariate shift and making the
learned policy more robust during deployment. This pre-training phase is carried
out using the Adam algorithm [18] with a learning rate lr =  5e − 4, β1 =  0.9, 
β2 =  0  .999 and a weight decay of 0.00001.

This supervised pretraining aligns the agent’s initial policy with expert 
behaviors, while still grounding learning in the agent’s own state-action distri-
bution. As a result, the agent benefits from expert guidance without becoming
overly reliant on demonstrations, providing a strong initialization for subsequent
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RL fine-tuning. The full pseudocode of the supervised agent pretraining can be
found in Algorithm 1. It simply consists of iteratively updating the world model 
and policy weights by backpropagating the loss functions using a batch B of k
samples drawn from the expert dataset (lines 3–4). 

Algorithm 1. pretraining(.) - Supervised Agent Pretraining 
Require: World model fθ,  pθ,  qθ. 
Require: Policy πφ. 
Require: Dataset D. 
Require: Batch size k, number of epochs E. 
1: for step 1 to E do 
2: B := randomSampling(D,  k) 
3: fθ,  pθ,  qθ := updateWorldModel(B, Lworld,  f  θ, pθ, qθ)
4: πφ := updateActor(B, LIL, fθ, pθ, qθ)
5: end for
6: return fθ, pθ, qθ, πφ

4.4 Fine-Tuning with Reinforcement Learning 

After the pretraining phase, we continue to train the agent using RL to adapt 
to situations not perfectly captured b y the expert. We employ the proximal
policy optimization (PPO) algorithm [36], an actor-critic method consisting of 
two main components: (1) the actor πφ(a|z), which outputs a policy over actions 
given the latent state z produced by the world mo del, and (2) the critic Vψ(z),
which estimates the expected return (value) from the latent state.

Both neural networks are updated by minimizing the actor loss Lactor and 
the critic loss Lcritic as defined in the standard PPO algorithm [36]. In our case, 
the overall update alternates between minimizing Lactor with respect to φ and 
Lcritic with respect to ψ. This separation ensures that the actor is guided by the 
advantage signal without being biased by value prediction errors, while the critic 
learns an accurate baseline for stable advantage estimation. Com bined with the
world model, this actor-critic scheme enables the agent to make effective deci-
sions under partial observability and stochastic disruptions in railway networks.

4.5 Pseudo-Code of the Full Pipeline 

The full training pipeline is described in the Algorithm 2. Starting from an empty 
training set, we first execute the pretraining phase. At each iteration, new tra jec-
tories are collected using the updated policy πφ (line 4). Then, for each observa-
tion, the expert is queried about the action they would have taken (line 5). The 
resulting action is added to the dataset (line 6). The world model and the actor 
are then retrained to minimize their respective losses on the expanded dataset
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Algorithm 2. fullTraining(.) - Imitation-Guided World Model 
Require: World model fθ,  pθ,  qθ. 
Require: Actor πφ,  critic  Vψ. 
Require: IL steps EIL,  RL  steps  ERL,  batch  size  k. 
1: Initialize randomly fθ,  pθ,  qθ,  πφ,  Vψ. 
2: D = ∅ 
3: for step 1 to EIL do
4: o, a, r := envStep(πφ) Following the current policy
5: aexpert := getExpertAction(o) Section 4.1
6: D := D  ∪  {o, a, r, aexpert} Updating the dataset 
7: f θ,  pθ,  qθ,  π  φ := pretraining(fθ, pθ, qθ, πφ, D) Alg. 1
8: end for 
9: for step 1 to E RL do Section 4.4

10: B := randomSampling(D,  k) 
11: fθ,  pθ,  qθ := updateWorldModel(B, Lworld,  fθ,  pθ,  qθ) 
12: πφ := updateActor(B, Lactor,  fθ,  pθ,  qθ,  πφ,  Vψ) 
13: V ψ := updateCritic(B, Lcritic, fθ, pθ, qθ, πφ, Vψ)
14: end for
15: return fθ, pθ, qθ, πφ

(line 7). This iterative procedure ensures that the training distribution contin-
ually reflects the states actually encountered by the agent, thereby reducing 
covariate shift compared to one-shot behavioral cloning. As the policy improves, 
it explores more diverse regions of the state space, which, in turn, allows the 
expert to provide guidance in situations that were not present in the initial 
dataset. The world mo del also benefits from this process, since it is periodically
retrained on the newly collected trajectories, improving its predictive accuracy in
regions of the state-action space that become more relevant as the agent evolves.

The process is repeated for EIL steps. We set this number to be high enough 
to reach convergence, defined as the point where the supervised loss LIL no longer 
decreases significantly or the policy performance on a held-out validation set sat-
urates. In practice, this iterative pretraining acts as a form of data aggregation,
similar in spirit to DAgger [34], but adapted to the latent world model setting. 
It provides a stronger initialization for RL fine-tuning (lines 9-14) by combining 
expert knowledge with the agent’s own evolving state distribution. We finally 
return the policy (π φ) and the world model (fθ, pθ, qθ).

5 Experiments 

This section outlines the experimental protocol used to evaluate the efficiency 
and reliability of our approach and the obtained results.

5.1 Flatland Environment 

Flatland simulates a railway network on a w × h grid representing n cities. 
Each unblocked cell contains a rail type that specifies the allowed movement
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directions. We consider m trains a1,  .  .  .  ,  am, e ach with a starting cell, initial
orientation, and destination (see Fig. 2). Time is discretized from 0 to Tmax, 
which depends on the environment size and the number of trains. The objec-
tive is to issue commands so that the maximum number of trains reach their 
destinations before Tmax, i.e., to maximize the success rate. Rewards are pro-
vided directly by the environment. At timestep 0, trains are outside the grid; 
each is inserted by issuing an entry command, after which they occupy exactly 
one cell per timestep until reaching their destination. At every step, a train 
chooses among five actions: move forward, stop, turn left, turn right,  or  continue 
(repeating the previous action). Two actions are in conflict if they cause a colli-
sion. Breakdowns interrupt a train at a random moment for a random duration.
For each train, breakdown times follow a Poisson process with an unknown rate
λ, and durations are drawn uniformly between 20 and 50 timesteps, becoming
known only when the breakdown occurs.

Fig. 2. Illustration of the Flatland E nvironment.

5.2 Protocol 

We evaluate our approach against four baselines:

1. Random, a policy that selects actions uniformly at random for each train.
2. Greedy, a policy that chooses the action minimizing the immediate distance

to the destination, ignoring other trains.
3. Expert, a policy that follows the expert solver described in Sect. 4.1. 
4. Mamba [6], the state-of-the-art approach based on a learning algorithm.

All methods are evaluated on three levels of difficulty: 5, 10, and 15 trains, 
as we restrict ourselves to instance sizes commonly used in the learning-based 
literature. L earning-based models were trained on a single Tesla V100-PCIE-
32GB GPU for a maximum of 220 h.

All models were trained until convergence. For the training of our imitation-
guided world model, the supervised learning phase was limited to 800K envi-
ronment steps, corresponding to approximately 196 h (almost 90% of the total
training time) due to the repeated calls to the expert solver, while the RL phase
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was carried out for 950K steps, taking around 24 h. We note that, unlike the 
vanilla Mamba, which trains a separate policy for each environment configu-
ration (5, 10, and 15 trains with breakdown ratios of 1/100, 1/150, and 1/200 
respectively), our method requires only a single training session on the interme-
diate 10-train environment. We refer to Mamba(10) for version trained only on 
the 10-train environments and to Mamba( ) for the version trained on the spe-
cific scenario. We evaluate the performances using two metrics: %r, the propor-
tion of trains that reach their destination, and %d, the proportion of trains that 
become deadlocked. We note that these metrics do not necessarily sum to 100%,
as some trains may remain on the grid without arriving or becoming deadlocked,
a situation that is less critical than deadlock. All results are averaged over 100
environment instances. All methods meet the 3-seconds per-step runtime con-
straint (∼ 10−5s for classical baselines, ∼ 10−2s for learning-based methods).

5.3 Main Results 

Performances with a Fixed Breakdown Ratio. The results are summarized 
in Table 1. First, we observe that the expert achieves near-perfect performance 
across all scenarios, which is expected given its access to global state information 
and centralized optimization. Although available at the planning level and during 
the training phase, such global knowledge cannot be leveraged for real-time 
operations at the level of individual trains or restricted areas (e.g., a station). 
This is why the core of our methodology lies in mimicking the expert’s behavior, 
without prompting it at inference time. Random and greedy policies perform 
poorly, with low arrival rates and high deadlock percentages. Focusing now on 
learning-based approaches, our sequential method competes with Mamba in the 
5-train environment, and significantly outperforms it i n the 10- and 15-train
scenarios, with improvements of 14.7% and 23.7% in arrival rates, respectively.
These gains come at the cost of a slight increase in deadlocks (3% for 10 trains
and 3.1% for 15 trains), which remains within acceptable bounds. We note that
deadlock avoidance is not included in the reward function, and the agent is
therefore not explicitly trained to minimize this metric.

Table 1. Results of our method and the baselines (Top: n on learning methods, Bottom:
learning-based methods).

Policy 5  trains 10 trains 15 trains 

%r %d %r %d %r %d 
Random 25.0 ± 0.8 63.0 ± 0.8 11.8 ± 0.9 80.7 ± 0.9 8.2 ± 1.1 84.2 ± 1.1

Greedy 18.4 ± 0.8 55.0 ± 0.8 10.7 ± 0.9 79.1 ± 0.9 8.5 ± 1.1 81.3 ± 1.1

Expert 100.0 ± 0.0 0.0 ± 0.0 98.0 ± 1.1 1.8 ± 1.0 98.1 ± 1.4 1.5 ± 1.1 
Mamba(10) 48.4 ± 0.6 0.4 ± 0.2 66.1 ± 1.9 0.2 ± 0.1 30.9 ± 1.7 1.6 ± 0.5 
Mamba( ) 97.2 ± 0.6 2.0 ± 0.5 66.1 ± 1.9 0.2 ± 0.1 47.6 ± 2.4 4.6 ± 1.7

Our approach 98.2 ± 0.3 0.0 ± 0 80.8 ± 2.2 3.2 ± 0.6 71.3 ± 3.4 7.7 ± 1.8
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Performances When Varying the Breakdown Ratio. To assess general-
ization to stochastic disruptions, we also vary the train breakdown ratio between 
1/10 (i.e., λ from the Poisson law) and 0 for each difficulty level. For this exper-
iment, our model is always the one trained on the 10-train environment with 
a breakdown ratio of 1/150, while Mamba is trained on the original break-
down ratios associated with the instances (5, 10, and 15 trains with breakdown
ratios of 1/100, 1/150, and 1/200 respectively). Results are reported in Table 2. 
Interestingly, our approach shows stable and consistent performance across con-
figurations. While Mamba performs best on the specific breakdown ratio it was 
trained on, its performance deteriorates on unseen ratios. In contrast, the per-
formance of our approach tends to increase smoothly as breakdowns decrease,
demonstrating better adaptability in practical scenarios where disruptions vary
seasonally or across lines.

Main Take-Away from the Results. A key advantage of our method is its 
ability to transfer knowledge from the global solver to a decentralized local policy. 
Only a single training on the intermediary 10-train environment is sufficient 
to achieve good and consistent performance across all difficulty levels, whereas 
Mamba requires separate training for each configuration, as it fails to generalize 
without retraining. Overall, these results show that our imitation-guided world 
model approach not only improves performance compared to standard mo del-
based MARL, but also generalizes better to new configurations and breakdown
ratios, while requiring fewer training resources, as it needs only a single 220 h
training session, whereas Mamba requires three separate runs of 220 h each (one
per instance type), totaling 660 h.

5.4 Ablation Study 

To better understand the contribution of each component of our method, we 
perform an ablation study. All results (still averaged over 100 scenarios and
with the model trained on the 10-train environment) are reported in Table 3 
and are commented in the f ollowing paragraphs.

Ablation 1: Degrading the Expert Quality. We investigate the importance 
of the expert used for imitation. To do so, we replace the solver expert with the 
random policy and the greedy policy, while keeping the rest of the methodology
unchanged. As seen in Table 3, the sequential approach trained with a random 
or greedy expert still achieves decent performance, though it is lower than when 
using the solver. Interestingly, the random-expert model can still solve a substan-
tial fraction of the simpler environments, suggesting that the imitation phase, 
even with weak guidance, can help the policy discover basic navigation and coor-
dination patterns. The greedy-expert model performs better than the random
one on smaller environments but deteriorates on larger ones, indicating that par-
tial heuristic knowledge can be beneficial but insufficient to capture the complex
interdependencies present in high-density traffic.
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Table 2. Results of varying the breakdown ratio for 5 , 10, and 15 trains.

5 trains (original environment is 1/100) 

Policy 1/10 1/50 1/100 1/500 1/1000 1/10000 0 

%r %d %r %d %r %d %r %d %r %d %r %d %r %d 
Mamba(10) 39.4 0.0 47.8 0.0 48.4 0.4 52.8 0.0 53.6 0.0 52.4 0.0 50.8 0.0 

Mamba( ) 94.8 0.0 99.2 0.8 97.2 2.0 98.8 1.2 99.2 0.8 97.6 2.4 99.2 0.8 
Our approach 50.6 0.4 96.6 0.0 98.2 0.0 99.0 0.4 100.0 0.0 100.0 0.0 99.2 0.4 

10 trains (original environment is 1/150) 

Policy 1/10 1/50 1/150 1/500 1/1000 1/10000 0 

%r %d %r %d %r %d %r %d %r %d %r %d %r %d 
Mamba(10) 30.0 0.2 53.3 0.0 66.1 0.2 56.1 0.2 58.6 0.0 59.1 0.0 56.8 0.2 

Mamba( ) 30.0 0.2 53.3 0.0 66.1 0.2 56.1 0.2 58.6 0.0 59.1 0.0 56.8 0.2 

Our approach 42.3 1.4 68.2 2.4 80.8 3.2 83.7 2.8 78.9 3.4 84.7 2.6 82.7 2.4 

15 trains (original environment is 1/200) 

Policy 1/10 1/50 1/200 1/500 1/1000 1/10000 0 

%r %d %r %d %r %d %r %d %r %d %r %d %r %d 
Mamba(10) 19.0 2.9 30.1 0.7 30.9 1.6 35.7 0.7 34.5 1.3 35.3 1.3 36.0 2.3 

Mamba( ) 30.9 2.7 39.3 6.2 47.6 4.6 48.8 5.0 49.5 6.3 48.3 6.0 47.3 7.4 
Our approach 31.8 5.1 52.7 5.8 71.3 7.7 72.3 8.0 71.0 12.1 77.7 7.8 70.8 9.8 

Ablation 2: Disabling the World Model. Next, we evaluate the role of the 
world model by re-training the agent without it. Without a learned dynamics 
model, the agent is unable t o capture temporal dependencies or plan ahead,
resulting in poor results (see Table 3) on the training configuration (10 agents) 
and a complete failure to generalize to smaller (5 agents) or larger (15 agents) 
scenarios. These results underline the crucial role of the world model in enabling 
generalization beyond the training distribution. This confirms that the world 
model is a critical component for learning in complex multi-agent environments 
such as Flatland. The r esult highlights that local observation alone, without the
latent predictive model, does not provide sufficient information for coordination,
especially when trains must anticipate interactions many steps in advance.

Ablation 3: Disabling RL Finetuning. We then assess the necessity of 
the RL fine-tuning stage by training a policy purely with supervised imitation 
for the same budget as our full approach. Pure imitation alone y ields very poor
performance, particularly in larger environments with many agents (see Table 3). 
This demonstrates that expert-guided initialization is insufficient to handle the 
stochasticity of the environment, the variability of train breakdowns, and the 
emergent interactions between agents. It further emphasizes that RL is essential
for adapting the policy to situations not captured in the expert trajectories.
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Take-Away from the Ablation Study. Overall, the experiments confirm 
that each component (expert demonstrations, predictive world model, and RL) 
plays a complementary role. The combination enables efficient policy l earning
and robust coordination under uncertainty for multi-agent routing problems in
Flatland.

Table 3. Results of the ablation study.

Policy 5  trains 10 trains 15 trains 

%r Δ %r Δ %r Δ 
Our approach 98.2 - 80.8 - 71.3 -

With Random 75.4 -22.8 76.6 -3.4 58.1 -13.2 
With Greedy 92.0 -6.2 65.2 -14.8 43.7 -27.6 
No world model 0.0 -98.2 30.0 -50.8 0.0 -71.3 
Pure imitation 2.8 -95.4 0.4 -80.4 0.0 -71.3 

6 Conclusion and Future Work 

In this work, we proposed an imitation-guided world model to tackle a train 
rescheduling problem, using the Flatland environment, a simplified simulation 
of railway networks. First, we leverage imitation learning to mimic the behavior 
of an expert solver specifically designed for this task. This solver has access to a 
global view of the environment, which can be used during a training phase but 
is impractical for real-time operations. The second phase employs model-based 
RL, allowing each train to make decisions based solely on its local observations, 
reflecting realistic operational constraints. Our approach demonstrates superior 
performance compared to baseline metho ds, requires significantly fewer compu-
tational resources for training and exhibits robust generalization to previously
unseen breakdown ratios. As future work, we plan to extend beyond the Flatland
environment and address more realistic settings and constraints, such as strict
arrival time windows, and priority rules reflecting passengers or cargo impor-
tance. Constrained reinforcement learning [35], which allows soft penalization of 
constraint non-adherence, appears to be a promising direction in this regard. 
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