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The Flatland 3 challenge

• Simulates a railway network on a 2D grid
environment

• Trains have different speeds and can 
experience temporary malfunctions

• Avoid collisions as they make paths
unusable, causing deadlocks

• Goal: route as many trains as possible from 
departure to target station, as fast as
possible



Our approach – Multi-agent RL with MAPPO

Multi-Agent PPO (MAPPO): 
• the policy network is applied on each agent’s observation individually
• the value network is applied globally and returns a single value for all agents
• rewards are shared (in our scenario, to promote cooperation)



Our approach – Observations & neural networks

• Flatland 3 provided a few observation types, 
but we designed our own

• Two versions: max pooled at depth 2 for 
efficiency (v1) or not (v2)

• Implemented two different neural network 
architectures

• MLP (lighter but no ‘’message passing’’) and 
RailTransformer (heavier but interaction 
between agents’ activations)



Our approach – Custom reward function

• Often beneficial to design a dense custom reward function in RL
• Optimized as a proxy of the sparse true reward function

Normalized new departures
Normalized new arrivals + 
late arrival penalty

Normalized new deadlocks



Training setup & Results

Training: on 3 different environment configurations («demo», «small», «mini»), respectively
with 5, 20 and 50 agent and other hyperparameters identical to those then used for testing

Trained every combination of:
• MLP vs RailTransformer
• Observation v1 vs v2
• Training from scratch vs curriculum learning



Evaluation setup & Results

Evaluation: locally using the flatland-evaluator package and the test env configurations provided

Our model reaches an «hypothetical» first place 
on the RL track of the Flatland 3 challenge! 

• MLP + obs v1 performs best 
• MLP beats RailTransformer by a large 

margin



Some videos

«Mini» env«Demo» env



Conclusions

Limitations

• I’m happy to have reached a tangible result despite the low compute available
• Coding this was though and took waay more time than expected, but…                                        

it has been extremely rewarding and I learned a lot

• The result is great among RL approaches, but Operations Research solutions scored up to 4x 

higher on the evaluation benchmark
• There might still be room for improvement on the RL side of Flatland 3
• Our approach could be made more performant with parallel trajectory collection

Bottom line



Thank you for your attention



PPO’s clipped surrogate objective function



Value targets for the Value network

TD(N) target

GAE as 

EWA of TD(N)

Generalized Advantage Estimation



Observation details
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