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» Self-Play : Create a ‘training set’, by having the current best

model play multiple games against itself

Problems * Retrain : Optimize the neural network weights, by sampling

«  New characters are updated regularly, requiring the model to be retrained EVALUATE RETRAIN a mini-batch from the self-play results

*  Huge action space makes the training process infeasible » Evaluate : Evaluate the retrained model by playing multiple
U games with the previous models
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EVALUATION
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» Enhanced scalability of the FILM module will work nicely with bulky action spaces

» Due to lack of resources, our experiment of this model is the downsized version of the original AlphaZero.
The results of our model given the complexity of the original is called for



