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. Background . Results . Conclusions & Future Work

In model-based reinforcement learning, the agent at- In the Figure below you can see how MLE & PVE compare in varied settings for: We have demonstrated that, at least in some sim-
tempts to build a representation of the dynamics of the * the training policy set size (y-axis, top-to-bottom) ple settings, there exists a boundary that divides
environment it interacts with in order to apply this * model representational capacity (x-axis, left-to-right) contexts where MLE is preferable to PVE in policy

model to find a better policy. evaluation generalisation ability, and vice versa.

In other words, the agent plans with a model. A model High error is shown in red, low error in blue.

may be used to evaluate policies — that is, to predict their For potential future work, we recommend explor-
true value in the environment. Error of MLE model on test set Error of PVE model on test set ing the behaviour of this boundary, theoretically, in
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. Research Question

How do predictive models based on MLE and PVE
loss objectives compare in of unseen policies?
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