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Performance Across Hyperparameters
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21 Environments in total
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hyperparameter
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10 seeds

1



Performance

Unimodality

| i

12



Performance

Unimodality

| i

13



Performance

Unimodality

‘A

14



Performance

Unimodality

We can reach the optimum from every point with an increasing pathl
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Explanation Attempt 2: Differences Between Runs?
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The RL Performance Landscape

- Bottom-heavy
performance distribution

- lendency towards fewer,
but large landscape
features

-> |nconsistent,
hard-to-model deviations
between runs
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The Good News: It's Freel
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The Good News: It's Freel
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