Quantifying the use of Domain Randomization
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Motivation

Domain Randomization (DR) can broaden a synthetic data distribution to encompass a realistic data distribution

Texture Randomization Techniques [16] [17] [18] [19] [14] [20] [10] [21] [12] [22] [8] [11] [7] [6] [23] [24] [25] [13] [9]
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Detailed citations available in the paper

No consensus on the optimal approach to applying DR — leading to inefficient sampling and unguided application



Texture Randomization

Large amount of possible textures — which textures would result in the highest performance to solve a given task?
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Typical Approach
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Typical Approach
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Goal

Quantifying the difference between realistic and DR data distributions.

Real data distribution

DR data distribution
DR Technique Distance Estimate
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Contributions
* Novel method of quantifying differences between DR data distributions and real-equivalent samples

* Our method avoids the expense of task-specific training and evaluation
- We show lower distance estimates between DR and real-equivalent distributions, generated without task-based training,

corresponds to higher task-based performance



Proposed Solution
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Results
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Results
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Conclusion

* \We propose a novel method of quantifying

differences between DR data distributions 'O mmm Localization Task Error
. N Wasserstein Distance Estimate
and real-equivalent samples D

 We demonstrate that the method is capable of
ranking the different augmentations which is
reflected in the performance of an object
localization task
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