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Motivation Implementation Analysis
In this past decade, computer-generated imagery has improved Here we describe the convolutional neural network that yielded us the best results: Confusion Matrix
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aliasing (i.e. CG images likely have more pristine edges).
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Note: surveyed students showed an average classification accuracy of 90% on this dataset. On futulz endeavc?rs fo; this p roj €Ct.f 1
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