INSTITUTE

Quantifying the quality of shape and texture representations in deep neural networks @ Kempner
Fenil R. Doshi (fenil doshi@fas.harvard.edu), Talia Konkle, George A Alvarez

Department of Psychology, Harvard University

Metric 1: Accuracy-Scaled Shape Bias
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Beyond Shape Bias Metric 2: Configural Shape Index Metric Comparison

Training strategies that increase shape bias
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Conclusions

* If you’re measuring shape bias, consider
reporting Accuracy-Scaled Shape-Bias.

* For more graded measures, consider
Configural Shape Index - stricter metric for
measuring the quality of shape representations
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3. What qualities define strong shape
representations?

Going forward, we would like establish clearer
desiderata for strong shape representations:
To begin, we propose that a strong shape-
representation ought to have high tolerance
to shape-preserving affine transformations
(e.g., changes in position, orientation and
scale), and low tolerance (high sensitivity) to
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* Instead of concelving of this as one axis; think
of it as two separate capacities
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