GDPP
Learning Diverse Generations using
Determinantal Point Process

Mohamed Elfeki, Camille Couprie,
Morgane Riviere and Mohamed Elhoseiny

* https://github.com/M-Elfeki/GDPP

A\ |

facebook A
Artificial Intelligence Research King Abdullah University of



https://github.com/M-Elfeki/GDPP

What’s wrong with Generative models?



What’s wrong with Generative models?

GAN

@® Real Sample
@® Fake Sample



What’s wrong with Generative models?

GAN GDPP-GAN
|
\ .

= - : .ﬁ":. ¢

:
. « 1 .
| . .
. . : “: -3

|

@® Real Sample
@® Fake Sample



Determinantal Point Process (DPP)
P(SCY) xdet(Lg)
P(S CY) o det(p(S) " ¢(S5))
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Determinantal Point Process (DPP)
P(S CY) xdet(Lg)
P(S CY) o det(p(S) " ¢(S5))

¢ 1Is feature representation of subset S sampled from ground set Y

L.: DPP kernel, models the diversity of a mini-batch S
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Does it work? (Real)
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Why GDPP?

No extra trainable parameters (cost-free)
Unsupervised Setting (No labels)

Stabilizes Adversarial Training

Time and Data efficient

Architecture & Model Invariant (GAN & VAE)

Yet, Consistently outperforms state-of-the-art
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