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Introduction

Problem Setting
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Curse of Dimensionality
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Deep Metric Learning
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MVM

"Manifold Matching via Deep Metric Learning for Generative Modeling" (ICCV 2021).



GAN vs MVM *

Differences GANs MvM
Main point of view statistics geometry
Matching terms means, moments, etc. centroids, p-diameters
Matching criteria statistical discrepancy learned distances
Underlying metric default Euclidean learned intrinsic
Objective functions one min-max value function two distinct objectives

GAN
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"Manifold Matching via Deep Metric Learning for Generative Modeling" (ICCV 2021).



Goal of MVM
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Deep Metric Learning in MVM

R (12} HIO|E 521 R™ (M2 AHIZ 52




Related Work

MVM pipeline
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Manifold Matching Loss

Centroi
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Triplet Loss
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Methodology

MVM + pipeline
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Cosine Similarity Loss
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Average Hausdorff Distance
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Early Experiments
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Experiments



Synthetic Data Generation
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Synthetic Data Generation

MVM vs MVM+
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Synthetic Data Generation

GAN vs MVM+
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Synthetic Data Generation

GAN vs MVM+
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Synthetic Data Generation

MVM vs MVM+
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Synthetic Data Generation
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Synthetic Data Generation

MVM vs MVM+
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Synthetic Data Generation
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Synthetic Data Generation
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Key Results
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MVM vs MVM + (epoch 80)




Visualize & Targeting with MVM + !

44 tensors found
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Visualize & Targeting with MVM + !
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Visualize & Targeting with MVM + !

44 tensors found
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Conclusion
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Future Works

« GAN 2} MVM+2| A}

« SOTA GAN + (MVM+)

» Self-supervised contrastive learning + (MVM+)
« SimCLR + (MVM+)

« BYOL + (MVM+)



Conclusion

Future Works
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Thank you !
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