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I Overview

Topic: Nonparametric method & Conditional generative modeling

Contribution:

- Reveal the conditional modeling capabilities of Sliced-Wasserstein Flows

- Introduce inductive biases for image tasks into Sliced-Wasserstein Flows

Takeaways:
- The first nonparametric conditional generative model

- Achieve comparable performance with parametric generative models
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Sliced-Wasserstein distance: ' N
Based on projections: 9*(33) £ <9, x)
SWs(p,q) = | W3(0;p,0;q)do
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SWF: Gradient flow in the Wasserstein space minimizing SW5
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I Sliced-Wasserstein Flows (SWF)

Sliced-Wasserstein distance: ’ N
Based on projections: 9*(33) £ <9, x)
SWsi(p,q) = | W5(0;p,0;q)df
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SWF: Gradient flow in the Wasserstein space minimizing SW5

min  SWZ(p, q) 0 Op(2) + V- (pe(z)v(z)) =0
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P . . . Wasserstein Space
Velocity field: Monte Carlo estimation over unit sphere
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one-dimensional CDF estimations
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I Conditional SWF

Ideally: Collection of SWFs min SW22(py7 qy),Vy €Y
pyE’P2(X)

data efficiency generalization



I Conditional SWF

Ideally: Collection of SWFs min )SWg(pyy qy),Vy €Y This work: SWF in the joint space ~ min _ SW3(p, q)
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Observation: (under certain conditions) the velocities coincide!
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Introducing Inductive Biases
Locally-connected projections < Locally-connected layers

Uniform projections < Fully-connected layers
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I Introducing Inductive Biases

Uniform projections < Fully-connected layers Locally-connected projections < Locally-connected layers

Pyramidal Schedules & Pyramidal Representation
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I Locally-Connected Projections & Pyramidal Schedules

Table 1. FID] scores obtained by ¢-SWF on CIFAR-10 and
CelebA. ¢ Use 160 x 160 center-cropping. * Use 128 x 128

| (1Y
' “ b center-cropping. T Use 140 x 140 center-cropping.
=
. - Method CIFAR-10 CelebA
‘ w & Auto-encoder based
o ’? VAE (Kingma & Welling, 2013) 155.7 85.7°
il SWAE (Wu et al., 2019) 107.9 48.9"
| < WAE (Tolstikhin et al., 2017) . 42t
m !, € CWAE (Knop et al., 2020) 120.0 49.71
Autoregressive & Energy based
S m PixelCNN (Van den Oord et al., 2016)  65.9 -
' : EBM (Du & Mordatch, 2019) 37.9 —
Vs; f g i Adversarial
Q § WGAN (Arjovsky et al., 2017) 55.2 41.3°
Teg ;‘ WGAN-GP (Gulrajani et al., 2017) 55.8 30.0°
\(‘inl 73 b CSW (Nguyen & Ho, 2022b) 36.8 =
'ﬂ ‘ SWGAN (Wu et al., 2019) 17.0 13.2"
» B &
T~ Bs Score based
- Vg‘qm NCSN (Song & Ermon, 2019) 25.3 -
- E, ,‘, Nonparametric
: > SWEF (Liutkus et al., 2019) >200) > 150f
:E"é SINF (Dai & Seljak, 2021) 66.5 37.3"
1 ¢ £-SWF (Ours) 59.7 38.3
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SWEF + Locally-Connected Projections + Pyramidal Schedules



I Conditional Generation

A‘,il A,‘
) e mﬂﬁ«lﬁ £

ﬁ“ﬂ@l%ﬂg.m

o/ﬁdnbu...r)/v
Q- mMmAXWnYy
QN mIYue

Class-conditional samples from CSWF on MNIST, Fashion MNIST and CIFAR-10.



I Image Inpainting

Image inpainting results of CSWF on MNIST, Fashion MNIST, CIFAR-10 and CelebA.



For more technical details and results, please visit

Poster:

Exhibit Hall 1 #120 (Poster Session 1, 11:00 AM to 1:30 PM on July 25)

Code:
https://github.com/duchao0726/Conditional-SWF

O sea Alwab ICML L

connecting the dofs International Conf eeeeee
40NEAaTS 5 vachine Leu



