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MMDy (P, Q) = sup  E [f(X)] - E [f(V)]
ill gy <12 T

Kernel k : X x X — R - a“similarity” function

f(t) o< E _K(t,X) — E k()

For many kernels, MMD(IP, Q) = 0iff P = Q
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MMDy (P, Q) = )

E lp(X)] = E [p(Y)

o p: X — Hy is the feature map for k(z, y) = (p(x), p(y))

e Ifk(z,y) = 'y, (z) = x;
MMD is distance between means

e Many kernels: infinite-dimensional H;
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Estimating MMD
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Implicit generative models

Given samples from a distribution [P over &,
we want a model that can produce new samples from (), =~ P
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Model: generator network

Fixed distribution of latents: Z ~ Uniform ([_1’ 1]100)

Maps through a network: Gy (Z) ~ Q)

Choose  to minimize D(Pgata, Qp)

Very flexible generative model
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e Supports almost surely don't align [Arjovsky/Bottou ICLR-17]

e No “partial credit”: loss is flat at maximum, never improves

o
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Celeb-A, mix of rational quadratic + linear kernels
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Deep kernels

k¢ (.’B, y) — ktop (¢¢ ("B)a ¢¢ (y))
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¢y ()
i pe— | 4 k(=, y)
______ 5 =
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MMD loss with a deep kernel
k(il?, y) — ktop (¢(£U), ¢(y))

We just got adversarial examples! .
* ktop omial

adversarial
perturbation

88% tabby cat 99% guacamole
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Optimized MMD: MMD GANs [Li+ NeurlPS-17]

e Don't just use one kernel, use a class parameterized by

ky(2,y) = ktop (¢4 (), Dy (y))
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e Minimax optimization problem

irglf sup MMD, (Pgata, Qp)
Y


https://arxiv.org/abs/1705.08584/

Non-smoothness of Optimized MMD

llustrative problem in R, DiracGAN [Mescheder+ ICML-18]:


https://arxiv.org/abs/1801.04406/

Non-smoothness of Optimized MMD

llustrative problem in R, DiracGAN [Mescheder+ ICML-18]:

-
—
——
—_—
-
-
-
——
-
-

i ——————————
——
——
-~
——
——
——
——
——
——
——
—~—
-
o
————

-


https://arxiv.org/abs/1801.04406/

Non-smoothness of Optimized MMD

llustrative problem in R, DiracGAN [Mescheder+ ICML-18]:

-

———
——
———
-
-
—
=
—



https://arxiv.org/abs/1801.04406/
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Non-smoothness of Optimized MMD

llustrative problem in R, DiracGAN [Mescheder+ ICML-18]:
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Non-smoothness of Optimized MMD

llustrative problem in R, DiracGAN [Mescheder+ ICML-18]:

kL[J=2(Or X)
i
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= al

Just need to stay away from tiny bandwidths 1)
...deep kernel analogue is hard.

Instead, keep witness function from being too steep

Control ||V £(X)|| on average, near the data
m [Gulrajani+ NeurlPS-17 / Roth+ NeurlPS-17 / Mescheder+ ICML-18]

250 -25 00 25 5.0 0 5 10
6 0


https://arxiv.org/abs/1801.04406/
https://arxiv.org/abs/1704.00028
https://arxiv.org/abs/1705.09367
https://arxiv.org/abs/1801.04406

MMD-GAN with gradient control

o If W gives uniformly Lipschitz critics, D{&MD Is smooth

e Original MMD-GAN paper [Li+ NeurlPS-17]: box constraint


https://arxiv.org/abs/1705.08584/

MMD-GAN with gradient control

o If W gives uniformly Lipschitz critics, D{&MD Is smooth

e Original MMD-GAN paper [Li+ NeurlPS-17]: box constraint

e We [Binkowski+ ICLR-18] used gradient penalty on critic instead


https://arxiv.org/abs/1705.08584/
https://arxiv.org/abs/1801.01401/

MMD-GAN with gradient control

o If W gives uniformly Lipschitz critics, Dl%'/IMD Is smooth

e Original MMD-GAN paper [Li+ NeurlPS-17]: box constraint

e We [Binkowski+ ICLR-18] used gradient penalty on critic instead
= Better in practice, but doesn't fix the Dirac problem...


https://arxiv.org/abs/1705.08584/
https://arxiv.org/abs/1801.01401/

MMD-GAN with gradient control

is smooth

o If U gives uniformly Lipschitz critics, DE/IMD

171: box constraint

-GAN paper [Li+ NeurlPS

e QOriginal MMD

-18] used gradient penalty on critic instead
= Better in practice, but doesn't fix the Dirac problem...
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New distance: Scaled MMD
Want to ensure E ;. [[|[VF(X)]]?] <

Can do directly with kernel properties...but too expensive!

Guaranteed if || f|2, < 05k 1
oSk i= (A—I— E [k(X, X) + [V1-V2E|(X, X)]) 2
X~

Gives distance SMMDs 1, » (P, Q) = o5 1 » MMDyg (P, Q)

Dyvp has F = U {f= [ fll3e, < 1}

HED

S? ?
Davinp has F = [J { £+ 1fll, < ospn}
Yew



Deriving the Scaled MMD
E [[|[VF(X)]]
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Deriving the Scaled MMD

gig[f(??)zl E [[VACOIP]+ Al <1
XES[f( < _ [90 ) >H

XS | i=1

d
E [[VAX)I] = < E ) 0:p(X) ®d;p(X)

Constraint can be written (f, Dy f)z < 1
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Dsyvvp ¢ 2d example

Kernels from SMMDp 1, », early in optimization
SMMDGAN (target)
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Dsyvvp ¢ 2d example

Critic gradients from SMMDp 1, » (early)

SMMDGAN (target)
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Dsyvvp ¢ 2d example

Kernels from SMMDp 1 5, late in optimization

SMMDGAN (target)




Dsyvvp ¢ 2d example

Kernels from MMDy, (late)
MMDGAN (no GP)




Dsyvvp ¢ 2d example
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Dsyvvp ¢ 2d example

Critic gradients from MMD;, (late)

MMDGAN (no GP)

24AAAA R N
“uuu\\,::::::::: » target
‘#M pTIIIIIn e model
DS E AEEREEEEEESE
SRS EREE SERSERE RS S SRS
SRR T LA AL 1 A4 P REL TR
::::::::::“: )Vggj/ﬁ"f’ SORBREE
e 1 "5-!»”;::::::::
::::;:;\‘»\:ff‘“/ L
s A e I
C = A N SN L g . . ..
...... O quy ey P
LULeIe i = el
A -
...... D @ < s s st s s e s e e e e e e
SRR R BEE SR SEERES
e e R
......... L

oooooooooooooooooooooooooooooooooo

..................................

oooooooooooooooooooooooooooooooooo



Model on 160 X 160 CelebA
SN-SMMD-GAN WGAN-GP

»

KID: 0.006 KID: 0.022
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Model on 64 X 64 ImageNet
SN-SMMDGAN

KID: 0.035 KID: 0.044 KID: 0.047




Recap

e Can train generative models by minimizing
a flexible, smooth distance between distributions

e Combine kernels with gradient penalties

e Strong practical results, some understanding of theory

Demystifying MMD GANSs
Binkowski®, Sutherland”™, Arbel, and Gretton [ICLR 2018]

On Gradient Regularizers for MMD GANs
Arbel®, Sutherland®, Binkowski, and Gretton [NeurlIPS 2018]

Links + code: see dougal .me
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Recap

Can train generative models by minimizing
a flexible, smooth distance between distributions

Combine kernels with gradient penalties
Strong practical results, some understanding of theory

But haven't totally solved GANSs yet!

Demystifying MMD GANSs
Binkowski®, Sutherland”™, Arbel, and Gretton [ICLR 2018]

On Gradient Regularizers for MMD GANs
Arbel®, Sutherland®, Binkowski, and Gretton [NeurlIPS 2018]

Links + code: see dougal .me

Thanks!


http://dougal.me/

Backup slides



MMD GANs versus WGANSs
e Linear-kernel MMD GAN, k(z,y) = ¢(x)d(y):

loss = [E ¢(X) — E (V)

£(8) = sign E4(X) ~ Eo(7) ) 81
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MMD GANs versus WGANSs
Linear-kernel MMD GAN, k(z,y) = ¢(z)d(y):

loss = [E ¢(X) — E (V)

£(8) = sign E4(X) ~ Eo(7) ) 81

WGAN has:
loss = E¢(X) — E(Y)
f(t) = (1)
Linear-kernel MMD GAN-GP and WGAN-GP almost the same

MMD GAN “offloads” some of the critic's work
to closed-form optimization in the RKHS



Keeping weight condition numbers bounded
e Spectral parameterization [Miyato+ ICLR-18]:
o W =AW/||W]||op; learn y and W freely
e Encourages diversity without limiting representation

Condition Number: Layer 1

—— SMMDGAN
600 —— SN-SMMDGAN
MMDGAN

400

200

0 20K 40K 60K


https://arxiv.org/abs/1802.05927/

Rank collapse

e Occasional optimization failure without spectral param:
= Generator doing reasonably well

= Critic filters become low-rank
= Generator corrects it by breaking everything else

= Generator gets stuck

0.5
—— GCMMD

Q 0.15 o 0.4
© ©
£ E£03 —— GCMMD
»n 0.10 =
o) o —— SMMD
%) 0.2
7 o
© 0.05 % 01

0.00 0.0

o

10k 20k 30k 40k 50k 10k 20k 30k 40k 50k
generator steps generator steps

o

25.3



What if we just did spectral normalization?
W =W/||[W|op, sothat [[Wllep = 1, [yl <1

Works well for original GANSs [Miyato+ ICLR-18]
...but doesn't work at all as only constraint in a WGAN

Limits representation too much
= |In DiracGAN, only allows bandwidth 1

" ||z = o(Wy - o(Wiz))|[L < [[Wallop - - [[Willop


https://arxiv.org/abs/1802.05927/
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Can show MMD,, < Wy, < Ly, ||y ||Lip W
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dy(z,y) = [|ky (2, ) — ky (v, -)II% < Ly, |04 llip [l — 9

o Canshow MMD, < W, < Ly, ||y ||lLip W

e By assumption on kip, agi)\ > 7ktop E[|Vy(X)|2%]

2
ktop ||¢¢||L1p Lk K
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e Because Leaky-RelU, ¢, (X) = a(v)¢y (X). [|#7[|Lp < 1

dtop OéL
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e For Lebesgue-almost all X, HVqu{b(X)H% >
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Implicit generative model evaluation

No likelihoods, so...nhow to compare models?

Main approach:
look at a bunch of pictures and see if they're pretty or not
= Easy to find (really) bad samples

= Hard to see if modes are missing / have wrong probabilities
= Hard to compare models beyond certain threshold
Need better, quantitative methods

Our method: Kernel Inception Distance (KID)
= MMDy, (Pgata, )2, k cubic on pretrained Inception rep

m tf.contrib.gan.eval.kernel_inception_distance


https://www.tensorflow.org/versions/r1.13/api_docs/python/tf/contrib/gan/eval

Inception score [Salimans+ NIPS-16]

e Previously standard quantitative method

e Based on ImageNet classifier label predictions
= Classifier should be confident on individual images

= Predicted labels should be diverse across sample

25.7
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Inception score [Salimans+ NIPS-16]

Previously standard quantitative method

Based on ImageNet classifier label predictions
= Classifier should be confident on individual images

= Predicted labels should be diverse across sample

No notion of target distribution [Py,

Scores completely meaningless on LSUN, Celeb-A, SVHN, ...

Not great on CIFAR-10 either


https://arxiv.org/abs/1606.03498/

Inception score [Salimans+ NIPS-16]

Previously standard quantitative method
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BasC A Note on the Inception Score

Shane Barratt, Rishi Sharma
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Deep generative models are powerful tools that have produced
impressive results in recent years. These advances have been for the
most part empirically driven, making it essential that we use high
quality evaluation metrics. In this paper, we provide new insights into
the Inception Score, a recently proposed and widely used evaluation
metric for generative models, and demonstrate that it fails to provide
useful guidance when comparing models. We discuss both
suboptimalities of the metric itself and issues with its application.
Finally, we call for researchers to be more systematic and careful when
evaluating and comparing generative models, as the advancement of
the field depends upon it.

VYHN, ...
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Fréchet Inception Distance (FID) [Heusel+ NIPS-17]

e Fit normals to Inception hidden layer activations of IP and (0

e Compute Fréchet (Wasserstein-2) distance between fits
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Fréchet Inception Distance (FID) [Heusel+ NIPS-17]

e Fit normals to Inception hidden layer activations of [’ and

e Compute Fréchet (Wasserstein-2) distance between fits

e Meaningful on not-ImageNet datasets
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Fréchet Inception Distance (FID) [Heusel+ NIPS-17]

e Fit normals to Inception hidden layer activations of IP and (0

e Compute Fréchet (Wasserstein-2) distance between fits

e Meaningful on not-ImageNet datasets
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Fréchet Inception Distance (FID) [Heusel+ NIPS-17]

e Fit normals to Inception hidden layer activations of [P and ()
e Compute Fréchet (Wasserstein-2) distance between fits
e Meaningful on not-ImageNet datasets

e Estimator extremely biased, tiny variance
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Fréchet Inception Distance (FID) [Heusel+ NIPS-17]

e Fit normals to Inception hidden layer activations of [P and ()
e Compute Fréchet (Wasserstein-2) distance between fits
e Meaningful on not-ImageNet datasets

e Estimator extremely biased, tiny variance

o FID(P;, Q) < FID(P,, Q), EFID(P;, Q) > EFID(,, Q)
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Fréchet Inception Distance (FID) [Heusel+ NIPS-17]
e Fit normalsto Incention hidden laver activations of [’ and ()

( \ takerum commented 11 days ago « edited ~ Member

Table 2 in SN-GAN paper, How do you calculate the FID score of real data? (7.8)

We sample 10000 images on test set and 5000 images on training set and calculate FID on the two
sets of the images.

Table 2 How many generated samples are used for getting FID or Inception scores? 5000 or
500007?

Your paper used 5000 samples to compute FID and Inception score. But in improved-gan paper,
they use 50000 samples to get Inceptions scores.

Both of the original paper and our paper use 50,000 samples for calculating the "mean" and "std" of
the inception scores.

The original paper and our paper calculate inception score with 5,000 samples and repeated 10 times
to estimate the mean and variance of inception scores on each independently generated set of images.
For FID, we calculate it with 5,000 samples and report the value, because we found that the variation of
FID within independent sets is very small compared to the value of FID.

T ... 0
0 0.0 05 10 0 2000 4000 6,000 8000 10,000
CIFAR-10 test set, dimension 0 n
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New method: Kernel Inception Distance (KID)

—— 2
e MMD between Inception hidden layer activations

3
e Use default polynomial kernel: k(x,y) = (%@3, y) + 1)



New method: Kernel Inception Distance (KID)

/\2

e MMD between Inception hidden layer activations

3
Use default polynomial kernel: k(x,y) = (%(m, y) + 1)

Unbiased estimator, reasonable with few samples
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New method: Kernel Inception Distance (KID)

—_— 2
e MMD between Inception hidden layer activations

3
e Use default polynomial kernel: k(x,y) = (%(m, y) + 1)

e Unbiased estimator, reasonable with few samples

e |In tensorflow.contrib.gan.eval (tensorflow#21066)
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Automatic learning rate adaptation with KID

e Models need appropriate learning rate schedule to work well

e Automate with three-sample MMD test [Bounliphone+ ICLR-16]:

KID estimate
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Controlling critic complexity

Critic Complexity: o ?

104
—— SMMDGAN
—— SN-SMMDGAN
103 —— MMDGAN
—— SN-MMDGAN
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