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WGAN-GP

[1(P,,Pg) : joint distribution

Y : one of the joint distribution

Wasserstein—1
distance,
W(P,,Py) = ]/El'[g’}f,ﬂ”g) ]E(x,y)~y[”x — yll]
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WGAN-GP

Wasserstein—1
distance,

W(P,,Py) = YEHH’EJP@) ]E(x,y)~y[”x — yll]

Problem : [[(PP,,Pg) have the large space
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WGAN-GP

Wasserstein—1
distance,

W(P,,Py) = ]/El'[g’}f,ﬂ”g) ]E(x,y)~y[”x — yll]

Kantorovich — Rubinstein Theorem

W(P,,Pg) = Sup Ex~p, [f (x)] = Ex~p, [f ()]

If|l, <1:f functionis the 1 — Lipchitz function

The Kk lipschitz function does not increase the distance between two points by more than a certain
ratio.
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a WGAN-GP

Wasserstein—1
distance

W (P, Pg) = ||]§|1|121 Ex-p, f ()] - Ex-.p, Lf ()]

Ifl, <1:f functionis the 1 — Lipchitz function

max [, p_ fw(x)] — E; p(z) Lfw (9o (2))]

weWw
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WGAN-GP

WGAN
max Exp, [fiw ()] = Ez~p(5) [ fw (g6 (2))]

Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used
the default values a = 0.00005, ¢ = 0.01, m = 64, neritic = O.

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size.
Nerities the number of iterations of the critic per generator iteration.
Require: : wy, initial critic parameters. 6, initial generator’s parameters.

1: while 6 has not converged do
2: for t =0, ..., neritic do
Sample {z(!)}™  ~ P, a batch from the real data.
Sample {z(¥}™ | ~ p(z) a batch of prior samples.
Jw < Vu [# Yt fw(z(z)) . % > i fw(gg(z(’)))]
w < w + a - RMSProp(w, g.)
w « clip(w, —¢, ¢)
end for
Sample {z(V}™ | ~ p(z) a batch of prior samples.
10: 9o < _VO% > imq fu(ge(z))
11: 6 < 6 — o - RMSProp(4, gg)
12: end while

Q00 = e B W

f» : discriminator
Je - generator
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WGAN-GP

WGAN
max Exp, [fiw ()] = Ez~p(5) [ fw (g6 (2))]

Algorithm 1 WGAN, our proposed algorithm. All experiments in the paper used
the default values a = 0.00005, ¢ = 0.01, m = 64, ncritic = 5. fw - discriminator

Require: : «, the learning rate. ¢, the clipping parameter. m, the batch size. .
qncritic, the number of itgrations of the crii:)ilc): pirpgenerator iteration. ge - generator
Require: : wy, initial critic parameters. 6, initial generator’s parameters.
1: while 6 has not converged do
2: for t =0, ..., neritic do
Sample {z(!)}™  ~ P, a batch from the real data. Weight clipping
Sample {z(¥}™ | ~ p(z) a batch of prior samples.
G Vo [2 50 fule®) — 2 TP, fulaozO))] W = [—0.01,0.01]¢
w < w + a - RMSProp(w, g.)
w < clip(w, —c, c)|
end for
Sample {z(V}™ | ~ p(z) a batch of prior samples.
10: go < _VO% > imq fu(ge(z))
11: |0 < 6 — o - RMSProp(6. g )|
12: end while

Q00 = e B W
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WGAN-GP

WGAN
max Exp, [fiw ()] = Ez~p(5) [ fw (g6 (2))]

Weight clipping

—0.02 —001 000 001 0.2
Weights
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WGAN-GP

WGAN-GP (Wasserstein GAN with gradient penalty)

L=E [D@®]-E [D()]+ 2 E [(IVeDD)l, — 1)?]

X~Pg x~P,. i~P;

Original critic Gradient

Algorithm 1 WGAN with gradient penalty. We use default valtlles of A = 10, neric = 5, a =
0.0001, By = 0, B2 = 0.9.

Require: The gradient penalty coefficient A, the number of critic iterations per generator iteration
Neritic» the batch size m, Adam hyperparameters «, 31, 5.
Require: initial critic parameters wy, initial generator parameters 0.
1: while @ has not converged do
2: fort =1, .... nerige do

3 fori=1,....mdo

4: Sample real data = ~ P, latent variable z ~ p(z), a random number ¢ ~ U|0, 1].

S T — Go(z)

6: T—ex+(l—e€

7: L% « Dy(&) = Dy(x) + A(|| Vs Dw(2)||2 — 1)?

8: end for

9: w + Adam(V,, = 37 L w, a, By, ) P, : generator distribution

10: end for . i o : : :

11: Sample a batch of latent variables {2}, ~ p(z). Py : dlscru?unator dlStT‘ll?uthT?

122 0« Adam(VoL ST —D,(Go(2)),0,, B1, B) P; : sampling along straight lines

13: end while
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WGAN-GP

WGAN-GP (Wasserstein GAN with gradient penalty)

L=E [D@®]-E [D()]+ 2 E [(IVeDD)l, — 1)?]

x~IP>g x~]PT .f""]P),?
Original critic Gradient

Algorithm 1 WGANWith gradient penalty. We use defallt yaiobs of A = 10, T = 5, & —
0.0001, 81 = 0, B2 = 0.9.

Require: The gradient penalty coefficient A, the number of critic iterations per generator iteration
Neritic» the batch size m, Adam hyperparameters «, 31, 5.
Require: initial critic parameters wy, initial generator parameters 0.
1: while @ has not converged do
2: fort =1, .... nerige do

3 fori=1,....mdo

4: Sample real data = ~ P, latent variable z ~ p(z), a random number ¢ ~ U|0, 1].

S T Go(z)

6: T—ex+(l—e€

7: LY « D, (&) — Du(x) HA(||VsDw(2)]2 — 1)2| Gradient penalty

8: end for

9: w + Adam(V,, = 37 L w, a, By, ) P, : generator distribution

10: end for e A o : : :

11: Sample a batch of latent variables {2}, ~ p(z). Py : dlscru?tmator dlStT‘ll?uthT?

122 0« Adam(VoL ST —D,(Go(2)),0,, B1, B) P; : sampling along straight lines

13: end while
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WGAN-GP

WGAN-GP (Wasserstein GAN with gradient penalty)

L=E[D@®]-E D]+ A E [(IVeDE)2 — 1)°]
x~P, x~P, X~Ps

Original critic Gradient
loss penalty

Gradient penalty

—-0.50 —-0.25 0.00 0.25 0.50
Weights
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a WGAN-GP
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Reptile

Algorithm 2 MAML for Few-Shot Supervised Learning

Require: p(7): distribution over tasks
Require: o, 3: step size hyperparameters

— meta-learning I: randomly initialize 6
---- learning/adaptation 2: while not done do
9 3:  Sample batch of tasks 7; ~ p(7T)
\v L 4: forall 7; do _ _
3 5; Sample K datapoints D = {x"),y")} from T;
VL 6 Evaluate Vg L7, (fg) using D and L7; in Equation (2)
2 a or (3)
V ['1 e 03 f £ Compute adapted parameters with gradient descent:
S il 0; =0 —aVeLlT (fo)
o \‘\ 8: Sample datapoints D, = {x'), ¥’} from 7; for the
* ¢ . )% meta-update
1° . 92 9:  end for

10:  Update @ <— 0 — BV > 1 1) £7:(for) using each D;
and L7, in Equation 2 or 3
11: end while
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Reptile

PR

Algorithm 1 Reptile (serial version)

Initialize ¢, the vector of initial parameters

for iteration = 1,2,... do
Sample task 7, corresponding to loss L, on weight vectors ¢
Compute ¢ = UF(¢), denoting k steps of SGD or Adam
Update ¢ < ¢ + €(é — @)

end for
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Reptile

minimize Er[Ly (vk @)

minimize Er[Lr,g (Ura@®)]

@ : initialized parameters to find

T : Ramdomly sampled task

Ly : loss of T after k update

UX : The operator than updates @ k time using data sampled from T
A : Training samples (inner loop)

B : Test samples (outer loop)
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FIGR

Algorithm 1: FIGR training

1: Initialize @, the discriminator parameter vector
2: Initialize ®,, the generator parameter vector
3: foriteration 1, 2.3 ... do

4: Make a copy of @, resulting in W

5: Make a copy of @, resulting in W,

b Samplo T o ®, : discriminator parameter vector (meta —t
7: Sample n images from X resulting x - .
3 for K > 1 iterations do CDg : generator parameter vector (meta — tratr
9: Generate latent vector 2 W, : discriminator parameter vector

10: Generate fake images y with z and W, W, : generator parameter vector

1: Perform step of SGD update on W, with K : inner loop step size

12: Wasserstein GP loss and = and y

13: Generate latent vector 2

14: Perform step of SGD update on W, with

15: Wasserstein loss and 2z

16: end for

17: Set @, gradient to be ¢, - W,

18: Perform step of Adam update on @4
19: Set @, gradient to be ¢, - W,

20: Perform step of Adam update on ¢,
21: end for
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FIGR

Al

gorithm 1: FIGR training

ol
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4:
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7
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9

: Initialize @, the discriminator parameter vector
: Initialize @, the generator parameter vector

:|for iteration 1, 2, 3 ... do
Make a copy of @, resulting in W
Make a copy of @, resulting in W,
Sample task 7
Sample n images from X resulting x -
for K > 1 iterations do
Generate latent vector z
Generate fake images y with z and W,
Perform step of SGD update on W, with
Wasserstein GP loss and = and y
Generate latent vector z
Perform step of SGD update on W, with
Wasserstein loss and 2z
end for
Set ®; gradient to be ©,; - W,
Perform step of Adam update on @4
Set @, gradient to be ¢, - W,
Perform step of Adam update on @,

- end for

®, : discriminator parameter vector (meta —t
@, : generator parameter vector (meta — trair

W, : discriminator parameter vector
Wy : generator parameter vector

K : inner loop step size
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FIGR

Al

gorithm 1: FIGR training

ol

1
2
3
4:
s
6
7
8
9

: Initialize @, the discriminator parameter vector
: Initialize @, the generator parameter vector

:|for iteration 1, 2, 3 ... do

Make a copy of @, resulting in W
Make a copy of @, resulting in W,
Sample task 7

Sample n images from X, resulting z -

for K > 1 iterations do

Generate latent vector z

Generate fake images y with z and W,

Perform step of SGD update on W, with
Wasserstein GP loss and = and y

Generate latent vector 2

Perform step of SGD update on W, with
Wasserstein loss and 2

end for

Set @, gradient to be ®,; - W,
Perform step of Adam update on @4
Set @, gradient to be ¢, - W,
Perform step of Adam update on @,

- end for

®, : discriminator parameter vector (meta —t
@, : generator parameter vector (meta — trair

W, : discriminator parameter vector
Wy : generator parameter vector

K : inner loop step size
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FIGR

Algorithm 2: FIGR generation

RS R PR

10:

Using W, a copy of the meta-trained ¢,
Using W, a copy of the meta-trained @, ®, : discriminator parameter vector (meta —t
Sample test task 7 &, : generator parameter vector (meta — trair

Sample n images as r, from X, W, : discriminator parameter vector

for K >= 1 iterations do W, : generator parameter vector
Generate latent vector 2

Generate fake images y with z and W,

Perform step of SGD update on W; with
Wasserstein GP loss and ;- and y

Generate latent vector z

Perform step of SGD update on W, with
Wasserstein loss and 2

- end for

Generate latent vector 2

. Generate fake images y
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FIGR

Algorithm 2: FIGR generation

10:

Using W, a copy of the meta-trained ¢,
Using W, a copy of the meta-trained @,
Sample test task 7

Sample n images as - from X,

RS R PR

for K >= 1 iterations do

Generate latent vector 2

Generate fake images y with z and W,

Perform step of SGD update on W; with
Wasserstein GP loss and =, and y

Generate latent vector 2

Perform step of SGD update on W, with
Wasserstein loss and 2

- end for

Generate latent vector 2

. Generate fake images y

®, : discriminator parameter vector (meta —t
&, : generator parameter vector (meta — trair

W, : discriminator parameter vector
Wy : generator parameter vector

MoiINIgnhn J2nt
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FIGR

Uk(®) is the operator that updates ® k times using x,,
A total of n data points sampled from X

minimizeqEr(Ly (UK (®))]
minimizeZ( Gy —Wy,) + (Pg — W) T : task
T
W, : Discriminator weight

Py = Wr <Oy —Wr, Wy, + Generator weight

D4, @4 ¢ Reptile initialize the weights
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FIGR

17,375 classes of 1,548,256 grayscale images
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FIGR

292260 OT : T2IW
g\ o\ : nig1-sie
oV : 1291-p1

Omniglot : 1623 classes
Meta—train : randomly sampled
1603

Meta—test : randomly sampled 20

FIGR-8 : 18,409 classes
Meta—train : randomly sampled 18,359
Meta—test : randomly sampled 50
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B Result & Discussion

Figure 3: MNIST; 50,000 update; 10 gradient steps
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B Result & Discussion
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Figure 4: Omniglot; 140,000 update; 10 gradient steps
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a Result & Discussion
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Figure 8: FIGR-8; 90,000 update; 10 gradient steps; n = 8
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