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Appendix A. Proofs
In this section, we provide proofs of theoretical results obtained in this paper.

A.1. Proof of Theorem 1

Theorem 1. For the generator G fixed, the optimal discriminator D is

* Pdata (w)
D*(x) = ,
( ) pdata(m) + 17T7Tpgf (:l:)

where p, f () is the distribution of low-quality generated samples of G.

Proof. Given the generator G, the loss function can be written as
max V(D) = w/pdam(a:) log(D(x))dx + /pz(z) log(1 — D(G(2)))dz — w/pdam(a:) log(1 — D(z))dx
= w/pdam(w) log(D(x))dx + /pg(m) log(1 — D(x))dx — w/pdam(w) log(1 — D(x))dx N
= /ﬂpdata(az) log(D(x))dx + /(1 — m)pgflog(l — D(x))dx

Following the proof in GAN [1], the function V(D) achieves its maximum at Pdata (T) ) O
pdata(m)+ = Pgf (m)

A.2. Proof of Theorem 2

Theorem 2. With the optimal discriminator D fixed, the optimization of generator G is equivalent to minimize 7wlogm + (1 —
m)log(1l — m) + 7K L(pdatallpg) + (1 — 7) K L(pglpg)-

Proof. Theorem 1 proofs that the optimal discriminator D, (x) = Pdatq (2) then we can reformulate the minimal

" Pdata(@)+ 5 pgs (@)’




game of the generator GG as following,

. — 2 1o pdata(m) T
mén V(G) - /pdata( )1 g pdata(w) + PTﬁpgf(w)d
_ pdata(w) T z) 1o _ Pdata (15) T
+/pg(w) log(1 Pdata(T) + 17T7rpgf(:c))d /pdam( )los(1 Pdata () + kTwpgf(m))d
- . TPdata () . o (1 —7m)pgy(x)
- /pdam(az)l 8 @) + (1= w)pgf(m)dx +(1 )/pgf(ﬁﬂ)l S panta (@) + (1 — w)pgf(a:)dw

=T ) 10, Lpdata(w) xr - T ) 1O, 7(1_7T)p0f<w) €T
- /pdata( )1 g pg(m) d +(1 )/pgf( )1 g pg(m) d

=mlogm+ (1 — m)log(1 — 7) + " K L(pdatal|lpg) + (1 — 7) K L(pgy||pg)
2

which completes the proof. O

Corollary 1. The global minimum of the proposed objective function V (G, D) is achieved if and only if pgt = pg = Pdata-
At that point, C(G) achieves the value of wlogm + (1 — w)log(1 — 7), and D(x) achieves the value of .

Proof. Following the result of Theorem 2, we can easily conclude that the global minimum of V(G) is wlogm + (1 —
m)log(1 — ) if and only if pyy = Py = Pdata- as the KL divergence between two distribution is non-negative and zero if they
are equal.

At the same time the optimal V(D) achieves D*(x) = - (ia’j:?g)p @ = (mgid("f_“gr“;; & =™ O
data — Pg 9 9

Appendix B. Loss functions used in experiments

Here we show detailed loss functions of the proposed method integrated into various GAN frameworks. Flexibility to
combining with the other excellent framework provides our approach with a chance to enhance generative performance based
on the art-of-the-state results.

B.1. PUSGAN

max V(D) =mEgnpyora(@)log(D(x))]

+max{0, E.,_(z[log(1 — D(G(2)))] )
= B para (e [l0g(1 — D())]}.
minV(G) = Ex~y, [log(D(G(2)))] @)
B.2. PULSGAN (1 and -1 label)
max V(D) = 1Eoqrpyyy @) [(D(@) = 1))+ Eanp () [(D(G(2)) + 1] = 7Eprpna (@ [(D(@) + D (5)
min V(G) = Exvp, () [(D(G(2)) = 1)?] (©6)

B.3. PUHingeGAN

mgx V(D) =7l [max(O, 1— D(CB))]

T~Ddata(T)
§ By oy max(0,1 1 D(C(2))) @
— TR puara () [Max(0, 1 + D(z))]}.

min V(G) = ~Eary. (5 [D(G(2)] ®)



B.4. PUSGAN-GP

max V(D) = 7Eqrpy,,q @) [(D(@))] = max{0, Eznp. (2)[D(G(2))] = TEanpqpn (@) [D(@)]} + Manpy (|| V& C@)[[2 = 1] (9)

mgn V(G) = E.np. () [D(G(2))]

where P is the distribution of = ex, + (1 — €)xf, and T, ~ Paata(x), T§ ~ py(x), € ~ U0, 1].

Appendix C. Architectures

In this part, we display the architectures we used on various image datasets.

C.1. Structure for the 32 x 32 resolution

Generator

Discriminator

= R3132132

z € R12 ~ N(0,1)

Conv2d (3,64,3,1, 1)

Linear layer, 128 — 512 -4 -4

LeakyReLU 0.2

Reshape, 512-4-4 — 512 x 4 x 4

Conv2d (64, 64,4,2,1)

ConvTranspose2d: (512, 256, 4, 2, 1)

LeakyReLU 0.1

BatchNorm2d and ReLU

Conv2d (64, 128,3,1, 1)

ConvTranspose2d: (256, 128, 4,2, 1)

LeakyReLU 0.1

BatchNorm2d and ReLU

Conv2d (128, 256, 3,1, 1)

ConvTranspose2d: (128, 64, 4,2, 1)

LeakyReLU 0.1

BatchNorm2d and ReLU

Conv2d (256, 256, 4,2, 1)

ConvTranspose2d: (64, output channel, 3, 1, 1)

LeakyReLU 0.1

Tanh

Conv2d (256, 512,3,1, 1)

C.2. DCGAN for the 64 x 64 resolution

Generator

Reshape, 512 x 4 x 4 — 512 -4 -4

Linear layer, 512-4-4 — 1

2 e R128 ~ N(0,1)

Discriminator

ConvTranspose2d (128, 512, 4, 1, 0)

T c R3m64z64

BatchNorm2d and ReLU

Conv2d (3, 64,4, 2, 1)

ConvTranspose2d (512, 256, 4, 2, 1)

LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (64, 128,4,2, 1)

ConvTranspose2d (256, 128, 4, 2, 1)

BatchNorm?2d and LeakyReL.U 0.2

BatchNorm2d and ReLU

Conv2d (128, 256, 4,2, 1)

ConvTranspose2d (128, 64, 4,2, 1)

BatchNorm2d and LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (256, 512, 4,2, 1)

ConvTranspose2d (64, output channel, 4, 2, 1)

BatchNorm2d and LeakyReLU 0.2

Tanh

Conv2d (512, 1, 4,2, 1)

(10)



C.3. Structure for the 128 x 128 resolution

Generator

2 € R ~ N(0,1)

Discriminator

ConvTranspose2d (128, 1024, 4, 1, 0)

= R3m128m128

BatchNorm2d and ReLU

Conv2d (3, 64,4,2,1)

ConvTranspose2d (1024, 512, 4,2, 1)

LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (64, 128,4,2, 1)

ConvTranspose2d (512, 256, 4, 2, 1)

BatchNorm?2d and LeakyReL.U 0.2

BatchNorm2d and ReLU

Conv2d (128, 256, 4,2, 1)

ConvTranspose2d (256, 128, 4, 2, 1)

BatchNorm?2d and LeakyReL.U 0.2

BatchNorm2d and ReLU

Conv2d (256, 512, 4,2, 1)

ConvTranspose2d (128, 64, 4,2, 1)

BatchNorm2d and LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (512, 1024, 4,2, 1)

ConvTranspose2d (64, output channel, 4, 2, 1)

BatchNorm2d and LeakyReLU 0.2

Tanh

Conv2d (1024, 1, 4,2, 1)

C.4. DCGAN for the 256 x 256 resolution

Generator

Discriminator (PACGAN?2 [2])

z € R ~ N(0,1)

= R3m256:1:256

ConvTranspose2d (128, 1024, 4, 1, 0)

Concatenate 11, 7] € R6¢2562256

BatchNorm2d and ReLU

Conv2d (6,32, 4,2, 1)

ConvTranspose2d (1024, 1024, 4, 2, 1)

LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (32, 64, 4,2, 1)

ConvTranspose2d (1024, 512, 4,2, 1)

LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (64, 128, 4,2, 1)

ConvTranspose2d (512, 256, 4, 2, 1)

BatchNorm2d and LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (128, 256, 4, 2, 1)

ConvTranspose2d (256, 128, 4, 2, 1)

BatchNorm2d and LeakyReLU 0.2

BatchNorm2d and ReLU

Conv2d (256,512, 4,2, 1)

ConvTranspose2d (128, 64, 4,2, 1)

BatchNorm2d and ReLU

ConvTranspose2d (64, output channel, 4, 2, 1)

Tanh
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