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SEEAR:

import torch

import torchvision

import torch.nn as nn

from torchvision import transforms
import random

from tqdm import tqdm

import matplotlib. pyplot as plt
random. seed (722)

torch. manual seed(722)

LY, I E N5
dataset = torchvision. datasets. ImageFolder (root=". /img’,
transform=transforms. Compose ([
transforms. Resize (64),
transforms. CenterCrop (64),
transforms. ToTensor (),
transforms. Normalize ((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))
1)
dataloader = torch. utils. data. DatalLoader (dataset, batch size=128, shuffle=True,

num workers=4, drop last = True)



noise size = 100

HI B PIAE R
class Gnet (nn. Module) :
def init (self):
super (). _init ()
self.net = nn. Sequential (
nn. ConvTranspose2d (in channels=noise size, out channels=64 * §,
kernel size=4, stride=1, padding=0,
bias=False),
nn. BatchNorm2d (64 * 8),
nn. ReLU (),

nn. ConvTranspose2d (in channels=64 * 8, out channels=64 * 4,
kernel size=4, stride=2, padding=1, bias=False),

nn. BatchNorm2d (64 * 4),

nn. ReLU (),

nn. ConvTranspose2d (in channels=64 * 4, out channels=64 * 2,
kernel size=4, stride=2, padding=1, bias=False),

nn. BatchNorm2d (64 * 2),

nn. ReLU (),

nn. ConvTranspose2d (in channels=64 * 2, out channels=64,
kernel size=4, stride=2, padding=1, bias=False),

nn. BatchNorm2d (64) ,

nn. ReLU (),

nn. ConvTranspose2d (in channels=64, out channels=3, kernel size=4,
stride=2, padding=1, bias=False),
nn. Tanh ()

def forward(self, x):
return self.net (x)
class Dnet (nn. Module) :
def init (self):
super (). _init_ ()
self.net = nn. Sequential (
nn. Conv2d (in channels=3, out channels=64, kernel size=4, stride=2,
padding=1, bias=False),
nn. LeakyReLU (0. 2, inplace=True),



nn. Conv2d (in channels=64, out channels=64 * 2, kernel size=4,

stride=2, padding=1, bias=False),

nn. BatchNorm2d (64 * 2),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (in channels=64 * 2, out channels=64 * 4, kernel size=4,

stride=2, padding=1, bias=False),

nn. BatchNorm2d (64 * 4),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (in channels=64 * 4, out channels=64 * 8, kernel size=4,

stride=2, padding=1, bias=False),

nn. BatchNorm2d (64 * 8),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (in channels=64 * 8, out channels=1, kernel size=4,

stride=1, padding=0, bias=False),

nn. Sigmoid ()

def forward(self, x):

return self. net (x)

loss = nn.BCELoss ()

device = torch. device(“cuda:0” if torch. cuda. is available() else “cpu”)

G_NET
D NET
opt G
opt D

Gnet (). to(device)
Dnet (). to(device)
torch. optim. Adam (G NET. parameters (), 1r=0.0002, betas=(0.5, 0.999))
torch. optim. Adam(D NET. parameters (), 1r=0.0002, betas=(0.5, 0.999))

true label = torch. ones(128). to(device)
false label = torch. zeros(128). to(device)

BRI 1 R Y
def weights init (m) :

classname = m. class . name

if classname. find C Conv’) != —1:

print (“init:%s”%classname)

nn. init. normal (m. weight. data, 0.0, 0.02)

elif classname. find C BatchNorm’) != —1:

print (“init:%s”%classname)
nn. init. normal (m. weight.data, 1.0, 0.02)

nn. init. constant (m.bias. data, 0)

if name == main
G NET. apply (weights init)



D NET. apply (weights init)
epoch = 20

for e in tqdm(range (epoch)) :
for i, (image, label) in enumerate(dataloader) :
#lZ% G
G NET. zero grad()
noise = torch. randn (128, noise size, 1, 1, device=device)
fake = G NET (noise)
output = D NET (fake). view(-1)
loss G = loss (output, true label)
loss G. backward ()
loss G mean = output.mean(). item()
opt G.step()
#Z D
if 1%2 == 0:
D NET. zero grad()
real image = image. to(device)
output real = D NET (real image).view(-1)
loss D real = loss(output real, true label)
D NET (fake. detach()). view(-1)
loss D fake = loss(output fake, false label)

loss D = loss D real + loss D fake

output fake

loss D mean = loss D.mean(). item()
loss D. backward ()
opt D. step()

if 1 % 50 == 0:
print (“epoch:%i/[%i]
iter:%i/[1550]"% (e, epoch, i), |”, “loss D:%f"%loss D mean,’ |, “loss G:%f"%loss G _

mean)
iter = e*1550+1
plt.scatter(iter, loss G mean, c= 1 ,s = 5)

plt.scatter(iter, loss D mean, c='g ,s = 5)

torch. save (obj=G _NET. state dict (), f= weight/G Net parameter %i epoch.pth’ %e)
torch. save (obj=D NET. state dict(),
f="weight/D Net parameter %i epoch.pth’ % e)

plt. show()

HILUE BB R

noise = torch. randn (128, noise size, 1, 1, device=device)



img
img
img

img

fig,

= G NET (noise)
img. detach (). cpu()

img. permute (0, 2, 3, 1).numpy ()
= (img + 1) / 2
axes = plt. subplots(8, 16, figsize=(16, 8))

axes = axes. flatten()

for

plt.
plt.

i in range(128):
axes[i]. imshow(img[i])

axes[i].axis(C off’)

tight layout ()
show ()

BB 2: ' RASEMR-ZHRIZREE

LIRS

L MR ITSEBI B 1T B DA Al - H AR SE B, FHER—1FIRF,

WERRIEAX T84 batch AFT% . ZNENSHE-HIAREZETEMT,

BN,

X FEE — kN MaEh:

U SCHIRT :

G NETS = [Gnet().to(device) for  in range(3)]

D NETS = [Dnet().to(device) for  in range(3)]

opt G = [torch. optim. Adam(G. parameters (), 1r=0.0002, betas=(0.5, 0.999))
for G in G NETS]

opt D = [torch. optim. Adam(D. parameters (), 1r=0.0002, betas=(0.5, 0.999))
for D in D NETS]

main REH:

for G in G_NETS:
G.apply (weights init)
for D in D NETS:
D. apply (weights init)
for idx in range(3):
# A sl gk
G _NETS[idx]. zero grad()



fake = G NETS[idx] (noise batch[idx])
output = D NETS[idx] (fake).view(-1)
loss G = loss(output, true label)
loss_G. backward ()

opt_Glidx]. step()

# 528 I 25
ifi%2==0:
D NETS[idx]. zero grad()
output real = D NETS[idx] (real image).view(-1)

loss D real

loss (output real, true label)

output fake = D NETS[idx] (fake. detach()). view(-1)
loss D fake = loss(output fake, false label)
loss D = loss D real + loss D fake

loss_D. backward ()

opt D[idx]. step()

if 1 % 50 == 0:
print (f”epoch: {e}/{epoch}, iter: {i}, G{idx+l} loss:
{loss G.item():.4f}, D{idx+1} loss: {loss D.item():.4f}”)

REITRELE R :
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SHARIDE it 8K

scores = []
noise batch = [torch.randn (128, noise size, 1, 1, device=device) for in
range (3) ]
for idx in range(len(G NETS)):
output = torch. zeros (128, device=device)
for idx2 in range (len(G NETS)):
fake = G NETS[idx] (noise batchlidx])
output += D NETS[idx2] (fake).view(-1)
score = output.mean().item()/3
scores. append (score)

print (scores)
W
[0.2933740218480428, 0.30159475406010944, 0.32027395566304523]

It 58 =Nl ar SRR B



AN B LA P RR Y E ISR

@E 4, 5: M "ED" hRIRITFIE (F83F)

JREE:

MAME 3 MIHETTE, EHRNERSE, EE— epoch EREHITHFFE
B, BRRED, BRUNENSS HRTENSHITINNG S, MBI A a7S
&

RULERFIIRE = (RILE L 17 - H L s ie 7 ) RLLEK w17
XA, MEMEMERERLEMSRTFHRERR, MERUERRFNILFIEE
1k, SRI T XFFRIERIE
HIAREL:

XL (T (pdpd)
scores = []
noise batch = [torch. randn (128, noise size, 1, 1, device=device) for in
range (3) ]
for idx in range (len (G NETS)) :
output = torch. zeros (128, device=device)
for idx2 in range(len(G NETS)):
fake = G NETS[idx] (noise batch[idx])
output += D NETS[idx2] (fake).view(-1)
score = output.mean(). item()/3
scores. append (score)
best i = scores. index (max (scores))

print (scores)



for i in range(3):
weight update ratio = (scores[best i]-scores[i])/scores[best i]
if i == best_i:
continue
for param g, param best g in zip(G NETS[i]. parameters(),
G NETS[best i].parameters()):
param g.data = param g.data * (I — weight update ratio) +
param best g.data * weight update ratio

print ("set”, i, “to”, best_1i)

BNTEE=, D HRENTL:

(0. 2933740218480428, 0.30159475406010944, 0.32027395566304523]

>

[0.32823161284128827, 0.3377846082051593, 0.40053876241048175]

wH 6: SIABEHIEINEILISIESHEE
BEHLIE DAY % :

EH— epoch ERE, W= G-D #7ih, H—EMNNERNNIREZE
A 001 NSHRE, BTRESWRISETH, ATERRENSHEE, R
HEEIFRUH G-D RINRE, HOEBBREREEK.

A5G

def add random noise (param, noise std=0.01):
noise = torch. randn like(param) * noise std

param. data += noise

noise std = 0.01 * (1 - weight update ratio)

add random noise(param g, noise std)

R :



IR N A R EafE:

JNEHFH 1. 2 ARNFEFME MARFRREXETIH. 2% /E 24

HILT HENARR, 747 Bk
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HTILERMK 6D AREERKE, RNPELOFIREAL, HREE
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I FWEE B

HENEF T F I (p7)
def adjust learning rate(optimizer, base lr, current loss, best loss,
1r factor=0.1):

R

loss diff = current loss — best loss



Ir multiplier = 1 + (loss diff / best loss)

new lr = base 1r * max(lr multiplier, lr factor) # #i/j /) >)5y
[r factor * base Ir

print ("base 1r:”, base 1r,” new lr: 7, new lr)

# EIL A a7  F

for param group in optimizer.param groups:

param group[’ Ir' ] = new Ir

WIZRS T2 70 T E AR :

adjust learning rate(opt G[idx], base 1r=0.0002, current loss=loss G mean[idx],

best loss=min(loss G mean))

NGB RPFEIRPTA:

B cEEHAY

[0. 20218507448832193, 0.18012585242589316, 0. 13040460149447122]
set 1 to 0

et 2 to 0
base_lr: 0.0002 new_lr: 0.00042848896390836167
base_lr: 0.0002 new_lr: 0.000787699469723174
base lr: 0.0002 new lr: 0.0002

Plot 1 (G1 & D1) Plot 2 (G2 & D2)

*I. : o
] .+ D

FEF1 epoch FHTT—KFETEHIH T

.G
+ D

Fanl. e

HEH 8: (WESEXMNG, EFIGHER
wit:
ANl G-D W E—Ei#Txi, EEE G-D H¥EaEMNEE, AFEES

DOGAN SRHHHTHH):
class Gnet (nn. Module) :
def init (self):
super ). _init ()
self.net = nn. Sequential (
nn. ConvIranspose2d (noise size, 64 * 8, 4, 1, 0, bias=False),
nn. BatchNorm2d (64 * 8),
nn. ReLU (),



nn. ConvTranspose2d (64 * 8, 64 * 4, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 4),
nn. ReLU (),

nn. ConvTranspose2d (64 * 4, 64 * 2, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 2),
nn. ReLU (),

self. final layers = nn. Sequential (
nn. ConvIranspose2d (64 * 2, 64, 4, 2, 1, bias=False),
nn. BatchNorm2d (64) ,
nn. ReLU (),
nn. ConvTranspose2d (64, 3, 4, 2, 1, bias=False),
nn. Tanh ()

def forward(self, x):
x = self. net (x)
mid output = x.clone()
x = self. final layers(x)

return x, mid output

class Dnet (nn. Module) :
def init (self):
super (). _init ()
self.net = nn. Sequential (
nn. Conv2d (3, 64, 4, 2, 1, bias=False),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (64, 64 * 2, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 2),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (64 * 2, 64 * 4, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 4),
nn. LeakyReLU (0. 2, inplace=True),

self. final layers = nn. Sequential (
nn. Conv2d (64 * 4, 64 * 8, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 8),
nn. LeakyReLU (0. 2, inplace=True),



nn. Conv2d (64 * 8, 1, 4, 1, 0, bias=False),
nn. Sigmoid ()

def forward(self, x):
x = self. net (x)
mid output = x.clone()
x = self. final layers(x)

return x, mid output

ATHREEHH, BZMNAEFEENREIEHD L1, FEMERRORKEEK
(REE) FHEAERHTHIRK RE

lossmid = nn.L1Loss ()

real out, dis mid = D NETS[idx] (real image)
fake out, fake dis mid = D NETS[idx] (fake)

loss Gend = loss(fake out.view(-1), true label)
loss Gmid = lossmid(fake dis mid.view(-1), dis mid.view(=1)) #//7/i 774 (L1)

loss G = loss Gend + loss Gmid

JE 45t loss_G 1T E TFERIT],

ZER:




@E 9, 10: SIANKEENNNG, SEIEEIG

&AL epoch B =" G-D MEDHATIN, BIHFM—THHE MR

G sum = Gnet (). to(device)
for i in range(3):
for paraml, param?2 in zip(G sum. parameters(), G NETS[i].parameters()):

paraml. data = paraml.data + param?.data * (scoresl[il/sum(scores))

B EEHFE T epoch,

Flt, HrERIPIHEZTE . BTAEER, LBV A TIHEES
BHZEH. B T, BURERIFTFAIRNNR, ZZEWE THRAIK.
FEZEE 5 HIRI .

import os

img folder = ’weight’

if not os.path. exists(img folder):
os. makedirs (img folder)

import torch

import torchvision

import torch.nn as nn

from torchvision import transforms

import random

from tqdm import tqdm



import matplotlib. pyplot as plt
from PIL import Image
random. seed (722)
torch. manual seed(722)
dataset = torchvision. datasets. ImageFolder (root=". /img’,
transform=transforms. Compose ([
transforms. Resize (64),
transforms. CenterCrop (64),
transforms. ToTensor (),
transforms. Normalize ((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))
1))
dataloader = torch.utils. data. DatalLoader (dataset, batch size=128, shuffle=True,
num workers=4, drop last = True)
noise size = 100
class Gnet (nn. Module) :
def init (self):
super (). _init_ ()
self.net = nn. Sequential (
nn. ConvTranspose2d (noise size, 64 * 8, 4, 1, 0, bias=False),
nn. BatchNorm2d (64 * 8),
nn. ReLU (),

nn. ConvIranspose2d (64 * 8, 64 * 4, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 4),
nn. ReLU (),

nn. ConvIranspose2d (64 * 4, 64 % 2, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 2),
nn. ReLU (),

self. final layers = nn. Sequential (
nn. ConvIranspose2d (64 * 2, 64, 4, 2, 1, bias=False),
nn. BatchNorm2d (64) ,
nn. ReLU (),
nn. ConvIranspose2d (64, 3, 4, 2, 1, bias=False),
nn. Tanh ()

def forward(self, x):
x = self. net (x)
mid output = x.clone()
x = self. final layers(x)

return x, mid output



class Dnet (nn. Module) :
def init (self):
super (). _init ()
self.net = nn. Sequential (
nn. Conv2d (3, 64, 4, 2, 1, bias=False),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (64, 64 * 2, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 2),
nn. LeakyReLU (0. 2, inplace=True),

nn. Conv2d (64 * 2, 64 * 4, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 4),
nn. LeakyReLU (0. 2, inplace=True),

self. final layers = nn. Sequential (
nn. Conv2d (64 * 4, 64 * 8, 4, 2, 1, bias=False),
nn. BatchNorm2d (64 * 8),
nn. LeakyReLU (0. 2, inplace=True),
nn. Conv2d (64 * 8, 1, 4, 1, 0, bias=False),
nn. Sigmoid ()

def forward(self, x):

x = self. net (x)

mid output = x.clone()

x = self. final layers(x)

return x, mid output
loss = nn.BCELoss ()
lossmid = nn. L1Loss ()
device = torch. device(“cuda:0” if torch. cuda. is available() else “cpu”)
G NETS = [Gnet(). to(device) for  in range(3)]
D NETS = [Dnet(). to(device) for in range(3)]
opt G = [torch. optim. Adam(G. parameters(), 1r=0.0002, betas=(0.5, 0.999)) for G
in G _NETS]
opt D = [torch. optim. Adam(D. parameters(), 1r=0.0002, betas=(0.5, 0.999)) for D
in D NETS]
true label = torch. ones(128). to(device)
false label = torch. zeros(128). to(device)

def weights init (m) :

classname = m. class . name



if classname. find( Conv’) != -1:

print (“init:%s”%classname)

nn. init. normal (m. weight. data, 0.0, 0.02)
elif classname. find( BatchNorm’) != -1:

print (“init:%s”%classname)

nn. init. normal (m. weight.data, 1.0, 0.02)

nn. init. constant (m.bias. data, 0)

# new
% def weights init(m):
-4 if isinstance (m, nn. Conv2d) or isinstance(m, nn.Linear): # HX/GIKEN]

JE TG 1

# print (f’Initializing {m. class . name }7)
-4 nn. init. normal (m. weight. data, 0.0, 0.02)

4 elif isinstance(m, nn.BatchNorm2d) :

# print (f’Initializing {m. class . name }7)
-4 nn. init. normal (m. weight. data, 1.0, 0.02)

-4 nn. init. constant (m. bias. data, 0)

# ISWBEPIILS) (p6)
def add random noise(param, noise std=0.01) :
noise = torch.randn like(param) * noise std
param. data += noise
# ISWBEPIILS) (p6)
HEYEFE ] F T (p7)
def adjust learning rate(optimizer, base lr, current loss, best loss,
1r factor=0. 1) :
# I E ] E R
loss diff = current loss — best loss
Ir multiplier = 1 + (loss diff / best loss)
new lr = base lr * max(lr multiplier, lr factor) # #j/iml /)%
[r factor * base Ir
print ("base 1r:”, base lr,” new lr: ”, new lr)
# BRI 7 T F
for param group in optimizer.param groups:
param group[ Ir' ] = new Ir
HEYEFE ] F T (p7)
for G in G _NETS:
G. apply (weights init)
for D in D NETS:
D. apply (weights init)

G1=[]
D1=[]



G2=[]

D2=[]

G3=[]

D3=[]

groups = [(G1, D1), (G2, D2), (G3, D3)]
epoch = 20

for e in tqdm(range (epoch)) :
loss G mean = [None]*3
loss D mean = [None]*3
for i, (image, ) in enumerate(dataloader):
real image = image. to(device)
noise batch = [torch. randn (128, noise size, 1, 1, device=device) for

in range (3)]

for idx in range (3):
# A gk
G NETS[idx]. zero grad()
fake, gen mid = G NETS[idx] (noise batch[idx])
real out, dis mid = D NETS[idx] (real image)
fake out, fake dis mid = D NETS[idx] (fake)

loss Gend = loss(fake out.view(-1), true label)

loss Gmid = lossmid(fake dis mid.view(-1), dis mid.view(-1))
loss G = loss Gend + loss Gmid

loss G. backward ()

loss G mean[idx] = fake out.mean().item()

opt G[idx]. step()

# H s ok

if 1% 2 ==0:
D NETS[idx]. zero grad()
output real = D NETS[idx] (real image) [0]. view(-1)
loss D real = loss(output real, true label)
output fake = D NETS[idx] (fake. detach()) [0]. view(-1)
loss D fake = loss(output fake, false label)
loss D = loss D real + loss D fake
loss D mean[idx] = loss D.mean().item()
loss D. backward ()
opt D[idx]. step()

if 1 % 50 == 0:
iter = e * len(dataloader) + i
new spotG = (iter, loss G mean[idx])

new spotD = (iter, loss D mean[idx])



groups [idx] [0]. append (new spotG)
groups[idx] [1]. append (new spotD)
print (f”epoch: {e}/{epoch}, iter: {i}, G{idx+l} loss:
{loss G.item():.4f}, D{idx+1} loss: {loss D.item():.4f}”)
if idx == 2:
noisetest = torch. randn(128, noise size, 1, 1,
device=device) # /74 IEA M HIEE A
for idx2 in range(3):
i G NETS[idx2] (noisetest) [0]
img = img. detach(). cpu()

img

img. permute (0, 2, 3, 1).numpy ()
(img + 1) / 2
fig, axes = plt.subplots(l, 8, figsize=(8, 1))

img

img
axes = axes. flatten()

for j in range(8):
axes[j]. imshow (img[j])
axes[jl.axisC off’) # FEHIAB k)

plt. tight_layout () # 378 7Kt
plt. show()

XS FFPLH] (TEH)  (p4pd)
scores = []
noise batch = [torch. randn (128, noise size, 1, 1, device=device) for in
range (3) ]
for idx in range (len (G NETS)) :
output = torch. zeros (128, device=device)
for idx2 in range(len(G NETS)):
fake = G NETS[idx] (noise batch[idx]) [0]
output += D NETS[idx2] (fake) [0]. view(-1)
score = output.mean(). item()/3
scores. append (score)
best i = scores. index (max (scores))
print (scores)
for i in range(3):
weight update ratio = (scores[best i]-scores[i])/scores[best 1i]
if i == best i:
continue # IR LA L #HIKE
for param g, param best g in zip(G NETS[i]. parameters(),
G NETS[best i].parameters()):
param g.data = param g.data * (1 - weight update ratio) +
param best g.data * weight update ratio
# ISWIBEPIILS) (p6)



noise std = 0.01 * (1 — weight update ratio) # /1Rt 5 77

LI
add_random noise(param g, noise std) # /i/25 G741k 78I NG
1

# INEEYLIEE) (p6)
print ("set”, i, “to”, best_i)
Y] FHLA (EH)  (pdp5)

for idx in range(3):
HENE A F I (p7)
adjust learning rate(opt G[idx], base 1r=0.0002,
current loss=loss G mean[idx], best loss=min(loss G mean))
HENEFE A F I (p7)
torch. save (G NETS[idx]. state dict(),
£’ weight/G Net {idx+1} epoch {e}.pth’)
torch. save (D NETS[idx]. state dict(),
£’ weight/D Net {idx+1} epoch {e}.pth’)

# tI#ETFH
fig, axes = plt.subplots(l, 3, figsize=(15, 5))

groups = [(G1, D1), (G2, D2), (G3, D3)]
# LA

for i, (G, D) in enumerate (groups) :
# IR G D B

G x = [point[0] for point in G]
G vy = [point[1] for point in G]
D x = [point[0] for point in D]
D v = [point[1] for point in D]

# L4 G A D
axes[i].scatter (G x, Gy, color="blue’,s=3, label=G")
axes[i].scatter(D x, Dy, color=red ,s=3 , label="D")
axes[i].set title(f Plot {i+1} (G{i+1} & D{i+1})’)
axes[i].set xlabel C X')
axes[i].set ylabel CY")
axes[i]. legend ()

# JEan EE

plt. tight layout ()

plt. show()

plt. show()



for ax in axes:
ax. set_x1im(0, epoch * len(dataloader)) # #4445 —i/H
ax.set_ylim(0, 6) # HKkrZi— 0 /H

plt. show()

noise = torch. randn (128, noise size, 1, 1, device=device) # /" I[-45 7 77707

for i in range(3):
G _NETS[i] (noise) [0]
img. detach (). cpu()

img

img

img = img. permute(0, 2, 3, 1).numpy()

img = (img + 1) / 2
fig, axes = plt.subplots(l, 8, figsize=(8, 1))

axes = axes. flatten()

for j in range(8):
axes[j]. imshow (img[j])
axes[jl.axisC off’) # JFEH B ErH

plt. tight_layout () # A5/ 7 &
plt. show()
TN R AL 7 (p3)
scores = []
noise batch = [torch. randn(128, noise size, 1, 1, device=device) for in
range (3) ]
for idx in range(len(G NETS)) :
output = torch. zeros (128, device=device)
for idx2 in range(len(G_NETS)) :
fake = G NETS[idx] (noise batch[idx]) [0]
output += D NETS[idx2] (fake) [0]. view(-1)
score = output.mean().item()/3
scores. append (score)
print (scores)

noise = torch. randn (128, noise size, 1, 1, device=device)

i=1

img = G NETS[i] (noise) [0]

img = img. detach(). cpu()

img = img. permute (0, 2, 3, 1).numpy()
img = (img + 1) / 2

fig, axes = plt.subplots(2, 5, figsize=(10, 4))

axes = axes. flatten()



for j in range(10):
axes[j]. imshow(img[j])
axes[jl.axis (C off’)

plt. tight layout ()

plt. show()

HITE IR L 7S (3)

#ETITHEEIN S (p9)
G sum = Gnet (). to(device)
for i in range(3):
for paraml, param?2 in zip(G sum. parameters(), G NETS[i].parameters()):

paraml. data = paraml.data + param?.data * (scoresl[il/sum(scores))
epoch = 2
for e in tqdm(range (epoch)) :

for i, (image, ) in enumerate(dataloader):
real image = image. to(device)
noise batch = [torch. randn (128, noise size, 1, 1, device=device) for

in range (3)]

for idx in range (3):
# A gk
G sum. zero grad ()
fake, gen mid = G sum(noise batch[idx])
real out, dis mid = D NETS[idx] (real image)
fake out, fake dis mid = D NETS[idx] (fake)

loss Gend = loss(fake out.view(-1), true label)

loss Gmid = lossmid(fake dis mid.view(-1), dis mid.view(-1))
loss G = loss Gend + loss Gmid

loss G. backward ()

opt Glidx]. step()

# H Gk
if 1% 2 ==0:
D NETS[idx]. zero grad()
output real = D NETS[idx] (real image) [0]. view(-1)
loss D real = loss(output real, true label)
output fake = D NETS[idx] (fake. detach()) [0]. view(-1)
loss D fake = loss(output fake, false label)
loss D = loss D real + loss D fake
loss D. backward ()



opt D[idx]. step()

if 1 % 50 = 0:
iter = e * len(dataloader) + i
print (f”epoch: {e}/{epoch}, iter: {i}, G{idx+l} loss:
{loss G.item():.4f}, D{idx+1} loss: {loss D.item():.4f}”)
if idx == 2:
noisetest = torch. randn(128, noise size, 1, 1,
device=device) # /74 IEA M HIEE A

img = G sum(noisetest) [0]

img = img. detach(). cpu()

img = img. permute (0, 2, 3, 1).numpy()
img = (img + 1) / 2
fig, axes = plt.subplots(l, 8, figsize=(8, 1))

axes = axes. flatten()

for j in range(8):
axes[j]. imshow(img[j])
axes[jl.axisC off’) # FEHBEH)

plt. tight_layout ) # A z)ii2 7715
plt. show()

for idx in range(3):
torch. save (G_sum. state dict(), f weight/G sum. pth’)

noise = torch. randn (128, noise size, 1, 1, device=device)
img = G sum(noise) [0]

img = img. detach(). cpu()

img = img. permute (0, 2, 3, 1).numpy()

img = (img + 1) / 2

fig, axes = plt.subplots(2, 5, figsize=(10, 4))

axes = axes. flatten()

for j in range(10):
axes[j]. imshow(img[j])

axes[jl.axis (C off’)

plt. tight layout ()
plt. show()



HE T REENZ (p9)



