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PSPNet D Zfili, FAMh ] Omifg & LT, Pytorch [Z7Efi
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Gaussianblur (IZ2>L) %27 > & AIZ#A LizE&E %2 v
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augtransform =

0.5),
shift_limit=0, scale_limit=(-0.5,1.0), rotate_limit=10,

border_mode=0, p=1),
lways_apply=T
width=imagesize, height=imagesize, scale=(1.0, 1.0)
ratio=(1.0, 1.0)),
e(mean=(0), std=(1)),
A.pytorch.ToTensorV2(transpose_mask=

Albumentation 7 L' — AU — 7 T, transpose_mask=True
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mixup(data, target):
batch_size = data.size(0)
coe = torch.rand(batch_size)

index = torch.randperm(batch_size)
shuffled_data = datal[index]

shuffled_target = target[index]

for i,alpha in enumerate(coe):
datal[i] = alpha % data[il+ (1 - alpha) * shuffled_datal[il
target[i] = alpha % target[i] + (1 - alpha) * shuffled_target[il]
return data, target
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cutmix(data, target):
batch_size = data.size(0)
width = data.size(2)
height =

indices =
shuffled_data

size(3)
1. randperm(batch_size)
= datalindices]

shuffled_target = target[indices

coe = torch.rand(batch_size)

for i,beta in ¢
cut_width

ate(coe):
width * (1 - beta))
nt(height * (1 - beta))

lip(cx - cut_width // 2, @, width )
lip(cy - cut_height // 2, 0, height)
lip(cx + cut_width // 2, @, width )
lip(cy + cut_height // 2, @, height)
byl:bby2, bbx1:bbx2] = shuffled_data [i, :, bbyl:bby2, bbx1:bbx2]
, bbyl:bby2, bbx1:bbx2] = shuffled_target[i, :, bbyl:bby2, bbx1:bbx2]
return data, target
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weights = ResNet50_Weights.DEFAULT
resnet = resnet50(weights=weights)
for param in resnet.parameters():

param.requires_grad = False
self.input = InputLayer(classterl, classter2, classter3)

self.layerl
self.layer2
self.layer3
self.layerd

resnet. layerl
resnet. layer2
resnet. layer3
resnet. layer4
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forward(self, img):

img = self.input(img)
img = self.layerl(img)
img = self.layer2(img)
img = self.layer3(img)
aux = self.aux(img)

img = self.layer4(img)
img self.pyramid(img)
img = self.decoder(img)
return img, -aux

nw uw nn

(O T T TR TR T ]

PSPNet Cl.ResNet50 D L 1 ¥ — 1 D AJjEITx LTLL
TOEENIMZLNTWVWD,

self.layer1[@].convl = nn.Conv2d(

classter3, classter2, kernel_si , 1), stride=(1, 1), bias=Fa {)

self.layer1[0].downsample[@] = nn.C (

classter3, bias=Fa )
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self.pool = nn.AdaptiveAvgPool2d(size)

self.conv = nn.Conv2d(L1l, L2, kernel_size=1, bias=False)
self.bn = nn.BatchNorm2d(L2)

self.relu = nn.ReLU()

ef forward(self, img):
x = self.pool(img)
x = self.conv(x)
x = self.bn(x)
x = self.relu(x)
return x
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g(classter, yramid_size[@])
e, pyramid_size[1])
e, pyramid_size[2])

, pyramid_size[3])

lef forward(self, img):
= img.size()
mode="bilinear", align_corners=Tr
x2 = self.p2(img)
= F.interpolate(x2, s

2:], mode="bi align_corners=True)

, -align_corners=True)
ear”, align_corners=Tr

img = torch.cat([img, x1, x2, x3, X
return- img
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model.zero_grad()
outputs, auxloss = model(images)
loss = criterion(outputs, targets) + alpha * criterion(auxloss, targets)

loss.backward()
optimizer.step()
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o

power

(6)

iter
Ir = (1 — - )
maxiter

FEER Tl power=0.9 2R L1z,

1r=0.01,weight_decay=0.0001)

|0ptimizer = optim.SGD(model.parameters(),

lambdal =
scheduler = op

epoch : (1-epoch/EPOCHS)*x0.9

tim. lr_scheduler.LambdaLR(optimizer, lambdal)

FEBRTIL, o kB Adam & DLRERIZ XV T — Z PR
DENRDENT DN T HRE LT,
1r=0.01, betas=[0.9, .999],

optimizer = optim.Adam(model.parameters()

weight_decay=0.0001)
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