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self.avgpool = nn.AdaptiveAvgPool2d((6, 6))
self.classifier = nn.Sequential(

nn.Dropout(),
nn.Linear(256 * 6 * 6, 4096),
nn.ReLU(inplace=True),
nn.Dropout(),
nn.Linear(4096, 4096),
nn.ReLU(inplace=True),
nn.Linear(4096, num_classes),

)
def forward(self, x: torch.Tensor) -> torch.Tensor:

x = self.features(x)
x = self.avgpool(x)
x = torch.flatten(x, 1)
x = self.classifier(x)
return x

def alexnet(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> AlexNet:
r"""AlexNet model architecture from the
`"One weird trick..." <https://arxiv.org/abs/1404.5997>`_ paper.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
model = AlexNet(**kwargs)
if pretrained:

state_dict = load_state_dict_from_url(model_urls['alexnet'],
progress=progress)

model.load_state_dict(state_dict)
return model

import torch
import torch.nn as nn
from .utils import load_state_dict_from_url
from typing import Any

__all__ = ['AlexNet', 'alexnet']

model_urls = {
'alexnet': 'https://download.pytorch.org/models/alexnet-owt-7be5be79.pth’,

}

class AlexNet(nn.Module):
def __init__(self, num_classes: int = 1000) -> None:

super(AlexNet, self).__init__()
self.features = nn.Sequential(

nn.Conv2d(3, 64, kernel_size=11, stride=4, padding=2),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel_size=3, stride=2),
nn.Conv2d(64, 192, kernel_size=5, padding=2),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel_size=3, stride=2),
nn.Conv2d(192, 384, kernel_size=3, padding=1),
nn.ReLU(inplace=True),
nn.Conv2d(384, 256, kernel_size=3, padding=1),
nn.ReLU(inplace=True),
nn.Conv2d(256, 256, kernel_size=3, padding=1),
nn.ReLU(inplace=True),
nn.MaxPool2d(kernel_size=3, stride=2),

)
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super(VGG, self).__init__()
self.features = features
self.avgpool = nn.AdaptiveAvgPool2d((7, 7))
self.classifier = nn.Sequential(

nn.Linear(512 * 7 * 7, 4096),
nn.ReLU(True),
nn.Dropout(),
nn.Linear(4096, 4096),
nn.ReLU(True),
nn.Dropout(),
nn.Linear(4096, num_classes),

)
if init_weights:

self._initialize_weights()

def forward(self, x: torch.Tensor) -> torch.Tensor:
x = self.features(x)
x = self.avgpool(x)
x = torch.flatten(x, 1)
x = self.classifier(x)
return x

def _initialize_weights(self) -> None:
for m in self.modules():

if isinstance(m, nn.Conv2d):
nn.init.kaiming_normal_(m.weight, mode='fan_out', nonlinearity='relu')
if m.bias is not None:

nn.init.constant_(m.bias, 0)
elif isinstance(m, nn.BatchNorm2d):

nn.init.constant_(m.weight, 1)
nn.init.constant_(m.bias, 0)

elif isinstance(m, nn.Linear):
nn.init.normal_(m.weight, 0, 0.01)
nn.init.constant_(m.bias, 0)

import torch
import torch.nn as nn
from .utils import load_state_dict_from_url
from typing import Union, List, Dict, Any, cast

__all__ = [
'VGG', 'vgg11', 'vgg11_bn', 'vgg13', 'vgg13_bn', 'vgg16', 'vgg16_bn',
'vgg19_bn', 'vgg19',

]

model_urls = {
'vgg11': 'https://download.pytorch.org/models/vgg11-bbd30ac9.pth',
'vgg13': 'https://download.pytorch.org/models/vgg13-c768596a.pth',
'vgg16': 'https://download.pytorch.org/models/vgg16-397923af.pth',
'vgg19': 'https://download.pytorch.org/models/vgg19-dcbb9e9d.pth',
'vgg11_bn': 'https://download.pytorch.org/models/vgg11_bn-6002323d.pth',
'vgg13_bn': 'https://download.pytorch.org/models/vgg13_bn-abd245e5.pth',
'vgg16_bn': 'https://download.pytorch.org/models/vgg16_bn-6c64b313.pth',
'vgg19_bn': 'https://download.pytorch.org/models/vgg19_bn-c79401a0.pth’,

}

class VGG(nn.Module):

def __init__(
self,
features: nn.Module,
num_classes: int = 1000,
init_weights: bool = True

) -> None:
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def _vgg(arch: str, cfg: str, batch_norm: bool, pretrained: bool, progress: bool, **kwargs: Any)
-> VGG:

if pretrained:
kwargs['init_weights'] = False

model = VGG(make_layers(cfgs[cfg], batch_norm=batch_norm), **kwargs)
if pretrained:

state_dict = load_state_dict_from_url(model_urls[arch],
progress=progress)

model.load_state_dict(state_dict)
return model

def vgg11(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 11-layer model (configuration "A") from
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg11', 'A', False, pretrained, progress, **kwargs)

def vgg11_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 11-layer model (configuration "A") with batch normalization
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg11_bn', 'A', True, pretrained, progress, **kwargs)

def make_layers(cfg: List[Union[str, int]], batch_norm: bool = False) -> nn.Sequential:
layers: List[nn.Module] = []
in_channels = 3
for v in cfg:

if v == 'M':
layers += [nn.MaxPool2d(kernel_size=2, stride=2)]

else:
v = cast(int, v)
conv2d = nn.Conv2d(in_channels, v, kernel_size=3, padding=1)
if batch_norm:

layers += [conv2d, nn.BatchNorm2d(v), nn.ReLU(inplace=True)]
else:

layers += [conv2d, nn.ReLU(inplace=True)]
in_channels = v

return nn.Sequential(*layers)

cfgs: Dict[str, List[Union[str, int]]] = {
'A': [64, 'M', 128, 'M', 256, 256, 'M', 512, 512, 'M', 512, 512, 'M'],
'B': [64, 64, 'M', 128, 128, 'M', 256, 256, 'M', 512, 512, 'M', 512, 512, 'M'],
'D': [64, 64, 'M', 128, 128, 'M', 256, 256, 256, 'M', 512, 512, 512, 'M', 512, 512, 512,

'M'],
'E': [64, 64, 'M', 128, 128, 'M', 256, 256, 256, 256, 'M', 512, 512, 512, 512, 'M', 512,

512, 512, 512, 'M'],
}
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def vgg16_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 16-layer model (configuration "D") with batch normalization
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg16_bn', 'D', True, pretrained, progress, **kwargs)

def vgg19(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 19-layer model (configuration "E")
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg19', 'E', False, pretrained, progress, **kwargs)

def vgg19_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 19-layer model (configuration 'E') with batch normalization
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg19_bn', 'E', True, pretrained, progress, **kwargs)

def vgg13(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 13-layer model (configuration "B")
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg13', 'B', False, pretrained, progress, **kwargs)

def vgg13_bn(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 13-layer model (configuration "B") with batch normalization
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg13_bn', 'B', True, pretrained, progress, **kwargs)

def vgg16(pretrained: bool = False, progress: bool = True, **kwargs: Any) -> VGG:
r"""VGG 16-layer model (configuration "D")
`"Very Deep Convolutional Networks For Large-Scale Image Recognition"

<https://arxiv.org/pdf/1409.1556.pdf>`_.
Args:

pretrained (bool): If True, returns a model pre-trained on ImageNet
progress (bool): If True, displays a progress bar of the download to stderr

"""
return _vgg('vgg16', 'D', False, pretrained, progress, **kwargs)



3

15



3

16



3

17



3

18



3

19



3

20



3

21



3

22



3

23



3

24



3

25

import torch
import torch.nn as nn

class InceptionModule(nn.Module):
def __init__(self, in_channels, out_channels):

super(InceptionModule, self).__init__()
relu = nn.ReLU()
self.branch1 = nn.Sequential(

nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0),
relu)

conv3_1 = nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0)
conv3_3 = nn.Conv2d(out_channels, out_channels, kernel_size=3, stride=1, padding=1)
self.branch2 = nn.Sequential(conv3_1, conv3_3,relu)

conv5_1 = nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0)
conv5_5 = nn.Conv2d(out_channels, out_channels, kernel_size=5, stride=1, padding=2)
self.branch3 = nn.Sequential(conv5_1,conv5_5,relu)

max_pool_1 = nn.MaxPool2d(kernel_size=3, stride=1, padding=1)
conv_max_1 = nn.Conv2d(in_channels, out_channels=out_channels, kernel_size=1, stride=1, padding=0)
self.branch4 = nn.Sequential(max_pool_1, conv_max_1,relu)

def forward(self, input):
output1 = self.branch1(input)
output2 = self.branch2(input)
output3 = self.branch3(input)
output4 = self.branch4(input)
return torch.cat([output1, output2, output3, output4], dim=1)

model = InceptionModule(in_channels=3,out_channels=32)
inp = torch.rand(1,3,128,128)
print(model(inp).shape)
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GoogLeNet | PyTorch : https://pytorch.org/hub/pytorch_vision_googlenet/
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GoogLeNet | PyTorch : https://pytorch.org/hub/pytorch_vision_googlenet/
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class GoogLeNet(nn.Module):
__constants__ = ['aux_logits', 'transform_input']

def __init__(
self,
num_classes: int = 1000,
aux_logits: bool = True,
transform_input: bool = False,
init_weights: Optional[bool] = None,
blocks: Optional[List[Callable[..., nn.Module]]] = None

) -> None:
super(GoogLeNet, self).__init__()
if blocks is None:

blocks = [BasicConv2d, Inception, InceptionAux]
if init_weights is None:

warnings.warn('The default weight initialization of GoogleNet will be changed in
future releases of '

'torchvision. If you wish to keep the old behavior (which leads to long
initialization times'

' due to scipy/scipy#11299), please set init_weights=True.', FutureWarning)
init_weights = True

assert len(blocks) == 3
conv_block = blocks[0]
inception_block = blocks[1]
inception_aux_block = blocks[2]

self.aux_logits = aux_logits
self.transform_input = transform_input.

self.conv1 = conv_block(3, 64, kernel_size=7, stride=2, padding=3)
self.maxpool1 = nn.MaxPool2d(3, stride=2, ceil_mode=True)
self.conv2 = conv_block(64, 64, kernel_size=1)
self.conv3 = conv_block(64, 192, kernel_size=3, padding=1)
self.maxpool2 = nn.MaxPool2d(3, stride=2, ceil_mode=True)

self.inception3a = inception_block(192, 64, 96, 128, 16, 32, 32)
self.inception3b = inception_block(256, 128, 128, 192, 32, 96, 64)
self.maxpool3 = nn.MaxPool2d(3, stride=2, ceil_mode=True)

self.inception4a = inception_block(480, 192, 96, 208, 16, 48, 64)
self.inception4b = inception_block(512, 160, 112, 224, 24, 64, 64)
self.inception4c = inception_block(512, 128, 128, 256, 24, 64, 64)
self.inception4d = inception_block(512, 112, 144, 288, 32, 64, 64)
self.inception4e = inception_block(528, 256, 160, 320, 32, 128, 128)
self.maxpool4 = nn.MaxPool2d(2, stride=2, ceil_mode=True)

self.inception5a = inception_block(832, 256, 160, 320, 32, 128, 128)
self.inception5b = inception_block(832, 384, 192, 384, 48, 128, 128)

if aux_logits:
self.aux1 = inception_aux_block(512, num_classes)
self.aux2 = inception_aux_block(528, num_classes)

else:
self.aux1 = None # type: ignore[assignment]
self.aux2 = None # type: ignore[assignment]

self.avgpool = nn.AdaptiveAvgPool2d((1, 1))
self.dropout = nn.Dropout(0.2)
self.fc = nn.Linear(1024, num_classes)

if init_weights:
self._initialize_weights()
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def _initialize_weights(self) -> None:
for m in self.modules():

if isinstance(m, nn.Conv2d) or isinstance(m, nn.Linear):
import scipy.stats as stats
X = stats.truncnorm(-2, 2, scale=0.01)
values = torch.as_tensor(X.rvs(m.weight.numel()), dtype=m.weight.dtype)
values = values.view(m.weight.size())
with torch.no_grad():

m.weight.copy_(values)
elif isinstance(m, nn.BatchNorm2d):

nn.init.constant_(m.weight, 1)
nn.init.constant_(m.bias, 0)

def _transform_input(self, x: Tensor) -> Tensor:
if self.transform_input:

x_ch0 = torch.unsqueeze(x[:, 0], 1) * (0.229 / 0.5) + (0.485 - 0.5) / 0.5
x_ch1 = torch.unsqueeze(x[:, 1], 1) * (0.224 / 0.5) + (0.456 - 0.5) / 0.5
x_ch2 = torch.unsqueeze(x[:, 2], 1) * (0.225 / 0.5) + (0.406 - 0.5) / 0.5
x = torch.cat((x_ch0, x_ch1, x_ch2), 1)

return x

def _forward(self, x: Tensor) -> Tuple[Tensor, Optional[Tensor], Optional[Tensor]]:
# N x 3 x 224 x 224
x = self.conv1(x)
# N x 64 x 112 x 112
x = self.maxpool1(x)
# N x 64 x 56 x 56
x = self.conv2(x)
# N x 64 x 56 x 56
x = self.conv3(x)
# N x 192 x 56 x 56
x = self.maxpool2(x)

# N x 192 x 28 x 28
x = self.inception3a(x)
# N x 256 x 28 x 28
x = self.inception3b(x)
# N x 480 x 28 x 28
x = self.maxpool3(x)
# N x 480 x 14 x 14
x = self.inception4a(x)
# N x 512 x 14 x 14
aux1: Optional[Tensor] = None
if self.aux1 is not None:

if self.training:
aux1 = self.aux1(x)

x = self.inception4b(x)
# N x 512 x 14 x 14
x = self.inception4c(x)
# N x 512 x 14 x 14
x = self.inception4d(x)
# N x 528 x 14 x 14
aux2: Optional[Tensor] = None
if self.aux2 is not None:

if self.training:
aux2 = self.aux2(x)

x = self.avgpool(x)
# N x 1024 x 1 x 1
x = torch.flatten(x, 1)
# N x 1024
x = self.dropout(x)
x = self.fc(x)
# N x 1000 (num_classes)
return x, aux2, aux1
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@torch.jit.unused
def eager_outputs(self, x: Tensor, aux2: Tensor, aux1: Optional[Tensor]) ->

GoogLeNetOutputs:
if self.training and self.aux_logits:

return _GoogLeNetOutputs(x, aux2, aux1)
else:

return x # type: ignore[return-value]

def forward(self, x: Tensor) -> GoogLeNetOutputs:
x = self._transform_input(x)
x, aux1, aux2 = self._forward(x)
aux_defined = self.training and self.aux_logits
if torch.jit.is_scripting():

if not aux_defined:
warnings.warn("Scripted GoogleNet always returns GoogleNetOutputs Tuple")

return GoogLeNetOutputs(x, aux2, aux1)
else:

return self.eager_outputs(x, aux2, aux1)

class Inception(nn.Module):

def __init__(
self,
in_channels: int,
ch1x1: int,
ch3x3red: int,
ch3x3: int,
ch5x5red: int,
ch5x5: int,
pool_proj: int,
conv_block: Optional[Callable[..., nn.Module]] = None

) -> None:

super(Inception, self).__init__()
if conv_block is None:

conv_block = BasicConv2d
self.branch1 = conv_block(in_channels, ch1x1, kernel_size=1)

self.branch2 = nn.Sequential(
conv_block(in_channels, ch3x3red, kernel_size=1),
conv_block(ch3x3red, ch3x3, kernel_size=3, padding=1)

)

self.branch3 = nn.Sequential(
conv_block(in_channels, ch5x5red, kernel_size=1),
# Here, kernel_size=3 instead of kernel_size=5 is a known bug.
# Please see https://github.com/pytorch/vision/issues/906 for details.
conv_block(ch5x5red, ch5x5, kernel_size=3, padding=1)

)

self.branch4 = nn.Sequential(
nn.MaxPool2d(kernel_size=3, stride=1, padding=1, ceil_mode=True),
conv_block(in_channels, pool_proj, kernel_size=1)

)

def _forward(self, x: Tensor) -> List[Tensor]:
branch1 = self.branch1(x)
branch2 = self.branch2(x)
branch3 = self.branch3(x)
branch4 = self.branch4(x)

outputs = [branch1, branch2, branch3, branch4]
return outputs

def forward(self, x: Tensor) -> Tensor:
outputs = self._forward(x)
return torch.cat(outputs, 1)
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class InceptionAux(nn.Module):

def __init__(
self,
in_channels: int,
num_classes: int,
conv_block: Optional[Callable[..., nn.Module]] = None

) -> None:
super(InceptionAux, self).__init__()
if conv_block is None:

conv_block = BasicConv2d
self.conv = conv_block(in_channels, 128, kernel_size=1)

self.fc1 = nn.Linear(2048, 1024)
self.fc2 = nn.Linear(1024, num_classes)

def forward(self, x: Tensor) -> Tensor:
# aux1: N x 512 x 14 x 14, aux2: N x 528 x 14 x 14
x = F.adaptive_avg_pool2d(x, (4, 4))
# aux1: N x 512 x 4 x 4, aux2: N x 528 x 4 x 4
x = self.conv(x)
# N x 128 x 4 x 4
x = torch.flatten(x, 1)
# N x 2048
x = F.relu(self.fc1(x), inplace=True)
# N x 1024
x = F.dropout(x, 0.7, training=self.training)
# N x 1024
x = self.fc2(x)
# N x 1000 (num_classes)

return x

class BasicConv2d(nn.Module):

def __init__(
self,
in_channels: int,
out_channels: int,
**kwargs: Any

) -> None:
super(BasicConv2d, self).__init__()
self.conv = nn.Conv2d(in_channels, out_channels, bias=False, **kwargs)
self.bn = nn.BatchNorm2d(out_channels, eps=0.001)

def forward(self, x: Tensor) -> Tensor:
x = self.conv(x)
x = self.bn(x)
return F.relu(x, inplace=True)
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import torch.nn as nn
import torch.nn.functional as F

class IdentityPadding(nn.Module):
def __init__(self, in_channels, out_channels, stride):

super(IdentityPadding, self).__init__()

self.pooling = nn.MaxPool2d(1, stride=stride)
self.add_channels = out_channels - in_channels

def forward(self, x):
out = F.pad(x, (0, 0, 0, 0, 0, self.add_channels))
out = self.pooling(out)
return out

class ResidualBlock(nn.Module):
def __init__(self, in_channels, out_channels, stride=1, down_sample=False):

super(ResidualBlock, self).__init__()
self.conv1 = nn.Conv2d(in_channels, out_channels, kernel_size=3,

stride=stride, padding=1, bias=False)
self.bn1 = nn.BatchNorm2d(out_channels)
self.relu = nn.ReLU(inplace=True)

self.conv2 = nn.Conv2d(out_channels, out_channels, kernel_size=3,
stride=1, padding=1, bias=False)

self.bn2 = nn.BatchNorm2d(out_channels)
self.stride = stride

if down_sample:
self.down_sample = IdentityPadding(in_channels, out_channels, stride)

else:
self.down_sample = None

def forward(self, x):
shortcut = x
out = self.conv1(x)
out = self.bn1(out)
out = self.relu(out)

out = self.conv2(out)
out = self.bn2(out)

if self.down_sample is not None:
shortcut = self.down_sample(x)

out += shortcut
out = self.relu(out)
return out

class ResNet(nn.Module):
def __init__(self, num_layers, block, num_classes=10):

super(ResNet, self).__init__()
self.num_layers = num_layers

self.conv1 = nn.Conv2d(in_channels=3, out_channels=16, kernel_size=3,
stride=1, padding=1, bias=False)

self.bn1 = nn.BatchNorm2d(16)
self.relu = nn.ReLU(inplace=True)

# feature map size = 32x32x16
self.layers_2n = self.get_layers(block, 16, 16, stride=1)
# feature map size = 16x16x32
self.layers_4n = self.get_layers(block, 16, 32, stride=2)
# feature map size = 8x8x64
self.layers_6n = self.get_layers(block, 32, 64, stride=2)
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# output layers
self.avg_pool = nn.AvgPool2d(8, stride=1)
self.fc_out = nn.Linear(64, num_classes)

for m in self.modules():
if isinstance(m, nn.Conv2d):

nn.init.kaiming_normal_(m.weight, mode='fan_out',
nonlinearity='relu')

elif isinstance(m, nn.BatchNorm2d):
nn.init.constant_(m.weight, 1)
nn.init.constant_(m.bias, 0)

def get_layers(self, block, in_channels, out_channels, stride):
if stride == 2:

down_sample = True
else:

down_sample = False

layers_list = nn.ModuleList(
[block(in_channels, out_channels, stride, down_sample)])

for _ in range(self.num_layers - 1):
layers_list.append(block(out_channels, out_channels))

return nn.Sequential(*layers_list)

def forward(self, x):
x = self.conv1(x)
x = self.bn1(x)
x = self.relu(x)

x = self.layers_2n(x)
x = self.layers_4n(x)
x = self.layers_6n(x)

x = self.avg_pool(x)
x = x.view(x.size(0), -1)
x = self.fc_out(x)
return x

def resnet():
block = ResidualBlock
# total number of layers if 6n + 2. if n is 5 then the depth of network is 32.
model = ResNet(5, block)
return model
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# ---------------------------------------------------------------------------- #
# An implementation of https://arxiv.org/pdf/1512.03385.pdf #
# See section 4.2 for the model architecture on CIFAR-10 #
# Some part of the code was referenced from below #
# https://github.com/pytorch/vision/blob/master/torchvision/models/resnet.py #
# ---------------------------------------------------------------------------- #

import torch
import torch.nn as nn
import torchvision
import torchvision.transforms as transforms

# Device configuration
device = torch.device('cuda' if torch.cuda.is_available() else 'cpu')

# Hyper-parameters
num_epochs = 80
learning_rate = 0.001

# Image preprocessing modules
transform = transforms.Compose([

transforms.Pad(4),
transforms.RandomHorizontalFlip(),
transforms.RandomCrop(32),
transforms.ToTensor()])

# CIFAR-10 dataset
train_dataset = torchvision.datasets.CIFAR10(root='../../data/',

train=True,
transform=transform,
download=True)

test_dataset = torchvision.datasets.CIFAR10(root='../../data/',
train=False,
transform=transforms.ToTensor())

# Data loader
train_loader = torch.utils.data.DataLoader(dataset=train_dataset,

batch_size=100,
shuffle=True)

test_loader = torch.utils.data.DataLoader(dataset=test_dataset,
batch_size=100,
shuffle=False)

# 3x3 convolution
def conv3x3(in_channels, out_channels, stride=1):

return nn.Conv2d(in_channels, out_channels, kernel_size=3,
stride=stride, padding=1, bias=False)

# Residual block
class ResidualBlock(nn.Module):

def __init__(self, in_channels, out_channels, stride=1, downsample=None):
super(ResidualBlock, self).__init__()
self.conv1 = conv3x3(in_channels, out_channels, stride)
self.bn1 = nn.BatchNorm2d(out_channels)
self.relu = nn.ReLU(inplace=True)
self.conv2 = conv3x3(out_channels, out_channels)
self.bn2 = nn.BatchNorm2d(out_channels)
self.downsample = downsample
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def forward(self, x):
residual = x
out = self.conv1(x)
out = self.bn1(out)
out = self.relu(out)
out = self.conv2(out)
out = self.bn2(out)
if self.downsample:

residual = self.downsample(x)
out += residual
out = self.relu(out)
return out

# ResNet
class ResNet(nn.Module):

def __init__(self, block, layers, num_classes=10):
super(ResNet, self).__init__()
self.in_channels = 16
self.conv = conv3x3(3, 16)
self.bn = nn.BatchNorm2d(16)
self.relu = nn.ReLU(inplace=True)
self.layer1 = self.make_layer(block, 16, layers[0])
self.layer2 = self.make_layer(block, 32, layers[1], 2)
self.layer3 = self.make_layer(block, 64, layers[2], 2)
self.avg_pool = nn.AvgPool2d(8)
self.fc = nn.Linear(64, num_classes)

def make_layer(self, block, out_channels, blocks, stride=1):
downsample = None
if (stride != 1) or (self.in_channels != out_channels):

downsample = nn.Sequential(
conv3x3(self.in_channels, out_channels, stride=stride),
nn.BatchNorm2d(out_channels))

layers = []
layers.append(block(self.in_channels, out_channels, stride, downsample))
self.in_channels = out_channels
for i in range(1, blocks):

layers.append(block(out_channels, out_channels))
return nn.Sequential(*layers)

def forward(self, x):
out = self.conv(x)
out = self.bn(out)
out = self.relu(out)
out = self.layer1(out)
out = self.layer2(out)
out = self.layer3(out)
out = self.avg_pool(out)
out = out.view(out.size(0), -1)
out = self.fc(out)
return out

model = ResNet(ResidualBlock, [2, 2, 2]).to(device)

# Loss and optimizer
criterion = nn.CrossEntropyLoss()
optimizer = torch.optim.Adam(model.parameters(), lr=learning_rate)
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# For updating learning rate
def update_lr(optimizer, lr):

for param_group in optimizer.param_groups:
param_group['lr'] = lr

# Train the model
total_step = len(train_loader)
curr_lr = learning_rate
for epoch in range(num_epochs):

for i, (images, labels) in enumerate(train_loader):
images = images.to(device)
labels = labels.to(device)

# Forward pass
outputs = model(images)
loss = criterion(outputs, labels)

# Backward and optimize
optimizer.zero_grad()
loss.backward()
optimizer.step()

if (i+1) % 100 == 0:
print ("Epoch [{}/{}], Step [{}/{}] Loss: {:.4f}"

.format(epoch+1, num_epochs, i+1, total_step, loss.item()))

# Decay learning rate
if (epoch+1) % 20 == 0:

curr_lr /= 3
update_lr(optimizer, curr_lr)

# Test the model
model.eval()
with torch.no_grad():

correct = 0
total = 0
for images, labels in test_loader:

images = images.to(device)
labels = labels.to(device)
outputs = model(images)
_, predicted = torch.max(outputs.data, 1)
total += labels.size(0)
correct += (predicted == labels).sum().item()

print('Accuracy of the model on the test images: {} %'.format(100 * correct / total))

# Save the model checkpoint
torch.save(model.state_dict(), 'resnet.ckpt')
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import torch
import torch.nn as nn

class Conv2d(nn.Module):
def __init__(self, in_channels, out_channels, kernel_size, padding, stride=1, bias=True):

super(Conv2d, self).__init__()
self.conv = nn.Conv2d(in_channels, out_channels, kernel_size, stride=stride,

padding=padding, bias=bias)
self.bn = nn.BatchNorm2d(out_channels, eps=0.001, momentum=0.1)
self.relu = nn.ReLU(inplace=True)

def forward(self, x):
x = self.conv(x)
x = self.bn(x)
x = self.relu(x)
return x

class Reduction_A(nn.Module):
# 35 -> 17
def __init__(self, in_channels, k, l, m, n):

super(Reduction_A, self).__init__()
self.branch_0 = Conv2d(in_channels, n, 3, stride=2, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, k, 1, stride=1, padding=0, bias=False),
Conv2d(k, l, 3, stride=1, padding=1, bias=False),
Conv2d(l, m, 3, stride=2, padding=0, bias=False),

)
self.branch_2 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
return torch.cat((x0, x1, x2), dim=1) # 17 x 17 x 1024
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import torch
import torch.nn as nn
from model.units import Conv2d, Reduction_A

class Stem(nn.Module):
def __init__(self, in_channels):

super(Stem, self).__init__()
self.conv2d_1a_3x3 = Conv2d(in_channels, 32, 3, stride=2, padding=0, bias=False)

self.conv2d_2a_3x3 = Conv2d(32, 32, 3, stride=1, padding=0, bias=False)
self.conv2d_2b_3x3 = Conv2d(32, 64, 3, stride=1, padding=1, bias=False)

self.mixed_3a_branch_0 = nn.MaxPool2d(3, stride=2, padding=0)
self.mixed_3a_branch_1 = Conv2d(64, 96, 3, stride=2, padding=0, bias=False)

self.mixed_4a_branch_0 = nn.Sequential(
Conv2d(160, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=0, bias=False),

)
self.mixed_4a_branch_1 = nn.Sequential(

Conv2d(160, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 64, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(64, 64, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(64, 96, 3, stride=1, padding=0, bias=False)

)

self.mixed_5a_branch_0 = Conv2d(192, 192, 3, stride=2, padding=0, bias=False)
self.mixed_5a_branch_1 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x = self.conv2d_1a_3x3(x) # 149 x 149 x 32
x = self.conv2d_2a_3x3(x) # 147 x 147 x 32
x = self.conv2d_2b_3x3(x) # 147 x 147 x 64
x0 = self.mixed_3a_branch_0(x)
x1 = self.mixed_3a_branch_1(x)
x = torch.cat((x0, x1), dim=1) # 73 x 73 x 160
x0 = self.mixed_4a_branch_0(x)
x1 = self.mixed_4a_branch_1(x)
x = torch.cat((x0, x1), dim=1) # 71 x 71 x 192
x0 = self.mixed_5a_branch_0(x)
x1 = self.mixed_5a_branch_1(x)
x = torch.cat((x0, x1), dim=1) # 35 x 35 x 384
return x
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class Inception_A(nn.Module):
def __init__(self, in_channels):

super(Inception_A, self).__init__()
self.branch_0 = Conv2d(in_channels, 96, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=1, bias=False),

)
self.branch_2 = nn.Sequential(

Conv2d(in_channels, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=1, bias=False),
Conv2d(96, 96, 3, stride=1, padding=1, bias=False),

)
self.brance_3 = nn.Sequential(

nn.AvgPool2d(3, 1, padding=1, count_include_pad=False),
Conv2d(384, 96, 1, stride=1, padding=0, bias=False)

)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.brance_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)

class Inception_B(nn.Module):
def __init__(self, in_channels):

super(Inception_B, self).__init__()
self.branch_0 = Conv2d(in_channels, 384, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 224, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(224, 256, (7, 1), stride=1, padding=(3, 0), bias=False),

)
self.branch_2 = nn.Sequential(

Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 192, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(192, 224, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(224, 224, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(224, 256, (1, 7), stride=1, padding=(0, 3), bias=False)

)
self.branch_3 = nn.Sequential(

nn.AvgPool2d(3, stride=1, padding=1, count_include_pad=False),
Conv2d(in_channels, 128, 1, stride=1, padding=0, bias=False)

)
def forward(self, x):

x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)
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class Reduction_B(nn.Module):
# 17 -> 8
def __init__(self, in_channels):

super(Reduction_B, self).__init__()
self.branch_0 = nn.Sequential(

Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 192, 3, stride=2, padding=0, bias=False),

)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 256, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(256, 320, (7, 1), stride=1, padding=(3, 0), bias=False),
Conv2d(320, 320, 3, stride=2, padding=0, bias=False)

)
self.branch_2 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
return torch.cat((x0, x1, x2), dim=1) # 8 x 8 x 1536

class Inception_C(nn.Module):
def __init__(self, in_channels):

super(Inception_C, self).__init__()
self.branch_0 = Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False)

self.branch_1 = Conv2d(in_channels, 384, 1, stride=1, padding=0, bias=False)
self.branch_1_1 = Conv2d(384, 256, (1, 3), stride=1, padding=(0, 1), bias=False)
self.branch_1_2 = Conv2d(384, 256, (3, 1), stride=1, padding=(1, 0), bias=False)

self.branch_2 = nn.Sequential(
Conv2d(in_channels, 384, 1, stride=1, padding=0, bias=False),
Conv2d(384, 448, (3, 1), stride=1, padding=(1, 0), bias=False),
Conv2d(448, 512, (1, 3), stride=1, padding=(0, 1), bias=False),

)
self.branch_2_1 = Conv2d(512, 256, (1, 3), stride=1, padding=(0, 1), bias=False)
self.branch_2_2 = Conv2d(512, 256, (3, 1), stride=1, padding=(1, 0), bias=False)

self.branch_3 = nn.Sequential(
nn.AvgPool2d(3, stride=1, padding=1, count_include_pad=False),
Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False)

)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x1_1 = self.branch_1_1(x1)
x1_2 = self.branch_1_2(x1)
x1 = torch.cat((x1_1, x1_2), 1)
x2 = self.branch_2(x)
x2_1 = self.branch_2_1(x2)
x2_2 = self.branch_2_2(x2)
x2 = torch.cat((x2_1, x2_2), dim=1)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1) # 8 x 8 x 1536
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import torch
import torch.nn as nn
from model.units import Conv2d, Reduction_A

class Stem(nn.Module):
def __init__(self, in_channels):

super(Stem, self).__init__()
self.features = nn.Sequential(

Conv2d(in_channels, 32, 3, stride=2, padding=0, bias=False), # 149 x 149 x 32
Conv2d(32, 32, 3, stride=1, padding=0, bias=False), # 147 x 147 x 32
Conv2d(32, 64, 3, stride=1, padding=1, bias=False), # 147 x 147 x 64
nn.MaxPool2d(3, stride=2, padding=0), # 73 x 73 x 64
Conv2d(64, 80, 1, stride=1, padding=0, bias=False), # 73 x 73 x 80
Conv2d(80, 192, 3, stride=1, padding=0, bias=False), # 71 x 71 x 192
nn.MaxPool2d(3, stride=2, padding=0), # 35 x 35 x 192

)
self.branch_0 = Conv2d(192, 96, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(192, 48, 1, stride=1, padding=0, bias=False),
Conv2d(48, 64, 5, stride=1, padding=2, bias=False),

)
self.branch_2 = nn.Sequential(

Conv2d(192, 64, 1, stride=1, padding=0, bias=False),
Conv2d(64, 96, 3, stride=1, padding=1, bias=False),
Conv2d(96, 96, 3, stride=1, padding=1, bias=False),

)
self.branch_3 = nn.Sequential(

nn.AvgPool2d(3, stride=1, padding=1, count_include_pad=False),
Conv2d(192, 64, 1, stride=1, padding=0, bias=False)

)

def forward(self, x):
x = self.features(x)
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)
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class Inception_ResNet_A(nn.Module):
def __init__(self, in_channels, scale=1.0):

super(Inception_ResNet_A, self).__init__()
self.scale = scale
self.branch_0 = Conv2d(in_channels, 32, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 32, 1, stride=1, padding=0, bias=False),
Conv2d(32, 32, 3, stride=1, padding=1, bias=False)

)
self.branch_2 = nn.Sequential(

Conv2d(in_channels, 32, 1, stride=1, padding=0, bias=False),
Conv2d(32, 48, 3, stride=1, padding=1, bias=False),
Conv2d(48, 64, 3, stride=1, padding=1, bias=False)

)
self.conv = nn.Conv2d(128, 320, 1, stride=1, padding=0, bias=True)
self.relu = nn.ReLU(inplace=True)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x_res = torch.cat((x0, x1, x2), dim=1)
x_res = self.conv(x_res)
return self.relu(x + self.scale * x_res)

class Inception_ResNet_B(nn.Module):
def __init__(self, in_channels, scale=1.0):

super(Inception_ResNet_B, self).__init__()
self.scale = scale
self.branch_0 = Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 128, 1, stride=1, padding=0, bias=False),
Conv2d(128, 160, (1, 7), stride=1, padding=(0, 3), bias=False),
Conv2d(160, 192, (7, 1), stride=1, padding=(3, 0), bias=False)

)
self.conv = nn.Conv2d(384, 1088, 1, stride=1, padding=0, bias=True)
self.relu = nn.ReLU(inplace=True)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x_res = torch.cat((x0, x1), dim=1)
x_res = self.conv(x_res)
return self.relu(x + self.scale * x_res)
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class Reduciton_B(nn.Module):
def __init__(self, in_channels):

super(Reduciton_B, self).__init__()
self.branch_0 = nn.Sequential(

Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 384, 3, stride=2, padding=0, bias=False)

)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 288, 3, stride=2, padding=0, bias=False),

)
self.branch_2 = nn.Sequential(

Conv2d(in_channels, 256, 1, stride=1, padding=0, bias=False),
Conv2d(256, 288, 3, stride=1, padding=1, bias=False),
Conv2d(288, 320, 3, stride=2, padding=0, bias=False)

)
self.branch_3 = nn.MaxPool2d(3, stride=2, padding=0)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x2 = self.branch_2(x)
x3 = self.branch_3(x)
return torch.cat((x0, x1, x2, x3), dim=1)

class Inception_ResNet_C(nn.Module):
def __init__(self, in_channels, scale=1.0, activation=True):

super(Inception_ResNet_C, self).__init__()
self.scale = scale
self.activation = activation
self.branch_0 = Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False)
self.branch_1 = nn.Sequential(

Conv2d(in_channels, 192, 1, stride=1, padding=0, bias=False),
Conv2d(192, 224, (1, 3), stride=1, padding=(0, 1), bias=False),
Conv2d(224, 256, (3, 1), stride=1, padding=(1, 0), bias=False)

)
self.conv = nn.Conv2d(448, 2080, 1, stride=1, padding=0, bias=True)
self.relu = nn.ReLU(inplace=True)

def forward(self, x):
x0 = self.branch_0(x)
x1 = self.branch_1(x)
x_res = torch.cat((x0, x1), dim=1)
x_res = self.conv(x_res)
if self.activation:

return self.relu(x + self.scale * x_res)
return x + self.scale * x_res
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class Inception_ResNetv2(nn.Module):
def __init__(self, in_channels=3, classes=1000, k=256, l=256, m=384, n=384):

super(Inception_ResNetv2, self).__init__()
blocks = []
blocks.append(Stem(in_channels))
for i in range(10):

blocks.append(Inception_ResNet_A(320, 0.17))
blocks.append(Reduction_A(320, k, l, m, n))
for i in range(20):

blocks.append(Inception_ResNet_B(1088, 0.10))
blocks.append(Reduciton_B(1088))
for i in range(9):

blocks.append(Inception_ResNet_C(2080, 0.20))
blocks.append(Inception_ResNet_C(2080, activation=False))
self.features = nn.Sequential(*blocks)
self.conv = Conv2d(2080, 1536, 1, stride=1, padding=0, bias=False)
self.global_average_pooling = nn.AdaptiveAvgPool2d((1, 1))
self.linear = nn.Linear(1536, classes)

def forward(self, x):
x = self.features(x)
x = self.conv(x)
x = self.global_average_pooling(x)
x = x.view(x.size(0), -1)
x = self.linear(x)
return x
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import torchvision
model = torchvision.models.DenseNet(

growth_rate = 16, # how many filters to add each layer (`k` in paper)
block_config = (6, 12, 24, 16), # how many layers in each pooling block
num_init_features = 16, # the number of filters to learn in the first convolution layer (k0)
bn_size= 4, # multiplicative factor for number of bottleneck (1x1 cons) layers
drop_rate = 0, # dropout rate after each dense conv layer
num_classes = 30 # number of classification classes

)
print(model) # see snapshot below
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import torch
import torchvision
import torchvision.transforms as transforms
from torchvision.utils import save_image
import torch.nn as nn
import torch.nn.functional as F
import torch.optim as optim
import numpy as np
import os
import glob
import PIL
from PIL import Image
from torch.utils import data as D
from torch.utils.data.sampler import SubsetRandomSampler
import random
import torchsummary

print(torch.__version__)
device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")
print(device)

batch_size = 64
validation_ratio = 0.1
random_seed = 10
initial_lr = 0.1
num_epoch = 300

transform_train = transforms.Compose([
#transforms.Resize(32),
transforms.RandomCrop(32, padding=4),
transforms.RandomHorizontalFlip(),
transforms.ToTensor(),
transforms.Normalize((0.4914, 0.4822, 0.4465), (0.2470, 0.2435, 0.2616))])

transform_validation = transforms.Compose([
#transforms.Resize(224),
transforms.ToTensor(),
transforms.Normalize((0.4914, 0.4822, 0.4465), (0.2470, 0.2435, 0.2616))])

transform_test = transforms.Compose([
#transforms.Resize(32),
transforms.ToTensor(),
transforms.Normalize((0.4914, 0.4822, 0.4465), (0.2470, 0.2435, 0.2616))])

trainset = torchvision.datasets.CIFAR10(
root='./data', train=True, download=True, transform=transform_train)

validset = torchvision.datasets.CIFAR10(
root='./data', train=True, download=True, transform=transform_validation)

testset = torchvision.datasets.CIFAR10(
root='./data', train=False, download=True, transform=transform_test)

num_train = len(trainset)
indices = list(range(num_train))
split = int(np.floor(validation_ratio * num_train))
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np.random.seed(random_seed)
np.random.shuffle(indices)

train_idx, valid_idx = indices[split:], indices[:split]
train_sampler = SubsetRandomSampler(train_idx)
valid_sampler = SubsetRandomSampler(valid_idx)

train_loader = torch.utils.data.DataLoader(
trainset, batch_size=batch_size, sampler=train_sampler, num_workers=0

)

valid_loader = torch.utils.data.DataLoader(
validset, batch_size=batch_size, sampler=valid_sampler, num_workers=0

)

test_loader = torch.utils.data.DataLoader(
testset, batch_size=batch_size, shuffle=False, num_workers=0

)

classes = ('plane', 'car', 'bird', 'cat',
'deer', 'dog', 'frog', 'horse', 'ship', 'truck')

class bn_relu_conv(nn.Module):
def __init__(self, nin, nout, kernel_size, stride, padding, bias=False):

super(bn_relu_conv, self).__init__()
self.batch_norm = nn.BatchNorm2d(nin)
self.relu = nn.ReLU(True)
self.conv = nn.Conv2d(nin, nout, kernel_size=kernel_size, stride=stride, 

padding=padding, bias=bias)

def forward(self, x):
out = self.batch_norm(x)
out = self.relu(out)
out = self.conv(out)

return out
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class bottleneck_layer(nn.Sequential):
def __init__(self, nin, growth_rate, drop_rate=0.2):    

super(bottleneck_layer, self).__init__()

self.add_module('conv_1x1', bn_relu_conv(nin=nin, nout=growth_rate*4, kernel_size=1, 
stride=1, padding=0, bias=False))

self.add_module('conv_3x3', bn_relu_conv(nin=growth_rate*4, nout=growth_rate, 
kernel_size=3, stride=1, padding=1, bias=False))

self.drop_rate = drop_rate

def forward(self, x):
bottleneck_output = super(bottleneck_layer, self).forward(x)
if self.drop_rate > 0:

bottleneck_output = F.dropout(bottleneck_output, p=self.drop_rate, 
training=self.training)

bottleneck_output = torch.cat((x, bottleneck_output), 1)

return bottleneck_output

class Transition_layer(nn.Sequential):
def __init__(self, nin, theta=0.5):    

super(Transition_layer, self).__init__()

self.add_module('conv_1x1', bn_relu_conv(nin=nin, nout=int(nin*theta), kernel_size=1, 
stride=1, padding=0, bias=False))

self.add_module('avg_pool_2x2', nn.AvgPool2d(kernel_size=2, stride=2, padding=0))
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class DenseBlock(nn.Sequential):
def __init__(self, nin, num_bottleneck_layers, growth_rate, drop_rate=0.2):

super(DenseBlock, self).__init__()

for i in range(num_bottleneck_layers):
nin_bottleneck_layer = nin + growth_rate * i
self.add_module(‘bottleneck_layer_%d’ % i, 

bottleneck_layer(nin=nin_bottleneck_layer, growth_rate=growth_rate, drop_rate=drop_rate))
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class DenseNet(nn.Module):
def __init__(self, growth_rate=12, num_layers=100, theta=0.5, drop_rate=0.2, num_classes=10):

super(DenseNet, self).__init__()

assert (num_layers - 4) % 6 == 0

num_bottleneck_layers = (num_layers - 4) // 6 # (num_layers-4)//6 

# 32 x 32 x 3 --> 32 x 32 x (growth_rate*2)
self.dense_init = nn.Conv2d(3, growth_rate*2, kernel_size=3, stride=1, padding=1, bias=True)

# 32 x 32 x (growth_rate*2) --> 32 x 32 x [(growth_rate*2) + (growth_rate * num_bottleneck_layers)]
self.dense_block_1 = DenseBlock(nin=growth_rate*2, num_bottleneck_layers=num_bottleneck_layers, growth_rate=growth_rate, drop_rate=drop_rate)

# 32 x 32 x [(growth_rate*2) + (growth_rate * num_bottleneck_layers)] --> 16 x 16 x [(growth_rate*2) + (growth_rate * num_bottleneck_layers)]*theta
nin_transition_layer_1 = (growth_rate*2) + (growth_rate * num_bottleneck_layers) 
self.transition_layer_1 = Transition_layer(nin=nin_transition_layer_1, theta=theta)

# 16 x 16 x nin_transition_layer_1*theta --> 16 x 16 x [nin_transition_layer_1*theta + (growth_rate * num_bottleneck_layers)]
self.dense_block_2 = DenseBlock(nin=int(nin_transition_layer_1*theta), num_bottleneck_layers=num_bottleneck_layers, growth_rate=growth_rate, drop_rate=drop_rate)

# 16 x 16 x [nin_transition_layer_1*theta + (growth_rate * num_bottleneck_layers)] --> 8 x 8 x [nin_transition_layer_1*theta + (growth_rate * num_bottleneck_layers)]*theta
nin_transition_layer_2 = int(nin_transition_layer_1*theta) + (growth_rate * num_bottleneck_layers) 
self.transition_layer_2 = Transition_layer(nin=nin_transition_layer_2, theta=theta)

# 8 x 8 x nin_transition_layer_2*theta --> 8 x 8 x [nin_transition_layer_2*theta + (growth_rate * num_bottleneck_layers)]
self.dense_block_3 = DenseBlock(nin=int(nin_transition_layer_2*theta), num_bottleneck_layers=num_bottleneck_layers, growth_rate=growth_rate, drop_rate=drop_rate)

nin_fc_layer = int(nin_transition_layer_2*theta) + (growth_rate * num_bottleneck_layers) 

# [nin_transition_layer_2*theta + (growth_rate * num_bottleneck_layers)] --> num_classes
self.fc_layer = nn.Linear(nin_fc_layer, num_classes)
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def forward(self, x):
dense_init_output = self.dense_init(x)

dense_block_1_output = self.dense_block_1(dense_init_output)
transition_layer_1_output = self.transition_layer_1(dense_block_1_output)

dense_block_2_output = self.dense_block_2(transition_layer_1_output)
transition_layer_2_output = self.transition_layer_2(dense_block_2_output)

dense_block_3_output = self.dense_block_3(transition_layer_2_output)

global_avg_pool_output = F.adaptive_avg_pool2d(dense_block_3_output, (1, 1))                
global_avg_pool_output_flat = global_avg_pool_output.view(global_avg_pool_output.size(0), -1)

output = self.fc_layer(global_avg_pool_output_flat)

return output
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def DenseNetBC_100_12():
return DenseNet(growth_rate=12, num_layers=100, theta=0.5, drop_rate=0.2, 

num_classes=10)

def DenseNetBC_250_24():
return DenseNet(growth_rate=24, num_layers=250, theta=0.5, drop_rate=0.2, 

num_classes=10)

def DenseNetBC_190_40():
return DenseNet(growth_rate=40, num_layers=190, theta=0.5, drop_rate=0.2, 

num_classes=10)

net = DenseNetBC_100_12()
net.to(device)

torchsummary.summary(net, (3, 32, 32))
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def DenseNetBC_100_12():
return DenseNet(growth_rate=12, num_layers=100, theta=0.5, drop_rate=0.2, 

num_classes=10)

def DenseNetBC_250_24():
return DenseNet(growth_rate=24, num_layers=250, theta=0.5, drop_rate=0.2, 

num_classes=10)

def DenseNetBC_190_40():
return DenseNet(growth_rate=40, num_layers=190, theta=0.5, drop_rate=0.2, 

num_classes=10)

net = DenseNetBC_100_12()
net.to(device)

criterion = nn.CrossEntropyLoss()
optimizer = optim.SGD(net.parameters(), lr=initial_lr, momentum=0.9)
lr_scheduler = optim.lr_scheduler.MultiStepLR(optimizer=optimizer, 
milestones=[int(num_epoch * 0.5), int(num_epoch * 0.75)], gamma=0.1, last_epoch=-1)

for epoch in range(num_epoch):  
lr_scheduler.step()

running_loss = 0.0
for i, data in enumerate(train_loader, 0):

inputs, labels = data
inputs, labels = inputs.to(device), labels.to(device)

optimizer.zero_grad()

outputs = net(inputs)
loss = criterion(outputs, labels)
loss.backward()
optimizer.step()

running_loss += loss.item()

show_period = 100
if i % show_period == show_period-1:    # print every "show_period" mini-batches

print('[%d, %5d/50000] loss: %.7f' %
(epoch + 1, (i + 1)*batch_size, running_loss / show_period))

running_loss = 0.0
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# validation part
correct = 0
total = 0
for i, data in enumerate(valid_loader, 0):

inputs, labels = data
inputs, labels = inputs.to(device), labels.to(device)
outputs = net(inputs)

_, predicted = torch.max(outputs.data, 1)
total += labels.size(0)
correct += (predicted == labels).sum().item()

print('[%d epoch] Accuracy of the network on the validation images: %d %%' % 
(epoch + 1, 100 * correct / total)

)

print('Finished Training')

class_correct = list(0. for i in range(10))
class_total = list(0. for i in range(10))

correct = 0
total = 0

with torch.no_grad():
for data in test_loader:

images, labels = data
images, labels = images.to(device), labels.to(device)
outputs = net(images)
_, predicted = torch.max(outputs, 1)
c = (predicted == labels).squeeze()

for i in range(labels.shape[0]):
label = labels[i]
class_correct[label] += c[i].item()
class_total[label] += 1

total += labels.size(0)
correct += (predicted == labels).sum().item()

print('Accuracy of the network on the test images: %d %%' % (100 * correct / total))            

for i in range(10):
print('Accuracy of %5s : %2d %%' % (

classes[i], 100 * class_correct[i] / class_total[i])) 
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from functools import partial
from collections import OrderedDict

%config InlineBackend.figure_format = 'retina'

import numpy as np

import matplotlib.pyplot as plt
from mpl_toolkits.axes_grid1 import ImageGrid

import torch
import torch.nn as nn
import torch.nn.functional as F
from torch.autograd import Variable
import torchvision as tv

device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu")
print(device)

import requests
import io

def get_weights(bit_variant):
response = requests.get(f'https://storage.googleapis.com/bit_models/{bit_variant}.npz')
response.raise_for_status()
return np.load(io.BytesIO(response.content))

weights = get_weights('BiT-M-R50x1')  # You could use other variants, such as R101x3 
or R152x4 here, but it is not advisable in a colab.
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class StdConv2d(nn.Conv2d):

def forward(self, x):
w = self.weight
v, m = torch.var_mean(w, dim=[1, 2, 3], keepdim=True, unbiased=False)
w = (w - m) / torch.sqrt(v + 1e-10)
return F.conv2d(x, w, self.bias, self.stride, self.padding, self.dilation, self.groups)

def conv3x3(cin, cout, stride=1, groups=1, bias=False):
return StdConv2d(cin, cout, kernel_size=3, stride=stride, 

padding=1, bias=bias, groups=groups)

def conv1x1(cin, cout, stride=1, bias=False):
return StdConv2d(cin, cout, kernel_size=1, stride=stride,

padding=0, bias=bias)

def tf2th(conv_weights):
"""Possibly convert HWIO to OIHW."""
if conv_weights.ndim == 4:
conv_weights = conv_weights.transpose([3, 2, 0, 1])

return torch.from_numpy(conv_weights)

class PreActBottleneck(nn.Module):
"""
Follows the implementation of "Identity Mappings in Deep Residual Networks" here:
https://github.com/KaimingHe/resnet-1k-layers/blob/master/resnet-pre-act.lua
Except it puts the stride on 3x3 conv when available.
"""
def __init__(self, cin, cout=None, cmid=None, stride=1):
super().__init__()
cout = cout or cin
cmid = cmid or cout//4

self.gn1 = nn.GroupNorm(32, cin)
self.conv1 = conv1x1(cin, cmid)
self.gn2 = nn.GroupNorm(32, cmid)
self.conv2 = conv3x3(cmid, cmid, stride)  # Original ResNetv2 has it on conv1!!
self.gn3 = nn.GroupNorm(32, cmid)
self.conv3 = conv1x1(cmid, cout)
self.relu = nn.ReLU(inplace=True)

if (stride != 1 or cin != cout):
# Projection also with pre-activation according to paper.
self.downsample = conv1x1(cin, cout, stride)
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def forward(self, x):
# Conv'ed branch
out = self.relu(self.gn1(x))

# Residual branch
residual = x
if hasattr(self, 'downsample'):

residual = self.downsample(out)

# The first block has already applied pre-act before splitting, see Appendix.
out = self.conv1(out)
out = self.conv2(self.relu(self.gn2(out)))
out = self.conv3(self.relu(self.gn3(out)))

return out + residual

def load_from(self, weights, prefix=''):
with torch.no_grad():
self.conv1.weight.copy_(tf2th(weights[prefix + 'a/standardized_conv2d/kernel']))
self.conv2.weight.copy_(tf2th(weights[prefix + 'b/standardized_conv2d/kernel']))
self.conv3.weight.copy_(tf2th(weights[prefix + 'c/standardized_conv2d/kernel']))
self.gn1.weight.copy_(tf2th(weights[prefix + 'a/group_norm/gamma']))
self.gn2.weight.copy_(tf2th(weights[prefix + 'b/group_norm/gamma']))
self.gn3.weight.copy_(tf2th(weights[prefix + 'c/group_norm/gamma']))
self.gn1.bias.copy_(tf2th(weights[prefix + 'a/group_norm/beta']))
self.gn2.bias.copy_(tf2th(weights[prefix + 'b/group_norm/beta']))
self.gn3.bias.copy_(tf2th(weights[prefix + 'c/group_norm/beta']))
if hasattr(self, 'downsample'):
self.downsample.weight.copy_(tf2th(weights[prefix + 

'a/proj/standardized_conv2d/kernel']))
return self

class ResNetV2(nn.Module):
"""Implementation of Pre-activation (v2) ResNet mode."""

def __init__(self, block_units, width_factor, head_size=21843, zero_head=False):
super().__init__()
wf = width_factor # shortcut 'cause we'll use it a lot.

# The following will be unreadable if we split lines.
# pylint: disable=line-too-long
self.root = nn.Sequential(OrderedDict([

('conv', StdConv2d(3, 64*wf, kernel_size=7, stride=2, padding=3, bias=False)),
('pad', nn.ConstantPad2d(1, 0)),
('pool', nn.MaxPool2d(kernel_size=3, stride=2, padding=0)),
# The following is subtly not the same!
# ('pool', nn.MaxPool2d(kernel_size=3, stride=2, padding=1)),

]))
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self.body = nn.Sequential(OrderedDict([
('block1', nn.Sequential(OrderedDict(

[('unit01', PreActBottleneck(cin=64*wf, cout=256*wf, cmid=64*wf))] +
[(f'unit{i:02d}', PreActBottleneck(cin=256*wf, cout=256*wf, cmid=64*wf)) for i in range(2, block_units[0] + 1)],

))),
('block2', nn.Sequential(OrderedDict(

[('unit01', PreActBottleneck(cin=256*wf, cout=512*wf, cmid=128*wf, stride=2))] +
[(f'unit{i:02d}', PreActBottleneck(cin=512*wf, cout=512*wf, cmid=128*wf)) for i in range(2, block_units[1] + 1)],

))),
('block3', nn.Sequential(OrderedDict(

[('unit01', PreActBottleneck(cin=512*wf, cout=1024*wf, cmid=256*wf, stride=2))] +
[(f'unit{i:02d}', PreActBottleneck(cin=1024*wf, cout=1024*wf, cmid=256*wf)) for i in range(2, block_units[2] + 1)],

))),
('block4', nn.Sequential(OrderedDict(

[('unit01', PreActBottleneck(cin=1024*wf, cout=2048*wf, cmid=512*wf, stride=2))] +
[(f'unit{i:02d}', PreActBottleneck(cin=2048*wf, cout=2048*wf, cmid=512*wf)) for i in range(2, block_units[3] + 1)],

))),
]))
# pylint: enable=line-too-long

self.zero_head = zero_head
self.head = nn.Sequential(OrderedDict([

('gn', nn.GroupNorm(32, 2048*wf)),
('relu', nn.ReLU(inplace=True)),
('avg', nn.AdaptiveAvgPool2d(output_size=1)),
('conv', nn.Conv2d(2048*wf, head_size, kernel_size=1, bias=True)),

]))
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def forward(self, x):
x = self.head(self.body(self.root(x)))
assert x.shape[-2:] == (1, 1)  # We should have no spatial shape left.
return x[...,0,0]

def load_from(self, weights, prefix='resnet/'):
with torch.no_grad():
self.root.conv.weight.copy_(tf2th(weights[f'{prefix}root_block/standardized_conv2d/kernel']))  
# pylint: disable=line-too-long
self.head.gn.weight.copy_(tf2th(weights[f'{prefix}group_norm/gamma']))
self.head.gn.bias.copy_(tf2th(weights[f'{prefix}group_norm/beta']))
if self.zero_head:
nn.init.zeros_(self.head.conv.weight)
nn.init.zeros_(self.head.conv.bias)

else:
self.head.conv.weight.copy_(tf2th(weights[f'{prefix}head/conv2d/kernel']))  
# pylint: disable=line-too-long
self.head.conv.bias.copy_(tf2th(weights[f'{prefix}head/conv2d/bias']))

for bname, block in self.body.named_children():
for uname, unit in block.named_children():
unit.load_from(weights, prefix=f'{prefix}{bname}/{uname}/’)

KNOWN_MODELS = OrderedDict([
('BiT-M-R50x1', lambda *a, **kw: ResNetV2([3, 4, 6, 3], 1, *a, **kw)),
('BiT-M-R50x3', lambda *a, **kw: ResNetV2([3, 4, 6, 3], 3, *a, **kw)),
('BiT-M-R101x1', lambda *a, **kw: ResNetV2([3, 4, 23, 3], 1, *a, **kw)),
('BiT-M-R101x3', lambda *a, **kw: ResNetV2([3, 4, 23, 3], 3, *a, **kw)),
('BiT-M-R152x2', lambda *a, **kw: ResNetV2([3, 8, 36, 3], 2, *a, **kw)),
('BiT-M-R152x4', lambda *a, **kw: ResNetV2([3, 8, 36, 3], 4, *a, **kw)),
('BiT-S-R50x1', lambda *a, **kw: ResNetV2([3, 4, 6, 3], 1, *a, **kw)),
('BiT-S-R50x3', lambda *a, **kw: ResNetV2([3, 4, 6, 3], 3, *a, **kw)),
('BiT-S-R101x1', lambda *a, **kw: ResNetV2([3, 4, 23, 3], 1, *a, **kw)),
('BiT-S-R101x3', lambda *a, **kw: ResNetV2([3, 4, 23, 3], 3, *a, **kw)),
('BiT-S-R152x2', lambda *a, **kw: ResNetV2([3, 8, 36, 3], 2, *a, **kw)),
('BiT-S-R152x4', lambda *a, **kw: ResNetV2([3, 8, 36, 3], 4, *a, **kw)),

])
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from IPython.display import HTML, display

def progress(value, max=100):
return HTML("""

<progress
value='{value}'
max='{max}',
style='width: 100%'

>
{value}

</progress>
""".format(value=value, max=max))

def stairs(s, v, *svs):
""" Implements a typical "stairs" schedule for learning-rates.
Best explained by example:
stairs(s, 0.1, 10, 0.01, 20, 0.001)
will return 0.1 if s<10, 0.01 if 10<=s<20, and 0.001 if 20<=s
"""
for s0, v0 in zip(svs[::2], svs[1::2]):

if s < s0:
break

v = v0
return v

def rampup(s, peak_s, peak_lr):
if s < peak_s:  # Warmup
return s/peak_s * peak_lr

else:
return peak_lr

def schedule(s):
step_lr = stairs(s, 3e-3, 200, 3e-4, 300, 3e-5, 400, 3e-6, 500, None)
return rampup(s, 100, step_lr)

import PIL

preprocess_train = tv.transforms.Compose([
tv.transforms.Resize((160, 160), interpolation=PIL.Image.BILINEAR),  # It's the default, 

just being explicit for the reader.
tv.transforms.RandomCrop((128, 128)),
tv.transforms.RandomHorizontalFlip(),
tv.transforms.ToTensor(),
tv.transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))  # Get data into [-1, 1]

])

preprocess_eval = tv.transforms.Compose([
tv.transforms.Resize((128, 128), interpolation=PIL.Image.BILINEAR),
tv.transforms.ToTensor(),
tv.transforms.Normalize((0.5, 0.5, 0.5), (0.5, 0.5, 0.5))

])

trainset = tv.datasets.CIFAR10(root='./data', train=True, download=True, 
transform=preprocess_train)
testset = tv.datasets.CIFAR10(root='./data', train=False, download=True, 
transform=preprocess_eval)
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weights_cifar10 = get_weights('BiT-M-R50x1-CIFAR10’)

model = ResNetV2(ResNetV2.BLOCK_UNITS['r50'], width_factor=1, head_size=10)  # 
NOTE: No new head.
model.load_from(weights_cifar10)
model.to(device);

def eval_cifar10(model, bs=100, progressbar=True):
loader_test = torch.utils.data.DataLoader(testset, batch_size=bs, shuffle=False, 

num_workers=2)

model.eval()

if progressbar is True:
progressbar = display(progress(0, len(loader_test)), display_id=True)

preds = []
with torch.no_grad():
for i, (x, t) in enumerate(loader_test):
x, t = x.to(device), t.numpy()
logits = model(x)
_, y = torch.max(logits.data, 1)
preds.extend(y.cpu().numpy() == t)
progressbar.update(progress(i+1, len(loader_test)))

return np.mean(preds)

print("Expected: 97.61%")
print(f"Accuracy: {eval_cifar10(model):.2%}")

preprocess_tiny = tv.transforms.Compose([tv.transforms.CenterCrop((2, 2)), 
tv.transforms.ToTensor()])
trainset_tiny = tv.datasets.CIFAR10(root='./data', train=True, download=True, 
transform=preprocess_tiny)
loader = torch.utils.data.DataLoader(trainset_tiny, batch_size=50000, shuffle=False, 
num_workers=2)
images, labels = iter(loader).next()

indices = {cls: np.random.choice(np.where(labels.numpy() == cls)[0], 5, replace=False) 
for cls in range(10)}

print(indices)

fig = plt.figure(figsize=(10, 4))
ig = ImageGrid(fig, 111, (5, 10))
for c, cls in enumerate(indices):
for r, i in enumerate(indices[cls]):
img, _ = trainset[i]
ax = ig.axes_column[c][r]
ax.imshow((img.numpy().transpose([1, 2, 0]) * 127.5 + 127.5).astype(np.uint8))
ax.set_axis_off()

fig.suptitle('The whole 5-shot CIFAR10 dataset’);

train_5shot = torch.utils.data.Subset(trainset, indices=[i for v in indices.values() for i in v])
len(train_5shot)
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model = ResNetV2(ResNetV2.BLOCK_UNITS['r50'], width_factor=1, head_size=10, 
zero_head=True)
model.load_from(weights)
model.to(device);

# Yes, we still use 512 batch-size! Maybe something else is even better, who knows.
# loader_train = torch.utils.data.DataLoader(train_5shot, batch_size=512, shuffle=True, 
num_workers=2)

# NOTE: This is necessary when the batch-size is larger than the dataset.
sampler = torch.utils.data.RandomSampler(train_5shot, replacement=True, 
num_samples=256)
loader_train = torch.utils.data.DataLoader(train_5shot, batch_size=256, num_workers=2, 
sampler=sampler)

crit = nn.CrossEntropyLoss()
opti = torch.optim.SGD(model.parameters(), lr=0.003, momentum=0.9)
model.train();

S = 500
def schedule(s):
step_lr = stairs(s, 3e-3, 200, 3e-4, 300, 3e-5, 400, 3e-6, S, None)
return rampup(s, 100, step_lr)

pb_train = display(progress(0, S), display_id=True)
pb_test = display(progress(0, 100), display_id=True)
losses = [[]]
accus_train = [[]]
accus_test = []

steps_per_iter = 512 // loader_train.batch_size

while len(losses) < S:
for x, t in loader_train:
x, t = x.to(device), t.to(device)

logits = model(x)
loss = crit(logits, t) / steps_per_iter
loss.backward()
losses[-1].append(loss.item())

with torch.no_grad():
accus_train[-1].extend(torch.max(logits, dim=1)[1].cpu().numpy() == t.cpu().numpy())

if len(losses[-1]) == steps_per_iter:
losses[-1] = sum(losses[-1])
losses.append([])
accus_train[-1] = np.mean(accus_train[-1])
accus_train.append([])

# Update learning-rate according to schedule, and stop if necessary
lr = schedule(len(losses) - 1)
for param_group in opti.param_groups:
param_group['lr'] = lr

opti.step()
opti.zero_grad()

pb_train.update(progress(len(losses) - 1, S))
print(f'\r[Step {len(losses) - 1}] loss={losses[-2]:.2e} '

f'train accu={accus_train[-2]:.2%} '
f'test accu={accus_test[-1] if accus_test else 0:.2%} '
f'(lr={lr:g})', end='', flush=True)

if len(losses) % 25 == 0:
accus_test.append(eval_cifar10(model, progressbar=pb_test))
model.train()


