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X. Zhu et al., “Deformable ConvNets v2: More
Deformable, Better Results”, CVPR, 2019

(a) Conventional Convolution, (b) Deformable Convolution, (c) Special Case of
Deformable Convolution with Scaling, (d) Special Case of Deformable Convolution
with Rotation

(a) (b) (c) (d)

Deformable Convolution
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P. Ramachandran et al., “Stand-Alone Self-Attention in Vision 
Models”, NIPS, 2019 H. Hu et al., “Local Relation Networks for Image Recognition”, ICCV, 2019
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J. Fu et al., “Dual Attention Network for Scene Segmentation”, CVPR,
2019

X. Zhu et al., “Deformable DETR: Deformable Transformers for End-to-End
Object Detection”, ICLR 2021
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ViT

Swin-Transformer

Image Size: 64 x 64
Token Size: 4 x 4

1 Self-Attention
16 x 16 tokens per SA

4 x 4 Self-Attention
4 x 4 tokens per SA

Computational Complexity of Self-Attention: 𝑂 𝑛ଶ𝑑𝑛: 𝑆𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑙𝑒𝑛𝑔𝑡ℎ𝑑: 𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 𝑑𝑖𝑚𝑒𝑛𝑠𝑖𝑜𝑛
𝑂 𝑛ଶ𝑑 ∝ 16 · 16  ଶ𝑑ൌ 2ଵ𝑑

𝑂 𝑛ଶ𝑑 · 4 · 4 ∝ 4 · 4  ଶ𝑑 · 𝟒 · 𝟒ൌ 𝟐𝟏𝟐𝒅
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class SwinTransformer(nn.Module):
def __init__(self, img_size=224, patch_size=4, in_chans=3, num_classes=1000,

embed_dim=96, depths=[2, 2, 6, 2], num_heads=[3, 6, 12, 24],
window_size=7, mlp_ratio=4., qkv_bias=True, qk_scale=None,
drop_rate=0., attn_drop_rate=0., drop_path_rate=0.1,
norm_layer=nn.LayerNorm, ape=False, patch_norm=True,
use_checkpoint=False, **kwargs):

super().__init__()

# ...

self.patch_embed = PatchEmbed( img_size=img_size, 
patch_size=patch_size, in_chans=in_chans, 
embed_dim=embed_dim, norm_layer=norm_layer if self.patch_norm

else None)

# ...

self.layers = nn.ModuleList()
for i_layer in range(self.num_layers):

layer = BasicLayer(dim=int(embed_dim * 2 ** i_layer),
input_resolution=(patches_resolution[0] // (2 ** i_layer),

patches_resolution[1] // (2 ** i_layer)),
depth=depths[i_layer],
num_heads=num_heads[i_layer],
window_size=window_size,
mlp_ratio=self.mlp_ratio,
qkv_bias=qkv_bias, qk_scale=qk_scale,
drop=drop_rate, attn_drop=attn_drop_rate,
drop_path=dpr[sum(depths[:i_layer]):sum(depths[:i_layer + 1])],
norm_layer=norm_layer,
downsample=PatchMerging if (i_layer < self.num_layers - 1) 

else None, use_checkpoint=use_checkpoint)
self.layers.append(layer)

self.norm = norm_layer(self.num_features)
self.avgpool = nn.AdaptiveAvgPool1d(1)
self.head = nn.Linear(self.num_features, num_classes) if num_classes > 0 

else nn.Identity()

# ...
# ...
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def forward_features(self, x):
x = self.patch_embed(x)
if self.ape:

x = x + self.absolute_pos_embed
x = self.pos_drop(x)

for layer in self.layers:
x = layer(x)

x = self.norm(x)  # B L C
x = self.avgpool(x.transpose(1, 2))  # B C 1
x = torch.flatten(x, 1)
return x

def forward(self, x):
x = self.forward_features(x)
x = self.head(x)
return x

# ...
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class PatchEmbed(nn.Module):
r""" Image to Patch Embedding
Args:

img_size (int): Image size.  Default: 224.
patch_size (int): Patch token size. Default: 4.
in_chans (int): Number of input image channels. Default: 3.
embed_dim (int): Number of linear projection output channels. Default: 96.
norm_layer (nn.Module, optional): Normalization layer. Default: None

"""

def __init__(self, img_size=224, patch_size=4, in_chans=3, embed_dim=96, 
norm_layer=None):

super().__init__()
img_size = to_2tuple(img_size)
patch_size = to_2tuple(patch_size)
patches_resolution = [img_size[0] // patch_size[0], img_size[1] // 

patch_size[1]]

self.img_size = img_size
self.patch_size = patch_size
self.patches_resolution = patches_resolution
self.num_patches = patches_resolution[0] * patches_resolution[1]

self.in_chans = in_chans
self.embed_dim = embed_dim

self.proj = nn.Conv2d(in_chans, embed_dim, kernel_size=patch_size, 
stride=patch_size)

if norm_layer is not None:
self.norm = norm_layer(embed_dim)

else:
self.norm = None

def forward(self, x):
B, C, H, W = x.shape
# FIXME look at relaxing size constraints
assert H == self.img_size[0] and W == self.img_size[1], \

f"Input image size ({H}*{W}) doesn't match model 
({self.img_size[0]}*{self.img_size[1]})."

x = self.proj(x).flatten(2).transpose(1, 2)  # B Ph*Pw C
if self.norm is not None:

x = self.norm(x)
return x

# ...
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class BasicLayer(nn.Module):
""" A basic Swin Transformer layer for one stage.
Args:

dim (int): Number of input channels.
input_resolution (tuple[int]): Input resolution.
depth (int): Number of blocks.
num_heads (int): Number of attention heads.
# ...

"""

def __init__(self, dim, input_resolution, depth, num_heads, window_size,
mlp_ratio=4., qkv_bias=True, qk_scale=None, drop=0., attn_drop=0.,
drop_path=0., norm_layer=nn.LayerNorm, downsample=None, 

use_checkpoint=False):

super().__init__()
# ...

# build blocks
self.blocks = nn.ModuleList([

SwinTransformerBlock(dim=dim, input_resolution=input_resolution,
num_heads=num_heads, window_size=window_size,
shift_size=0 if (i % 2 == 0) else window_size // 2,
mlp_ratio=mlp_ratio,
qkv_bias=qkv_bias, qk_scale=qk_scale,
drop=drop, attn_drop=attn_drop,
drop_path=drop_path[i] if isinstance(drop_path, list) 

else drop_path, norm_layer=norm_layer)
for i in range(depth)])

# patch merging layer
if downsample is not None:

self.downsample = downsample(input_resolution, dim=dim, 
norm_layer=norm_layer)

else:
self.downsample = None

def forward(self, x):
for blk in self.blocks:

if self.use_checkpoint:
x = checkpoint.checkpoint(blk, x)

else:
x = blk(x)

if self.downsample is not None:
x = self.downsample(x)

return x

# ...
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class SwinTransformerBlock(nn.Module):
r""" Swin Transformer Block.
Args:

dim (int): Number of input channels.
input_resolution (tuple[int]): Input resulotion.
num_heads (int): Number of attention heads.
window_size (int): Window size.
shift_size (int): Shift size for SW-MSA.
# ...

"""
def __init__(self, dim, input_resolution, num_heads, window_size=7, 

shift_size=0, mlp_ratio=4., qkv_bias=True, qk_scale=None, drop=0., 
attn_drop=0., drop_path=0., act_layer=nn.GELU, norm_layer=nn.LayerNorm):
super().__init__()
self.dim = dim
self.input_resolution = input_resolution
self.num_heads = num_heads
self.window_size = window_size
self.shift_size = shift_size
self.mlp_ratio = mlp_ratio

# ...
if min(self.input_resolution) <= self.window_size:

# if window size is larger than input resolution, we don't partition windows
self.shift_size = 0
self.window_size = min(self.input_resolution)

assert 0 <= self.shift_size < self.window_size, "shift_size must in 0-
window_size"

self.norm1 = norm_layer(dim)
self.attn = WindowAttention(

dim, window_size=to_2tuple(self.window_size), num_heads=num_heads,
qkv_bias=qkv_bias, qk_scale=qk_scale, attn_drop=attn_drop, 

proj_drop=drop)

self.drop_path = DropPath(drop_path) if drop_path > 0. else nn.Identity()
self.norm2 = norm_layer(dim)
mlp_hidden_dim = int(dim * mlp_ratio)
self.mlp = Mlp(in_features=dim, hidden_features=mlp_hidden_dim, 

act_layer=act_layer, drop=drop)

if self.shift_size > 0:
# calculate attention mask for SW-MSA
H, W = self.input_resolution
img_mask = torch.zeros((1, H, W, 1))  # 1 H W 1
h_slices = (slice(0, -self.window_size),

slice(-self.window_size, -self.shift_size),
slice(-self.shift_size, None))

w_slices = (slice(0, -self.window_size),
slice(-self.window_size, -self.shift_size),
slice(-self.shift_size, None))

cnt = 0
for h in h_slices:

for w in w_slices:
img_mask[:, h, w, :] = cnt
cnt += 1

mask_windows = window_partition(img_mask, self.window_size)  # nW, 
window_size, window_size, 1

mask_windows = mask_windows.view(-1, self.window_size * 
self.window_size)
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attn_mask = mask_windows.unsqueeze(1) - mask_windows.unsqueeze(2)
attn_mask = attn_mask.masked_fill(attn_mask != 0, float(-

100.0)).masked_fill(attn_mask == 0, float(0.0))
else:

attn_mask = None
self.register_buffer("attn_mask", attn_mask)

def forward(self, x):
H, W = self.input_resolution
B, L, C = x.shape
assert L == H * W, "input feature has wrong size"

shortcut = x
x = self.norm1(x)
x = x.view(B, H, W, C)

# cyclic shift
if self.shift_size > 0:

shifted_x = torch.roll(x, shifts=(-self.shift_size, -self.shift_size), dims=(1, 2))
else:

shifted_x = x

# partition windows
x_windows = window_partition(shifted_x, self.window_size)  # nW*B, 

window_size, window_size, C
x_windows = x_windows.view(-1, self.window_size * self.window_size, C)  # 

nW*B, window_size*window_size, C

# merge windows
attn_windows = attn_windows.view(-1, self.window_size, self.window_size, C)
shifted_x = window_reverse(attn_windows, self.window_size, H, W)  # B H' 

W' C

# reverse cyclic shift
if self.shift_size > 0:

x = torch.roll(shifted_x, shifts=(self.shift_size, self.shift_size), dims=(1, 2))
else:

x = shifted_x
x = x.view(B, H * W, C)

# FFN
x = shortcut + self.drop_path(x)
x = x + self.drop_path(self.mlp(self.norm2(x)))

return x

# ...
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# merge windows
attn_windows = attn_windows.view(-1, self.window_size, self.window_size, C)
shifted_x = window_reverse(attn_windows, self.window_size, H, W)  # B H' 

W' C

# reverse cyclic shift
if self.shift_size > 0:

x = torch.roll(shifted_x, shifts=(self.shift_size, self.shift_size), dims=(1, 2))
else:

x = shifted_x
x = x.view(B, H * W, C)

# FFN
x = shortcut + self.drop_path(x)
x = x + self.drop_path(self.mlp(self.norm2(x)))

return x

# ...

else:
attn_mask = None
self.register_buffer("attn_mask", attn_mask)

def forward(self, x):
H, W = self.input_resolution
B, L, C = x.shape
assert L == H * W, "input feature has wrong size"

k=self.attn_mask)  # nW*B, window_size*window_size, C
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def window_partition(x, window_size):
"""
Args:

x: (B, H, W, C)
window_size (int): window size

Returns:
windows: (num_windows*B, window_size, window_size, C)

"""
B, H, W, C = x.shape
x = x.view(B, H // window_size, window_size, W // window_size, window_size, C)
windows = x.permute(0, 1, 3, 2, 4, 5).contiguous().view(-1, window_size, 

window_size, C)
return windows
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#torch.roll examples
>>> x = torch.tensor(

[
[1, 2, 3, 4],
[5, 6, 7, 8]

]
)

>>> x = torch.roll(x, 1)
>>> x
tensor(

[8, 1, 2, 3],
[4, 5, 6, 7]

)
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class PatchMerging(nn.Module):
r""" Patch Merging Layer.
Args:

input_resolution (tuple[int]): Resolution of input feature.
dim (int): Number of input channels.
norm_layer (nn.Module, optional): Normalization layer.  Default: 

nn.LayerNorm
"""

def __init__(self, input_resolution, dim, norm_layer=nn.LayerNorm):
super().__init__()
# ...

def forward(self, x):
"""
x: B, H*W, C
"""
H, W = self.input_resolution
B, L, C = x.shape
assert L == H * W, "input feature has wrong size"
assert H % 2 == 0 and W % 2 == 0, f"x size ({H}*{W}) are not even."

x = x.view(B, H, W, C)

x0 = x[:, 0::2, 0::2, :]  # B H/2 W/2 C
x1 = x[:, 1::2, 0::2, :]  # B H/2 W/2 C
x2 = x[:, 0::2, 1::2, :]  # B H/2 W/2 C
x3 = x[:, 1::2, 1::2, :]  # B H/2 W/2 C
x = torch.cat([x0, x1, x2, x3], -1)  # B H/2 W/2 4*C
x = x.view(B, -1, 4 * C)  # B H/2*W/2 4*C

x = self.norm(x)
x = self.reduction(x)

return x

# ...
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