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(a) Architecture (b} Two Successive Swin Transformer Blocks

Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.
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def init (self,
patch size=4,
in_chans=3,
num_classes=1888,
embed dim=96,
depths=(2, 2, 6, 2),
num_heads=(3, 6, 12, 24),
window size=/,
mlp ratio=4.,
gkv_bias=True,
drop rate=9.,
attn_drop rate=8.,
drop_path_rate=8.1,
norm_layer=nn.LayerNorm,
patch_norm=True,
use checkpoint=False, **kwargs):

super({)._ init ()
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f window_partition(x, window_size: int):
Fifeature mapl®Bwindow_sizef| S Ei— 1 TEHES E”']'.-lindon-l
Args:
x: (B, H, W, C)
window_size (int): window size(M)

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(®, 1, 3, 2, 4, 5).contiguous().view(-1, window size, window size, C)
return windows

f window_reverse(windows, window_size: int, H: int, W: int):

1 — M windowid: [f ffi — 1> feature map
Args:
windows: (num windows*B, window_size, window_size, C)
window_size (int): Window size(M)
H (int): Height of image
W (int): Width of image

Returns:
x: (B, H, W, C)

int(windows.shape[®] / (H * W / window size / window size))
windows.view(B, H // window size, W // window_size, window size, window_size, -1)

x = x.permute(®, 1, 3, 2, 4, 5).contiguous().view(B, H, W, -1)
return x




PatchEmbed

-

o Me v Pe Y

1 F D v e !
I

AW xas ' [ v e :

] ]

1 X X i

= 1, | LN O I I . '

1 [ : : E 1

= [ 1 e P !

HxWx3 :E o E e | e
]

] 1 ]

Images ¥ & : C|mEMsA| | | BwWaMsA !
]

e ' e :

=] 1 LN 1 : LW 1

S 1 : 5[ I : |‘ z!.ih :

1 L e

(a) Architecture (b) Two Successive Swin Transformer Blocks

Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.



class PatchEmbed(nn.Module):

2D Image to Patch Embedding
def _ init_ (self,
patch_size=4,
in_c=3,
embed_dim=96,
norm_layer=None) :
super()._ init ()
patch_size = (patch_size, patch_size)
self.patch_size = patch _size
self.in_chans = in_c
self.embed_dim = embed_dim
self.proj = nn.Conv2d(in_c, embed_dim, kernel_size=patch_size, stride-patch_size)
self.norm = norm_layer(embed_dim) if norm_layer else nn.Identity()

f forward(self, x):
_3» _y Hy W= x.shape

pad_input = (H % self.patch_size[B] != @) or (W % self.patch_size[1] != @)
if pad_input:

x = F.pad(x, (@, self.patch_size[l] - W % self.patch size[1],
@, self.patch_size[®] - H % self.patch_size[@],
e, 8))

= self.proj(x)
_» _y H, W= x.shape

x = x.flatten(2).transpose(l, 2)
x = self.norm{x)
return x, H, W




PatchMerging
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Figure 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks (notation presented with
Eq. (3)). W-MSA and SW-MSA are multi-head self attention modules with regular and shifted windowing configurations, respectively.
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PatchMerging(nn.Module):
"* Patch Merging Layer.

Args:
dim (int): Number of input channels.
norm_layer (nn.Module, optional): Normalization layer. Default: nn.LayerNorm

def _ init_ (self, dim, norm_layer=nn.LayerNorm):
super()._ init ()
self.dim = dim
self.reduction = nn.Linear(4 * dim, 2 * dim, bias=False)
self.norm = norm_layer(4 * dim)

f forward(self, x, H, W):

x: B, HHW, C

B, L, C = x.shape
assert L == H * W, "input feature has wrong size"

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

pad_input = (H% 2 == 1) or (W% 2 == 1)
if pad input:

x = F.pad(x, (8, @, @, W% 2, 9, H % 2))

= x[:, 8::
= x[:, 1::
x[z, B::

2
1:2
BEZL, 8
s 1222, 1]
torch.cat([x8, x1, x2, x3], -1)
x.view(B, -1, 4 * C)
self.norm(x)
self.reduction(x)

3[e, g

return x
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create_mask(self, x,

Hp = int(np.ceil(H / self.window_size)) * self.window
Wp = int{np.ceil(W / self.window_size)) * self.window_:

mask_windows = window partition(img_mask, self.window size)

mask_windows = mask_windows.view(-1, self.window size * self.window_size)
attn_mask = mask_windows.unsqueeze(1l) - mask_windows .unsqueeze(2)

attn_mask = attn_mask.masked fill(attn_mask != @, float(-1@ masked fill(attn_mask == @, flo
return attn mask




def forward{self, x):

%, H, W = self.patch embed(x)
self.pos_drop(x)

r layer in self.layers:

%, H, W = layer{x, H, W)

return x




Thank you!



