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Linear layer (D → 4D)

GeLu activation

Linear layer (4D → D)
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ℒ୥୪୭ୠୟ୪ = 1 െ 𝜆 ℒେ୉ 𝜓 𝑍௦ , 𝑦 ൅ 𝜆𝜏ଶ𝐾𝐿(𝜓 𝑍௦𝜏 , 𝜓 𝑍௧𝜏 )
 𝑍௧ 𝑍௦ 
 𝜏
 𝜆 𝐾𝐿()ℒ஼ா 𝑦
 𝜓

𝑍௦𝜏
𝑍௧𝜏 𝜓(𝑍௧𝜏 )

𝜓(𝑍௦𝜏 ) ℒେ୉ 𝜓 𝑍௦ , 𝑦

𝐾𝐿(𝜓 𝑍௦𝜏 , 𝜓 𝑍௧𝜏 )

𝑦௧ = arg max௖𝑍௧(𝑐)
ℒ୥୪୭ୠୟ୪୦ୟ୰ୢୈ୧ୱ୲୧୪୪ = 12 ℒେ୉ 𝜓 𝑍௦ , 𝑦 ൅ 12 ℒେ୉ 𝜓 𝑍௦ , 𝑦௧

𝑦୲ 

𝑦ground true label

hard decision𝑦୲ = arg max௖𝑍௧(𝑐)
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import torch
from torch import nn
import torch.nn.functional as F
from torch import Tensor

class HardDistillationLoss(nn.Module):
def __init__(self, teacher: nn.Module):

super().__init__()
self.teacher = teacher
self.criterion = nn.CrossEntropyLoss()

def forward(self, inputs: Tensor, outputs : Tensor, labels: Tensor) -> Tensor:

base_loss = self.criterion(outputs, labels)

with torch.no_grad():
teacher_outputs = self.teacher(inputs)

teacher_labels = torch.argmax(teacher_outputs, dim=1)
teacher_loss = self.criterion(outputs, teacher_labels)

return 0.5 * base_loss + 0.5 * teacher_loss

# little test   
loss = HardDistillationLoss(nn.Linear(100, 10))
_ = loss(torch.rand((8, 100)), torch.rand((8, 10)), torch.ones(8).long())

from typing import Union

class HardDistillationLoss(nn.Module):
def __init__(self, teacher: nn.Module):

super().__init__()
self.teacher = teacher
self.criterion = nn.CrossEntropyLoss()

def forward(self, inputs: Tensor, outputs: Union[Tensor, Tensor], labels: Tensor) -
> Tensor:

# outputs contains booth predictions, one with the cls token and one with the 
dist token

outputs_cls, outputs_dist = outputs
base_loss = self.criterion(outputs_cls, labels)

with torch.no_grad():
teacher_outputs = self.teacher(inputs)

teacher_labels = torch.argmax(teacher_outputs, dim=1)
teacher_loss = self.criterion(outputs_dist, teacher_labels)

return 0.5 * base_loss + 0.5 * teacher_loss
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from einops import rearrange, reduce, repeat
from einops.layers.torch import Rearrange, Reduce

class PatchEmbedding(nn.Module):
def __init__(self, in_channels: int = 3, patch_size: int = 16, emb_size: int = 768, 

img_size: int = 224):
self.patch_size = patch_size
super().__init__()
self.projection = nn.Sequential(

# using a conv layer instead of a linear one -> performance gains
nn.Conv2d(in_channels, emb_size, kernel_size=patch_size, 

stride=patch_size),
Rearrange('b e (h) (w) -> b (h w) e'),

)
self.cls_token = nn.Parameter(torch.randn(1,1, emb_size))

# distillation token
self.dist_token = nn.Parameter(torch.randn(1,1, emb_size))

self.positions = nn.Parameter(torch.randn((img_size // patch_size) **2 + 1, 
emb_size))

def forward(self, x: Tensor) -> Tensor:
b, _, _, _ = x.shape
x = self.projection(x)
cls_tokens = repeat(self.cls_token, '() n e -> b n e', b=b)
dist_tokens = repeat(self.dist_tokens, '() n e -> b n e', b=b)
# prepend the cls token to the input
x = torch.cat([cls_tokens, dist_tokens, x], dim=1)
# add position embedding
x += self.positions
return x



2

93

class ClassificationHead(nn.Module):
def __init__(self, emb_size: int = 768, n_classes: int = 1000):       

super().__init__()

self.head = nn.Linear(emb_size, n_classes)
self.dist_head = nn.Linear(emb_size, n_classes)

def forward(self, x: Tensor) -> Tensor:
x, x_dist = x[:, 0], x[:, 1]
x_head = self.head(x)
x_dist_head = self.dist_head(x_dist)

if self.training:
x = x_head, x_dist_head

else:
x = (x_head + x_dist_head) / 2

return x

class MultiHeadAttention(nn.Module):
def __init__(self, emb_size: int = 768, num_heads: int = 8, dropout: float = 0):

super().__init__()
self.emb_size = emb_size
self.num_heads = num_heads
# fuse the queries, keys and values in one matrix
self.qkv = nn.Linear(emb_size, emb_size * 3)
self.att_drop = nn.Dropout(dropout)
self.projection = nn.Linear(emb_size, emb_size)

def forward(self, x : Tensor, mask: Tensor = None) -> Tensor:
# split keys, queries and values in num_heads
qkv = rearrange(self.qkv(x), "b n (h d qkv) -> (qkv) b h n d", 

h=self.num_heads, qkv=3)
queries, keys, values = qkv[0], qkv[1], qkv[2]
# sum up over the last axis
energy = torch.einsum('bhqd, bhkd -> bhqk', queries, keys) # batch, 

num_heads, query_len, key_len
if mask is not None:

fill_value = torch.finfo(torch.float32).min
energy.mask_fill(~mask, fill_value)

scaling = self.emb_size ** (1/2)
att = F.softmax(energy, dim=-1) / scaling
att = self.att_drop(att)
# sum up over the third axis
out = torch.einsum('bhal, bhlv -> bhav ', att, values)
out = rearrange(out, "b h n d -> b n (h d)")
out = self.projection(out)
return out
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class ResidualAdd(nn.Module):
def __init__(self, fn):

super().__init__()
self.fn = fn

def forward(self, x, **kwargs):
res = x
x = self.fn(x, **kwargs)
x += res
return x

class FeedForwardBlock(nn.Sequential):
def __init__(self, emb_size: int, expansion: int = 4, drop_p: float = 0.):

super().__init__(
nn.Linear(emb_size, expansion * emb_size),
nn.GELU(),
nn.Dropout(drop_p),
nn.Linear(expansion * emb_size, emb_size),

)

class TransformerEncoderBlock(nn.Sequential):
def __init__(self,

emb_size: int = 768,
drop_p: float = 0.,
forward_expansion: int = 4,
forward_drop_p: float = 0.,
** kwargs):

super().__init__(
ResidualAdd(nn.Sequential(

nn.LayerNorm(emb_size),
MultiHeadAttention(emb_size, **kwargs),
nn.Dropout(drop_p)

)),
ResidualAdd(nn.Sequential(

nn.LayerNorm(emb_size),
FeedForwardBlock(

emb_size, expansion=forward_expansion, drop_p=forward_drop_p),
nn.Dropout(drop_p)

)
))

class TransformerEncoder(nn.Sequential):
def __init__(self, depth: int = 12, **kwargs):

super().__init__(*[TransformerEncoderBlock(**kwargs) for _ in range(depth)])
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class DeiT(nn.Sequential):
def __init__(self,     

in_channels: int = 3,
patch_size: int = 16,
emb_size: int = 768,
img_size: int = 224,
depth: int = 12,
n_classes: int = 1000,
**kwargs):

super().__init__(
PatchEmbedding(in_channels, patch_size, emb_size, img_size),
TransformerEncoder(depth, emb_size=emb_size, **kwargs),
ClassificationHead(emb_size, n_classes)

)

ds = ImageDataset('./imagenet/')
dl = DataLoader(ds, ...)

teacher = ViT.vit_large_patch16_224()
student = DeiT.deit_small_patch16_224()

optimizer = Adam(student.parameters())
criterion = HardDistillationLoss(teacher)

for data in dl:
inputs, labels = data
outputs = student(inputs)

optimizer.zero_grad()

loss = criterion(inputs, outputs, labels)

loss.backward()
optimizer.step()


