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𝑌 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑋𝑊ொ(𝑋𝑊)்𝐷ொ )𝑋𝑊𝑌 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄(𝑋𝑊)்𝐷ொ )𝑋𝑊
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𝑃𝐸(௦,ଶ) = sin ( 𝑝𝑜𝑠10000 ଶௗ)𝑃𝐸(௦,ଶାଵ) = cos ( 𝑝𝑜𝑠10000 ଶௗ)
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Attention Is All You Need (2017)
BERT: Pre-training of Deep Bidirectional Transformers for 
Language Understanding (2018)
Reformer: The Efficient Transformer (2020)
Linformer: Self-Attention with Linear Complexity (2020)
Longformer: The Long-Document Transformer (2020)
Language Models are Few-Shot Learners (GPT-3 paper)(2020)

The Annotated transformer with PyTorch Code
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>>> from transformers import BertTokenizer
>>> tok = BertTokenizer.from_pretrained("bert-base-uncased")
Downloading: 100%|█████████████████████████|
1.04M/1.04M [00:00<00:00, 1.55MB/s]
Downloading: 100%|████████████████████████████|
456k/456k [00:00<00:00, 848kB/s]
>>> tok("Hello, how are you doing?")['inputs_ids’]
{'input_ids': [101, 7592, 2129, 2024, 2017, 2725, 1029, 102]}
>>> tok("The Frenchman spoke in the [MASK] language and ate 🥖")['input_ids']
{'input_ids': [101, 1996, 26529, 3764, 1999, 1996, 103, 2653, 1998, 8823, 100,
102]}
>>> tok("[CLS] [SEP] [MASK] [UNK]")['input_ids’]
{'input_ids': [101, 101, 102, 103, 100, 102]}
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import torch
from torch import nn
class Embed(nn.Module):

def __init__(self, vocab: int, d_model: int = 512):
super(Embed, self).__init__()
self.d_model = d_model
self.vocab = vocab
self.emb = nn.Embedding(self.vocab, self.d_model)
self.scaling = math.sqrt(self.d_model)

def forward(self, x):
return self.emb(x) * self.scaling
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import torch
from torch import nn
from torch.autograd import Variable

class PositionalEncoding(nn.Module):
def __init__(self, d_model: int = 512, dropout: float = .1, max_len: int = 5000):

super(PositionalEncoding, self).__init__()
self.dropout = nn.Dropout(dropout)

# Compute the positional encodings in log space
pe = torch.zeros(max_len, d_model)
position = torch.arange(0, max_len).unsqueeze(1)
div_term = torch.exp(torch.arange(0, d_model, 2) * -

(torch.log(torch.Tensor([10000.0])) / d_model))
pe[:, 0::2] = torch.sin(position * div_term)
pe[:, 1::2] = torch.cos(position * div_term)
pe = pe.unsqueeze(0)
self.register_buffer('pe', pe)

def forward(self, x):
x = x + Variable(self.pe[:, :x.size(1)], requires_grad=False)
return self.dropout(x)
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import torch
from torch import nn
class Attention :

def __init__ (self, dropout: float = 0 . ) :
super (Attention, self) .__init__( )
self.dropout = nn.Dropout(dropout)
self.softmax = nn.Softmax(dim= - 1 )

 
def forward (self, query, key, value, mask= None ) :

d_k = query.size( - 1 )
scores = torch.matmul(query, key.transpose( - 2 , - 1 ) ) / math.sqrt(d_k)
if mask is not None :

scores = scores.masked_fill(mask == 0 , - 1e9 )
p_attn = self.dropout(self.softmax(scores) )
return torch.matmul(p_attn, value)

def __call__ (self, query, key, value, mask= None ) :
return self.forward(query, key, value, mask)
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from torch import nn
from copy import deepcopy
class MultiHeadAttention (nn.Module) :

def __init__ (self, h: int = 8 , d_model: int = 512 , dropout: float = 0.1 ) :
super (MultiHeadAttention, self) .__init__( )
self.d_k = d_model // h
self.h = h
self.attn = Attention(dropout)
self.lindim = (d_model, d_model)
self.linears = nn.ModuleList( [deepcopy(nn.Linear( *self.lindim) ) for _ in range ( 4 ) ] )
self.final_linear = nn.Linear( *self.lindim, bias= False )
self.dropout = nn.Dropout(p=dropout)

def forward (self, query, key, value, mask= None ) :
if mask is not None :

mask = mask.unsqueeze( 1 )

nbatches = query.size( 0 )
# Do all the linear projections in batch from d_model => h x d_k
query, key, value = [l(x) .view(nbatches , - 1 , self.h, self.d_k) .transpose( 1 , 2 ) \

for l, x in zip (self.linears, (query, key, value) ) ]
x = self.attn(query, key, value, mask=mask)

# Concatenate and multiply by W^O
x = x.transpose( 1 , 2 ) .contiguous( ) .view(nbatches, - 1 , self.h * self.d_k)
return self.final_linear(x)

..., )𝑊ை
where
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query, key, value = [l(x) .view(query.size( 0 ) , - 1 , self.h, self.d_k) .transpose( 1 , 2 ) \
for l, x in zip (self.linears, (query, key, value) ) ]

nbatches = query.size( 0 )
x = self.attn(query, key, value, mask=mask)

# Concatenate and multiply by W^O
x = x.transpose( 1 , 2 ) .contiguous( ) .view(nbatches, - 1 , self.h * self.d_k)
return self.final_linear(x)
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from torch import nn
class LayerNorm (nn.Module) :

def __init__ (self, features: int , eps: float = 1e - 6 ) :
super (LayerNorm, self) .__init__( )
self.gamma = nn.Parameter(torch.ones(features) )
self.beta = nn.Parameter(torch.zeros(features) )
self.eps = eps

 
def forward (self, x) :

mean = x.mean( - 1 , keepdim= True )
std = x.std( - 1 , keepdim= True )
return self.gamma * (x - mean) / (std + self.eps) + self.beta
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from torch import nn
class ResidualConnection (nn.Module) :

def __init__ (self, size: int = 512 , dropout: float = .1 ) :
super (ResidualConnection,  self) .__init__( )
self.norm = LayerNorm(size)
self.dropout = nn.Dropout(dropout)

 
def forward (self, x, sublayer) :

return x + self.dropout(sublayer(self.norm(x) ) )
ResidualConnection(x)=x+Dropout(SubLayer(LayerNorm(x)))

from torch import nn
class FeedForward (nn.Module) :

def __init__ (self, d_model: int = 512 , d_ff: int = 2048 , dropout: float = .1 ) :
super (FeedForward, self) .__init__( )
self.l1 = nn.Linear(d_model, d_ff)
self.l2 = nn.Linear(d_ff, d_model)
self.relu = nn.ReLU( )
self.dropout = nn.Dropout(dropout)

 
def forward (self, x) :

return self.l2(self.dropout(self.relu(self.l1(x) ) ) )
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from torch import nn
from copy import deepcopy
class EncoderLayer (nn.Module) :

def __init__ (self, size: int , self_attn: MultiHeadAttention, feed_forward: 
FeedForward, dropout: float = .1 ) :

super (EncoderLayer, self) .__init__( )
self.self_attn = self_attn
self.feed_forward = feed_forward
self.sub1 = ResidualConnection(size, dropout)
self.sub2 = ResidualConnection(size, dropout)
self.size = size

 
def forward (self, x, mask) :

x = self.sub1(x, lambda x: self.self_attn(x, x, x, mask) )
return self.sub2(x, self.feed_forward)

Encoding(x,mask)=FeedForward(MultiHeadAttention(x)) 

class Encoder (nn.Module) :
def __init__ (self, layer, n: int = 6 ) :

super (Encoder, self) .__init__( )
self.layers = nn.ModuleList( [deepcopy(layer) for _ in range (n) ] )
self.norm = LayerNorm(layer.size)

def forward (self, x, mask) :
for layer in self.layers:

x = layer(x, mask)
return self.norm(x)
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from torch import nn
from copy import deepcopy
class DecoderLayer (nn.Module) :

def __init__ (self, size: int , self_attn: MultiHeadAttention, src_attn: 
MultiHeadAttention, feed_forward: FeedForward, dropout: float = .1 ) :

super (DecoderLayer, self) .__init__( )
self.size = size
self.self_attn = self_attn
self.src_attn = src_attn
self.feed_forward = feed_forward
self.sub1 = ResidualConnection(size, dropout)
self.sub2 = ResidualConnection(size, dropout)
self.sub3 = ResidualConnection(size, dropout)

def forward (self, x, memory, src_mask, tgt_mask) :
x = self.sub1(x, lambda x: self.self_attn(x, x, x, tgt_mask) )
x = self.sub2(x, lambda x: self.src_attn(x, memory, memory, src_mask) )
return self.sub3(x, self.feed_forward)

Decoding(x,memory,mask1, mask2) =
FeedForward( MultiHeadAttention(MultiHeadAttention(x,mask1),
memory,mask2) ) 

class Decoder (nn.Module) :
def __init__ (self, layer: DecoderLayer, n: int = 6 ) :

super (Decoder, self) .__init__( )
self.layers = nn.ModuleList( [deepcopy(layer) for _ in range (n) ] )
self.norm = LayerNorm(layer.size)

def forward (self, x, memory, src_mask, tgt_mask) :
for layer in self.layers:

x = layer(x, memory, src_mask, tgt_mask)
return self.norm(x)
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from torch import nn
class EncoderDecoder(nn.Module):

def __init__(self, encoder: Encoder, decoder: Decoder, 
src_embed: Embed, tgt_embed: Embed, final_layer: Output):

super(EncoderDecoder, self).__init__()
self.encoder = encoder
self.decoder = decoder
self.src_embed = src_embed
self.tgt_embed = tgt_embed
self.final_layer = final_layer

def forward(self, src, tgt, src_mask, tgt_mask):
return self.final_layer(self.decode(self.encode(src, src_mask), src_mask, tgt, tgt_mask))

def encode(self, src, src_mask):
return self.encoder(self.src_embed(src), src_mask)

def decode(self, memory, src_mask, tgt, tgt_mask):
return self.decoder(self.tgt_embed(tgt), memory, src_mask, tgt_mask)
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from torch import nn
class Output(nn.Module):

def __init__(self, input_dim: int, output_dim: int):
super(Output, self).__init__()
self.l1 = nn.Linear(input_dim, output_dim)
self.log_softmax = nn.LogSoftmax(dim=-1)

def forward(self, x: torch.Tensor) -> torch.Tensor:
logits = self.l1(x)
return self.log_softmax(logits)
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from torch import nn
def make_model(input_vocab: int, output_vocab: int, d_model: int = 512):

encoder = Encoder(EncoderLayer(d_model, MultiHeadAttention(), FeedForward()))
decoder = Decoder(DecoderLayer(d_model, MultiHeadAttention(), MultiHeadAttention(), FeedForward()))
input_embed= nn.Sequential(Embed(vocab=input_vocab), PositionalEncoding())
output_embed = nn.Sequential(Embed(vocab=output_vocab), PositionalEncoding())
output = Output(input_dim=d_model, output_dim=output_vocab)
model = EncoderDecoder(encoder, decoder, input_embed, output_embed, output)

# Initialize parameters with Xavier uniform 
for p in model.parameters():

if p.dim() > 1:
nn.init.xavier_uniform_(p)

return model
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# Tokenized symbols for source and target.
>>> src = torch.tensor([[1, 2, 3, 4, 5]])
>>> src_mask = torch.tensor([[1, 1, 1, 1, 1]])
>>> tgt = torch.tensor([[6, 7, 8, 0, 0]])
>>> tgt_mask = torch.tensor([[1, 1, 1, 0, 0]])

# Create PyTorch model
>>> model = make_model(input_vocab=10, output_vocab=10)
# Do inference and take tokens with highest probability through argmax along the vocabulary axis (-1)
>>> result = model(src, tgt, src_mask, tgt_mask)
>>> result.argmax(dim=-1)
tensor([[6, 6, 4, 3, 6]])


