Attention Is All You Need

- 2017 -



TASK

English

Attention is all
you need

YOIZ mYAO 2 HAS| =

- Pl g French -
X | 'attention est tout ce
dont vous avez
besoin
O ©

Open in Google Translate =+ Feedback

Kb (2014 Workshop on Statistical Machine Translation)



https://paperswithcode.com/dataset/wmt-2014

Model Architecture

Output
Probabilities

Fgfﬁg " Scaled Dot-Product Atention Multi-Head Attention
[(Addan ﬁ i
(T o) —
Multi-Head hAathAul
Feed Attention T
Forward T 7 N Concat
Add & Nerm “;
N Add & Norm — — £
Multi-Head Multi-Head Scaled DO'-.PI‘GdUCt i
Attention Attention Attention
- — 1 J T T I
\ J — ) A = A
Poiiit‘i-::r"a_al @—69 & p.;;h-i-,i(,[-fr.1| [ Linear a[ Linear ﬂ[ Linear a
Encoding Encoding
Input Qutput :
Embedding Embedding W
I T v K 0
Inputs Qutputs
(shifted right)
Figure 1: The Transformer - model architecture.
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Encoder-Decoder Structure
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Neural Translation Model
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Previous work
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Scaled Dot-Product Attention (Setting)
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Scaled Dot-Product Attention (attention)

TtOf “is"0f| CHSt embedding = z(0,2)
THO| “is"7F SHLEQ| attention layerE EO{7t1 H CHS = 2(1,2)

> z(1,2) = attention(2,1)*value(1,1) + a(2,2)*v(1,2) + a(2,3)*v(1,3) + a(2,4)*v(1,4) + a(2,5)*v(1,5)
> attention(2,1) = 21 =E0f Cligt 1H = E 9| Attention
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Scaled Dot-Product Attention (feed-forward)

“FO] “is"Ofl CH2t embedding = z(0,2)
THO] “is" 7t StLEQ| attention layerE HO{ 7t Lt CHS = z(1,2)

> z(1,2) = attention(2,1)*value(1,1) + a(2,2)*v(1,2) + a(2,3)*v(1,3) + a(2,4)*v(1,4) + a(2,5)*v(1,5)
> attention(2,1) = 2 = E0f O3t 1H = E 9| Attention
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Scaled Dot-Product Attention (attention)

attention(2,1) = 2H = £0j Cljet 1¥H = E 9| attention
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Attention(Q, K, V) = softmax(
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Multi-head Attention

Weight
Matrix

W(q) W(k) W(v)

v’ StLEO| attention layerE AKX L2 29| HIEH = W(v)Q| XH&0| o|&EH
v =20 M &2l embedding dimension: 512
v StLEC] W(v)&= d(k) * 64 dimension
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Positional Encoding

max_len = 5800
0.1

PE(pos,2i) = sin(pos /10000 dnodel )

dropout

position = torch.arange(max_len).unsqueeze(1)
print(position.shape)
print(position[:3])

PE(])()S.Q?', 1) = COS(pos/l()()()()?i/"dmmm)

[ p TS, TN WO R S I

class PositionalEncoding(nn.Module): torch.Size([5000, 1])

tensor ([[€],
[11,
[211)

def _dinit__(self, d_model: int, dropout: float = 0.1, max_len: in 5000) :
super().__init__Q)

self.dropout = nn.Dropout(p=dropout)

position = torch.arange(max_len).unsqueeze(1)

diV_tEII'I‘I = torch. exp('l:orch . a:l:ange (@ . d_model , 2) * ( -math. 1ug(1@.®@® . @) ‘,' d_model) ) g ::ji‘::lm = iif’gch.exp(torch.arange(B, d_model, 2) * (-math.log(10000.0) / d_model))
pe = torch.zeros(max_len, 1, d_model) < 4 print(div_term.shape)

pel:, 0, 0::2] = toxrch.sin(position * div_texrm) 5 | print(div_term[:3])

pel:, 0, 1::2] = torch.cos(position % div_term) torch.Size([64])

tensor ([1.0000, 0.8660, 0.7499])

self.register_buffer('pe', pe)

def forward(self, x: Tensor) -> Tensoxr:

o 1 print((position * div_term).shape)

2 print((position * div_term)[1])

Args:
x: Tensor, shape [seq_len, batch_size, embedding_dim] torch.Size([5000, 64])

- tensor ([1.0000e+00, 8.6596e-01, 7.4989e-01, 6.4938e-01, 5.6234e-01, 4.869Te-01,
4.2170e-01, 3.6517e-01, 3.1623e-01, 2.7384e-01, 2.3714e-01, 2.0535e-01,

X = X + Self.pe[:x.size('@)] 1.7783e-01, 1.5399e-01, 1.3335e-01, 1.1548e-01, 1.00008e-01, 8.6596e-02,
7.4989%e-02, 6.4938e-02, 5.6234e-02, 4.8697e-02, 4.2170e-02, 3.6517e-02,

return self.dropout(x) 3.1623e¢-02, 2.7384e-02, 2.3714e-02, 2.0535¢-02, 1.7783¢-02, 1.5399e-02,
1.3335e-02, 1.1548e-02, 1.0000e-02, 8.6596e-03, 7.4989%e-03, 6.4938e-03,
5.6234e-03, 4.8697e-03, 4.2170e-03, 3.6517e-03, 3.1623e-03, 2.7384e-03,
2.3714e-03, 2.0535e-03, 1.7783e-03, 1.539%e-03, 1.3335e-03, 1.1548e-03,
1.0000e-03, 8.6596e-04, 7.498%e-04, 6.4938e-04, 5.6234e-04, 4.8697e-04,
4.2170e-04, 3.6517e-04, 3.1623e-04, 2.7384e-04, 2.3714e-04, 2.0535e-04,
1.7783e-04, 1.5399e-04, 1.3335e-04, 1.1548e-04])



Positional Encoding (Plot)
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Masking

1 def generate_square_subsequent_mask(sz: int) -> Tensor:
2 """Generates an upper-triangular matrix of -inf, with zeros on diag."""
3 return torch.triu(torch.ones(sz, sz) * float('-inf'), diagonal=1)
4
5 sz = 3
6
7 print(torch.ones(sz, sz)) ; print('")
8 print(torch.ones(sz, sz) * float('-inf')) ; print('")
9 print(torch.triu(torch.ones(sz, sz) * float('-inf'), diagonal=1)) ; print('")
tensor([[1., 1., 1.],
1., 1., 1.],
1., 1., 1.11)
tensor ([ [-inf, —-inf, —-inf], O
[-inf, —inf, —inf], sz == 20|
[-inf, —inf, —-inf]])

CHZt ATHO| —inf2 =l square matrix

tensor([[®., —inf, —-inf],
(8., B., -inf],
[0., 0., 0.]])

A



Masking
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attn_mask
dropout_p
B, Nt, E =
q=4q / ma
# (B, Nt,

if attn_ma
attn =

else:
attn

def _scaled_dot_product_attention(

= None,
0.0

q.shape
th.sqrt(E)

E) x (B, E, Ns) -> (B, Nt, Ns)

sk is not None:
torch.baddbmm(attn_mask, g, k.transpose(-2, -1))

torch.bmm(q, k.transpose(-2, -1))

attn = softmax(attn, dim=-1)

if dropout
attn =

_p > 0.0:

dropout(attn, p=dropout_p)

# (B, Nt, Ns) x (B, Ns, E) —> (B, Nt, E)
output = torch.bmm(attn, v)

return output, attn

B = HiX| AFO|=
Nt = 2& 20|
E = Embedding dimension

TORCH.BADDBMM

toxch.baddbmm(input, batchl, batch2, # beta=1, alpha=1, out=None) — Tensor

Performs a batch matrix-matrix product of matrices in batchl and batch2. input is added to the final result.
batch1 and batch2 must be 3-D tensors each containing the same number of matrices.

If batch1 isa (b KM X m] tensor, batch2 isa (b X X p) tensor, then input must be broadcastable with a (b x
7 X p) tensor and out will be a (b X 1 X p) tensor. Both alpha and beta mean the same as the scaling factors used

in torch.addbmm() .

out; = 4 input; + a (batchl; @ batch2;)

mask = torch.triu(torch.ones(sz, sz) * fleoat('-inf'), diagonal=1)
query = torch.tensor([[1,2,3,4,5],[4,5,6,7,8],[7,8,9,16,11]]).to(torch. float)
key = torch.tensor([[1,2,3,4,5],[4,5,6,7,8],[7,8,9,10,11]]).to(torch. float).transpose(-2,-1)

print(mask) ; print('")
print(query) ; print('")
print(torch.mm(query, key))

~N o s W N

tensor ([[0., —inf, —inf],
[@., 8., -inf],
[e., 8., 0.1])
tensor ([[ 1., 2., 3., 4., 5.],
[4., 5., 6., T.
[ 7., 8., 9., 10., 11.11)
tensor([[ 55., 100., 145.],
[1e0., 190., 280.],
[145., 280., 415.1])



Code Exercise (scale dot attention)

scale dot product attention(q,k,v, mask=

ead size, sentence size, embedding size = q.shape
q = q / np.sqgrt(embedding size)

attn = np.matmul(q,k.transpose(6,2,1))

if mask:
square _mask(head size, sentence size):
single mask = np.triu(np.ones([sentence size,sentence size|) * float('-inf'), k=1)
multi mask = np.dstack([single mask]*head size)
return np.array([multi mask|:,:,0],multi mask|[:,:,1],multi mask|[:,:,2]])
attn += square mask(sentence size)

softmax(attn):
return np.exp(attn) / np.sum(np.exp(attn), axis=2)[:,:, |
attn = softmax(attn)
attn = np.matmul (attn, v).transpose(1,0,2).reshape(sentence size,-1)
return attn




Code Exercise (multi head attention)

multi head attention(
XJ‘
head size,
q,

sentence size, embedding size = X.shape

np.expand dims(q, axis=1)
np.expand dims(k, axis=1)
np.expand dims{v, axis=1)

q = q.reshape(sentence size, head size, embedding size /[ head size).transpose(1,0,2)
k = k.reshape(sentence size, head size, embedding size [ head size).transpose(1,0,2)
v = v.reshape(sentence size, head size, embedding size / head size).transpose(1,0,2)

new X = scale dot product attention(sentence size, q,k,v)
return new X




