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_Attention Test: Where is the 4-|leatf clover?
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https://www.mentaup.co/blog/concentration—test



https://www.mentalup.co/blog/concentration-test

Attention

e Visual attention and textual
attention

She iIs eatihg a green apple.

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html 3



https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html

Attention = Vector of Importance Weights

* Use weights to assign importance of input data

* Types of attention
—Implicit vs. Explicit
* Max pooling is implicit attention
—Hard vs. Soft

 Soft attention is described by continuous variables
* Hard attention is described by discrete variables

—Additive vs. Multiplicative




Encoder RNN

Seg2seq model (Language Translation)

Target sentence (output)
Encoding of the source sentence. A

I A\
Provides initial hidden state
th don’t have any money <END>
for Decoder RNN. il y y
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Training and Inference of Seqg-to-Seao

que, tiempo, hace, hoy, [end]

Training phase [ Encoder ]——[ Decoder ]

how, is, the, weather, today [start], que, tiempo, hace, hoy

que

Inference phase L Encoder H Decoder J

T T

how, is, the, weather, today [start]




Homonyms: Multiple-meaning Words

* Words are “Context-aware”,

-date - fall

Her favorite fruit to eat is a date. | love cool, crisp fall weather.
John took Mary out on a date. Don’t fall on your way to the gym.
What is your date of birth?

https://grammar.yourdictionary.com/for-students-and-parents/words-with-multiple-meanings.html
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Additive Attention in RNN

(Target)  Ye1 W

Decoder: RNN with input from
Si—=> - - - previous state + dynamic
context vector.

' . St-l

Context vec

I : :
, Attentllon layer: parameterized Additive Attention
I by a simple feed-forward network

o —— — - - — /
H H

Encoder: bidirectional RNN

....................

X]_ X2 | X3 Xn (SOUFCS)
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The Transformer Model

e Multi-head attention

— Self-attention in encoders
— Masked Self-attention in decoders
— Encoder-decoder attention

* Positional encoding

A. Waswani et al., “Attention is All You Need, ” NIPS, 2017

OQutput
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T
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[ Linear |
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Feed Attention
Forward T 5 7 N x
A F
N | Add & Norm Je—,
—{Add SR J Masked
Multi-Head Multi-Head
Attention Attention
—— J . —
Positional A O—@ Positional
Encoding ¥ Encoding
Input Qutput
Embedding Embedding
Inputs Outputs
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https://arxiv.org/abs/1706.03762

Attention Module in Transformer

* Query (Q), Key (K), Value (V) attention

QKT
Vi,

Attention(Q), K,V) = softmax( )V

A. Waswani et al., “Attention is All You Need, ” NIPS, 2017

1

| Matmul |

A
| SoftMax |

t

I Mask (opt.) ]

{

| Scale |

|

[ matvul |

1

Q

1

K

V

11


https://arxiv.org/abs/1706.03762

Visualizing Attention

 Tensor2Tensor Notebook

https://colab.research.google.com/github/tenso
rflow/tensor2tensor/blob/master/tensor2tensor
/notebooks/hello t2t.ipynb

Inputs: The animal didn't cross the
street because it was too tired

¥

Outputs: Das Tier uUberquerte die Strale
nicht, weil es zu mude war, well es zu
mude war.

Layer: . Attention: | All v |

The

animal_
didn_

t
Cross_
the
street
because
it
Was_
too
tire

d

Das

Tier
uber
quer

te_
die_
Stralte
nicht_

weil

The

amimal_
didn_

t

crls_
the
street_
because _
it_

was_

Stralle



https://colab.research.google.com/github/tensorflow/tensor2tensor/blob/master/tensor2tensor/notebooks/hello_t2t.ipynb

Self-attention

Example

e “animal” and “it” have a
high relevancy score

Layer:| 5 ¥ Attention:| Input - Input =

sireei_
pecause
it_
was_

too

tire

street_
because
it_

was_

too

tire

13



Selt Attention




SImp
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e Self

ntion

Input

sequence
'the', 'train', 'left', 'the',K 'station', 'on', 'time'
Token
vectors
=
= % g Scores for
o o _— QD ™ . 1
£ £ B8 £ R & = station
the ‘N 0.3 0.1 0.2\| 0.1 0.1
Softmax,
train | 0.3 i 0.3 RN 0.1 0.2 scaling, and
multiplication
left | 0.1 1N 0.1 0.1]01
the 0.3 | 0.1 KN 0.3 [{0.1 | 0.2 >
station | 0.2 ik 0.3 1M02|02
on [0.1]01[0.1]|0.1)0.2 K
time | 0.1 (02| 0.1] 0.2 \\0. 0 0.2

Attention scores

Weighted
token vectors

Context-aware
vector

[ the

station




Self-attention Pseudocode

Iterate over each token Compute the dot
in the input sequence. product (attention
def self attention(input sequence) : score) between the
output = np.zeros (shape=input sequence.shape) token and every
for i, pivot vector in enumerate (input sequence) : S — other token.
scores = np.zeros (shape=(len(input sequence),)) Scale by a
for 7, vectr:l:ur in enumera?e (input sequence) : normalization
scores [j] = np.dot(pivot vector, vector.T) < factor, and EPP|}'
scores /= np.sqrt input sequence.shape[1l]) }/ a softmax.
scores = softmax(scores)
new pivot representation = np.zeros(shape=pivot vector.shape)

for j, vector in enumerate (input sequence):

new pivot representation += vector * scores|[]j] e Take the sum
output [i] = new pivot representation < of all tokens
return output That sum is WEighEEd by the
our 'I:I'I.Itpl.lt. attention scores.

16



Query, Keys, Values

outputs = sum(inputs * palirwlise scores(inputs, inputs))
C A B

coutputs = sum(values * pairwise scores (query, keys))

QKT
Vi

Attention(Q, K,V') = softmax( W

17



Keys Values

Query, Keys, Values

match: 0.5

Beach
==
Tree
Query
Boat ‘@
[Q ‘dogs on the beach”
match: 1.0

: y - . = ﬁf“ﬂj—%@
Retrieving Tree .

Beach s

mages from match: 0.5

a database Dog d %




Multi-head Attention

e Use multiple attention modules

and concatenate outputs [ concat

i

* Like depthwise separable ‘ Scaleit?at;_li‘mduct Ilg )
convolution ention

19



Transformer Encoder

* Multi-head attention
* Dense network

* Residual connection
* Layer normalization

A

Dense projection

I
[ LayerNormalization ]

o

A

Dense

t

Dense

A

S

L

-

.

Residual connection

[ LayerNormalization ]

o

f

[ MultiHeadAttention ]

t t 4t

20



Transformer
Encoder

import tensorflow as tf
from tensorflow import keras
from tenscorflow.keras import layers

class TransformerEncoder (layers.Laver) :

def

det

def

__init (self, embed dim, dense dim, num heads, **kwargs):

super (). init (**kwargs)

self .embed_d.lm = embed_dl_m < Size of the input
self.dense dim = dense dim < token vectors
self.num heads = num heads G

self.attention = layers.MultiHeadAttention ( Size of the inner

num heads=num heads, key dim=embed dim) dense layer
self.dense proj = keras.Sequential (
[layers.Dense (dense _dim, activation="relu"),
Number of

layers.Dense (embed dim), ] .
) - attention heads

self.layernorm 2 = layers.LayerNormalization()

Computation goes in call().

call (self, inputs, mask=None) :

if mask is not None: The mask that will be generated by
mask = mask[:, tf.newaxis, :] the Embedding layer will be 2D, but

attention output = self.attention ( the attention layer expects to be 3D
inputs, inputs, attention mask=mask) or 4D, so we expand its rank.

proj input = self.layernorm 1 (inputs + attention output)
proj output = self.dense proj (proj input)
return self.layernorm 2 (proj input + proj output)

get config(self) :
config = super () .get config()
config.update ({

Implement
serialization so
we can save the

"embed dim": self.embed dim, model.
"num heads": self.num heads,
"dense dim": self.dense_ dim,
1) 21

return config



Layer Normalization

def layer normalization(batch of sequences) :

mean = np.mean(batch of sequences, keepdims=True, axis=-1)
variance = np.var (batch of sequences, keepdims=True, axis=-1)

return (batch of sequences - mean) / variance

Compare to BatchNormalization (during training):

def batch normalization(batch of images):
mean = np.mean(batch of images, keepdims=True,

axis=(0, 1, 2))
variance = np.var (batch of images, keepdims=True, axis=(0, 1, 2))

return (batch of images - mean) / variance

Input shape: (batch_size,
sequence length, embedding dim)

To compute mean and
variance, we only pool data
over the last axis (axis -1).

Input shape: (batch_size,
height, width, channels)

Pool data over the batch axis
(axis 0), which creates interactions
between samples in a batch.

22



Transformer Encoder for Text Classification

vocab size = 20000

embed dim = 256

num heads = 2

dense dim = 32

inputs = keras.Input (shape=(None,), dtype="inte4")

¥ = layers.Embedding(vocab size, embed dim) (inputs)

¥ = TransformerEncoder (embed dim, dense dim, num heads) (x)

¥ = layers.GlobalMaxPoolinglD() (x) < Since TransformerEncoder

x = layers.Dropout (0.5) (x) returns full sequences,

outputs = layers.Dense(l, activation="sigmoid") (x) we need to reduce each

model = keras.Model (inputs, outputs) sequence to a 5il‘lg|E

model.compile (optimizer="rmsprop", vector for classification
loss="binary crossentropy", via a global pooling layer.
metrics=["accuracy"])

model . summary ()



Different Types of NLP Models

Context
Word order awareness

awareness (cross-words

Interactions)
Bag-of-unigrams No No
Bag-of-bigrams Very limited No
RNN Yes No
Self-attention No Yes
Transformer Yes Yes

24



Positional
Encoding

A downside of position embeddings is that the sequence
length needs to be known in advance.

class PositionalEmbedding (layers.Layer) :

detf

Prepare an
Embedding
layer for the
token indices.

def

Add both
embedding
vectors
together.

Implement
erialization
SO we can
save the
model.

def

——> def

__init (self, sequence length, input dim, output dim, **kwargs):
super (). init (**kwargs)
self.tokgﬂ_embgadings = layers.Embedding ( And another
input dim=input dim, output dim=output dim) one for
self.position embeddings = layers.Embedding the.t{.)ken
- positions

input dim=sequence length, output dim=output dim)
self.sequence length = sequence length
self.input dim = input dim
self.output dim = output dim

call (self, inputs):

length = tf.shape(inputs) [-1]

positions = tf.range(start=0, limit=length, delta=1)
embedded tokens = self.token embeddings (inputs)

embedded positions = self.position embeddings (positions)
return embedded tokens + embedded positions

Like the Embedding layer, this
compute mask (self, inputs, mask=None) : layer should be able to generate a
return tf.math.not equal (inputs, 0) }\ mask so we can ignore padding Os
in the inputs. The compute_mask
method will called automatically
by the framework, and the

mask will get propagated

to the next layer.

get config(self):
config = super () .get config()
config.update ({
"output dim": self.output dim,
"sequence length": self.sequence length,
"input dim": self.input dim,

}) 25
return config




Transformer
Encoder with
Positional
Embedding

vocab size = 20000
sequence length = 600

embed dim = 256

num heads = 2

dense dim = 32

inputs = keras.Input (shape=(None,), dtype="inte4")

Look here!

X = PositionalEmbedding(sequence length, vocab size, embed dim) (inputs)

X = TransformerEncoder (embed dim, dense dim, num heads) (x)
X = layers.GlobalMaxPoolinglD /() (x)

X = layers.Dropout (0.5) (x)

outputs = layers.Dense(l, activation="sigmoid") (x)

model = keras.Model (inputs, outputs)

model .compile (optimizer="rmsprop",
loss="binary crossentropy",
metrics=["accuracy"])
model . summary ()

callbacks = [
keras.callbacks.ModelCheckpoint ("full transformer encoder.keras"
save best only=True)
]
model .fit (int train ds, validation data=int val ds, epochs=20,
callbacks=callbacks)
model = keras.models.load model (
"full transformer encoder.keras",
custom objects={"TransformerEncoder": TransformerEncoder,
"PositionalEmbedding": PositionalEmbedding})
print (f"Test acc: {model.evaluate(int test ds) [1]:.3f}")

I
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IMDB Movie Review Classification

Transformer + Positional Encoding
Transformer Encoder

Word Embedding + Masked Bi-LSTM*
Word Embedding + Bi-LSTM*
Bi-LSTM*

Bigram + Dense

Unigram + Dense

85

88.3

- I 3.5

I S5

Y

Y

90.4

89.2

86 87 88 89 90 91

27



Bag-of-Words or Sequence Models?

* Chollet, et al. (http://mng.bz/AOzK)

> 1500 —= Sequence model

Number of samples /
Mean sample length \

<1500 — Bag-of-bigrams

28



i Target offset by one step

[ LayerMormalization J

Encoded source [ Dense ]
[ Dense ]
{ LayerMomalization } i

Transtormer £N )
II._'/JI-
Encoder + e ) G

E + ultiHe ad Attention
Decoder | e [ o]
il grrere— (oo )
[ Mutl—leﬁientﬂn 1 [ MulHeEil;nth J
e £ f ]

Source Target

TransformerDecoder
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