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Temporal attention injection
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mechanisms effectively
o o o replace the traditional role
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Past ~ t1 Future
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Transformer
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Attention is all you need
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https://arxiv.org/abs/1706.03762

Encoder-Decoder Architecture
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Encoder-Decoder Architecture

OUTPUT “ | am a student ”
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Encoder

ENCODER 1

Feed Forward Neural Network

Self-Attention
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Feed Forward
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Word Embedding
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Feeding Word Embeddings into the Encoder
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Self-Attention

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

The_ The_
animal_ animal_
didn_ didn_
0= 53
Cross__ Cross _
the_ the_
street_ street_
because because_
it_ L | 4
was_ was_ As we are encoding the word "it" in encoder #5 (the
too toa top encoder in the stack), part of the attention
tir; ti,e_ mechanism was focusing on "The Animal”, and
d d baked a part of its representation into the encoding
of "it".
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Self-Attention in Detall

Input Thinking Machines

Embedding X1 X2

Queries d1 q2 Wa
Keys K1 K> WK
Values V1 V2 WV
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Self-Attention in Detall
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Self-Attention in Detall

Input Thinking Machines
Embedding X1 X2
Queries 1 2
Keys K K2
Values V1 V2

Divide the scores by 8 (the
square root of the dimension of ~ Score g1 ® Ki=
the key vectors used in the

paper — 64. This leads to having iy ide by 8 (/dx )
more stable gradients.

Softmax
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Softmax

Output

Input image Logits (L) Softmax ' P rob?:)llltles Classes
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Input image source: Photo by Victor Grabarczvk on Unsplash . Diagram by author. |
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Matrix Calculation of Self-Attention
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Matrix Calculation of Self-Attention

softmax( )
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Multi-Headed Self-Attention
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Multi-Headed Self-Attention

X
T'hinking
Machines
Calculating attention separately in
eight different attention heads
ATTENTION ATTENTION ATTENTION
HEAD #0 HEAD #1 HEAD #7
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Multi-Headed Self-Attention

1) Concatenate all the attention heads 2) Multiply with a weight
matrix that was trained
jointly with the model

X
3) The result would be the = matrix that captures information
from all the attention heads. We can send this forward to the FFNN
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1) This is our 2) We embed 3) Split into 8 heads.
iInput sentence* each word* We multiply X or
. with weight matrices
X e
Thinking = WX
Machines " Wo
W
* In all encoders other than #0, lrrT WK
we don't need embedding. Hp W,V
We start directly with the output '
of the encoder right below this one
W-«
WK
WV
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4) Calculate attention 5) Concatenate the resulting ~ matrices,
using the resulting then multiply with weight matrix to
Q/K/V matrices produce the output of the layer

(et
A\
<O
-
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Multi-Headed Self-Attention

Layer:| 5 4| Attention:| Input - Input 4

The_ The_
animal_ animal_
didn_ didn_

t_ t
Cross_ Cross_
the_ the_
street_ street_
because _ because _

As we encode the word "it", one attention head is I >~ L

focusing most on "the animal”, while another Is was_
focusing on "tired” -- in a sense, the model's tQO_
representation of the word "it" bakes in some of the tire
representation of both "animal” and "tired". d_




Multi-Headed Self-Attention
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In considering the importance of the positional information of elements
IN sequence data, how can the Transformer model effectively utilize this
positional information in its processing?

Yong Zhuang
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Positional Encoding
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Add Residual Connections

Add & Normalize A
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Self-Attention

ENCODER #1

POSITIONAL
ENCODING

il | | | | 2 | [ | |

Thinking Machines

Yong Zhuang

Knowledge Discovery & Data Mining 28



Layer Normalization

> Add & Normalize
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Encoder-Decoder
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Encoder-Decoder

Decoding time step:®2 3456 OUTPUT

Linear + Softmax

ENCODER DECODER
ENCODER DECODER

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT Je SUIs etudiant

Yong Zhuang

Knowledge Discovery & Data Mining 31



Encoder-Decoder

Decoding time step: 1@3 4 5 6 OUTPUT

Kencdec Vencdec Linear + SOftmaX
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The Final Linear and Softmax Layer

Which word in our vocabulary

. . ) . alm
IS associated with this index?

Get the index of the cell

with the highest value
(argmax)

log_probs [HEEEN EEEEEENEENEE B
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logits EEENEEENEEEEEEEE B

O 12 3405 ’ -~ Vocab size
Linear

Decoder stack output
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Example

Output Vocabulary

WORD a am I thanks student <e0s>

INDEX 0 | 2 3 ¢ 5

Yong Zhuang
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Example

Output Vocabulary

WORD a am I thanks student <eos>

INDEX 0 1 2 3 4 5

One-hot encoding of the word “am”

10
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Example

Untrained Model Output

Correct and desired output

1.0

a am | thanks student <eos>
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Target Model Outputs

Output Vocabulary:

position #1

position #2

position #3

position #4

position #5
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a am I thanks student <eos>
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a am I thanks student <eos>
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Trained Model Outputs

Output Vocabulary: a am

position #1 KON RNy

| thanks student <eos>

Rkl 0.01 0.03 0.01

position #2 KN 0.8

position #3 | 0.99 KXok

0.1

0.0017 0.0017 0.002 0.001

oSN 0.001 0.002 0.001 0.02 meEZS 0.01

position #5 KON EEEONN

0.001 0.001 0.001 pueRs::

| thanks student <eos>
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