Self-attention & Transformer

Vector Set as Input

e |nput a sentence, where each words is a vector
e |nputa voice, separated in 25ms frame, stride = 10ms

e Input a graph, where each nodes can be a vector

What Is the Output of Vector Set?

e FEach vector has a label

o filgn: TE, oMHrEARIAFEES
e The whole sequence has a label

o fign: At FRIGEE, AR EEEEF
e Model decides the number of labels itself -- seq2seq

o fgn: %
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Parameters

Multi-head Self-attention

24 E Multi-head ?
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Multi-head Self-attention Different types of relevance
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Positional Encoding
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* hand-crafted
* learned from data

qi kt vi

BT ACHHIEN, BRCSa RS AR %,
Self-attention W 75

e transformer & BERT(NLP)
e iB& _LH self-attention

o self-attention NAZERIIAFTA KA, HHE LT X—ELENEE
o E{% EH self-attention

o A pixel BIE channel 4E1A] &

Self-attention v.s. CNN

Self-attention & E# K& F, i CNN H%E& receptive field 7T
o Self-attention Z"E Z&{t"[) CNN: ZF& receptive field ZHAHL2RF H KA
e CNN /2 Self-attention J—4* subset
o CNN 31/, d&E&E DI EdE &
o Self-attention MR, HRDHEIREAZEIME, HE ERE
o [ AI AR AE— MY
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Self-attention v.s. CNN  Good for more data

Self-attention

pad
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An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale https://arxiv.org/pdf/2010.11929;pdf

Self-attention v.s. RNN

RNN HAA] LAY Self-attention HUR 1o
Self-attention for Graph
HIHHEA Edge HIEATHE Z A attention ? -- GNN
Seq2seq: Transformer
28R 2 Seq2seq [ i?

e Text <--> Speech

Chatbot, QA

Syntactic Parsing

O deep learning is very powerful -> (S (NP deep learning) (VP is (ADJV very

powerful)))

Multi-label Classification

o —fm X EETIE JLA 25

Transformer!

Transformer EiA4EH4 :

Input sequence -> Encoder -> Decoder -> Output sequence
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1. Inputs 5317 Positional Encoding
2. R4 Multi-Head Self Attention |2

3. Ml a 114 Attention |2 J5155 b, AERKMAEHENGEE a + b \E, X—dEN
residual, fEEIHN add,

4. B4 a + b i#1T Layer Normalize #1E, 152 c MIEA]
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5. ¢ [AEA143d fully connected layers, 73T add & norm #1E
6. ¥ bk 1 ~ 5 PIREEHIT N B, FRIFELMHML, Fit Encoding £5H
Decoder
PRI ZY Decoder - DAUBEZHHR {5
e Autoregressive(AT)

e Non-Autoregressive(NAT)
BEYE: H2RAT, HHARNAT
Attention Is All You Need iXf@ i Decoder J& AT

AT:

- &
=
DH}H

Encoder | — i)ecodeif

T 1T s S ——

M* . .. ¢ »J Decoder

5 L Output
(a2 ) START 4 \Sé\’fu £ P

o A, mI—MaHIERN T TMA
o FRELAHKN? A—PRUS TIRENITASER, W20k A8 vector

o BELETR? YEATERE —NTFIERMAMEA Decoder I, #itth—/> END &, K&K
Decoder: &R T

o A—NHE: IAZ—HWPPH? SRR RTT %
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W, W, W3  END W

[t 1t 1 |

AT Decoder NAT Decoder
[ ] [ ] [ ] ] ]
START W, w, Wy START START START START

o NAT ZHATILRY, IXANATifE it
o Another predictor for output length
o Output a very long sequence, ignore tokens after END

o NAT FUERIM A AT
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e cross-attention f key —f%#E/2 encoder B HA]

W illZk transformer?

e Loss Function A cross-entropy
e Teacher Forcing: using the ground truth as input (while training)

o NTBiE—HH, B, BAHENIZRN AT ISR — L[R5 55
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Guided Attention
58IH attention B EEMNEN (HAMAGE)

Beam Search

1 ¥ (155 AT DU — SR RAE RS B 12 (RERLIE/ )
The red path is Greedy Decoding.
The green path is the best one.
Not possible to check all the paths... — Beam Search

Assume there are only
two tokens (V=2).

BLEU score

e BLEU score fk validation, fhiit&AZM D sequence Z RIFIFEIRSE, (H2FERKIIZE,
ARG

e cross-entropy FISRIHE & vector MIIEME R Z A loss, RIREFT L#FH A —EH A, (H2EH
71, WIZRINFRATIESE cross-entropy
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