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(Speech of Hokkien)
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Local soap operas (%1 £l) on YouTube
(Speech of Hokkien, Chinese subtitle)

Using 1500 hours of data for training
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Hokkien (REJF 75 -~ B8

* Background music & noises? F

Don’t care ...

* Noisy transcriptions? Don't care ...

* Phonemes of Hokkien?
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(Ying Train Yi Fa)
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Text-to-Speech (TTS) Synthesis
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Text-to-Speech
(TTS) Synthesis
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Source of data: GiEfFE2.0 Decoder
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BEIRAFRKIRE—T WA ZEERIMEN to EndAVREY, XiDIEELER 73 R AR th= 5Tt
TR RAEIKKEIR EEEIEKKE e E RIS ATNEIER
—/MYffechotronfmodel,

FExingE
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KKE¥n, e X—E& 2 — M&ETransformerfidnetwork, E3L2
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FrLMRERZEALL SHE1ENES
BE9model

HSH AR EX— IRBEFEIY, Transformerai# &Seq2Seq

Seqg2seq for Chatbot

NI A R IRIE S LA XM IMENF £ R ZRIERE 7 Seq2Seq model
ZfRiRATLARSeq2Seq model S&i)llgx— P EIREEA

“Hello! How are you today?”

s
+
input seq2seq response
i H
Hi
PERSON 1:] Hi
PERSON 2:] Hello ! How are you today ?
[PERSON T:] Tam good thank you , how are you.

|[PERSON 2:] Great, thanks ! My children and I were just about to watch Game of Thrones.
|[PERSON 1:] Nice ! How old are your children?

[PERSON 2:] I have four that range in age from 10 to 21. You?

|[PERSON [:] I do not have children at the moment.

[PERSON 2:] That just means you get to keep all the popcom for yourself.

[PERSON 1:] And Cheetos at the moment!

[PERSON 2:] Good choice. Do you watch Game of Thrones?

[PERSON [:] No, I do not have much time for TV.

[PERSON 2:] Tusually spend my time painting: but, I love the show.

Training
data:

PR AR REN ER—OiE EBER— RN WA HER X F X2 vector Sequence,
FrLMRSe2 R LARISeq2Seq AImodel Seff— MNIRALEEA

(R EUTERREARIRRE, GIXFIRSE(RETLAKIES FEALRE FBSZRIA1A
ESPSIES

BIREXEEEE B E— N AuRHLFIB M1 Ak, Hello How are you today, BBRf el LA 2815,
EEANZEH IMRAYEHREELR, Hello how are you today, HitZimiEkiF

ABHLATLAY1Z5—NSeq2Seq model BRIRER—8iE EMAHRIF— MR

FF (RATLUKERE) —HARRAZIE


af://n78

Question Answering (QA)

BBEESE FSeq2Seq model ZENLPAISTIE, #Enatural language processingf98TsiAYE R, 2 LIRS E
ABIZz  HiL{RZnatural language processingfi{Es3, EaI LBk 2question answering, QARIESS

. . P Y = A [=1=1F — L —_ > Il [=] . o =} ><t \ A /—,_ o
Question Answering L2428 —ERI T AATRIRIE e — N, B R LIS {R— N EFRIZ =
Question Context Answer
What is a major importance Southern California is a major T
of Southern Califarnia in relation conomic center for the state
o California and the US? of California and the US...
‘What is the translation Most of the planet is
. from English to German? ocean water,
QUEStlon What is the Harry Potter star Daniel
4 summary? Radcliffe gains access to a
Answering reported £ 320 million fortune...
{QA] Hypothesis: Product and geography Premise: Conceptually cream

are what make cream skimming skimming has two basic
work. Entailment, neutral, dimensions - product and geography.
or contradiction?

A stirring, funny and finally

k this sentence transporting re-imagining of
tive or negative? Beauty and the Beast and

; . . 19305 horror film,
. (sentiment analysis)

@ decaNLP
QA can be done by seq2seq

question, context Seq2seq answer

https://arxiv.org/abs/1806.08730
https://arxiv.org/abs/1909.03329

o RIZRSFBMAIEENZE IS NN ERE— NG F BEREX M FREXENER T E,
AEHHNERAIEE

o HERFEENNEIEHE HEMREY LR KNNE WHB KN ENER T REE,
MR REH 2B F MEEXBRNFIRERE ARHFHERT LML —MEE

o FEE(RBENHEEMSentiment analysis,Sentiment analysisgi 24 St BB wHI¥— NI F 21F
HNEERERY; BIRIFEMT — 1 EmRAE L& FEENEMN RN (BER2RY AT gE—
B ARptt LH IBE—RXEERED, LG — 1 Sentiment analysis model EEIE—RNXEE
A RINRNER A ETHNX Y EER RImode #EHE, KHIMNX A E, 2 IFEE SR E. {7
SR BRI EEA R ENE B EX M F RIEEEEGHE A5 B s SRR
3

FTAS S AINLPRIAIRE A EER AT LAB(ER QARIIAIRE, T QARIIDRE, B A LA Seq2Seq model %

BARSRRFEE—1Seq2Seq modelm\, #E2E RN EB TR M 2SR MR
T ARREBIIN E SR E—BRR KNI E ERE—RYF
Seq2Seq model REZRMAN—ERF M —EBRYXF RERRA—Sequence f§iE— 1 Sequencexia]

VAR FRLMRRT LB QAR iR 2 FSeq2Seq modelfiE, I BiE— RN EE— NS AEHEEE HE
= AR B EENLPHYESS, HsLEb B & #ERESeq2Seq model
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Deep Learning for Human Language Processing

REBRBEABESRE

One slide for this course

- gEEER - 2
G- (-G

IRERE— T MIZENLPRUESS BRI S HRNESERNESM S HEAREESERNUIRE REE
RIS R

EESMESERUAEE FARENX—T TRNER T MR ARESHIE SiEEE BEEAE
SRR XEAERAMESEHBRNER, TS E — T NRENTAIES REF LRREFS SA%E
IESE X TRNASEENSEUR, ST SIS RIFIEEL NIZEHE

SRR EMIEETER BAINAHAIZE— 1 Seq2Seq model I N—ERFE SIS B HE T, 5K
Googlefy pixel4,Google B /5 &IF{Ris, Google pixel4tB2F,N to NAINeural network,pixel 4EEHE,
B—Neural network IAEEFINS BHMEZEEXF

{BfEESCAAYAZSeq2Seq model ftEFAYE— MU RNN transducerfly model GXLAsEBbTE 25
T BB RSN XS A RN S E T, ERNE—MES B EAEE R IEEL XM HES
A TRAET AR IS KEEIRTNER

iy

Seqg2seq for Syntactic Parsing

EESEEBEAESNE PN A HLERENA (AR RS ME—1 Seq2Seq modeli&, (B{RERR]
LAiEFSeq2Seq model kYRR TER#th

2R STEBIT L5128 —ER LT LbdlDeep learning is very powerful

Is it a sequence?

[ S J\
4 ( T
o | i
, N
\w NP ' J . ADIV X )
%Ziil l[de:ep] [Iearr-'\ing] [_Ia [ Ve-ry ] [powérful ]:

ST EEREE — 1 SGAMBITR S5 deephllearning &2k £—MEIRHIE verylIl
powerfuliEse B— MYARHIE HAR A EMsLUER R — aHIE A ENE AR EaE
* 21T

BRS R EZINTEMIIE S, S EEEIXFETFAI— P Syntactic tree, FTLATESCASIFTHYES B E, IR ITAE
HEdeep learningfBANE MINE—ERXF L2 — Sequence ([BFIHERERAGE— 1 Sequence HHZE
— PRV (BEBEE_ E—/ MREYEES, T LATE IRt B (ER—1 Sequence
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Seq2seq!
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XAPHREEHI BT LA R E—, X BEFBISequence, WX NSequencetBE (RBET LAE H

XMPREIE—NS, B— LIRS 58— 1aiES
S#EEB—"noun phrase B— M EIESIRAIES
NPEEE— N CIESIRGIES NPEEBIS
REBXNMBEREME— N CRESEES

X—SequencefiftTz T X—Mtree Blstructure (R Btree fYstructure Ep—NSequencellAf5 R
FETLAFESeq2Seq modelFgfFAth

train—"Seq2Seq model SEX M F AR EREBMINX — 3 7, BICX B FEep— MR, (5T
LB Seq2Seq model SEMSGESIMTIX SR X MESITEERAFEAIL (BIX2EAIAT LUHISEIRT,

3
7

{RETLASE—RSSZEE YA, grammar as a Foreign Language
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a

(S (NP deep learning ) (VP s
(ADJV very powerful ) ) )

Grammar as a Foreign Language

Ol Vinyals* Lukisz Kalser*
Gongle Gioogle
calsa kaiserfgoog]

Terry Koo Slav Pet
ok

Google
rryk lav@google . com ¥
tk-nl"[_r\;:\ ||[:.-nm https://arxiv.org
geoc ::h:r.t:r.?:_l:c;'_e . Com fabs{1412.?449

—[[deep] [Iearning] [ iS] [ very ] [powerful ]] .

RN EELARAFIINE (RE &It Earxiv_EERIRTE), 2145 ER ATt 2—, L
BRI, X X E D HAYRTR, AR NETRSeq2Seq modelifARiRAT, BRATIRSeq2Seq model, FERE
W AREENE b rLUX S ERtitle A £ ES, grammar as a Foreign Language

B SGERINTX A EE S ER— M EERI EXGESFR B I TNES ERERSRAMIAR R
FRTEERE LROIRELREMY, S5 R M52 state of the artfy%5

HEREE N ELEERSW AR R BIBITIX M E—{FE Oriol Vinyals B MFRSeq2Seq model &2
MEFERIRRE B MNHMEERATARAEE, IR EXMEEL, Rz 2 5 EtrainAY, Fia e, train Seq2Seq
modelGi& B HEtips, ;& ENRIANSGEEINT, FiSeq2Seq model BAATT LAREHE state of the art,iXi
ZBHMERBERtipsIE




B EE S B Bt ps B ERIEAdamERR B A, I B iZgradient descent, Fitraintek 7, F&E—iKtraingl
BT REERE DS state of the art, REMHFIA T — T2 BEAEEEINE BRI, AT S
Seq2Seq model ERIREEMRS izt M FAAESISHFRIN A LT

multi-label classification

EE—LESTLIAseq2seq's model Z453k17 multi-labelfclassification

multi-classficlassification,BEmulti-labelficlassification, IF #2324 1R 1& (B TR SCEA—HEHYE
& multi-classfclassificationEB R, Fl AR R— classt 2 EMAVEIE, EME N classiEH EER
—classHsk

{B2multi-labelfJclassification, SR ZRE—1RE, EHLABI Z1 class, ZfISi5 {REMNXES AT

Af
An object can belong | . .
to multiple classes. H— = =

Class 1 Class 1 Class 2 Class 10
Class 3 Class 9
Class 17

— Seq2seq — @
Class9 Cl

Q@
ass 7 Class 13
https://arxiv.org/abs/1909.03434
https://arxiv.org/abs/1707.05495

ARSX S E Bl class 1HR3,XEXERE class 3 9 1724 (RaJggais Xfhmulti-label classification
HIBER, BEREETIZIE E M {E—/  multi-class classificationfI[EIZEKAR

Zhskin, HICXE L ERE—classifier{2E

o AXclassifier RS — &R BIH O HESIPIER
o KIEREH S HEERI=R, BE8EA8EM multi-labelfYclassificationAY/aAJRR

(EiXFG AT RERITAEN, B AT — R X EX M classHIE B AR —E BLRm GLsE R
classg9%B . 2F1 BRIE— BHE=D

FTLA aNER{Ri B EZEN—Pthreshold B D #E&SHIRI=S, class file output T HESHIRI=H,
SRA(FFRAYEE B2 A —EREBEEITFRISER AEETIE

XBETLAAseq2se i A — X E ik Rclass FissR 7 VBB RE BEHE L class

i hiiseq2seq model FiE2HEsE SRERH LR B HAYoutput sequencefHER S /D BEFA
{RigBINERECassHIE B BB BEHTRE BRXE BEERE /D class

Seqg2seq for Object Detection

& 2object detection ;X PNE#EFKIRseq2seq model, %/ \EFHTREMNIDE, St LAAseq2seq's
modelfEfE
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Class  Bounding Box

Seq2seq for
Object Detection

https://arxiv.org/abs/2005.12872
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H jor
g Add & Norm 1 '
H H H Muiti-Head Attention

i N [ I N T |
= e
o[ Addenom | P addaworm |

| muiti-Hoaa seir-attention |E : | mtti-oaa seir-attention |E
7 S wa— : : 7 W H

Image features

object detectionF 2451 28—KE F A EIEE FEEAYMAHEHE B SIEHR XN ENRD XMEE
P (BEiXFhER AT LA seq2seq sk, ER R Bl IO MA AT B AN R — NSk B— &S
BARSE WHXBESHEEESIFRIR,seq2seq's model EE2—N Rpowerfulfmodel, EE2—MEEH
E9model

Encoder-Decoder

B ER R RS, BEMseq2seqiX 4, —hgAIseq2seq's model, EEEED AR —RE

Encoder,B2op—thEDecoder

output sequence

!

[ Encoder ]—'[ Decoder]

f

Input sequence

{Rinput—"sequenceFEncoder, A= EIX M sequence, BIBAMEIFAIE R E LS Decoder, FiDecoder
RE, EER L ERFRIsequence, F—T F( A= BAM EncoderiR Decoder NEBAIZRE

seq2seq model AR HLIFERIR T145F099 8, MiB—Rsseq2seq's model, AEEHFAINE HE!
Arxiv_E

W <EQOS>

|}—-|l—4|—-+|—»+|—41|—4}|—-+|

—3 =

= —»

A B [ <EOQS5> z

Sequence to Sequence Learning with
Neural Networks

https://arxiv.org/abs/1409.3215

ALUEGREEYseq2seq's model BERIARVEIAERN, SXKifzElIseq2seq's modelfIFHR ARE—
SFIMERSRY, T EER RIS R ER, BHtEtransformer
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OQutput
Probabilities

Add & Norm

_Add & Norm | :
B Notm Muiti-Head
Attention

77 N
Fie ((Add & Norm Je=y
Add & Norm Masked
Multi-Head Muiti-Head
Attention Attention
et =
L. —
Pasitional @‘(:3 d Positional
Encoding < Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)
Transformer

https://arxiv.org/abs/1706.03762

BEB— 1 Encoderffty, B— DecoderZfy, EREBRELLFFAIblock F—THEH— T XEEE
—MEEFRFAIblock D BITEMINEBEHE

Encoder

seq2seq model EncoderZIIEE mi2E—HIRE, BHbBi—HiRE

Transformer’s Encoder

You can use RNN or CNN. o
I . v
Multi-Head
Attention
Encoder —_— =
Positional
Encoding D
Input
Embedding
- Inputs

L—HAE, WH—HREXEEE R SEEES AT LA, aTaess — MERIRIE B ININIH R self-
attention, B sSLAHself-attention, RNN CNN ELSCthEREESMHE], input—HEBI &, output BIM—NEIREK
ENmE

fEtransformer#Em, transformerfYEncoder, BRI Eself-attention, XHERLRFE m SR KIIB BRI —
SKE] SRAFMIBARTFE— T IX N EncoderBIZ814, F— T ERIRRIARYtransformerfd, 18 32 EBVEIFH1TEL
XJ,

IEAYENcoderiEm, 29 Rk RZRZBAIblock
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Block

E@ii

B—block&PEMA—HIRE BH—HME (RBA—HERE $F—block, 55— blockigiH B /M —HEm
2 BHEB "1 block BlIERFE— 1 block, £iHEZAvector sequence, —/block HE, H A2
neural networkf—E&

F—/ blocki@HFRISHIE, RIF L MayerfEMAYISE1S /£ transformerfYEncoderi&@E, &—Nblock#aY
HiE AR RXEFEFRY

LLL.

s ([0 0 0 [
[: oo ) [FTC Ftc FTCJ FTC
[IXE{INRN.
Block % selffattention |
@ TEITEEER

—

o SEff— self-attention,input—HEvectorLAfF f#fself-attention, % [EE sequenceBI &R,

OutputiB4t—HEvector.
o ETRX—HEvector, 2BXEZ|fully connectedffeed forward network#&mE, HoutputiZ55h—HE

vector, ) X—HEvectorgiEblockgYt
=3 FREFERAItransformeri®H, B EIEEES M

£z aiself-attentionAYATE Befi Tk WIN—HEvector, B —HEvector IXiBYE—Nvector, EREET
FrEinputLAig FrSZIRNER

DQQ

[ Self-attention ]

f 1 i f




fEtransformeri&mE, EMIA T —MEIH EA AR 2mHiX M vector FH{ TIAEBX M vector il EBRY
input, EEBinputhnd sk EEinssia s, S2FIoutput

BRI IXIDRIZXMvectorllffa, XM vector b (REHEa + bAIEEFAYEH

XEEFHInetworkZe44, If#residual connection, BPESLXfresidual connection,7£deep learningfJ4m
HANRIEEN 2, Z BRI IE BRE BRIFEN B, B EERresidual connection

BMRIER SCRIE N, B —FnetworkigitHIZEHS, Il firesidual connection, B&iBinput Ei&iR
outputhliesg, S2FAIvector

BFresidual SRS, BB EM—EE B Mnormalization, X AIAREbatch normalization X
FrInUflayer normalization

Xi—m

I
x '
! o

i )
X3
-I
Xk

Layer Norm
norm norm | https://arxiv.org/

abs/1607.06450
residual I a+ b

X1
x2 mean m
standard
b D + a \xk deviation o/
[ Self-attention ]

! f f f

layer normalizationfi9Z515, tbbacth normalization & B—r

BA—IRE BHAIM— N EE AFTEEEbatch, ELIBMANZXMIE, itHEmeaniRstandard

deviation

{BEZE;F=—T batch normalizationE¥i A Fexample, A FfeaturefF—4 dimension, Zit&
meangfistandard deviation

{Elayer normalization, B 2XE— feature,Fl— 1 examplei®@@E, AR#iIdimension,ZEitEmean
ERstandard deviation

it&Himean,iRstandard deviationLAfF, BB LAM— 1 normalize FAi JiBinput XN vectorfEEE—
N dimensioniiigEmean, Bp&LAstandard deviationLAIG15&x', #ilayer normalizationdJ%iH

r; —m

!
x; =
o

8% layer normalizationf9iiH LAS, EANX NMaiH Z2FC networkAJiiA



Xi—m

/xé \ D

-_——

=
Il

)

-

Q

=

3

X

Layer Norm
Lol norm https://arxiv.org/ l !

abs/1607.06450 +
residual I a+b Xy
Xg ‘ | FC
: standard
b D + Q a \le} deviation cr/
[ Self-attention ]

! 1 f f

MFC networkiXil1, i residualf9%243, AL A JSIBFC networkflinput, R EfJoutput NSk f—
Tresidual 5ZIFrAYEH

XANFC networkffFeresidual LA B REER (REiBresiduali45 R Bfif—iXlayer normalization, 8
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