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Mes=x=3JEmEeSHES (Fi)
HEMNESREZIEM (F1)
BAESIEFIIREFS
BN AGEEY

— GRS (F1X))

— BRI (F1X))

— Transformerf]Seq2Seq Learning
TR VMRE

- HZIESERE

— JA[AE 2.0 (word2vec)

— jAAE 3.0 (ELMo. BERT)

=

TONC[




- NRFIEMEIE S
+ FHEMESRESF S EH

° Qj\le = |‘—H'::'E|IJI7I<1§$>7
- IENHGRE

- %* \TEF 2&

ﬁ%$,_&

— Transformerf1Seq2Seq Learning
- TARMEE

o TEFI 1|:| I:I*E;:FU

— 1a[A= 2.0 (word2vec)

— JA[AE 3.0 (ELMo. BERT)

. RZF




* #8853 (Machine Learning, MLZ2— ]SRN FRE, PRIBERIE.
F=. Bme. Ao, BEEREECEZIFR. TR
BHVEFRIUBEEIMASRINF 1T, LISKREGRIANREREE, BE5T
‘B EBRANTREMEZ A iE B SHI1ERE,

- NBEFIRATEREN 2 HBRETESTE T LIRIEZEER
17Bo1F >, B EAESH 2REEM K EH BERPZF I MEM XTI
AIEEAS RS

- BHRIRAISRENZO, RETEVNESEREIENERR, HNA
ERATERENS N, BEZ2EAEN. GaMAEEE.




- NI EERHAFITETENNEERNESTRETZINGE, BN
WEHE () PIHME, FABEFIZRINE (FE) IR
T ZNREIRHITIIN. B, ERWFIEEZRETHITRY
ik, gl

BN X SR ki - iy

4
Y
B
DH.

YIZREEZN (xy)




- RN - GritiR4E
- A REEEEE/ N RINE - A RHEEE, EXES
- HEs: NMANE, TEILX - = BaEIHEPONE (X

EEA IR E EE A NEKMES) | RIaNREE




SEFI: NEERIGEIEETFIH—REL, SFRISERREIRAT, AT
DURIEIX MREFRNEER. )IGFEFHBRRRBEANER. BUNEEFS
BEER 3o HIFIT ok,

ZREFY: JIGEKBANRENER., BEUNEEEFITEERE,
FREFS: NTHEFISTHEFIZE, BoYREEAIRE, &7
HEIA.

ez mEIETIREMmTa), MBS mE. ERAH
LIRS/ AT, BUEEIBMEETIL, FEERRE (ERA
AYSIEL) FOEM (BRERNR) ZIEHCEFE,



SRR RS

« 933 (Classification) : y Z2BE&HIZEIIFC ((F5) . BlEDRA
W, IRKREE—AEA 0-1 IRRREER NI EUUARRENEE., £ 3KA
JH, BEFIERIRRERELf (x,0 ) BIHD2EES.

[Bl)3 (Regression) : yRiELHE (SCEEGEEEEEN) | f(x) B
HEESE., XMSREARIARAFEZRIRRE. XFFrEERaRAIY
(x,y), 615 f(x,0)F]y Roleett—2. IRREBEENIFEHIRE,

+ EE3R (Clustering) : RBRIREUEY, [RBWENBR (v), BET
RN EREIA SRR B RERF (BI5ERF) . RENERE
JIGEURRENE, BEFERSUETRHELSIVTENES



2N\3K
RS

348

25

ra
T

0s
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iR BEEERNOREFZIFT AR, EREFIH, =EREM
B IRARREEVRRES. FRRENRIRE S 2FE A ReIR A
ZRPRENERIREREL, RRREGRHVER D ERER, R AERARE
HERIREL,

w_ig: BT7ERENRIKETE, REFELREE CIENZFIaEISERNL
RE, FZEIRIEMET MRS A FISEERUREL.

HiZ REFIRE, NRRZAFEESRMVERENTED A FHEXD
FHRFUG AR AR, BEERAETEATE, SERRELT
BRYGEKE, AREXRIEBRAENE N EEDR.

J3ik = RE + REg + Bk




. fEE

_ CHMHER, ISR (SRR, RS,

. S

- RN T IR R ER —RITNATIR, NG SsE
BTN MERITNAGITIR.  (10: H5E. )

- BRRBEIMESERRREIMG: 2R E/IMAEIEREIANE
MRS NOETHESMIEE, EEARBAR, FTLURIEERT
MR, (0 BB, BABRER)

. BiE

- AFEY (eV) |, BEMEEFHRMUEEA.



i}"ﬁﬁi & . (Xi/ yi),1 <1 <m
—

*;ié)ﬂ%’fifiiii y=f(X) =w'x +b
AL ML 115
Sl : -': =k
FRCEREL: L(y, f (X)) |

s

]

| e wer, [ 1 'ﬁ: /,d' , “\
ST (L ik 1) FVAER N AS W
ERNRRIME: 0O) =520 106D 7 N AT

IEL: (18]

CR S E YAl
RACEREREL: Q(0) + Aol




PeMbit, NBRFIRGE—LINGHER ()1 <isN (HFExE BA, vEF
TR ER) | WL EVBmSSHR—NRRRE  (-) FEIZ x M y Z[ERIKRE,

y = f(@(x), 0)

X8, pEEEEH, 0/9RRRHYNSE, o()RTER x WNANFERT.
E7 x A—EERHEEAVEA, EIFERET @ (x) 1§ x BRAEERATEA.



ENSEFIEER, —REX—MRESEH LY, f (x, ), EFBEINWIGHEAR LT TR
RERELHIEFIA (XUBS)

R(H):%i‘l'(y(i)’ f (x(i),e))

XIBGEREL RO ) RECHBNIIGHR (ZWHEE) DITEEXRN, BUHEiRZALRXE,
SHIKBEEIMES K—HSE, HFELEXRREAZIRIVE, MEKIIBRRNER
e E/IMEER] (Empirical Risk Minimization)

g*=argmin R(0)

0



AR RIRAIRE.

0-1 HRECERER
L(y. 1 (x,@)):{f iiff ;: ff((::))
=I(y=f(x0))
FATIRA R

L(y¥)= (-1 (x0))



AL N IEHROSRREN 33T RIaR, =BT (x, 8) AT y RS,

Rigy €{1,~.C}, BEFCNERETE | MRAIFEHRP(Y =i x) =f(x.8), Wf(xO)i#E
fL(x0)e[01], Y 1,(x6)=1

f,(x, @) RAILABIEXSTRrimESER! y RUUPARREL. SERILERASRAMAGITRINE. 2
HEAE, FNESFERASRIMERXIEULSA, BIAXEUIAIRFKEE] (Negative Log Likelihood
function)

L(y, f(x,6))=—log f,(x,6)



ANERFEAIF one-hot RMIEYRFRBIrER ¢, EHRREy, =1, ERAETEE A O,
N BFReREET A A:
C

L(y, f(x,8))==>_y;log f(x,0)

=1

yiFmnEESEEEINS M, LIVEFERXIBRIA . B, RKRREBIRZ A2
RS RAZY (Cross-Entropy Loss function) ,



Hinge ¥R5CEREN X FRISED SRR, Rigy Ff (x,8) BIBYES {-1,+1}. Hinge
IRI<RREL (Hinge Loss Function) BOENIT:

L(y, f(x,0))=max(0,1-yf (x,6))
=[1-yf (x,0)

+



LS overfitting

(a} ‘_',‘: Properly fitted datn (b} = Overfitted data
: §
Training data poiit
[2)
Under-fitting Appropriate-fitting Over-fitting
Monlinear mapping Notlinesr mapping
(too simple to (forcefitting — too F— p—
explain the good to be true)

variance)



NTHEREISE, —RRELEXSERIMLAEN_EINSEAIENE (Regularization)
IUEGEXBERIEEN (Structure Risk Minimization)

g*=argminR(8)+ A|6|’
7

1 i i
=argmin - L(y f (<.0))+ A1OF o

A FREHIENNCAIERE, [ENMEITE T LAEREERREY, tean L1 Se4)



ENRFIEEF, FNIFREZIFNSE 0, HEEXRRERIML.
g*=argmin R(6,)

- arggmin%iZ:: L(y(i), f (x(i),e))

SNERAEE NEEHITSHES,
8R(9)
%6
N aR(Q;Xm’ym)

BRI

BRI AFETSFZIPHEIYEESIZ (Learning Rate)

%u:%_l




Gradient Descent

~y



loss

good learning rate




AdaGrad (Adaptive Gradient) EARME4E L, IENLRIBIE, T3 vRIERT,

Hep, p BORRIZEIER, g, € ROIZESE TRERIIRIEE. BEEUXEAUEIN, BEEZERTE/.



BETNEEXREMEHEALMXSREEIME, WUHItEBETIEL. SEANEENREX,
BN x (U4 R KT, IBARLERE FEEBNEREMEAEAIER, BESRIE,
Hltt, B—HpuHG EBIEBINEE TEE. FEYVUEE TEZE (Stochastic Gradient Descent,
SGD) thNUiIZSHETIE, S NMFERENHITEN

OR ((9“ X(t), y(t))

at+1 :at o ﬂ“ 80

X(t),y() 25 t IRIECIEENAIHER,
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Logistic [8])3
BAIEN Hinzsl y = 1 (IRREER/:
Py =1|x) =o(wTx) = 1

1+ exp(—wTx)

Hrh, o(-) /9 logistic BRZX, x Fw /9B RIMAREMNERE,
y = 0 BUE5aE==r
exp(—wTx)

Py=0lx)=1-P(y=1|x) = 1+ exp(—wTx)




logistic ERENERE IS — 1 SEE =S A)RYEERETE! (0,1) X8, 158 o (x)

1
O-(X)_lJre‘X N

o' (x) = o1 -o(x) j

AN KHEME x = [xq, -, x ] B, HSE08 o e 2 0 2 4 s
o’ (x) =diag(c(x) © (1 = o (x)))




1.5 5

y=0o(wx+b) 1




87 N 251 (xDy0),1 <i <N, FNIFEBRIBIRKERZL, HRETE)IZGERIXPEEREN :
J(w)= —i(y(i) log (a(wT x(i)))+ (1— y(i))log (1— a(wT xU )))

_ N0 1 (10 _ 1

- ; y" log 1+exp(_WTX(i))J (1 y )Iog[l 1+exp(—WTx(i))H

:_ZN: y(i) - exp(WTx(i)) }L(l— y(i))log[lJrexpzWTX('))ﬂ

= 1+ exp(wT x(i))

- _ZN:(WT xDy® _log (1+ exp (WT x )))

i=1



REEETEE, Jw) 2T wiBER:

O3 (W) _ 5| 000 _ 0 g (w50 L
=3 XUy —xexp(wx _
ot 'Zl:[ ! p( )1+exp(wa('))

N
I ol IO NORENG L
.Zl:[ Y 1+exp(—wa('))J

AR wy = 0, ARRRE NEEHITER
o) (w)

W, =W, + 1



« X_data = {X, X5, ..., X}, Y_data ={yy, ¥, ...,¥,}; X €RXy €{0,1}

<p(y = 1|x,w) = f(x) = sigmod(W'x + b)>
1

1 +e AL vl h

e Loss function:

L(w) = Hp(yilxi, w) = nf(xi)yiﬂ — Flx )Y
=1 i=1

1 n
Jw) = logL(w) = = ylogf(x) + (1 = yDlog(1 ~ f(x)) +y 5 | Wi
i=1







# sigmoideR#FFE L
def _sigmoid{self, x):
z =1.0/ (1.0 + numpy.exp((-1) * x))
return z
# BiERS, EIFEH # B NIRREE
def gradientDescend(self, iters): def costFunc(self):
,‘i"" } ;, n = self.X.shape
h_theta = self._ sigmoid(numpy.dot(self.X, self.theta)) # R TS R

¥ FTREFAERIREER
costl = (-1) * self.¥ * numpy.log(h_theta)
costl = (1.0 - self.¥) * numpy.log(l.0 - h_theta)

m, n = self.¥.shape # I L&A IEN TR

for i in xrange(0, iters):

3 cost = |
theta_temp = self.theta ¥ ZHIELA{E sum({costl - costZ) + 0.5 * self.lam * sum(self.theta[l:] ** Z)) / m
e 1 t
h theta — self. sigmoid(numpy.dot(self.X, self.theta)) # ERIFNEE return cos

diff = h _theta - self.Y
self.theta[0] = theta_temp[0] - self.alpha * \
(1.0 / m) * (diff * 1f.%x[:, 01) # REWRKSEELTI 4 N 4 N p—
B T s = ¥ LEEAEE, REEL (BAEURASHE) , TETNER
for j in xrange(l, n): def predict(self, X):
val = theta_temp[

m, n = X.shape
jl - self.alpha * (1.0 / m) * (sum(diff * self.X[:, j]) + self.lam * m * theta temp[j])

¢ SRS REES ¥ = numpy.array (X)
self.theta[j; = wval # ﬁ%ﬁﬂﬂ
cost = self. costFunc() % I ELHSHMENERT, REBHESL, MEDLEETFEAHEEFTE TR ; ;f\i}fﬁ;lself.xﬂean) / self.xstd
-

if self.printIter:

const = numpy.array([1l] * m).reshape{m, 1)
print "Iteraticn", i, "\tcost=", cost

X = numpy.append (const, x, axis=1)

# IHETNSE S

pred = self. sigmoid(numpy.dot (X, self.theta))
numpy.putmask(pred, pred >= 0.5, 1.0) ¢ 54X TFTETF0.5M=ZIEH
numpy.putmask (pred, pred < 0.5, 0.0)

return pred
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ERELS00FFIRSLF, RTEGIRFTE, 48
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5800
L5
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EBE TS EFP, ATFIUIEHNERR, T)IGERERarIsE, FA—eEn
inE FRM. B, BAER—ISIEESE (Validation Dataset) (tENUFFAZEE, Development
Dataset) KM E—/XERNSEENIEE FERRMN. WREWNIESE FAYEIREABRT

b2, BUFLEIAC, WRRBWIES, FLIE)II4R8E D T3 SIE,

= Em o Em Em E— EE EE o o EE EE O O EE EE EE EE D Em EE gy,

[E5%S

- o o o o oy
-_—ees e e - - - -



MWTFEZRDRAR (RSB C(C > 2)) |, —AREPIPSRAEFEAIEERRTI T\ :

- IBEZERDEIBRMELIRS C PPN ERAR, - CPN— SRR FIHRDRD

R R E SRR A —MEFE D FF

.+ IBEES KA CC - 1)/2 NTEEDKIAD, 1WRECC - 1/2 MEHHLE, B4
FI RIAMEPRIE C £hRFEA—MEFED .

fRPE: —EEXET, RAVSEEIRABEX S HRERY




SoftMax [B]/3;2 Logistic [B]FRIZZ RIS
FAIEN BinEal y = c BIEafER/:

exp (W, x)
:

P(y=c|x)=soft max(wx)= S exp(w]
i=1 i



BUATHIMTRESIERR, ERR. BRI FES,

EEMHE T = (X,1), (oY), SIFFABER Y € {w, ,wd.
RIZDEERAY =31, Ino
MIEFA=E (Accuracy, Correct Rate) J9:

>

Acc ==

Yi:)’i‘
N

=2, |- | IeRER
FOEFREEXI M AV E2ERI=2E (Error Rate)

N A
Z Yi #Yi
it

Err=
N

IEfRZR B IIRTEE R MERE,



ERSER T, BAIFENE N SERRTIERALT, XFRITEERRNEEER, R
BEREZATEREFNFITFEoRTFHNR T ERE, ESFINENTBRAERE

H.
HEHREE (Precision, P) , EiRBIHAYMRSESRIERRBIRI MASERIELH]. XTT2E ¢ Kk,
__Z’\i: Yi= §||
= & N
Zl

AEE (Recall, R) , WEE2ER, BEFEERMISEFERRBIAMISERIELA,

N
i=1
Yi=¢C

yizyi‘
R, =

N
1

i=1
yi=¢



- FHFRE (Sequence Labeling)

« FEIFS) (Active Learning)

- ERFS (Ensemble Learning)

« FBFES) (Transfer Learning)

- Z{F5EEFS] (Multi-task Learning)

- BES) (Reinforcement Learning)
o B4Z3S] (Life-long Learning)

« RFEZF3S (Curriculum Learning)

- EBHEEARZFS] (One/zero shot Learning)



- 1F% EE, WEKASSRY ¥ RERE&BEEURE
TZTEEEQE’JW,E%?:j i @?EXT*SZTEL TIORbEE, o2E. [Eld.
BR. KD HAREFNRZENRE LRSS, BidERE
O, rIEEE OB CHNEUREIZTIESRE.

Data Mining: Practical Machine Learning Tools and Techniques (Fourth Edition)

(EiEIZHEE AiN=RF IR (RBE34R))
http://www.cs.waikato.ac.nz/ml/weka/book.html

) n ~ D X EfR - 1E2EE =2 Foh
G e e e changelogs 2017/9/312:23 ok

Program \Visualization Tools Help

II.IJ

> rAnJicaﬁons
22 WEKA | Explorer |
S  The University
of Waikato { Experimenter J [
L —_—
{ KnowledgeFlow J
Waikato Environment for Knowledge Analysis —_—
Wersion 3.8.1 { Waorkbench J EEEEE
{c) 1999 - 2016
The Univessity of Waikato { Simple CLI J
Hamilton, New Zealand




. zeFZIEMEBICEMS
- FRENESRET DR
- BRIEELEFHIRERES
- IENHERE

- %* \TEF 2&

ﬁ%$,_&

— Transformerf1Seq2Seq Learning
. JEERNERES

- R SERE

— 18)[AJ&=E 2.0 (word2vec)

— JA[AE 3.0 (ELMo. BERT)

« RZE




EFREREN

IR




(SVM. NB.
Maximum Entropy.,
CRF)

FFLEHEX

(Segmentation, I:>
PCA. Shape)
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Low-level
Features

Mid-level
Features

High-level
Features

Classifier




Output
Mapping from
Output Output 1;:;1;
Additional
o Mapping from Mapping from layers of more
i features features abstract
features
Hand- Hand- £
designed designed Features f:p]e
program features i
Input Input Input Input
Deep
Classic P
Rule-based ‘ learning
machine
systems learning Representation

learning




Rz X EVI R Mg E R R 2R EEAA
THZERE, IE— 1 METT. BAssBrIEHELME
DERBE—NEHZFIETE,

IR Soma) PHIHAL MR LB FMZ AN E FEE,
FERRZ AR SHEHNNYEYERREZERES 5 EEF
BB MR BRI INE A E AR A BAT P AN B A TR E RN 3%
i, RSt R AR ATE R HRREIKERD . X
EIbawst e

+ fi58Dendrite) ATLUEZRIBFHE N EHE NI, S BETIUE—
SR MU,

. S (Axons) EILUENMESMIBKMEREIS— MR THEMAR, B4
B2 T — NS,

) S53¢

- ENRSIAT A SRR S B RIHA

SEE(IHEIEINER). SESELHBEE T ENEERN ARAHMEXE,
FEAERRRKIT. Rk R AR B SR EE R H e TT.




(P> o1

BE 2K

LN

0 if ¥ . w;z; < threshold
output = 2.5 i) <
1 if >, wjz; > threshold



+1, x>0

y = f(x)=sign(wlx +Db) sign(x)=

¥= f(x)=sign(wx)

x=(b,x ,X,,X,, X )

w={Lw, ,w,w,,-w }



wilx+b=0




1
L(w,b):EZ(yi—(w-xi+b))2 Fi=w- 2 +b
X{€EM
aL(W b) _ 6L(w b) _
z i—¥i)xi 2 yi—¥i)
X{EM XiEM
wewtd Y (g beb+2 ) Gi=7)

Xi€EM Xi€EM



\

« FEY[AJER 1969, Minsky and Papert




fles W =
( ,e,w,b) =w' max{0,W'ax +c}+b



[0,0]
—  max(0, (

a [_12]T

[1,0]

— max(0, ( i

B [_12]T

[0,1]

—  max(0, ( :1

1 G+ 2D =[]

x:(l)]+0:1

LD -E

a [_12]T

[1,1]

o+ (2 = o

>gﬂ+o=o

o+ (2 = o

x:(l)]+0=1

]+o=o

f(x; W, e,w,b) =

w' max{0,W'z +c} +b

Learned h Space
T

ha




impulses carried Z0 Wo
toward cell body axon from a neuron. RUTw—
branches WoTo
dendrites dendril
) i (Z wiz; + b)
axon : -
nucleus = terminals output axon
activation
impulses carried function

away from cell body
cell body

Z=w-x+b

y=f@)



I

T2

z3

T~
=,

output

1.0 4
0.8 1
0.6 1
0.4 1

0.2

Sigmoid Function

sigmoid function

y=o0(z) =

1 1

1+ez 1+ exp(—X;wjx; —b)

0.0



Training

1 2 0E 0EQdy 0z
E=1) (- _0Edy
2 ow; 0y 0z dw;
output
1 0E (t =)
y = 14e— % ay - y
—=y(1-y)
7 = Z W;X; 0z
i 0z
aWi Xi
1 wil
xQW\y output a_E__t_ 1— .
N o =~ =M yA -y



Other Activation Functions

Logistic (a.k.a Soft step) HE T | flz) = H% fl(-r) = f(z)(1- f(z))
—— 2 ,
Tani | f@) = tanh(a) = 1 — 1 f@)=1-f(@)’
o 1
ArcTan ____/ f(z) =tan™ " (x) fl(z)= 2141
s , 5 0 for z2<0 , [0 for 2<0
Rectified Linear Unit (HeLU)m f(-T) = { r for z > 0 f (.r) - { 1 for = > 0
Parameteric Rectified Linear Unit f(z)= ar for r<0 f'(r) _Ja for z<0
(PReLU)®] - x for x>0 “ 11 for >0

rectifier(x) = max(0, Xx)

rectifier REWANBEY LR, MERFRLRMALTTEERMIDG]. SXELR. %
FReEEIS ., SR rectifier BRENAIERTTHINUEIELR 4 B TT (rectified linear unit, ReLU)



m BUTR L ML

Feed Forward Neural Networks

input layer




o | NHEMEEEE
.« 'R BIEEHETCHIN N
o [1(2)FTREIEHEEREL

» WERTERIERINE

° bl%/_}%ll
¢ Zl%ﬁ%ll

=TT R E
=L TTHIIRTS

° yl%/_}%l/

=L TCHYSI

2l = wl.yl=1 4 p!
yt = fi(z")

zt =wh- fi(z""1) + b



ONON
S
Input x Q \:» Q N output y

020~ O

x>zl > fi(z) -5 22 > f,(z2) > ... Szl fi(zh) - . szl fiEzh) -y



E=3 Z (t; = ¥)?

output

input layer




ill&k: Error Back Propagating

[+1 E=1Z(t._y.m
Zk+1 z Zl+1 2output ! !
l+
l W]
j
l C)j 0E _ 0z; OF _ aEy_
7! ow;; Owj0z; 0z~
Wll] l
-1
V; _ 0E 0y; 0E OE
-1 : i = = v =y
Yj

I~ 3,0 gl
dz;  0z; Oy;

0E _z:&zl+1 o0E
L 6y] dzitt

_ 1 _ o0y; 4
Y= 1vez zZ= /) Wi l
i z Wﬂjl 0 I+1
Zk



910185
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— 2= - OE
. 6l - 0z!
\ 7 .
ﬁi% K? EEQITGJ:E/J-L?E%
. £|:’. z:l‘EFI QITEJ:H/\J.IQEE
— 8L = p

( l+15l+1)®f’(zl)
— o6t =(w




E
(OO
';'

2
2

AN

‘t
N
X
N

0‘

A

tput layer

hidden layer 1 hidden layer 2

(U

output layer £
input layer .

hidden layer



http://www.asimovinstitute.org/neural-network-zoo/

A mostly complete chart of

Q Backfed Input Cell N e u ra l N EtWO rks Deep Feed Forward (DFF)

- Input Cell ©2016 Fjodor van Veen - asimovinstitute.org

é‘ Noisy Input Cell Perceptron (P) Feed Forward (FF) Radial Basis Network (RBF) — "

4V QY
vt
o
@ Hidden Cell - - _ N A
© Probablistic Hidden Cell - 8 8

1!.!.
@ spiking Hidden Cell

WAV

Recurrent Neural Netwaork (RMNN) Long / Short Term Memory (LSTM) Gated Recurrent Unit (GRU)
O Q a0

© outputcell ¥ . |
. Match Input Qutput Cell R - -
- “' "" "f“
- \n'.\n’.\

. Recurrent Cell

M Cell o B
. emary Ce Auto Encoder (AE) Variational AE (VAE) Denoising AE (DAE) Sparse AE (SAE)
. Different Memory Cell - o .

'- Kernel

O Convolution or Pool - - O “
"~ . : \ f' X




A= FINERERE

- B

Convolution Neural Networks for  Google Brain Project on
Handwritten Recognition 16k Cores

1958 Perceptron 1974 Backpropagation 1998 § | I 2012

awkward silence (Al Winter)

1969 1995 2006 2012
Perceptron criticized SVM reigns  Restricted  AlexNet wins
y r Boltzmann ImageNet

Machine | A AGENET
v

http://www.andreykurenkov.com/writing/a-brief-history-of-neural-nets-and-deep-learning/



TensorFlow

—  @HFLR Python TEE, LinwdME, WILIE(FERS CPU BkE GPU BIIRE LiE1T

(Py)Torch
— Facebook FF4& Lua TEE, MEFPythonfkZN,
— 7548 CPU #0 GPU t]J#a

Caffe ( Convolutional Architecture for Fast Feature Embedding )
—  —MNAE&E CNNBXEIERIHESR, Caffe 23 C++ F Python SCIRRY,
- FrESCIRYMNR SR LAERCE e AR 2 miD.
— BAI7E GPU E3CI CNN SRR 7B Tesla K20 128 £, X4t I 20million B,
- FERATHETIRRT
Keras
- —RENEERERAERE W2
—  7c42 CPU ] GPU t])#& GPU Accelerated Deep Learning
- XFEHESHEE
DyNet
—  (EENLPRSE) , W
MXNet
- (B BEFES

Tensor
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 The meaning of a complex expression is determined by the
meanings of its constituent expressions and the rules used
to combine them.
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WD HRT

The first thing you do with a word symbol is you convert it to a
word vector. And you learn to do that, you learn for each word
how to turn a symbol into a vector, say, 300 components, and
after you' ve done learning, you' |l discover the vector for
Tuesday is very similar to the vector for Wednesday.

ience | DOI:10.1145/2874915

Deep or Shallow, .
NLPpIs Breaking Out [Geoffrey E. Hinton. 2015]

Neural net advances improve computers’
language ability in many fields.
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[Firth 1957]

[Hinton 2006] Eiﬁaé/}@%g
— [Bengio 2003] HINTHIRT

| [Dagan 1993] 2 T AEF#AT
- [Schiitze 1992] D fEZRR

[Brown 1992] HETFEXEMY

1940 1980 2020
&

St

[Church 2011]
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Add & Norm

Multi-Head
Attention

Add & Norm

|—l—| Feed

Forward
% - > »
| J \
Positional Positional
D @ '
Encoding Encoding
I Input l I Output I

Mary loves John E-0-S Mary loves 3John E-

Add & Norm

-S ! !

Inputs Outputs
(shifted right)

SRR ) 2% SRR )N 2% Transformer
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— Transformerf1Seq2Seq Learning
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| want to play game with that little boy.



Outputs , Q
e % Hidden
h I Layer

L 1 |
[E—— cted layer Inputs O O O
pocling ith an

Time 1 2 3 4 5 6 7

Convolutional Neural Network (CNN) Recurrent Neural Network (RNN)

TEI R PYLE
Pg = so-called climate change

XE_—C. LT T

Wy W

xd=(§|0 [T *

Wy = so-called

Pp = climate change

W, = climate

W, = change

Recursive Neural Network (RNN)

B FEHEZ I 4

Output
Probabilities

Add & Norm

Add & Norm

Ed o Multi-Head

Attention
Nx

Nx Add & Norm
Add & Norm Masked

Multi-Head Multi-Head
Attention Attention

A ) A )

& J \ J
Positional ® @_® Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs
(shifted right)

Transformer



a train traveling down a track
next to a forest.

a group of young boys playing
soccer on a field.

H WALTHERSIKSNANL

a tennis player swinging a racket a man wearing a suit and tie
at a ball. talking on a cell phone.‘

a man riding a wave on top of a surfboard .
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Examples

Input (zero-padding) (5x5) Filter W (3x3) Output (3x3)
x[:] wi[::] of::]

1 CIs OS] R O 1 1 1 1

2 1 1 2 1 01l-11]0

1 1 2 | 2| (B0 0 l-1]]1




Input (zero-padding) (7x7) Filter W (3x3) Output (3x3)
x[::] wil::] of::]
OB RO [NON| EOW WON WO W6 1 1 1 -2
0 ] 1 OB FON ROW B0 o O fl-1([0
0] 2|1 10 (2 WS 0 []-1([1




00 0
Identity 010
000
1 0 -1 0 -1 0
0 o0 Sharpen =1 B =1
-1 0 1 0 -1 0
1
; 2 Box blur 1 111
Edge detection 1 -4 1 = = 111
1 0 (nornalize 11 1
-1 -1 -1
Gaussian blur 1 121
e S 16 2 4
=10 =1 =1 (approxination)
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hidden layer

output layer

input layer

2O
O _ Dy (1-1) O]
x® = rQ wx 7 + 50
J

z; = Z w;x; + b; Xi+1 = f(z;)
5
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= f(iv(” XD by )

Heh, w® e R™ Im4ERTERES,

X(l) =f(W(l) ®X(l—1) _l_b(l))

i—l+m

RERE., X, B6FRER, RIRFEm + 1788 B, B+ 1 EEETH
HAREREFR, MEHENTD =n0 -m +1



EEGES, BGREU—EEENFBAIISENET, ELR(IIEE 4510
BRig xt € RWrXh) ] x (-1 ¢ RW- -0 3 BIREEIEFNE | — 12A0ETTEME, ! Em

FB— 1 ITRA:
0 [ZZ ). x () +b(:)]
5.t S—i+u,t—j+v

i=l j=1

Heh, w0 e RVHFIEATIEREE, bONRBHERE.
X0 = f(WO®x) 450

F - 1 ENEETT &jJWthl HBw, =w,_,—u+1Lh=h_—-v+1
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ZMEPE—AE B IUF—RYSMEREY (Feature Map) .




14x14x32

pooling

N
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.« [&(X4EE: Pooling. Subsampling
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X TEREERIRI—MFERRET XO, FATrTLUG XO R ARSXER,, k=1, K,
XEXFRILAESE, BaLIARESE. — P RiFREEdown(+) EXJI:

x(" = f(2{")
= £(w"-down(R,)+b")
Hep, wt+D 0 b)) 332G ETRESEL.
XU = f(2)
= f(w"-down(x")+")

down(x') BIEFRIFSHVEIRST



BEAERE (Maximum Pooling)

pOOZmax (Rk) = maxa;
LER

=/IMEZFHE (Minimum Pooling)
poOlmin (Ri) = mina;
SE19{E (Average Pooling)

|R|
1
ool Ry) = — a;
p ave( k) IRkli;k i
« TopKXx#t* (Average Pooling)
pOOlk (Rk) = tOpk a;

iER}
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112112364 Single depth slice
Lo @ | EEHIEl 2 | 4
max pool with 2x2 filters
Ses 7 | 8 and stride 2 6 |8
3 | 2 i 3|4
. 1| 2 PSS
- e 112
downsampling
112
224 y
4 3 | 8
7 2 6 3 7




LeNet-5 E/ARBRTEILCIRE, (BER— 1 IEERINNFHEMERE, ET LeNet-5
EI’\J?—%%ZE%Q%U%@EE 90 FBEERZIRITER, AR RIE FENFEHEF.
LeNet-5£5F 7 =.

C3:f. maps 16@10x10
INPUT C1: feature maps S4:f maps 16@5x5

32x32 b 52 f. maps
GE14x14 r

Full connection Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

LeNet-5 fZ&4554)
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GPM+Bigdata

Inception V2 FCN STNet CNN+RNN/LSTM




ResNet
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1FM@E: | love this movie.
TAME : The director could do better than this.




| CNN-GFRIRHESR

paper: http://arxiv.org/pdf/1510.03820v4.pdf

code: https://github.com/dennybritz/cnn-text-classification-tf
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http://arxiv.org/pdf/1510.03820v4.pdf
https://github.com/dennybritz/cnn-text-classification-tf
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o BIAHHZEMIZE ( Recurrent Neural Network, RNN) , tBAUiEI3
MR, XENTX3ISB/M—FE)IHEMEE ( Recursive
Neural Network) , A JFRIIEIAHEEMILE.

— HIEEEMNEIE NI B EEE R EER, AR,
T =R AR IEEE,

— RIEEREMNEZIMIIAY, EREiREX N E R T
BUAYEIN.

- EIMBREMNZEI(FERTERIEIHESTT, BB IEERE
BIES, TEIAFREME L BITEFRE N E B NIRT S YIRS
5, BIAEENEELH ZNAEEEF IR, BERLIE
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o IETE—PEINFEF T =
(x(l)’ x(Z)) L x(t)’ L x(n)) I ?‘EH{?‘$2§M2§
BT FEANEHHRIRIAAERERE
B h(t), BRI

__Jo t=0
"7 )fhy 1, %) otherwise
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- RIRAIZI tBY, WAA X, RERE (FREH
22ITiEE) A h . h AMNFZEIRIZIATHRIA
tHX, B LE—PEZIBERERSHEX.

» —HRFRANERIAN N RREL:
h,=f(Uh;_1 + Wx;+ D) y; = softmax(WS h,)

- X8, fEAFIERZL, BHE /I sigmodRENE tanh
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=[[1,1,1],[2,2,2],[2,1,2]]
=[[2,1],[1,2],[1,3]]

* X,=[1,2.
+ x=[2,3 - -

> by [ by e

 x=(21 e s A s o

i

e =[1,1,1]
¢ ql — ¢ h,=Uh; 4 + Wx,
+ h, = T

h, = f(Uh,_y + Wx, + b)



o {EIHL WZ%E’J?‘**&UIIQﬁTL)\l_l_BLHTIEU
i_ﬁ&ﬂﬁ%}%% (Baokpropagahon Through
Time, BPTT) &

H--F-r--r- =T

P. J. Werbos. “Backpropagation through time: what it does and how to do it” . In: Proceedings of the IEEE 10 (1990).
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h = f(Uhe—y + Wx; + b)

Oyt OJt

oU ohy
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t
_ H U™ diag[f (h;_,)].

I=k+1






« BNIENX v = ||U"diag(f'(h;i—)||, NELEANFRIESERS
yiE . WRy>1, Ht-koolf, y'F 5w, Q/AERERIRTE,
EEFMENHEEIRFBERIEDE,; Bk, WRy<1, HAt-k-—
o ff, Y- 0, SHEIMILRERIIREEMERUIRIEEERKEE,

- Eitt, RAEPREIANENIES TGRS KATE)ERRAYRS Z BIRY
fK§iXZ& (LongTerm Dependencies) , {ERHETHEIEFEERA
i, SChR EREExSIEEERARMKEIRR. X EFmMERIT<HRkER
R




o« KISAICIZRELMZE (Long Short-Term Memory
Neural Network, LSTM) %{E%{Eﬁ jggﬁg_/,\/};g

IR, BTSSR e (R e I LR A KR
VN =E S|

« LSTM RBIRYKHEERSIAN T —HICIZEHTT ( Memory
Units) , IFMNBEILAFIAINESHEER, {7
A PR R Az T, T‘HT?Jtﬁi 1ETZE TT
c, 16%7§Uéﬁuﬁjﬂjjjtﬁ’]ﬁm%}_ HER, A==
=wl AL, l_lu|jf$|:|¢HJL_||j0t =
/\DE’JE%H’J{ET % [0, 1] ZI8&l,




» TERYZI t B LSTM RYEEF ATV R
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V_ EXIiE

h,=f(Uh,_y + Wx; + b)
Wix¢ + Uht | + Vier 1),
Wixt + Uty + Vit 1),
WoXt + UOhf—l + VoCt)a

Q9 9 9

ht =0t tanh(ct),

2, x2S EIRYZIRYIA, o =2 logistic BRZEY, V,, Vi,

%5, BT[] fEHE— T AFRTERESS

MR, fiﬁfu J
Hi Jo =2 HlE—1NRTFE

]l

AN ifZdE— 1T NFRITIAZ DFHIER,

At ZIMER.
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General RNN LSTM
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i = o(W; - [he—1, x¢] + b;)

"%, C; = tanh(W - [hy—1, x¢] + b¢)
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@D 0 = o(W, - [he_1, %] + b,)
® ht = Ot * tanh(Ct)




hy
her( 2 \I‘ Zt=0 (Wz % [ht—l»l't])
" re =0 (W [he—1,24]) L L fo=0Wy(Cegheor, ] + by)
-

i iy = 0 (Wi-[Ce—1,hi—1,24] + b;)
ht = tanh (W ° [Tt * ht—lvmt]) 0 = U(Wa'[Ct:ht—ltrt] + bO)

ht:(l—zt)*ht_1+zt*l~lt

GRU Peepholefiiz



| JBRMEIREETT (Gated Recurrent Unit, GRU) 2—FHLE LSTM B INE{LRIRRAS,
£ LSTM B, A MRS JREA KR, RARRBRAN IR TR, GRU
BaIAIISIE= &7 — 1) BE#fl] (Update Gate) , ERSEESFHT
1ICIZB oA ToiEME. GRU RBIRERAN]): Bl ) zFIEE ] r. EFl]
z ARz H 2RISR ER =2/ O hRERIERSZ/DHER. BRI rH
XiEHRSASHEZMEEENAFREEFEE,

GRU REBIRIEFT GO :
ry = o(Wrxt + Urh_q)
zt = o (Wzxt + Uzhy_ 1)
hy = tanh(Wex; + U(ry @ hy_q)),
hy =2z @ h_y + (1 — z) ©hy,

— IXEi%E tanh REEEFRAESEHEEKRRIER



BasicRNNCell

class BasicRNNCell(RNNCell):
def __init__(self, num_units, input_size=None, activation=tanh):
if input_size is not None:
logging.warn("%s: The input_size parameter is deprecated.", self)
self._num_units = num_units
self._activation = activation

@property

def state_size(self): ht = f(Uht—l + Wxt + b)

return self._num_units

@property
def output_size(self):
return self._num_units

def __call__(self, inputs, state, scope=None):
""Most basic RNN: output = new_state = activation(W * input + U * state + B)."""
with vs.variable_scope(scope or type(self).__name__): # "BasicRNNCell"
output = self._activation(_linear([inputs, state], self._num_units, True))
return output, output



fe = 0g(Wyze + Ughi—y + by)

it — O'Q(Wi:I:t + Uiht—l + bt)

o = 0g(Woxy + Ushi—1 + b,)

¢t = froc1 +i oo (Wemy + Uchy—q + be)
hy = ot o o (ct)

def call(self, inputs, state):

"""long short-term memory cell (LSTM)."""
sigmoid = math_ops.sigmoid
# Parameters of gates are concatenated into one multiply for efficiency.

if self. state is tuple:
c, h = state

else:

¢, h = array_ops.split(value=state, num or size splits=2, axis=1)
concat = linear([inputs, h], 4 * self. num units, True)
# 1 = input gate, j = new Iinput, f = forget gate, o = output gate

i,_j, f, o = array_ops.split(value=concat, num or size splits=4, axis=1)

new c = |
¢ * sigmoid(f + self. forget bias) + sigmoid(i) * self. activation(j))
new h = self. activation(new c) * sigmoid(o)

if self. state is tuple:

new state = LSTMStateTuple(new c, new h)
else:

new state = array ops.concat([new ¢, new _h], 1)
return new_h, new state



GRUCell

Zt = O'Q(szt + Uzht_l + bz)
o-g(W'rmt + U‘rht—l + b'r)
zzohy 1+ (1—2z)oon(Whay + Un(rs o hy_1) + by)

=~
o~
I

53
I

def call(self, inputs, state):

""gated recurrent unit lLH | with nunits cells. ™™™
with vs. varlable - scope(’ gates ): # Reset gate and update gate.
# We start with bias of 1.0 to not reset and not update.

bias_unes = self. bias initializer
if self. bias initializer is None:
dtype = [a.dtype for a in [inputs, state]][0]
bias ones = init ops.constant initializer(l.0, dtype=dtype)
value = math ops.sigmoid(
_linear([inputs, state], 2 * self. num units, True, bias ones,
self. kernel initializer))
r, u = array_ops.split(value=value, num or size splits=2, axis=1)
with vs.variable scope("candidate"):
c = self. activation(
linear([inputs, r * state], self. num units, True,
self. bias initializer, self. kernel initializer))
new h = u * state + (1 - u) * ¢
return new_h, new h



for time, input in enumerate(inputs):
() if time > 0:
t varscope.reuse variables()

____—®
®

g

# pylint: disable=cell

call cell = lambda: cell{input , state)

= I-"r"-l‘. int:

-var-tfrom-1 oop

enable=cell -var-from-loop

1 |
® @ ©

outputs, states = rnn.rnn(cell,
embed_inputs,
sequence_length=self.lengths,
dtype=dtypes.float32)

if sequence length is not None:
(output, state) = rnn_step(
time=time,
sequence length=sequence_ length,
min_sequence length=min_sequence length,
max_sequence length=max_sequence length,
zero_output=zero_output,
state=state,
call cell=call cell,
state size=cell.state size)
else:
(output, state) = call cell()

outputs.append(output)
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the cat sat on the

[ICML 2017, Tutorial]
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RNN-based Seqg2Seq

RNN Encoder-Decoder (Cho et al. 2014):

Y1 Y2 YT
1IN N
Decoder | s,

S ver | ST

_—

Representation 5 C

Encoder | h: h, | e
] |
X1 X 5l
W X Y Zz <EOQS>
T A A A A
> > > > > > >

o
(@]

<EOS> W X Y



tation

l-of-K coding Word Represen

e = (Economic, growth, has, slowed. down. in, recent, years, .)

.Iapo-:)é(]



has to remember the whole sentence

fixed size representation can be the bottleneck

humans do it differently

30

BLEU score

u

=

=
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| = RNNenc-50

= RNNenc-30

performance drops on |
Iong sentences

o
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20

30 40 50 60

Sentence length
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Seq2Seq with Attention
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<end>

Neural Machine Translation by Jointly Learning to Align and Translate (ICLR 2015)



p(vilyts -y Yim1.X) = 9(Yi—1, Si. ;)
Yia
—=S S; — f(S?:—Lyf.—L. Cé)
T,
Clt 1 Gt Cc; = Z li'lzi'_j h-j
Gt 2 Cli 3 .j:]'

eXP €5
o = P (€35)

=
=l = - > i exp (eir)
h o o= =<

e;; = a(si_1,h;)

P

Key: SRINZAH AL

7l

R TENE? a(s;—1,h;) = -U;r tanh (Wys;_1 + Uyh;)



BLEU score

— RNNsearch-50 ST

Model All No UNK*°
RNNencdec-30 | 13.93 24.19
RNNsearch-30 | 21.50 31.44
RNNencdec-50 | 17.82 26.71
RNNsearch-50 | 26.75 34.16
RNNsearch-50* | 28.45 36.15

Moses 33.30 35.63

RNNsearch-30
RNNene-50

- RNNenc-30

0

Sentence length




by ent362 ,ent300 updated 6:06 pmet ,thumarch 26,2015
(ent300 )the " ent321" series will have to handcuff a new
dlre. directed ™" ent71," told ent286 that
she wo n't be back for the sequel,”” ent700 ." " directing’
ent135 'has beenanintense andincredible journey for
whichiam hugely grateful ," she said in a statement to the
site .”” while iwill not be returning to direct the sequels , i
wish nothing but success to whosoever takes onthe
exciting challenges of films two andthree ."'ent71' :what
fans hopedfor ? the first film inthe best - selling book series
has been hugely successful ,pullinginmore than $ 550
million worldwide since it premiered in mid-february ,but
there have beenrumbles that creative clashes were inthe
offing for the sequel .author ent341 has a great deal of
controlinhow her books are presentedon screen ,andshe
made it clear that she wanted to write the screenplay for
the second film ,ent 184 reported last month.ent28 wrote
the screenplay for ™" ent71." the story behind mr.ent289 's
suits the film stars ent344 as billionaire ent275 --a man of
certain sexual proclivities -- and ent407 as his romantic

partner ,ent389 .

X bows out of the ™" ent321" sequel

by ent339 ,ent42 updated2:59 pmet ,thumarch26 ,2015 (
ent42 ) callit™ ent351 ." aeni396 state trooper caught a
driver usinga cardboard cutout of ent421 the'ent364 beer
pitchmanknownas ™ ent397 ." the driver ,who was by
himself ,was attemptingto us.etrooper
immediately recognizedit was a prop and not a passenger,
"trooper ent367 toldthe ent375 ."* as the trooper
approached ,the driver was actually laughing ." ent 143
sent out a tweet with a photo of the cutout --who was clad
inwhat lookedlike a knit shirt ,a far cry from his usual attire
--andthe unnamedlaughingdriver ;" ido n't always violate
the ent303 lane law ...but whenido ,iget a $ 124 ticket lwe
"llgive him anafor creativity !" the driver was caught on
ent300 near ent327 ,ent396 ,just outside ent53."" he
could have picked a less recognizable face to put on his
prop,"ent143 toldthe ent375 ."” we see that alot .usually it

's a sleeping bag .this was very creative ."

adriver was caught inthe X with a cutout of " ent7 "

Teaching Machines to Read and Comprehend (NIPS 2015)
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A Neural Attention Model for Abstractive Sentence Summarization (EMNLP 2015)



<p> They agree </s> <p>

Embeddings

Convolutions

Gated
Linear

Attention

Dot products

A

j;% J

H ] (I .

|

<p> <S> Sie stimmen zu Sie stimmen =zu

Conv seqg2seq, Gehring, et al, 2017

</s>

Output
Probabilities

(| Add & Norm -
Feed
Forward
e 1 R | Add & Norm z
R —— Multi-Head
Feed Attention
Forward ) Nx
 —
Nisz Add & Norm
f—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
At ATmmh—

—_— J \_ =)
Posiliqnal ® @ Positional
Encoding Encoding

Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Att is all you need,
Vaswani, et al, 2017



Die  Katze schlief ein ein schlief Katze Die

“ Bi-directional LSTM

Encoder

Soft Attention

LSTM
Decoder

—)
)

the cat fell

[Denis Yarats, 2017]



ConvS2S

<p> Die Katze schlief ein <p> <p> Die Katze schlief ein <p>

Convolutional
Encoder

Context
Stack

Attention
Stack

Soft Attention

LSTM
Decoder

the cat fell

[Denis Yarats, 2017]



<p> Die Katze schlief ein <p>

-

<p> Die Katze schlief ein <p>

Convolutional

s

s

Encoder

r

.

the cat

T
WL

Predict next word
from previous
words

fell

Gated
Linear Units

Soft Attention

Convolutional
Decoder

[Denis Yarats, 2017]



Scaled Dot-Product Attention

Multi-Head Attention

Position-wise Feed-Forward Networks

Positional Encoding

Qutput
Probabilities

| Linear |

Add & Norm

Ui

Feed
Forward

Add & Morm

I

y ™
__Add & Norm | .
i B Multi-Head
Feed Attention
Forward N )
L 3
N Add & Norm
Add & Morm VR
Multi-Head Multi-Head
Attention Attention
— e/
. o \_
Positional
: 1 o
Encoding Y
Input Output
Embedding Embedding
Inputs Outputs

(shifted right)

Positional
Encoding



Transformer : Scaled Dot-Product Attention

Scaled Dot-Product Attention Q: querieS, K. keyS; V: values

KT
1 Attention(Q, K, V') = softmax( ¢

1%

MatMul VvV
f 4+
SoftMax
+ def attention(query, key, value, mask=None, dropout=None):
Mask {DDt} "Compute "Scaled Dot Product Attemtion'”
* d_k = query.size(-1)
scores = torch.matmul (query, key.transpose(-2, -1)) \
Scale / math.sqrt(d k)
* if mask is not None:
MatMul scores = scores.masked fill({mask == @, -1e2)
p_attn = F.softmax{scores, dim = -1}
T T if dropout is not Mone:
) K W p_attn = dropout(p attn)

return torch.matmul{p_attn, walue), p attn



Transformer : Multi-Head Attention

MultiHead(Q, K, V') = Concat(head;, ..., heady, )W
where head; = Attention(QW?, KWX vwY)

Where the projections are parameter matrices W}Q € Rimaaxdi K ¢ Remosaxdic 17V ¢ Relmoserxdy
and WO g Rhdv>dmosar,

Multi-Head Attention

1 class MultiHeadedAttention(nn.Module):
def __init_ (self, h, d_model, dropout=8.1):
Linear "Take in model size and number of heads."
super(MultiHeadedAttention, self)._ init_ ()
1 assert d model ¥ h ==
# We assume d v always equals d k
Concat self.d k = d_model // h
Ab self.h = h
- AN - self.linears = clones{nn.Linear(d_mocdel, d_model), 4)
- ' self.attn = None

Scaled DOt'PrOduct ! self.dropout = nn.Dropout(p=dropout)
A — N
Attentlon def forward(self, query, key, value, mask=None):
! 'y I I "Implements Figure 2"
P 1 ¢ { if mask is not Mone:
L4 Ve £ # Same mask applied to all h heads.
Linear Linear L}‘ Unear mask = mask.unsqueeze(l1)
nbatches = query.size(@)

# 1) Do all the Linear projections in batch from d model => h x d _k

query, key, value = %\
[1(x}.view(nbatches, -1, self.h, self.d_k).transpose(l, 2)
for 1, x in zip(self.linears, (query, key, value))}]

# 2) Apply attention on all the projected vectors in batch.
x, self.attn = attention(query, key, wvalue, mask=mask,
dropout=self.dropout)
# 3) “"Concat" using a view and apply a final Linear.
X = x.transpose(l, 2).contiguous() \
view(nbatches, -1, self.h * self.d k)

return self.linears[-1](x)



Transformer : Position-wise Feed-Forward
Networks

Output
Probabilities

FFN(z) = max(0, zW; + by )Wa + b

Feed
Forward
‘IIIIIIIIIIIIII.‘
e I N |1 (Add & Norm z
L] _,l l I
. o { [ Muiti-Head class PositionwiseFeedForward({nn.Module):
- Feed 1 | Attention : '
- Forward ) Nx "Implements FFN equation.”
] ) I PR e ] def init (self, d _model, d_ff, dropout=8.1):
N —(Add & Nom ) = (;rm super(PositionwiseFeedForward, self)._ init_ ()
aske
Multi-Head Multi-Head self.w 1 = nn.lLinear(d model, d_ff)
Attention Attention self.w 2 = nn.linear(d ff, d_model)
. N JRS e — ) celf.dropout = nn.Dropout(dropout)
Positional Paositional
- D @ T def forward(self, x):
Encoding Encoding !
o T return self.w_2(self.dropout(F.relu(self.w_1(x))))
Embedding Embedding
Inputs Outputs

{shifted right)



Transformer : Positional Encoding

Output

sl: IRBRNNEZEEFRF(UEEE
M - et

. fiIBembeddings (arXiv:1705.03122v2)

 Sinusoid:
. i 'Qéfdmmkl
Feed W o= @ 3
== PE(05,2iy = sin(pos /10000 )
. V21 /d,
PE +1) = cos(pos /10000 Fmodel
r \ (pos,2i+1) (pos/ )
_ ;
coo o Multi-Head
Fﬁﬁmd Attention \ class PositionalEncoding(nn.Module):
S ) . "Implement the PE function.”
R 2dd & Norm def init (self, d model, dropout, max len=5022):
Nx ~>{_Add & Norm | Maémd super(PositionalEncoding, self).  init_ ()
Multi-Head Multi-Head self.dropout = nn.Dropout(p=dropout)
Attention Attention
— | —— # Compute the positional encodings once og space
e — g g
gramnmEl o g EERERRRRRRY pe = torch.zeros(max_len, d_model)
» Positional D ot Pasitional = e - R
= Encoding . Y Encoding = position = torch.arange(®, max_len).unsqueeze(l)
aEmmmEmEEE Ut Output ]S nneEet div_term = torch.exp(torch.arange(@, d_model, 2) *
Embedding Embedding -(math.log(18e6&.8) [/ d_model))
I I pe[:, ©::2] = torch.sin(position * div_term)
Inputs Outputs pe[:, 1::2] = terch.cos(position * div_term)
(shifted right) pe = pe.unsqueeze(@)

celf.register_buffer('pe’, pe)

def forward({self, x):
®x = x + Variable(self.pe[:, :x.size(1)],
requires_grad=False)

return self.dropout(x)



Convolution Self-Attention

P72 S s N

[ICML 2017, Tutorial]



Convolution Self-Attention

N2 S S

[ICML 2017, Tutorial]



r= =1 r—==—1 r= =1 r= =1
! ! l l ! !
! l l l l ! ! !

Encoder-Decoder Attention

. 1= =1 1=~ c ik
| I | I | I | | |
l | | | | | I I | l
A —— ——— 1 L 1
Encoder Self- MaskedDecoder Self-
Attention Attention

[ICML 2017, Tutorial]



BLEU Training Cost (FLOPs)

Model
EN-DE EN-FR EN-DE EN-FR

ByteNet [17] 23.75
Deep-Att + PosUnk [37] 39.2 1.0 - 10?0
GNMT + RL [36] 24.6 39.92 2.3-1019 1.4.10%
ConvS2S [9] 25.16  40.46 9.6-10% 1.5.10%
MoE [31] 26.03  40.56 2.0-10 1.2-10%
Deep-Att + PosUnk Ensemble [37] 40.4 8.0 -10%Y
GNMT + RL Ensemble [36] 2630  41.16 1.8-10%0 1.1-10%
ConvS2S Ensemble [9] 2636  41.29 7.7-10 1.2-10%
Transformer (base model) 27.3 38.1 3.3.1018

Transformer (big) 28.4 41.0 2.3.10"
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P(S) = P(Wl,W2 ,WS,“',W’I)
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Representation Classifier

p(quick|C) » p( fast|C)
R( fast) » R(quick)



f(wr ’wr—l N ’Wr—n+l) - P(wr I W.t—l st "w:—n+l)

f[wc J wr—l - w:—n+1 ]: g[wc 'C[Wc—l ]""C[Wt—nﬂ D

1
L= T zlﬂgf(wnwt—h”' ,w,_,,.,.l;ﬂ) ‘|‘R(9)-

eYw
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e



i-th output = P{wy, = i | conrext)
l

| sotmes

= Erm—
most | computation here %

U y = b+Wx+ Utanh(d + Hx)

tank

x= (C{W;—I },C{“’I—])v" ’ '-'C(“"t—n+l :'}

dlog P(w|w,_y,- W_ns1)
B+—B0+¢
e o) ... @ -9 e %) a0

index for wy_g index for wp_z index for wy_,
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The first thing you do with a word

symbol is you convert it to a word
vector.

[Geoffrey E. Hinton. 2015]

Deep or Shallow,
NLP Is Breaking Out

Neural net advances improve computers’
language ability in many fields.
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- HEFEBEREFDHERR! (Latent Factor Model)
4 TR R R, ST

2
> () (108(%) —plg; + b+ bf))

i:jevawij %U

08
06
f(Xiz)
(:B/xmaa:)a ﬁ]]% r < Tmax 04 |
f(z) = | :
1 HEesEi ol
xmax
a =3/4

Xmax = 100



- NS HEmAXEER
_ LogWigktpiEm  ye) = b® + e(w;) b+
e(wi)TH [e(wi—(n.—l)); e §e(wz‘—l):|
— CBOW yw) =€)y > ew))

j=i—k.i—1;j=i+1,i+k

Count Cost

- ALIE{ESTE

. 1 r
— Swivel zi; >0 5 (@) (wi w; — pmi(i; 7))?

[Shazeer 2016] T

Tij = log [1 + exp ('!L’i- w; — pmi*(i;j)ﬂ




» SoftmaxZEHYITEIOE p(w|h) = eXp(hTWz
Yo ey €xp(hfw))
— Softmax-based ‘

* Hierarchical /\
e Differentiated

= poPlge = 0) Plws) = poPlgo = 1)
* CNN-Softmax /\
¢ nnn Leaf w, Leaf w2
] Plwy) = pPlq =0) Plwg) =pPlgy =1)
— Sampling-based ;
° |mportance Samp“ng Noise classifier @Vs@@@@

* Noise-Contrastive Estimation
* Negative Sampling

Hidden layer

> g(embeddings)

Projection layer the cat sits on the Imat




 word2vec: ITEIRIFE; GloVe: FERITHE
- RBERF. RBEAS
- Ba1E5, B ((1589) dumPiErhlgk
- HESEWNERNERIZE, BRI
- KiErt, (EREEEREE (CBOW)
- /JMER, (FFSZHEEY (Skip-gram)
.« (ERMESHEXIA LS, mIFEdRENTFRE
- HNERE/EIFE (FRIFRTFEERR, T-E/EEFRRE
BXRAR)
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ll A Review of the Recent History of NLP

by Sebastian Ruder (Deep Learning Indaba 2018)

2001 ¢ Neural language models
2008 ¢ Multi-task learning

2013 ¢ Word embeddings

2013 ¢ Neural networks for NLP
2014 ¢ Sequence-to-sequence models

2015 ¢ Attention

2015 ¢ Memory-based networks

2018 ¢ Pretrained language models
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Special task:
Lack labeled data

Large-scale unlabeled data

contextualized representation models
Better word representation

Pre-train language model
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Pre-trained bi-LM

|| Concatenation
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Backward LM

Token
representation

New York is located ...
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— = Forward LM

Token
representation
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B-LOC E-LOC Sequence
T T tagging
% Dense
[ 12 f [ o3 g' Sequence
representation
e - bi-ENMN
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Concat LM
* * bi-RNN (R,) embedding
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Token
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INCREASE
TASK PrREVIOUS SOTA OUR ELMO + (ABSOLUTE/
BASELINE BASELINE RELATIVE)
SQuAD | Liuetal. (2017) 84.4 | 81.1 85.8 4.7 124.9%
SNLI Chen et al. (2017) 88.6 || 88.0 88.7+0.17 0.7/58%
SRL He et al. (2017) 81.7 || 814 84.6 3.2/17.2%
Coref Lee et al. (2017) 67.2 || 67.2 70.4 3.2/98%
NER Peters et al. (2017) 91.93 £ 0.19 || 90.15 9222+ 0.10 2.06/21%
SST-5 McCann et al. (2017) 537 || 514 547+ 0.5 3.3/6.8%
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ULMFIT: Universal Language Model Fine-Tuning

l i

I
layer o [l T et : Softmax ,I' . . . . . .
R ol loyer - e i Mz 2

Laver 3
e Layer 3

Laver 2 j
d Layer

Layer | i

; ; ; Laver | i
S D vl e o SN LA7
N 5 2 e I S NN 77—

A — BN . 7 A—

Embedding : Embedding

: _ : Embedding -
layer i layer i layer

e

The gold dollar or gold  The best soene ever The best scene EVET

(a) LM pre-training (b) LM fine-tuning (c) Classifier fine-tuning



GPT: Generative Pre-Training

Prerg:ltim m Classification | Start | Text | Extract [|—-{ Transformer H Linear |
up-Trum Entailment | Sarn | Premise | Delim | Hypothesis | Extract | (> Transformer | Linear |
Feed Forward | Start | Text 1 | Delim | Text 2 | Extract I——I Transformer
I Similarity - ++ Linear
12x 7 | Start | Text 2 | Delim | Text 1 |Ea-c|ra¢t] -|Trans*furmer}
f - | st | context | peim | Answer1 | Extact ]_—-{ Transformer [+ Linear [—
Sell Artention -
1 Multiple Choice | Start | Context | Delim | Answer 2 | Extract I—-—I Transformer H Linear I
Text & Pasitian Embed | Star | Context | Delim | Answer N | Extract l_ -| Transformer H Linear

Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences to be processed by our pre-trained model, followed by a linear+softmax layer.



Li(U) = Z log P(ui|ui—gy. .., ui—1;0)

=

BERT (Ours) OpenAl GPT

Z (logp(te | t1,. .. k1504, O LsTar, ©)
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k=1
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Cloze task

[CLS] the man went to [MASK] store [SEP]



# ' S

Input [CLS] my dog is ( cute ] [SEP] he ‘ likes V play ] ##ing W [SEP]
Token
Embegjdings E[CLS] Em'y' Edng Eis Ecute E[SEP] Ehe Elikes Eplay E*=*=in|;| E[SEP]

+ + + + + + + + + + +
Segment
Embeddings EA EA EA EA EA Eﬂu EE EB EEi EB EB

L ) = = = e L = = L = L o
Position
Embeddings Eu El Ez E3 E4 E5 EE E? Es EE Elu
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« [MASK]: 15% in pre-training
« [MASK] token Is never seen during fine-tuning

 Solution
— 80%: [MASK], e.g. my dog is hairy — my dog 1s [MASK]
— 10%: randomly replace, e.g. my dog is hairy — my dog is apple

— 10%: unchanged, e.g. my dog is hairy — my dog 1s hairy
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]nput — [CL5] the man went te [MASK] store [SEF]

E3LCpair (50%)

he bought a gallen [MASK] milk [SEP]

Label = 1snext

Input — [CL5] the man [MASEKE] to the store [SEP]

BEH L pair (50%)

penguin [MASK] are flight ##less birds [SEP]

Lﬂb'ﬂl — HNotNext

97%-98% accuracy
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BERT BERT
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|

Sentence 1 Sentence 2 Single Sentence
(a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, ColA
RTE, SWAG
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Start/End Span

a0
N ia)
BERT
B || B |-~ Ev || Bsem || B |- | B
o

Question Paragraph

(c) Question Answering Tasks:
SQuAD v1.1

o B-FER o
= = =
(e~ ~]) -
BERT
E[C:l.5|| E; E, En
s o
[CLS] [ Tok 1 Tok 2 Tok M

Single Sentence

(d) Single Sentence Tagging Tasks:
CoNLL-2003 NER

208



System MNLI-(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE | Average
392k 363k 108k 67k 85k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 823 932 350 81.0 860 o617 740
BILSTM+ELMo+Attn 76.4/76.1 648 799 904 360 733 849 568| 7I1.0
OpenAl GPT 82.1/81.4 703 88.1 91.3 454 80.0 823 56.0| 752
BERTgAsE 84.6/83.4 712 90.1 935 52,1 858 889 664 79.6
BERT| ArGE 86.7/85.9 72.1 91.1 949 605 865 893 70.1| 819

Table 1: GLUE Test results, scored by the GLUE evaluation server. The number below each task denotes the
number of training examples. The “Average” column is slightly different than the official GLUE score, since
we exclude the problematic WNLI set. OpenAl GPT = (L=12, H=768, A=12); BERTgase = (L=12, H=768,
A=12); BERTarce = (L=24, H=1024, A=16). BERT and OpenAl GPT are single-model, single task. All
results obtained from https://gluebenchmark.com/leaderboard and https://blog.openai.

com/language—-unsupervised/.
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