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— . Starting from neural nets

1. Neuron -> Perceptron -> MLP
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— . Starting from neural nets A

1. Neuron -> Perceptron -> MLP
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— . Starting from neural nets

1. Neuron -> Perceptron -> MLP

MLP, Multi-Layer Perceptron, %= EHIzs

Dense Layer, T2 /= AYFR L N 2%

FCNN, Fully Connected Neural Network, 4 1E 23 22 [ 2%
FNN, Feedforward Neural Network, By {&#22 /2%
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— . Starting from neural nets

1. Neuron -> Perceptron -> MLP
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Starting from neural nets

2. Backpropagation
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— . Starting from neural nets

2. Backpropagation
Oz

(1) z5W

oz

0
ow!

AW Wal=1) L p0)

O

(1)

oWy al" D +pM)
ow D

a(WPal=1 4 pM)
ow
i

oW, al= 1)

aw )
i

[—1
Hi(a§ ))7

PN Kl 2 K= il i J=

b2 —>» forward propagation
L _ 8L 2 .
Q = Dz 9y —>» backpropagation
..".r'f)z
Soo S
h—>i. =z _>Y
] 2 Oh 2 4 9
AL _ 0L 0z %, : SL
dh T O0za Oh % 82, K dzo
///;f%
/ 8L 8
VVz Bws — Dzz Dws



— . Starting from neural nets

2. Backpropagation
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— . Starting from neural nets

2. Backpropagation
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— . Starting from neural nets QN

2. Backpropagation 2~
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Starting from neural nets

2. Backpropagation
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— . Starting from neural nets

2. Backpropagation

Every thing in computing graph should be differentiable.

o FRARFUETHHEEAE: + - x /, ¥IEEKEexp, log sin, cos5s
o At IEAEEE
o I BRI B&HT H BRI B

BT PR BRI FH

Logistic B¥l  f(2) = rec=ny (@) = f(2)(1 - f(2))

Tanh 5% J(2) = S rar=s) f'(@) =1-f(2)?

ReLU f(z) = max(0, z) f'(x) = I(z > 0)

ELU f(z) = max(0,z) + fl@)=1(z>0)+1I(z <
min (0, v(exp(z) — 1)) 0) - vexp(z)

SoftPlus ¥ f(x) = log (1 + exp(x)) f'(@) = trews)

15



— . Starting from neural nets

3. Last generation of neural nets
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Starting from neural nets

3. Last generation of neural nets

N e
> RBF, Radial Basis Function, 42 &y 2k % 4
> Boltzman 3% /R 2z & L
> RBM, Restricted Boltzmann Machine, & R 3% /R 2% % L
> DBM , Deep Boltzmann Machine, & & X /R K Z L
> BN, Belief Network, 13 & ™ 4

> DBN, Deep Belief Network, & & & 1z M %



— . Starting from neural nets

3. Last generation of neural nets

BARAY 2 W %5

> Elman# 2 M %
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— . Neural models for NLP

« CNN

* RNN

« Attention mechanism

« Sequence-to-sequence
« AutoEncoder

- GAN

« Graph models

« Embeddings

« Reinforcement learning

e Other networks



— . Neural models for NLP

1. Convolutional Neural Network, CNN23Z ConvNet, % A2 4¥ 42 B 24
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AR B, RSB RE
ZHER AR
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m
Yt = E Wi * Lt—k+1
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WP A %%k 2 (Filter) %5424 (Convolution Kernel)
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— . Neural models for NLP

1. Convolutional Neural Network, CNN23Z ConvNet, % A2 4¥ 42 B 24

— Y K An
» Example 1
/fgiii%‘jgﬁR#ZW:[Wl sy W2, Ws], —;d\—“:lj W.= 1, W.= 1/2, Ws= 1/4

W RZ B2 5 gy =1 x oy +1/2x 21 + 1/4 X 249

= W1 X Ty + W2 X Ty + W3 X Ty_2

3
= E Wk * Tt—k+1-
k=1

» Example 2
BR% BAREW=[-1,0,1], B AR 42; 11920111110
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— . Neural models for NLP

1. Convolutional Neural Network, CNN2=Z.ConvNet, 5 2 4¥ 42 H 2k
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— . Neural models for NLP

1. Convolutional Neural Network, CNN2=Z.ConvNet, 5 2 4¥ 42 H 2k
FTEAGCNN S AR &, LR E Ak iE B &R

y— — — :i i]_.fﬂ —— car

predicted
pooling convolutional pooling  fully-connected class
input image convolutional layer layer layer layer
layer
CNN

H LR E (Pooling Layer) /K4 /& (Subsampling Layer) :
HATAFAE L, BIRAFIERZE, TR Y AR E,
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— . Neural models for NLP

2. Recurrent Neural Network, RNN, /E3rAv22 M 4k
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— . Neural models for NLP

2. Recurrent Neural Network

» Vanilla RNN
o LER—AMANFFH XLT = (Xla X2y ooy Xtyono 7XT)
« RNNI /7 3.
h; = f(ht—laxt)
Fit 2 h,
b, /\ Y1 Y2 Y3 Vs
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— . Neural models for NLP

2. Recurrent Neural Network
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— . Neural models for NLP

2. Recurrent Neural Network

» Example

« & -F: | am feeling quite sick about it
HT7AE, BT ARNNSG B 5 KA T,
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— . Neural models for NLP

ze =0 (W, - [hi—1,2¢])

Ty =0 [:I’{fr - [h-f-—-l-.i:f]}

h; = tanh (W [1ry * hy—q, 24])

hi,_ = (1 —_— .fo) E h,;__] + Zp * Ii'f

(ZB{U =t ht 1W )

o

a(:z:,Uf+ h;. 1Wf)

0‘( ° + ht_1W")

C’,, — tanh (ar:,,Ug - ht_1Wg)

8 Oy= U(ft. * Cpq + 7 % éi)
hy = tanh(C}) * oy

he_q i
2. Recurrent Neural Network
% ILRNNAE A ; I ";’
[ 1
> Vanilla RNN by,
» RNN + gate mechanism: GRU cell
v" GRU: Gated Recurrent Unit
v' LSTM: Long Short Term Memory
o,* htA
P <d |\ Ce—y i ® &) \
15
-1 _’ * tanh
’T % °fr’l
he_y I I | )
—_ >
P C{ ~
iy X¢ LSTM cell
RNN cell

fe =0 (Wg-[hi—1,2¢] + by)
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— . Neural models for NLP

2. Recurrent Neural Network

De facto RNN4Z#! :
Multi-layer BILSTM

- H3E A xZoutput representation
sentence-level classification

- A —3F #output representation
token-level classification

CRF layer
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Word
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— . Neural models for NLP

2. Recurrent Neural Network

I B 8] ke 4% #%  (Backpropagation Through Time, BPTT)
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— . Neural models for NLP

2. Recurrent Neural Network
A A B A7 Nope.

Recursive Neural Network, RecurNN, i )24 2 i 2
« Recurrent NN #—#& & & M 45,

Y
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— . Neural models for NLP

2. Recurrent Neural Network
Tree structures in NLP

« Syntactic dependency
» Phrasal constituency

constituency

D 1IN _NNP

Coming up is the Focus Today program hosted by Wang Shilin

el “oor
LQmp '\v\c?y N acl
omp det

nsubj
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N Rmp

nmod

Child-sum tree LSTM

Children outputs and memory cells are summed
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Binary tree LSTM at node j with children k; and31§



— . Neural models for NLP

3. Attention mechanism
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— . Neural models for NLP

3. Attention mechanism

> RN MIAEE X =[x, ,Xy], AERESMLGEHGEq

> i EENAAEN “BESRBESIHT R “EEHS>H

87

=p(z =1X,q)

= softmax (S(Xz’)q)) 5(xi,qQ): EEHFTHHHK, HExHqE “EEALE”

e (S(Xia q))
Zj.vzl exp (s(xj, q))

’ I AR Y
AR AR A

A R AR

XL AT

s(x;,q) = v' tanh(Wx; + Uq),

s(x;,9) = x; q,

T

s(x;,q) = N7k
s(x;,q) = x; Wq,
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— . Neural models for NLP

3. Attention mechanism

> T HEENANTERAEG AT, A RERIE;

att(X,q) =

E aixlﬂ

= Ez~p(z|x,q> [x].

A
s
@< @ - -
I T
A .
E Soft:max
t 5 1 5 1
+T i +¢ E ' +T

e e I U |
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— . Neural models for NLP

3. Attention mechanism
> Attention£ A

ez B
« Hard Attention
« Soft Attention (Local)
« Sparse Attention
» Atrous Attention

B
« Task-specific Attention

« Self Attention

* Hierarchical Attention

* Multi-head Attention

« Attention over Attention

> Attention 2 F

Seg-to-seq nets
Memory nets

Pointer Net
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— . Neural models for NLP

3. Attention mechanism

> Self-attention based Transformer

Self-attention: “# & #xFF I N AEE RS R EZEGRE, LFINERqueryR 5,

° I\/IuIti—head attention Layer:| 5 5| Attention: | Input - Input v
_ _ The_ The_
« Residuals connection animal_ animal_
didn_ didn_

 Positional Encoding ;_ ;_

Cross_ Cross_
« Deep Stacked the. i~y
street_ street_
h —_ -/ ~ b b
« #HEERNN, BEXNBFITITEMLS ecausz: i:fsause_
was_ was_
too_ too_
tire tire
d d
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— . Neural models for NLP

3. Attention mechanism

-----------------------------------------
.

( Softmax )

f»( Add & Normalize 3\ 2

1 [} [} ] ( Linear )
| S —
z 3 sl 3 | »( Add & Normalize )
( Self-Attention ) % ( Feed Ft)rward ) ( Feed Ft:rward )
(o mmmvomim | 5| " raaanomaize )
q é ( reedforward )  (( FeedForward ) >( *Encoder-DecoderAttentio: )
§ ,( """ *""/IJJ;}JO'J;(Z;"': ) .( ------ :"":;d-d-S-(-l\l-o-r;n-a-li;;-": )

POSITIONAL
ENCODING
Thinking Machines
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— . Neural models for NLP

3. Attention mechanism

Multi-Head Attention: FHZAMEHQ=[qy, -+, qu], KFATHITEMNMAGEETERZNMEE, BMNMERET
FVFEF NG B AFE 5

att((K.V),Q) = att((K.V),a1) @ @ att((K, V), au ).

4 4
Add & Normalize lllllllllllllllllll 1l lllllllllllllll
( Feed Forward ) ( Feed Forward ) MatMul
......... *.--_-_._-_-_._-_-_.* f A
e e SoftMax
)
LayerNorm( }—H—H + H—H— ) Mask (opt.) QKT
Y i t - Attention (@, K, V) = softmax "4
[T (] 17 Scale : d}.
Self-Attention f
2 2 MatMul
...... L ... . XLLIT] 1 1
"N @ & Q K V
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— . Neural models for NLP

3. Attention mechanism

Transformer in encoder-decoder architecture

am a student

’ t
ENCODER DECODER
.
L L)
2
ENCODER DECODER
\.
4 4
p
ENCODER DECODER
.
4 L
p
ENCODER DECODER
.
4 4
p
ENCODER DECODER
\.
L L)
p
ENCODER DECODER
.
_ A
INPUT | Je  suis étudiant
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— . Neural models for NLP

3. Attention mechanism

Transformer in encoder-decoder architecture

Decoding time step:(1)2 3 4 5 6 OUTPUT
4 )
( Linear + Softmax )
ENCODER ) [ DECODER J
) )
( ENCODER DECODER J
o /
EMBEDDING
WITH TIME LITT] LTI LT
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— . Neural models for NLP

3. Attention mechanism

Transformer in encoder-decoder architecture

Decoding time step: 1@3 4 56

EMBEDDING
WITH TIME
SIGNAL

EMBEDDINGS

INPUT

OUTPUT

?

~
\J ( Linear + Softmax )
ENCODERS DECODERS ]
/
' t f
LITT] LITT] LLTT] 1T 117
LITT] [([TT] [ITT1] (LT
Je suis  étudiant PREVIOUS
OUTPUTS

42



— . Neural models for NLP

4. Sequence-to-sequence

Sequence-to-sequence (seq2seq) Bf —#F 5+ 5 31 5 ST X, K mAL E-E#5 25 (Encoder-Decoder) %4,

* InRNN: #r A7) Fedir sh B 50 A P AG 690 B % &, BRAAR R 69 KB, B B 5 70 3] B )5 3)

3}1 ’Qz yr
f f f

h, h, hr
t t f

X1 X2 XT

« In Sequence-to-sequence: % A5 3| Fadir B 53 R E TR AT R K A, R E BREFAR R 69K

| IEEREEE R )Y
I BN A N

h, hs hr hryy > hryo -+ > hryn

i 1 i R A S

X1 X9 XT < EOS >| """ =- Tt temmmms I 43



— . Neural models for NLP

4. Sequence-to-sequence

~, |
Y :
: |
: ! |
—r“ hT+M [
: A |
S : |
|

8 F SRR AE &Y

v r—= .., =TT -—-—-
Seq2seq & 4 #z A | I | z L
| : U2 BREE
- - - - - - == =---=" ‘I: ! : f I
: h; —>- hy —> —> hr ﬁ hryq > hryo >
L1 1 T I A R
I X1 X2 X < FOS >|------ ---
I N
A5 %, Encoder fE AL 2%, Decoder
AREREE il

v RNN, GRU, LSTM

v" Transformer
v
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— . Neural models for NLP

4, Sequence-to-sequence
Attention-based Seg2seq model

Encoder Eg By

Decoder do —
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— . Neural models for NLP

4. Sequence-to-sequence

Pointer networks

A N

SRR R TR

S S £

v ll ¥ v ‘
hg|—|hy |—hs|—|h3 h, hs|—|hg

T T T T T T 1 T
< 20 5} 10 > 20 10

| | |

AT R e o8
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— . Neural models for NLP

4. Sequence-to-sequence

Copy networks: copy from source

Gate REZ MM IEEZEF £ ", generate-mode or copy-mode

nerate-Mode & Copy-Mode
Prob(“Jebaca™)=Prob(“Jebara”, g) + Prob(“Jebara”, c)

} S{u]uju]sis]-ju)
Source
S, M
{ lelelalelalalsl
ceos> :l D D |:| :
______________ i
g Embedding
- N : s for “Tony”
/7 I e e Selective Read
E' ---------------------- o i | J for“Tony"
e | R s 4
i 7 e, et e e
P wa T e s g P | - 10000000;
hello A my name is Tony Jebara . () State Updat 1 '___.:_._.;:'_.__:____::_____.____;!
c) State ate -
(a) Attention-based Encoder-Decoder (RNNSearch) -D-QQQ-D-!-QQ-' A7




— . Neural models for NLP

5. AutoEncoder
AutoEncoder, A %% 2%, ZBIT LB HF 7 X ERF I —AEIEGA LB (RET) AP E AR,

b 4 bt 4

\\~@//
S
TN

A 7 = S(W(l)x 4+ b(l))

(%)
&)

()

wapt: x = s(W Pz 4+ b))

(5) @)
&) @ ®

N
L= [x" —g(f(x")))?
T B4R RADMMLEMIRE! n=l

N
= 37 ) = foglx™))2.
n=1



— . Neural models for NLP

5. AutoEncoder

AutoEncoder

* Stacked AutoEncoder

* Denoising AutoEncoder
* Sparse AutoEncoder

* Variational AutoEncoder

* Convolutional AutoEncoder



— . Neural models for NLP

5. AutoEncoder

Denoising AutoEncoder

FINER 5 R G o G B S M L ARFEPLAR)
ALK x 69 — s 4 (& A 0.

Gar

OREIEE: (b) B&ME [ T as

50



— . Neural models for NLP

5. AutoEncoder

Variational AutoEncoder
o & RAEA
o vty 25 A

O
\zlx, $)

q
O>%g;u g
O lloge

e W A 2% f1(x, 6)

——————————

RN fa(z,0)

ol



Variational AutoEncoder @// O\qu("‘j@ / O*@
T LI ~

p(Xa Z‘G) — p(X|Z7 9)p(Z|9) HEWT 9 2% f1(x, &) M fo(z,0)

S AR Ex ) RARE 2k
FABE R AL IR 2R 25 52 bR 5

/ EMEBLVE SRR AR -
# . Estep: SN LR M
> 31 H bR SR R (B A SOARR L) éﬁ%¥ﬁ%£$5§%%2@

p(xazlé’)] % p(z[x,0)

1 x|0) = . D 0 " :

og p(x|d) Ezwq(z|¢)[10g Q(Z|¢) + KL(Q(Z|¢)||J9(Z|X7 ) . M—step:f%%Q(ZW)%’ S
oK KA M&”q

z~q(z lO
a '@[ 5 q(zl9)

decoding part encoding part
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\

Variational AutoEncoder

g\ZIx })

/f%g?

Dx1(q(z|9)||p(z[x,0))

} /

e BRI R
p(z|x,0) = p(x|z,0)p(z|0) T 4 f1(x, 6)

[, p(x|z,0)p(z|0)dz

o SRHER AR R o BT > R H IS

> KR —NEENERE, AR
- ESE
XGCI( |X7 P) HIESHH N(pr,

Z:“I+0'I®€
e ~ N(0,1)

=

o AR APLE PN 2 AR AL G ] SIEHYL e [l A% 3 2

o7l), ATRUXHERE 2 :

——————————

M 4 fo(z,0)

—lIx — pell®

Hg

!

EEZHQ% fa(z, 9)]

DKL Hr, O ||N 0 I)

Tt

[mmég fz(x 9))

!

X

ENN(O I)
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— . Neural models for NLP

6. GAN

Generative Adversarial Nets, 2 m& % 30 W 2

o RASHFRAY, KETFTI@OVAERTHRERES A, CANBEA H 1 AR ME A, I LR
Ae 71 LR,

7~ N(0,T) ——{ERM% G(z,0)

=

o GANB AT HUI| 25 69 T X RALAF 2 A% P 467 2 094 AR B 55 3038 A

x~7D
\»

CHIBIMZ D(x,¢) |-+ 1/0

P g

z ~ N(0,1) —»[iﬁi@% G(z,@)]

o4



i i ~ D
Generative Adversarial Nets * T,

(HIRF% D(x, ) |~ 1/0

"

7~ N(0,1) ——{ERIN% G(z.0))

o 37 W% (Discriminator Network)
Rl —AMEAXE RO TAEZSHp(X)EA KA TERERP(X), A= EE.

mqﬁin — (Ex {ylogp(y =1|x) + (1 —y)logp(y = OX)})

= max (Exmprm l0g D(x,0) | + Bxtnupy o) | 0 (1 = DX, asnD

= max (Exwr(x) 108 D(x, 6)| + Baryir)| lo(1 = D(G(2,0),0) ) ) \

o A &M% (Generator Network)
A AR, JFRAT AL RN B LK A A R AR RPN A B AR K

FAr, H— ik B

g (Byepio 08D (62,0,

0

= mgin (EZNP(Z) [log (1 — D(G(Z,G), gb))] )
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— . Neural models for NLP

6. GAN

Generative Adversarial Nets

* DCGAN
* WGAN
* SeqGAN
* BEGAN
* LAPGAN
* PROGAN
* SAGAN
* BigGAN
* WGAN-GP
* LSGAN
* F-GAN
* UGAN

* LS-GAN
* MRGAN
* RGAN

* SN-GAN
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6. GAN

DCGAN, Deep Convolutional Generative Adversarial Networks

o FIFI ML EGIEEARNL, 2R TH I RKGERREREZALT
o R AFER IR BRI %

(@

Application:
A5 2 A%

(b

128

200
2 P
256
Transposed
1 Convolutiona
z

384

Stride 2

256
11 Transposed

Convolutional 2

Convolutional 1

Stride2 | |

256
Transposed

80
Convolutional 2

Convolutional 3

te 2

128
Transposed

Convolutional 3

64
128

Convolutional 4 Transposed

Convolutional §

80
Convolutional 4

5

5
Stride 2

384
G(2)

,,,,,,,,,

160

Convolutional §

—- @

D(x)

Densely-connected 6

Real
Flame
Frames

z

Generator G(z)

Real
Flame
Frames

Real
Flamele
Frames

»

574

4

LS

LS LT

L
—>

-0
D(x)

Discriminator

- e
D(x)

Discriminator

A, T A max pooling#:A4E

S7
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6. GAN

WGAN, Wassertein Adversarial Networks

GAN # 2 UE (JS & E) RELH T A MBIES o L L HIES IS, do Ridid
A JSEE D % GANAF 24k, 2] B4 69540 B A%

o WGANZ —#+id it F) Wassertein¥E & 24X JSEBE AL D] 2k 69 & 5T 30 W %

VA= R

> fzﬁi/x\év\#l?/xﬁﬁ'-i‘ KA E &AW VA,
Z AR E m T, EXBHMEGANL ES 3,

> 7 WassersteindE & 7T AR A=A ANEA EE0H I ANIES, FFERMELL 0 694 E

CAT A8 KL A +o0, JSHEA log 2, R EAANLH

WGAN::
GAN:

E,-p, [log D(z)] — Eg.p, [log(1 — D min Vipan (D) = = Fopiy (@) [D(@)] + Fony, () [D(G(2))]
~Eavr [log Diz)] - B, Jlog(1 — D(z))] min Vipoan (G) = ~Boup, (5 [D(G(2))
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6. GAN

SeqGAN, Sequence Adversarial Networks
o GAN R feif4F B A £ a7 5] 89score/loss, 7~k 4% ik ) K 374F & A7 £ mx 49 B 3f token 89 47 3 Fa
X G ) A R8T %06, B PR N 9 dm ok
« SeqGAN: ENGANAVE— MR F I R 4%, REA LR Mtoken, FH1EA T —AZ£m#token,
AR R AT SRR FHRET A, APolicy Gradient B % & #7Generator # £ 4L,

. 0-0-0-0-0 !
@ True data: 0000 ! Next MC
. :>._._._._. ' ex
e V\;orld O0-0-0-0-0 G action search D
Do 1 ' ! DReward > AR FBMEIHR:
Generates ‘_‘_mi ) Reward EE)?E*EDEEP_-’:B%BJ\}E
G ——»0o00o00: ~ T AREEEE, B
60000 ® Reward 2| = fireward F 4T
e D Reward policy gradientit {7241
> 4R RE K FHLSTMAREY | ik
> AR Z FHCNNARAY Policy Gradient

Fhighway netf& #Y 59
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— . Neural models for NLP SE7ANN SSZENS
OO~ O (l\
Q ORFXL K =
A0 C) O
7. Graph neural models Q\O/ Q\w
(a) P4 ()Ji 5160 24 (c) ERI%

o BATZ W LI L LEMNE Y R B B M, BT RTARR %& 5 B R %6240 K,
« IFHBEMBIE, WAFRE, B, AafeLEBF

> AE—KEG=(V,E),V={vl, . ,VN}IETEES N=|\V|ATEHE ECVxVETEZEMNDINES, M=E HibHEE.

> GNE R E R OSSR B, x VAR AVINRRAE, SRR S HE R B C ARE, (0 £ S 5 U DT
> GNNAIZES BiR: RBENE S NBEBURSRIEEEh_VREANT SRR EREembedding. AR A MIBIE S PFHTEBERRES.

h;
h, E M R R ER S E R
x(1,3)_ _7_>7((_z_,_?f)” \X(26) h;” = f(xy,x.0[v], h! e[v], x, e[v]) / T PR3 22 I 25 (Neural Network) R34 1% Bk £
h4 b X(3,6) h6 = Z FNN([XF; X(u,v) 3 hfﬁ Xu])
X(43) ‘ uenelv]
\ ‘. x(g,s) x(5,6)

. g +x,0[v] £ EVARBROAIHAL,
Ohs - e, efv] | B RVENARR L S AT
L “hlefv] AR SE R X HIBERUATS

hs = f(xs:x(s,s)»x(s,s)r h3)h61x3ix6) 60



— . Neural models for NLP

/. Graph neural models

B A 22 W) 444 2%

Deep Learning

Graph Neural Networks

Graph Convolutional Networks

on Graphs

Graph Auto-encoders

Convolution Operations

Readout Operations

Other Improvements

Auto-encoders

Variational Auto-encoders

Other Improvements

Graph Recurrent Neural Networks

Graph Reinforcement Learning

61



— . Neural models for NLP

7. Graph neural models

CEIEZICE- S

! Attention
Aggregator

-----------

-----------

-----------
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— . Neural models for NLP

/. Graph neural models

GCN, Graph Convolutional Network, B &4y 2 B %
« GNNi@id £ 543 &0 E 3518 Bk Bk 88k, RMBIEF TR RB Lo, KRR,
o GCNFBEBRBAEY BB E MM L, EOT A ML T HCNN, FRur L IR E T EIRFAER R8T,
> B WEESBEAEE, NEHTEREE?
— o RIEME . IRIBEEEM T ST SR B R s s, BD4UEEFR (Spectral Convolution).

Hidden layer Hidden layer
™ e
. °
" - ]
e T O A)— o(D 3 AD * HOWO
J— | . ® FHD A)=o(D 2 AD 2 HOWD)
e L ]
® L - - . . |
et . ¢ . ° ) Output D : A fydegree matrix W: BHR%
. ;’I: f;-’ - L A
. ¢ RelU | o /7 RelLU . - H: R BB
RSV e D Sl o % o BRSPSl o 5 T I S A=At
L L @ * [ ] [5] - . A 2
* ¢ A: 1 f0self-loop A: ARFEREFE
LN N A
. ) I: EAIEERE
a ’, » o . »
@ ® [ ] .
a \ ® AY
[ ] 1‘. @ "'. 63
) \ S




— . Neural models for NLP

/. Graph neural models

GAT, Graph Attention Network, & i & 71 47 2 K %-

o GCN®AZRIEE &, Convolution A3 T 42 P AR E T SO AE A2 B 2 B 249,
o GATHEZZEAMR T RIE ML LM L, LR PRIFARET S E, 125373 “TEANTHRARRE .

concat/avg O
~>(
1

> EF W SV i AR A A R

€ €ii
«;; = softmax;(e;;) = xplei;) )
ZkeM exp(eik)

exp (LeakyReLU (a‘T W, Hwﬁj]))

- > hen, €XP (LeakyReLU (aT [WﬁiHWﬁk]))

» GNN with attention weights:

iEN
J 64



— . Neural models for NLP

8. Embeddings
e BAAYE W BB BAL Y & T S, AR AR AR A9 A 22 W 2B SRR

o AR LIEZ A fortSE e =T

* Neural Network Language Model , NNLM

Log-Bilinear Language Model, LBL

Recurrent Neural Network based Language Model, RNNLM
C&W Language Model
CBOW(Continuous Bag-of-Words) and Skip-gram

o %R 5E TR A forsh A 6B (I 4L T A RAE), AR — K3 RAE

 ELMo « ALBERT
« GPT * RoOBERTa
 BERT « ELECTRA
- ERNIE - Big Bird

XLNET .



— . Neural models for NLP

8. Embeddings
Neural Network Language Model, NNLM

i-th output = P(w, = i| context)

softmax
(o000 [ X J 00
II // \\
( E] = )j) Z\-%y % 1B = #7‘%&*3’— 5] B ;h—‘? I}ij{’fﬁ%ﬁ ,)ﬂl] 73] éﬁ/ﬁj\ &k;]tﬂ,{@ Il I/ most| computation here \\
II 'I \‘
" I 1
I tanh !
mazy logpg(x Z log po(T¢|T4) ! ' (e °se) |
=1 1 I
[ ’
1 7
£ :
C(Wy_ny Cwi—a)  Clwiy) ’

P(w; | wy, wa, ..., wimy) = P(w; | wizguoyy, ..., wiz1)

Table
look—up
inC
Iy RFF RABK
index for w,_, .

-
--------------------------------------------

shared parameters

across words

index for w;_»

index for w,_|
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— . Neural models for NLP

8. Embeddings
C&W Language Model

. I BALL

e« EHARE (POS).
e 4235175 (CHUNK),
o % FARIRAI(NER) |

%A &477E (SRL)

. 3E & F R AHE

Input Window

o of i
Text cat =sat on the mat
Feature 1 F-Ll] IL% oo “'.}\’
K K K
Feature K Wty L. Wiy

y

W

Lookup Table
LTH_-' i "’\.-—:" ‘ ‘

LT'H-K A H o

. Conc _____.'

Linear I/---"_ o k4
Mlxd A

v

HardTanh k4

— N ]

J v

Linear _ —— — -
M2 xb A~

Figure 1: Window approach network.
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— . Neural models for NLP

8. Embeddings
CBOW and Skip-gram

INPUT PROJECTION  OUTPUT
INPUT PROJECTION OUTPUT

| |w(t2)
w(t-2) |
w(t-1)
w(t-1) I
SUM ‘
‘ w(t) —»‘
— W) |
w(t+1)
w(t+1)
w(t+2) w(t+2)

CBOW Skip-gram

N

A t5word2vecTR I 418 f = 69 ) AL

68
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8. Embeddings
ELMo

o 1EF A HCNN

o 2EFBAR HLSTM,

o H—BELSTM#A 2R a1 @ Fa ) w24, 12 R 2AREE (roow] (oo (o] [cwom)
BILSTMEL 3%} & $f4k, &M Ak 69 £ G LSTM 5% | e
I 615 S AR ST A BRI 4.

What makes ELMo more prominent than RNNLM?
« MHiEFEAE, LER2NEGEFEZTEE (ATafEr) 875% K.
« MIN%IEZ RK, ILHESAGEAREK.
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— . Neural models for NLP

o) Embeddings Transformer
BERT : Bidirectional Transformers i |
¥ & -F & Transformer encoder#t 473 &, deep Transformer. N
Transformer
4 )
/ ormalize \
. AERIERARS T, ~ R )
. Feed Forward Feed Forward
o AT & FHA I KA, R —i1 % L ( ...... Y ) ..... ( ...... T )
21_ 22_
. HAERE FFH B FeEE SR Y . *
. '&]‘ﬁ}’ﬂ ﬂ‘—i!&’%’g&%‘i@’é‘f}éf#ﬁ — }i :,-b LayerNorm ( BHEH + BEEE)
S o BSan
* . i ( Self-Attention )
| accessed . account Q ------ ;_E‘“]_Q --------------- _E_E‘“I /
X1D$:|:| lej:%:
Thinking Machines
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— . Neural models for NLP

8. Embeddings

BERT

What makes BERT so prominent?

B %rhiE 3 AR FAumaskdg — 2 493, | il A2 P ARYE BT S
masked 8 FEAT TR M|, A% TR R A E & K4 Masked Language Model, MLM.
NCTECE &SPl P S kL e b RN

exp(Hy(){ e(x:))

T
mazxy logpe(Z|Z) ~ Z log mupg(z:|Z) = Z log m;log
t=1 t=1

> exp(Hg(2)] e(2'))
Next Sequence Prediction, NSP. #|¥7 & FBA % 52 &) TA# T .

Deep structure of Transformer (self-attention).

I 152 B K.

,( Add & Normalize )
( Feed Forward ) ( Feed Forward )
......... L S
CITT11 1T
A 4

R
H
’:# :
’»

y
( Self-Attention )
A A
.......................... LTI
POSITIONAL @ é
ENCODING
x+ EET xo T
Thinking Machines

71



_ ocenng s
— . Neural models for NLP A 1 1 X

| Transformer |
IH !+| !¢||$| !$||$\ |$\ I*\ IH |+| !¢||$|
Token Us) | |mask] a seat | [MASKI| | have a [MASK] Us) | |maskl| | relax and
. embeddings
8. Embeddlngs Position + + + + + + + + + + + +
emveqangs L0 | Lt | [2] [s| [e] [s] [e] 7] 8] [of[w][n]
+ + + + + + + + + + + +
BERT ombedangs Len | Len | [en | [en | [en | [en | [en | [en | [len | [en | [en | [en]
Laber Label
- —
How to leverage BERT? o~ ~) - [)
* Pre-train BERT BERT
. MLM NP o] =] (5] fle o] - (o]
o AT 10BLA 89354 #AT I ?ﬁﬁ?ﬁ 2| . Ton
ﬁfg&é@i)ll %E Sent 1 s 2 | I
entence entence Single Sentence
(a) Sentence Pair Classification Tasks: (b) Single Sentence Classification Tasks:
MNLI, QQP, QNLI, STS-B, MRPC, SST-2, CoLA
. RTE, SWAG
¢ FI ne-tu ne Start/End Span o B-PER [¢]
. N _m s > 5k i
C AR RIE 4 R R 91 % L)
I AT A BB 45 BERT BERT
o | & | = | [ = ]
— i e
@ Tok 1 Tok 2 Tok N
[
Question Paragraph Single Slentence
(c) Question Answering Tasks: (d) Single Sentence Tagging Tasks: 72

SQuAD v1.1 CoNLL-2003 NER
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9. Reinforcement learning

o BRALF ARG BRI A 0y REMH B
ik Agents? 5] 3| iE A 69 2R 35 3T Ak

o R — kAR

e R AKSZZ:

» Agent

» Environment
» Action

» State

» Reword

A

Enwmnm ent

‘<. Re War
mterpreter
% el

Agent

73
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— . Neural models for NLP

state reward
St RI’

9. Reinforcement learning i

St
|

;| Agent |

s

Moo B4 iR A 1E 0 RAEMH B K bk
Agents 3] 2 JE A 49 IR 5 3T A

\

Environment ]4—

action
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9. Reinforcement learning
£

BE— RFEF I H N
* Value-based:
 Action-based:
» Value&Action-based:
* Model-based:

BB RIEATEL
 Continuous action

* Discrete action

A= AR R T X
A

}R\

state

reward

:| Agent ||

s

\,

Environment ]4—

action



— . Neural models for NLP > THTEAE TR L . HAFL

A, AREL2IHENE, RMNE
- - S w22 ) A ) RS —ANRAL S 3] e AT AT
9. Reinforcement learning A ook 15, 54,
» Policy Gradient + Deep Learning
« BAFAF I3 —AE%: T(als) (BT H) &R KM 2 @R
o wk#% & (policy aradient) KA E LS9 7 ik RARAL 20 0 4£4F B A7 2T (0) & Ko

)
(gé ) = 8%/3)9(1‘)(}(7‘)&’1‘

2/(%3)9(T)) G(r)dr
1

= /PB(T) (a%logpe(ﬂ) G(r)dr Atk REINFORCE A% , Ak RE—
%#fbﬁ, ‘l’ iz /\E]‘J‘jlj Q] #ﬂ?" Xﬂ; ﬁ’:ﬁ;ﬁ};‘

= ETh—pg(T) Z (% 10g79(at|51‘) C(Tt T))] ’

o B AE A E R (reward) :

T-1

TtT E ?"t +1

=t 76
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9. Reinforcement learning

» Policy Gradient + Deep Learning
Example: Learning Structured Representation for Text Classification via RL, AAAI2018

Agent(Policy Net)

m(ai|se; ©) = o(W sy + b) {Retain, Delete} Environment
F""'"'.\' ----------- I T T T T T T T T T I
] Policy Network(PNet) : : Structured Representation Model Classification Network(CNet) |
I I
I
: a a - ag - ay : action : action & a a e aL repsrzrsn;r::fion :
- i ! state oo Sy »(: ) . I
! M ’ @t) @ i'\bi—‘l—c—/lr A A ! f ]
: : 1| word input X, Xy o Xp e X | —— :
L — e === -
; Delayed Reward: P(y|X) !

Ry, = log P(cg|X) ++L'/L,

Learning the  7/(©) = E(s.an~Po(seanr (8101 s10L) )
Policy Net: = Y J[relals)Bs Policy Gradient | ve.J(©) =" R.Ve logme(alst)

S1ay1---Spay, t t=1




capsule VS. traditional neuron

- Input from low-level :
— . Neural models for NLP I vector(a) sala()
Affine _ M = W .u. (Eq. 2) _
Transformation s 31
10. Other types of networks Welghting s, =X¢,d, (.2 =" Wx+b
Operation Sum 4 -
Non-linearity Hsjnz 5 e .
> Capsule Nets Rt kR Y 1,,(X) = f(a))
output vector(V;) scalar(/)
ul ",lj ~
W h . (x
uz S squash(’)y————> y j > f(-) ;(\))
Sl u,—" i, :
+l f{( - ): sigmoid, tanh, RelU, etc.
N Y Capsule = New Version Neuron!
« CapsuleBRX TAZ T, & 864 dT & FHE

vector in, vector out VS. scalar in, scalar out
3 ¥ M, encapsulated features.

o HAHrdeCapsule Rk AT AR M AABE, LadkT THAET BN (KK TG, RE

ERIERRE) |
s EUAAT ARG R KA L, Bt R F R 0 Capsuletr B, TR AETAE T HHAHE, @i5T
Fl 4 AE 2 18] 6948 x4 E X R 5
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— . Neural models for NLP

10. Other types of networks

i+ — B CapsuleiiAz :

1: b@j = 0.

2 szh — W, P2. Dynamic Routing

3: for each iteration in r do

4:  ¢; = softmax(b;).

55, = Tyl

" ay=PZ-P° Squash function: P! = ¢(1),

8 by = bij + ayj. ,

9: end for | x

g(x) = :
0.5 4 [[z[|2 |||

79
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10. Other types of networks

> Siamese network
JE & W N O\ B AR L

Cedlea
. AWK — B

« HFMA

o iR % % $ T contrastive loss:

L(W,(Y, X, X)) =

E X X)) = f,X)-A,0 |

N

Network A
f (X)

Weights (w)

Network B
f (X))

Input X,

Input X,

2

n=1 l

HL.'
1 o= o, .
v Y YDy + (1 - Y)maz(m — Dy,0)’

Dy (X1, X2) = || X1 — Xall2 = (X0, (X — X§)%)?
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— . Neural nets for other domain applications

—_—

1. Computer Vision
> NLP: “ARNN# %

* CNN (2d/3d kernel) > CV: WCNN# 2.5
LK V E <

e LeNet
 PixelCNN
 AlexNet

ML T, CVH M &BER Ik F K]

* GooglLeNet

* resNet, 5= M2
« VGGNet

* Inception V1-V4
« R-CNN

* Faster R-CNN

« SSD

« YOLO



= . Neural nets for other domain applications

1. Computer Vision

LeNet-5
KgE 2 FEETFIRINAS

i\ % Cl: BHRE
3232 6@28 x 28 C3: HHZ

- 7 I
!e \ ’; = L 16@10 x 10
.,R - -~ C5: HRE

el AN

] R 1= S4: LB ‘
LR o akER
6@14 x 14 16G5 x 5
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1. Computer Vision

AlexNet
K15 532k

Neural nets for other domain applications

55
27
2 13 13 13 \
' 55
E— Ed
‘ 5 e — R I FE 3V} 30 |13 >
3% Sy 113 5
; 27 \ 5|3 3| %
3[\«“
48 M e 192 192 128 2048
J - 27 128 h £
L1\ X \ 13
224 11 3 ’J K 3 [ - 1000
== f =zt 3 [ . T
P : 3 3|} .| |Dense
11 S\l 55 A 1 13 | >
:, P 1|27 30| 3 Dense Dense
AN = 3
5 (. 192 192 128 L
224 \f)|. o 128 L"'E”‘I_ 2048
Lof4 Max Max oolne
ag  Pooling Pooling

Local Response
Mormalization

Local Response
Mormalization



i
1x1+1§5]

Cam Can

1x1+1{5] 1x1+1§5]

Canm Came Canm Came
1x1+1{5] Ix3+145] 5x5+1{5] 1x1+1{5]

Came Came
1x1 #1451 1x1+1451

saxPaal

Came C Cany Cany Carme
1x1+145] : ; 1x1£145]

Came q Canv
1x1+145] dxd+1{5] 1x1+1{5]

Cam
1x1+1{5) 1x1+145)

Come W
1x1+#145) & 1x1+1{5)

Canw Canv Canw Canv Canv
1x 1+ 1451 Ax 3+ 1{5) Sx 5+ 1451 1x 1+ 1{5] 1x1+1{5)

WaxPaal dyeragefoal

Canwv Canwv
I3+ U5] ] 1x1+ 1{5]

Canv Canw MaxPoal
1% 1+ 1{5] 1% 1% 1{5]

I3+ 2|51

%ﬁ Conw Conv Can's Cony

lxl#1{5] Ix 3+ 5] 3 1x 1+ 5]

Canwv
1x 1+ 151

Inception v1-v4
KA

Waxfoal
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1. Computer Vision




= . Neural nets for other domain applications

1. Computer Vision

YOLO . )
HBRA { 7 B %L« 4 //”/j} ../
el 155 1 I ¢ i EEEax \.. -

/

@ Concatenation

vt Scale 1
A
|@ ddition 82 Stride: 32

Residual Block

Detection Layer

Upsampling Layer

e Further Layers

Scale 3

106 Stride: 8

(1 Scale 2 (
94 Stride: 16
T

YOLO v3 network Architecture
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Neural nets for other domain applications

2. Data Mining

DeepFM

CTR
' -
—» Weight-1 Connection Output Units :
——Normal Connection - - - — <N c e -

— —J Embedding

o e R e T B e e A S e S e eSS A
,\/ Sigmoid Function :—/ — - I

. |
&/ Activation Function ! >$<I Hidden Layer |
|—/ |

J1=1g2=71+1
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2. Data Mining

DIN, Deep Interest Network, X

FI7 Dy 8247 2 i

Neural nets for other domain applications
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Deep Interest Network
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Neural nets for other domain applications

2. Data Mining

RankNet, LambdaRank, LambdaMart
HE 7 1 A

FERE ERicke k)

\ score 1

URL1 /
I Model: f(x, w) {""’"__“

R 2
(Xn1, Xn2, - Xnm ) § score 3

R AR K PEAEF P;=P(U; > U;) = 1
1+ E—a’{s;‘—sﬂ

Web
QUETY Crawlers

I/
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Sort
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Neural nets for other domain applications

3. Audio and Speech

WaveNet
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Neural nets for other domain applications

3. Audio and Speech

Tacotron2

H 4 X, Text-to-Speech

ooDooo

[ Griffin-Lim reconstruction ]

Linear-scale
spectrogram

Seqg2seq target
L : 11: with =3
[ CBHG ] ST T T [, S B T R 73
I Decoder Decoder Decoder
RNN RNN RNN
D D D D D D Attention ~—___ [ Afention \ [ Attention Attention
I — - RNN f2ug RNN RNN
Attention is applied ] A ¥ 1
Pre-net to all decoder steps \
I Pre-net 1| Pre-net Pre-net
Character embeddings s E] Ij
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Special Tokens

composer padding to fill seq_len

3. Audio and Speech Prch  Duaion  Dynamic

“1p22" & "end1p22" “waits"” “5p22"

suffix denotes start and denotes the end prefix denotes level
stop of note #22 on a of 6 consecutive of loudness of the

M use N et O pe nA I 62-key piano. time steps note, i.e. p, mp, mf,

EHER qeeiy, 2,0, U
o o —

“mozart start p29 p33 waité ... wait3 endp40 end pad pad pad”

start of sequence end of sequence

o
0 gl i . | |
 Pre-encoding raw data E el @

L
p29 p33 waité pd0 wait2 endp29 endp32 wait3 endp40 Output f

= . . Probabilities
« Tokenizing and sequencing - @

« Encoding sy [ — [ — [ Asdsrom |

Decod E Decoder | | | Decoder Masked
: Block 1 Block Multi-Head
i |

Decoder | |
Block 1 Block

Attention
s ,I boaoas .: b ‘: o el JI | ER— JI
E}_@ Positional
Encoding 6-layer GPT Transformer
e 1 embedding layer Decoder Block
- 6 decoder blocks - 8 attention heads
Embedding 1 linear softmax layer - 256 dimensional states
(attention)
- 1024 dimensional inner states

Inputs (ff layers)

(shifted right)
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> B A2IREK

- REEHES - SEBITI/NAESR
TensorFlow . Keras
Pytorch

Tensor2tensor
Caffe
Theano * AllenNLP
CNTK « OpenNMT
Mxnet

FastAl
Dynet
Paddle paddle * ParlAl
Chainer

Deeplearning4j
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. Deep learning programming framework

© REEMIESR

TensorFlow

Pytorch(Torch)
Caffe

Theano

CNTK

Mxnet

Dynet
Paddle paddle
Chainer

Deeplearning

Python, C/C++, Java, Go, JavaScript,
R, Julia, Swift

Python, C++, Julia
Python, MATLAB, C++

Python
Python, C++

C++, Python, Julia, Matlab, JavaScrip

t, Go, R, Scala, Perl, Clojure

Python, C, Scala, Java
Python

Python
Java, Scala, Clojure, Python, Kotlin

Yes

Yes
Yes
Yes
Yes

Yes

Yes
Yes
Yes

Yes

2015

2002
2013
2007
2016
2015

2017
2016
2015
2014
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100
89
60
76
80

90
90
85
73


https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/C_(programming_language)
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Java_(programming_language)
https://en.wikipedia.org/wiki/Go_(programming_language)
https://en.wikipedia.org/wiki/JavaScript
https://en.wikipedia.org/wiki/R_(programming_language)
https://en.wikipedia.org/wiki/Julia_(programming_language)
https://en.wikipedia.org/wiki/Swift_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Julia_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/MATLAB
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Julia_(programming_language)
https://en.wikipedia.org/wiki/Matlab
https://en.wikipedia.org/wiki/JavaScript
https://en.wikipedia.org/wiki/Go_(programming_language)
https://en.wikipedia.org/wiki/R_(programming_language)
https://en.wikipedia.org/wiki/Scala_(programming_language)
https://en.wikipedia.org/wiki/Perl_(programming_language)
https://en.wikipedia.org/wiki/Clojure_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Java_(programming_language)
https://en.wikipedia.org/wiki/Scala_(programming_language)
https://en.wikipedia.org/wiki/Clojure_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Kotlin_(programming_language)
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. Deep learning programming framework

» Examples in Pytorch

LSTM

(h, ¢) = LSTM(xs)

hs, (h, ¢) = LSTMCell(x, (h.c))

F 4TI 57 ok

DataParallel

il (RDD

5000

4000

3000

1000 r

41383

1200.3

1188.5 A1186.5

A0

Dataparallel

Horovod

JATIE

Distributed Apex

model = nn.DataParallel(model.cuda(), device_ids=gpus, output_device=gpus[0])

torch.distributed
dist.init_process_group(backend="'nccl’)

model = torch.nn.parallel.DistributedDataParallel(model, device ids=[args.local_rank])

torch. multiprocessing

NVIDIA Apex

Uber Horovod
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Keras Python,
Tensor2tensor Python, C++, Julia
AllenNLP Python, C++
OpenNMT Python

FastAl Python, C++
ParlAl Python,

NLP/CV
NLP/CV
NLP
NLP-NMT
NLP
NLP-Dialog

. Deep learning programming framework

TensorFlow/Theano
TensorFlow
PyTorch
PyTorch/TensorFlow
PyTorch
PyTorch

92
85
95
90
86
80


https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Julia_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/Python_(programming_language)
https://en.wikipedia.org/wiki/C%2B%2B
https://en.wikipedia.org/wiki/Python_(programming_language)
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. Deep learning programming framework

&€ please notice

o PR 891t H AR AF AR 42 P ER & batch-wise 49
otk % step-wisedd 1+ H B AF AR AR AT AL

o KT REHAE FICUDA#E T H.

o ZFIJRENTFRNRD, 245 R&FF*,

o BHEIRE—MERTRTE S WAPI.
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