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https://nndl.github.io/
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AYAJEE LB IMCIZRETD ?

» ) = AR (Autoregressive Model, AR)
>¢—'§E( EH_ ,EJE%’§'J7}:%-}HJ 5 }ﬂ X.?Elyt éﬁ}ﬁ 5"140 ION 7It\TJ /ﬁ" E]

K

Y: = Wp + Z Wk Yi—k t €
k=1

ve, ~ N(0,02) 4 Bt/ o7 6975 7
VA NIRRT NG JEL M B =242 A (Nonlinear Autoregressive
with Exogenous Inputs Model, NARX)

Yie = f(x X1, s Xt—K o Yt—1-Yt—25 """ ,J’t—Ky)

EF ) ATEEEIHK, TUR-ATHML%, K K, A8RA%
ébﬁ.
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BB MZE ( Recurrent Neural Network , RNN )

MIGERAY 22 W 2B it A B BAR AV 20, e A EK
JE 89 B 5 453 o

b 2 h,
ht = f(ht—l’xl') ht /\
ot it it =2 Ty
Jk % (state/hidden state) etz m
Xt \—/

AR hi_,

» 6 IR AY 22 W 24 LU AT AR AT 2 W) 25 B Ao fF A R AP 2 R 09 454 o
YIEIRAY 2 AT 2 2N AEEGIRIN. B3R ARG RIES
fffffff EREFEFE
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CdmibE ok » » Y3 Ya yr
h, /\ f f f f f
B2 FE3R B8 { ; F F {
Xy \/ X1 X2 X3 X4 XT
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FFN v.s. RNN

i Y2 Ys
Vanilla Vanilla Vanilla
NN NN NN

- N 7 N // “\\
O © ¥
N i) V3 Va 04
f f f f f
hl - h2 — h 3 - h 4 — — hT
f { f f f
X, X, X3 X4 X7
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EIEATEIAMLZE ( Simple Recurrent Network , SRN )

RA NG /ZE, el /Eo RS AR 0 Z3 AR

ht p— f(Uh’t—l + Wxt + b)

H U € RPPHRES-IREMELHERE, WeERPMARLS- AR T4
M. beERPAHRMEGZ, ()AL ERHK, @ F HLlogisticFH #
2, Tanh &% £ .

b L& AR I 2 6 Sy i VT H] — AN i B 2R S
Yyt = Vhy,
3 dve RMXP
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N AREIEEES

V2 EIES:
» 5] 2 89 5 5 B 5 X
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N AREIEEES

f f
[ m [ b o] b | | W | ke > br |
f f f f f f
[ = | [ % | Lx | [x [ % | -
(a) IEWRE (b) FZI [AIFEAT P B RAFA
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FEZHFSRIFF IR

% 8. 44 X (Information Extraction, IE)
P AN FT 25 H ) S R 2 %%%@M,ﬁﬁﬁﬁ

DR G AT F R, 78 201558k F)

AART, 82014549
AANRFTKTE%,
B-Person  I-Person O  B-Orgamization O
. ) . q .

| BiLSTM(_ | BiLSTM[_ | BiLSTM| | BiLSTM[_ | BiLSTM[_~
- - g -—
4 A A X A
&= () | N E.
wi w] w2 w3 w4
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FEZHFSRIFF IR

» Connectionist Temporal Classification (CTC) [Alex Graves,
ICML’06][Alex Graves, ICML’14][Hasim Sak, Interspeech’15][Jie Li,
Interspeech’15][ Andrew Senior, ASRU’15]

“‘ﬁ%#fiﬂ” i‘%—%‘iﬂ ﬁ]] i‘ﬁﬁé’,
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N AREIEEES

I e A
hl —>’ h2 —> eee —>l hT ‘—» hT+1 ‘+ hT+2 -:» _H hT+M
! T _ b ¥ iBL =
x | [ % | - [ % | [®s |- - temee
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2HF

PHL IS T 5]

A & — AN A AKRY), EP

bx = (x1,... xT)h K 2AT 894 A7),
by =(yl,... yT)RKE AT 4945555,

» B Z 69 B Bf 30 2 3% 2K A
Ly = L(y,g9(hy)),

AR KR 2L
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1‘%3 he = f(z0) = f(Uhe_y + Wx, + b)

Lo Lia Ly

Al Al Al

| | |

| | |

4_6_6Lt__£ i Y L 01 Y e \d

t—-1.t=2 Sp_14-1 il
6o 2 h; R h;_1
e S S o >

a['(y’ S’) — 5(l) (a(l—l) )T.

oW \

t—1

Zat xhi_, Sk = [ (diag(f'(2:)U") v
1 k=1

t= 7=k

Ok A o Ui 2 69 3R 2k & 5 K & 5 AT 22 7L 89 75 Hir NZy i) 52
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PRI/ BLE

e = [ (diag(#'(z:)U" )b

=k
4 %

Ey>1,%t—k > o,y % - co. HEIFE t — k HLECKR , B HZER
K, DIERRANEIE , R EFELEA ( Gradient Exploding Problem ) .

MR, By <1, ¥t—k > coif, y¥=% 5 0. HEIFE ¢t — k LB, £
MBI/, 2 HBIRIR BRSSPI 1H &[] # ( Vanishing
Gradient Problem ) .

BT A ERIERE LA, LR EREEF )2
JA R GGAR R £ A . X FE R PTIR 69 KAZIR M 7] A .
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P BLIE T i
PG IR B BEAR £ A
ohe _

Oy
k% T 4 KM E R

h; = h,_1 + g(x¢;0),

» 3% Jo JE &M

hy =h; 1 + g(x¢, hy_1;0),

7% Z W 442
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KISHERBIR 242 M%% ( Long Short-Term Memory, LSTM )

MmN ir=0o(Wixe +Uhi—1 +bi), sk 4s & = tanh(Wex; + Uchyi_q + b,)
&5 fi=0(Wsxe +Usho1+by), BERA ¢ =f0c-1+1 O,
%’Eﬁ Jj 0; = U(""“"i,x[, + (/'r()ht.—l aE b(,), ht = 0Oy O t-'d-l'lh (Ct.) 9
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LSTMAYFFEEAR

Ct = Ct—1 + it \; éf

p AL AN ] Feim 5 1] £, +i, = 1.

it — 0‘("“‘-""1)(1, + U-,jh[,_l + V.,jC(_l + b,)

»peephole i 1 f, = oc(Wyx¢ + Ushy_1 + Vic,_y + by),
O = 0(1--{."’0xt + Uoht—l + Voct B bo)~.

KAW 2 W 4555 0K B 5

4
&
-
S



Gated Recurrent Unit, GRU

| & =
[} I
¥, : t h,
C%D | CC%

L& :
s :
1 A
. .dh

#7211 1 =0(W,x¢:+U;hi1 + by), h = tanh(W.x; + U(r; © hi—1) +b,)
2411 2y = 0(W,x; + Uzheq + by), hy =2 Oh1+(1-2) Oh,,
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b B IR A 25 ) 2%
» ) B IR AT 2 W 24
» 5 ) B LSS 5 )
I T 145 69 P 2R A 2 W 44
PR IRAP 2 W 409 T e
» 3R 64 B IR AP 2 W 4%-(Stacked LSTM, Bi-LSTM, Grid LSTM, Lattice-
LSTM ...)+a7 %7 W 4-(Highway Network)
» I e 3 B 44 (RecNN, GCN...)
> A8 ER AP 22 W) 2589 R R
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BB MZE ( Recurrent Neural Network , RNN )

PR IRAD 2 W 238 AR R A B B9 AT 2L, e A5 AL AR F K
JE A B 2 o

b 2 h,
h; = f(hi_1,x;) h, /\\
e Y N
Jk % (state/hidden state) etz @
Xt \—/
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HEMEIAMREZ ML ( Stacked RNN )

N Y2 V3 Ya nisst yr

r 1 1 1 t
(A [ W [ B [ W e[ W
f

U

P
1 g ‘_, KD ‘_> D ‘_> AL ‘_> »*h!lﬁ‘
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Stacked LSTMAY{EiEasCIR
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XY [EEFMELZR LR (Bi-directional RNN)

N1 2 Y3 Ya £ n
f { { ) f
%} - %}

W) [ o[ W] W) e

S e I 7 SO o I 7 SO o I 7 SO o
% \ \ \ 1 f
x; ‘ ‘ X, \ ‘ X3 ‘ ‘ X4 ‘ o II

KV = FUOR®Y, + wOx, + bD),
h? = F(UDh2?, + WOx, + b?P),
h; = h{" ® B,

AP 22 W 4% 5% 5
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Bi-LSTMAY&E BT

forward(
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A GRU Recap

¥y : b4,
:>K\%> ' ﬁ@
A v
L) A
- D
L | I ——— . [ '

#5171 1 =0(W,x; +U,hi1 + b,), hy = tanh(Wex, + U(r; © hy—1) +b,)
Z#1 2y = (WX + Ushyoi + b), hy =2 Ohe1 +(1-2) Ohy,
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From GRU to Highway Network

No input xtat each
step

No output ytat
each step

a*!is the output of
the (t-1)-th layer

a'is the output of
the t-th layer

No reset gate

'...l..............l

AV Z WL G EES T 41



From GRU to Highway Network

No input x'at each
step

No output y*at
each step

a*!is the output of
the (t-1)-th layer

a'is the output of
the t-th layer

No reset gate

’........'..........I..........

snnshp at'l

N

Highway network & a7 %t i 4-!
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Highway Network

h' =oc(Wa'™1)
z=ag(W'a*™ )
adt=z0a"1+(1-2)0OHK

Highway Network

* Highway Network i twork

G ate -+ co py

controller|  [NENRENNENN | "

. at—l
Training Very Deep Networks Deep Residual Learning for Image
https://arxiv.org/pdf/1507.0622 Recognition
8v2.pdf http://arxiv.org/abs/1512 n2225

Created with EverCam
LN WP DD J RN PO

Rupesh Kumar Srivastava, Klaus Greff, Klaus Greff. Highway Networks. ICML. 2015
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output layer output layer output layer
nk 4

4°

-

|

A
i ef—

]

Highway Network automatically

determines the layers needed! :
Input layer Inpugaver

Created with EverCam.
http://www.camdemy.com
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Lesioned Highway Layer

1 10 20

30

Highway Network

40 50

MNIST

Mean Cross Entropy Error
s

non-lesioned performance

10

Mecan Cross Entropy Error

Lesioned Highway Layer

1 10 20 30 40 50

107

CIFAR-100
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A LSTM Recap

N1 iy =o0(Wix +Uhi_1 +b;), jzkA ¢ = tanh(W.x; + U.hy—1 + b,)
HET f=0Wsxe+Ushi—1 +by), ks o =f0c_1+i &,
iﬁﬁ Il Oy U("Voxt 25 Uoht—l -+ bo)a ht = 0; tanh (Ct) ;

AP EIEES Y



A LSTM Recap

@ b’ gu — O-(WuH)

> @ S » m t::*"/— :\4 g A ’ gf — U(WfH)

x ' : \ ' 0 O'(WOH)
Lbeatl, .

®

AP L5 EF 3] 47



A Chinese Word Segmentation Recap
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Lattice LSTM

----- BLOC ==ece HOC ==eee EL0C =sces BLOC =e==s
. 3 I I
h‘i 3 hg 3 hg y hi 'y
__47 > Y > -
Cﬁ [ c’-z' 'Y Cg ') Cﬁ r Y
x‘i' 'Y x‘z' 'y xg r'y xﬁ r'y
South Capital City Long

(a) Character-based moxdlc::

Yue Zhang, Jie Yang. Chinese NER Using Lattice LSTM. ACL 2018
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Lattice LSTM https://arxiv.org/pdf/1805.02023.pdf

b S % S2AKIR B (named entity recognition)- 2k T 35 649 AL A

----- RARE s BAIE wovine’ (N Sis BUIE ik
I | I I
hy Ry % hY hy
—_— —— > > e
cy cy [ c3 ¥ C: [
x‘l" ) x?’ [ x‘é"’ 4 xr r'y
AR L KiT Kbt
Nanjing Gty Yangtze River Bridge

(b) Word-based model.
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Lattice LSTM https://arxiv.org/pdf/1805.02023.pdf

b 5] B ) 3] 547 A 38 6915 8
e el ol Al

WK
N

Y Ny vyg Loy Yo Y R Vgtoe Law Brdge i

Figure 2: Lattice LSTM structure.
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Lattice LSTM https://arxiv.org/pdf/1805.02023.pdf

— > ) = I - sC ] o &
b 1 R ) 54 A 6945 51 1o
(41 C
Oj s o (WCT [ xj ] + bc)
----- B-LOC ===== |-LOC ======mmmmm==== E{OC ====- f; o i1
‘ ‘ f 5; | tanh |
JEEE S —Poq, +Eon
_ L 1 Y he = of © tanh(cc.)
4[ : R chﬁ;}_* .wJ j j
) ) e & X
g | x5 f 3 1 - T fgf; — o (W”’T [ b;e] +bw>
] 3 i) el tanh B
South Capital X'l":3 City
bl che = i 0 cf +if, 0 &,
(c) Lattice model. c? = Z ag,j D) C})‘:j + a;f ® é;
be {b’ iwg,g_em}
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Lattice LSTM https://arxiv.org/pdf/1805.02023.pdf

xC
e, =a(w” [ N ] +b‘)
, cb,e

s I ws B« exo(i)

C —
P = ex (i‘f) + > ex (i° )
3 ¢ 3 Pl b'e{b”lwd ED} Py ;

b” ;J

| \ | c exp (if)
~— - — a.? = . *C
exP(lj) g5 Zb’e{b"lwd GD} °xp (lb':j)

o *

LR -y Wi
d
Vtoe L BrOge Wi
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Lattice LSTM https://arxiv.org/pdf/1805.02023.pdf

LI
> B B AR T F A Ao dE Y A4S &S LA S A Xek N T M8 IR A &
RES

PR G
» it A MEAEIL T, A Abbatchi 474
» I LA £
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PIZ5H4)

VIR 18 S B 6] ik 25

a*b+c a+b*c (a+b)*(c+d)
A A A
- - &
/£y /N
* c a X (A) (A)
T /&
a b b c + +
R /7 \
a b ¢ d
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PIZ5H4)

» B RGBT R 8 kM

/S\
NP VP
Det N \" NP

PP
N P NP

the dog saw Det

I

a man in Det N

the park
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BIFER M Recursive Neural Network

b 1% )AA 2 W e A — AR ) B AR IR B B — AN Ak A

] by = f(W || +b),
h3 X
Wt L - :
h] h'_) X3
B DS S ||
—X4_
hz:f(th) Ba=T W El +b)
2
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1AL 4%

7
b ht = f(ht—l,xt)a
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1AL 4%

25 — ~15 % # (Constituency Path)

P2 — apq,

p; — bc.

a red bike,NP

red bike,NP

EMNLP 2013 GGE BB G5 EESS] 61



>ﬁ$ﬁﬁm¢,&y B2 B &M, thdndoin B35 A
W& 5-F M5, main M &AFald IR P LR E 4L 22 [ 454
09 253
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https://arxiv.ora/pdf/1806.01261.pdf

I
Z|K
=|xX]/3
(@) Molecule (b) Mass-Spring System
Q- S s
s’ E /‘ / ™
. ". ﬂ’
( n-body System (d) Rigid Body System

c)
&
& /‘& p / ‘k\
B e/

Image and Fully-Connected Scene Graph

(e) Sentence and Parse Tree )
[

A )
Pl o7,
o o o ‘ME Y _\:@
The brown / \. ‘\ — . r eb\ 4¢
dog jumped. The / \ jumped ' - ‘é ?ﬁ’f

brown dog A ,I
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https://arxiv.org/pdf/1806.01261.pdf

Attributes
° <:> <:> 1
'\vsk :_’"VT'k"

- S s
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https://arxiv.org/pdf/1806.01261.pdf

(a) Edge update (b) Node update (c) Global update
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https://arxiv.org/pdf/1806.01261.pdf

3|

i F —AMEE 0 B £ #G(V,E)
» FF7 Rk 4

m = 5 (A, b a00)
we N (v)

hi") = g(h;”), m;"”)
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Graph Convolutional Network(GCN)

AP BB 5IEEF ] 67



Graph Convolutional Network

What NN learns

(t+1) _ Do\ = Dy
H' —0‘</Z H| W())—G(AH]. w®)
jEN (i)
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Graph Convolutional Network

hidden
layers
input layer output layer
(a) Graph Convolutional Network (b) Hidden layer activations

Figure 1: Left: Schematic depiction of multi-layer Graph Convolutional Network (GCN) for semi-
supervised learning with C' input channels and F feature maps in the output layer. The graph struc-
ture (edges shown as black lines) is shared over layers, labels are denoted by Y;. Right: t-SNE
(Maaten & Hinton, [2008) visualization of hidden layer activations of a two-layer GCN trained on
the Cora dataset (Sen et al., 2008) using 5% of labels. Colors denote document class.

» Classification of nodes of citation networks and a knowledge graph

e F
* L= Yiey, Lp=1YirInZjy
Kipf, Thomas N., and Max Welling.

"Semi-supervised classification with graph convolutional networks." arXiv preprint arXiv:1609.02907 (2016)
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15 51%8Y(Language Modeling)

» AR EMR @
» AR R G EAE IR S &
»ARANALEAE RS &

> — by AR ST

»P(x1,X5, ", XT)

»=[1; PCxilxi—q, -+, %1)

v [1; P(xi|xi—q, - Xicne1) N .35 5
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target word "is" "the" "problem"

output likelihood

hidden state

input embedding

input word "What" "is" "the"
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4 B LINUX PR CRS

static void action_new_function(struct s_stat_info *wb)
1
unsigned long flags;
int lel idx bit = e->edd, *sys & ~((unsigned long) *FIRST COMPAT);
buf[0] = OXFFFFFFFF & (bit << 4);
min(inc, slist->bytes);
printk (KERN_WARNING "Memory allocated %02x/%02x,
"original MLL instead\n"),
min(min(multi_run - s->len, max) * num data_in),

frame pos, sz + first_seq);
div_u64_w(val, inb p);
spin_unlock(&disk->queue_lock);
mutex_unlock(&s->sock->mutex) ;
mutex_unlock(&func->mutex);
return disassemble(info->pending_bh);

static void num_serial_settings(struct tty struct *tty)
{
if (tty == tty)
disable single st p(dev); v
pci_disable_spool(port);
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B,

PRNNAE "5 5]7 2% 2301 &5 B 3 A R 4933
» https://github.com/phunterlau/wangfeng-rnn

RAXE FHRE

shAE — 3 & —Fb & 409 Bt
RhAR R 69 A TATE R — A
T ERANX A — Nk

AR AE—KMELED

7 B/ATIX T RAT 69 N E AR
FAN X —FF £ F 0 AR
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«Ei% http://jiuge.thunlp.org/

aExns g, R — i A,
Egrets stood, peeping fishes. Budding branches are full of romance.
ol BB K AR TA.
Water was still, reflecting mountains. | Plum blossoms are invisible but adorable.

KRR, TARRERE,

The wind went down by nightfall, With the east wind comes Spring.
A REE. R TR A H

as the moon came up by the tower. Where on earth do I come from?
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(G 22 BE

YRI5 S

»E AFIE S . e
LR € = argmax, p(e|f) = argmax, p(fle)p(e)
rp(fle): #F4ER p(fle) = [1;p(file(4;))
rp(e) : &3 AR

Morgen 1ch nach Kanadal| |zur Konferenz
Tomorrow will fly to the conference||in Canada
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HETEIMEBE &R 2883 (Machine Translation)

» — /NRNN A 5k 4 75, Encoder
» 5 — /NRNN A sk #% 25, Decoder

Awesome sauce
Y1 Y,
b
&
&
4

[oohoo] [od_okoo] [ofoo]
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S oRARES R FBSR(Math Word Problem Solving)

Encoder Decoder

Single Equation Generation:
Paco had 26 salty cookies and 17 sweet cookies. He ate : Q | @ . Equation:
r=26-9

14 sweet cookies and 9 salty cookies. How many salty
cookies did Paco have left?
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S oRARES R FBSR(Math Word Problem Solving)

& (G @& github.com/LYH-YF/MWPToolkit

i WA O YouTube £ ([ Shields.io: Quality...

‘= README.md V4

MWPToolkit

0.0.3 | license [MEF | docs [EESNe]

Doc|Model|Dataset|Paper

MWPToolkit is a PyTorch-based toolkit for Math Word Problem(MWP) solving. It is a comprehensive framework for
research purpose that integrates popular MWP benchmark datasets and typical deep learning-based MWP
algorithms.

AP W % 5REF I 79



EE5iE(Image Caption)

A person riding a
motorcycle on a dirt road.

A skateboarder does a trick A dog is jumping to catch a
on a ramp frisbee. _

A refrigerator filled with lots of
food and drinks.

A group of young people
game of frisbee

Two hockey players are

A little girl in a pink hat is
_fighting over the puck.

blowing bubbles.
1' i 4

A close up of a cat laying
on a couch.

A red motorcycle parked on the A yellow school bus parked
= “w====in a parking lot.
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EEiRiE(Image Caption)

Vision Language A grou-p of people
Deep CNN Generating shoppmg at an
RNN outdoor market.

O

K @ There are many
vegetables at the
fruit stand.
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Visual Question Answering (VQA)

VQA: Given an image and a natural language
question about the image, the task is to provide an
accurate natural language answer

bananas

What is the mustache
made of? Picture from (Antol et al., 2015)
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http://visualqa.csail.mit.edu/

e — ANFHGBEBHTEFEERE—EBN S, —ANFTHN "Bk AL
LRE—/NERIS TR —/E GRS, waiﬁ(offsetx, offset y).
¥ o — 4 BAE A0 ilﬂiﬁim?’;fﬂ “RE




XTTERSGE

https://qgithub.com/lukalabs/cakechat

Go to the party! What should | wear?
f f f LA f 1 1 1 (X X 1
Decoder
tt 1.t t+t...1
<start> Go to the party! <start> What should | wear?
= ©Happy = “ Neutral
Context RNN

Encoder

| .

ttt..t ttt...1

Where should | go tonight? Go to the party!
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https://github.com/lukalabs/cakechat
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HFRNE

b L AN G HE IR AT 2 ) 2
»Stacked LSTM,
»Bi-LSTM
»Highway Network (a7457 W -1 )
»Grid LSTM
» Lattice-LSTM
R B B £E A
»RecNN
»GCN
MG R AY 22 ) 44049 2 R

»Machine Translation, Language Modeling, Image Caption, ...
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