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Structure Prediction

 Sequence labelling (Chapter 7, 8)

Sentence

POS tag sequence

Jamie went to the shop yesterday .
What would you like to eat ?

Tim is talking with Mary .

I really appreciate it .

John is a famous athlete .

NNP VBD TO DT NN AD .
WP MD PRP VB TO VB .
NNP VBZ VBG IN NNP .
PRP RB VBP PRP .

NNP VBZ DT JJ NN .

* Sequence Segmentation ( Chapter 9)

Word segmentation HorAr Al
A [E] Ah AR Y 55
Input Output

Michael Jordan is a Professor
at University of Berkeley,

located near Silicon Valley, USA.

Mary went to Chicago to meet
her boyfriend John Smith.

[Michael Jordan|ee is a Professor

at [University of Berkeley|ore,

located near [silicon valley|,oc, [USA]gp-
[Mary|ser went to [Chicago),oc

to meet her boyfriend [John Smith)ee.
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Structure Prediction ne NLP

 Sequence labelling (Chapter 7, 8)
« Sequence Segmentation (Chapter 9)
* Tree Structure Prediction (Chapter 10, 11)

ROOT S
DOBJ ADVE VP N
RB VBP NP PP
SUBJ 10BJ DET | | — T —
N 7N Here are DT JJ NNS IN NP
Y | | | | /\
He; gave, her; a;, tomatos the net  contributions of DT NNS

I I
PRP VBD PRP DT NN the experts



Structure Prediction ne NLP

 Sequence labelling (Chapter 7, 8)
« Sequence Segmentation (Chapter 9)
* Tree Structure Prediction (Chapter 10, 11)

ROOT S
DOBJ ADVE VP N
RB VBP NP PP
SUBJ 10BJ DET | | T _—
N 7N Here are DT JJ NNS IN NP
v | | | | —
He; gave, her; a;, tomatos the net  contributions of DT NNS
I I
PRP VBD PRP DT NN the  experts

Graph-based models (Chapters 7 — 10) vs Transition-based models (Chapter 11)
Local model vs Global model ~[9)



Local Graph-Based Models e NLP

« Comparison with linear models

* No complex discrete features

° NO dynamic program [ Local STTl"llCTlll‘E‘S ]
L‘ Output Layer
: I
[ J
Overview . ) - [
InPU-t Wl:n — W1; W2; ey Wn L‘Sequeuce Encoding Lavyer
I
Embeddings: X1., = x{, x b x x x
- A1n 1)42) 2 *n 1 2 =
Hidden: Hl:n — hl, hz, ey hn [ T Inp'fl" Layer IJ
wy w2 Wn



Local Graph-Based Models

 Structure prediction wvs. Classification

Local structures

Output layer

4

() () - (B

4

Sequence encoding layer

Lz ]

[ Output layer (Section 13.2.3) ]

(n )

: Sequence encoding layer (Section 13.2.2) ‘

L= ) =)

i

Structure prediction

: Word embedding layer (Section 13.2.1) |

w, Wy oo w,

Classification

NLP



Contents ne NLP

15.1.1 Sequence labelling

10



Local Graph-Based Models e NLP

Local Structures

I

Output Layer

{
. k:
Tas L;L T,In
L‘

* Sequence labelling

o =
U
e/

Win 2 Ty = 1,6, .ty

I

* Input layer

x5 Xy,
X = emb (Wl) ! L !
[ [ Input Layer ] ]
~ ¥
* OOV words? Wy W, W,

* add a special token <OOV> to represent OOV words.

* during training, randomly flip infrequent words into <OOV>.

11



Local Graph-Based Models

* Sequence labelling
» Task:
Win 2 Tim =1, b, ., ty
* Input layer
Wi = Cpjw;| = c{, cé, ...,c|iwl,|
Xy, = ...embc(c|iwi|)]

chr(w;) = Encoder (xﬁvi)

X; = chr(w;) © emb(w;)

emb€(c) = W - one—hot(c)

emb®(c;) emb®(c;) emb®(cic))

P

w

12

NLP

one-hot



Local Graph-Based Models ne NLP
* Sequence labelling
* Sequence representation layer
[ Local Structures ]
[ Pi-1 ] [ p; ] o T _
i ==
hy h, hy,

[ | Sequence
T
1

Encoding Layer'_] ]

X1 X2 Xn
X1 o [ Input Layer I_]
I I
wq Wo Wy

H,., = BiLSTM(X4.,,)

* Can stack multi layers.

13



Local Graph-Based Models e NLP

* Sequence labelling

 Each x; is classified using h;

[ Local Structures ]
« There are |L| labels. [ T ]
Output Layer
* QOutput layer L% I ; F_]
h, h, | - [ h,
o, =Wh;+b p; = softmax(0;) ' I |
0; and p; have |L| dimensions L‘Seq“fﬂce ‘i““’d“lg LaY‘*‘"_]
pi[j] denotes p(t; = lj|wy.n) x; x5 X,
.. I R 1
¢ Tralnlng [ Input Layer I_]
] ]
D = {(Wy T} L, wo n

N Wy

L= —2 Z log (p}[¢/])

i 14



Local Graph-Based Models

* Thereisalossateveryt; (i € [1,...,n]).

* Gradient Propagation for RNN-based models

tq

ty o ;o

tn

L) L) L) | L)

BiLSTM
| ti
|
ho  hif) hioa P Rl
X1 Xi-1 Xi

e Gradients from each label are accumulated.

NLP

[ Local Structures ]
I
L| Output Layer
I
h, h, ] h,

| Sequence Encoding Layer

.

I
[ X1 X5 X
Input Layer
I wr]

15
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15.1.2 Dependency Parsing
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Local Graph-Based Models

* Dependency parsing
* Input

§ = (wyty), Wy t), ..., (Wp ty)

* Output
o ={(hy 1D},

ROOT

ROOT

NMOD

DOBJ XNDD
SUBJ NMOIT \ NMOD
VN 7 TN | ¢

Y
I likes  hisg  codey I,
PRP VBP PRPS$ NN PRP

* wg = ROOT pseudo root

likeo,  hisy  codey
VBP PRP$ NN

NLP



Local Graph-Based Models e NLP

* Dependency parsing
* Input layer

Xi = emb (Wl) @ ChT(Wi) @ embp(ti) [ Local Structures ]
: I
e POS embeddlng L| Output Layer
I
hy h, | hy,
L‘Sequeuce Encoding Lavyer
I
emb?(t) = W - one—hot(t) | . : : o D -1;1 -1:2 | -rln
[ [ Input Layer
?_]
wq Wo Wy
emb? (1) embP(l;) embP(l) one-hot

Y —

w

18
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Local Graph-Based Models e NLP

* Dependency parsing

* Sequence encoding layer

Hl:n = BiLSTM (Xl:n) [ Local S:r[mchues ]
L| Output Layer '_]
hl h, | h
[ Sequence Em:odmg Laver ]
L, i_]
x1 Iz X,
[ Input Layer ]
I | I
Wi Wz Wn

20



Local Graph-Based Models e NLP

* Dependency parsing
* Qutput layer

« Structure assignment (each word i looks [ Local Structures

for a head ] ,including <ROOT>=O) [ LI Output Layer

ol = [
U
S
—

h, h-
T .
Sij — hi Uh] + VT([hi; h]]) - .
arc L‘Sequeuce Encoding Layer
0; " = (Si,1’Si2’ -’ Sipn) 1
xl xZ xn
p¥ ¢ = softmax(0f"°) 1 1 .
[ Input Layer ]
h; = argirlnanglrc [h] 11?1 LLZ ll'n

* 0,p hasn + 1 dimensions, and p;""“[j] = P(w; is head of w;)

21



Local Graph-Based Models e NLP

* Dependency parsing

* Output layer

[ Local Structures ]
. ¥
* Label assignment !
LI Output Layer |_]
label Tyy/ , . ' ‘ Jj '
0; = hi U hhi +V ([hi’ hhi]) +b {11 {1?_ hﬁn
Sequence Encoding Laver
p%abel — Softmax(o%abel L‘ T
X1 X2 Xn

- S R .

« p; “ljl=p(arci < h; haslabel [; ) [ T T“P‘]" rayer T

Wi Wa n

-

e Results in invalid tree?

* Use a dynamic program.

22



Local Graph-Based Models e NLP
* Dependency parsing
e TIr alnlng [ Local Structures ]
I
D = {(Si’ Ti)}llivzl Ti — {(]’hl ) [ )}llsl '[ Output Layer I‘ ]
h, h, ] h,
N |wyl ' ' |

2 2 <10g ( (p])arc[h ]> + log ( (p})label[l ])> L‘Sequeuce Iincodiug Layer

X4 | X2 _I_an
( )
] Input Layer
e J.oss from every arc accumulates via h;, hj f I I
wq Wa Wn

* Loss from every arc label accumulates via h;, h;

23
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15.1.3 Constituent Parsing
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Local Graph-Based Models e NLP

* Constituent parsing

» Task
* Input S = (wyty), (wyty), ..., (wyt,)

* Output 7 ={(hec)},1<b<e<nc=Ibe]

 Local model to classify each span.

S
/\
NP VP
| T
PRP VV NP

I like, PRP$ NN
I |
hisg codey



Local Graph-Based Models e NLP

* Constituent parsing

* Input layer

[ Local Structures ]
chr(w;) = tanh(WSha" ch} + W ch] + pehar) 1
o= emb ) @chr(o) @em ) )
hy h, ) -~ [(ha
 Sequence encoding layer (stacked bi-LSTM) | | |

| Sequence Encoding Laver

I

X, X5 x

S[b, 8] = hb @ he

* OUtPU-t layer [ Input Layer ]
I I I

h[bs e] = tanh(W"s[b e] + b")
o[be] = W°h[b e] + b°
plb'e] = softmax(o|b’e])



Local Graph-Based Models e NLP

* Constituent parsing
* Decoding (find structure first)

P(y = 1S, b, e) = 2 P(c|S,b,e) = 1 — P(p|S,b,e)

C,C*P

P(y =0]S,b,e) = P(¢|S,b,e)

* Rule (disregarding consistent labels)
Whe > Wpp—1Wpree
P(r|S,be) = P(y = 1|S,b,b'—1)P(y = 11S,b’,e)

« CKY



Local Graph-Based Models e NLP

* Constituent parsing

* Training

D ={(Sy T},
Si = (witi), o, (Ws,p tis,))

L i, 0,70 \LITil
I = {<bk K lb,l(.e,l)} k=1

L = —z z logP(c|S, b, €)

i=1 1<b<|S;|,b<e<|S;|

c =1y, if (b,ec) €T;and ¢ otherwise.
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15.2 Local Transition-Based Models
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Local Transition-Based Models np

» Use state-transitions to model output (Chapter 11)
* State transitions
* State represents a partially constructed output

* Transition actions represent incremental steps for building

structures
« Example , : -
S = (O‘; ﬁ) A) 51 So bo
gave a pen
0o = [...’Sl’ So]
B = [by by ...] /N

S1.10 S1.r0

SUBJ DOB.J

o=|gave, a|, =|pen| and A={(He *" gave), (gave "~ her)}

NLP



Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: SHIFT

He gave her a pen




Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: SHIFT

He gave her a pen




Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: LEFT-ARC-SUB]J

He gave her a pen




Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: SHIFT

her a pen

ave
S JB/ 8

v
He




Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: RIGHT-ARC-IOB]J

a pen

gave her
S JB/

v
He




Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: SHIFT

a pen

gave
S JB/ \om
¥ y
He

her



Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: SHIFT

pen

gave —_a
> JB/ \IOBJ
v V
He her



Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: LEFT-ARC-DET

ave en
sty ° a P
I0BJ
v V
He her



Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: RIGHT-ARC-DOB]

susl,” =00 PEn
/ on_ /o

her a




Local Transition-Based Models np NLP

Arc-standard Projective Dependency

* Example

Next action: END

gave OBJ
SUBJ
|OBJ DE
¢ $ K‘\N

He her a pen
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Local Transition-Based Models np

* Model 1 -- directly takes embedding features.

S
7 o F

‘52 =Wy S1 = Wiz So =Wz bg=wj by =wj,

i
-
o

lfy So.ro

_ \ ‘

Lhz(so roroW = Wis)
[W 1 =S W= We] [Wfla So. rox OW W4] [pfl = 50? = Pis]"'[me = SororoP = Pi4]

-----

_______
“““““““““““
"""""
........
......

""""""""""

[emb“*(wl) embpcpl) LJLTJ L,_]Lr] [_]Lf_] Lr]Lr] LJL,J LAU (.

W1 Wii Pin Wiz Piz Wiz Pi3 Wis Pia W;1 Pﬂ Wj2  Pj2 Wn, Pn

42

NLP



Local Transition-Based Models np NLP

e Model 1 -- MLP classifier

Type Feature template

. Sow, S1w, Ssw, bow, byw, bow
word features

(1,=18)

S.0W, SO W, S oW, S1. W, S oW, So.r1W, S W, S| W
S0.00.10W 5 SO.r0.10W, S0.10.70W, SO.r0.r0W
Sop, S1P. S2p, bop, byp, bap

PPOS features

(‘”;F 18) S0.10P; S0.11P; S1.10P; S1.11P; S0.r0P,; S0.r1P; S1.r0P, S1L.r1P
' 50.10.10P; S0.70.10P5 S0.10.70P; S0.r0.r0P

arc features so.ol, so.l, s1.0l. s1.11l, sorol, sor1l, s1.r0l, s1.011
(n=12) 50.10.10l5 S0.r0.10l, S0.10.70L, S0.70.r0!

XV = [e;m; b(wfi) .. emb(anw)]
XP = [e; m; bP (pfy) ...embP (anp)]
X! = [e;m; bl(lfﬂ ---embl(lfnz)]

h = f(WYXY + WPXP + WX! + b,)

o0 =W°h + b°
p = softmax(o) i



Local Transition-Based Models np NLP

* Model 1
* Training
D = {(Wy T3},

Ti = <(S(i)’ a]i.)’ (S]i.’ aé), wee (SiiIWiI—Z' aélWi|—1)>
N 2lwi-1

L=—z 2 logP(aHsji_l)
i=1 j=1



Contents ne NLP

15.2.2 Model 2
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Local Transition-Based Models np

* Model 2 — enrich input sequence features

* Sequence encoding

o
* B
|52 =Wy S1 =Wjpp So =Wz by = Wi by = Wij2

(hiz)  (hiz)  (hy)
™\

S0.ro0
+

So.roroW = Wiy

aaaaa
em,

.....
''''''

_____
e

Ch)- O Cra)- G- ) O )
( BILSTM )

lemb¥ wyiembPee)-{ ¢ J( ¢ )+ L ¢ 0 E ¢ [
! f Fr fTr Ffr "tr "t 1 1t t1

Wi (41 Wi1 Pir Wi2 Piz Wiz Pi3 Wis Pia W1 Pj1 Wj2 Pj2 wy, py

46

NLP



Local Transition-Based Models np NLP

* Model 2 — reduce stack feature sources.
X; = emb(w;) © embP(t;)
H,.,, = BiLSTM(X,.,)
h =h,, @ h,, @ hy, ® h,
0 = W°tanh(W"h + b") + b°

p = softmax(o)
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15.2.3 Model 3
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Local Transition-Based Models P \WestlakeNLP

« Model 3 —better represents the state

S a
7 8

‘SZZWH S1 = Wiz Sp = Wi3 bﬂ Wi1 b1=WJ‘2

(hiz) (hi2) E;l\i}) (hj))  (hj2)

So.ro
!
SororoW = Wi
Stack LSTM Right-to-left LSTM i Action LSTM 1
(50 = hig-—[sy =h:] *[hsz—h‘] [hbﬂ"‘l] (1 = h;} { o N { % Jo- [“k l

-

| | |
(emp owpyiemprowy)-{ ¢ J-{ ¢ (¢ (¢ P -0 ) 1]
¥ ¥ rf f f T f fTf 1Tt T T1

Wy 221 Wi1 Pin Wiz Piz  Wi3Pi3 Wiq Pia  Wj1 Pja Wj2 Pj2 Wn Pn

49



Local Transition-Based Models np NLP

 Model 3 hlb
 Buffer LSTM — | [ o
I 1 !
Xn Xn—1 X1
ha
|
. 1 |
e Action LSTM a a @

* action embedding

emb(a) =W : : | v a (one hot)

50




Local Transition-Based Models

e Model 3
e Stack LSTM

hS\A | :USH h\ |

LSTM e LSTM » LSTM |

h, =6 h, E:j h, = LSTM(hg,x)

X
hy POP hy
h, hi_, h, h, hi-, h;

) = LSTM(h;_,,x)

51

NLP



Local Transition-Based Models np NLP

e Model 3

e Further reduces stack features

h=h,®h, ®h,
0 = MLP (h)

p = softmax(o)
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15.3.1 Neural CRF
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Global Structured Models np NLP

e Neural CRF

CRE exp (5 ' QB(Tl:n' Wl:n))

P(Tlnlwln) — - - ’
Srs exp (- G Win))

g - qs)(Tl:n' Win) = g - $(ti’ ti—1’ Win)

NgE

i=1

n
exp <z 10 ) ¢ (ti' ti—1’ Wl:n)>
1=

n
ZT{:n €Xp ( 0 - p(t;t;_q W1:n)>

P(Tl:nlwl:n) —

i=1

» Neural CRF - replace 6 - ¢ with a neural score.



Global Structured Models np NLP

e Neural CRF

* A simple version
Xi_2:i42 = emb(w;_,) @ emb(w;_1) D emb(w;) @ emb(w;,,1) D emb(w;,,)

h; = f(Wl:n’ i) = tanh(WxXl 2:i+2 T b*)

exp(Z(U(f Y, +b(t,.1,_,))
Z(e‘(p(Z(U(f h, +5(1,1,)))

P(T'l:?z |Wln)

55



Global Structured Models np NLP

e Neural CRF

e Training D={W,T)}|,

L(W;, T;,0) = ——ZlogP(TIW)

_ __(; (Z (UGHh + b1 ))))
—log;(exp(z;1 (U(tj)h,- +b(tj>tj—1))))

e Use SGD



Global Structured Models np NLP
e Neural CRF

* A simple version

* Training

oL(w,.T,.®) i .
ou (1) - (JZ:‘I h;5(1; = l;)
L1
exp (X (Uapn, +5a51.0))
_ Z J= 731 | Z h,5(t; = lk))
"3 G @m0
, —

L

- —(;lh;.s(t} = L) =2 P w)his (t) = )

351

-2 (51! = )= % (P w)nys (1) = 1))

|55

- _Zl (h's(t =1,)- B prw i, =1,))
J=

Eprp(r w8 (¢ = 1) = Et’j~P(t’j|Wi)th:5(t’f = i) 57



Global Structured Models np

e Neural CRF

* A simple version

* Training
N exp(Z(U(f b, +b(1).1,.)))
(Gl;lii» )=U(tj-)— U(t;)
j Z(exp(Z(Ua W', +b(t).1),)))

= Ut =Y P W)U

= U() = Byprmy UE))
= U(f;) - Et}~P(t}|Wz~)U(t;)

58
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Global Structured Models np NLP

* Neural CRF
* A more complex version BiLSTM CRFE.

H;., = BiLSTM(X{.;;)

exp(zn: (U(ti. )h, +b(t,t,_, )))
> (exp(3 (UM, + b1 11.))))

P(Tl:n |VVl:n):

(add a sequence encoder)

e (Gradient calculation remains similar.
59



Global Structured Models np NLP

e Neural CRF

e More variants?

* Consider label embedding



Global Structured Models np NLP

e Neural CRF

e Tree CRF exp (0 . p(W T))
P(T|W) =

BW.T)= ) W,
reT
exp(Zé : ¢7(W, r))

P(T ’ W) — rel —
Z exp(z 6-o(W, r’))

T'e Gen(W) r'eT’

 Neural version — replace 6 - ¢ with a neural score.



Global Structured Models np NLP

e Neural CRF

* Neural version using label embedding parameterization

exp(z fw, r))
exp(z o, 1)

TeG n(W)

P(T|W) =

f(Wrr) = f(W' cr 1 Cq’ cz»bb’eé) =T(W' b b e)TW/y(c = cc,)
(Wb b'e) = ReLU(WW(hb Gh,_, D he))

y(c = c1c3)
= ReLU(W%emb®(c) + WlembS(c;) + W"emb5(c;) + b)



Global Structured Models np NLP

e Neural CRF

¢ Training D={W,T)} .
| | exp( X 7Y W)
L=——Y"1ogP(T |W)=——Y log <
N Z‘ N Z‘ ; 3 exp(Y 20 W)
T'e Gen(W;) r'el!

e Use SGD

63



Global Structured Models np NLP

e Neural CRF

e Tree CRF
. Training

L (S - Y PEm) Yo )

M ref, T'e Gen(W,) rel!
B <Z Ty’ - B ep(T" W) Z v (r’)f(T')T>

r€T; T’ET’i
0 (r) Z Wiy - z P (T';|W;) z Wy (")

‘ T€T; T'ieGen(W;) r'er’;

= (Z W) = Eprrrgy ), W 7“'))
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e 15.3.2 Neural Transition-Based Models with Global Normalization
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Global Structured Models P \WestlakeNLP

e Neural Transition-Based Models with Global Normalization

66



Global Structured Models np NLP

e Neural Transition-Based Models with Global Normalization

e Linear version

score(Aq1.;) = 25-:1 Score(aj) = Z}:l 0-p(sj—1-a)
 Neural version
i i

score(A1;) = ) score(a;j) = ) o;|a]
0= serea)=Y ol

J=1 J=

Al:i — al, az, ven ) ai



Global Structured Models np

e Neural Transition-Based Models with Global Normalization

* Training ;
eXp (Z Y [aj]>
P(Al:ilwl:n) = Softmax(Al:i'All:i € gen(Wl:n' l)) = =

L = —logP(Ay| W) 2t &P <2j=10’j & ]>

exp <Z;=1 0; [%:)
24, €XP <Zj=1 0;/ :aj]>
exp <Zj=1 0; [%:)

= logZ — z o [a;] where Z = 3,/ exp (21_ ) o; [a’;])
j=

= —log

NLP



Global Structured Models np NLP

e Neural Transition-Based Models with Global Normalization
« A7 is exponential to i

i
 (Contrastive estimation 7' (x;,0) = Z exp (2 o [a,j])
A’1=iElSi,1""'si,ni] j=1

69




Summary

Local graph-based neural models

Local transition-based neural models

Global graph-based neural models

Global transition-based neural models



