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Part 4: Dynamic Programming Decoding



Part 4.1: Dynamic Programming
Decoding for Tagging



Word-Level Log-Likelihood

Approach POS | Chunking | NER | SRL

(PWA) (F1) (F1) | (F1)
Benchmark Systems | 97.24 94.29 89.31 | 77.92
NN+WLL 96.31 89.13 79.53 | 55.40

 WLL: Word-Level Log-Likelihood
— Each word in a sentence is considered independently

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011.
Natural'tanguage Processing (Almost) from Scrateh!-KOWachelzarn. Res. 12 (November 2011), 2493-2537.
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Sentence-Level Log-Likelihood

* Considering dependencies between tags in a sentence
* Conditional likelihood by normalizing all possible paths (CRF)
* Sentence score for one tag path

log p([y]! | [:B]{ 6) = s([a;]{ v, 6) - logadd s([az]{ L]]{ 0)
vl
— where Ap;;; is a transition score for jumping from tag i to j
T
sl I, 0) =" (A, + (@) 1. 1, 0))

t=1

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011.
Ndturaltanguage Processing (Almost) from Scrateh! XWNfacherlzzarn. Res. 12 (November 2011), 2493-2537.
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Sentence-Level Log-Likelihood

* Decoding: finding the max scored path
— Viterbi algorithm

The cat sat on the mat

Arg0 O o O
Argl @ O

Arg2 @ \/ @ o
Verb o }

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011.
Natural'tanguage Processing (Almost) from Scrateh!-KOWachelzarn. Res. 12 (November 2011), 2493-2537. 6




Results

Approach POS | Chunking | NER | SRL

(PWA) (F1) (F1) | (F1)
Benchmark Systems | 97.24 94.29 89.31 | 77.92
NN-+WLL 96.31 89.13 79.53 | 55.40
NN+SLL 96.37 90.33 81.47 | 70.99

e SLL helps, but fair performance for POS

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011.
Natural'tanguage Processing (Almost) from Scrateh!-KOWachelzarn. Res. 12 (November 2011), 2493-2537.
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Improvements

e Supervised word embeddings

Approach POS | CHUNK | NER | SRL

(PWA) (F1) (F1) | (F1)
Benchmark Systems | 97.24 94.29 89.31 | 77.92
NN+WLL 96.31 89.13 79.53 | 55.40
NN+SLL 96.37 90.33 81.47 | 70.99
NN+WLL+LM1 97.05 91.91 85.68 | 58.18
NN+SLL+LMI1 97.10 93.65 87.58 | 73.84
NN+WLL+LM?2 97.14 92.04 86.96 | 58.34
NN+SLL+LM2 97.20 93.63 88.67 | 74.15

* More (embedding) features

Approach POS | CHUNK | NER | SRL
(PWA) (F1) (F1)
Benchmark Systems 97.24 94.29 89.31 | 77.92
NN+SLL+LM?2 97.20 93.63 88.67 | 74.15
NN+SLL+LM24Suffix2 97.29
NN+SLL+LM2+Gazetteer 89.59
NN+SLL+LM2+POS 94.32 88.67
NN+SLL+LM2+CHUNK - - - 74.72

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011.
Natural'tanguage Processing (Almost) from Scrateh!-KOWachelzarn. Res. 12 (November 2011), 2493-2537.
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Speed

System RAM (Mb) | Time (s)
Toutanova, 2003 1100 1065
Shen, 2007 2200 833
SENNA 32 4
(a) POS
System RAM (Mb) | Time (s)
Koomen, 2005 3400 6253
SENNA 124 52
(b) SRL

Ronan Collobert, Jason Weston, Léon Bottou, Michael Karlen, Koray Kavukcuoglu, and Pavel Kuksa. 2011.
Natural'tanguage Processing (Almost) from Scrateh!-KOWachelzarn. Res. 12 (November 2011), 2493-2537.
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RNNs for Tagging

e LSTM e Bi-LSTM
B-ORG 9 B-MISC O B-ORG 0
’r AN
forward forward \ \
2 S %
backward \g \\
EU rejects  German call EU rejects German call

Zhiheng Huang, Wei Xu, and Kai Yu. Bidirectional LSTM-CRF models for sequence tagging. CoRR,

abs/1508.01991, 2015.

CCL 2016 Tutorial 10



Bi-LSTM-CRF

Algorithm 1 Bidirectional LSTM CRF model

B-ORG 0 B-MISC 0 training procedure

L] 1: for each epoch do
\ \Kl \ 2:  for each batch do
f d \ ; 3: 1) bidirectional LSTM-CRF model forward pass:
orwar \ \ \ \ - forward pass for forward state LSTM
: orward pass for backward state
< 5 forward pass for backward state LSTM
6: 2) CRF layer forward and backward pass
backward 7: 3) bidirectional LSTM-CRF model backward pass:
8: backward pass for forward state LSTM
EU rejects German call 0: backward pass for backward state LSTM
10: 4) update parameters
11:  end for
12: end for

Zhiheng Huang, Wei Xu, and Kai Yu. Bidirectional LSTM-CRF models for sequence tagging. CoRR,
abs/1508.01991, 2015. CCL 2016 Tutorial ’



Results

POS | CoNLL2000 | CoNLL2003

Conv-CRF (Collobert et al., 2011) | 96.37 90.33 81.47

LSTM 97.10 02.88 79.82

BI-LSTM 97.30 03.64 81.11

Random | CRF 97.30 93.69 83.02

LSTM-CRF 97.45 93.80 84.10

BI-LSTM-CRF 07.43 94.13 84.26
Conv-CRF (Collobert et al., 2011) | 97.29 94.32 88.67 (89.59)

LSTM 97.29 92.99 83.74

BI-LSTM 97.40 03.92 85.17

Senna CRF 97.45 03.83 86.13

LSTM-CRF 07.54 94.27 88.36
BI-LSTM-CRF 97.55 94.46 88.83 (90.10)

Zhiheng Huang, Wei Xu, and Kai Yu. Bidirectional LSTM-CRF models for sequence tagging. CoRR,

abs/1508.01991, 2015.

CCL 2016 Tutorial
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BI-LSTM-CRF for SRL

* End-to-end tagging model
— 8 layer bi-directional LSTM
— No parsing features

* Features
— Argument
— Predicate
— Predicate-context
— Region-mark

* Achieving new SOTA

| CRF (Output) |

Hidden |
7 \

|

[ Hndfi@e@

[ Hidden | | LST@
\

[ = —— - P —

| Hidden lSlMRo@ : |l H Layer

| Hidden —] |5T©
record ||_set || beenset. ||m;,=0]

| A |lrecord || date || has || n't || been || _set || . |

argu ctx- red
g P P Sentence

Figure 2: DB-LSTM network.Shadow part denote
the predicate context within length 1.

Jie Zhou and Wei Xu. (2015). End-to-end learning of semantic role labeling using recurrent neural
%Oé?%ﬁ(s ACL CCL 2016 Tutorial 13



Temporal Expanded

Target: B-Al A1 L 0 B-V
| cRF }—— CRF }—— CRF }—— CRF }—— CrF |
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Jie Zhou and Wei Xu. (2015). End-to-end learning of semantic role labeling using recurrent neural

Aetwobrks. ACL. CCL 2016 Tutorial i



Results
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Jie Zhou and Wei Xu. (2015). End-to-end learning of semantic role labeling using recurrent neural

Aetwobrks. ACL. CCL 2016 Tutorial e



Segmentation Models

* Tagging models cannot extract segment information
— E.g. the length of a segment
* Some tagging problems can be naturally modeled into segmentation task

— E.g. word segmentation, named entity recognition

Michael Jordan is a professor at Berkeley -

‘ None

WRITR S8R W R/ TR /5 B

Pudong development and construction

o

Berkeley Organization

Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations
01640-14 . CCL 2016 Tutorial 16
or Neural Segmentation Models. IJCAL.



Semi-CRF

e A solution
— Semi-Markov CRF [Sarawagi and Cohen, 2004]

— Modeling segments directly

— exp{W - G(x,s)}

—P(sx) = 7

-1 Y

Feature extraction G(x,s) ‘ @ @ @

Can we represent segments with vectors?

Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations
foF Neliral Segmentation Models. 1JCAl. ~ ©C-2016 Tuora "



Compositional Segment Representation

(c) SCNN (d) SCONCATE

Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations
01640-14 . CCL 2016 Tutorial 18
or Neural Segmentation Models. IJCAL.



Decoding Algorithm

Input: a sequence X = (xy, ..., X,—1) of n units, the maximum length of the segment L

Output: the highest scored segmentation S = (sy, ..., S;,—1), Where s = (u, v, y) is a segment and u represents
the starting position, v represents the ending position, and an optional tag y associate with the segment.
Defining V (i, y) which represents the best sub-segmentation that ends with x; (not included) and V (i, y) can
be calculated as:

V@,y) = 0,ifi=0
—00,if i <0
fori<1..n
fory €Y:
ford < 1..L
ifi—d=0:

V(i,y) < score(i—d,i,y)
else:
best;_; <« maxV(i—d,y")
yl

V(i,y) « maX(V(i, y), best;,_4 + score(i — d, i, y))

Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations
for Neural Segmentation Models. [JCAI.



Results

NER CWS
CoNLLO3 CTB6 PKU MSR
model dev test dev test dev test dev test spd
NN-LABELER || 93.03 88.62 | 93.70 93.06 93.57 9299 9322 93.79 | 3.30
baseline NN-CRF || 93.06 89.08 | 9433 93.65 9409 9328 9381 9417 | 2.72

SPARSE-CRF || 88.87 83.43 | 95.68 95.08 9585 95.06 96.09 96.54

SRNN || 9297 88.63 | 9456 94.06 9486 9391 9438 95.21 | 0.62
neural semi-CRF | SCONCATE | 9296 89.07 | 9434 9396 9441 93,57 94.05 9453 | 1.08
SCNN || 91.53 87.68 | 87.82 87.51 79.64 80.75 85.04 85.79 | 1.46

Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations
foF Neliral Segmentation Models. 1JCAl. ~ ©C-2016 Tuora 20



Segment-level Representation

model || CoNLLO3 | CTB6 PKU MSR
NN-LABELER 88.62 03.06 9299 9379
NN-CRF 89.08 03.65 9328 94.17
SPARSE-CRF 83.43 05.08 95.06 96.54
SRNN 88.63 04.06 9391 95.21
+SEMB-HETERO 89.59 95.48 9560 97.39

SCONCATE 89.07 93.96 9357 9453
+SEMB-HETERO 89.77 9542  95.67 97.58

Yijia Liu, Wanxiang Che, Jiang Guo, Bing Qin, Ting Liu. (2016). Exploring Segment Representations
foF Neliral Segmentation Models. 1JCAl. ~ ©C-2016 Tuora o



Part 4.2: Dynamic Programming
Decoding for Parsing



Graph-based Dependency Parsing

* Find the highest scoring tree from a complete graph

* Dynamic Programming Decoding
— E.g. Eisner Algorithm

A\ > AR

He, does, it; here, He, does, it; here,

Y™ =argmaxscore(X,Y)

Yed(X)



* As McGwire

[went]
[VERB]

[went, As]

[VERB, IN]

[ADJ, *, ADP]
[NNS, VBD, ADP]
[NNS, ADP, NNP]

[ADP, left, 5]

[4J. % IN]
[NOUN, VERB, IN]
[NOUN, IN, NOUN]

[IN, left, 5]

[NNS, VBD, ADP, NNP)]
[went, VERB, As, IN]
[went, VERB, left, 5]

[went, As, ADP, left, 5]

[VBD, ADJ, ADP, left, 5]

[ADJ, ADP, NNP, left, 5]
[VERB, As, IN, left, 5]

2016-10-14 IVERB. *. IN. left. 5]

How to Score an Arc?
score(6,1) = w-£(6,1)

neared , fans

[VED]
iAd
[VBD, ADF]
[VBD, As, ADP]
[VED, *, ADP)
[NNS, VBD, *]
[NNS, VBD, NNP]
[VERB, As, IN]
[VERB, *, IN]
[NOUN, VERB, *]
[NOUN, VERB, NOUN]
[went, VBD, As, ADP]
[went, VBD, left, 5]
[VERB, 1J, *, IN]
[As, IN, left, 5]
[went, VBD, ADP, left, 5]
[VBD, ADJ. *, left, 5]
[VBD, ADP, NNP, left, 5]
[went, As, IN, left, 5]
[VERB. JJ. IN. left. 5

went wild

iAS
]

[went, VERB]
[went, As, ADP]
[VBD, ADJ, ADP]
[ADJ, ADP, NNP]
[went, left, 5]
[went, As, IN]
[VERB, JJ, IN]
[4J, IN, NOUN]
[went, left, 5]
[VBD, ADJ, *, ADP]
[As, ADP, left, 5]
[NOUN, VERB, *, IN]
[went, As, left, 5]

[went, VBD, As, left, 5]

[NNS, *, ADP, left, 5]

[VBD, ADJ, NNP, left, 5]
[went, VERB, IN, left, 5]

[ADP]
[went, VBD]
[As, IN]
[went, VBD, ADP]
[VBD, ADJ., *]
[VBD, ADP, NNP]
[VBD, left, 5]
[went, VERB, IN]
[VERB, 1J, %]
[VERB, IN, NOUN]
[VERB, left, 5]

[NNS, VED, *, ADP)

[went, As, left, 5]

[VERB, JJ, IN, NOUN]

[VERB, IN, left, 5]

[ADJ, *, ADP, left, 5]
[NNS, VBD, ADP, left, 5]
[NNS, ADP, NNP, left, 5]
[went, VERB, As, left, 5]
IVERB.QL. 205 5T utorialNOUN. *. IN. left. 51

[went]
[As, ADP]
[went, As]

[went, VBD, As]
[NNS, *, ADP]
[VBD, ADJ, NNP]
[As, left, 5]

[went, VERB, As]
[NOUN, *, IN]
[VERB, JJ, NOUN]
[As, left, 5]

[VBD, ADJ, ADP, NNP]
[VBD, ADP, left, 5]
[NOUN, VERB, IN, NOUN]
[VBD, As, ADP, left, 5]
[VBD, *, ADP, left, 5]
[NNS, VBD, *, left, 5]
[NNS, VBD, NNP, left, 5]
[J. % IN, left, 5]
[INOUN. VERB. IN. left. 5]
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NN for Graph-based Parsing

Atomic Features  Phrases prefix infix suffix
Xy Xy 'I X3 l ' X5 6
Input fi P fs|  pr  p2 | \ ' \ ’I ‘ \l
| | | I |
R O| (0] (O] [Of |10] |O] |O
ol o b & o o| (o] o] |o] o] |o] |0
Embeddings ()| ()| () ()] [0 O] 10] |O O O O O
| J L J
Q O Q O O l average l average l average
a=concat€B) () () () O O l
Hidden Layer l
h=g ,( Wixa + hd) Q O O prefix embedding  infix embedding  suffix embedding
Output Layer l
OO Figure 3: Illustration for phrase embeddings. h, m

ScoreF(x, ¢) = (Wixh + b_) .
and x( to xg are words 1n the sentence.

Pei, W,, Ge, T., & Chang, B. (2015). An Effective Neural Network Model for Graph-based
016-10- 1é CCL 2016 Tutorial 25
bepen ency Parsing. ACL.



Results

Models U ASDevL AS T U ASTestL AS Speed (sent/s)

MSTParser-1-order 92.01 | 90.77 | 91.60 | 90.39 20
1-order-atomic-rand 92.00 | 90.71 | 91.62 | 90.41 55
First-order | 1-order-atomic 92.19 | 90.94 | 92.14 | 90.92 55
1-order-phrase-rand 9247 | 91.19 | 92.25 | 91.05 26
1-order-phrase 92.82 | 91.48 | 92.59 | 91.37 26
MSTParser-2-order 02.70 | 91.48 | 92.30 | 91.06 14
Second-order | 2-order-phrase-rand 93.39 | 92.10 | 92.99 | 91.79 10
2-order-phrase 93.57 | 92.29 | 93.29 | 92.13 10

Third-order | (Koo and Collins, 2010) | 93.49 | N/A | 93.04 | N/A N/A

Pei, W,, Ge, T., & Chang, B. (2015). An Effective Neural Network Model for Graph-based

016-10-1

epenéency Parsing. ACL.

CCL 2016 Tutorial
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BI-LSTM for Graph-based Parsing-|

* Each dependency arc in a sentence is scored using MLP that is
fed the BI-LSMT encoding of the words at the arc’s end points

t }
| Vihe | I Vh own | VJ mpe d V. I

concat concat concat concat

LSTU' — LST\I’ T LST\[ ’ © LSTM" LSTM
— LSTMS —|—= LSTM/ —|—= LSTM/S —|—= LSTM/
xbrov:n xfox_ Xju I—d X -

Kiperwasser, E., & Goldberg, Y. (2016). Simple and Accurate Dependency Parsing Using
Bidiréctional LSTM Feature Representations. TACL. "



Results

System Method Representation Emb | PTB-YM PTB-SD CTB

UAS UAS LAS | UAS LAS
This work graph, Ist order 2 BiLSTM vectors - - 93.1 91.0 | 86.6 85.1
This work transition (greedy, dyn-oracle) 4 BIiLSTM vectors - - 93.1 91.0 | 86.2 85.0
This work transition (greedy, dyn-oracle) 11 BiLSTM vectors - - 93.2 91.2 | 865 849
ZhangNivrel | transition (beam) large feature set (sparse) - 92.9 - - 86.0 844
Martins13 (TurboParser) graph, 3rd order+ large feature set (sparse) - 92.8 93.1 - - -
Peil5 graph, 2nd order large feature set (dense) - 93.0 - - - -
Dyerl5 transition (greedy) Stack-LSTM + composition - - 924 90.0 | 85.7 84.1
Ballesteros16 transition (greedy, dyn-oracle) | Stack-LSTM + composition - - 927 90.6 | 86.1 84.5
This work graph, Ist order 2 BILSTM vectors YES - 93.0 909 | 86.5 84.9
This work transition (greedy, dyn-oracle) 4 BiLSTM vectors YES - 936 915 | 874 859
This work transition (greedy, dyn-oracle) 11 BiLSTM vectors YES - 939 919 | 87.6 86.1
Weiss15 transition (greedy) large feature set (dense) YES - 932 91.2 - -
Weiss15 transition (beam) large feature set (dense) YES - 94.0 92.0 - -
Peil5 graph, 2nd order large feature set (dense) YES 93.3 - - - -
Dyerl5 transition (greedy) Stack-LSTM + composition | YES - 93.1 909 | 87.1 85.5
Ballesteros16 transition (greedy, dyn-oracle) | Stack-LSTM + composition | YES - 93.6 914 | 87.6 86.2
LeZuidemal4 reranking /blend inside-outside recursive net | YES 93.1 93.8 915 - -
Zhul5s reranking /blend recursive conv-net YES 93.8 - - 85.7 -

Kiperwasser, E., & Goldberg, Y. (2016). Simple and Accurate Dependency Parsing Using
28

Biditéctional LSTM Feature Representations. TACL. ™"



BI-LSTM for Graph-based Parsing-l|

/ e e N e T '"".\

* Besides the word vectors, o :.1 = :'!i T!i E!f 5!5

Bidirectional x Lo g . e '@ '@

: . X2 X3, Xy, | X5

they used sentence segment ™ :i: ;i: :i: ;i: :i:
: R
(phrase) embeddings - T L/
(Forward )
| tsm B—E—E—
(e e )

eature | ' bl '

Embeddings: :/lvlord featu‘::s : :Di::nce: :Sg;mentfeat‘:?es:
\_ | A St L Plgrbegdeghu [ Yot - A Ij
‘Hidden layer A

h=g (Z W‘,f'_a,- + bﬁ)
\_ i J
v

(Output layer )
écorec(x, c) = (Weh + bd) )

Wang, W., & Chang, B. (2016). Graph-based Dependency Parsing with Bidirectional LSTM. ACL. 29



Learning Segment Embeddings

i ¢

-n—

¥ preflx & infix . $ sufflx
h,, — h,

Wang, W., & Chang, B. (2016). Graph-based Dependency Parsing with Bidirectional LSTM. ACL. 30



Results

Models UAS | LAS | Speed(sent/s)
MSTParser 91.60 | 90.39 20
Ist-order atomic (Pei et al., 2015) | 92.14 | 90.92 55
First-order Ist-order phrase (Pei et al., 2015) | 92.59 | 91.37 26
Our basic model 93.09 | 92.03 61
Our basic model + segment 93.51 | 9245 26
Second-order MSTParser 92.30 | 91.06 14
2nd-order phrase (Pei et al., 2015) | 93.29 | 92.13 10
Third-order (Koo and Collins, 2010) 93.04 | N/A N/A
Fourth-order (Ma and Zhao, 2012) 93.4 N/A N/A
(Zhang and McDonald, 2012) 93.06 | 91.86 N/A
Unlimited-order | (Zhang et al., 2013) 93.50 | 92.41 N/A
(Zhang and McDonald, 2014) 93.57 | 92.48 N/A

Wang, W., & Chang, B. (2016). Graph-based Dependency Parsing with Bidirectional LSTM. ACL. 31



Neural CRF for Constituency Parsing

* CRF Parsing with CKY decoding

NP - NP
P(T|x) H exp (score(r)) score 2NP/5\PP8 =w f ZNP/S\PPS

reTl
A NP
FirstWord = a NP PP NP
NP T
PrevWord = gave A -t NP op

T~

He gave a long speech on forelgn policy .
0O 1 2 3 4 5 6 8 9

Durrett, G., & Klein, D. (2015). Neural CRF Parsing. ACla 32




Neural CRF for Constituency Parsing

* Neural CRF Parsing

S _(eeeee\_ 200-dim vector
one-layer NN
100-dim vectors

(V) [[0‘00][000][0?o][oto][ool][ooo

(Bansal et al., 2014)
// | \ N ™~

He gave a long speech on foreign policy .
1 2 3 4 5 6 7 8

0 9

Durrett, G., & Klein, D. (2015). Neural CRF Parsing. ACla 33



Results

92
91
90
89
88

87

Durrett, G., & Klein, D. (2015). Neural CRF Parsing. ACla

Sparse+

Neural
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Neural CRF for Constituency Parsing

* More neural networks

S ~(eeeee
Convolutional

[[ooo][ooo] (eoe](000) [o.o][ooo]]

[l

(00e) (0] (009 (0o (0] (e0e] (e0e) (009 ([e0y

He gave a long speech on foreign policy

Durrett, G., & Klein, D. (2015). Neural CRF Parsing. ACla
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Neural CRF for Constituency Parsing

* More neural networks

P
LSTM

X0 [o:o][ooo][ooo 000

aX; 000
SRl S S
CID (000 CID CID CID CID Cm CID CID
He gave a long speech on foreign policy

Durrett, G., & Klein, D. (2015). Neural CRF Parsing. ACla



Conclusion

* Neural nets can provide continuous features in discrete
structured models

* Inference and learning are almost unchanged from the
purely discrete model



