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Abstract

In this paper, we propose a variety of Long Short-Term Memory (LSTM) based models for sequence tagging.
These models include LSTM networks, bidirectional LSTM (BI-LSTM) networks, LSTM with a Conditional
Random Field (CRF) layer (LSTM-CRF) and bidirectional LSTM with a CRF layer (BI-LSTM-CRF). Our work
is the first to apply a bidirectional LSTM CRF (denoted as BI-LSTM-CRF) model to NLP benchmark sequence
tagging data sets. We show that the BI-LSTM-CRF model can efficiently use both past and future input features
thanks to a bidirectional LSTM component. It can also use sentence level tag information thanks to a CRF layer.
The BI-LSTM-CRF model can produce state of the art (or close to) accuracy on POS, chunking and NER data
sets. In addition, it is robust and has less dependence on word embedding as compared to previous observations.
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Sequence Prediction via Conditional Random Field (CRF)
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Conditional Random Field Parameter Estimation
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POI) = 5o exp ) (Ayiyins + 0y 0)
j=1

F(y,x) = }T”:l(ij,yj-l + 0 i) - Scoring function

e AN

Scoring transitions Scoring input features

Z(x) = Xyrey exp{F(y' )} —> aka “Partition Function”

All possible label sequence

exp(F(y,x))
Lyrey €Xp{F (¥’ %)}

P(ylx) =
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Conditional Random Field Parameter Estimation

_ exp(F(y,x))
POk = 2yrey €Xp{F (¥’ x)}
P(ylx;w) = exp(%; X Wifi(¥j-1, %), %, 1)}

Xyrey €xXp; X wifi -1, ¥/, %, D)}
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Conditional Random Field Parameter Estimation

exp(F(y, %))
%, ey eXp{F (7))

P(ylx) =

Weight for given

Sum over all ) .
scoring function

scoring function

scoring function
Length of without weight
Sequence x (/
exply; X wifi(Vj-1, ¥ %, 1)}

P(ylx;w) = Lyrey €xp; X wifi(yj_1, ¥j, %, 1)}

Sum over all
possible label
sequence
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Conditional Random Field Parameter Estimation

exp{Y; X, wifi(Vj-1, ¥, %, i)}
Yyrey €XpLX; X wifi(j_1, ¥/, %, )}

P(ylx;w) =
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Conditional Random Field Parameter Estimation

exp{Y; X, wifi(Vj-1, ¥, %, i)}
Yyrey €XpLX; X wifi(j_1, ¥/, %, )}

P(ylx;w) =

logP(ylx;w) =X X wifi(¥j—1, ¥, %, 1) —10g[X 1 y €xp{X; X Wi fi (Vj -1, ¥}, %, D]

Gradient ascent !!
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Conditional Random Field Parameter Estimation

exp{Y; X, wifi(Vj-1, ¥, %, i)}
Yyrey €XpLX; X wifi(j_1, ¥/, %, )}

P(ylx;w) =

log P(ylx;w) = X X wifi (Vj—1, ¥, %, 8) — 108[X ey exp{X; X wif; (¥ -1, ¥j, %, D]
Gradient ascent !!

0 . / / / .
w108 PO/lx;w) = 3, fi(yj-1,5, % 1) = Byrey PO/ 1) X fi (V-1 37, %, 0)

A =N+a [iji(}’j—LYj:x: i) - Zy’eyp(y’|x) iji(y]{—py]{»xr l)]
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Conditional Random Field Parameter Estimation

exp{Y; X, wifi(Vj-1, ¥, %, i)}
Yyrey €XpLX; X wifi(j_1, ¥/, %, )}

P(ylx;w) =

log P(ylx;w) = X X wifi (Vj—1, ¥, %, 8) — 108[X ey exp{X; X wif; (¥ -1, ¥j, %, D]
Gradient ascent !!

0 . / / / .
w108 PO/lx;w) = 3, fi(yj-1,5, % 1) = Byrey PO/ 1) X fi (V-1 37, %, 0)

Learning rate

/

A=MN+d [iji(}’j—LYj:x: i) - Zy’eyp(y’|x) iji(y]{—py]{»xr l)]

Direction of the gradient . .
g Parameter Estimation !!!
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Conditional Random Field Prediction

argmax P(y|x)
y*

Z(x) = 158.65
P(B,B| "Gonie Sleep") = eXp{AB start T App + Opgonie T Opsicep} =7 exp{l} 0.02
P(B,0 | "Gonie Sleep") = ?GXP{AB start T Ao,p T O Gonie + 0o Sleep} exp{S} 0.93
P(0,B | "Gonie Sleep") = e )eXP{Ao start T Ao + 00,Gonie + OB sieep} = 200 )exp{Z} 0.05

P(0,0 | "Gonie Sleep") = eXP{Ao start T 40,0 + 00,6onie + 00 stcep} = Z0r )exp{ 2}=0.00

argmax P(y|x) = (B, 0)
y*
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Bidirectional LSTM-CRF

R/

< Bidirectional Long and Short Term Memory Conditional Random Field (Bi-LSTM-CRF)

B-ORG 0 B-MISC

forward

backward ‘? Nf
EU rejects German call
4. Bi-LSTM-CRF Model
Conditional Random Field
b= o(W_gx,+ Wiihy o+ by) (1) ;. () g
he = of il + b)) ()
Vi = Wﬁyl_l)t + Wzy(th + b, (3)

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Bidirectional LSTM-CRF

R/

< Bidirectional Long and Short Term Memory Conditional Random Field (Bi-LSTM-CRF)

A
v

B-ORG 0 B-MISC

L] | L]

A

forward

backward ‘?
EU rejects German call
4. Bi-LSTM-CRF Model
Conditional Random Field
b= o(W_gx,+ Wiihy o+ by) (1) ;. () g
he = of et by) @)
o(W h;+ Wﬁyht + b,) (3)

o o
~~~~~

.
.
.,
",
"""""
-----
. .
------
.......
.........
------------
....................
----------------
..........
...........................................

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Experiment Result

R/
0’0

Data

Table 1: Size of sentences, tokens, and labels for training, validation and test sets.

POS CoNLL2000 | CoNLL2003
training sentence # | 39831 8936 14987
token # 950011 211727 204567
validation | sentence # 1699 N/A 3466
token # 40068 N/A 51578
test sentences # | 2415 2012 3684
token # 56671 47377 46666
label # 45 22 9

%+ Result

Table 2: Comparison of tagging performance on POS,

chunking and NER tasks for various models.

POS | CoNLL2000 | CoNLL2003

Conv-CRF []Collobert et al., 201 ]p 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 07.45 93.80 84.10

BI-LSTM-CRF 07.43 04.13 84.26
Conv-CRF []Collobert et al., 201 ]|) 07.29 04,32 88.67 (89.59)

LSTM 97.29 92.99 83.74

BI-LSTM 097.40 93.92 85.17

Senna CRF 07.45 93.83 86.13

LSTM-CRF 07.54 94,27 88.36
BI-LSTM-CRF 097.55 04.46 88.83 (90.10)

Gazetteer(K| H AH) feature: set of lists containing names of entities such as cities, organizations, days of the week, etc.

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Experiment Result

< LC}E 2Ea} H|W - POS Tagging

Table 4: Comparison of tagging accuracy of different models for POS.

System accuracy | extra data
Maximum entropy cyclic dependency 97.24 No
network (Toutanova et al., 2003

SVM-based tagger (Gimenez and Marquez, 2004 97.16 No
Bidirectional perceptron learning (Shen et al., 2007 97.33 No
Semi-supervised condensed nearest neighbor 97.50 Yes

Soegaard. 2011)

CRFs with structure regularization (Sun, 2014) 97.36 No
Conv network tagger (Collobert et al.. 201T) 96.37 No
Conv network tagger (senna) (Collobert et al.. 2011} 97.29 Yes
BI-LSTM-CREF (ours) 97.43 No
BI-LSTM-CRF (Senna) (ours) 97.55 Yes

Extra data: Spelling features and Context features (Stanford NER tool (Finkel et al, 2005; Wang and Manning, 2013))

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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Experiment Result

< C}E 25} | - NER Tagging

Table 6: Comparison of F1 scores of different models for NER.

System accuracy
Combination of HMM, Maxent etc. (Florian et al.. 2003) 88.76
MaxEnt classifier (Chieu., 2003) 88.31
Semi-supervised model combination (Ando and Zhang., 2005) 89.31
Conv-CRF (Collobert et al.. 2011} 81.47
Conv-CRF (Senna + Gazetteer) (Collobert et al.. 2011)) 89.59
CRF with Lexicon Infused Embeddings (Passos et al., 2014 90.90
BI-LSTM-CREF (ours) 84.26
BI-LSTM-CRF (Senna + Gazetteer) (ours) 90.10

Extra data: Spelling features and Context features (Stanford NER tool (Finkel et al, 2005; Wang and Manning, 2013))

Huang, Z., Xu, W., & Yu, K. (2015). Bidirectional LSTM-CRF models for sequence tagging. arXiv preprint arXiv:1508.01991.
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