CCL2018, #Fg, Kb 1% 2k F

FUDAN UNIVERSITY

m E+EREDEHEIBESS ALY SEPTS

Em R im it SEEHE I ?

Ry M
2B XF
2018410 23 B
http://nlp.fudan.edu.cn/xpqiu



HTAEERIE ( Scientific
Research Paper ) ?

y P —FFFTAT AL, W B T EREER TR
» AR (B AL A 5 F I E)
7 # 45 R (Negative Results) # ZH-44

» ELA AT, A A — AN T AR
b LB A AN IR A T AR AL

» g shhu
» BARE S (AT RS EKFIP)
» el B R (HFREZHFLE)

EBEAHS (EEXE) iR E it SRS ? 2



Tt AR—MFRIRIMES?

b T 89 6 =T 69 B R+ AT 69 B4k

> AT 8T LCER R R 'R, — /N aiEA
» B4F 2 L (well-defined) #9 7]

1%

» "—ASTRAM. —ASTHREME. ZASTHEA

> A 6 5 4E
y VAR E A P
» I AT
» T KL

EBEAHS (EEXE) iR E it SRS ? 3



S ARFRVEIARME?

» 4T 69 21 P 2 DU R R ARRAK ~20%
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» FlAT+E% (peer-review )
—Je 3% 7] 4
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Hinton, G. E. and Nowlan, S. J.

How learning can guide evolution.
Complex Systems, 1, 495--502. [ pdf ]
This paper was rejected by the Cognitive Science Society Conference (against the advice of the
referees) because the chairman of the organizing committee thought it might mislead cognitive
scientists.

http://www.cs.toronto.edu/~hinton/papers.html
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» Rosalyn Yalow

» The invention of the
radioimmunoassay (%L
H I IZ AT E)

» Nobel Prize in
Physiology and
Medicine in 1977

» More

» https://www.sciencealert.com/
these-8-papers-were-rejected-
before-going-on-to-win-the-

nobel-prize
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EBEAMS (EEAZ)

Centenber 29, 1955

Dr. Solowon A. Berson
Redioisotope Service

Vetar:ns Administrution Hospital
130 Vest Kingsbridse Road

Bronx 63, New York

Lear Dr. Berson:

recret *that the revision cf your paper entitled
"Insulin-lni Wetaboliem in Human Subjects: Demonstration of
Insulin Transporting Antibody in the Circulation of Insulin

Treated Subjects” is not sceeptable for
JOURNAL CF CLINIC TIGATION, = = = = = e e e - - = o

The second mejor eritic-
i=m relates to the dogmatic concluzions set forth which are not
warronted by the dats. The experts in thin field have been
particularly emph:ti¢ in rejecting your positive statement that
the "conclusion that the globulin respontible for insulin bind-
ing is an scquired antibody appear. to be inescapeble”. They
believe thnt you have not demonztr:ted an antigen-antibody re-
ection on the besis of sdecusate criteria, nor that you have def-
initely proved that s globulin ‘g responsible for insulin binding
nor that insulin is an =ntigen. The de‘sa You present ere indeed ’
;uggea:ite tut eny more positive cleaim seems unjustifisble at
resent.

Sincerely,

&uHQ&w%_

Stanley E. Bradley, M.D.
Editor-in-Chiaf
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EieinE  (AAAI 2018)

» [Relevance] Is this paper relevant to an Al audience?
» [Significance] Are the results significant?

» [Novelty] Are the problems or approaches novel?

» [Soundness] Is the paper technically sound?

» [Evaluation] Are claims well-supported by theoretical analysis or
experimental results?

» [Clarity] Is the paper well-organized and clearly written?
» [OVERALL SCORE]
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EfetnvE (EMNLP 2018)

» What is this paper about, and what contributions does it make?
Please describe what problem or question this paper addresses,
and the main contributions that it makes towards a solution or
answer.

» What strengths does this paper have?
Please describe the main strengths you see in the paper or the
work it describes, regardless of whether you recommend this
paper be accepted or not.

» What weaknesses does this paper haver
Please describe any weaknesses you see in the paper or the work it
describes, regardless of whether you recommend this paper be
accepted or not.
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http://emnlp2018.org/reviewform/

BfatrE (EMNLP 201859)

» Overall recommendation
Do you think this paper should be accepted to EMNLP 2018?
In making your overall recommendation, please take into account
all of the paper's strengths and weaknesses. Please rank short
papers relative to other short papers, and long papers relative to
other long papers. Acceptable short submissions include: small,
focused contributions; works in progress; negative results and
opinion pieces; and interesting application notes.
» 5 = Exciting: I would fight for this paper to be accepted.

» 4 = Strong: I would like to see it accepted.

» 3 = Borderline: It has some merits but also some serious problems. I'm ambivalent
about this one.

» 2 = Mediocre: I would rather not see it in the conference.

» 1 = Poor: I would fight to have it rejected.
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BfatrE (EMNLP 201859)

» Questions for the Author(s)
Please write any questions you have for the author(s) that you would like
answers for in the author response (which you should take into account in your
tinal review).

» Missing References
Please list any references that should be included in the bibliography or need to
be discussed in more depth.

» Presentation Improvements
It there is anything in the paper that you found difficult to follow, please
suggest how 1t could be better organized, motivated, or explained.

» Typos, Grammar, and Style

Please list any typographical or grammatical errors, as well as any stylistic issues
that should be improved.
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Papers Reviewers * Accept/Reject
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A Dataset of Peer Reviews (PeerRead):
Collection, Insights and NLP Applications

Dongyeop Kang' Waleed Ammar’> Bhavana Dalvi Mishra’ Madeleine van Zuylen?
Sebastian Kohlmeier’ Eduard Hovy' Roy Schwartz’?
ISchool of Computer Science, Carnegie Mellon University, Pittsburgh, PA, USA
2Allen Institute for Artificial Intelligence, Seattle, WA, USA
3Paul G. Allen Computer Science & Engineering, University of Washington, Seattle, WA, USA
{dongyeok,hovy}@cs.cmu. edu
{waleeda,bhavanad,madeleinev, sebastiank,roysj@allenai.org

Section #Papers #Reviews Asp. Acc/ Rej

NIPS 2013-2017 2,420 9,152 x 2,420/0
ICLR 2017 427 1,304 / 172 /255

ACL 2017 137 2715/ 88 /49
CoNLL 2016 22 39 11/11
arXiv 2007-2017 | 11,778 — — 2,891/ 8.887

total | 14,784 10,770

Asp. Indicates whether the reviews have aspect specific scores (e.g., clarity).
Acc/Rej is the distribution of accepted/rejected papers.
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» We train a binary classifier to estimate the probability of accept vs.
reject given a papet,

» Le., Placcept=True | paper).
» A A
» Logistic regression,
» SVM with linear or RBF kernels,
» Random Forest,

» Nearest Neighbors, implement all models using sklearn
(Pedregosa et al., 2011) with default

» Decision Tree, hyperparameters.

» Multilayer Perceptron,

» AdaBoost, and
» Naive Bayes.
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» coarse and lexical features

of word embeddings in abstract

Features Description Labels
Whether abstract contains keywords X
abstract_contains_X C deep, neural, embedding, outperform, boolean
outperform, novel. state_of_the_art
title_length Length of title integer
num_authors Number of authors integer
most_recent_refs_year Most recent reference year 2001-2017
num_refs Number of references (sp) integer
< num_refmentions Number of reference mentioned (sp) integer
< | avg_length_refs_mention Average length of references mentioned (sp) float
S _ Number of recent references .
© num_recent_refs : - : integer
since the paper submitted (sp) €
. Number of X C figures. tables. .
num_ref_to_X e L - integer
sections, equations, theorems (sp) =
num_uniq_words Number of unique words (sp) integer
num_sections Number of sections (sp) integer
avg_sentence_length Average sentence length (sp) float
contains_appendix Whether contains an appendix or not (sp) boolean
prop_of freq_words Proportion of frequent words (sp) float
- BOW Bag-of-words in abstract integer
g BOW+TFIDF TFIDF weighted BOW 1n abstract float
g GloVe | Average of GloVe word embeddings in abstract float
N GloVe+TFIDE TFIDF weighted average float

I TimE R SRS ?
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Flz5ER

» conduct experiment with the ICLR 2017 and the arXiv sections of
the PeerRead dataset.

» train separate models for each of the arXiv category:

» cs.cl, cs.lg, and cs.al.

ICLR c¢s.cl cs.lg cs.ai

Majority] 57.6 | 68.9 67.9 92.1
Ours 653 | 757 70.7 92.6
(A) +7.7 | +6.8 +2.8 +0.5

EREEHE (EEXE) I TimE R SRS ? 15



Coefficient values for coarse features

= ICLR = arXiv » a large contribution:

contains_deep — I » adding an appendix,
contains _novel
contains _outperform !
most_recent_ref_year
num_ref to sections
num_ref_to_tables
title_length
avg_len_ref mention
contains_embedding
contains_stateoftheart
prop_of freq_words
num_refmentions
num_unig_words
num_ref to equations
num_refs
num_recent_refs
avg_sentence_length
num_ref to_theorems
num_ref to figures
num_sections
num_authors
contains_appendix
contains_neural

» A large number of theorems or
equations,

» the average length of the text
preceding a citation,

» the number of papers cited by this
paper that were published in the five
years before the submission of this
papet,

» whether the abstract contains a phrase

“state of the art” for ICLR or
“neural”  for arXiv,

» length of title

-04 -02 0 02 04 0.6

EBEAHS (EEXE) iR E it SRS ? 16
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» pait-wise correlations between ~ » substance (which concerns the

the overall recommendation amount of work rather than its

: : uali
and various aspect SCOfreES 1n ql . ty>( ke h .
P clarity (make the paper more easier
the ACL 2017
to read)
Aspect | p » soundness/correctness and
Substance | 0.59 originality are least correlated with
Clarity 0.42 the final recommendation.

Appropriateness | 0.30

Impact | 0.16

Meaningtul cohnparison 0.15
Originality | 0.08
Soundness/Correctness | 0.01

Pear son’ s ooglficiene | at i on

EBEAHS (EEXE) iR E it SRS ? 17



https://acl2017.wordpress.com/2017/03/23/
conversing-or-presenting-poster-or-oral/

oral vs. poster

» The average overall recommenda-
tion score in reviews recommend-
ing an oral presentation 1s 0.9

Presentation format, Oral Poster, A stdev higher than 1n reviews recommend-
Recommendation|| 3.83 2.92 {0.90 0.89 jng 1 poster presentaﬁon,
Substance || 3.91 3.29 ||0.62 0.84 ) )
Clarity|| 4.19 3.72 |0.47 0.90 » suggesting that reviewers tend to
Meaningful comparison||3.60 3.36 |[0.24 0.82 recommend oral presentation  for
Impact|[3.27 3.09 |[0.18 0.54 submissions which are holistically
Originality|3.91 3.88 [0.02 0.87 stronget.
Soundness/Correctness|| 3.93 4.18 |-0.25 0.91

EREEHE (EEXE) I TimE R SRS ? 18



ACL 2017 vs. ICLR 2017

Measurement , ACL’17 | ICLR’17

Review length (words) || 531+323 | 346+213
Appropriateness || 4.9+0.4 2.6+1.3
Meaningful comparison || 3.5+0.8 | 2.9+1.1
Substance || 3.6+0.8 3.0+£0.9

Originality || 3.9+09 | 3.3+1.1

Clarity || 3.9+0.9 | 4.2+1.0

Impact || 3.2+£0.5 34+1.0

Overall recommendation || 3.3+0.9 33+1.4

EREEHE (EEXE) I TimE R SRS ? 19
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WU% Abstract

Different linguistic perspectives causes
many diverse segmentation criteria for
Chinese word segmentation (CWS). Most
5] B AT 42 existing methods focus on improve the per-
formance for each single criterion. Howe-
ver, 1t 1s interesting to exploit these dif-
ferent criteria and mining their common RATBHA L2
underlying knowledge. In this paper, we
propose adversarial multi-criteria learning
for CWS by integrating shared knowledge
FALE 280097 From multiple heterogeneous segmentation
criteria. Experiments on eight corpora
with heterogeneous segmentation criteria
show that the performance of each corpus
obtains a significant improvement, compa-
red to single-criterion learning. Source co-
des of this paper are available on Github'.

Xinchi Chen, Zhan Shi, Xipeng Qiu, Xuanjing Huang. Adversarial Multi-Criteria Learning for Chinese
Word Segmentation, ACL, 2017. Outstanding Paper Award
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Adversarial Multi-Criteria Learning for Chinese Word Segmentation

Xinchi Chen, Zhan Shi, Xipeng Qiu; Xuanjing Huang
Shanghai Key Laboratory of Intelligent Information Processing, Fudan University
School of Computer Science, Fudan University
825 Zhangheng Road, Shanghai, China
txinchichen13 zshil6,xpgiu xjhuang } (@ fudan edu.cn

Abstract

Different linguistic perspectives causes
many diverse segmentation criteria for
Chinese word segmentation (CWS). Most
existing methods focus on improve the per-
formance for each single criterion. Howe-
ver, 1t 1s interesting to exploit these dif-
ferent criteria and mining their common
underlying knowledge. In this paper, we
propose adversarial multi-criteria learning
for CWS by integrating shared knowledge
from multiple heterogeneous segmentation
criteria.  Experiments on eight corpora
with heterogeneous segmentation criteria
show that the performance of each corpus
obtains a significant improvement, compa-
red to single-criterion leaming. Source co-
des of this paper are available on Github'.

1 Introduction

Bl ¥

Corpora | Yao | Ming | reaches the final
CTB 3] A HEE
PKU BE ] & NI ES S

Table 1: Illustration of the different segmentation
criteria.

ploit heterogeneots aunuviauun uata o Comwad
word segmentation or part-of-speech tagging (Ji-
ang et al., 2009; Sun and Wan, 2012; Qiu et al.,
2013; Lietal., 2015, 2016). These methods adop-
ted stacking or multi-task architectures and sho-
wed that heterogeneous corpora can help each ot-

nese and three traditional Chinese corpora. Expe-
riments show that our models are effective to im-
prove the performance for CWS. We also observe
that traditional Chinese could benefit from incor-
porating knnw]edge me mmp]lﬁed Chinese.

Recently, some cl'l'?;}’.\ ]T.i\'j: Elﬂ%:nﬁz/iﬁu\ -

The -

rized a: [\)tﬁ,q,.\:_\, $i')ﬁ‘f¥‘,}}'\

* Muin-critena learning 1s nirst introaucea ror
CWS, in which we propose three shared-
private models to integrate multiple segmen-
tation criteria.

An adversarial strategy is used to force the
shared layer to leamn criteria-invariant featu-
res, in which an new objective function is also
proposed instead of the original cross-entropy
loss.

We conduct extensive experiments on eight
CWS corpora with different segmentation cri-
teria, which is by far the largest number of
datasets used simultaneously.

B, However mnar v

I4“|I 3%‘ -
fit: L|Il7}EJdu j;l s
ﬂ_: in a comp |L.\ model

eep neural models provide a con-

Fae T

EUELL

GRS

ces, usuals I ortu -
nately. recent
venient way to share information among multiple
tasks (Collobert and Weston, 2008; Luong et al.,

| 2015: Chen etal 2016)

hinese word segmentaton (CWw3) is a preiimi-
ary and |mp0rbu|1l;@~|-\ tul‘;‘l gﬁgg*ﬁnﬁl?m-
uage processing .o’y Cumons
he-art methods are based on statistical supervi-
ed learning algorithms, and rely on a large-scale
notated corpus whose cost 1s extremely expen-
ive. Although there have been great achievements
in building CWS corpora, they are somewhat in-
compatible due to different segmentation criteria.
IAs shown in Table 1, given a sentence “%fk B i
A\ 3E (YaoMing reaches the final)”, the two
commonly-used corpora, PKU’s People’s Daily
PKU) (Yu et al., 2001) and Penn Chinese Tree-
bank (CTB) (Fei, 2000), use different segmenta-
tion criteria. In a sense, it i1s a waste of resources
if we fail to fully exploit these corpora.

ay, i e

— T
WE PIUpUDG al adveisarial uli-

)i'\t 3‘&\ S Py /]’v(]g

dee Iml multinle segme

In t'::> papwe,
criteri | IJ\.?
knowl=d
Spemﬁcal]y, we regard each segmentation cri-
terion as a single task and propose three diffe-
rent shared-private models under the framework
of multi-task leaming (Caruana, 1997; Ben-David
and Schuller, 2003), where a shared layer 1s used
to extract the criteria-invariant features, and a pri-
vate layer is used to extract the criteria-specific fe-
atures. Inspired by the success of adversanal stra-
tegy on domain adaption (Ajakan et al., 2014; Ga-
nin et al., 2016; Bousmalis et al., 2016), we furt-
her utilize adversanal strategy to make sure the
shared layer can extract the common underlying
and critena-invanant features, which are suitable

rating sharec

tation ¢

Herna

*Corresponding author.
'https://github. com/FudanlLP

for all the criteria. Finally, we exploit the eight

segmentation criteria on the five simplified Chi-

2  General Neural Model for Chinese
Word Segmentation

Chinese word segmentation task is usually regar-
ded as a character based sequence labeling pro-
blem. Specifically, each character in a sentence
is labeled as one of £ = {B, M, E, S}, indicating
the begin, middle, end of a word, or a word with
single character. There are lots of prevalent met-
hods to solve sequence labeling problem such as
maximum entropy Markov mod::| -:_\I[-._\I.\l ), con-_
ditional random fields (CRF), e

c. %lié n
ral networks are widely applied to (Fineds ﬁu?f

segmentation task for their ability 1o minimize e
effort in feature engineening (Zheng et al., 2013;
Peietal , 2014; Chen et al., 2015a.b).
Specifically, given a sequence with n charac-
ters X = {z1,..., Tn}, the aim of CWS task
is to figure out the ground truth of labels ¥ =

{¥i.- b
Y* =argmaxp(Y|X), (1)
Yern

where £ = {B, M, E, S}.

The general architecture of neural CWS could
be characterized by three components: (1) a cha-
racter embedding layer; (2) feature layers consis-
ting of several classical neural networks and (3) a
tag inference layer. The role of feature layers is to
extract features, which could be either convolution
neural network or recurrent neural network. In this

Figure 1: General neural architecture for Chinese
word segmentation.

paper, we adopt the bi-directional long short-term
memory neural networks followed by CRF as the
tag inference layer. Figure 1 illustrates the general
architecture of CWS.

2.1 Embedding layer

In neural models, the first step usually is to map
discrete language symbols to distributed embed-
ding vectors. Formally, we lookup embedding
vector from embedding matrix for each character
T;as ey € R where d,. is a hyper-parameter
indicating the size of character embedding.

2.2 Feature layers

_ - o
WE 2UUPL DI-UeC o | lung short-term memory

W éﬁl ure liyers. While there are nu-
J * R2riants here we use the LSTM ar-

Cinicciuic usea oy ysuecfowicz et al., 2015), which
is similar to the architecture of (Graves, 2013) but
without peep-hole connections.

LSTM LSTM introduces gate mechanism and
memory cell to maintain long dependency infor-
mation and avoid gradient vanishing. Formally,
LSTM, with input gate i, output gate o, forget gate
f and memory cell ¢, could be expressed as:

MM
AN
g, P
¢ =¢_0f 46010, 3)
h; =0, @ o(c;). 4)

where W, € R(d+da)*ddn and b, € R are
trainable parameters. dj, is a hyper-parameter, in-
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3 Multi-Criteria Learning for Chinese
Word Segmentation

Although neural models are widely used on CWS,
most of them cannot deal with incompatible crite-
ria with heterogonous segmentation criteria simul-
taneously.

Inspired by the success of multi-task learning
(Caruana, 1997; Ben-David and Schuller, 2003;
Liu et al., 2016a,b), we regard the heterogenous
criteria as multiple “related” tasks, which could
improve the performance of each other simultane-
ously with shared information.

Formally, assume that there are M corpora with
heterogeneous segmentation criteria. We refer D,,
as corpus m with NV,,, samples:

D = {(X™. Y}, D

=12

where X" and Y;" denote the i-th sentence and
the corresponding label in corpus m.

To exploit the shared information between these
different criteria, we propose three sharing models
for CWS task as shown in Figure 2. The feature
layers of these three models consist of a private
(criterion-specific) layer and a shared (criterion-
invariant) layer. The difference between three mo-
dels is the information flow between the task layer
and the shared layer. Besides, all of these three
models also share the embedding layer.

o Z 09T XA 2 L

Bt - P

R IEA G ik

NE:W RS

#7 8 B89 A 5 AR S AT LA
W E BAE A B — 45

A P Y BAS R T T A
S AR .

where 1~ 45
38 AE BT AR

fiE e B35

NOoOGkwWNE

AARAE A

(a) Model-1 (b) Model-II (c) Model-IIT

Figure 2: Three shared-private models for multi-criteria learning. The yellow blocks are the shared Bi-
LSTM layer, while the gray block are the private Bi-LSTM layer. The yellow circles denote the shared
embedding layer. The red information flow indicates the difference between three models.
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6 Experiments

6.2 Experimental Configurations
6.1 Datasets )
For hyper-parameter configurations, we set both

the character embedding size d. and the dimensi-
onality of LSTM hidden states dj, to 100. The ini-
tial learning rate « is set to 0.01. The loss weight
coefficient A is set to 0.05. Since the scale of each

To evaluate our proposed architecture, we experi-
ment on eight prevalent CWS datasets from SIG-
HAN2005 (Emerson, 2005) and SIGHAN2008
(Jin and Chen, 2008). Table 2 gives the details of
the eight datasets. Among these datasets, AS, CI-

TYU and CKIP are traditional Chinese. while the dataset varies, we use different training batch sizes
remains. MSRA PKU. CTB. NCC and SXU. are for datasets. Specifically, we set batch sizes of AS
simplified Chinese. We use 10% data of shuffled and MSR datasets as 512 and 256 respectively, and
train set as development set for all datasets. 128 for remains. We employ dropout strategy on
embedding layer, keeping 80% inputs (20% dro-
pout rate).
For initialization, we randomize all parameters
Datasets ‘Words Chars Word Types Char Types Sents OOV Rate . ) ) ) R
Z [ moka | Tmm [ 2eMaW BIX S seok - following uniform distribution at (—0.05,0.05).
[ as | TR TSR 1K Sl T s We simply map traditional Chinese characters to
pky | R LM LM s KK : simplified Chinese, and optimize on the same cha-
e | e | oM o S 2ok 20K ssw racter embedding matrix across datasets, which is
ES Train 0.7M T.IM 481K 47K 942K - . . ey - . -
ELCT LT | o oM 153K K 109K 7ai pre-trained on Chinese Wikipedia corpus, using
2 | arvu ram - : - - o . .
T [0S 03M 35K T word2vec toolkit (Mikolov et al., 2013). Follo-
NEC ] Test | oam eam 175K 36K 36K 474% - - -
o T [0S 09M 375K K T7IK : wing previous work (Chen et al., 2015b; Pei et al.,
Test 0.1M 0.2M 124K 2.8K 37K 5.12%

2014), all experiments including baseline results
are using pre-trained character embedding with bi-
gram feature.

Table 2: Details of the eight datasets.
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6.3 Overall Results .£ 71? EL‘L

Table 3 shows the experiment results of the pro-
posed models on test sets of eight CWS datasets,
which has three blocks.

(1) Io_the first block we can see that the per-
formance is boosted by using Bi-LSTM, and the
performance of Bi-LSTM cannot be improved by
merely increasing the depth of networks. In addi-
tion, although the F value of LSTM model in (Chen
et al., 2015b) is 97.4%, they additionally incorpo-
rate an external idiom dictionary.

(2) In the second block, our proposed three mo-

dels based on multi-criteria learning boost per-
formance. Model-I gains 0.75% improvement
on averaging F-measure score compared with Bi-
LSTM result (94.14%). Only the performance on
MSRA drops slightly. Compared to the baseline
results (Bi-LSTM and stacked Bi-LSTM), the pro-
posed models boost the performance with the help
of exploiting information across these heterogene-
ous segmentation criteria. Although various crite-
ria have different segmentation granularities, there
are still some underlying information shared. For
instance, MSRA and CTB treat family name and
last name as one token “T* ¥ ¥ (NingZeTao)”,
whereas some other datasets, like PKU, regard
them as two tokens, “T* (Ning)” and “¥¥{% (Ze-
Tao)”. The partial boundaries (before “7* (Ning)”
or after “¥% (Tao)”) can be shared.

(3) In the third block, we introduce adversarial
training. By introducing adversarial training, the
performances are further boosted, and Model-I is
slightly better than Model-II and Model-111. The
adversarial training tries to make shared layer keep
criteria-invariant features. For instance, as shown
in Table 3, when we use shared information, the
performance on MSRA drops (worse than baseline
result). The reason may be that the shared parame-
ters bias to other segmentation criteria and intro-
duce noisy features into shared parameters. When
we additionally incorporate the adversarial stra-

| Models TMSRA | AS | PKU | CTB [ CKIP [ CITYU | NCC [ SXU [ Ave ]
P [ 9513 | 93.66 | 93.96 | 9536 | 0185 | 9401 | 0145 | 9502 | 93.81

LSTM R | 9555 | 9471 | 9265 | 8552 | 9334 | 9400 | 9222 | 95.05 | 92.88

F | 9534 | 9418 | 9330 | 95.44 | 9259 | 9400 | 91.83 | 95.04 | 93.97

00V | 63.60 48 | 5628 | 69.46 | 67.00

P [ 9570 ' . (00 [ 91.86 [ 95.11 [ 93.95

BLLSTM R | 9599 Baseline 7 7% 15 | 9247 | 9523 | 9433

i F 95.84 | ST IO T 9330 1 9530 1 93.06 | 93.07 | 92.17 | 95.17 | 94.14

00V | 6628 | 7007 | 66.09 | 7647 | 7212 | 6579 | 59.11 | 7127 | 68.40

P | 9560 | 93.80 | 94.10 | 9530 | 92.40 | 9413 | 91.81 | 94.99 | 94.03

. R | 9581 | 9454 | 9266 | 9540 | 9339 | 9399 | 92.62 | 9537 | 94.22

Stacked Bi-LSTM | & | 9575 | 9422 | 9337 | 9530 | 9289 | 9406 | 92.21 | 95.18 | 94.12
00V | 6555 | 7150 | 67.92 | 75.44 | 7050 | 6635 | 57.39 | 69.69 | 68.04

Multi-Criteria Learning

P T 9567 [ 9444 [ 9493 [ 9595 [ 9399 | 9510 | 9254 [ 9607 [ 9482
ModeLl R | 9582 | 9509 | 93.73 | 96.00 | 9452 | 9560 | 92.69 | 96.08 | 94.94
F | 9574 | 9476 | 9433 | 9597 | 9426 | 9535 | 92.61 | 96.07 | 94.89

00V | 6989 | 7413 | 7296 | 8112 | 77.58 | 80.00 | 64.14 | 77.05 | 7461

P | 9574 - 30 [ 9226 [ 9617 | 94.79

R | 9574 TIRE D 50 | 92.84 | 9595 | 94.94

Model-11 F | 9574 A 7% 40 | 9255 | 96.06 | 9486
00V | 6967 | 7487 | 72.28 | 79.94 | 76.67 | 8105 | 6151 | 77.96 | 74.24

P | 95.76 | 93.99 | 9495 | 95.85 | 9350 | 9556 | 92.17 | 96.10 | 94.74

ModelLll R | 9589 | 9507 | 9348 | 96.11 | 9458 | 9562 | 92.96 | 96.13 | 94.98
F | 9582 | 9453 | 9421 | 9598 | 9404 | 9559 | 92.57 | 96.12 | 9486

0oV | 7072 | 7259 | 7312 | 8121 | 76.56 | 8214 | 60.83 | 77.56 | 74.34

Adversarial Multi-Criteria Learning
P 9595 | 94.17 | 9486 | 96.02 | 9382 | 9539 [ 9246 | 96.07 | 94.34

R 96.14 | 9511 | 93.78 | 96.33 | 94.70 | 9570 [ 93.19 | 96.01 | 95.12
F 96.04 | 94.64 | 94.32 | 96.18 | 94.26 | 9555 | 92.83 | 96.04 | 94.98
OO0V | 71.60 | 73.50 | 72.67 | 8248 | 77.59 | 8140 | 6331 | 77.10 | 74.96
P 9602 | adi2 l odss | 0a00 [ 0380 | 0537 10747 | 9585 | 9484
R 95.86 . . S s 93.20 | 96.07 | 94.99

ModelIADY | ¢ | o5y || 3t —F B A TR oo | 9596 | 9492
O0V | 72.76 - = — — — 62.16 | 76.88 | 75.16

P 9592 | 9425 | 9468 | 95.86 | 93.67 | 9524 [ 9247 | 96.24 | 94.79
R 9583 | 9511 | 93.82 | 96.10 | 9448 | 9560 [ 92.73 | 96.04 | 9496

F 9587 | 94.68 | 9425 | 9598 | 94.07 | 9542 [ 92.60 | 96.14 | 9488
OOV | 70.86 | 72.89 | 72.20 | 81.65 | 76.13 | 80.71 63.22 | 77.88 | 7444

Model-1+ADV

Model-1l1I+ADV

Table 3: Results of proposed models on test sets of eight CWS datasets. There are three blocks. The first
block consists of two baseline models: Bi-LSTM and stacked Bi-LSTM. The second block consists of
our proposed three models without adversarial training. The third block consists of our proposed three
models with adversarial training. Here, P, R, F, OOV indicate the precision, recall, F value and OOV
recall rate respectively. The maximum F values in each block are highlighted for each dataset.
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6.4 Speed

To further explore the gonyergence speed. we plot

the results on development sets through epochs.
Figure 4 shows the learning curve of Model-I wit-
hout incorporating adversarial strategy. As shown
in Figure 4, the proposed model makes progress
gradually on all datasets. After about 1000 epochs,
the performance becomes stable and convergent.

We also test the decoding speed, and our mo-
dels process_441.38 sentences per second avera-
gely. As the proposed models and the baseline
models (Bi-LSTM and stacked Bi-LSTM) are ne-
arly in the same complexity, all models are nearly
the same efficient. However, the time consump-
tion of training process varies from model to mo-
del. For the models without adversarial training,
it costs about 10 hours for training (the same for
stacked Bi-LSTM to train eight datasets), whereas
it takes about 16 hours for the models with adver-
sarial training. All the experiments are conducted
on the hardware with Intel(R) Xeon(R) CPU ES5-
2643 v3 @ 3.40GHz and NVIDIA GeForce GTX
TITAN X

96 |-
S
T 94 -
=
«
-
w 92f MSRA - - AS
PKU - CTB
CKIP  ———CITYU
90 -+ < oNee g sxu H
0 500 1,000 1,500 2,000 2,500
epoches

Figure 4: Convergence speed of Model-I without
adversarial training on development sets of eight
datasets.
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6.5 Error Analysis

We further investigate the benefits of the propo-

sed models by comparing the error distributions
| fig.insla cistaros T _
del Bi-LSTM) and multi-criteria learning (Model-I
and Model-I with adversanal training) as shown in
Figure 5. According to the results, we could ob-
serve that a large proportion of points lie above
diagonal lines in Figure 5a and Figure 5b, which
implies that performance benefit from integrating
knowledge and complementary information from
other corpora. As shown in Table 3, on the test
set of CITYU, the performance of Model-1 and
its adversarial version (Model-I+ADV) boost from

92.17% to 95.59% and 95.42% respectively.

In addition, we observe that adversarial strategy
is effective to prevent criterion specific features
from creeping into shared space. For instance, the
segmentation granularity of personal name is often
different according to heterogenous criteria. With
the help of adversarial strategy, our models could
correct a large proportion of mistakes on personal
name. Table 4 lists the examples from 2333-th and
89-th sentences in test sets of PKU and MSRA da-
tasets respectively.

o £ o
pmxy  JdEmy
. AT L E L] R
i BN Models PKU-2333 | MSRA-89
L i- Golds Roh [ Moo-hyun | Mu Ling Ying
uuuuuuu R i En=4 B
e e Base Line P B %E
Model-T I B| &E
Figure 5: F-measure scores on test set of CITYU Modell-I+ADV | /& | ERA BExE

dataset. Each point denotes a sentence, with the
(x, ¥) values of each point denoting the F-measure
scores of the two models, respectively. (a) is
comparison between Bi-LSTM and Model-1. (b) is
comparison between Bi-LSTM and Model-I with
adversarial training.

Table 4: Segmentation cases of personal names.




> 2k
7 Knowledge Transfer  if F% 4t /)
We also conduct experiments of whether the
shared layers can be transferred to the other related
tasks or domains. In this section, we investigate
the ability of knowledge transfer on two experi-

ments: (1) simplified Chinese to traditional Chi-
Jese and (2) formal texts to informal texts.

7.1 Simplified Chinese to Traditional Chinese

Traditional Chinese and simplified Chinese are
two similar languages with slightly difference on
character forms (e.g. multiple traditional charac-
ters might map to one simplified character). We
investigate that if datasets in traditional Chinese
and simplified Chinese could help each other. Ta-
ble 5 gives the results of Model-I on 3 traditio-
nal Chinese datasets under the help of 5 simpli-
fied Chinese datasets. Specifically, we firstly train
the model on simplified Chinese datasets, then
we train traditional Chinese datasets independently
with shared parameters fixed.

As we can see, the average performance is boos-
ted by 0.41% on F-measure score (from 93.78% to
94.19%), which indicates that shared features le-
arned from simplified Chinese segmentation crite-
ria can help to improve performance on traditio-
nal Chinese. Like MSRA, as AS dataset is relati-
vely large (train set of 5.4M tokens), the features
learned by shared parameters might bias to other
datasets and thus hurt performance on such large
dataset AS.

7.2 Formal Texts to Informal Texts
7.2.1 Dataset

We use the NLPCC 2016 dataset” (Qiu et al., 2016)
to evaluate our model on micro-blog texts. The
NLPCC 2016 data are provided by the shared task
in the 5th CCF Conference on Natural Language
Processing & Chinese Computing (NLPCC 2016):
Chinese Word Segmentation and POS Tagging for
micro-blog Text. Unlike the popular used news-
wire dataset, the NLPCC 2016 dataset is collected
from Sina Weibo?, which consists of the informal
texts from micro-blog with the various topics, such
as finance, sports, entertainment, and so on. The
information of the dataset is shown in Table 6.

7.2.2 Results

Formal documents (like the eight datasets in Table
2) and micro-blog texts are dissimilar in many as-
pects. Thus, we further investigate that if the for-
mal texts could help to improve the performance
of micro-blog texts. Table 7 gives the results of
Model-I on the NLPCC 2016 dataset under the
help of the eight datasets in Table 2. Specifically,
we firstly train the model on the eight datasets, then
we train on the NLPCC 2016 dataset alone with
shared parameters fixed. The baseline model is Bi-
LSTM which is trained on the NLPCC 2016 data-
set alone.

As we can see, the performance is boosted
by 0.30% on F-measure score (from 93.94% to
94.24%), and we could also observe that the OOV
recall rate 1s boosted by 3.97%. It shows that the
shared features learned from formal texts can help
to improve the performance on of micro-blog texts.

Models AS CKIP | CITYU | Avg.
Baseline(Bi-LSTM) | 94.20 | 93.06 | 94.07 | 93.78
Model-I" 94.12 | 93.24 | 9520 | 94.19

Table 5: Performance on 3 traditional Chinese da-
tasets. Model-I* means that the shared parameters
are trained on 5 simplified Chinese datasets and
are fixed for traditional Chinese datasets. Here, we
conduct Model-I without incorporating adversarial
training strategy.

Dataset Words Chars ~ Word Types  Char Types Sents OOV Rate
Train | 421,166 688,743 43331 4,502 20,135 -
Dev 43607 73246 11,187 2879 2052 6.82%

Test 187877 315,865 27,804 3911 8592 6.98%

Table 6: Statistical information of NLPCC 2016 dataset.

Models p R F [e]0)Y
Baseline(B1-LSTM) | 93.56 | 94.33 | 93.94 | 70.75
Model-I* 93.65 | 94.83 | 94.24 | 74.72

Table 7: Performances on the test set of NLPCC
2016 dataset. Model-I* means that the shared pa-
rameters are trained on 8 Chinese datasets (Table
2) and are fixed for NLPCC dataset. Here, we
conduct Model-I without incorporating adversarial
training strategy.



"HXRIME 15

y £EIR 0 5 ik
» A A ERRL (TR
FAE A rejection®y 22 )
y AT A, B2 IR
%) B AL A1
y RART AT

iR E it SRS ? 36

EBEAMS (EEAZ)

» iEAHG B ik
y 18) W S AT T AR AT AR 3R
A A E IR R 6 fe R
y B iE 5 AT A TAE BT B
189 TAE 89 4] #rE
b A LR RIRAR IR 6 BB
, RAF A 0T IN IR



AIN T

B 1 &
I

8 Related Works

There are many works on exploiting heterogene-
ous annotation data to improve various NLP tasks.
Jiang et al. (2009) proposed a stacking-based mo-
del which could train a model for one specific de-
sired annotation criterion by utilizing knowledge
from _corpora_with _other _heterogeneous annotati-
ons. Sun and Wan (2012) proposed a structure-
based stacking model to reduce the approximation

exror. which makes use of structured features such

I~ _Z_ as sub-words. These models are unidirectional aid

4k

_ind also suffer from error propagation problem.
Qiu et al. (2013) used multi-tasks learning fra-
mework to improve the performance of POS tag-

ging on two heterogeneous datasets. Li et al.

(2015) proposed a coupled sequence labeling mo-
del which could directly learn and infer two _he-
terogeneous annotations. Chao et al. (2015) also
utilize multiple corpora using coupled sequence la-

beling model. These methods adopt the shallow
classifiers, therefore suffering from the problem of
defining shared features.

Our proposed models use deep neural networks,
which can easily share information with hidden
shared layers. Chen et al. (2016) also adopted
neural network models for exploiting heterogene-
ous annotations based on neural multi-view model,
which can be regarded as a simplified version of
our proposed models by removing private hidden
layers.

Unlike the above models, we design three
sharing-private architectures and keep shared layer
to extract criterion-invariance features by introdu-
cing adversarial training. Moreover, we fully ex-
ploit eight corpora with heterogeneous segmenta-
tion criteria to model the underlying shared infor-
mation.
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