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* Annotation errors can significantly hurt classifier performance, yet

datasets are only growing noisier [...].
7/ 7= avERDEHBROBEETORRE BN, RF—FIC
BEND /A XDEIGIFFRIXRIIBMLTWNWS

 In this paper, we present a robust extension of logistic regression that
incorporates the possibility of mislabelling directly into the objective.
KX TlE. OVAT o v 7EIFIC. INILHITRD OfEHEZZE
EULENE#RZEAT S ET, BRICEFEITDLDICILEKRT S

* This model can be trained through nearly the same means as logistic
regressmn and retains its efficiency on high-dimensional datasets.

BEEF)INIEOIRAT v 70REIFIERKOZEEETEEETH
. BRITT—4H| ﬁ?%ﬁxﬁiﬁabnam

* We conduct experiments on named entity recognition data and find
that our approach can provide a significant improvement over the
standard model when annotation errors are present.
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parsing (McClosky et al., 2010). Our contribu-

community). Below is a high-level outline of this : ‘
tions are summarised as follows:

paper.

e We formalize our approach within a prob- e Given the distribution ws of a word w in a

abilistic graphical model framework, infer- source domain &, we propose a method for

ence in which yields “code-switched” text learning its distribution w7 in a target do-
that maximizes a surrogate to the acquisition main 7 .

rate objective. : ey o
J e Using the learnt distribution prediction

e We compare this global method to sev- model, we propose a method to learn a cross-

eral baseline techniques, including the strong domain POS tagger.

high-frequency™ baseline. e Using the learnt distribution prediction

e We analyze the operating range in which model, we propose a method to learn a cross-
our model is effective and motivate the near- domain sentiment classifier.
future extension of this approach with the
proposed improvements. To our knowledge, ours is the first successful at-

tempt to learn a model that predicts the distribu-
tion of a word across different domains.

== ot [Bollegala+ 14]
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* |n recent years, with the spread of the Web, massive
amounts of text information have become available.
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* In recent years, with our increasingly international
society, the need to communicate with people of other
cultures is more important than ever.

TFE, HEOEBREICHEWN. XEEOI1I 2 =27 —
= 2 FIFXITEZHEZIELTWD,

[FIFTB

SEHEtr O !
(BIBRLTRDX D51 D K D)

RABERR 5 21 EFRKE Fa—hUT7ILER (2015F3H)

39

if[]f



NAIST

Rmam X DIATT - BEA

EWZ S HC

In this paper, we present a hybrid approach to

sentence simplification which departs from this
previous work in two main ways.
First, it combines a model encoding probabil-

Second, our approach is semantic based. While

To solve above issues, this paper proposes
a more general and effective framework for
semi-supervised dependency parsing, referred to

as ambiguity-aware ensemble training. Different
from traditional self/co/tri-training which only use
1-best parse trees on unlabeled data, our approach
adopts ambiguous labelings, represented by parse

[Narayan+ 14
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9. ..
x 7z,

[Li+ 14]
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Figure 1: Entity extraction typically requires ad-
ditional knowledge such as a small set of seed ex-
amples or depends on multiple web pages. In our
setting, we take as input a natural language query
and extract entities from a single web page.

[Pasupat+ 14]
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Figure 1: (a) Some potentially promising partial trans-
lations (in red) fall out of the beam (bin 2); (b) We
identify such partial translations and assign them higher
model scores so that they are more likely to survive the
search.
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To achieve its expressiveness, CCG exhibits
so-called “spurious” ambiguity, permitting many
non-standard surface derivations which ease the
recovery of certain dependencies, especially those

BETHWHNTS

How does one make a message “successful”? This

arising from type-raising and composition. But
this raises the question of what is the most suit-
able model for CCG: should we model the deriva-
tions, the dependencies, or both? The choice for

[Xu+ 14]

LHL. CCGDERLEX
ES”LWF‘iﬁmw
M?EHZE T ITNE
. BOo=RiFETETIVET
NEMN, FhEbMAZT
TIEITREEMN?

question is of interest to many entities, including
political parties trying to frame an issue (Chong
and Druckman, 2007), and individuals attempting
to make a point in a group meeting. In the first

[Tan+ 14]
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The structure of the paper is as follows. First, in Section 2 we
Introduce the formulation of the problem. In Section 3, we introduce
our proposed method. In Section 4, we describe our experiments, and
summarize the results. In Section 5 we describe related work, and in
Section 6 we state our conclusions and discuss future work.

(R DOEIILLTDED TH D, I 2B CHEBDOERLZIT
D, 3EITIE. IEREZEAT B, 48 CTIIEFRRIFHm c_’DL\Tﬂ'_

NRERZTD., DEITHKITHMIRZBENL., 6EITCSEDIREHES
BODBEICDODVWTIRNRD)
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However, the utility of such a representation for
summarization depends on the quality of pattern
clusters. In particular, event patterns must cor-
respond to grammatically correct sentences. In-
troducing an incomplete or incomprehensible pat-
tern (e.g., PER said PER) may negatively affect
both event detection and sentence generation. Re-
lated work on paraphrase detection and relation
extraction is mostly heuristics-based and has re-
lied on hand-crafted rules to collect such patterns
(see Sec. 2). A standard approach is to focus
on binary relations between entities and extract

[Pighin+ 14]

FALIEF = 5 21 [EF XK= F lions) of sentences.

ifl[!
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RicEine

the dependency path between the two entities as
an event representation. An obvious limitation
of this approach is there is no guarantee that the
extracted pattern corresponds to a grammatically
correct sentence, e.g., that an essential preposi-
tional phrase is retained like in file for a divorce.

In this paper we explore two novel, data-driven
methods for event pattern extraction. The first,
compression-based method uses a robust sentence
compressor with an aggressive compression rate
to get to the core of the sentence (Sec. 3). The
second, memory-based method relies on a vast
collection of human-written headlines and sen-
tences to find a substructure which is known to
be grammatically correct (Sec. 4). While the lat-
ter method comes closer to ensuring perfect gram-
maticality, it introduces a problem of efficiently
searching the vast space of known well-formed
patterns. Since standard iterative approaches com-
paring every pattern with every sentence are pro-
hibitive here, we present a search strategy which
scales well to huge collections (hundreds of mil-

A -ESH



NAIST

EFRS = DFLAH ST -

=

SRLEZR B 21 BFERRKE Fa—

(Va _—3)
(1/_—)

(1~2 R—3))
(2~5 R—)
(1~3 R—)

Vo R—
(
Vo NR—2/
(

(1~2 R—3).

NUZILER (2015F3 )



NAIST AT DA - BET

SCATHTEIE R |
SEATRRES IS e ..

FEITHRIER

R
Flickr cristiano_betta,
CollegeDegrees360



V/QINAIST ERRASA T DERY - EX)

A E D E VL
s EDLDRFENZEFELL 7

- THE DR

o« CDENTIEE T TIREE, (CAh
QWA

47

SHNEZR E 21 MFRKE Fa—hUTILER (2015F3AH)



Rmam X DIATT - BEA

NAIST

FREDEEERIC £ EH %= |

2 Preordering for SMT

Machine translation is defined as transforma-
tion of source sentence F' = f;... f; to target
sentence £ = e;...e7. In this paper, we take
the pre-ordering approach to machine transla-
tion (Xia and McCord, 2004), which performs
translation as a two step process of reordering
and translation (Figure 1). Reordering first de-
terministically transforms F into F’, which con-
tains the same words as F' but is in the order of
E. Translation then transforms F’ into E using
a method such as phrase-based SMT (Koehn et
al., 2003), which can produce accurate transla-
tions when only local reordering is required.

S5TR
—-—'—'_'_'_'_‘_'_'_‘—'—-—._
D= SR INV
_F...---P'“'-h.__‘_h _._,_._.—-—'—"‘—-—._._‘_
H:IHF-A II:!-?M H-_!-EM [I-.I:EM
F= kare wa gohan o tabeta
Y ¥ e
F'=kare wa tabeta gohan o
Taa” \ Taa
E= he ate rice

Figure 1: An example with a source sentence F' re-
ordered into target order F', and its corresponding
target sentence E. D is one of the BTG derivations
that can produce this ordering.

[Neubig+ 12]
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« ZRZHSMICT D 1 EIR=EER (Ablation Test)

Method Ave. prec. (%)

Proposed 46.27

w/o Context features 45.68

w/o Association features 45.66

w/o Semantic relation features 44 .44

Base features only 41.29
Table 3: Ablation tests. [H ashimoto+ 14]
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Smith et al. (2015) has the serious disadvantage of not
Incorporating semantic context, which is known to be
essential for this task.
Smith 5 (2015) DIAFRIEET RV ICEWTEEZE SN
TWBEKRBERZHND AND ZENTELRNENDR
27X FBRDYD B,

We follow in the footsteps of Smith et al. (2015),
further expanding their model to allow the incorporation
of not only syntactic, but also semantic information.
A 1E Smith 5 (2015) DR Z . B IEWIC T T
<. EXBHROEEBTEZDLDICHERT %,

Smith S Al Z DFRX 72 FH5 8 FIREMED H LY |
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Deep Visual-Semantic Alignments for Generating Image Descriptions
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wakenoard.”

[Karpathy 14]

Don't Until the Final Verb Wait|
Reinforcement Learning For Simultanecus Machine Translatio
Alvin Grissom I, He He, Jordan Boyd-Graber,John Morgan, and Hal Daumé |l
Paper at EMNLP 201
[PDF] [BibT

Computers have been teaching themselves to translate text for some time now,
but most methods are concerned with translations on entire sentences.

We address the problem of simulfaneous machine translation for distant
language pairs: from verb-final (SOV) to verb-medial (SVO) languages.

Simultaneous translation is the process of translating before a sentence
is complete. When humans deo this, it is called simultaneous interpretation.

Much of the prior v in this area has focused on using rule-based approaches.
We use machine learning to allow the system to teach itself how to
create better simultaneous translations.

[Grissom 14
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Reinforcement Learning For Simultaneous Machine
Translation
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