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ABSTRACT

The BnO team participated in the Recognizing Inference
in TExt (RITE) subtask of the NTCIR-10 Workshop [5].
This paper describes our textual entailment recognition sys-
tem with experimental results for the five Japanes subtasks:
BC, MC, EXAMBC, EXAM-SEARCH, and UnitTest. Our
appoach includes a shallow method based on word overlap
features and named entity recognition; and a novel inference-
based approach utilizing an inference engine to explore re-
lations among algebraic forms of sets, which are computed
from a tree representation similar to the depency-based com-
positional semantics.
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1. INTRODUCTION

The recognition of textual entailment (RTE) is known as a
hard NLP task, because there are so many complexities and
possiblilities to incorporate syntacitc/semantic representa-
tions and a varitety of linguistic knowledge to make a deep
semantic analyzing system, yet the result does not always
outperform a simple approach like word overlap measure. In
this paper, we describe the approach adopted by our RTE
system, which is a two-stage classifier utilizing both shallow
features and deep semantic analysis. A strong shallow sys-
tem, which is a linear classifier based on a two-dimensional
word overlap feature and a named-entity feature, is first con-
structed; the output of this shallow classifier is then brought
to the second stage, being regarded as a feature to another
linear classifier, which incorporates the first-stage-output
with some deep semantic features, extracted from the de-
duction process of an inference engine.

We organize this paper as follows. In §2 we describe our
shallow system. In §3 we overview the theory leading us to
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a deep semantic analyzing framework. In §4 we describe our
inference-based system, and in §5 we discuss the experiment
results. We conclude this paper in §6.

2. SHALLOW APPROACH

For a pair of text T and hypothesis H, the shallow system
does the following process:

1. Chunking: we use Cabocha [3] to divide T and H into
chunks.

. Function words: for each chunk, we use Tsutusji Func-
tion Words Dictionary [6] and do max-length matching
from the right, to trim the function words off.

. Content words: from the result obtained in Step 2,
we use NihongoGoiTaikei! and Wikipedia page titles
to do max-length matching from the left, dividing the
content part of each chunk into several content words.

. For each content word ¢ in H, judge if ¢ is a named
entity. In our system, time and number expressions
recognized by normalizeNumexp?, entries with POS
tag [[@] in NihongoGoiTaikei, or any entry which can-
not be found in NihongoGoiTaikei but can be found in
Wikipedia, are all regarded as named entities.

. For each content word ¢ in H, find if there is syn-
onym of ¢ in T. The knowledge of synonyms is ex-
tracted from NihongoGoiTaikei, Wikipedia redirect,
BunruiGoiHyo® and Japanese WordNet [1].

Once we made the above process, features are defined by:

e f1 = 1 if every named entity in H has a synonym in
T. Otherwise fi = 0.1.

e fo = f1-log(Ly + 1), where Ly is the length of the
content words list g of H.

o f3 = fi-log(Dr+1), where Dy is the number of words
in [z that have found their synonyms in T.

"http://www.kecl.ntt.co.jp/icl/lirg/resources/
GoiTaikei/
2http://www.cl.ecei.tohoku.ac.jp/ katsuma/
software/normalizeNumexp/
Shttp://www.ninjal.ac.jp/archives/goihyo/
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BC EXAMBC
v=0.83 ~4=148
a=047 a=0.71

Table 1: Learned parameters v and o.

Two ideas appeared in the feature design are worth men-
tioning:

1. When a named entity is missing, we can be pretty sure
that this is a negative example; however such exam-
ples are quite rare, a usual 0-1 feature of named entity
missing may not get an appropriate weight by learning.
Thus we ensure this prior knowledge by multiply fi to
f2 and fs: if named entity is missing, the situation is
almost the same, no matter how much word overlap is.

The pair (fo, f3) represents a two-dimensional word
overlap feature, the log functions in fy and f3 reflect
the following assumption: we assume the textual en-
tailment relation being classified by the formula

(Du +1)7
(Le +1)

The parameter v and « are then learned by the linear
classifier, through features f> and f3. Precisely, if the
learned splitting plane can be normalized to w1 fi — fo+
w3 fs > b, then it is equivalent to the above formula
by v = w3 and « = exp(b — w1 f1).

> Q.

The intuition behind the introduction of an additional fac-
tor 7, other than the usual word overlap ratio, is that: the
making of the dataset may have some unintended bias af-
fected by the length of hypothesis vs. the word overlap ratio.
For example, given a text T, it may be more difficult to make
a positive pair with a long H; or we can say there are more
options to make a negative pair if H is longer, given the
same word overlap ratio. Conversely, if we start from H,
like the data making process of EXAMBC: H is taken from
entrance exam questions, while corresponding T is extracted
from textbooks or wikipedia, then it may be more likely to
be a positive example if H is longer but still has a high rate
of word overlap. Actual experiments support this intuition,
as the learned parameter v shown in Table 1 satisfy v < 1
for BC-dataset and v > 1 for EXAMBC-dataset. And these
three features also perform very well on test data.

3. DCS-TREE REPRESENTION

Dependency-based compositional semantics (DCS) [4] was

originally developed as a natural language interface for database

queries. Semantics of natural language expressions are rep-
resented by DCS trees, which are rooted trees with labeled
nodes and edges, thus resembling dependency trees. Nodes
are labeled with predicates, each of which corresponds to a
table in a relational database, and edges are labeled with
input and output roles, which denote columns of tables, or
intuistively, arguments of predicates. Extra markers may be
added to deal with linguistic phenomena such as quantifiers
and superlatives (Figure 1). An algorithm was presented
for converting this representation into direct answers using
a given relational database.

The requirement of a relational database in the original
DCS limited the application scope of this framework; we
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Figure 1: The DCS tree for “students read books”,
and its corresponding algebraic form.

have developed a new framework which eliminates this re-
striction: we do not require an explicit database, instead we
translate a tree representation of natural language expres-
sion into some algebraic forms, and we explore the relations
among these forms by an inference engine.

For example, the DCS tree of the sentence “students read
books” are shown in Figure 1, with its corresponding alge-
braic form shown below. If we assume this sentence is true,
i.e. Jrend NIstudent X Ibook 7 ¥ then we can imply “there
is a student”, or Tyt dent This inference precedure
is done by applying the following axioms to the former al-
gebraic form and deriving the latter: (i) AN B C A, (ii)
ACB&A#0D=B#0,and (iii) Ax B0 = A#0.

The motivations for us to use DCS trees as semantic rep-
resentations are:

1. DCS trees are precise semantic representations, yet re-
semble to dependency trees. Thus we can easily obtain
DCS trees from semantically annotated dependency
parses, and use them to do logical inferences apply-
ing structural knowledge.

. DCS trees represent a limited range of first order log-
ical expressions, which is characterized by the logical
system of algebraic forms. Logical inference on alge-
braic forms can be done fast, compared to the tradi-
tional first oreder predicate logic.

. Algebraic forms inherit most of the tree structures ap-
peared in natural language, which enables us to dy-
namically generate missing knowledge via linguistic
intuitions, efficiently making the inference process go
further even when the lack of prior knowledge inter-
feres with inference chains.

Formally, assume the following sets are given:
e P, the set of predicate labels.
e R, the set of semantic roles.
e S, the set of selection markers.
e Q the set of quantification markers.

A DCS tree T = (N,€) in our framework is defined as
a rooted tree, where each node o € N is labeled with a
predicate p € P and each edge (o,0’) € € C N'xN is labeled
with a pair of semantic roles (r,7’) € R x R. Furthermore,
for each node o we can optionally assign a selection marker
5 € S, and for each edge (0,0’) we can optionally assign a
quantification marker g € Q.
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Figure 2: The DCS tree for “all kids like chocolates”,
and its corresponding algebraic form.

And algebraic forms generated from a DCS tree are sym-
bol 20 and symbols J, corresponding to predicate p, joined
by set operators N, x, m, the selection operator s € S and
the division operator q" corresponding to quantifier ¢ € Q
and semantic role r € R.

Examples are shown in Figure 1 and Figure 2. We discuss
our RTE system utilizing this semantics analyzing frame-
work in the next section.

4. INFERENCE-BASED APPROACH

In our inference-based system, we first apply Cabocha
[3] and Syncha [2] to obtain predicate argument structures.
Then we use some simple rules to augment semantic roles;
the semantic roles we identify are: SBJ, OBJ, IOBJ, ARG,
THG, TIME, LOC, R1 and R2. THG is used to represent events
such as the “fact” that “students read books,” and R1 and R2
are used to represent any kind of directed binary relations,
including possession, purpose, etc.

Linguistic knowledge we used are synonym, hypernym,
and antonym relations extracted from: NihongoGoiTaikei,
Wikipedia, Japanese WordNet, and Kojien dictionary.? While
these knowledge has enabled us to establish correspondences
between single words, in order to compensate for other miss-
ing knowledge such as paraphrases, we use the following
method to inject on-the-fly knowledge into the inference pro-
cess:

- For a pair of text T and hypothesis H, let 77 and Ty
be the DCS trees of T and H, respectively. do:

1. According to statements proved by the inference en-
gine, for each node in 7y find its semantic correspon-
dences in Tr.

2. With the correspondencies drawn between nodes in Tg
and 77, we apply syntactically motivated heuristics to
generate new entailment rules on words and phrases
with some confidence value.

3. Add the most confident new rule to the knowledge
base, and try to prove statements of 7T, using 7r and
the updated knowledge base.

4. Evaluate Step 3 using a cost function which is depen-
dent on the confidence of the new rule and the number
of newly proved partial statements.

By repeating the above process, we obtain newly added rules
and their costs. Finally, we apply a classifier that evaluates
the accmulated cost of the rules to determine the entailment
relation.

‘http://www.iwanami.co.jp/kojien/
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T:
AR ARG
| guerrilla | | peasant |
ARG
Flores
H: kill
SBJ LoC
oBJ
ARG ARG ARG
| guerrilla | | civilian | | Flores |

Figure 3: The DCS trees for “Guerrillas killed a
peasant in the city of Flores”, and “Guerrillas killed
a civilian in Flores”.

In the above process, we intensively use the inference en-
gine in Step 1 and Step 4. In Step 1, by utilizing the in-
ference engine, the process can take into account linguistic
knowledge such as hypernyms, and also context information
for nodes in 7r. For example, consider the following pair:
(Figure 3)

T: Guerrillas killed a peasant in the city of Flores.
H: Guerrillas killed a civilian in Flores.

The word “civilian” in H can find its correspondence “peas-
ant” in T, if the inference engine has the knowledge that
“civilian” is a hypernym of “peasant”. Also, the system will
regard both “Flores” and “city” in T as the correspondencies
of “Flores” in H, because calculation of the DCS tree T will
assign equivalent algebraic forms to the node “Flores” and
“City”.

In Step 4, the partial statements are algebraic forms gen-
erated from (subtrees of) T, which are consequences if H
is true. For example, we can use statements like “there is
a civilian” (Joiyilian 7 @) or “killed a civilian” (Jy; N W x
Jcivilian X 20 # 0) as partial statements of “Guerrillas killed
a civilian in Flores”.

Step 2 of generating missing knowledge via linguistic in-
tuitions and estimating their confidence values, is quite ad
hoc. Roughly speaking, we applied 4 kinds of heuristics to
generate missing knowledge, which are heuristics consider-
ing:

1. Two continuous nouns appeared in H, of which one
can find its correspondence in T but the other one
cannot. In this case there is a possibility that these
two nouns are appositive, as the words “/Niit (novel)”
and “Z[H (Yukiguni)” in the sentence “/I|¥iFEId/ Nl
[FE] ZFH 7z (Kawabata Yasunari wrote the novel
Yukiguni)”.

2. The Japanese word “0” representing various kinds of
relations. If a pair of nouns appears in both T and
H, and one of them is joined by “0”, we copy the
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shallow inference
gold\sys | N Y gold\sys | N Y
BC N 285 69 N 296 58
Y 57 199 Y 70 186
gold\sys N Y gold\sys N Y
EXAMBC N 206 69 N 227 48
Y 71 102 Y 85 88

Table 2: Confusion Matrices for BC and EXAMBC

relation in the other sentence and regard this “0)” as
that relation.

3. Words in H that cannot find their correspondencies
in T. We may guess a correspondence regarding the
words around.

Phrases (or DCS tree fragments) in H that cannot be
proved by T. We may connect them to some parts of
T according to word correspondencies.

Some examples are shown in the next section. The con-
fidence for each newly generated knowledge is calculated
based on word similarities using BunruiGoiHyo. We tuned
this confidence function using RITE EXAM and RITE2 EX-
AMBC development sets, and no machine learning methods
were applied. This step will be improved in the future.

5. EXPERIMENTS

We directly applied the shallow system and inference-
based system to subtasks BC and EXAMBC. In our sub-
mitted runs, “run3” was the output of the shallow system
(we will refer to it as system “shallow” hereinafter), while
“runl” and “run2” were inference-based systems with slightly
different features. We shall mainly discuss “run2” because
it outperforms “runl” (“run2” is refered to as system “infer-
ence” from now on).

The confusion matrices of system “shallow” and system
“inference”; tested on BC-test and EXAMBC-test data, are
shown in Table 2. Not surprisingly, the “shallow” system
tends to recognize more negative pairs incorrectly as “Y?”,
compared to the “inference” system who tends to make more
mistakes on positive pairs. The classification of system “in-
ference” mainly depends on three factors, besides the one
feature which comes from the output of “shallow” system:
(i) the portion of proved partial statements before any on-
the-fly knowledge is injected, (ii) the portion of newly proved
partial statements after some heuristic knowledge between
single words is assumed, and (iii) the portion of newly proved
partial statements after some on-the-fly paraphrase knowl-
edge is generated. We show some examples in the BC-test
data:

e There are 14 pairs where the shallow system outputs
a “Y”, the inference system outputs an “N”, and the
gold label is “Y”. One example is

T: P AA—F RKEDRESDRAT ¢ FRICHES
EN, T LUV zld B AA—FROEOEH
k 7; D 7:':0

(The title Grand Duke of Tuscany is given
to Medici, and Florence became the capital
city of Grand Duchy of Tuscany.)

H: A7 ¢ FRIFRBIC S AH—FKROEOEF
Lix o le—k,
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Figure 4: The DCS tree output of “ F AH—FKAD
MEDAT 4 FRICWEETN, T4 LYY FRAA—FKR
EoE#EBz 1.

ARG

THG
(4747x% ) (B )

Pg \K
ARG R2

(rz2h—7x2E ) (e |

Figure 5: The DCS tree output of “X 7 1 FRILEIC
FRA—FRREDEE L Tx>e—H&RIE”.

(The House of Medici was the family who be-
came the monarch of Grand Duchy of Tus-
cany later.)

The DCS tree output by our system for T and H are
shown in Figure 4 and Figure 5 respectively. The sys-
tem has the knowledge that “#47 (monarch)” is a hy-
pernym of ¢ b A 71—7KZ\ (Grand Duke of Tuscany)”s
It then guessed that “~ A7 —7F KL implies “~ A
H—F KREOEDETE (the monarch of Grand Duchy of
Tuscany)”, because “ M A 71—7F KAE" and “BF" are
two continuous nouns and may be appositive. Though
the reason is suspicious this is a correct guess. Next
the system guessed that “ b~ X /1—F KA DFS (The
title Grand Duke of Tuscany)” is the same as “ A
F1—F KL, due to the heuristic rule on word “D”.
These efforts made some progress in the inference pro-
cedure, but the systems failed to find any clue that
may prove “F 1 & 755 Jz—M% (the family who became
the monarch)”s

e There are 12 pairs where shallow system outputs “Y”,
inference system outputs “N”, and gold label is “N”.
One example:

T: SAHRIAEMIE, 1991 429 A, HABEE
FIBOHTFEANTHRE NIz, XA EBRN
ZIVIALIAZY FTH B,
(Yoshimoto Jirushi Tennensozai founded on
Sep.1991 is a mix-unit of dance and com-
edy, formed by young comedians belonging
to Yoshimoto Kogyo.)

H: KIREMIZ, BARATIESN=EMDT & T
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H%,
(Natural materials are materials that formed
in nature.)

For this pair, our inference system regarded “KIRz&
# (Natural materials)” as a hypernym of “i57ZRFIKA
## (Yoshimoto Jirushi Tennensozai)”, and from this
connection it guessed that “/F5M % (formed)” can be
infered by “fiE N5 (formed)”, which seems quite
reasonable; furthermore after the assumption that “z=
ANTHEK E % (formed by comedians)” implies “HA T
fE5MN % (formed in nature)”, the system even proved
the hypothesis. However the classifier finally output

=

an “N” because the confidence of the assumption “=
TR E N5 implying “HATIES N3 is quite low
while the inference progress made by this assumption
is quite large - this results in a low score for the proof
found by the inference system. Moreover, the portion
of partial statements initially proved before any on-
the-fly knowledge is very low (or 0, since only one word
“KIKFEHM™ has initially found correspondences in T).
These two factors caused the negative judgement.

There is one pair where shallow output is “N”, inference
output is “Y”, and gold label is “Y™:

T: AN CEROEMENS L8 2 BROEG
MIB%LL Ficks e, TV—t—Y ] Oz
N, SRR TCERD 15%LL L 50% A% 5
NRGY —t— ), 50%L s Tapy —
=) ORRICTIEE NS,

(If the portion of weight of fish and whale
meat in raw materials exceeds 15%, it falls
out the standard of “sausage”, and becomes
“mixed sausage” when fish and whale meat is
between 15% and 50%, “fish sausage” when
the portion is over 50%.)

H: $itgCld. RAKUTIEADEMEIC 582
HROEED 50 %A EOE D% Ry —t—
T ELTED, 15 %AKiGD [V —t—T ]
15 %LLE 50 %AHGD [EEY —k— ) &l
KAlENTWV%,

(By standard, products with an over 50%
portion of weight of fish and whale meat in
raw materials falls into the category “fish
sausage”, which is distinguished from “sausage”
with a portion less than 15%, or “mixed sausage”
of which the portion is between 15% and
50%.)

Shallow output is “N” because H is a long sentence.
Nevertheless the inference output is “Y”, which shows
the robustness of our inference system.

e There is also one pair which has a shallow output “N”,
an inference output “Y”, and a gold label “N”:

T: #8715 —I&, HAOFEGT 721 Rx E
THWwHEN S,

(Stand-up collars are used in Japanese stand-
up-collar-styled male school uniforms.)

H: G5 EIRD AR OMIARE U THTFHEIC
HHEN TS,

(Stand-up-collar school uniforms are worn by
boy students as uniforms in school.
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The inference output is “Y”, because synonyms ex-
tracted from wikipedia redirect include the pair “Gh#E7
A (Stand-up-collar school uniform) = *#4:lli¢ (school
uniform)”, and the system also has the knowledge that
“HiIAR (uniform)” is a hypernym of “*#*£AR (school uni-

form)”.

There are 56 pairs where both shallow and inference
systems output “N”, but gold label is “Y”. Some hard
examples are:

T: =7 LENB ARG, REBEANDE K
ZHIETERIIVA—T o A5 L, Bllizaidm
IKERMEE LW,

(People that are geeks take no notice of low-
cost products like the general audios aimed
at popularization to common people.)

H: A —74 A=71, ExI)NVA—T 14
% TR & AInd,

(Audiophiles regard general audios as low-
cost products.)

In this pair, the system has the knowledge that “Bffiiljx
= Bflli (low-cost)” and “4—7 ¢4 <¥=7 (Audiophiles)
C ¥ =7 (geeks)”, but it didn’t connect “4—7 ¢ %<
Z77to “X =7, because the hyponym “4—7 1 4~
=7 is in H.

T: HATIEHRATHAARREN 2 S 5 R
NOBITHTCH %,

(The early Meiji era is the transition period
from block printing to typography in Japan.)
H: HARTHERAIBIDNAITDN2 X515
DIFHERALETH B

(In Japan, typography became widespread-
ing since the Meiji era.)

This pair requires deep knowledge on the meaning of
the word “#41THH (transition period)”, which we don’t
have.

T: JEA RS, ABOREITEDDIT< WL
I NIRZ KIS U, AZD bW
DIHRZ % <5RT &S IHEMIZIT .

(Lossy compression performs the compres-
sion by greatly reducing the information from
parts that hardly transmitted to human senses,
while leaving much information about easily
transmitted parts.)

H: 2 < OIFRLT AR T AN D F D i < 38
LIV ZHIBRY % T & TT— 2 2 AT
BITENEENT NS,

(A lot of lossy compressions adopt the method
that removes components which are usually
not strongly recognized by humans.)

In this pair, the inference system somehow guessed
that “Wk 59" (reduce)” implies “HIf} 3% (remove)”, how-
ever it failed to recognize the correspondence between “
NEDBHICAZD DI WD (parts that hardly trans-
mitted to human senses)” and “ \[E]hVd % 0 58 < 78k L
7RV (components which are usually not strongly
recognized by humans)”.

There are 57 pairs where both shallow and inference
systems output “Y”, but gold label is “N”. Some of
these pairs seem controversial, for example
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gold\sys | B F C 1
B 46 12 0 12
F 14 163 2 26
C 11 21 2 27
I 13 46 4 149

Table 3: Confusion Matrices for MC

T: =TT NP a kA VEED
FHE TEESE) OBNT, [T—L1 &0
MEEOBIS, [F—L] EMENTNEET
OHE G5 ZRO % & 5 @D N
(B BIAEEd. ERICE THUDEE S
T & ML) 75 AN IbEd 2 K
I Ko TRUMRL D> TV BIEE TN
ezl TR AT T,
(In his book “Philosophical Inquiry”, Ludwig
Wittgenstein picked up the word “game”...)
H: M2 3b—r sk o g MY
VaRZA VLK THEI N,
(“Philosophical Inquiry” was written by Lud-
wig Wittgenstein.)

and

T: FREBMEI. RETERAZAEXIC H % EE )
TH%,

(Ogikubo post office is a post office located
in Suginami-ku, Tokyo.)

H: fkE e d, RREIGKICH 2 TH %,
(Ogikubo is the name of a place in Suginami-
ku, Tokyo.)

Others somehow need the knowledge of “words that
shouldn’t be mistaken”, not limited to named entities.
For example in the pair

T: JEE—HE. VY — FE2RE T 25E
DOERELTEEN,

(Fujima Kazuo was born as the eldest son of
a family who runs a billiard hall.)

H: B9, €UV —REZREEL Tk,

(Fujima Kazuo runs a billiard hall.)

we need the knowledge that “ZRJEE (family)” and “SRJiE
DEY (the eldest son of a family)” are not the same.
And in

T: HHEFIE. A= % b)LOEHEZIEY
TEHFHMRITEDOI L THO, /A1y FF
AT OB ZISTIRITT %,

(A pilot is an astronaut who takes the control
of a space shuttle, and who flys by given a
pilot astronaut qualification.)

H: iR, A=A v MVO#HEZHY T
ZFHIRT 72,

(Captain is the astronaut who take control
of a space shuttle.)

we need to know that “fififZ (captain)” is disjoint to “

FRHET (pilot)”.

As for subtasks MC, EXAM-SEARCH and UnitTest, we
only used inference-based features. For MC, we extract fea-
tures from both the inference processes of not only assuming
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textbook Wikipedia
gold\sys | N Y gold\sys | N Y
N 174 101 N 170 105
Y 101 72 Y 90 83

Table 4: Confusion Matrices for EXAM-SEARCH

Search Prec. Search Rec.
textbook 22.32 10.99
Wikipedia 26.56 13.08

Table 5: Search evaluation for EXAM-SEARCH

T and trying to prove H, but also assuming H and trying to
prove T. Since the examples with label “C” and label “B” are
rare in the training data, we trained the classifier assigning
these examples 4 times of weight. Also, since there is no
intuitive reason for using a linear kernel for this multi-class
task, we also tried the rbf kernel. The rbf kernel (run3)
achieved better Fl-scores on B, F and I classes compared
to linear kernel (run2), so we show the confusion matrix of
run3 (rbf kernel) in Table 3. The system is not good at de-
tecting the “C” label, maybe partly because of the lack of
training data, and partly because the criteria for a “C” label
is not very clear — usually by directly performing logical in-
ferences on these pairs a contradiction cannot be obtained,
but additional world knowledge is neccessary.

For EXAM-SEARCH, corresponding to each H there are
5 passages extracted from both the textbook and Wikipedia,
respectively, provided by organizers. We trained a model us-
ing EXAMBC-dev data, and chose one passage of the high-
est score as T. The confusion matrix of system outputs, and
the precision and recall for the chosen passage, are shown in
Table 4 and Table 5. It seems that Wikipedia has a better
search result.

For UnitTest, we used BC-dev data for training. Preci-
sions and recalls for each category are shown in Table 6.
Most mistakes occur on negative examples categorized as
“synonymy:phrase” and “entailment:phrase”. Our system
with only inference-based features didn’t get the top result,
but still outperform the baseline, which shows our inference-
based system actually helps to recognize textual entailments.

6. CONCLUSIONS

We described our approach to recognition of textual en-
tailment in the NTCIR-10 RITE-2 shared task, which in-
cludes a strong shallow system and an inference-based deep
semantic analyzing framework. Experiments show a hybrid
of inference-based with the shallow system can achieve high
accuracies, and we have discussed some examples of when
the inference-based features does or does not work.

Besides the examples listed above, there also found many
errors introduced by processes in the inference-based system,
including erroneous DCS trees, false knowledge, weird be-
haviour of on-the-fly heuristics, inaccurate confidence func-
tion, etc. Refinement of this framework, collection and inte-
gration of more knowledge, should be the immediate future
works.

7. REFERENCES
[1] F. Bond, T. Baldwin, R. Fothergill, and K. Uchimoto.
Japanese semcor: A sense-tagged corpus of japanese. In



Proceedings of the 10th NTCIR Conference, June 18-21, 2013, Tokyo, Japan

Category | Y:Prec Y:Rec N:Prec N:Rec

case alternation 77 /7 0/ 0 0/0
inference 2/ 2 2/ 2 0/ 0 0/ 0

spatial 0/0 0/1 0/1 0/0

implicit relation | 18/ 18 18/ 18 0/ 0 0/ 0
st | 3/3 3/3 0/0 0/0

disagree:lex 0/1 0/ 0 1/1 1/ 2
synonymy:phrase | 27/ 27 27/ 35 0/ 8 0/ 0
meronymy:lex 1/1 1/1 0/0 0/0
apposition 0/0 0/1 0/1 0/0
modifier | 41/ 41 41/ 42 0/1 0/ 0
transparent head 1/1 1/1 0/ 0 0/ 0
synonymy:lex 9/9 9/ 10 0/1 0/ 0
nominalization 1/1 1/1 0/ 0 0/ 0
coreference 4/ 4 4/ 4 0/ 0 0/ 0
disagree:phrase 0/5 0/0 20/20 20/ 25
temporal 1/1 1/1 0/ 0 0/ 0
disagree:modality 0/ 1 0/ 0 0/ 0 0/1
entailment:phrase | 31/ 31 31/ 45 0/ 14 0/0
disagree:temporal 0/ 1 0/ 0 0/ 0 0/1
hypernymy:lex 3/3 3/3 0/ 0 0/ 0
scrambling | 15/ 15 15/ 15 0/0 0/0
clause | 14/ 14 14/ 14 0/ 0 0/0

relative clause 8/ 8 8/ 8 0/ 0 0/ 0

Table 6: Evaluation on UnitTest

Proceedings of GWC-2012, 2012.

R. Tida and M. Poesio. A cross-lingual ilp solution to
zero anaphora resolution. In Proceedings of ACL-HLT
2011, 2011.

T. Kudo and Y. Matsumoto. Japanese dependency
analyisis using cascaded chunking. In Proceedings of
CoNLL 2002, 2002.

P. Liang, M. 1. Jordan, and D. Klein. Learning
dependency-based compositional semantics. In
Proceedings of ACL 2011, 2011.

Y. Watanabe, Y. Miyao, J. Mizuno, T. Shibata,

H. Kanayama, C.-W. Lee, C.-J. Lin, S. Shi,

T. Mitamura, N. Kando, H. Shima, and K. Takeda.
Overview of the Recognizing Inference in Text
(RITE-2) at NTCIR-10. In Proceedings of the 10th
NTCIR Conference, 2013.

PRS2, AERIRE, and FHRFIRUZ. HAGHREARELIRGES O
% In BFASEEILER, 2007.

530




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


