wo 2017/149559 A1 [N I 000 OO 0O

(43) International Publication Date

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property Ny
Organization é
International Bureau -,

=

\

(10) International Publication Number

WO 2017/149559 A1l

(51

eay)

(22)

(25)
(26)
1

(72

74

31

8 September 2017 (08.09.2017) WIPOIPCT
International Patent Classification: AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY,
GO6N 3/04 (2006.01) BZ, CA, CH, CL, CN, CO, CR, CU, CZ, DE, DK, DM,
. L DO, DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT,
International Application Number: HN. HR. HU. ID. IL. IN. IR. IS. JP. KE. KG. KN. KP. KR
PCT/IP2016/001076 KZ, LA, LC, LK, LR, LS, LU, LY, MA, MD, ME, MG,
International Filing Date: MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ, OM,
29 February 2016 (29.02.2016) PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA, SC,
- ) SD, SE, 8G, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
Filing Language: English TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.
Publication Language: English (84) Designated States (unless otherwise indicated, for every
Applicant: NEC CORPORATION [JP/JP]; 7-1,Shiba 5- kind of regional protection available): ARIPO (BW, GH,
chome, Minato-ku, Tokyo, 1088001 (JP). GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ,
TZ, UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU,
Inventors: ANDRADE SILVA, Daniel Georg; c¢/o NEC TJ, TM), European (AL, AT, BE, BG, CH, CY, CZ, DE,
CORPORATION, 7-1,Shiba 5-chome, Minato-ku, Tokyo, DK, EE, ES, FL, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU,
1083001 (JP). WATANABE, Yotaro; ¢/o NEC CORPOR- LV, MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SI, SK,
ATION, 7-1,Shiba 5-chome, Minato-ku, Tokyo, 1088001 SM, TR), OAPI (BF, BJ, CF, CG, CIL, CM, GA, GN, GQ,
(JP). GW, KM, ML, MR, NE, SN, TD, TG).
Agent: SHIMOSAKA, Naoki; ¢/o NEC CORPORA- Published:

TION, 7-1,Shiba 5-chome, Minato-ku, Tokyo, 1088001
(JP).

Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,

with international search report (Art. 21(3))

(54) Title: AN INFORMATION PROCESSING SYSTEM, AN INFORMATION PROCESSING METHOD AND A COMPUTER
READABLE STORAGE MEDIUM

|Fig. 6]

CLASS LAYER

CLASS PROBABILITIES OR
SINGLE CLASS SCORE s.(ab)

JOINT
FEATURE LAYER
TEMPORAL -
SCORE LAYER  s,(ab) [0 ]

TEMPORAL
FEATURE LAYER

e (D4

EVENT LAYER

weutLaver  x, (DT OO T DG |

“Peter” “buy” ar’

ENTAILMENT
SCORE LAYER

n"m"m"mn’ ENTAILMENT FEATURE

LAYER

e LAB D @ @1 eventLaver

(@M I DM wrutLaver

“Peter”

“sall” “oar”

(57) Abstract: An information processing system for improving detection of a relation between events is provided. A learning sys -
tem (100) includes a training data storage (120) and a learning module (130). The training data storage (120) stores a training pair of
a first and second event, and a relation between the training pair of the first and second events. The relation is a first or second rela-
tion. The learning module 130 learns a neural network for classifying a relation between a pair of the first and second events to be
classified as the first or second relation, by using the training pair. The neural network includes a first layer to extract a feature of the
first relation from features of the first and second events, a second layer to extract a feature of the second relation from the features
of the first and second events, and a joint layer to extract a joint feature of the first and second relations from the features of the first

and

second relations.
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Description

Title of Invention: AN INFORMATION PROCESSING SYSTEM,

[0001]

[0002]

[0003]

[0004]

[0005]

[0006]

[0007]

AN INFORMATION PROCESSING METHOD AND A

COMPUTER READABLE STORAGE MEDIUM
Technical Field

The present invention relates to an information processing system, an information

processing method and a computer readable storage medium thereof.

Background Art

In a logic-based reasoning engine, an implication measure between two events is
used for reasoning. Events are represented as a predicate argument structure. Assuming
an event is simply defined as an expression or sentence that contains only one verb, the
event can be represented as a predicated argument structure (PAS). For example, an
event "Peter was attacked by a dog" is represented by verb="attack", arg0="dog", and
argl="Peter", where arg0 refers to a semantic subject and argl refers to a semantic
object. In the following, the event is also represented as (dog, attack, Peter) using the
predicated argument structure.

For the logic-based reasoning engine, there are roughly three main applications of the
implication measure between events.

1) Overcoming lexical variations. For example, assume that, in a background
knowledge base (BK), an event "car drives" is defined, however, in an input, an ob-
servation "automobile drives" is stated. In this case, the event "automobile drives" is
one of the lexical variations of the event "car drives". Then it is inferred that "au-
tomobile drives"” implies "car drives” ("automobile drives" => "car drives"). Here the
symbol "=>" indicates that an event at the left side of the symbol implies an event at
right side of the symbol.

2) Finding entailment relations. For example, assume that, in a BK, an event "Peter
goes home" is defined, however, in an input, an observation "Peter limps home" is
stated. In this case, the event "Peter limps home" implies the event "Peter goes home".
Then it is inferred that "Peter limps home" implies "Peter goes home" ("Peter limps
home" => "Peter goes home").

3) Finding temporal relations. For example, assume that, in a BK, an event "car
drives" is defined, however, in an input, an observation "driver enters car"” is stated. In
this case, the event "car drives" occurs after the event "driver enters car". Then it is
inferred that "driver enters car" implies "car drives" ("driver enters car” => "car
drives™).

The first and second applications are, for example, realized by using existing



WO 2017/149559 PCT/JP2016/001076

[0008]

[0009]

[0010]

[0011]

[0012]

synonym dictionaries as described in NPL2, and this way improve the robustness of
the logical reasoning system. In more general, these applications are realized by a

textual entailment system in NPL1.
The third application is partly addressed by script learning in NPL4. In NPL4,

temporal (before-after) order like {"sitting down in restaurant" => "order meal"} is
detected.

Note that, as a related technology, NPL 3 discloses a method for learning a model to
detect semantically matching between text documents. NPLS5 discloses a neural
network architecture using a convolution layer. NPL6 discloses an event prediction

using a neural network.
Citation List
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conference on Information and knowledge management, pp.187-196, 2009.
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of Lexicography, Vol. 3, Issue 4, pp.278-301, 1990.

Summary of Invention

Technical Problem

In the NPLs described above, the two types of implication, temporal and entailment
are treated as independent tasks. As a consequence, training data for detecting a
temporal relation and training data for detecting an entailment relation cannot be
combined for machine learning. In particular, if there is insufficient training data for
the temporal relation detection available, then a machine learning method does not
perform well.

An object of the present invention is to resolve the issue mentioned above.
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Specifically, the object is to provide an information processing system, an information
processing method and a computer readable storage medium thereof which improve
detection of a relation between events.

Solution to Problem

An information processing system according to an exemplary aspect of the invention
includes: a training data storing means for storing a training pair of a first and second
event, and a relation between the training pair of the first and second events, the
relation being a first or second relation; and a learning means for learning a neural
network for classifying a relation between a pair of the first and second events to be
classified as the first or second relation, by using the training pair, the neural network
including a first layer to extract a feature of the first relation from features of the first
and second events, a second layer to extract a feature of the second relation from the
features of the first and second events, and a joint layer to extract a joint feature of the
first and second relations from the features of the first and second relations.

An information processing method according to an exemplary aspect of the invention
includes: reading out a training pair of a first and second event, and a relation between
the training pair of the first and second events, the relation being a first or second
relation; and learning a neural network for classifying a relation between a pair of the
first and second events to be classified as the first or second relation, by using the
training pair, the neural network including a first layer to extract a feature of the first
relation from features of the first and second events, a second layer to extract a feature
of the second relation from the features of the first and second events, and a joint layer
to extract a joint feature of the first and second relations from the features of the first
and second relations.

A computer readable storage medium according to an exemplary aspect of the
invention records thereon a program, causing a computer to perform a method
including: reading out a training pair of a first and second event, and a relation between
the training pair of the first and second events, the relation being a first or second
relation; and learning a neural network for classifying a relation between a pair of the
first and second events to be classified as the first or second relation, by using the
training pair, the neural network including a first layer to extract a feature of the first
relation from features of the first and second events, a second layer to extract a feature
of the second relation from the features of the first and second events, and a joint layer
to extract a joint feature of the first and second relations from the features of the first

and second relations.

Advantageous Effects of Invention

An advantageous effect of the present invention is improving detection of a relation
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between events.

Brief Description of Drawings

[fig.1]Fig. 1 is a block diagram illustrating a characteristic configuration of a first
exemplary embodiment of the present invention.

[fig.2]Fig. 2 is a block diagram illustrating a configuration of a learning system 100 in
the first exemplary embodiment of the present invention.

[fig.3]Fig. 3 is a block diagram illustrating a configuration of the learning system 100
in the first exemplary embodiment of the present invention, in the case that the
learning system 100 is implemented on a computer.

[fig.4]Fig. 4 is a flowchart illustrating a process of the learning system 100 in the first
exemplary embodiment of the present invention.

[fig.5]Fig. 5 is a diagram illustrating an example of training data in the first exemplary
embodiment of the present invention.

[fig.6]Fig. 6 is a diagram illustrating an example of a neural network in the first
exemplary embodiment of the present invention.

[fig.7]Fig. 7 is a diagram illustrating an example of a neural network in a second
exemplary embodiment of the present invention.

[fig.8]Fig. 8 is a diagram illustrating a neural network to detect a temporal relation

based on the neural network proposed in NPL4.

Description of Embodiments

(Preliminaries)

First of all, preliminaries used in a first embodiment and a second embodiment will
be described below.

In the simplest setting, it is assumed that training data contains training pairs of
events given in the form {"a" =>"b"}, where "a" and "b" denote two single events. An
event may be represented as a predicate argument structure, or a neo-davidsonian event
representation. In the form {"a" =>"b"}, the event "a" is also referred to as an
observed event or a first event, and the event "b" is also referred to as a predicted event
or a second event.

Let V be vocabulary which contains all words, and assume that a feature vector is
given for all words in V. The feature vector may be defined by a bag-of-words, where
the feature vector has dimension s which is the number of words in the vocabulary.
The feature vector may also be defined by a word embedding disclosed in NPL1. The
word embedding is learned for each word in V.

First, a feature vector representation for each event is created. One possible way to
create the feature vector representation of an event is to sum a feature vector for the

predicate and feature vectors for all of the arguments as expressed by Math. 1. In Math.
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1, x, is a feature vector for event "a", x,; is a feature vector for the i-th word of the
event, and k is the number of words in the event.
[Math.1]

k
X, = Zxa__l.
i=0

Another possible way to create the feature vector representation of the event is using
a convolution neural network as disclosed in NPL 5, or finding an event representation
using auto-encoder as disclosed in NPL 6 to summarize the event into a fixed length
vector.

Assuming that k is fixed, still another possible way to create the feature vector repre-
sentation of the event is to append the feature vectors of respective words to one long
feature vector as expressed by Math. 2.

[Math.2]

X, = [xaro,xarl,...,xa,k]

In the following, for simplicity, it is assumed that k is fixed to 2, and x,, X, 1, and X,
correspond to the feature vector of a semantic subject, predicate, and semantic object,
respectively. For example, in an event "Peter kisses Sara", the predicate is "kisses", the
subject is "Peter" and the object is "Sara".

Furthermore, in the following, it is assumed that x,, X, , and x,, are expressed by
their word embeddings like word2vec. Moreover, for simplicity, it is assumed that the
subject and object in both events are the same (same surface form) and refer to the
same entities. For example, with respect to the pair of events (Peter, buy, car) and
(Peter, sell, car), "Peter" in both events refer to the same person, and "car" refers to the
same car. It is also assumed each word embedding has dimension d.

In addition, it is assumed that an implication relation (also simply referred to as a
relation) is able to be classified as two types: a temporal relation (also referred to as a
before-after relation or a future prediction relation) or an entailment relation. The
temporal relation is denoted by a symbol "=>". The symbol "=>" indicates that an
event at the left side of the symbol occurs before an event at right side of the symbol.
The entailment relation is denoted by a symbol "=>.". The symbol "=>." indicates that
an event at the left side of the symbol entails (logically implies) an event at right side
of the symbol. Here, entailment and logical implication are considered as equivalent. It
is noted that the temporal relation and the entailment relation are exemplary em-

bodiments of a first relation and a second relation of the present invention, re-
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[0027] For detecting temporal relations, a neural network disclosed in NPL4 is can be used.

[0028]
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[0030]

[0031]

[0032]

Fig. 8 is a diagram illustrating a neural network to detect the temporal relation based
on the neural network proposed in NPLA4. First, in hidden layers, event embeddings e,,
ey, having dimension h are calculated by using Math. 3. In Math. 3, M, and M, are
weight matrixes having dimension h x 3d and g is a non-linear function like sigmoid
which is applied element-wise.

[Math.3]

e, =gMx,)

a

e, = g(M,x,)

The resulting event embeddings e,, €., are then used to calculate a score s(a,b) which
indicates whether an event "a" occurs before an event "b", by using Math. 4. In Math.
4, w, and w, are weight vectors having dimension h.

[Math.4]

s(a,b)=w_'e_+w,'e,

In particular, if s > 0, then the event "a" is classified as occurring before the event
"b", and otherwise the event "b" is classified as occurring before the event "a".

Consider the case that there is a training event pair pl:{(Peter, buy, car) =>, (Peter,
sell, car)} in the training data, and, at runtime, there is a test event pair p2:{(Peter,
purchase, car) => (Peter, sell, car)} to test whether a temporal relation is held. Since
"buy" and "purchase" occur in similar contexts, it is expected that their word em-
beddings are also similar. As a consequence, the test event pair p2 will get a similar
score as the training event pair pl, which results in the correct classification of the test
event pair p2.

Next consider, at runtime, there is a test event pair p3:{(Peter, buy, car) => (Peter,
purchase, car)} to test whether a temporal relation is held. Since "buy" and "purchase”
are synonyms, it holds that {(Peter, buy, car) =>. (Peter, purchase, car)}, but in
general, {(Peter, buy, car) => (Peter, purchase, car)} does not hold, since if Peter has
already bought a car, it is not expected that he will buy the same car again (It is
assumed that the subject and object on the left hand side, refer to the same subject and
object on the right hand side, i.e. the same person "Peter" and the same "car").

For classifying the test event pair p3, it is compared with the event pair p1l in the

training data. Since the words for "sell" and "purchase” tend to occur in similar
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contexts (i.e. with similar subjects and objects), their word embeddings are similar. As
a consequence, the test event pair p3 gets a similar score to the training event pair p1.
As aresult, the test event pair p3 is classified incorrectly as a temporal relation {(Peter,
buy, car) => (Peter, purchase, car)}.

(First Exemplary Embodiment)

A first exemplary embodiment of the present invention will be described below.

It is observed that entailment relations actually complement to temporal relations.
That is, an event pair cannot be both in an entailment and temporal relation at the same
time. The following are examples of entailment relations: {"Peter buys book" =>,
"Peter purchase book)"}, { "Peter kills John" =>, "Peter wounds John"}, and {"Peter
cooks food" =>, "Peter prepares food"}. None of the above can be interpreted as a
temporal relation. That is, the symbol "=>." cannot be replaced by the symbol "=>".
Formally, this can be expressed as ("a" =>. "b") =>. —1("a" =>"b").

Note that even if event pairs having an entailment relation are used as negative
training pairs for a temporal relation in the neural network shown in Fig. 8, it is not
necessarily improve detection of the temporal relation. If there are much more event
pairs having an entailment relation than event pairs having a temporal relation as
training data, then the networks parameters specialize mostly on the event pairs having
an entailment relation, and learning of the event pairs having a temporal relation is
hardly effective. That is because the learning of the network's parameters is dominated
by the event pairs having an entailment relation.

In the first exemplary embodiment of the present invention, a neural network that
jointly classifies temporal relations and entailment relations is used, in order to
overcome the drawbacks from the neural network shown in Fig. 8.

A configuration of the first exemplary embodiment of the present invention will be
described below. Fig. 2 is a block diagram illustrating a configuration of a learning
system 100 in the first exemplary embodiment of the present invention. The learning
system 100 is an exemplary embodiment of an information processing system of the
present invention. With reference to Fig. 2, the learning system 100 in the first
exemplary embodiment of the present invention includes a feature vector storage 110,
a training data storage 120, a learning module (also referred to as a learning unit) 130,
and a classify module (also referred to as a classify unit) 140.

The feature vector storage 110 stores feature vectors of respective words in vo-
cabulary. The feature vector is defined by a word embedding, for example. The feature
vector may be defined by bag-of-words or the other vector as long as it represents the
feature of the word. The feature vectors are inputted from a user or the like and stored
in the feature vector storage 110 beforehand.

The training data storage 120 stores pairs of events as training data (training pairs of
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events). Fig. 5 is a diagram illustrating an example of training data in the first
exemplary embodiment of the present invention. In the example of Fig. 5, each piece
of training data includes a pair of events and a type of an implication relation for the
pair of events with the symbols "=>" (temporal relation) or "=>." (entailment relation).
The training data is inputted from a user or the like and stored in the training data
storage 120 beforehand.

The learning module 130 learns a neural network for classifying the implication
relation between the events.

The classify module 140 performs classification of the implication relation for pairs
of events to be classified (a test pairs of events).

The neural network of the first exemplary embodiment of the present invention will
be described below.

The neural network specializes on both temporal relations and entailment relations
and uses this knowledge to improve a temporal relation classification or an entailment
relation classification by combining this knowledge for the final relation classifier. Fig.
6 is a diagram illustrating an example of the neural network in the first exemplary em-
bodiment of the present invention. The neural network includes input layers, event
layers, feature layers (also referred to as feature extractors), a joint feature layer (also
referred to as a joint layer). As the feature layers, a temporal feature layer and an en-
tailment feature layer are defined. The neural network further includes, as an output
layer, a temporal score layer, an entailment score layer, and a class layer. It is noted
that the temporal feature layer and the entailment feature layer are exemplary em-
bodiments of a first layer and a second layer of the present invention, respectively.

The input layers are the same as the input layers of the neural network in Fig. 8. The
input layers respectively receives inputs of feature vectors x,, x, of event pair "a", "b"
for which the implication relation is to be classified.

The event layers are the same as the hidden layers of the neural network in Fig. 8.
The event layers respectively calculate event embeddings e,, e, which represent
features of the events "a", "b", respectively, by Math. 3, using outputs from the input
layers.

The temporal feature layer calculates a temporal feature f(a,b) that represents a
feature of a temporal relation {"a" => "b"}, by Math. 5, using outputs from the event
layers (extracts the temporal feature from the features of the events "a" and "b"). In
Math. 5, the temporal feature f,(a,b) has dimension h, and M, is a weight matrix having

dimension h, x 2h.
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[Math.5]
fr (a,b) = g(M;[ea:eb])

Similarly, the entailment feature layer calculates an entailment feature f.(a,b) that
represents a feature of an entailment relation {"a" =>. "b"}, by Math. 6, using outputs
from the event layers (extracts the entailment feature from the features of the events
"a" and "b"). In Math. 6, the entailment feature f.(a,b) has dimension h, and M. is a
weight matrix having dimension h, x 2h.

[Math.6]

fe(a: b) = g(Me[ea’ eb])

The temporal score layer calculates a temporal score s(a,b) by Math. 7, using outputs
from the temporal feature layer. In Math.7, w, is a weight vector having dimension h,.
[Math.7]

s (a,b)=w!f (a,b)

Similarly, the entailment score layer calculates an entailment score s.(a,b) by Math. 8
using outputs from the entailment feature layer. In Math.§, w. is a weight vector having
dimension h,.

[Math.8]

s (a,b)=w.f (a,b)

The joint feature layer calculates a joint feature fj(a,b) that represents a joint feature
of the temporal relation {"a" => "b"} and the entailment relation {"a" =>. "b"}, by
Math. 9, using outputs from the temporal feature layer and the entailment feature layer
(extracts the joint feature from the temporal and entailment features). In Math. 9, the
joint feature f(a,b) has dimension h; and M,; is a weight matrix having dimension h; x 2
h,.

[Math.9]
f,(a,b) =g(M [f,(a,b).f.(a,D)])

The class layer calculates a class score for classifying a temporal relation, an en-
tailment relation, or both of them, using an output from the joint feature layer. As the
class score, the class layer may calculate class probabilities each representing a

probability of the temporal relation, the entailment relation, or the other, by a soft-max
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function. Alternatively, the class layer may calculate a single class score s.(a,b) to
classify the temporal relation or the entailment relation by Math. 10. In Math. 10, w, is
a weight vector having dimension hs.

[Math.10]

s (a,b) = wffj(a, D)

All layers in the neural network may be learned with standard back-propagation, and,
if needed, the learning may be combined with Drop-out and 12/11 regularization.

The learning of neural network by the learning module 130 is performed in three
steps shown below, for example.

Step 1) The learning module 130 learns the parameters (weight matrixes M,, M) of
the event layers by learning to re-construct the input (auto-encoder), as described in
NPLG6, for example.

Step 2) The learning module 130 learns the parameters (weight matrixes M,, M,) of
the temporal feature layer and the entailment feature layer, independently, in such a
way as to minimize the rank margin loss expressed by Math. 11 and Math. 12 below,
as described in NPLS, for example. In Math. 11 and Math.12, t is a threshold value, for
example "1", that is predetermined by a user, or the like. In Math. 11, s(a,b) and s,(a,b")
(b#b') are the scores for a positive example and a negative example of event pair for a
temporal relation, respectively, in the training data. The weight vector w, of the
temporal score layer is jointly learned with the weight matrix M, using back-
propagation. Similarly, in Math.12, s.(a,b) and s.(a,b") (b#b') are the scores for a
positive example and a negative example of event pair for an entailment relation, re-
spectively, in the training data. The weight vector w, of the entailment score layer is
jointly learned with the weight matrix M, using back-propagation. The event "b™ for
the negative example is, for example, randomly drawn from the training data.
[Math.11]

Lp_t(a,b) =max{0,7 —s,(a,b)+s,(a,b")}
[Math.12]

Lp_e(a,b) =max{0, - s,(a,b)+s,(a,b")}

While learning the temporal feature layer or the entailment feature layer, the pa-
rameters of the event layers may be left constant or may also be adjusted by back-
propagation.

Step 3) The learning module 130 learns the parameters (weight matrixes M;) of the

joint feature layer. In a case that the single class score is calculated as the class score,
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for example, the weight matrixes M; of the joint feature layer is learned in such a way
as to minimize the rank margin loss expressed by Math. 13, in the same way as step 2.
In Math. 13, s.(a,b) and s.(a,b") (b#b") are the scores for a positive example and a
negative example of event pair, respectively, in the training data. When the single class
score for classification as a temporal relation is calculated, a positive example and a
negative example of event pair for the temporal relation are used. For example, for the
temporal relation, {"Peter buy book" =>  "Peter sell book"} is used as a positive
training example, and {"Peter buy book" => "Peter eat book"} is used as a negative
example. On the other hand, when the single class score for classification as an en-
tailment relation is calculated, a positive example and a negative example of event pair
for the entailment relation are used. The weight vector w, of the class layer is jointly
learned with the weight matrix M; using back-propagation.

[Math.13]

L, (a,b)=max{0,7—s,(a,b)+s (a,b')}

In a case that the class probabilities are calculated as the class score, the weight
matrix M; is learned with the cross-entropy criteria.

In both cases, while learning the joint feature, the parameters of the layers learned in
step 1 and step 2 may be left constant or may also be adjusted by back-propagation.

It is noted that, as a special case, the dimension h, of the temporal feature f,(a,b) and
the entailment feature f.(a,b) in the event layers may be set to 1. In this case, the
temporal feature fi(a,b) and the entailment feature f.(a,b) are considered as a scoring
function for a temporal relation and an entailment relation, respectively, and learned
using the rank margin loss as described above.

The learning system 100 may be a computer which includes a central processing unit
(CPU) and a storage medium storing a program and which operates according to the
program-based control. Fig. 3 is a block diagram illustrating a configuration of the
learning system 100 in the first exemplary embodiment of the present invention, in a
case that the learning system 100 is implemented on a computer.

With reference to Fig. 3, the learning system 100 includes a CPU 101, a storage
device 102 (storage medium), a communication device 103, an input device 104 such
as a keyboard, and an output device 105 such as a display. The CPU 101 executes a
computer program to implement the functions of the learning module 130 and the
classify module 140. The storage device 102 stores information in the feature vector
storage 110 and the training data storage 120. The communication device 103 may
receive training data and/or test data from the other system and send a result of classi-
fication of the test data to the other system. The input device 104 may receive the

training data and/or the test data from a user or the like. The output device 105 may
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output (display) the result of the classification to the user or the like.

The modules and storages in the learning system 100 in Fig. 3 may be allocated re-
spectively to a plurality of devices interconnected with wired or wireless channels. A
service of learning and/or classifying of the learning system 100 is provided to a user
or the like as SaaS (Software as a Service).

The modules and storages in the learning system 100 in Fig. 3 may be implemented
on circuitry. Here, the term "circuitry"” is defined as a term conceptually including a
single chip, multiple devices, a chipset, or a cloud.

Next, operations of the learning system 100 according to the first exemplary em-
bodiment of the present invention will be described.

Fig. 4 is a flowchart illustrating a process of the learning system 100 in the first
exemplary embodiment of the present invention. The learning module 130 reads out
pairs of events as training data from training data storage 120 (Step S101). The
learning module 130 reads out feature vectors of words included in the pairs of events
read out as the training data (Step S102). The learning module 130 performs learning
of the parameters of the neural network for the pairs of events read out as the training
data using the feature vectors (Step S103). The classify module 140 receives an input
of a pair of events to be classified as test data (Step S104). The classify module 140
performs classification of an implication relation for the pair of events inputted as test
data (Step S105). The classify module 140 outputs the result of the classification to a
user or the like (Step S106).

Next, an example of the learning and the classifying by the learning system 100
according to the first exemplary embodiment of the present invention will be
described.

It is assumed that the training data shown in Fig. 5 is stored in the training data
storage 120 and feature vectors of events in the training data are stored in the feature
vector storage 110.

The learning module 130 reads out the training data including a positive example for
a temporal relation {(Peter, buy, car) => (Peter, sell, car)} and a positive example for
an entailment relation {(Peter, buy, car) =>. (Peter, acquire, car)} as shown in Fig. 5
from the training data storage 120. The learning module 130 performs learning of the
parameters of the neural network for the training data. Here, the learning module 130,
for example, learns the neural network to output the single class score for determining
whether an event pair as a temporal relation.

At test time, the classify module 140 receives, as test data, an input of event pair
{(Peter, buy, car) => (Peter, purchase, car)} to determine whether {(Peter, buy, car) =>
(Peter, purchase, car)} holds. The classify module 140 inputs the test data to the neural

network learned by the learning module 130 to obtain the single class score. The
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classify module 140 determine whether an implication relation of the test data is
classified as the temporal relation by comparing the single class score with a prede-
termined threshold.

Since "purchase" occurs with similar context (for example, similar subject and
object) as "sell" and "acquire", word embeddings of them are similar. However, since
the meaning of "purchase” is closer to the meaning of "acquire” than to "sell", the word
embedding of "purchase" is closer to "acquire" than to "sell". As a consequence, the
test data {(Peter, buy, car) => (Peter, purchase, car)} is more similar to the training
data having the entailment relation {(Peter, buy, car) =>. (Peter, acquire, car)} than to
the training data having the temporal relation {(Peter, buy, car) =>, (Peter, sell, car)}.
Therefore, the neural network outputs the single class score indicating that the im-
plication relation of the test data is not classified to the temporal relation. The classify
module 140 outputs a result of the classification, indicating that {(Peter, buy, car) =>,
(Peter, purchase, car)} does not hold.

In this way, the neural network of the first exemplary embodiment of the present
invention is able to leverage training data having the entailment relation to improve the
classification of the temporal relation. If the test data is close to training data having
the entailment relation, the test data is not classified as the temporal relation.

Next, a characteristic configuration of the first exemplary embodiment of the present
invention will be described.

Fig. 1 is a block diagram illustrating a characteristic configuration of the first
exemplary embodiment of the present invention.

With reference to Fig. 1, a learning system 100 includes a training data storage 120
and a learning module 130. The training data storage 120 stores a training pair of a first
and second event, and a relation between the training pair of the first and second
events. The relation is a first or second relation. The learning module 130 learns a
neural network for classifying a relation between a pair of the first and second events
to be classified as the first or second relation, by using the training pair. The neural
network includes a first layer to extract a feature of the first relation from features of
the first and second events, a second layer to extract a feature of the second relation
from the features of the first and second events, and a joint layer to extract a joint
feature of the first and second relations from the features of the first and second
relations.

According to the first exemplary embodiment of the present invention, it is possible
to improve detection of a relation between events. This is because the learning module
130 learns a neural network including a first layer to extract a feature of the first
relation from features of the first and second events, a second layer to extract a feature

of the second relation from the features of the first and second events, and a joint layer
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to extract a joint feature of the first and second relations from the features of the first
and second relations.

(Second Exemplary Embodiment)

A second exemplary embodiment of the present invention will be described below.
In the second exemplary embodiment of the present invention, more than two types of
relations are jointly learned.

Entailment relations of verbs can be categorized into five groups: The first group is
synonyms, that is word pairs where an entailment relation holds in both directions
between words ("buy" and "purchase"”, for example). The other four groups can be
defined according to NPL7, such as troponymy with temporal co-extensiveness (e.g.
"limp" and "walk"), (non-troponymy with) proper temporal inclusion (e.g. "snore" and
"sleep"”, "succeed" and "try"), backward presupposition (e.g. "tie" and "untie"), and
cause (e.g. "give" and "have"). Except for the synonyms and the troponymy group, it
holds that most entailment relations for one direction between words actually indicate
temporal (after-before) relations for the other direction between the words.

For example, an entailment relation {"Peter snores" =>. "Peter sleeps”} indicates a
temporal relation {"Peter sleeps" => "Peter snores"} (proper temporal inclusion). An
entailment relation {"Peter unties shoes" =>. "Peter ties shoes"} indicates a temporal
relation {"Peter ties shoes" =>, "Peter unties shoes"} (backward presupposition). An
entailment relation {"Peter gives money" =>, "Peter has money"} indicates a temporal
relation {"Peter has money" => "Peter gives money"} (cause).

Formally, this can be expressed by [("a" =>. "b")* 71 ("b" =>, "a")]=>["b" =>"a"].
The left hand side of the expression means an entailment relation in which the event
"a" entails the event "b", but not synonyms. In the second exemplary embodiment, the

"o

relation holding ("a" =>. "b")A 1("b" =>. "a") is defined as a proper entailment relation
in order to distinguish from the other (synonyms) entailment relation holding ("a" =>.
"b")M"b" =>, "a"). It is noted that the proper entailment relation is an exemplary em-
bodiment of a third relation of the present invention.

For example, it holds that an entailment relation {(Peter, kills, Bob) =>, (Peter,
wounds, Bob)} and it also holds that the temporary relation that {(Peter, wounds, Bob)
=> (Peter, kills, Bob)}.

Fig. 7 is a diagram illustrating an example of the neural network in the second
exemplary embodiment of the present invention. In the neural network, in addition to
similar layers of the neural network of the first exemplary embodiment, a proper en-
tailment feature layer is defined as a feature layer. It is noted that the proper entailment
feature layer is an exemplary embodiment of a third layer of the present invention.

The proper entailment feature layer calculates a proper entailment feature {,(a,b) that

represents a feature of a proper entailment relation in the same manner as the other
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feature layers (extracts the proper entailment feature from the features of the events "a"
and "b"). The joint feature layer calculates the joint feature fj(a,b) using outputs from
the temporal feature layer, the entailment feature layer, and the proper entailment
feature layer (extracts the joint feature from the temporal feature, the entailment
feature, and the proper entailment feature). The class layer calculates a class score for
classifying relation as a temporal relation, an entailment relation, or a proper en-
tailment relation using an output from the joint feature layer.

The learning module 130 learns the parameters of the proper entailment feature layer
using event pairs of a positive example for which ("a" =>, "b")* 7 ("b" =>, "a") holds
and event pairs of a negative example for which ("a" =>, "b")*("b" =>, "a") holds, for
example. On the other hand, the learning module 130 learns the (synonyms) entailment
feature layer using event pairs of a positive example for which ("a" =>, "b")A("b" =>,
a) holds and event pairs of a negative example for which ("a" =>. "b")* 1("b" =>, "a")
holds, for example.

The learning module 130 learns the joint feature layer and the class layer using event
pairs of a positive example and a negative example for a temporal relation, a
(synonyms) entailment relation, or a proper entailment relation in such a way as to ad-
ditionally distinguish between the (synonyms) entailment relation and the proper en-
tailment relation.

According to the second exemplary embodiment of the present invention, it is
possible to classify a relation between events as more than two types of the relation.
This is because the learning module 130 learns a neural network further including a
third layer to extract a feature of the third relation from the features of the first and
second events, and the joint layer extracts the joint feature of the first, second, and
third relations from the features of the first, second, and third relations.

Note that, in the second exemplary embodiment, the proper entailment feature layer
is added as a feature layer. In the same way, other feature layers to extract other
features from the features of events may be added as a feature layer. For example, a
"topic feature layer" or "context feature layer" which is learned to extract topics or
contexts that are common to both events in a pair of events may be added. For
example, both of events "Peter plays soccer" and "Peter loves soccer” have the same
topic "soccer”. On the other hand, an event "Peter plays soccer" and another event
"Peter plays guitar", don't share the same topic.

In this case, features like topic or context similarity can, for example, be included in
a one dimensional feature layer which contains the similarity given by the inner
product (or cosine similarity) between the word embeddings of predicates of events.

Furthermore, it is noted that, as another feature layer, an "antonym feature layer" to

extract an antonym feature from the features of events may be added. This is because
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antonyms (e.g. "buy" and "sell", "untie" and "tie") can indicate that a temporal relation

exists.
It is also noted that, a "language model feature" that extracts a language model

feature from only one event may be added as a feature layer. In particular, the language
model feature for the predicted event (second event) can measure how likely it is that
the event occurs, independent of the observed event (first event). For example, for an
event pair {"Peter buy book" =>_"Peter eat book"}, the second event "Peter eat book"
is unlikely to happen, and is independent of the first event. Therefore, the language
model layer can find that "eat"” is unlikely to have an object like "book", which as a
consequence leads to a low probability for the event "Peter eat book", independent of
the first event.

Further, instead of adding the proper entailment feature, the learning module 130
may learn the neural network described in the first exemplary embodiment using, as a
positive example of a temporal relation, event pairs holding ["b" =>"a"] which is
obtained from event pairs holding [("a" =>. "b")* 71("b" =>, "a")] based on the above
described expression [("a" =>, "b")A 1 ("b" =>, "a")] =>. ["'b" =>"a"].

While the invention has been particularly shown and described with reference to
exemplary embodiments thereof, the invention is not limited to these embodiments. It
will be understood by those of ordinary skill in the art that various changes in form and
details may be made therein without departing from the spirit and scope of the present
invention as defined by the claims.

Industrial Applicability

The present invention is applicable to a reasoning system, a clustering system, or the
like, in which a relation between events, such as an entailment relation or a temporal
relation is detected.

Reference Signs List

100 learning system

101 CPU

102 storage device

103 communication device

104 input device

105 output device

110 feature vector storage

120 training data storage

130 learning module

140 classify module
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Claims

An information processing system comprising:

a training data storing means for storing a training pair of a first and
second event, and a relation between the training pair of the first and
second events, the relation being a first or second relation; and

a learning means for learning a neural network for classifying a relation
between a pair of the first and second events to be classified as the first
or second relation, by using the training pair, the neural network
including a first layer to extract a feature of the first relation from
features of the first and second events, a second layer to extract a
feature of the second relation from the features of the first and second
events, and a joint layer to extract a joint feature of the first and second
relations from the features of the first and second relations.

The information processing system according to claim 1, wherein the
first relation is a temporal relation in which the first event occurs before
the second event and the second relation is an entailment relation in
which the first event entails the second event.

The information processing system according to claim 1 or 2, wherein
the feature of the first event is determined from features of words
included in the first event, and the feature of the second event is de-
termined from features of words included in the second event.

The information processing system according to any one of claims 1 to
3, further comprising a classification means for classifying the relation
between the pair of the first and second events to be classified as the
first or second relation by using the neural network learned by the
learning means.

The information processing system according to claim 1, wherein

the relation is any one of the first relation, the second relation, and a
third relation,

a learning means learns the neural network for classifying the relation
between the pair of the first and second events to be classified as the
first, second, or third relation, by using the training pair,

the neural network further includes a third layer to extract a feature of
the third relation from the features of the first and second events, and
the joint layer extracts the joint feature of the first, second, and third
relations from the features of the first, second, and third relations.

The information processing system according to claim 5, wherein the
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first relation is a temporal relation in which the first event occurs before
the second event, the second relation is an entailment relation in which
the first event entails the second event and the second event entails the
first event, and the third relation is a proper entailment relation in
which the first event entails the second event but the second event does
not entail the first event.

An information processing method comprising:

reading out a training pair of a first and second event, and a relation
between the training pair of the first and second events, the relation
being a first or second relation; and

learning a neural network for classifying a relation between a pair of
the first and second events to be classified as the first or second
relation, by using the training pair, the neural network including a first
layer to extract a feature of the first relation from features of the first
and second events, a second layer to extract a feature of the second
relation from the features of the first and second events, and a joint
layer to extract a joint feature of the first and second relations from the
features of the first and second relations.

A computer readable storage medium recording thereon a program,
causing a computer to perform a method comprising:

reading out a training pair of a first and second event, and a relation
between the training pair of the first and second events, the relation
being a first or second relation; and

learning a neural network for classifying a relation between a pair of
the first and second events to be classified as the first or second
relation, by using the training pair, the neural network including a first
layer to extract a feature of the first relation from features of the first
and second events, a second layer to extract a feature of the second
relation from the features of the first and second events, and a joint
layer to extract a joint feature of the first and second relations from the

features of the first and second relations.



1/7
WO 2017/149559 PCT/JP2016/001076
[Fig. 1]

100 LEARNING SYSTEM

120
/\/

TRAINING DATA
STORAGE

A~

130
/\/

LEARNING
MODULE




217

PCT/JP2016/001076

WO 2017/149559

[Fig. 2]

SIN3IAT 40 SHIVd ONINIVHL

0¢l1

0Ll

3OVH0lLS
V1vad ONINIVHL

3OVH0lLS
dOLO3A
3dNLv3d

I1NAON
ONINYV3IT

171NS3Y AHISSV1D

I1NAON

AHOMLIN
IvdN3AN

/
\

o€l

SAdom 40
SHOL1D3A FdNLV3S

AdISSV1O

4 7

SIN3IAT 40 divd 1S3l

~

WILSAS ONINYVIT 00!




3/7

PCT/JP2016/001076

WO 2017/149559

[Fig. 3]

30IA3d LNdLNO
IDVHOLS IINAONW 8_\/\
V.1vd DNINIVHL AJISSVID
0zl oVl
I0IA3A LNdNI
IOVHOLS S1NQON
HO103A ONING VI vo1 ™
HNLV3S
0l og!
3101A30
2007 N o1
—

WILSAS ONINYVIT 00}




477

WO 2017/149559

[Fig. 4]
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