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IIpeaucaoBue

12-#1 BHIITyCK exerofHuKa «KommbploTepHas JUHTBUCTUKA U WHTEJJIEKTYalb-
Hble TEeXHOJIOTMH» COJEPXXUT Marepuainbl 19-i MeXxAyHapoZHON KOHpepeHINU
«[lmanor». B pesynbprare paboTsl 54 pelieH3eHTOB A COOpHUKA OBLIIO OTOOPAaHO
84 moxiazia, OXBATHIBAIONUINX pa3/JMYHble HAIIPAaBJIE€HUA UCCIeJ0BAaHUHM B 06acTu
KOMITBIOTEPHOTI'0 MOZEJNPOBAHUS U aHAIM3a eCTECTBEHHOro sA3bIKa. B HacToAmeM
cOOpHUKE TIPeCTaBIEHBIL:

¢ JIMHTBUCTHYECKAs CEMAaHTHKA U CEMAaHTUYECKUH aHAIU3;
e dopMasbHBIE MOJIE/U A3bIKA U UX IIPUMeHeHUe;
¢ TeopeTruyecKkas M KOMIIBIOTEPHAS IEKCUKOTpadus;
e Metozbl orleHKH (evaluation) cucTeM aHaIu3a TEKCTOB
U MaIIMHHOTO IIepeBo/a;
¢ Kopnychasa nuarsuctuka. Co3jaHue, IpruMeHeHUe, OIleHKa KOPITYCOB;
¢ HoBble TMHI'BUCTUYECKUE PECYPCHI;
¢ lHTepHeT KaK JIMHIBUCTUYECKUH pecypc.
JIuHrBHCTHYECKHE TEXHOJIOTMU B VIHTepHeTe;
e OHTOJIOTUH. VI3B/IeYeHNe 3HAHUH 13 TEKCTOB;
¢ KoMmnbioTepHBIN aHAINU3 JOKYMEHTOB:
pedepupoBanue, KiaccupUKanus, IOUCK;
¢ ABTOMaTUYECKHUN aHAINU3 TOHAJbHOCTH TEKCTOB,
¢ ManmHHBIN IepeBos;
* Mogenu obuieHuA. KOMMYHUKaLWA, JUAJIOT U peYeBOH aKT;
* AHaJU3 ¥ CUHTE3 peyu.

«/lnanor» ABAAEeTCA BEAYLUEH POCCUUCKON KOHGEPEHIIUEN 110 KOMITBIOTEPHOM
JIMHTBUCTHKE U, BUAVMO, eJHUHCTBEHHBIM B MUpe GOPyMOM, IIOCBAIIEHHBIM IIpexe
Bcero Ipo6yeMaM KOMIIBIOTEPHOI'O aHajau3a PYCCKOr'o sA3bIKa. [IpHMHIUNNANIBHON
0cO06eHHOCTBIO KOHGEpPEHINH, ee OCHOBOIIOIATAIIEN TpaAULUel ABIAETCI 0CO-
60e BHUMaHMe K TEXHOJIOTMAM aBTOMATHYECKOI'0 aHaIu3a TEKCTa, OCHOBAHHBIM
Ha JINHIBUCTUYECKUX MOJeNAX. VIMEHHO 3TUM OOBACHAETCS U COCTaB y4aCTHU-
KOB, U IIporpaMMma KoHpepeHIINY, B KOTOPOI COCeACTBYIOT TeopeTUYecKHe U IpH-
KJIaHble UccleloBaHuA. B «/[uaore» npeicTaBIeHbl TaKXe U pabOTEI, CieJlaHHbIE
B paMKax CTaTHUCTUYECKUX II0XO0/0B, UTO [I03BOJIAET, B YACTHOCTH, CPABHUBATH I10-
JIy4eHHBIe pe3yIbTaTHl.

«/lnasor» ABNAETCS He TOJHKO MECTOM OOMeHa OIBITOM U IIpe/CTaBIeHU HO-
BBIX IOCTHKeHUI. OH ABfAeTcA TakKe U GopyMoM /71 pa3paboTKU U aipobupoBa-
HUSA METOAVK BepudUKaIIUK U OIIeHKH KaK Pe3yIbTaTOB IMHTBUCTUYECKUX UCCIIE/0-
BaHUM, Tak 1 3GGEeKTUBHOCTU pabOTHI pa3TUYHBIX BU/IOB CUCTEM aHaTN3a TEKCTOB
Ha pyccKoMm si3biKe. Llesbio 3Toi paboTHl ABMSAIOTCA eJUHbIE [JI aBTOPOB U pelleH-
3€HTOB NPUHIUIE J0KAa3aTeAbCTBA U OIeHKU OOBHEKTUBHOCTH, 3PHEeKTUBHOCTHU
Y Hay4YHON HOBU3HBI MpeAJaraeMbIX pelleHUu U MeTOAUKU MPOBeJeHUs CPaBHU-
TeJIbHOTO TECTUPOBAHUs, HA KOTOPBIX MOTJIU GBI OCHOBBIBATHCS TaAKKE OL[EHKH.



Cxoxxue mpobsieMbl pelraeT B ob6iacTu WHPOPMAIIMOHHOTO MOUCKA CEMUHAp
POMUIT: He caydaiiHO, YTO BOT y)Ke BTOpo# roj «/luanor» u POMUII npoBogAT co-
BMECTHBIE ZJOPOXXKH TeCTHPOBAHUS, PE3Y/IbTAThl YYACTHUKOB KOTOPEIX ZOKJIAbIBA-
FOTCS Ha «/luanore» u MyOJUKYIOTCS B 9TOM COOpPHUKE.

B 5TOM rozy mpoBogUIOCH IBA COPEBHOBAHUA: TI0 aHAJIN3Y TOHAJIBHOCTH (IIpo-
JomkeHue TectupoBanusa 2012 roza) u mo oreHke cucteM MamwuHHOro IlepeBoza
(4711 aHTJIO-PYCCKOM A3BIKOBOU ITapHI).

Ocobast pojib PYCCKOTO sI3bIKa OOYCJOBJMBAET HAJW4YKUE B IMporpamMMe paboT
110 aJalITAl[UY K HEMY U3BECTHBIX aJITOPUTMOB U METOZOB, pa3paboTaHHBIX AJIA APY-
I'UX 513bIKOB. JIOKa3aHHBIE T0JIOXKUTEIbHbIE UK OTPULIaTETbHbIE PE3YIbTaThl TAKOT'O
[IpUMeHEHUs PacCMaTPUBAIOTCS pelleH3eHTaMU KaK HOBBIE.

3a ro, mpoIeAIINii MocJe mocaeHel KoHdpepeHIUY, «/[1uajor» MoHeC HEBOC-
TIOJIHUMYIO TIOTEepIO: yIlles U3 KU3HU BbIAAIOMUNCA IUHIBUCT U OJUH U3 OTIIOB-OC-
HoBaresel «/luanora» Anekcangp EBrenbeBud Kubpuk. TpyAHO IEPEOLIEHUTD €TI0
pOJib B CO3ZIaHUN 0COOOH KOHIIEMIIUU U caMoil aTMochepsl KOHPpEPEeHINH, KOTO-
pas coxpaHsAeTcA BOT y)ke Mo4TH 40 jieT, HaYMHasA C IepBbIX CEMUHAPOB CepeIuHEI
70-X TOI0B, U3 KOTOPBIX U BhIPOC «/lnasor». OCHOBHEIMU YepTaMU 3TON KOHIEIIIUU
BCerZa OCTaBaJUCh IIMPOTA B3IMVIAZA, MEXAUCIUIINHAPHOCTb, COYeTaHHE KOH-
CTPYKTHUBHOCTH U TEOPETHYECKOH 3HAYMMOCTU OOCYyKJaeMbIX IIpobieM. B aTom
rogy A.E.Ku6puKy NOCBAIEHO CHElMATbHOE 3acejaHre, MaTepHajbl KOTOPOTO
TaK’Ke BOIILJIU B COOPHUK.

HecMmoTps Ha TpaZUIIMOHHYIO MIUPOTY TEMATUKU JOKIAZ0B OZHOI'O I'oZia, OHU
He MOTYT JaTh IIOJHOM KapTHUHBI HampaBieHUH «/[uanora». Ee MOXXHO IIOJYYUTH
c IIoMo1Ibio caiita KoHdepeHIIUN www.dialog-21.ru, Ha KOTOPOM IIpeJCTaBIeHH! 00-
MU PHEIE 3JIeKTPOHHbIE apXUBEI «/[1aIoroB» IIOCIEJHUX JIET.

IIpozpammublil komumem «/Juanoza»
Pedxonneeus encezoonuxa «Komnstomepras nuHzgucmuka
U UHMENIeKMYAIbHble MeXHO02UU»



OpraHusaTopsl

ExxeromHas koHbepeHIus «/uanor» IPOBOAUTCS IMOJ MaTpOHa)keM Poccuii-
ckoro donza PyHzpameHTanbHBIX lcciefoBaHUN TNPU OPraHU3AIMOHHOU IOA-

Zepxke komnaHuu ABBYY.

YapeauTeniMu KOHGEpeHITUH ABIAI0TCA:
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* Kommanus ABBYY
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e O®uonorndeckuii paxynprer MI'Y
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COMBINING HMM AND UNIT SELECTION
TECHNOLOGIES TO INCREASE
NATURALNESS OF SYNTHESIZED SPEECH

Chistikov P. G. (chistikov@speechpro.com),
Korolkov E. A. (korolkov@speechpro.com),
Talanov A. O. (andre@speechpro.com)

Speech Technology Center Itd, St. Petersburg, Russia

We propose a text-to-speech system based on the two most popular ap-
proaches: statistical speech synthesis (based on hidden Markov models)
and concatenative speech synthesis (based on Unit Selection). TTS systems
based on Unit Selection generate speech thatis quite natural but highly vari-
able in quality. On the other hand, statistical parametric systems produce
speech with much more consistent quality but reduced naturalness due
to their vocoding nature. Combining both approaches improves the overall
naturalness of synthesized speech. To reduce variability of Unit Selection
results, we calculate a statistical generalization of the speaker’s intonation.
We created a methodology of voice model building in order to solve the task
of speech parameterization. The model is a set of HMM models whose state
parameters are clustered to provide good quality of synthesized speech
even under conditions of insufficient training data. MFCC coefficients, pitch,
energy and duration values are used as fundamental features. Objective
and subjective experiments show that our method increases the natural-
ness of synthesized speech.

Key words: speech processing, speech synthesis, text-to-speech system,
hidden Markov model, unit selection, voice model



Combining HMM and unit selection technologies

1. Introduction

Speech synthesis (text-to-speech, TTS) is a process of transforming the character
sequence of any text to a sequence of speech samples [1-3]. There are several ap-
proaches to doing this. The basic approaches are the following: rule-based speech
synthesis (formant synthesis), articulatory speech synthesis, concatenative speech
synthesis, and speech synthesis based on statistical models [4-8].

Currently the most popular approaches are the following: the Unit Selection al-
gorithm (speech element selection) and statistical models (HMM TTS). The first one
makes it possible to synthesize speech with maximum naturalness, given an accu-
rately segmented voice database of a large size (10 hours and more). On the other
hand, the second approach, which produces synthesized speech that is less natural,
has the advantages presented below.

1. The HMM-based method provides an easy way to modify voice characteristics
by using speaker adaptation/interpolation techniques. The Unit Selection algo-
rithm generates speech with a constant style that is the same as the style of the
speech in the database.

2. Speech generated by the HMM method is less natural for listeners. However,
it is smoother, without detectable phone boundaries (pitch or energy leaps)
which are usual for concatenative synthesis. In addition, the quality of Unit
Selection TTS can be strongly reduced when some of the necessary speech ele-
ments are absent in the database. When voice models are used, absent speech
elements are synthesized based on mean values which are closest to the required
ones. It is possible due to tree-based context clustering, and the method provides
good intelligibility when the amount of contexts is insufficient.

3. Applying the HMM-based speech synthesis method makes it possible to create
a new TTS voice in much less time and to reduce the memory size required for
storing the voice data.

We propose a hybrid TTS system that combines both approaches: looking for a match-
ing sequence of speech elements in the speaker’s speech database by means of the classic
Unit selection algorithm, and employing a statistical intonation model which was trained
on the same database. Experiments show that the naturalness of synthesized speech is in-
creased compared to systems based only on Unit Selection or hidden Markov models.

2. System description

Structurally, the system is divided in two parts (Figure 1): the training part (the
preparation stage) and the synthesis part. A speech database is created based on the
speech corpus containing a set of sound files (each file contains a single recorded
sentence) and a set of corresponding label files (these contain information about
the speech elements in each sound file) [9-12]. Then the speech database is indexed
to provide fast search for target elements by the following features: phone name,
names of phones before and after the current phone, mel-frequency cepstral coeffi-
cients (MFCC) at phone boundaries, energy, pitch, and phone duration.
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The procedure of voice parameter modeling begins with the extraction of the
feature set for all sound files [13, 14]. Each member of the set represents a short part
of the signal (frame) with the length of 25 ms. The features contain the following
parameters:

* Sequence {C,, ..., C,} of MFCC vectors [15], where each vector consists of 25 co-
efficients and characterizes the spectrum envelope of the signal for the frame;

K s the total number of frames.

e Sequence {F0, ..., FOX} of pitch values.
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After that, linguistic and prosodic features for each allophone of all the sentences
of the training database are calculated. The description of the linguistic and prosodic
features is presented in Table 1.

In the next step, the HMM prototypes for each allophone are created. Each HMM

corresponds to a no-skip N-state left-to-right model with N = 5. Each output obser-
vation vector &' for the i-th frame consists of 4 streams, 0’ = [0, ,0, ,0, ,0, ]
as illustrated in Figure 2, where stream 1 is a vector composed by MFCCs, their delta
and delta-delta components; stream 2 is a vector composed by FOs; stream 3 is a vector
composed by FO delta components; and stream 4 is a vector composed by FO delta-
delta components.
_ For each k-th HMM the durations of the N states are considered as a vector
d* =[d lk " ]]\; 1", where d nk represents the duration of the n-th state. Furthermore,
each duration vector is modelled by an N-dimensional single-mixture Gaussian dis-
tribution. The output probabilities of the state duration vectors are thus re-estimated
by Baum-Welch iterations in the same way as the output probabilities of the speech
parameters [16].

Table 1. Contextual features

Allophone features

Phone before previous Phone after next

Previous phone Phone position from the beginning of the
syllable

Current phone Phone position from the end of the syllable

Next phone

Syllable features

Previous syllable Syllable position from the end of the word

Current syllable Syllable position from the beginning of the
sentence

Next syllable Syllable position from the end of the sentence

Number of phones in the previous syllable Number of stressed syllables before current
syllable in the sentence

Number of phones in the current syllable Number of stressed syllables after current
syllable in the sentence

Number of phones in the next syllable Vowel name in the current syllable

Syllable position from the beginning of the word

Word features

Part of speech of the previous word Number of syllables in the current word

Part of speech of the current word Number of syllables in the next word

Part of speech of the next word Word position from the beginning of the
sentence

Number of syllables in the previous word Word position from the end of the sentence

Sentence features

Number of syllables in the current sentence | End punctuation type (comma, full stop, etc.)
Number of words in the current sentence
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During the voice model building, a tree-based clustering technique is applied
to the HMM-states of MFCC and their delta and delta-delta components, FO values and
their delta and delta-delta components, as well as to the state duration models. In the
end of the process, 4N + 1 different acoustic decision trees are generated: N trees for
MFCC and their delta and delta-delta components, 3N trees for FO features, and one
tree for state duration (Figure 3). Performing this stage makes it possible to generate
speech parameters for elements absent in the database, which provides intelligible
output even under conditions of insufficient training data.

State Duration
Model

HMM for
Spectrum and
Pitch

Decision Trees for
MFCC, AMFCC
and A*MFECC

Decision Trees <
for FO
Decision Trees <
for AFO
Decision Trees
for A’FO

Decision Tree for
State Duration
Model

me,

Fig. 3. Voice model

Text-to-speech system input is a raw text without any manual preprocessing.
Based on the input text, the target allophone sequence is formed, and linguistic and
prosodic features are calculated for each allophone. The type and structure of fea-
tures are the same as those used at the stage of the speech database building. Using
this information and the voice model, acoustic features are calculated for each al-
lophone: MFCC, pitch, energy and duration. Then the most appropriate speech ele-
ments are selected from the database, based on the calculated acoustic features. Spe-
cial metrics (target cost and concatenation cost) are used to estimate the suitability
of each selected allophone [17].

Target cost estimation is given in equation (1):

C'(u,.t,) ZWkC’ (u,.1,) ,
k=1

where U; isan element from the database; ¢; is the target element; C, ,’( is a distance
between k-th features of elements; w,’{ is the weight of the k-th feature.
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In other words, target cost is the weighted sum of differences in features be-
tween the target element and an element from the database. Any suitable linguistic
and prosodic characteristics can be used as features. Usually the following informa-
tion is used: pitch, duration, context, position in the syllable, position in the word,
number of stressed syllables in the utterance, etc.

Selected elements should be not only close to the targets, they should also con-
catenate well with each other. Concatenation cost is defined as the weighted sum
of differences in features between two successive selected elements:

q
C* (ul.fl,ui)ZZW,fC,f (u,.u,) @),
k=2

where u,_, is the previous element; U; is the current element; C ,f is the distance be-
tween k-th features of elements; w; is the weight of the k-th feature.

The final cost for the whole sequence of n elements is the sum of the target cost
and the concatenation cost:

Cut)=>C (1) + > C (u, 1) ®.
i=1 i=2

The purpose of the Unit Selection algorithm is to select a sequence of elements
that minimizes the final cost equation (3).

In the final step, the selected sequence of elements is concatenated to form the
speech signal which is the result of TTS system work.

3. Experiments

Figures 4-6 present the results of the system’s work. They are oscillograms,
spectrograms, and pitch envelopes for the utterance “aTo oyeHb BakHo!” (“eto ocen’
vazno”, Russian for “it is very important!”). A natural phrase is at the top of each fig-
ure, and its synthesized equivalent is at the bottom. It should be mentioned that this
phrase had been excluded from the training data set.
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Fig. 4. Oscillograms for the natural sentence “a70 o4eHs BaxHo!”
(“itis very important”) (top) and its synthesized version (bottom)
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Fig. 5. Spectrograms for the natural sentence ‘910 o4eHb BaxHO!”
(“itis very important”) (top) and its synthesized version (bottom)

Fig. 6. Pitch envelopes for the natural sentence “a10 o4eHb BaxHoO!”
(“itis very important”) (top) and its synthesized version (bottom)

From the figures above you can notice that the synthesized utterance has al-
most the same tempo and spectrum characteristics as the natural equivalent uttered
by a real speaker. It is due to the modeling of parameters based on hidden Markov
models.

We conducted a MOS (mean opinion score) evaluation to estimate the natural-
ness of the synthesized speech. Table 2 presents the results of the comparison for two
systems: the proposed hybrid system and the system based on Unit Selection only. The
comparison was performed by five experts for two voices (one male and one female);
the results in the table have been averaged. The values ranged from 0 (unnatural,
“mechanical” speech) to 5 (completely natural speech). The synthesized sentences
were also compared to the same sentences pronounced by the speaker (they were not
included in the training data set). The results show that the hybrid TTS approach in-
creases the naturalness of synthesized speech.

Table 2. Comparison of the proposed system and the Unit Selection system

Type of TTS
Unit Selection Hybrid
4,0 4,3 4,8

Natural speech
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Conclusions

This paper describes an approach for building a Russian TTS system based on the

integration of hidden Markov models and Unit Selection. The TTS engine is based
on a method where the speech parameters are obtained from HMMs whose observa-
tion vectors consist of MFCC, pitch and duration features; the speech signal is gen-
erated by a Unit Selection algorithm using the obtained speech parameters. We de-
veloped a voice model creation method for constructing a natural intonation con-
tour. The experimental results confirm the improved quality of synthesized speech.
It is also worth noting that the final speech quality can be improved by tuning Unit
Selection weights and optimizing the training feature set.
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The paper deals with statistical methods for predicting positions and dura-
tions of prosodic breaksina Russian TTS system. We use CART and Random
Forest classifiers to calculate probabilities for break placement and break
durations, using grammatical feature tags, punctuation, word and syllable
counts and other features to train the classifier. The classifiers are trained
using a large high-quality speech database consisting of read speech. The
experimental results for prosodic break prediction shown an improvement
compared to the rule-based algorithm currently integrated in the VitalVoice
TTS system; the Random Forest classifier shows the best results, although
the large size of the model makes it more difficult to use ina commercial TTS
system. To make the system more flexible and deal with the remaining break
placement errors, we propose combining probabilities and rules in a work-
ing TTS system, which is the direction of our future research. We observe
good results in experiments with predicting pause durations. A statistical
model of break duration prediction has been implemented in the TTS sys-
tem in order to make synthesized speech more natural.

Keywords: speech synthesis, TTS, text-to-speech, prosodic breaks, pro-
sodic boundaries, pauses, statistical models
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1. Introduction

Natural-sounding prosody is a key component for a successful Text-to-Speech
(TTS) system, and correct prosodic segmentation of speech is necessary for achiev-
ing this goal. In natural speech, if an utterance is sufficiently long, it is normally di-
vided into prosodic phrases, which are marked by intonational unity and are usually
separated by pauses. Large chunks of speech pronounced without any breaks sound
monotonous and are uncomfortable for the listener. In addition, accurate break place-
ment enhances the intelligibility of speech, while pauses in the wrong positions can
distort the meaning of a sentence or make it incomprehensible.

The way our natural speech is segmented prosodically depends on various fac-
tors. A major factor is syntactic structure; prosodic breaks often fall between syntac-
tic constituents, so that syntactic structure can be seen as “mapped” onto prosodic
phrases [1, 2]. However, the length of the sentence, semantics of certain words, and
other features also play a role [3]. In a TTS system, these factors can be captured ei-
ther by explicit rules defining which words in the synthesized sentence should be fol-
lowed by a pause [4, 5], or by statistical models trained on large speech corpora and
predicting probabilities of prosodic breaks. The latter method has become prevalent
in the recent years (see, for example, [6-9]), and in this paper we will explore this ap-
proach as applied to a Russian TTS system.

2. Break detection using statistical methods

The principle behind automatic prosodic segmentation of speech is training
a classifier on a large speech database which is labeled with word boundaries, Part-
of-Speech (POS) and other grammatical tags, punctuation marks that were present
in the original text (in case of read speech), and phrase breaks in the speech signal.
Features like grammatical form, the place of the word in the sentence, the length
of the sentence, the presence or absence of a punctuation mark, etc, are used by the
classifier to predict the location and length of phrasal breaks in the synthesized
speech.

This method has yielded good results for English and a number of other lan-
guages (as reported in [8] for Spanish, [9] for Arabic, etc), although some problems
are bound to arise if the method is applied to Russian. Unlike English, Russian has
relatively free word order, which means there is a lot of variation in possible POS
sequences, and data sparseness can be an issue for model training. Russian also has
rich morphology, which greatly increases the number of grammatical tags required
for labeling text (and also increases variation in word form combinations). A large
number of word forms in Russian are homonymous, so correct homonym resolution
is essential for phrasal break detection, and errors in grammatical labeling of hom-
onyms often lead to errors in break placement.

Despite these problems, statistical methods of phrasal break placement and
break length prediction are a promising approach for Russian TTS systems, first of all
because they aim to model the natural behavior of speakers, rather than rely on rigid
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rules and constants. They are also easier to implement because they do not require
much expert linguistic knowledge, though tuning the system for practical use may
require additional linguistic constraints. In this paper we describe methods of phrasal
break prediction using CART and RF classifiers, which are tested using the VitalVoice
Russian TTS system [10].

3. Experimental setup

We conducted experiments using the CART classifier [11] for predicting both
break placement and break duration, and the Random Forest classifier [12] for break
placement only.

CART is a recursive partitioning method based on minimization of partition
goodness criterion (1):

where

D(C1)T(C1)+D(C2)T(C?)

G(Cli CZ) =

T(C1)+T(C2) o
2+(2i) 21 [a(v0))])
_ i= = (2),
D(C) = IcZ—Ic]

T(C) =.5(|C|*> = |C]) @),

|C| is a size of cluster C, d(U,V) is a distance between U u V vectors, stop criterion
is the minimal number of items in the cluster (in our work this number is 3).

A Random Forest classifies data using a given set of features by means of a hi-
erarchy (a “tree”) of queries, based on the predictive value of each feature at each
point. The classifier is capable of processing large amounts of training data. The
leaves of each tree in the forest store the class distribution of all samples falling into
the corresponding region of the feature space, which then serve as predictors for test
samples. In our system, we use a forest containing 100 trees, and the probabilistic
value is calculated by dividing the number of trees classifying the target class by the
total number of trees. Each tree is built on the basis of 60% of randomized training
data. This prevents the data from being dependent on noise in the training set.

For break placement prediction, we examined each sentence separately, because
in the TTS system text is divided into sentences during the normalization process, and
each sentence is processed separately. As for break duration, both intrasentential and
intersentential breaks were taken into account.

We used the following features for the classification:

* Punctuation features. All common punctuation marks are included in the feature
set. These features are calculated for the current word as well as two preceding
and two following words.
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* Word and syllable count features: number of words and syllables in the sentence,
number of words and syllables from the previous break to the current word, from
the current word to the end of the sentence, etc.

* Morphological word features. Morphological information is calculated using
the VitalVoice speech synthesis engine which includes a morphogrammatical
dictionary. Since using all grammatical features of Russian words would re-
sult in an enormous number of tags, which would be too large for the classifier
to cope with, we decided to limit the grammatical features to part of speech and
case. We also use the information on whether or not the word is a proper noun
(name, geographical location, ect). Another word feature is capitalization of the
first letter of the word. These features are calculated for the current word as well
as two preceding and two following words. In addition, we use specific features
intended for capturing grammatical agreement between words: whether or not
the grammatical form of the current word matches that of the following word
and the second word on the right.

Both in model training and testing, homonym resolution is necessary to minimize
the number of errors due to incorrect feature calculation. We use homonym resolution
provided by the VitalVoice TTS system, which labels 96% of homonyms correctly [13].

The speech database used in the experiments was originally recorded as the Unit
Selection speech database for the VitalVoice TTS system and consists of read speech
by nine speakers (four male and five female). The texts read by the speakers are con-
temporary Russian works of fiction as well as newspaper articles on the topics of poli-
tics and technology. The database comprises over 50 hours of speech, which contain
over 38,000 phrasal breaks. It was divided into a training set and a test set.

4. Results and discussion

4.1. Break placement

Evaluating automatic phrase break placement is not straightforward, since the
accuracy of the classification can be estimated in different ways. One way is to calcu-
late the accuracy of the prediction (break or no break) for each pair of words (a value
sometimes called “juncture”). However, significantly more junctures in speech
are non-breaks than breaks, so this measure will usually yield high results even for
a poorly performing system. If we only consider breaks, then two types of errors have
to be taken into account: breaks added by the algorithm that were not there in the data
(False Alarms, FA), and breaks incorrectly skipped by the algorithm (False Rejections,
FR). Some authors [6] devise their own evaluation system which incorporates both
measures; however, we prefer to use the standard precision/recall/F-score evaluation.

In Table 1 we present the results for automatic break placement (CART and Ran-
dom Forest) compared to the results of the “baseline” rule-based algorithm that is cur-
rently implemented in the standard version of the VitalVoice TTS system [14]. The test
set contained 47,819 junctures (word pairs inside sentences) and 6,186 phrase breaks.
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Table 1. Results of automatic break detection

Baseline TTS CART Random Forest
Correct junctures 43,254 (90.45%) | 44,358 (92.76%) | 44,723 (93.53%)
Correct breaks 5,042 (81.51%) 5,176 (83.67%) 4,624 (74.75%)
FA 3,421 (55.30%) 2,451 (39.62%) 1,534 (24.80%)
FR 1,144 (18.49%) | 1,010 (16.33%) | 1,562 (25.25%)
Recall 0.82 0.84 0.75
Precision 0.60 0.68 0.75
F-score 0.69 0.75 0.75

The results of both classifiers show an improvement on the baseline system:
they yield a higher F-score, and the rates of FA to FR errors are more balanced. Both
the CART and the RF classifiers show a maximum F-score of 75%; however, RF can
be tuned so that the Precision and Recall counts are equal. CART shows a higher per-
centage of correct breaks due to a lower level of False Rejection errors; however, the
RF classifier gives the highest percentage of correct junctures. Overall, RF can be con-
sidered the best-performing model.

The results of the classifier also compare well with those reported in the litera-
ture. For instance, for English [6] reports up to 91.1% correct junctures and the F-
score of up to 71.9; [7] improves their result and attains the F-score of 74.4, which
is basically equal to our result.

However, some comments on the model’s performance are in order. First of all,
an automatic performance test evaluates the breaks locally, without estimating the
overall naturalness of the whole utterance (a discussion of this issue is given in [15]).
So the fact that an utterance can usually be segmented in several correct ways remains
unaccounted for. This problem is especially obvious if we consider different speakers’
performance when reading the same text. Our speech database contained the same
text read by several speakers, so we had a chance to find out whether they placed pro-
sodic breaks at the same word junctures. We took a text read by three speakers (about
500 sentences) and, taking the breaks placed by one of the speakers as the model
to be “tested”, checked how it would fare if the other two speakers would be taken
as target performances. Then we repeated the experiment with a second speaker. The
results (F-scores) are given in Table 2.

Table 2. Comparison of speakers’ break placement (F-score)

Speaker 1 Speaker 2 Speaker 3

Speaker 1 as model 1.00 0.69 0.71
Speaker 2 as model 0.71 1.00 0.76

As was expected, not all breaks made by two different speakers when pronounc-
ing the same text actually overlap; if we compare three or more speakers, the discrep-
ancy would probably be even greater. On the other hand, treating only those breaks
that coincide for several speakers as necessary and ignoring all others is clearly wrong,
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because that would yield too few breaks. Interestingly, a statistical model predicts
a speaker’s breaks better than another human speaker; this can be explained by the
fact that the model is able to generalize over multiple speakers’ behavior.

Another aspect of this problem is that an automatic test that compares phrase
breaks placed by the algorithm to those present in actual speech does not reflect the
relative “gravity” of possible mistakes. Intuitively, some prosodic breaks in a sen-
tence seem necessary, while others can be omitted; on the other hand, some word
combination can in principle be separated by a pause, while others should be pro-
nounced without a break. These distinctions are hard to formalize, so an automatic
error detection system treats all errors as “equal”. Of course, an automatic classi-
fier should learn to avoid serious errors if the training database is sufficiently large,
but in practice data sparceness is often a problem, especially for the CART classifier.
In the course of subjective tests, we have identified several types of “egregious” er-
rors that significantly worsen the impression of a model’s performance, even if the
overall error count is low:

* False alarm errors (inserted breaks): pauses after prepositions, conjunctions and
other function words; pauses between agreeing words.

* False rejection errors (deleted breaks): lack of pauses on commas and other
punctuation marks.

These errors are a particular problem for the CART classifier, though they are
rare for the RF classifier. An advantage of a rule-based system is that it can easily
exclude such errors by explicitly prohibiting pauses in certain word combinations and
forcing them in others.

Finally, with a probability-based prosodic break model it is difficult to control
rhythmic qualities of speech. The local character of decisions that the break place-
ment algorithm takes can result in a sentence having too many pauses, while another
sentence of approximately the same length and structure may have no breaks alto-
gether. In a text that is sufficiently long, the frequency of breaks averages out and
is judged by an automatic test as correct; however, specific sentences can be uncom-
fortable for the listener.

To sum up, even though a statistical break placement system imitates the per-
formance of a human speaker fairly successfully, it can also make errors that should
be avoided in a working TTS system. A possible solution is to “tune” the probability-
based system by introducing a number of rules, which is the direction of our ongoing
research.

One way to simplify the task for the break placement algorithm is to put obliga-
tory pauses in places of punctuation marks and use the probability-based algorithm
only for the text chunks without punctuation. However, in Russian punctuation
is sometimes misleading in the sense that it is purely conventional and does not mark
a prosodic break. So the rules need to be more elaborate than just placing a break
at each punctuation mark.

In addition, breaks in certain word combinations can be prohibited. However,
if we just delete breaks, the sentence may end up with too few of them. This issue
is connected with the more general problem of rhythm: controlling the length of pro-
sodic phrases and keeping the frequency of breaks constant seems to be necessary.
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4.2. Break durations

The CART classifier predicts not only break positions but also the duration of each
break it generates. Two versions of the model were trained. The first one predicts both
break placement and break duration. The second one predicts break durations sepa-
rately; that is, given a predetermined position for a prosodic break, the model predicts
the break length for this position. This model can be used in combination with a rule-
based break placement model or any other classifier.

In our experiments we first trained the classifier to predict the lengths of all pro-
sodic breaks in the dataset: both those inside sentences and between sentences. After
that, we decided to separate the two tasks: predicting sentence-internal vs. sentence-
external breaks. It should be noted that in spontaneous speech, the notion of a sen-
tence is controversial, and such an approach would probably fail; in that case it would
be more productive to distinguish between types of breaks such as long and short
breaks. However, since we were dealing with read speech, we felt that speakers were
aware of sentences in the text and marked them prosodically, and we wished to imi-
tate this effect in synthesized speech.

Break duration accuracy is much more difficult to evaluate than break placement
accuracy because break lengths are not discrete and there can be no yes/no judge-
ments. For our first model (predicting both break placement and duration), the prob-
lem is that if we evaluate the lengths of the breaks correctly predicted by the classifier,
there still remain the inserted breaks (FA-type errors) whose lengths will be unac-
counted for. For this reason, we decided to test the second model and to evaluate the
correctness of the break length prediction that the classifier makes for each break
position found in the test dataset. We considered a break as correct if its length did not
deviate from the predicted length by more than a certain percentage, which we set
as either 30% or 50%. The results are given in Table 3.

Table 3. Results for break length prediction

Correct sentence — | Correct sentence —

external breaks, % | internal breaks, %
General model, 30% window 63.07% 42.74%
Specialized models, 30% window 64.12% 60.36%
General model, 50% window 81.88% 63.68%
Specialized models, 50% window 80.99% 80.16%

This table presents results for the general model (modeling all breaks in the
dataset) and the specialized models (two separate models for sentence-external
and sentence-internal breaks). We can see that the specialized models give a better
approximation both for sentence-internal and sentence-external breaks (except for
sentence-external breaks with a 50% evaluation window, where the results for the
general model are slightly better). The difference is especially large for sentence-
internal breaks, which are apparently not predicted accurately enough by the gen-
eral model.



Khomitsevich O. G., Chistikov P. G.

The baseline algorithm for break durations in the VitalVoice TTS system uses
constants, so all sentence-external breaks have the same length, and there are only
three types of sentence-internal breaks differing by their length. Implementing
probability-based pause length prediction is promising because it makes synthesized
speech sound less monotonous and more varied, which contributes to overall natural-
ness of speech. Subjective listening experiments with a new TTS system where con-
stants were replaced by predicted values showed positive results.

5. Conclusions and future research

In this paper we have presented a probability-based approach to prosodic analy-
sis of speech. The aim of our research was to evaluate different models of break place-
ment and break length prediction for use in a Russian TTS system. The following con-
clusions can be drawn at the present stage of the research:

1. Abreak placement algorithm based on a probabilistic model gives better test
results than the baseline rule-based algorithm. However, subjective evalua-
tion shows that the presence of errors, even if they are rare, produces a bad
impression on listeners, so some additional tweaking is needed in order
to include the algorithm in a working TTS system. The CART model displays
more errors than the RF model, and these errors are typically more “seri-
ous”; however, the RF model slows down the system due to its large size.
Adapting statistical break placement methods for practical use will be the
subject of future work.

2. CART-based prediction of pause lengths works well, especially if sentence-
internal and sentence-external breaks are modeled separately. This model
has been included in a new version of the VitalVoice TTS system to replace
the old constant-based system, and has received good reviews from expert
listeners.
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PACMNO3HABAHUE OBYA3bIYHOW
PEYY BE3 NPEOBAPUTEJIbHOMN
MOEHTUDUKALUUN A3bIKA

JiopoBuk T. B. (tetyana.lyudovyk@gmail.com),
MununeHko B. B. (valeriy.pylypenko@gmail.com)

MexXayHapOAHbI Hay4YHO-yHEOHbIN LIEHTD
NHOOPMALMOHHBIX TEXHOOM I 1 CUCTEM
HAH YkpanHel 1 MOH YkpanHel, Kues, YkpanHa

Mpepnaraetcs noaxon K AUKTOPOHE3aBUCMMOMY pacno3HaBaHWIO CINT-
HOW YKPaMHCKO-PYCCKOM peyuun, He Tpebylowmii npeaBapuTesnibHoM cermeH-
TaLMy peyeBOro curHasna Ha pasHosi3bl4yHbIE yHacTKM U naeHTudukaumm
A3bIKOB. Takxe He TpebyeTcsa co3aHne cneLmasbHbIX PEYEBOro N TEKCTO-
BOr0O KOPMyCoB A1t 00y4yeHUst akyCTUYEeCKOM N IMHIBUCTMYECKON Moaeneii.
Mopxopn yunteiBaeT 0COOEHHOCTU HPOHETUHYECKMX CUCTEM PYCCKOro 1 yKpa-
MHCKOro a3bIKOB. Micnonb3yeTcs padpaboTaHHas paHee akycTu4eckas Mo-
Oenb ykKpanHckol peyn. [1BysdblyHas IMHIrBUCTMYECKas Moaenb obyyaeTcs
Ha MHOXECTBE YKPaMHCKUX U PYCCKUX TEKCTOB. JIEKCUKOH pacno3HaBaHns
06beanHseT cnoBodopmbl 0601X S3bIKOB, MPY 3TOM (GOHEMHbIE TPaHC-
KpUMUMn pycckmx cnoBodopM npeacTaBfieHbl yKpanHCKUMM GpoHeMamu.

[Mpepnaraemobln NOAXO4 NPUMEHUM A1 paCNO3HaBaHUSA ABYS3bIY4HOWN peyn
C MexXdpasoBbIM 1 BHYTPUDPA30BbIM A3bIKOBbIM MEPEKTIOYEHNEM.

KniouyeBbie cnoBa: ABysA3bl4HAA Peyb, 3bIKOBOE MEPEKII0OYEHNE, YKPANH-
CKUI A3bIK, PYCCKUI A3blK, aBTOMATNUYEeCKOEe pacrno3HaBaHWE peyun, aBTo-
mMaTuyeckas ngeHTndurkaumns asoika

BILINGUAL SPEECH RECOGNITION
WITHOUT PRELIMINARY
LANGUAGE IDENTIFICATION

Lyudovyk T. V. (tetyana.lyudovyk@gmail.com),
Pylypenko V. V. (valeriy.pylypenko@gmail.com)

International Research/Training Center for Information
Technologies and Systems, Kyiv, Ukraine

We presents an approach to speaker-independent recognition of large-
vocabulary continuous speech characterized by code-switching between
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Ukrainian and Russian. The approach does not require language boundary
detection or language identification. Special speech and text corpora are not
needed to train acoustic and linguistic models. The approach takes into ac-
count peculiarities of phonetic systems of Russian and Ukrainian languages.

Across-lingual speech recognition systemis developed. A previously devel-
oped acoustic model of Ukrainian speech serves for both languages. A set
of HMM-models representing 54 Ukrainian phonemes and several non-
speech units such as breath, fillers and silence are used. Bilingual linguis-
tic model is trained on a set of Ukrainian and Russian texts. Pronunciation
lexicon combines word forms in both languages. Phonemic transcription
of Russian word forms are generated using Ukrainian phonemes. Recogni-
tion post-processing can be applied to smooth recognized word sequences
by using a dictionary containing Ukrainian and Russian words which sound
equally but are written differently.

The proposed approach can be applied to the recognition of bilingual
speech with between-phrase and within-phrase code-switching.

Developed cross-lingual speech recognition system was tested on Ukrai-
nian, Russian, and Ukrainian-Russian speech of one bilingual speaker.
Preliminary results show that the proposed approach could achieve a good
performance. Accuracy of mixed speech recognition is lower only by 3-7 %
as compared with monolingual speech recognition accuracy.

Key words: mixed speech, bilingual speech, bilingual code-switching,
Ukrainian language, Russian speech, automatic speech recognition, auto-
matic language identification

1. BBegenue

BoJbIIMHCTBO pa3paboTaHHBIX K HACTOSAIIEMY BPEMEHU CUCTEM aBTOMAaTHYe-
CKOT'0 pacIio3HaBAHUSA peYH OPUEHTHPOBAHO Ha IIPaBUJIbHYI0, HOPMATHUBHYIO OJHO-
A3BIYHYI0 pedyb. OfHAKO, YAaCTO MPUXOAUTCA UMETH JIeJI0 C ABYSI3BIYHON peubio —
SI3BIKOBBIM TepektoueHueM («code switching»), korza yepeayoTcs OTpe3KU pedu
Ha pasHbIX A3bIKaX, UJIW CMELIaHHOW peublo («code mixing»), Korja B pe4u MOsBJIA-
FOTCS CJIOBa U 000POTHI, 06pa30BaHHbIE U3 3JIEMEHTOB PA3HBIX A3BIKOB.

[Mpo6iemMa pacro3HaBaHUS /JBYSI3bIYHON peyd aKTyajdbHa B MUPOBOM Mac-
mrabe, OIHAKO aKTUBHO B HAcTOsIlee BpeMeHU OHa pelnaeTcs B ['oHkoHre [3, 7],
Cunramnype [16, 17], TatiBane [11] u Unauu [1, 2].

[Tpo6yieMy pacro3HaBaHUs PEYH C I3BIKOBBIM IIEPEKII0OYEHIEM MOXKHO paccMa-
TPUBATh KaK MpobIeMy pacrio3HaBaHUs MHOTOS3bIYHOM pevu [6, 8]. B Takoii nmocra-
HOBKe OHa pelraeTcs, Hanpumep, B llIBeiiriapuy Ha MaTepuaje MATHU eBPOIENCKUX
S3BIKOB [8].

B nepeunciieHHBIX paboTax pelarTcs 3aZa4y PA3HOU CIOKHOCTHU: Paclo3HaBa-
HYe M30JMPOBAaHHBIX CJIOB Y3KOH IpeaMeTHOH obsacty [8], pacro3HaBaHue MOATO-
TOBJIEHHOU CJIUTHOM peud [1, 2], pacio3HaBaHMe CIOHTAHHOU cIUTHOM peuu [16, 17].

B peun ¢ mepekIr0UeHUEM SI3BIKA MOTYT OBITH «PaBHOIIPABHBIMU» HJIU «IIPUMeE-
IMBaeMbIMU». Hanbosiee 4acTo NpUMeNInBaeTCs aHIVIMHCKUN A3bIK K KUTAUCKOMY
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[16, 17] uxuuaum [1, 2]. B [11] uccnenyeTcs nepekiodeHre MeX/y PaBHOIIPABHBIMU
MaH/JapUHCKUM U TaBaHbCKUM JUaIeKTaMU KUTANUCKOTO S3bIKa.

B YkpauHe HabmoZaeTcs KaK MePEKTI0YEHNE MEXY PYCCKUM U YKPAUHCKUM
SI3BIKAMU, TaK U CMeIIeHUe 3TUX A3BIKOB. [IpuMep Mek(ppaszoBOro mepeKIroueHus:
«Cetluac 51 3a0am 08a eonpoca. [lepwe numarnHsa 0o 8ac». [lpuMep BHYy TpUPPa30BOTro
TePEKJIIOYEHUS: «B Haule 8peMs 3AMOBHUK CMAHO8UMCS 3azapOHukom». CMeleHre
SI3BIKOB MOXKET IIPOUCXOAUTD Ha ppa3oBOM U CJIOBAPHOM YPOBHAX. DTO SBJIEHUE NTPHU-
HSTO Ha3bIBaTh CyPIKUKOM.

JlaHHas paboTa TMocBsleHa paclo3HaBAHUIO CIMTHOHN CIIOHTAHHOW YKpauWH-
CKO-PYCCKOW pedYM C SI3BIKOBBIM MEpeKIIoueHueM. Yepeayrouiuecs OTPE3KU peyu
MOT'YT OBITH TPOU3BOJBHOM JJTUTENBHOCTU. J[TUKTOPAMU MOTYT OBITh KaK OUJIMHIBHI,
BJIaJIEIOI[I€ YKPAWMHCKUM U PYCCKHUM SI3bIKAMMU, TaK M HOCUTEJNU TOJHKO OZHOTO
WX 3TUX A3BIKOB. [IpH 3TOM CHCTeMe pacrno3HaBaHUs HEM3BECTHO, HA KAKOM U3 A3bI-
KOB ITPOM3HOCATCS T€ WU UHbIE OTPE3KU peuyu. Takas CUTyalus TUIIUYHA [IPU pac-
MO3HAaBaHUU JWAJIOTOB U UHTEPBBIO.

2. CyujecTByolye NOAX0AbI

B TUIMYHOM OZHOS3BIYHOM CUCTEME PACIIO3HABAHUS PEYHU UCTIOIb3YIOTCS: aKy-
ctudeckas mozenb (AM), TuHTBUCTHUYecKasa Mozenb (JIM), TeKCUKOH paclo3HaBa-
HUA U gexozep [5]. AM — aTo mHO)kecTBO HMM-MOzeelt, cTaTUCTUYECKH XapaKTe-
PHU3YIOIUX aKyCTUYeCKHUe cBoKcTBa GpoHeM. JIM — 3TO cTaTUCTUYECKAs MOZEb, 3a-
Jlaro1asi BEPOSTHOCTH MOSIBJIEHUSA T1ap cJIOBOGOPM B peur. AM mpeiBapuUTeIHHO 00-
y4aeTcs Ha 60JIBIIIOM KOPITyCe peYeBhIX IaHHBIX, a JIM, COOTBETCTBEHHO, — Ha 60JIb-
IIIOM KOPITyCE TEKCTOBBIX JaHHBIX. JIEKCMKOH paclio3HaBaHUs IIPeACTaBIAET cOO0M
CJIOBapb, B KOTOPOM cJI0BOGOPMEI cofieprkaTcs B opdporpapuvyeckom BUZe U B BUJE
GOHEMHBIX TPAaHCKPUIILIMH, YTO MTO3BOJISET YCTAHABIUBATh COOTBETCTBUE MEXIY
JIEKCMYECKUM U aKyCTUYECKUM YPOBHAMU. B Ziekozepe 06paboTaHHbIN BXOJHOH pe-
YeBOH CHUTHAJI COTIOCTABJIAETCS ¢ MHOpMalnel, XxpaHsaueticsa B AM u JIM, u onpee-
JisgeTcs Hanbosiee BEPOATHASA MOCIE[0BATENBHOCTD CIOBOYOPM, COOTBETCTBYIOIIAS
3TOMY PEYEBOMY CUTHAIY.

Jlyis pacrio3HaBaHUA ABYSI3bIYHOM peur ObLIO IPEAJIOKEHO IBa MOAX0/a: MHO-
TOTIPOXOAHBIN U OHOIIPOXOAHBIH.

MHOTONpPOXOAHBIN MTOAXOJ 3aKJII0YaeTCs B HaXOXK/AEHUU I'PAHUIL] Pa3HOSI3bIY-
HBIX (parMeHTOB, U/IeHTUPUKALINU S3bIKOB M MCIIOIb30BAHUU COOTBETCTBYIOIINX
O/THOSI3BIYHBIX CUCTEM /JIA Paclo3HaBaHUA 3TUX pparMeHTOB [14]. DTOT MOAXOZ
HMMeET CYIIeCTBEHHBIM HEJOCTAaTOK: OH B 3HAYUTENbHOW CTEIIEHU 3aBUCHUT OT TOY-
HOCTH HaXOXX/J€HUA I'PAHUI] OHOSA3BIYHBIX GPArMEHTOB U OT TOYHOCTHU UIEHTUDU-
Kaluu s3bIKa. B ciydae 611M3KOPOACTBEHHBIX I3BIKOB /IS UX UAeHTUUKAIIUY TTPO-
61eMaTUYHO HCIIOIb30BAaTh aKyCTUYECKYI0, GOHOTAKTUYECKYIO U MPOCOAUYECKYIO
nHpOpMAIHUIO.

[1pu OAHOTIPOXOAHOM MMOAX0/e pabOTaeT efNHAS ABYA3bIYHAS CUCTEMA PACIIO3-
HaBaHUs, I KOTOpor AM, JIM U JIEKCUKOH CTPOSTCA KaK JJIf €JUHOTO CMeIIaH-
HOTO A3bIKa. [Ipy 9TOM HET HeOOXOAUMOCTH UAEHTUDUILIMPOBATH A3bIK.
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OZHONPOXOAHBIN TOAX0/ IpHUMeHeH B [1, 2] Ans pacrno3HaBaHUA XUHAU-aH-
IJINMCKON peun. Vcrosnb3oBasnach aHIVION3BIYHAA CHCTEMA PAacHO3HABAHUA pedYu
Sphinx v npunaralomascsa K Hei AM aHriuiickux ¢onem [4]. JIM 6vl1a obydyeHa
Ha CMENIAaHHOA3BIKOBBIX TEKCTaX, COOTBETCTBYIOIIMX CO3JaHHOMY HeOOJBIIOMY
CcMellaHHOMY pedyeBoMy Koprycy (213 mpeanoxeHuit). O6beM XUHIU-IEKCUKOHA
cocraBist 2071 crnoBo. CoBa XMHAY CHavYasa GBI TPAaHCIUTEPUPOBAHEL, & IIOTOM
dboHeTHYECKU 3aTPAaHCKPUOUPOBAHBI C UCIIOIb30BaHUEM aHITTUUCKUX poHeM. Hezo-
cTaloIye XUHAU-GOHEMBI OBLITH alllIPOKCHMUPOBAHBI KOMOMHALMAMY aHIVIMHCKUX
doHeM.

B [16, 17] ogHONIPOXOAHBIN NOAXO/, MCIIONIH30BaH IIPU PaCllO3HABAHUM CIIOH-
TaHHOH pedy ¢ OOJBUINM CJIOBapeM U NepeKIIoYeHHueM MeXAYy KUTAaHCKUM U aH-
InicKuM sa3pikamu. O6yuenre AM nporcxoguio Ha 58,4 gaca peur 139 AUKTODPOB.
AndaBut poHEM COAEPKUT aHIVINICKUE U KUTalcKue GOHEMBI, a TaKKe GOHEMBI,
npuHajIexamye obouM sA3bIKaM (0603HAuaeMble OAMHAKOBBHIMU CHMBOJIAMU
M®A — MexayHnapogHoro ponermveckoro andasura (IPA, International Phonetic
Alphabet). lna o6ydenus JIM nyTeM MaIlIMHHOTO IIepeBoja ObLIN CO3ZIaHBI UCKYC-
CTBEHHBIE TEKCTEI C [IepeKJII0UeHNeM A3BIKOB. Pe3yIpTaT paclo3HaBaHUA KOHTPOJIb-
HoU BeI6OpKU (10 AMKTOPOB, 2,3 yaca peun) — 36,9 % MER (mixed error rate — cme-
LIaHHBIY ITOKa3aTe b OUIMOKH: TOCIOBHOM A1 aHIVINICKOrO A3bIKa U Hepornudpuye-
CKOM — ZIJIT KUTAUCKOTO0).

B [11] ozHONIPOXOAHBIN IOAXO0A IPUMEHEH K pacllo3HABAHUIO PeduH C Iiepe-
KJIIOYeHUeM MeXAy OJM3KOPOACTBEHHBIMM MaH/JapUHCKUM U TalBaHbCKUM
JUaneKTaMM KHUTAMCKOTO fA3BIKA, UCIONB3YIOUIMMH OJAHY U Ty JKe CHUCTEMY
NUCbMEHHOCTH.

B [3] paspaboTaH ru6pUAHBIN TOAXOA: HAPAAY CO CMEIIaHHBIMU KUTaRCKO-
AHTTUHCKUMU MOZENAMHU HCIONb3yeTcsA IolydaeMas MHGOpMaLUA O rpaHHUIAX
Pa3HOA3BIYHBEIX yYACTKOB pedyu. B pe3ynbraTe ZOCTUTHYTA TOUHOCTH IIOCTOBHOTO
(A1 QaHTIUICKOTO A3bIKA) U IIOCJOT0BOrO0 (A1 KUTAaNWCKOI'0) pacio3HaBaHUA, paBs-
Hasa 60 %.

3. IlpeayiaraeMblii MOAXOJ,

[IpeaaraeMelii OZHONPOXOAHBIM IOAXOJ YYUTHIBAET 0COOeHHOCTH GOHETH-
YeCKUX CHUCTEM PYCCKOIO M YKPaWHCKOTO f3BIKOB, IIO3BOJIAIOLIME KCIIOJIb30BaTh
B KavyecTBe AM aKyCTHYeCKyI0 MOZeJb, pa3paboTaHHYIO paHee JJisf paclo3HaBa-
HUA yKpauHCcKo# peun [12]. [IBysasbraHasi JIM MoxkeT 6BITh 0OyUyeHa Ha MHOXECTBE
YKPauHCKUX U PYCCKUX TeKCToB [15], Ipu 3TOM OHa MOKET MOZEINPOBaTh MeX-
dpazoBoe nepeksodeHNE A3bIKOB. JIEKCUKOH paclo3HaBaHUA 00beUHAET CIOBO-
bOpMBI 060UX A3BIKOB; TPAHCKPUIIIINMY PYCCKUX CJIOB IIPE/CTABIEHBl YKPAUHCKUMU
dbonemamu.

[TpeayioXXKeHHbIN NOAXOZ He TpebyeT co3aHusA ClIel[HalbHBIX PEYeBOrO U TeK-
CTOBOTO KOPITYCOB Ziyisi 00y4yeHuss AM u JIM.
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4. Oco6eHHOCTH YKPAaUHCKOH U PyCCKOH POHETUYECKUX CUCTEM

YKpauHCKUN UM PYCCKUN SI3BIKU SABJISAIOTCSA OJIU3KOPOACTBEHHBIMU. OmHOMU
U3 meJiel JaHHOTO HCC/IeZIOBAHUSA ABJSETCA BBIACHEHHE TOTO, [TOJOXKUTENbHO WU
OTPULIATENBHO CKa3bIBAETCA OJM3KOPOJACTBEHHOCTh Ha pe3ysbTaTaX paclo3HaBa-
HUSA peYH.

[TockosbKY B paboTax, MOCBAIEHHBIX PEYEeBBIM TEXHOJIOTUAM, OOBIYHO HE IIPO-
BOJZIUTCS YETKOE pasziesieHue Mexay GpoHeMaMu U aanodoHaMu, B JanbHelineM Oy-
JIeEM YIIOTPebIATh eIUHBIN TEPMUH «poHeMa». OOBIYHO /I CHHTE3a U paclio3HaBa-
HUA PYCCKOM M YKPaWHCKOW pevy IOJb3YIOTCA pacUIMpeHHbIM andpaBuToM GpoHeM
[9, 10, 13].

Cucrema GpoHEM YKPAMHCKOTO A3bIKA BKIIOUAET Bce POHEMEBI PYCCKOro A3bIKA.
I[Tpu 5TOM QOHOTAKTHUECKUE PA3INUU A3BIKOB HE3HAUNTEIbHEL. B IepByIo ouepesip
pas3nInyusa KacaroTcs JacTOThl BCTPEUYaeMOCTH 3BOHKUX B3PBIBHBIX 33/ HeA3bIYHBIX
¢donHeMm (ykpauHckue [1] u [1’] BcTpeyaroTcs B peyr 3HAYUTENbHO PEXKE, YEM PYCCKUE
[r] u [r’]), a Tak»Ke YaCTOTHI BCTpeYaeMOCTH yAapHOU I7IacHOM IepeZiHero psaza cpef-
Hero nogbema (ykpauHckad [e], pycckas [3]) B HO3UIIUM ITOC/Ie MATKUX COIVIAaCHBIX
(YKPp. «cymmego», pyc. «kkomumems»).

B pycckoit peun yKpanHCKUX OMINHIBOB HabIrozaeTcsa GOHOTAKTHYeCcKasa UH-
TepdepeHIUs, KOTopas Haubojee CUIBHO CKa3bIBaeTCs HA 3aMeHe B3PBIBHOTO [I]
IeJIeBBIM, a TaK)Ke Ha ocsabJeHNY peyKINY Oe3ylapHbIX [VIACHBIX.

JlaHHOe uccieJoBaHKe OIIUPAeTCs He TOJIBKO Ha 9TH OOIIIMe CBeZIeHH A, HO TaKIKe
¥ Ha HalIl OTBIT pa3paboTKU CUCTEM CHHTEe3a YKPAWHCKOM U pyccKoi peuun [16].

J1A cuHTe3a YKPauHCKOM pedyrd HaMU MCIOJAb30BaH aadaBUT U3 59 dpoHeM:
12 racHbIx (6 yzapHbIX U 6 6e3ygapHbIX), 45 COTIacHBIX (22 Mmapel «TBepAAsa-MAT-
Kas» U HelapHas [i]), may3a u ropTaHHasA CMbIYKa.

AndaBUT, UCHOIb3yeMBI HaMM JAJA CHHTe3a PYCCKOH pedul, 3HAYUTEJIbHO
MeHbllle, TIOCKOJIBbKY OTCYTCTBYIOT [r], [I’] («tosxHOpycckme»), (1], [4l, [A3], [A3'],
[mx], [mx’]. B To ke BpeMs, KaXk/iasd U3 PyCCKUX GOHEM COBIAZIaeT C OJHOM U3 YKpa-
MHCKUX GOHeM MU OIM3Ka K OHOM U3 HUX. KpoMe TOro, Ha IPOM3HECEHUH PYCCKUX
¢dboHeM cKka3bpIBaeTCs YKPAaUHCKUHN aKI[EHT, UTO elle 6osee mpubimxaeT pycckue Gpo-
HEMBI K YKPAaUHCKHM.

Mp&lI ipeZTioniaraeM, YTo GUIMHIBEL B YKparHe, TOBOPsI HA YKPAUHCKOM U PyC-
CKOM $I3BIKaXx, MOJIb3YIOTCSA OAHUM U T€M ke HabopoM poHeM. DTO, B CBOIO OYepeb,
JlaeT OCHOBaHMeE IIPeAIoIaraTh, YTO IPX Paclo3HABAaHUU PYCCKOM Pedr MOXKHO HC-
MI0JIb30BATh YKPAUHCKYIO aKyCTHYECKYIO MO/IEJb.

5. PedeBbie U TEKCTOBBIE JaHHbIE

[TpoBezeHHOE UCCIef0BaHNe 6a3upyeTcs HA JaHHBIX AKyCTUYECKOTO KopIyca
yKkpamHcKo# adupHOil peun (AKYEM) [14], B KOTOpOM IpeJcTaBleHa YKpauH-
CKaf U pycckas pedb, IPO3BydYaBIIas B YKPAaUHCKOM Teneddupe. KomnyecTBeHHEIE
xapakTepuctuku koprnyca AKYEM npusezensl B Tabiuie 1. Ha oboux s3bikax
roBopAT 160 IUKTOPOB KopITyca.
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Tabnuua 1. Konm4ecTBeHHbIE XapakTePUCTIKIA PEYEeBOro Kopnyca
YKPAWHCKOW 1 PYCCKOW TENEe- U PaanoadMUPHON pedn

YkpauHcKas peub | Pycckas peub
JIUTETbPHOCTD aKYCTUYECKUX 3aIHcen 116 gacos 190 gyacos
OOb11ee KOIUYIeCTBO CJI0BOGOPM 962504 1721606
KonmdecTBO yHUKATBHBIX CI0BOGOPM 69500 83500
KonnyecTBO JUKTOPOB, AJUTEIbHOCTD 1723 2781
peuu KOTOpHIX IpeBbimaeT 10 cex.

JlJ1si IpOBEPKY MPUHSATOTO ITOAX0/a B KAYECTBE IUKTOPA GBI BRIOpaH OWJIMHIB,
UMeIOUUN ONBIT IyOJWYHBEIX BBICTYIIEHHUN. Bbuin oToOpaHbl pparMeHTH ero
CIIOHTAHHOH peYyM Ha YKPAaWHCKOM U PYCCKOM f3BIKAaX, 3alIICAHHON B TeJECTYAUU
BO BpeMs TPAHCIALUH IBYX ITOTUTUIECKUX TOK-IIOY. Bce peueBble pparMeHThI OBIIH
CerMeHTHPOBAHEl HA MOHOA3BIYHBIE YIACTKHU JIUTEIBHOCTBIO 0 15 ceK. ¢ rpaHu-
LlaMH, COOTBETCTBYIOIIUMH I'PaHMLIAM CHHTArM. TakuM o6pasoM, HccieZoBanach
pedb ¢ MexxGpa3oBEIM A3BIKOBEIM IlepekIiodeHreM. O6beM YKPAaUHCKOI'O PEeYeBOro
Marepuasa coctaBusl 1693 cioBa (856 YHUKaNBHBIX CI0BOYOPM), pyccKoro — 823
cnoBa (503 yHUKaTbHbIE CIOBOGOPMBEI).

TeKCTOBBII MaTepHaJj, HUCIOIb30BAHHBIN B HCCIEJOBAHUU, COCTOSAJN U3 BCEX
TEeKCTOB (Ha YKPaMHCKOM U PYCCKOM s3bikax) kopryca AKYEM. O6beM TEKCTOBOTO
Marepuasa — 2,7 MJIH. cIOBOOPM.

6. Cucrema pacrno3HaBaHHUs YKPAaWHCKOH peqyu

Ba3oBoii As4 nccieoBaHUA ABIAETCA AUKTOPOHE3aBUCUMas CUCTeMa paclos-
HaBaHUA MOATOTOBJIEHHON U CIIOHTAaHHOM yKpauHCKOW peud [12], pa3zpaboTaHHas
¢ momoInbio uHcrpymenrtapus HTK [18]. B kauecTtBe AM ucnosb3yeTcss Habop KOH-
TEeKCTHO-HE3aBUCUMEBIX CKPBITHIX MapKOBCKUX Mozesel, 00y4YeHHBIX Ha MaTepuase
yKpauHCKoH peuyn kopryca AKYEM. [ToMuMo akycTH4ecKux Mozeineil 54 ¢ponem
YKPaWHCKOT'O sI3bIKA UCIIOIb3YIOTCS 0COOble MO IS Ay 3bl, 3By YalllUX [1ay3 Xe3H-
TalluH («3-3-3», «a-a-a», <<M-M>>), B,Z[OXOB/BI:IL[OXOB, YMOKaHbA, KalllJId, CMeXa U Iljiava.

JIM npezcraBisgeT coboil GUrpaMMHYIO MOZENb A3BIKA, 3aZlaHHYI0 BEPOATHO-
ctsaMu nap ciaoBodopm. JIM o6yueHa Ha yKPaUHOSA3BIYHBIX TeKcTaX kopryca AKYEM
(20 M6) u TekcTax u3 MiuTepHeta (400 M6).

JIeKCUKOH paclo3HaBaHUsA coepKUT 116 Tric. cioBodpopm. HacTo yrmoTpebiise-
MBle B eyl cI0BOGOPMEI, B TOM YHCJIE YUCIUTENbHbIe, UMeI0T OT 1 10 10 poHEeMHBIX
TPaHCKPUIIIINHA, ocTajibHble — OT 1 710 3. B cpefiHEM Ha OAHY CI0BOGOPMY B JIEK-
CHKOHEe pacIo3HaBaHUA NpuxoAuTca 1,5 GoOHeMHBIX TPAHCKPUNIINH, OTPaKaloIUX
KaHOHHMYeCKOe U CIIOHTAaHHOe IIpoM3HeceHMe. /[ OCHOBHOH dYacTu cioBodOpM
(92%) TpaHCKPUINIUY IIOPOXKJEHE! IIOJIHOCThIO aBTOMAaTH4YecKH, B 7% croBodopM
BPYUYHYIO OBIM paccTaBjIeHbl 3HAKU yAapeHuda (pamumianuy, reorpadudyeckue Ha-
3BaHUA U T.IL.). JIJI OCTaJbHEIX, Hanbosee 4acTOTHEIX cioBodopM (1% oT obiuiero
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ob6beMa JIEKCUKOHA), aBTOMATUYECKU MOPOXKAeHHble (OHEMHBIE TPAHCKPHUIIIIUU
OBLIIN JOTIOTHEHBI TPAHCKPUIILIMAMU, HATUCAHHBIMU SKCIIEPTOM.

TOYHOCTB TIOCJIOBHOT'O Paco3HaBaHUs KOHTPOJbHOM BBIOOPKHU ONMUCAHHOMN CH-
cremoii — 87,71 %.

7. BKCHepI/IMeHTaJILHaH cucreMa

Hawnbosee TpyZOeMKUM U JJIUTEIbHBIM IIPOIIECCOM ITPU pa3paboTKe CUCTEMBI
PacIo3HaBaHUSA PeYU ABJIAETCS CO3aHue U 00ydeHre AM.

Vicxozs U3 TUIOTE3B], 9YTO Bce GpOHEMBI PYCCKOH pedr MOXXHO MOZeNIUpPOBAaTh
yKkpamHcKuMU poHeMam¥, B KadecTBe AM Is1 paclio3HaBaHUA PeYd C 3BIKOBBIM
repekJIoYeHreM Oblia BeIOpaHa yKpanHcKas AM.

JIeKCUKOH /711 PACIIO3HABAHUSA PEYU C A3BIKOBBIM IIepeKII0UeHUEeM COZJEPKUT
56753 ykpaunckue cioBodopMsl u 58058 pycckux cioBodpopM. KonmdecTBo ciio-
BodOpM, COBIAZAIONUINX IO opdorpadudeckoMy HanucaHuio, — 4952 (Hampumep,
«HOBEHBLKULL», «NP0B8OOUJIU»); COBITAIAIOIIMX U TT0 HATTMCAHUIO, U [0 3ByYaHUI0 — 257
(HampuMep, «QyMar», <Hapoo»).

doHeMHEBIE TPAHCKPHUIIUU PYCCKUX CIOBOGOPM OBLTH IIOPOXKJAEHBI TPaHC-
KPUIITOPOM, HCIIOJIb3YIOMUMCA AJI CHHTe3a pedd. BBIIu N3MeHeHbl 0603HauYeHU A
boHeM: «H» Ha «i», «3» Ha «€», «I'» Ha «I'». B Tabiuile 2 npuBeAeHbI HPpUMephl GOHEM-
HBIX TPAHCKPUIIIUH PYCCKUX CIOBOGOPM.

Tabnuua 2. lNprmMepsl CI0BOMOPM 1 X POHEMHbBIX TPAHCKPUMLAN

®oHeMHbIE TPAHKPUIIIUY Ha 6a3e YKPAauHCKOTO
IIpumeps! c1oBopopM panxp YKP
andasura poHem
AyMaro aAYymany
rocyfapCcTBEHHBIN racygfApcTB eHUU
06CTOATENBCTBA ancrtanArT enrcrTBa

JIM zns ZaHHOTO HCCIeZoBaHUsA Obia oO0ydeHa Ha BcexX TeKcTax (yKpauHO-
SA3BIYHBIX U pycCcKoA3BIUHBIX) Kopryca AKYEM. IlockonbKy pedeBble CErMEeHTHI
KOHTPOJIbHOHN BBIOOPKM TaKKe cozep:karcsa B 3ToM Kopryce, OOV = 0 (out-of-vo-
cabulary rate — TpOIIEHTHOE OTHOIIEHUE KOJUYECTBA CIOBOGOPM KOHTPOJIBHOMN
BBIOOPKH, OTCYTCTBYOMUX B JIM, K 0611[eMY KOJTUYECTBY CIOBOPOPM KOHTPOJIBHOMN
BBIOODKH).

Ha puc.1 mnpezacraBieHa KOHQUrypanus OSKCIEPUMeHTAJIbHONM CHCTEMEBI
pacrno3HaBaHUsA CJAWUTHOM CHOHTAHHONW YKPAaWHCKO-PYCCKON peuu C A3BIKOBBIM
nepeKJIloYeHUeM.

BbLIO TIPOBEZIEHO AEBATH SKCIIEPUMEHTOB JJIA OLEHKK paboTOCIIOCOOHOCTHU
NIpe/IJIOKEHHOT'0 II0X0/la K PACIO3HABAHUIO Pedl C SA3BIKOBBIM IlepeKII0YeHUEM.
OueHMUBaIACh [TOCJIOBHAA TOYHOCTDH paclo3HaBaHUA. [IOCKONIBKY Bce pedeBble Cer-
MEeHTHI KOHTPOJIBHON BEIGOPKY PACIO3HAIOTCSA He3aBUCHUMO PYT OT pyra, UX obIee
MHOXXeCTBO MOKHO pacCMaTpuBaTh KaK pedb C A3BIKOBBIM IIepeKII0UeHUEM.
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VEpAaHHCKHE VEPAHHCKO-PYCCKHe

Hexoanete Kopmye Cnmncor CioBaps Kopmyc
IaHHEBIE pera ihoment flonap TeKCTOB
Moaean .iﬂ.\'crnqecxa:j Mponinomense |_.I:mrnnrmq ecran
—) L
** — Ilpeaobpadorka [ Jexogep Y TTocrodpasomea [ Texer
|

Puc. 1. KoHburypauma crmctemel pacno3HaBaHua yKparnHCKO-PYCCKOW peyn

Bo Bcex akcriepuMeHTax UCIoJib30Basiach ykpanHckasa AM. PacnosHaBannce:
1. Bce yKpanHCKHeE pedeBble CerMeHTH KOHTPOJIBHOU BEIOOPKY;
2. Bce pycCKue peyeBble CeI'MEHTHI;
3. BCe peueBble CEI'MEHTHI.
s pacrosHaBaHUS yKPaWHCKOW pevyu Obiu paspaboraHa JIM, obydeHHas
Ha BCceX YKpanHCKUX TekcTax kopryca AKYEM. JIeKCUKOH paclio3HaBaHUA BKJIIOYaT
TOJIKO YKPauHCKUe CJIOBOGOPMEL U3 00IIIero IeKCUKOHA. AHATIOTMYHO, 71 PacIIo3-
HaBaHUS PYCCKOH peuyun ObLIM pa3paboraHsl JIM, o6yuyeHHas Ha BCEX PYCCKUX TeK-
crax xopnyca AKYEM u jileKCUKOH paclio3HaBaHUA, BKJIIOUAOUIUHN TOIbKO pycCKUe
c10BOGOPMBI M3 O6IIEro JIEKCUKOHA.
Jlia pacrosHaBaHMA pedYd C A3BIKOBBIM II€pPEKJII0YeHUEM MCIIOIb30BaTUCh
yKpanHCKO-pyccKkasa JIM U yKpauHCKO-PyCCKHUH JIEKCUKOH.

8. DKcmepHMeHTaJIbHbBIE PE3YIbTAThI

Pe3ybTaThl 3KCIIEPUMEHTOB ITpecTaBieHbl B Tabuie 3. Bo Bcex aKkcrepuMeH-
Tax B Ka4eCTBe aKyCTHUIeCKOH MOZIeIN HCIOoIb30Basack AM, o6ydeHHas Ha yKpauH-
ckoii peun Kopriyca AKYEM. O603HayeHU S TUHTBUCTUYECKUX MOJETIE:

* UKR_LM —JIM, obyueHHas Ha BCEX YKPaUHOSA3BIYHBIX TeKCTax Kopryca AKYEM;
* RUS_LM —JIM, o6y4yeHHas Ha BCEX PYCCKOS3BIYHBIX TeKCcTaX Kopnyca AKYEM;
* UKRUS_LM — JIM, o6y4yeHHas Ha BceX TeKcTax koprnyca AKYEM.

ukr_lex — JIeKCMKOH pacrio3HaBaHUsl, BKJIIOYAIONIUI CIOBOPOPMBI YKPAUHCKOTO S3bIKa;
rus_lex — JIeKCUKOH pacio3HaBaHUsI, BKIIOYAI[U CTOBOGOPMBI PyCCKOTO S3BIKa;
ukrus_lex — JIeKCMKOH pacro3HaBaHU s, BKIIOYAIOIIUH CIO0BOGOPMBI 060UX 3BIKOB.

B «ukrus_lex» ¢oHeMHBIE TPAHCKPHUIILIUU PYCCKUX CJIOBO(OPM MpeCTaBIEHBI
YKpauHCKUMU GOHEMaMHU.
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Tabnuua 3. Pe3ynbTatel pacno3HaBaHusa YKpanHCKow,
PYCCKOW 11 YKparHCKO-PYCCKOW peyn

ToyHOCTH pacrio3HaBaHus, %
PeueBbie KonuyecTBO
ST T CIIOB UKR_LM, | RUS_LM, | UKRUS_LM,
ukr_lex rus_lex ukrus_lex
YKpauHCKHe 1693 85,17 10,99 83,70
pycckue 823 13,83 85,80 73,54
YKpPauHCKUE + pycCKue 2516 61,82 35,36 80,37

9. OG6cyx/JeHUe pe3yIbTaTOB

Pe3ynbpTaThl 9KCIEPUMEHTOB CBUJETEJbCTBYIOT O TOM, 4YTO YKpauHCKad
AM obecreynBaeT XOpoIlle pe3yJabTaThl KaK IIPU PACIIO3HABAHUN MOHOS3BIYHON
peun (ykpauHckoit — 85,17 %, pycckoit — 85,80%), Tak ¥ peuu ¢ A3BIKOBBIM IIe-
peknroueHueM (80,37 %). CiezyeT, OZHAKO, y4eCTh, YTO B KOHTPOJBHOH BEIOOPKE
npezcTaBjieHa pedb OJHOI'O JUKTOPA, U 3TOT AUKTOP BXOAUT B YUCJIO AUKTOPOB
kopriyca AKYEM. KpoMme Toro, Bce cioBa KOHTPOJIBHOUM BBIOOPKH IMpEACTABIEHBI
BJIM. OzHaKo, pe3yabTaThl 9KCIIEPUMEHTOB JOCTATOYHO [I0KA3aTeNbHbI, [IOCKOJIbKY
OBLIN TIPOBEJIEHHI C I[EJbI0 CpaBHEHUSA 3PGEKTUBHOCTU PA3JIUIHbIX KOHPUTYpa-
LM CUCTeMBI paclio3HaBaHUA Ha OJHUX M TeX XK€ MOHO- U /IBYA3BIYHBIX peYeBbIX
cerMeHTax.

OKCIIepUMeHTHl TI0 Paclo3HaBaHUIO pycckoy pedyu cucteMoit, JIM u jexcu-
KOH KOTOPOY HACTPOeHbl Ha YKPauHCKUM A3BIK (TouHOCTh 13,83 %) u ykpauHCKOH
peuu cucremoii, JIM u leKCMKOH KOTOPOUN HAaCTPOEHBI Ha PYCCKUH A3BIK (TOYHOCTH
10,99 %), 6pLIH IIPOBEIEHEI C TIEJIbIO OLIEHKH, KaKOH ZI0JKHA OBITh TOYHOCTD U/IEHTHU-
dukanuy A3bIKa B ABYXIIPOXOAHOM cHCTeMe, KOTZia Ha [IEPBOM IIPOXozie UAeHTUPUIIY-
pyeTcs A3BIK, @ Ha BTOPOM IIPOMCXOAUT Pacllo3HaBaHUeE C UCIO/Nb30BaHUEM MoZelel
HJeHTUGUIIMPOBAHHOIO A3bIKa. [IpesiBapyTeIbHEIE pacyeThl IOKA3BIBAIOT, YTO JJIA
JoctkeHua 80,37% TOYHOCTHM pacllo3HaBaHMUA CMENIaHHON yKPauHCKO-PYCCKOM
pedy TOUHOCTD [Ipe/iBapUTeIbHON HAeHTUOUKAIINY A3bIKA JOJKHA OBITH BhILIE 95 %.

Hawnbosee mepcrneKTHBHBIM HalpaBjieHUEM JaJbHEHNINX HCCIeJOBAaHUU fAB-
nfeTcs pa3paboTKa Kpocc-A3bI9HOM AM, BKIIIOYarollell MOZEIN KaK yKPauHCKUX,
TaK U pycckux GoHeM. B cBA3U ¢ 3TUM B fabHeHIIeM IIpe/ionaraeTcs IpoBeeHue
aKyCTHUKO-POHETUYECKOTO OSKCIEepPUMeHTATbHOI'0 MCCIeOBaHUA YKPauHCKO-pyC-
CKOM peuu GMJIMHTBOB C IIeJIbl0 yTOUHeHuA andaBuTa GoHEM, HA OCHOBE KOTOPOTO
J0JDKHA OBITH co3ZlaHa Kpocc-sa3biyHas AM.

Pe3ysnbTaThl paclo3HaBaHUA YKPAaUHCKO-PYCCKON pedy MOT'YT OBITh yJIy4llleHbl
Ha CcTaguu nocTobpaboTku. OTBeT paclo3HaBaHUA B BU/lE CMEIIAHHOTO TEKCTa
MO>KHO CIVIa’KMBAaTh C IOMOIIBIO ABYA3BIYHEIX CJIOBAapei, B KOTOPHIX NIPe/CTaBIeHEl
OJVHAKOBO 3By4Yalllle, HO UMelolljie pa3Hyo opdorpaduio cioBa 060UX A3BIKOB.
Hanpumep, «iHIA» — «IUHUA», «ePa» — «3Pa».
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10. 3akiouyeHue

B crarbe mpezioxKeH MOAX0/ K PACIIO3HABAHUIO PEeYH C A3bIKOBBIM IT€peKIIIoYe-
HUeM MeXAy 6JIM3KOPOACTBEHHBIMYU YKPAUHCKHUM U PYCCKUM SI3bIKAMHU.

Vcnonp30BaHUe aKyCTUYECKOUW MOJEeNH, pa3paboTaHHOU paHee U 00y4YeHHOH
Ha YKPaWHCKOW peyd, /Ui Paclo3HABAHUA YKPAMHCKO-PYCCKOH pedyy, Ha HEepBBIX
IIopax IMO3BOJIMJIO M36eXaTh TPYAOEeMKOH U JINTEeNIbHON IPOLeAypsl pa3paboTKu
CrellMaJlbHOMN ABYA3BIYHON aKyCcTHUecKol Mozenu. TouHOCTh pacno3HaBaHUA JBY-
A3BIYHOUN peYM IPU ITOM OTIMYAETCH OT TOYHOCTU PACIIO3HABAHUA MOHOA3BIYHON
pedYu He3HauUTelIbHO — Ha 3-7 %.

Pa3paboTaHHble JMHIBUCTUYECKAsA MOJENb U JIEKCUKOH PACIO3HABAaHUA fB-
JIAIOTCA ABYA3BIYHBIMU. OOydeHHe ABYA3BIYHON JMHIBUCTHYECKOM MOJeENH 3Ha-
YUTEJBHO IIPOIle, YeM OZHOA3BIYHON MOZEJH, IOCKONbKY He TpebyeT NpeABapu-
TeJBHOI'O paszieJieHusT MHOXKeCTBa TEKCTOB IIO SA3BIKOBOMY IIPU3HAKY. JIEKCHKOH
pacro3HaBaHUA, 06eCIeynBaIOMNY paclo3HaBaHue ABYA3bIYHON pedy, COAEepKUT
KaK YKpPauHCKUe, TaK U PycCKUe cJI0BOGOPMEL, IprudeM GpoHEeMHbIe TPAHCKPUIIIINU
PYCCKHUX CJIOBOGOPM ITpeiCTaBIeHbl YKPAUHCKUMU GOHEMAMU.

[pezioxKeHHEIH NOAXOA He TpebyeT Ipe/iBapyUTeIbHON HAeHTUGUKALINY A3BIKA.
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EVALUATION OF NATURALNESS
OF SYNTHESIZED SPEECH WITH
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Obtaining natural synthesized speech is the main goal of modern research
in the field of speech synthesis. It strongly depends on the prosody model
used in the text-to-speech (TTS) system. This paper deals with speech
synthesis evaluation with respect to the prosodic model used. Our Russian
VitalVoice TTS is a unit selection concatenative system. We describe two
approaches to prosody prediction used in VitalVoice Russian TTS. These
are arule-based approach and a hidden Markov model (HMM) based hybrid
approach. We conduct an experiment for evaluating the naturalness of syn-
thesized speech. Four variants of synthesized speech depending on the ap-
plied approach and the speech corpus size were tested. We also included
natural speech samples into the test. Subjects had to rate the samples from
0 to 5 depending on their naturalness. The experiment shows that speech
synthesized using the hybrid HMM-based approach sounds more natural
than other synthetic variants. We discuss the results and the ways for further
investigation and improvements in the last section.

Key words: speech synthesis, unit selection, naturalness evaluation, pro-
sodic modeling

1. Introduction

The task of speech synthesis or text-to-speech (TTS) is to convert a written text
to sounds. The quality of a speech synthesizer is judged by its similarity to the human
voice and by its ability to be understood, i. e. the quality of synthetic speech depends
primarily on two main factors: its intelligibility and naturalness. It is possible to say
that the problem of intelligibility for speech synthesis is already solved [Taylor 2009:
474]. Extensive research in the field of speech synthesis during the last few decades
allowed synthetic speech to sound quite natural, and its characteristics come close
to those of human speech.

At present the two main and most popular methods of natural-sounding speech
synthesis are unit selection concatenative synthesis and so-called hidden Markov
model (HMM) synthesis based on statistic models.

Unit selection synthesis [Black, Hunt 1996] is based on determining the best se-
quence of candidate units from a speech corpus. Then these candidates are concatenated
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to form the resulting words and sentences. This process may be followed by modification
of prosodic features of units (duration, energy and pitch) to match prescribed values.

HMM-based TTS is also called statistical parametric synthesis. A TTS system
of this type models frequency spectrum, fundamental frequency (pitch) and duration
of speech by HMM and then generates speech waveforms directly from HMM based
on the maximum likelihood criterion [Masuko 2002; Zen et al. 2004]. Although HMM
TTS provides an easy way to modify voice characteristics, speech generated without
natural units usually sounds less natural than unit selection synthesis. This is the rea-
son why we use unit selection in our TTS system.

However, naturalness of speech depends not only on segmental quality. Pro-
sodic features including pitch, duration and energy and the way of achieving their
required values are by no means less important. There are several approaches to the
task [Krivnova 2000]. In the next sections we consider two ways to obtain them which
are used in our VitalVoice Russian TTS system [Oparin, Talanov 2007].

2. Rule-based approach

The first approach is rule-based. It consists of two steps. During the first step
we define the intonation type of the phrase (i.e. syntagma) and the word bearing the
nuclear pitch accent depending on punctuation, parts of speech of words in the phrase
and presence of special trigger words (question words, conjunctions, etc.). This is per-
formed by manually constructed rules. It is worth mentioning that phrase boundar-
ies are already defined at this stage [Khomitsevich, Solomennik 2010]. At present
we have six intonation types that are reliably derived from the text: completeness,
incompleteness, general and special questions and two types of exclamations. This
is a reduced set of types from [Volskaya, Skrelin 2009].

At the second stage (after phonetic transcription) allophones receive tone, dura-
tion and energy values [Volskaya, Skrelin 1998]. These parameters depend on the
voice used and the intonation type. For long and short phrases we use different pa-
rameters. For pitch they set declination (based on average pitch) and deviation from
it depending on stress and its type. Duration and energy are also specified depending
on the position in the phrase and stress as deviations from average.

The parameters are manually adjusted with respect to statistics. So, for a new
voice we can immediately apply only a model from a different voice combined with
the average characteristics of the new voice. But for accurate tuning we need some
additional time to obtain appropriate quality.

3. Hybrid approach

Our hybrid HMM plus unit selection approach is described in detail in [Chistikov,
Korolkov 2012]. It combines all the advantages of both methods. Features used for
model training and then for generating the necessary physical characteristics of al-
lophones are listed in Table 1:
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Table 1. Features used in the statistic intonation model

Allophone features

Phone before previous Phone after next
Previous phone Phone position from the beginning of the syllable
Current phone Phone position from the end of the syllable
Next phone

Syllable features
Previous syllable Syllable position from the end of the word
Current syllable Syllable position from the beginning of the sentence
Next syllable Syllable position from the end of the sentence
Number of phones in the Number of stressed syllables before current
previous syllable syllable in the sentence
Number of phones in the Number of stressed syllables after current
current syllable syllable in the sentence

Number of phones in the next syllable | Vowel type in the current syllable
Syllable position from the
beginning of the word

Word features

Part of speech of the previousword | Number of syllables in the current word

Part of speech of the current word | Number of syllables in the next word

Part of speech of the next word | Word position from the beginning of the sentence
Number of syllables in the Word position from the end of the sentence
previous word

Sentence features

Number of syllables in the End punctuation type (comma, full stop, etc.)
current sentence

Number of words in the current
sentence

The speech parameters are obtained from HMMs whose observation vectors con-
sist of mel-frequency cepstral coefficients (MFCC), pitch and duration features; the
speech signal is generated by a unit selection algorithm using the obtained speech pa-
rameters. The phonetic and linguistic information for the training parameters derives
from the speech corpus markup [Prodan et al. 2009].

4. Experiment

In our experiment we follow the recommendations of the state standard speci-
fication GOST R 50840-95 “Speech transmission through communication channels.
Methods for quality, intelligibility and recognizability evaluation” [State standard
specification 50840-95 1995]. This standard specification is also applied to speech
synthesizers evaluation.
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The new female TTS voice Julia was tested. The evaluated synthetic speech vari-

ants were the following:

1. Rule-based prosody on a small speech corpus of 20 minutes (with manually cor-

rected labels).

2. Rule-based prosody on a speech corpus of about 2.5 hours of speech (with manu-

ally corrected labels).

w

. HMM-based prosody on the same speech corpus (2.5 hours, manual correction).

4. Rule-based prosody on a large (6 hours) automatically labeled speech corpus

(without manual correction).

17 listeners, 8 female and 9 male aged from 20 to 55 were subjects for the listen-
ing test. Among them 11 were trained (i. e. in one way or another closely familiar
with synthetic speech) while the other 6 had little or no contact with synthetic speech

before.

They were given the task to rate the naturalness of 4 synthetic and one natural

speech variants of seven test utterances:

(1) Ecnu xouews 6tms 300pos, cogemyem TambsaHa
Hnwe, uucms 3y66L nacmoti «XKemuye»!
(2) Buepa Ha MOCKOBCKOM 3a800e MAJIONUMPANCHBLX ABMOMOOUNell
€OCMOANOCHL COBPaHUe MO0JENHCU U KOMCOMOJIbYES.
(3) Bxaymbax couurckoil 30pasHuubl «[Iyua», coobwaem
HAM A8MOUHCNEKMOp, 0602/ WUXTIY.
(4) Tponuueckuil kakady — amo KpynHulil nonyzail? Tsl He 310C108UL?
(5) Axmepbl u akmpucbl Opamamuueckozo meampa 4acmo
nokynarwom 8 amoil anmeke AHMUGUOMUKU.
(6) Hawm c samu cudems u o6cyncdams 3mu cryxu Hekozoa!
(7) Tak mvt cuumaeuts, UmMo MexHUKOIL MbL 06ecneueHbl Ha 8eCb Ce30H?

Ratings could vary from O to 5 with a step of 0.1 with clear description of rates

(from [State standard specification 50840-95 1995]):

Table 2. Rates and their meaning

Speech characteristics Rates
Natural-sounding speech, some subtle distortion present. Wheeze, rattle | > 4.5
missing. High recognizability

Some violation of naturalness and recognizability, a weak presence 3.6-4.5
of one type of distortion (burr, twang, wheeze, rattle, etc.)

Audible violation of naturalness and recognizability, presence of several | 2.6-3.5
types of distortion (burr, twang, wheeze, rattle, etc.)

Constant presence of distortions (burr, twang, wheeze, rattle, etc.). 1.7-2.5
A significant violation of naturalness and recognizability

Strong mechanical distortion: burr, twang, wheeze, rattle, etc., <1.7

mechanical voice. A significant loss of naturalness and recognizability
is observed
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Five variants of each utterance were given in a random order with possibility of lis-
tening for each utterance several times if needed. The obtained ratings are as follows:

Table 3. Evaluation results

TTS type Mean | Standard deviation
20 min. database 3.6 0.9
Rule-based prosody (2.5 hours) 4.1 0.7
HMM-based prosody (2.5 hours) 4.3 0.6
Auto-labeled database (6 hours) 3.7 0.8
Natural speech 4.9 0.1

If we exclude results for two subjects that show more than 20 % deviation from
mean ratings and normalize the score to the rating of natural speech (as recommended
by the standard specification) we will have 4.4 and 4.5 for rule-based and hybrid ap-
proaches respectively. All the synthetic types appeared to be in the same I class (rates
from 3.6 to 4.5) of quality (according to [State standard specification 50840-95 1995]).

It should be mentioned that there was a clear connection between the rates and
the subject’s familiarity with synthetic speech. This may be seen in the diagram below

where “a” means “naive” listener and “b” — a listener familiar with TTS (rates were
averaged for all of four TTS types):

D_ L r 1T T 1+ 1T "1 "1 "1 "1 "1 "1 "7
a a b a a b a b b b a b b b b b b

Fig. 1. Mean rates for different types of synthetic speech with respect
to familiarity to TTS (“a” — “naive” listener, “b” — familiar to TTS)
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We can observe that subjects unaccustomed to synthetic speech tend to give
lower rates than others.

5. Conclusion

The obtained results show that by using a hybrid approach combining HMM-
based and unit selection speech synthesis we have come close to natural sounding
Russian synthetic speech. Also its usage permits fast adaptation of prosodic prediction
for a new voice. For these reasons we plan to integrate HMM-based speech param-
eter generation in our voice-building system [Prodan et al. 2010]. Another important
result is that even a small but phonetically balanced [Solomennik, Chistikov 2012]
speech corpus can provide us with acceptable quality of synthetic speech.

However, there are still some problems to investigate and several ways of im-
proving our system. Firstly, our evaluation of TTS using the purely automatically la-
beled speech corpus showed that there is room for improvement in the algorithm for
detecting periods of fundamental frequency. Another way to improve prosodic quality
is to include more verbal features for model training, primarily special words — po-
tential intonation markers (specific conjunctions, particles etc.). There is also a strong
need for a more powerful and at the same time generally accepted method of TTS
evaluation in Russian.
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In 2012, Russian Information Retrieval Seminar (ROMIP) continued the inves-
tigation of sentiment analysis issues. Along with the last year’s tasks on sen-
timent classification of user reviews we proposed two new tasks on senti-
ment classification of news-based opinions and query-based extraction
of opinionated blog posts. For all tasks new test collections were prepared.
The paper describes the characteristics of the collections, track tasks, the
labeling process, and evaluation metrics. We summarize the participants’
results and describe our simple approach for sentiment extraction task.
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1. Introduction

Recently, the sentiment analysis task received a considerable interest from the
research community and industry due to the large amount of sentiment-oriented
data in social media and user-generated content. The increased interest in solving the
problem of sentiment analysis in social media has led to the rapid development of on-
line reputation management systems, where political parties or companies follow the
user comments to reveal the opinion trends and the trends of positive and negative
comments. Other applications based on social media analytics intend to reveal new
social trends in a region or a social group.

Applications dealing with sentiment analysis for social media require a combina-
tion of many different techniques for processing unstructured text data [Bing, 2011;
Taboada et al., 2011], e.g. sentiment analysis (including sarcasm detection), opinion
mining, information retrieval, classification, summarization, etc.

During the Russian Information Retrieval Seminar (ROMIP, http://romip.ru) cycle
in 2012, the second open evaluation of sentiment analysis systems takes place. The tasks
of the ROMIP 2012 were closely connected to the social media analytics and consist of:

1. Query-based extraction of opinionated blog posts,

2. Sentiment classification of news-based opinions. News-based opinions are

fragments of direct or indirect speech extracted from news articles.

3. Sentiment classification of user reviews.

The first task was very similar to the TREC Blog Track 2006 [Ounis et al., 2007].
Here participants had to find all relevant opinionated posts from the blog collection
according to a specific query.

The second and the third tasks had the same objective: to classify texts accord-
ing to sentiment expressed in them. The main difference was in the domains of texts.
Sentiment classification of the news-based opinions differs significantly from clas-
sification of user reviews and can be considered as the first step to deep sentiment
analysis of news articles.

The last task concerned the sentiment classification of blog posts about different
products. There were three different scales in this task:

¢ two-class classification task,
¢ three-class classification task,
* five-class classification task.

The rest of this paper is structured as follows. In Sections 2, 3 and 4 we provide
a short description of each task and newly created collections used for training and
evaluation. Section 5 provides an overview of runs submitted by participants. Con-
cluding remarks can be found in Section 5.

2. Query-Based Sentiment Extraction
This task was a new one for social media analytics in Russian. The main objective

was to find opinionated blog posts relevant to a specific query. Figure 1 depicts query
results for the digital camera Canon EOS 6D with highlighted relevant posts.
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Fig. 1. Query results with highlighted opinion posts

There were three domains: books, digital cameras and movies. For the purposes
of query-based extraction two new datasets were released.

The training dataset consists of 874 blog posts about various products (movies,
books, digital cameras) with sentiment scores and the list of objects mentioned in this
post in some opinionated context. This collection was created from the test set of sen-
timent classification task during the ROMIP 2011.

To evaluate the quality of sentiment classification and extraction algorithms,
we needed additional collections without any authors’ scores. We decided to collect
blog posts about various entities in three domains (as in ROMIP 2011). For this pur-
pose we used Yandex’s Blog Search Engine (http://blog.yandex.ru).

For each domain a list of search queries was manually compiled. There were
2,713 book queries, 1,412 camera queries, and 281 movie queries. Each query was
about only one entity (or related objects) from selected domains.

For each query we obtained a set of blog posts (both relevant and irrelevant).
Finally results for all queries were merged. The resulting collection included 60,737
posts for entities from various domains.

From this test collection we selected a set of blog posts for human evaluation,
which corresponds to randomly selected set of queries: 221 book queries, 235 movie
queries and 301 queries about digital cameras.

The task for assessor was the following: for each document-query pair to decide
if the document is relevant to a specific query and what sentiment is expressed about
the object in the query. In situations where a blog post describes several different ob-
jects or some object which is not mentioned in the query, the assessor should mark this
document as relevant to the mentioned objects.

In addition assessor was asked to put score on 2, 3 and 5 point scale for each docu-
ment containing sentiment. Such document would be used in sentiment classification
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task. The resulting markup for each document consists of objects mentioned in this
document and sentiment scores (on three scales) associated with each object. This
year we have only one assessor, but in general framework for sentiment classification
is the same as in [Chetviorkin et al., 2012] where the level of annotators’ agreement
can be found.

The example of the evaluated blog post: “Zlegywka c mamyuposkoii OpakoHa” —
dunvm kpymotl, 8vl uezo. HedagHo amepukocamu 6bi1 3IKPAHUZUPOBAH, NPpA8AaA uigeo-
CKUe KHU2d U PUNbM KDYUe..

<object main="+">

IeByllKa C TATyMPOBKOM HOpPaKOHa

<type>F</type>

<evaluation-2>2 </evaluation-2>
<evaluation-3>3</evaluation-3>

<evaluation-5>5</evaluation-5>

</object>

3. Sentiment Classification of User Reviews

This task was similar to one from ROMIP 2011. Here the aim was to classify
blog posts about different products according to sentiment expressed in documents.
We consider different number of classes for classification: two, three and five.

For the sentiment classification tasks we used the same train collections as in the
ROMIP 2011 sentiment analysis track [Chetviorkin et al., 2012]. There were three
collections: movie and book collections with 15,718 and 24,159 reviews respectively
and the digital camera review collection with 10,370 reviews. All reviews have an au-
thor’s score on a ten-point scale or a five-point scale.

For testing purposes we selected all opinionated blog posts (see Section 2) from
the markup which were annotated during the preparation to query-based sentiment
extraction task. We obtained 408 sentiment posts about movies, 129 posts about
books and 411 posts about digital cameras.

The class distribution for each task was highly skewed. For example, in the two-
class task we had 96 % of positive reviews for cameras, 87 % of positive reviews for
books and 81 % of positive reviews for movies.

4. News-Based Opinions Classification

This task was new for ROMIP, and it served as the first step for sentiment analysis
of whole news articles. Participants should provide sentiment classification of opin-
ions in form of direct or indirect speech extracted from news articles. For each frag-
ment a participant’s system should classify it to one of three classes:

1. Opinion expressed in the news fragment is explicitly negative,

2. Opinion expressed in the news fragment is explicitly positive,

3. The news fragment does not contain any opinion.
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We prepared a new training set for sentiment classification of direct and indirect
speech from news articles, containing 4,260 text fragments. The test collection for the
news-based opinion classification task has the same structure as the training set. The
main difference between these collections is that test dataset was collected during the
other period of time. It contains 124,647 direct and indirect speech fragments from
news articles. From whole bunch of text fragments there were evaluated 5,500 quotes
for testing purposes.

The example of direct speech is: “ITocpedcmeom amux cmpykmyp decamkam mault-
cau uzbupameeil npednazarom OeHb2U 8 00MeH HA nacnopmHbsle OaHHble U NOONUCU
3a kako20-1ubo kaHouoama”, — ckasay YepHeHKO.

5. Official metrics

The metrics used for the opinion classification task were precision, recall, F1-mea-
sure, accuracy and average Euclidian distance. For the first three measures we used tra-
ditional (separately for each category) and macro-averaged variants. In query-based
sentiment extraction we used two additional measures Precision@n, NDCG@n.

To give definition to the first part of these metrics, we will use Table 1.

Table 1. Classifier output types

actual class
tp_ (true positive) fp_ (false positive)
predicted Correct result Unexpected result
class fn_(false negative) tn_(true negative)
Missing result Correct absence of result

Precision is the proportion of objects classified as X that truly belong to class X.
The macro variant of this feature averages all class precision values.

D,
.+ /b,

I« 1
Macr() P=7' —_—
P X,

Recall is the proportion of all objects of class X that is classified by the algorithm
as X. The macro variant of this feature averages all class recall values.

__Ip,
tl?x +fnx
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F1-measure is the harmonic mean of Precision and Recall. Macro_F1 is the aver-
age from all F1-measures of particular classes.

2-P-R
P+R

Accuracy is proportion of correctly classified objects in all objects processed
by the algorithm.

Fmeasure =

Ip, +in,
lpx +tnx+fpx +fnx

Accuracy =

Average Euclidean distance is the average from the quadratic difference between
the scores of the algorithm and the assessor scores (average of the assessors’ scores).

D= Z;(qz' _pi)2
n

In the query-based sentiment extraction we have the ordered list of answers for
each query, and the objective was to place all relevant blog posts as close to the begin-
ning of the answer list as possible. Because of different from sentiment classification
objective function, we used the other metrics for this task.

Precision@n indicates the number of correct (relevant) objects in the first n ob-
jects in the result set. We assume that rel(i) is above zero (e.g. equals to one) in case
of relevance of document in position i to the query and zero otherwise.

P@n= Zn:rel(i)

NDCG@n measures the usefulness, or gain, of a document based on its position
in the result list, where IDCG@n is DCG@n of perfect ranking algorithm.

DCG @n

B = rel(i)
DCG@n DCG@n=rel(l)+) —— -

NDCG @n = :
iz log, (i)

6. Results Overview

In all, sixteen groups took part in five tasks. In the review classification task there
were 94 submitted runs in the two-class task, 46 runs in the three-class task, and
15 runs in the five-class task. In news-based opinion classification there were 16 runs
and only two participants were in the query-based sentiment extraction with 33 runs.
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For each classification task we calculated baseline values for all measures. We took
as the baseline a dummy classifier that assigns all reviews to the most frequent class.

6.1. Review classification task

Primary measures for evaluating performance in review classification were macro-
F1 and accuracy. Table 2—4 shows the best two runs for all tasks. Due to skewness of class
distribution in the test collection in some tasks it was difficult to beat the baselines.

Table 2. Two-class classification results

Run_ID Object Macro_P Macro_R Macro_F1 Accuracy

xxx-17 book 0.749 0.684 0.715 0.884
xxx-1 book 0.666 0.748 0.705 0.821
Baseline book 0.434 0.500 0.465 0.868
yyy-12 camera 0.589 0.734 0.669 0.895
yyy-13 camera 0.688 0.635 0.660 0.961
Baseline camera 0.483 0.500 0.491 0.966
22z2-19 film 0.695 0.719 0.707 0.806
2272-23 film 0.731 0.641 0.683 0.831
z22-12 film 0.759 0.586 0.661 0.828
Baseline film 0.404 0.500 0.447 0.809

Table 3. Three-class classification results
Run_ID Object Macro_P Macro_R Macro_F1 Accuracy

xxx-10 book 0.532 0.591 0.560 0.659
XxX-17 book 0.544 0.554 0.550 0.698
xXxx-13 book 0.505 0.532 0.518 0.752
XXX-7 book 0.471 0.501 0.486 0.729
Baseline book 0.258 0.333 0.291 0.775
yyy-12 camera 0.399 0.602 0.480 0.742
yyy-1 camera 0.440 0.498 0.467 0.523
Baseline camera 0.285 0.333 0.307 0.854
z7z-11 film 0.569 0.479 0.520 0.694
222-6 film 0.486 0.521 0.503 0.596
z7z-1 film 0.487 0.451 0.468 0.650
Baseline film 0.217 0.333 0.263 0.651
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Table 4. Five-class classification results

Run_ID Object Avg_Eucl_Distance Macro_F1 Accuracy

xxx-1 book 1.341 0.402 0.480
XXX-4 book 1.121 0.384 0.473
Baseline book 1.180 0.131 0.488
yyy-3 camera 1.163 0.336 0.457
yyy-1 camera 1.127 0.288 0.489
yyy-4 camera 1.068 0.207 0.513
yyy-0 camera 1.005 0.245 0.494
Baseline camera 0.992 0.134 0.504
227-2 film 1.388 0.377 0.407
77z-1 film 1.387 0.323 0.385
Baseline film 1.720 0.097 0.319

In the review classification task practically all the best results were obtained
with machine learning approaches. The best results in the sentiment classification
according to F1-measure were obtained by [Blinov et al., 2013] using machine learn-
ing approaches on base of SVM and MaxEnt classifiers. The features for classification
were semi-automatically crafted on base of the sentiment lexicon from [Chetviorkin
& Loukachevitch, 2012] and augmented by collocations with particles and adverbs.
Additionally, authors took into account the weighting scheme, the fraction of positive
and negative words in texts, exclamation and question marks, emoticons and obscene
language. Finally, only the five class classification was conducted and then simple
mapping scheme was applied to obtain two or three classes depending on the task.

In [Frolov et al., 2013] the authors use the semantics graph to complement the
feature representation for machine learning and make extensive analysis of difficul-
ties occurred during the sentiment classification of book reviews.

In paper [Panicheva, 2013] the rule-based approach using the syntactic structure
and an opinion word dictionary is described. The authors obtained the best result ac-
cording to F1-measure in the two-class movie review classification task. The other rule-
based approach is described in [Mavljutov & Ostapuk, 2013]. The authors used the syn-
tactic parser based on context-free grammar and text mining techniques for dictionary
construction including objects, proper names, object parts and opinion expressions.

6.2. News-based opinion classification

In this task class distribution was rather balanced in comparison with the review
classification task: 41 % of quotes were negative, 32% of quotes were positive and
27 % of quotes were neutral. Thus the majority of participants performed better than
the baseline but the overall quality is still mediocre. The best results according to ac-
curacy and Fl-measure could be found in Table 5.
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Table 5. News-based opinion classification results

Run_ID Macro_P Macro_R Macro_F1 Accuracy

XXX-4 0.626 0.616 0.621 0.616
xxx-11 0.606 0.579 0.592 0.571
xXxx-15 0.563 0.560 0.562 0.582
Baseline 0.138 0.333 0.195 0.413

In opposite to review classification the leaders in the news-based task were
knowledge-based approaches. It is due to the absence of a large training collection
appropriate for this task because of the broad scope of quotation topics.

The best results in this task were obtained using the lexicon-based system de-
scribed in [Kuznetsova et al. 2013]. The system has an extensive dictionary of opinion
words and expressions obtained using various text mining techniques and manual
refinement. Several rules taking into account intensifiers, negation and consequent
opinion words were also applied.

The rule-based approach is described in [Panicheva 2013]. The authors used the
same system both for sentiment review classification and news-based opinion classifi-
cation. The system has an extensive rule set and manually crafted sentiment lexicon.
The results of this system were second and third in news-based opinion classification.

6.3. Query-based sentiment extraction

In the query-based sentiment extraction task only one participant submitted
his result before the deadline. To conduct the track we built our own very simple ap-
proach on base of TFIDF measure from [Ageev et al., 2004], which performs at the
high level on the standard ad-hoc search task and the five-thousand opinion word list
presented in [Chetviorkin & Loukachevitch, 2012].

This sentiment lexicon was constructed in several stages by building the su-
pervised algorithm for sentiment lexicon extraction in the movie domain and fur-
ther transfer of the model to other domains. The trained sentiment lexicon extrac-
tion model was applied to an extensive number of domains and then extracted lexi-
cons were summed up to the single list of sentiment words. This lexicon is proved
to be rather clean (P@1000 = 91.4%) to be used is various sentiment analysis tasks
and is freely available on the ROMIP web site’.

To find opinionated blog posts we build two inverted indexes with TFIDF values
for all frequent lemmas using posts and headers from the full blog collection. IDF
values for all words were calculated using full blog test collection. The third index
was built using the aforementioned sentiment word list. For each post in the collec-
tion we calculated the fraction of opinion words in it. This fraction serves as opinion
weight of each document in the third index.

! http://www.cir.ru/SentiLexicon/ProductSentiRus.txt
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Finally, for each query we calculated weights of all documents in the collection
in accordance with the following formula:

Weight = o - tfidf,, + > tfidf“* ) + (1 - &) - SentiWeight

weq weq

We have experimented with different values of a = {0.2, 0.4, 0.5, 0.6, 0.8}. The
best result was obtained with o = 0.6. This result shows the importance of sentiment
words in the task of query-based sentiment extraction. All the best results in the re-
sulting Table 6 were obtained using aforementioned approach.

We tried to evaluate the participant results dealing with unlabeled documents
as with irrelevant, but it leaded to serious underestimation of the performance. Thus
we decided to use only labeled documents, excluding all other documents from the
results preserving the order of the remaining documents. The main measures of the
performance in this task were NDCG@10 and P@10.

Table 6. Query-based sentiment extraction results

Run_ID Object P@1 P@5 P@10 NDCG@10
xxx-0 book 0.3 0.32 0.286 0.305
XXX-9 book 0.3 0.31 0.323 0.304
XXX-8 book 0.25 0.31 0.332 0.298
XXX-6 book 0.25 0.31 0.327 0.302
yyy-9 camera 0.402 0.313 0.302 0.305
yyy-7 camera 0.427 0.319 0.300 0.303
yyy-1 camera 0.402 0.328 0.325 0.226
yyy-2 camera 0.440 0.325 0.311 0.303
z2z-3 film 0.494 0.449 0.438 0.338
722-8 film 0. 494 0.448 0.444 0.332

7. Conclusions

ROMIP 2012 is the second seminar which is dedicated to the sentiment analysis
problems. In this year we continued the investigation of sentiment analysis tasks, and
the list of such tasks was substantially supplemented. Several new collections were
created and made available for the research purposes.

The results of this year showed that the sentiment analysis task are still very
challenging and attract a lot of researchers from industrial companies and academia.

We find that sentiment classification results are consistent with the results
of ROMIP 2011. In query-based sentiment extraction task we found a big role of sen-
timent lexicons, which is comparable to the role of underlying topic relevance task.
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Methods and approaches used by the authors to solve the problem of senti-
ment analyses on the seminar ROMIP-2012 are described. The lexical ap-
proach is represented with the lexicon-based method which uses emotional
dictionaries manually made for each domain with the addition of the words
from the training collections.

The machine learning approach is represented with two methods: the maxi-
mum entropy method and support vector machine. Text representation for
the maximum entropy method includes the information about the proportion
of positive and negative words and collocations, the quantity of interroga-
tion and exclamation marks, emoticons, obscene language. For the support
vector machine binary vectors with cosine normalization are built on texts.

The test results of the described methods are compared with those of the
other participants of the ROMIP seminar. The task of classification of re-
views for movies, books and cameras is investigated. On the whole. The lex-
ical approach demonstrates worse results than machine learning methods,
but in some cases excels it. It is impossible to single out the best method
of machine learning: on some collections maximum entropy method is pref-
erable, on others the support vector machine shows better results.

Key words: sentiment analysis, lexical approach, machine learning, maxi-
mum entropy method, support vector machine, ROMIP

1. Introduction

Text sentiment analysis is an extensively researched area of computational lin-
guistics in last ten years. The main problem of sentiment analysis is an identification
of emotional attitude to some object in a text.

Obviously there are many practical applications for sentiment analysis. For ex-
ample, opinion analysis of target audience helps to reveal strengths and weaknesses
of a commercial product. Automatic rating of movie or book reviews enables to make
support recommendations for choice of work. Sentiment analysis systems are also
used in sociological and political researches, in human-computer interfaces and
in other spheres [12, 15].
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A majority of researches in sentiment analysis are made for English texts. For
a variety of reasons such studies on Russian text collections were not as popular. Re-
cently, however, the situation began to change for the better: for two years a semi-
nar ROMIP [24] has proposed the sentiment analysis tracks including classification
of user reviews into 2, 3, and 5 classes. At a seminar in 2012, two new tasks appeared:
the classification of news fragments into 3 classes and opinions search on requests.

The purpose of this paper is to present the results of the participation of the team
of authors at sentiment analysis tracks at ROMIP-2012. Two approaches were investi-
gated: lexical approach and machine learning approach.

The reminder of this paper is structured as follows. Section 2 gives an overview
of current approaches to the problem of sentiment analysis. In section 3 the method
of the lexical approach is considered. Section 4 is devoted to the machine learning
methods. Section 5 presents the results of experiments at the ROMIP-2012 and their
analysis. We provide concluding remarks and findings in Section 6.

2. Existing approaches

There are two main approaches to the problem of sentiment analysis: lexical ap-
proach and machine learning approach [19]. In the lexical approach the definition
of sentiment is based on the analysis of individual words and/or phrases; emotional
dictionaries are often used: emotional lexical items from the dictionary are searched
in the text, their sentiment weights are calculated, and some aggregated weight func-
tion is applied [5, 9, 19, 20].

In the machine learning approach the task of sentiment analysis is regarded
as a common problem of text classification [17] and it can be solved by training the
classifier on a labeled text collection [1, 7, 14, 16].

Each approach has its advantages and disadvantages. When using the lexical ap-
proach there is no need for labeled data and the procedure of learning, and the deci-
sions taken by the classifier can be easily explained. However, this usually requires
powerful linguistic resources (e.g., emotional dictionary), which is not always avail-
able, in addition it is difficult to take the context into account.

In the machine learning approach the dictionary is not required (although it can
be used), and in practice the methods demonstrate the high accuracy of classifica-
tion. However, this accuracy is achieved only with a representative collection of la-
beled training texts and by careful selection of features. At the same time the classifier
trained on the texts in one domain in most cases does not work with other domains [8].

When participating in ROMIP 2012, our team set itself the aim to research the
capabilities of both approaches for the classification of user reviews.

3. Lexicon-based method

Within the lexical approach in the seminar ROMIP 2012 the lexicon-
based method proposed in [22] was used. This method is based on emotional
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dictionaries for each domains. The creation of dictionaries was as follows: first
of all 60 most impressive emotional Russian words (xopowo — good, npesoc-
X00HO — great, naoxo — bad, omgpamumenvHo — disgusting, etc.) were put
in each dictionary and were assigned weights in the range [—5...4+5]. Next, each
domain dictionary was replenished with appraisal words of appropriate training
collection that have the highest weight, calculated by the method of RF (Rel-
evance Frequency) [10]. The weight of a word in the dictionary was also ap-
pointed manually from the range [—5...+5]. The quantity of words in the diction-
aries varied from 245 to 260.

In addition the dictionaries include word-modifiers (all in all 19, for exam-
ple, ouenv — very, camwlii — most, Heckosibko — somewhat, etc.) and the wordne-
gations (He, Hu, Huuezo). The word-modifier changes (increases or decreases) the
weight of the following appraisal word by a certain percentage. Word-negation
shifts the weight of the following appraisal word by a certain offset: for positive
words to decrease, for negative — to increase. Concrete percentages for word-
modifiers and the offsets for the word-negations in every dictionary were auto-
matically selected on the basis of cross-validation for the appropriate training
collection.

The procedure of the text sentiment classification was carried out as fol-
lows. First we calculated the weights of all training texts and of the classified text.
The weight of text was defined as the average of the weights of emotional words
from the dictionary presented in the text, taking into account the changes made
by word-modifiers and word-negations. Thus, all the texts are placed into a one-
dimensional emotional space. To improve the accuracy of classification the texts
that were too close to the texts of another sentiment class were excluded from the
consideration. The proportion of deletions was determined by the cross-validation
method.

Then the average weights of training texts for each sentiment class were found.
The classified text was referred to the class which was located closer in the one-di-
mensional emotional space.

4. Machine learning methods

For the research at the seminar ROMIP2012 we chose two machine learning
methods, well proved in solving various problems of computational linguistics:
Maximum Entropy method (MaxEnt) [2] and Support Vector Machines (SVM)
[21].

Both methods use a vector model of the text; to obtain the vector model the
only one emotional dictionary (different from the dictionaries in lexical approach)
is used.

In this section first the training collections are considered, then the procedure for
the building of the dictionary is given, after that the features used in the construction
of the vector model of texts are listed, in the conclusion the peculiarities of machine
learning methods are shown.
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4.1. Training collections

The organizers of the seminar ROMIP2012 granted the following training col-
lections: user reviews of books and movies from advisory service Imhonet' and user
reviews of cameras from service Yandex.Market?. In addition in our research we used
a collection of user reviews of movies from ratings “Top 250” and “100 worst” of site Kin-
opoisk® (36000 reviews). Final training collection contained more than 83 000 reviews.

Preliminarily documents with unknown ratings were removed from the training
collection. Ratings of reviews were transferred to the 5-point scale, URL addresses
were removed from review contents. Then, for each review such procedures were per-
formed: tokenization, sentence segmentation and morphological analysis; linguistic
instruments FreeLing [6] and Mystem [13] were used.

4.2. Dictionary creation

For machine learning methods common emotional dictionary for the three do-
mains: books, movies, cameras was created. Russian sentiment lexicon for product
meta-domain [4] was taken as the basis. Subset of words most clearly expressing posi-
tive (969 words) and negative (1138 words) emotions were manually selected from
it. Next, each word was supplemented with synonyms and antonyms, obtained from
Wiktionary*, after which the number of positive words was 1864, negative — 2215.
A similar approach to the completion of the dictionary, only using WordNet, was used
in [9].

In order to reflect the nearest context of words, instead of using a list of word-
modifiers we included all word collocations of training collection that have the fol-
lowing patterns: <particle> + <dictionary word>, <adverb> + <dictionary word>,
<particle> + <adverb> + <dictionary word>, etc. For example, an incomplete list
of the resulting fragments with a verb nonpasumscs (like) is: {HegepossmHo noupa-
8UMbCS, NOHPABUMBCS, NOHPABUMBCS 6e3YMHO, He NOHPABUMbCS, OUeHb He NOHPA-
8UMbCA, He OUeHb NOHpasumscs, ...;. As a result, the final dictionary, created by the
method described above contained about 19 000 words and collocations.

For each lexical unit of the dictionary conditional probabilities were computed
by means of training collection:

i

pw|score) = —, (@)}

score |

! URL: http://imhonet.ru.
2 URL: http://market.yandex.ru.
3 URL: http://www.kinopoisk.ru.

4 URL: http://www.wiktionary.org.
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where W — lexical unit of the dictionary, score € {—, +} — review rating (corre-
spondence between the scales: {3,4,5} —>+ {1,2} - —); N — set of reviews

with the rating score; M, CN_ — set of reviews containing lexical unit w.

4.3. Features

To obtain a vector model of a text for the Maximum Entropy method we used

vectors containing 7 components:

1. acomponent, which takes into account the sentiment of lexical units of the
text by means of likelihood ratio; it will be discussed later in details;

2. acomponent, reflecting the ratio of positive and negative lexical units in the
text reduced to the following scale: {much more negative, more negative,
equally, more positive, much more positive};

3. the average number of exclamation marks in the text; concrete numerical
values were reduced to a scale: {absence, little, middle, many, very many};

4. the average number of interrogative marks in the text — it was considered
in the same way as the average number of exclamation marks;

5. the ratio of positive emoticons in the text to negative emoticons; numeri-
cal value is transferred to the scale: {less, equally, a little more, more, much
more}; emoticons are detected using regular expressions;

6. theratio of negative emoticons in the text to positive emoticons; it was taken
into account similarly to the previous component;

7. the binary feature of presence of obscene language in the text; this feature
was granted with the morphological analyzer FreeLing [6].

Let’s consider the algorithm of calculating the value of the first component of the

feature vector for Maximum Entropy method in details. This component uses the log-
likelihood ratio. For each sentence s the expression is calculated:

o pw|-) .
L= >In——— 2)°
’ ; Moo ®

where m is the number of words and collocations included in the dictionary, which
are found in the sentence S.
The resulting likelihood ratio L for review " then will be:

2 L ®

n

where 1 is the number of sentences of review 1.

B 6ymaxHOM BapuaHTe cOOpPHUKA oredaTka: B popMysie BMecTo [n (HaTypasibHbIH 1orapudm)
HareyaTaHo h.
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The values of likelihood ratios derived from the formula (3) can be considered
as the values of a continuous random variable having a normal distribution N (u,ﬁz).
As a component of the vector its values can be represented, if they are discretized.
According to the three sigma rule at least 95.4% of all the values of a normal random
variable fall within the range (U — 20, 1 + 20). Reviews having values L_that lie
outside of this range can be attributed to the boundary values of a five-point scale
of 1 and 5. Let’s divide this interval into some quantity of parts. In this case the first
component of the feature vector for the review will be a number of interval in which
the value L_falls.

For the Support Vectors Machines in accordance with the results of [23] the re-
views were represented as binary vectors with cosine normalization. The dimension
of these vectors coincides with the dimension of machine learning dictionary. In this
case the i component of the vector representing the review is equal to one if the i
element of the dictionary is present in a review.

4.4. Classification methods

Among the proposed formulations of the problem of classification at the
ROMIP-2012 the most common is the 5-point classification task. If the solution of this
task is known, the solution of 2-point and 3-point classification tasks can be automati-
cally received by combining the reviews of different classes. For example, the con-
version from 5 classes to 3 classes: {4,5} — 3, {3} =2, {1, 2} — I; from 5 classes
to 2 classes: {3,4,5} —2, {1,2} — 1. Guided by these considerations, it was de-
cided to implement the classification with machine learning methods only for 5point
scale. Classification decisions for 2-point and 3-point scales were obtained by combin-
ing the reviews as described above.

The Maximum Entropy method is implemented using the library SharpEntropy
[18]. Conditional probability distribution p(y | X), ¥ € Y, x € X is modeled in the
method, where Y ={1,2,3,4,5} is the set of ratings, X — the set of input vectors.
Such distribution must be consistent with the training data, but also be as even as pos-
sible. Mathematical measure of the uniformity of the distribution is the entropy [2]:

HY|0 = ., p (29 logp(y| ) @

where Z = X X Y is the Cartesian product of the sets X and Y.
From the set of all possible distributions the one that maximizes the entropy
is chosen (4):

p(y| ) = arg max H(y| ), )
pO|0ez
To implement the Support Vectors Machines the library LIBSVM [11] was used.
The selection of the kernel and optimal parameters was conducted. As in [23] the best
results a linear kernel with regulating parameter C = 1 produced.
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5. Experimental results

Let’s consider the results of the classification of user reviews at the seminar
ROMIP2012. In this section our methods are identified as follows: Dict — the lexicon-
based method, MaxEnt — the Maximum Entropy method; Sym — the Support Vectors
Machines; yyy-N — the code of our results, xxx-N — the code of the results of other
participants.

Tables 1-3 show the results of the classification of user reviews to 2, 3 and 5point
scales (for technical reasons the lexicon-based method for a 5-point scale was not
used; instead of it the variant of the Maximum Entropy method was used, which takes
into account the uneven distribution of reviews in classes — in Table 3 this method
is identified as MaxEntT). The values of precision (P), recall (R), FImeasure (F1), com-
puted by macro-averaged variant, and value of accuracy [3] are shown.

Table 1. Two-class classification results

Run_ID Position Object | Macro_P | Macro_R | Macro_F1 | Accuracy
MaxEnt 1 from 43 book 0,749 0,684 0,715 0,884
(yyyl7)
xxx1 2 from 43 | book 0,667 0,748 0,705 0,822
Dict 5 from 43 book 0,627 0,684 0,655 0,798
(yyy3D)
Svm 13 from 43 | book 0,593 0,593 0,593 0,814
(yyy7)
Svm 1 from 25 camera | 0,589 0,774 0,669 0,895
(yyyl2)
xxx13 2 from 25 camera | 0,688 0,635 0,660 0,961
Dict 9 from 25 camera | 0,541 0,626 0,580 0,876
(yyy®)
MaxEnt 10 from 25 | camera | 0,569 0,588 0,579 0,937
(yyyl7)
xxx19 1 from 26 movie | 0,695 0,719 0,707 0,806
MaxEnt 2 from 26 | movie | 0,731 0,641 0,683 0,831
(yyy23)
Svm 5from 26 | movie | 0,680 0,642 0,660 0,809
(yyy13)
Dict 6 from 26 movie | 0,659 0,659 0,659 0,789
(yyy7)

Table 2. Three-class classification results
Run_ID Position Object | Macro_P | Macro_R | Macro_F1 | Accuracy
Dict 1from 18 | book 0,532 0,591 0,560 0,659
(yyyl0)
xxx17 2 from 18 | book 0,544 0,554 0,549 0,698
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Run_ID Position Object | Macro_P | Macro_R | Macro_F1 | Accuracy
MaxEnt 3from 18 | book 0,505 0,532 0,518 0,752
(yyy13)

Svm 5from 18 | book 0,454 0,485 0,469 0,690
(yyylD

Svm 1 from 14 camera | 0,399 0,602 0,480 0,742
(yyyl2)

xxx1 2 from 14 camera | 0,440 0,498 0,467 0,523
MaxEnt 4 from 14 camera | 0,419 0,481 0,448 0,805
(yyy2)

Dict 10 from 14 | camera | 0,370 0,391 0,380 0,745
(yyy4)

MaxEnt 1 from 14 movie | 0,569 0,479 0,520 0,694
(yyyll)

XXX6 2 from 14 movie | 0,486 0,521 0,503 0,596
Dict 3from 14 | movie | 0,505 0,477 0,491 0,627
(yyyO0)

Svm 7 from 14 movie | 0,454 0,445 0,449 0,640
(yyy2)

Tab6nuua 3. Five-class classification results

Run_ID Position Object | Macro_P | Macro_R | Macro_F1 | Accuracy
Svm 1 from 5 book 0,339 0,496 0,402 0,481
(yyyD

MaxEnt 2 from 5 book 0,330 0,460 0,384 0,473
(yyy4)

MaxEntT | 3from5 book 0,219 0,402 0,284 0,380
(yyy2)

Svm 1 from 5 camera | 0,272 0,441 0,336 0,457
(yyy3)

MaxEntT | 2from5 camera | 0,258 0,326 0,288 0,489
(yyyD

MaxEnt 3 from 5 camera | 0,246 0,315 0,276 0,470
(yyy2)

MaxEnt 1 from 5 movie | 0,401 0,352 0,375 0,407
(yyy2)

Svm 2 from 5 movie | 0,330 0,317 0,323 0,385
(yyyD

MaxEntT | 3 from5 movie | 0,318 0,319 0,319 0,382
(yyy3)

After analyzing the results the following theses can be concluded:

1. The lexical approach in our study showed significantly worse results than
the methods of machine learning. Out of 6 tasks of 2-class and 3class classi-
fication in only one case (reviews of books, 3class) the lexicon-based method
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was better than the other two methods. Perhaps this is related to the small
size of the dictionary (no more than 300 words) and a lack of time to adjust
the lexicon-based method.

2. We cannot make an unambiguous conclusion about the benefits of one
machine learning method over the other: the Maximum Entropy method
always shows the best results on a collection of movie reviews, while the
Support Vectors Machines always exceed at a collection of camera reviews.
In the case of book reviews for 5-class task the SVM show a slight advantage
(2% by value F1), and in the other two problems — on the contrary, the re-
sults of the MaxEnt predominate (by 12% and 5%).

All in all, out of 9 tasks the Maximum Entropy method has shown results

in 5 tasks higher than the Support Vectors Machines.

3. It is impossible also to summarize the effectiveness of different methods
on the parameters of precision and recall: in different tasks all methods
show different ratios of these important parameters — sometimes precision
dominates, sometimes recall.

4. When the quantity of classes increases the results reduce, although not
as dramatically as in the seminar ROMIP2011: for camera reviews the best
result for binary classification is 67%, for 5-class task — 34% (43% down)
while at the seminar ROMIP 2011 the decrease was 66% (from 92% to 26%).
Thus we can conclude that the methods used in the seminar ROMIP2012 are
more steady to the increase of the quantity of classes.

In addition to the problems of user reviews classification a new task of the clas-
sification of the fragments of direct and indirect speech from news articles was of-
fered at the seminar. It was proposed to perform the classification for 3-point scale.
The essential features of this problem should be noted: first, a small amount of the
content of each fragment, secondly, the greater thematic variation. To solve this
problem we used the MaxEnt and the SVM methods with emotional dictionary,
created for reviews classification. Both methods showed low results because of the
fact that the dictionary didn’t sufficiently reflect the specific emotional terms of the
news domain.

6. Conclusion

Thus this paper focuses on two main approaches to the problem of sentiment
analysis — lexical approach and machine learning. In the first approach the lexicon-
based method developed by the authors was used, which differs from the existing
methods by the way of creating both emotional dictionaries for each domain and the
algorithm which calculates the weight of texts. Machine learning approach was pre-
sented to the Maximum Entropy method and the Support Vectors Machines; it used
the technique developed by the authors to create a dictionary and an algorithm for the
construction of the feature vector for the Maximum Entropy method.

As a result, as in many other studies, the benefits of machine learning methods
are demonstrated, but the lexical approach even with a small dictionary in some cases
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shows the best results among the others methods. So, perhaps, the lexical approach
should not be rejected, rather, the combination of both approaches is promising.

The participation of our team in seminar ROMIP2012 was very productive: out
of 9 reviews of classification task our methods took first place in 8 cases according
to the metric of F1, and in one case — the second place.

We would like to thank the organizers for their considerable efforts and express
hope for further development of ROMIP which has a major positive impact on research
in computational linguistics and information retrieval in Russia.
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Introduction

The classification problem of goods reviews is very important today. This fact
is supported by increased popularity of commercial resources offering services for
monitoring social networks and blogs (i.e. [7]). However, until recently there were
no public collections in Russian language that could be used to test research meth-
ods. New ROMIP tracks devoted to classification of books, films and digital cameras
reviews, are to fill this gap.

This paper studies methods for solving the book reviews classification problem,
involving 2 classes (positive, negative) and 3 classes (positive, negative, neutral),
within the framework of ROMIP 2012 [3].

Problem specification

The participants were offered a training collection, composed of blog users re-
views of books of different genres (24,160 reviews in total). Each review was graded
on a decimal scale. It was decided to participate in the following tracks: classification
of book reviews into 2 classes (positive, negative) and 3 classes (positive, negative,
neutral). In the former case the task was to divide reviews into positive and negative,
in the latter — into positive, neutral (the review mentions both positive and negative
features) and negative.

Generalizing facts with semantic filters

It was decided to improve the linguistic approach based on fact extraction which
was presented in [6] and demonstrated good results on the last year track. Therefore,
we analyzed last year results and tested a hypothesis that the training collection was
too small to ensure that individual facts have high enough frequencies to be used
as good classification features. A possible solution for this problem is an application
of semantic filters that allow combining several facts into one class.

Recall, that fact extraction is performed by the means of semantic templates.
Semantic template is a directed graph with certain restrictions applied to its vertices.
The restrictions can be applied to part of speech, name, semantic type, syntactic con-
nections, etc. (see Fig. 1). Fact extraction is performed by finding a subgraph of a sen-
tence syntax tree which is isomorphic to the template (with all restrictions applied).
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SemanticType = "Verb ServiceLink"
and '(Name = "CUUTATBE")

@ "apryment” and Rcla@

RelationName = "apryment” and
&glationRole = "N/A" or RelationRole = "npnzH i

SpeechPart = "Adjective”

Fig. 1. Semantic template for detecting book review tonality

SpeechPart—"Noun"

Moreover, facts can be generalized by the use of special dictionaries (so-called fil-
ters), containing synonyms for positive, negative and neutral appraisals. The main flaw
of this approach is the necessity of manual selection of terms for the filters. It makes
filter generation a labor-intensive task that requires help of a linguistic expert. On the
other hand, the expert may form only the most basic vocabulary and all the additional
terms can be added by an automated system. It was decided to rely on this method.

The idea was implemented as follows: we took filters used in last year track and
expanded them by terms that the system was able to find independently. For more
detailed explanation of how fact extraction and filters application works see [6].

New vocabulary was constructed as follows:

The training collection was processed by a system tuned to fact extraction.
Then, the collection was classified by using the obtained facts as the only classifi-
cation features. It was decided to use Naive Bayes classifier with Poisson function
as the PDF for words [5]. The system considered the profiles for each class individu-
ally and used filled frames slots to form the word lists for the filters vocabulary.
Then, the lists were filtered against a frequency threshold and merged with the
existing ones. Also, for better quality we used the vocabulary published by ROMIP
organizers [2]. If ROMIP vocabulary contained a fact slot, the slot’s weight was
multiplied by 10.

Table 1. Filter example

Subject Quality Verb Quality Emotion | Quality Adjective
KOHEL KHUTU | YBUTD XIATb YMOITIOMPAYMTEJIbHBIN
KOHLIOBKA UATU YBUTD OITUMMNCTUYHBIN
OUHAT PACTATUBATBCA | HE XXJATh IYPALIKUIA

PA3BA3KA CJZIEJIATH UOTU 3AKPBITBIN

XOMITMEH]] HETIOHPABUTHCH | PACTATMBATBCH | YTOMUTEIBHENIIINIMI
XTIV SH/I HEIIOHPABUTBCH | CKYYHBI

XTI HA3BATbH [TIEYAJIbHBIN
XOIIN-3H/I
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Table 1 shows an example of an automatically filled filter, which combines several
facts into one class: “negative review concerning book ending”. In this case, facts with
four slots (subject, quality verb, quality emotion, quality adjective) will be merged
if the contents of their corresponding slots belong to the same filter.

Despite rare errors (in example — term “ontumuctuuHbiii” has been included
in a filter for the negative class) most of the vocabulary is adequate. Furthermore, the
quality of selected terms can be improved by increasing representativeness and size
of the training sample.

Thus, we obtained fact classes for identifying tonality of reviews concerning
characters, language, storyline, and author evaluations.

Classification methods

To obtain a good training set two of our experts independently evaluated the
collection and marked reviews as being mostly positive, mostly negative or having
both positive and negative features. Every expert evaluated about 4,000 reviews
with most of them been marked as positive. The experts agreement equals r ~
0.8, where r is Pearson’s correlation coefficient. Two approaches were used for the
experiment.

In the former approach the classifier was trained using blog users’ evaluations
and these evaluations were used to build a linear regression model (SVM-Light im-
plementation, see [4]). Then, this model was used to compute weights of documents
from the training collection and to determine thresholds for relating documents
to corresponding classes so that the difference between the system’s partition-
ing and the experts’ partitioning is minimized (F-measure was used as an utility
function).

In the latter approach the classifier was based on the training set, formed by the
experts. Following classification methods were used:

* Linear classifier with the learning stage been conducted for each class indepen-
dently (SVM-Light implementation, see [4]). In the case when the same docu-
ment is classified as being a member of several classes, we select the class where
the document has the greatest weight.

* Linear classifier, with the learning stage been conducted independently for
2 classes (positive and negative), that was used to classify documentsinto 3 classes
(SVM-Light implementation, see [4]). In this case, a document is marked as be-
ing a member of the neutral class if the classifier considers it as being a member
of both negative and positive classes.

Results

This paper studies the results of 4 runs devoted to classification into 2 classes
and 4 runs devoted to classification into 3 classes. The runs are parameterized with
the classifier’s type:
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* SVM: support vector machines method with “one against all” partitioning
* Regression: linear regression model

and classification features sets:

* Base: classification features are lemmas (single words) and themes
(word-combinations)
e Hybrid: fact classes are used in addition to Base features

We used Fl-measure as a primary evaluation metric [1]. Additionally, for conve-
nience, recall, precision and accuracy are also present in the tables.

Table 2. Runs for 2 classes

P-macro R-macro F-macro Accuracy
Base SVM 0.676425 0.620273 0.647133 0.86046
Hybrid SVM 0.577041 0.552521 0.564515 0.82945
Base Regression 0.627363 0.627363 0.627363 0.82945
Hybrid Regression 0.605004 0.634454 0.619379 0.79845

The data given in Table 2 indicates that the Base SVM classifier demonstrates the
best result. The explanation for this fact is given in the next section of this paper. Also,
it is evident that in the case of the hybrid model, the regression based classifier shows
better result than SVM.

Table 3. Runs for 2 classes (detailed)

P-pos R-pos F-pos P-neg R-neg F-neg
Base SVM 0.898305 | 0.946428 | 0.921739 | 0.454545| 0.294117 | 0.357143
Hybrid SVM 0.881355 | 0.928571 | 0.904348 | 0.272727 | 0.176471 | 0.214286
Base Regression |0.901785 | 0.901786 | 0.901786 | 0.352941 | 0.352941 | 0.352941
Hybrid Regression | 0.905660 | 0.857143 | 0.880734 | 0.304348 | 0.411765 | 0.350000

Table 3 indicates that correct identification of negative reviews was the most dif-
ficult task for the classifier. The complexity of this task can be explained by the fol-
lowing factors:

1. Most of reviews in both test and training collection were positive: 112 (positive)
vs 17 (negative).

2. Thessize of the test sample was small: as little as 129 documents. This, in addition
to factor 1, leads to the result being statistically biased.

3. Assignificant part (8 out of 17) of negative reviews did not contain explicit nega-
tive opinions. Such reviews were correctly identified as neutral under classifica-
tion into 3 classes.
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It is worth mentioning, that the test collection was evaluated out by only one
expert which results into increased bias in the final result.

The classification into 3 classes demonstrates completely different picture: SVM
performs better than the regression model.

Table 4. Runs for 3 classes

P-macro R-macro F-macro Accuracy
Base SVM 0.544343 0.554074 0.549165 0.697674
Hybrid SVM 0.450879 0.467037 0.458816 0.666666
Base Regression 0.354825 0.333703 0.343940 0.542636
Hybrid Regression 0.354826 0.333704 0.343941 0.542636

Table 5. Runs for 3 classes (neutral class)

P-neu |[R-neu| F-neu

Base SVM 0.891566| 0.74|0.808743
Hybrid SVM 0.870588| 0.74|0.800000
Base Regression 0.857142| 0.720.782608
Hybrid Regression |0.864864| 0.64 |0.735632

Table 6. Runs for 3 classes (negative, positive)

P-pos |R-pos| F-pos P-neg R-neg F-neg

Base SVM 0.341463| 0.70(0.459016 | 0.400000 | 0.222222|0.2857140
Hybrid SVM 0.282051| 0.55(0.372881|0.200000|0.111111|0.1428571
Base Regression 0.147058 | 0.25|0.185185|0.090909(0.111111 | 0.1000000
Hybrid Regression |0.116279| 0.25(0.158730|0.083333|0.111111 | 0.0952380

Results analysis

The result was strongly affected by several properties of the test collection.
Namely: collection’s small size (twice as small as the last year collection) and strong
odds towards neutral reviews (positive, in case of binary classification). Additionally,
negative reviews are biased: about half of them are devoted to the same book, namely,
“Angels and demons” by Dan Brown.

The agreement between our expert and ROMIP expert equals r = 0.78

As it is possible to see from the tables, negative reviews posed the main problem
for the classifier. We analyzed and classified errors, made by the system. They can
be divided into following categories:
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The author mostly retells the storyline. In this case, the text may contain enough
noise terms for the classifier to make an error.

Despite the author speaks about book’s positive features, the final evaluation
is negative, e.g: “Cro’keT ecTbh. V1 MHTpUra npucyTCTByeT. A BOT TO, KaK pa3Bopayu-
BalOTCS JEHCTBUS — HE BIOXHOBJISET HU KOUM ob6pa3oM.” As a result, positive terms
overweight negative terms only due to their number. The methods employing fact ex-
traction are particularly vulnerable to errors of this kind. The reason is that it is much
more difficult to gather enough statistics for facts than for lemmas.

Although the author mentions positive reviews by other people, his/her own
evaluation is negative, e. g. “C coxxajieHreM cOO0IIar0: He /1T MOUX MO3TOB. [OBOPAT,
KHUTa o4yeHb xopotiasd. [Ipomonyy.”

The presented system used a semantic filter rather than a regular stop-words list,
i.e. all numerals and auxiliary words were filtered out. This method demonstrated
good results in classification of reviews from Imho-net. However, current track con-
tains blog posts rather than ordinary reviews. Blog posts vocabulary contains signifi-
cantly more noise terms that cannot be filtered out by semantic filters solely.

It is worth mentioning, that we used “one against all” partitioning and chose
class where the document had the greatest weight. As a result, many incorrectly clas-
sified documents had negative weight for both classes. In classification into 3 classes
the system correctly identified such reviews as being neutral.

Table 7. Comparison of last year and this year results

Expert 1 F-macro Expert 2 F-macro
New hybrid SVM 0.503129181 0.500560892
0Old hybrid SVM 0.467705308 0.484938518
Base regression 0.490300000 0.499800000

It is evident, that the classifier that employs fact extraction demonstrates worse
results than the basic one. We suspected that the reason is that the bias of the collec-
tion. To prove it we conducted experiments with the last year collection. It turned
out that the new classifier demonstrated improvement in classification into 3 classes
in comparison to hybrid system and even regression method [6] that was the leader
among all the systems participated in the last year track. It follows that the new clas-
sifier performs better than the old ones, provided the collection is not biased.

Possible improvements

The above mentioned problems can be solved by changing the set of classifica-
tion features. First of all, it is important to be able to distinguish the summarizing
assessment. Indeed, such reviews mostly contain retelling of a storyline or an irrel-
evant discussion. The same time the statements that truly characterize the review are
contained in a few sentences in the beginning or the end of the text.

Secondly, it is desirable to be able to identify the object being reviewed. The
point is the same review can discuss several books simultaneously, e.g.: “Ceroans
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sA9uTaa X ¥ MHe He TOHPaBUJIOCh. 'opas/io xy»Ke 3amMedaTeIbHOU KHUTH Y, KOTOPYIO
s yutan Buepa”. If the object is not specified the system should be able to identify
it itself.

Thirdly, in classification into three classes the author’s opinion should be distin-
guished from outer sources opinions (“roBopsiT KHUra xopoiuas, HO MHe He OYeHb
noHpaBuiack”). In this case, the author’s opinion obviously has a greater weight.
In classification into three classes this factor is not so critical and different sources
can be assigned with similar weights.

Conclusion

We tested several methods of classification into 2 and 3 classes and improved
the linguistic approach, based on application of evaluative vocabulary, by applica-
tion of automated filters generation. Additionally, main errors made by the classifier
were analyzed and categorized. Finally, the direction for future work has been set.
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The paper is devoted to testing rules useful for sentiment analysis of Rus-
sian. First, we describe the working principles of the POLYARNIK sentiment
analysis system, which has an extensive sentiment dictionary but a minimal
set of rules to combine sentiment scores of opinion words and expressions.
Then we present the results achieved by this system in ROMIP-2012 evalua-
tion where it was applied in the sentiment analysis task of news quotes. The
analysis of detected problems became a basis for implementation of sev-
eral new rules, which were then tested on the ROMIP-2012 data.
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Introduction

In recent years sentiment analysis is one of the most rapidly developing branches
of computational linguistics. A lot of studies in this area have been conducted for
English language, also there already exist working systems (for example, TwitterSen-
timent), different resources (WordNet, SentiWordNet and others) and natural lan-
guage processing tools, which simplify the task (Liu, 2010; Pang, Lee, 2008).

For Russian language the sentiment analysis task is complicated by the lack of ana-
logues of the above mentioned resources and tools in Russia and a significantly smaller
number of related research papers. Recently, there is some growth of interest in the
sentiment analysis task for Russian, both from organizations and researchers. In con-
nection with this interest, the evaluation of sentiment analysis systems for Russian lan-
guage was organized in 2011 and 2012 as a part of the Russian Information Retrieval
Seminar — ROMIP (Chetviorkin et al., 2012; Chetviorkin, Loukachevitch, 2013).

There are two main approaches to the sentiment analysis task (Liu, 2010; Pang,
Lee, 2008):

* Machine learning methods, when a system is trained using a labeled text
collection,

* Dictionary-based methods, which are based on usage of opinion lexicons, lin-
guistic rules and taking into account contexts of the words (Taboada et al., 2011;
Pazelskaya, Solovyev, 2011).

In this paper we investigate the influence of linguistic rules on the quality of senti-
ment analysis in Russian on the example of the POLYARNIK system. At first, we describe
the basic principles of the system, which has an extensive dictionary of opinion words
and expressions, but a minimal set of rules to combine them (section 2). Then we pro-
vide the results of the POLYARNIK at ROMIP-2012 news-based sentiment analysis task
and analyze revealed problems (section 3). Finally, we add a set of rules taking into
account multiword sentiment expressions, multiword operators, irrealis markers and
evaluate the impact of these added rules to the performance of the system (section 4).

1. Linguistic rules in sentiment analysis systems

The most wide-spread linguistic rules used in the sentiment classification are
as follows:

* use of operator words, which increases the base score of a sentiment word (oueHs,
3HauumenwvHo) or revert the score to the opposite (ne, Hem...) (Taboada et al.,
2011; Pazelskaya, Solovyev, 2011; Chetviorkin, Loukachevitch, 2010);

* aggregation of the scores of sentiment words (Taboada et al., 2011; Liu, 2010)
The rule-based system for sentiment analysis of texts in English is described and

tested in the detailed study (Taboada et al., 2011). Additionally, the study describes
several rules that take into account the appearance of irrealis markers (words indi-
cating that a certain situation or action is not known to have happened) — the score
of sentiment words that occur in the same fragment with them is nullified. The list
of these markers includes modals, conditional markers (if), some negative sentiment
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words like any, anything, certain verbs (for example, expect and doubt), questions, and
words enclosed in quotes.

The analysis of rules for sentiment classification systems from various Russian
and English-language studies on the basis of ROMIP-2012 training collection of news
quotations is conducted in the study (Kuznetsova, 2012).

2. POLYARNIK system for sentiment
classification of socio-political texts

Sentiment classification of socio-political texts is distinguished from the other
domains by the fact that this domain includes a wide variety of topics. This fact ham-
pers the creation of a training collection for machine learning algorithms within re-
alistic time limits. For this reason it is necessary to use engineering technologies for
creating sentiment dictionaries, searching dictionary items in texts and combining
them with linguistic rules.

The four main dictionaries for socio-political sentiment classification are pre-
sented in the POLYARNIK system:

* Positive words and expressions dictionary (Hosamopckuil, HpagcmeeHHblil,
02DOMHDBLI nomeHyuas, oueHsb ybedumensvHolii — about 7 thousand words and ex-
pressions). The +1 value was assigned to the most part of entries in this dictionary;

* Negative words and expression dictionary (ockeeprums (desecrate), omcym-
cmaue duanoea (absence of the dialog) — about 15 thousand words and expres-
sions). The —1 value was assigned to the most part of these entries;

* Dictionary of operators, which can revert or intensify the value of the sentiment
expressions. Operators can intensify the base value of expressions (ouers, 3Ha-
yumenwHo (very much, considerably), etc.) or revert the value to the opposite (ue,
ommeHums (not, abolish) etc.). There are about 140 operators in the dictionary;

* Dictionary of stop-expressions — the list of multiword expressions containing
sentiment words, but not expressing any overall sentiment, for example, pord
agexmuenoil nonumuxu (foundation of effective politics) etc. This dictionary
contains about 250 items.

To create these dictionaries the following procedure was used:

At the first stage the list of sentiment word candidates was made on the basis
of news text collection Coll_news (2 million documents). For this purpose the senti-
ment words and expressions extracted for the movie domain (see Chetviorkin, Lou-
kachevich, 2010) were taken. Documents that contain more than 3 different senti-
ment words from this list were chosen from the news collection Coll_news. It was sup-
posed that if there were at least three sentiment expressions in a text, then this text
was likely to contain more sentiment words. In this way the sub-collection Coll_Sent
with presumably high share of sentiment words was constructed. Lemmas (words
in a dictionary form) that appeared at least in 100 documents were extracted from
this Coll_Sent sub-collection. As a result, thirty thousand lemmas were obtained.
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So-called weirdness formula (Ahmad et al, 1999) was applied to the sub-collec-
tion lemmas:

P

P, (w)
where P,(w) — probability of the word appearance in documents of Coll_sent sub-collec-
tion, P,(w) — probability of the word appearance in documents of Coll_news collection.

The first ten thousand lemmas ordered by weirdness were manually refined and
it appeared that these lemmas contained more than 30% of sentiment words. These
sentiment words formed the first version of the sentiment dictionary.

At the second stage derivational variants (adverbs formed from adjectives; par-
ticiples formed from verbs, etc.) of the described sentiment words were added to the
obtained dictionary.

At the third stage POLYARNIK system was used in the sentiment analysis
of news articles, and during the analysis of the results the dictionaries were specified
and supplemented. For this purpose we selected big articles with a large share of sen-
timent words, and thus a single article could become a source of various additional
sentiment expressions.

The algorithm of assigning the sentiment value to a document or a text fragment
in POLYARNIK system was as follows:

* The words in the processed text are matched with the dictionaries. If an ambigu-
ous match between the text fragment and dictionary entries is found, the longest
entry is chosen;

* When an operator word is found at a distance of 5 words (this parameter of the
algorithm can be changed), the system is looking to the right of it for a senti-
ment word, to which this operator can be applied. The search is performed until
a punctuation mark is found.

Weirdness =

3. The POLYARNIK system in ROMIP-2012
news-based opinion classification task

One of the ROMIP-2012 evaluation tasks was the task of sentiment classifica-
tion of news-based opinions (direct and indirect speech, further quotations) extracted
from news articles. The task was to classify quotations as neutral, positive or negative
speaker comment about the topic of the quotation. The example of a negative quote
(opinionated expressions are underlined): ITo MHeHUt sKkcnepma, 21aga 6e0pycckozo
2ocydapcmea 6oabute scezo 6oumcsa (afraid of), umo cmpaHy ece-maxku auwam
npaea (deprive the right) npogecmu uemnuoram mupa no xoxkketw 8 2014 200y.

The results of POLYARNIK system in the news-based sentiment classification are
shown in Table 1.
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Table 1. The best results in ROMIP-2012
news-based sentiment classification task

Run_ID Macro_P, % | Macro_R,% | Macro_F1,% | Accuracy,%
POLYARNIK 62.6 61.6 62.1 61.6
xxx-11 60.6 57.9 59.2 57.1
XxXX-15 56.3 56.0 56.2 58.2

So, POLYARNIK sentiment analysis system obtained the best results in the news-
based sentiment classification task, and to our opinion this fact can be explained from
the above-described technique of dictionary creation, which allowed us to extract
an actual sentiment lexicon for the socio-political domain.

To evaluate additional rule types, which could improve our existing sentiment clas-
sification system, we analyzed the reasons of incorrect classification on the basis of 140
news quotations from the training collection. Altogether we have analyzed 40 quota-
tions, which were incorrectly classified by the base version of POLYARNIK system.

Most errors in the news-quotation sentiment classification occurred due to the
lack of sentiment words and expressions in the system dictionary — 16 quotations
(40 %), including the lack of sentiment expressions or stop-expressions — 13 quota-
tions (32.5%). Examples of these expressions are shown in Table 2.

At the same time, the dictionary can also contain wrong (or not always relevant)
data about sentiment of a word or expression. Thus, in the system dictionary it was
indicated that expression He dymams (not to think) has negative sentiment, while this
expression did not have this sentiment in one of the analyzed examples: Cam uzpox
3aseuJ, umo noka He dymaem o nepexode 8 opyzoil kay6 (The player said that he does
not think of moving to another club...).

Table 2. The examples of expressions that are
useful to include in a sentiment dictionary

. Automatically assigned Real
Expression . q
sentiment sentiment
UHOYCmpUs 20cmenpuumMcmada ..
V" . p' . P Positive neutral
(hospitality industry)
nadexue AUUHOCMU .
. Neutral negative
(fall of personality)
3apabomams ydasneHue .
P yoar Neutral negative
(remove from the field)
yygcmeogams cebst Kak 0oma ..
Neutral positive
(feel at home)
He 8u0emb 8 MOM CMbLCIL .
. Neutral negative
(do not see the point)
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Table 3. Exploring the use cases of the linguistic rules

. Aut.omatlcally Rule needed to improve

Quotations assigned /real .
. analysis
sentiment
OH 3asBUJI, UTO PEYb UZET O MPHU- Irrealis factor: the senti-
CKOpPOHOM HeJopa3yMeHHH, Belb ment score of the fragment
OH BCerzia CYuTall, 4To JuTeparypa 0/— going after expression like
U UCKYCCTBO JIOJKHBI CITYKUTD «dyman, umo» (thought
MOpaJu that) should be reduced
CexpeTapb IIpe3nuyMa reHcoBeTa The negation opera-
«EpmHoM Poccum», 3aMIpeziceiaTesns tor should be applied
T'ocaymer Cepreit HeBepoB B cy660Ty o/t to a group of senti-
3aABUJI, UTO MApTUA He GOUTCS pac- ment words rather than
KOJIa B CBSI3U C ITIOABJIEHUEM B HEel to a single word (do not
Pa3HBIX UIE0JIOTUYECKUX IIITATHOPM afraid of a split)
Anna JlxxuoeBa 3aABuia, The negation opera-
YTO He TIOWU/IeT Ha BBIOOPEI tor should be applied
U B KaueCTBe U30upares, IOTOMY 0/— to a group of sentiment
YTO «He BUAUT B 3TOM CMBIC/IA words rather that to a sin-
Y He BEPUT B UX 00'bEKTHBHOCTb» gle word (do not believe
in their objectivity)

OZUH 13 PyKOBOZAIINX COTPYLHUKOB The negation operator
Hermitage Capital, >kM3HU KOTOPOTO is a part of the other
y>Ke He pa3 yrpo:xaiu 13 Poccuy, operator «He pas»
YTBEpK/JAeT, UYTO ABHOE COTPyAHUYE- /= (not a single time),
CTBO MEXZY 6PUTAHCKOU MOJUITUEN which should be applied
u poccutickuM MB/I nozBepraer ero as an intensifier
CEMBbIO OITaCHOCTHU

Additionally, authors of the paper did not agree with assessor classification
of 5 quotations (12.5%). Therefore, the misclassification of 25 quotations from 40 ex-
amples came from either the dictionary or from the complexity of short utterance
sentiment classification.

At the same time it was found that the classification quality of 4 quotations could
be improved by developing existing rules and implementing new rules. Table 3 shows
the examples of such quotations and indicates rules that could be applied here. The
sentiment words and expressions found by system are underlined. The rule defini-
tions are partially based on rules described in the work (Kuznetsova, 2012).

Therefore, as we can see from the analysis, using the additional rules can im-
prove the performance for 4 quotations, what equals to more than 3% of classification
accuracy growth, and quotations appear to be the appropriate material for testing
different types of rules proposed in the literature.
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4. Testing various rules for news-based sentiment classification

To evaluate the impact of linguistic rules to the sentiment classification quality,
the following scheme was used. We implement a certain set of rules and test its perfor-
mance on the ROMIP-2012 quotation training set. After all rules are tested, we evalu-
ate the sentiment analysis system quality on the separate ROMIP-2012 test set.

The set of linguistic rules, which was tested on available quotation sets, can
be divided in two groups. The first group is the consideration of various combinations
of sentiment words and operators. The second is a group of rules considering the ir-
realis factor of a text fragment and reducing the sentiment score in such fragment.
Further, a fragment (=clause) is a part of a sentence between two punctuation marks.

The first group contains the following set of rules (referred to below as algo)

1.1. If an operator word is a part of a longer stop-word or sentiment expression,
it does not act as an operator;

1.2. If a group of operators appears together, their scores are multiplied;

1.3. If there is unknown hyphenated word appeared in a text fragment, it is di-
vided in two words and their scores are considered separately;

1.4. If there is a sentiment word sequence, and a negative word appears among
them then the score of the whole sequence becomes negative, otherwise
positive;

1.5. An operator is applied to the resulting score of a group of sentiment words.

The second group contains the following set of rules (referred below as rules).
The rules were modified from (Kuznetsova, 2012):

2.1. If there is a question mark in a sentence, and the sentence does not begin
with the words nouemy/zauem (Why, for what), its sentiment score should
be reduced;

2.2. If there is ecau (if) in a clause, the sentiment scores of the words in this frag-
ment that go after eciu should be reduced;

2.3. If there is nu particle in a clause, and there is no such words as wyms/mo/
8ps10/suduius/gudume/mano/edsa/umo just before sy, the sentiment score
of the clause should be reduced;

2.4. If there is 6u particle in a clause then the sentiment score of the words in this
clause, which go after 6s(, should be reduced.

Note that it was supposed in (Kuznetsova, 2012) that all the above mentioned
rules of the second group, result in nullifying the corresponding fragment sentiment
score, but our experiments demonstrated that the reduction of the sentiment score
is more efficient. The sentiment score of a fragment containing irrealis is reduced
by current algorithms with a certain specified coefficient (in this version 0.4).
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Table 4. The results of both groups of rules on
the ROMIP-2012 training collection

Macro_P, % | Macro_R, % | Macro_F1, % | Accuracy, %
Baseline 60.9 61.0 60.9 60.5
Baseline + rules 61.1 61.3 61.2 60.9
Baseline + algo 61.4 61.5 61.5 61.4
Full composition 61.5 61.6 61.6 61.5

Table 4 shows the results of the aforementioned rule group implementation
in POLYARNIK system. The evaluation metrics used in ROMIP-2012 (Chetviorkin,
Loukachevitch, 2013) are applied here. Table 5 shows how the number of correctly
and incorrectly classified quotations changes depending on the rule set.

There were 3893 quotations in the training collection, and the scores of 333
of them changed in case of the full set of rules. Therefore we can see that we managed
to improve the system performance without any changes in the sentiment dictionaries.

Table 5. The guality of quotation sentiment classification with various rule sets

Number of quo- | Number of quo- | Growth of correctly
tations changed | tations changed | classified quotations
to the correct to the incorrect | compared to the
class class baseline

Baseline — — _

Baseline + rules 20 7 13

Baseline + algo 53 21 32

Full composition 60 22 38

The new version of POLYARNIK system was applied to the test collection
of ROMIP-2012 news sentiment classification task for the final evaluation. Table
6 shows the quality metrics of the system with various groups of rules on the test col-
lection. The resulting quality of the full rule set is less than on the training set, but
in general we can see performance improvements for all groups of rules.

Table 6. The results of both groups of rules on
the ROMIP-2012 test collection

Macro_P, % | Macro_R, % | Macro_F1, % | Accuracy, %
Baseline 62.6 61.6 62.1 61.60
Baseline + rules 62.8 61.9 62.3 61.90
Baseline + algo 63.0 62.2 62.6 62.25
Full composition 62.9 62.2 62.6 62.32
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Conclusion

In this paper POLYARNIK sentiment analysis system was presented. The system
performance yielded the best results in the ROMIP-2012 news-based sentiment clas-
sification task, what in our opinion is due to the extensive system dictionaries, which
were created beforehand.

Then without any changes to the sentiment lexicon we implemented the set
of rules to take into account groups of opinion words and operators and irrealis mark-
ers. Using these new rules, the system performed better both on the train and test col-
lections. In prospect we suppose to continue incorporation of different kinds of rules
into POLYARNIK system and testing them on the available quotation collections. Fur-
thermore, we plan to examine rules performance in sentiment analysis in specific do-
mains such as movies, books, etc.
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The paper studies the task of extracting product features from reviews.
We consider this task as a classification problem and propose a number
of classification features. These features are computed using different statis-
tics returned by queries to Yandex search engine, the Internet library and the
Russian National Corpus. To justify our approach, we create and manually la-
bel a product features dataset, compute the proposed classification features
and conduct classification experiments. The results produced by various clas-
sifiers applied to different subsets of the data show the feasibility of our ap-
proach. We also look at the usefulness of the proposed classification features.

Keywords: opinion mining, sentiment analysis, information extraction,
product features, classification

1. Introduction

Alot of useful information is stored in user-generated content, especially when it con-
tains opinions. These days, users are able to express their opinions and write reviews about
almost everything on the Web. Opinion mining or sentiment analysis area of study ana-
lyzes such kind of content. Its ultimate goal is to detect opinionated texts and extract who
and when expressed which degree of positivity towards which entity or its attribute [12].
Then such tuples can be analyzed computationally. In this work, we are focusing on the
problem of entity extraction, or, more specifically, mining product features from reviews.

The task of mining product features can be considered as information extraction
task [15], or in particular, relationship extraction problem, when one mines relation-
ships for a given product. Many methods from those fields were adapted to the prob-
lem of mining product features. One of the first works [9] dealing with this problem
suggests that most frequent nouns and noun phrases in reviews are product features.
Infrequent features are extracted by relationships with the same opinion words that
accompany frequent features. Paper [2] proposes several useful features to detect
noun phrases as product features. Pointwise mutual information (PMI) is computed
between a candidate phrase and a product with a relationship discriminator. An ex-
ample of the latter is “scanner comes with”, where “scanner” is a product, and “comes
with” is a discriminator. PMI is also computed between a product and a candidate
noun phrase. Statistics for PMI is gathered from a Web search. Other features used
in [2] are WordNet’s component/parts relationships. The authors of [7] deal both
with explicit and implicit product feature extraction. They perform classification into
feature groups as well. Dependency parsing is employed in [17]. Hidden Markov mod-
els (HMM) are used and part of speech information is employed in [11]. Conditional
random field (CRF) classifier is used in [10]. Token, part of speech, dependency path,
word distance and opinion class of a sentence are used as classification attributes
there. Another line of work is concerned with the use of topic modeling. Multi-grained
topic model is proposed in [16], however, opinion words and product features are not
distinguished into separate groups. The authors of [3] construct a localized Latent
Dirichlet Allocation (LDA) model that allows them to perform clustering of product
aspects and to infer sentiment orientation of them.
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Most works on sentiment analysis for Russian are devoted to either sentiment
classification or opinion word mining, for example [5], [14] and [4]. The latter ap-
proaches the task of opinion lexicon generation as a classification task.

This paper is motivated by development of a service for automatic sentiment
analysis [6] and addresses the problem of product features extraction in Russian.
We consider this problem as a classification task. We build a labeled dataset of prod-
uct features extracted from product reviews, propose a number of attributes and use
them to perform supervised classification. We use attributes proposed in several other
works [2], [1], as well as those motivated by common sense. We also study the useful-
ness of features and the performance of various classifiers.

2. Classification features

We consider the problem of product feature extraction as a classification task.
Candidates are extracted from text and classified into two classes: feature and not
feature. Candidates can be words or phrases. The following classification features
are employed: frequency, opinion word proximity, weirdness, TF-IDF, PMI. Below are
their definitions. Section 3 contains a description of their implementations.

Frequency
Frequency is computed with the following formula:
N(c)
fTeCIcorpus (c) = N’

where N(c) is the number of occurrences of the candidate c in the corpus of size N.N(c)
and N may be words, phrases or documents. Further, we will compute word frequency
and document frequency.

Opinion word proximity

An opinion word lexicon is needed to compute this feature. The trivia is that
if there is an opinion word near the candidate, then it is probable that the opinion
is expressed about it and it may be a product feature. We compute the number of docu-
ments in which the opinion word ow is in proximity of p words within the candidate c.

Weirdness

Weirdness represents the difference in distribution of lexical items in a special-
ized corpus and in a general one [1]. We need such general corpus, where the product
features are weird. Weirdness is computed as follows:

freQSpecial (C)
frqueneral (C)’

weirdness(c) =

where special means a specialized corpus and general is a general corpus. In our case,
a specialized corpus is a collection of reviews.
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TF-IDF

TF-IDF stands for the Term Frequency Inverse Document Frequency. It is a well-
known feature that can be computed in a number of ways. In this work, we use the
following formulae:

TFIDF(c,d) = TF(c,d)IDF(c),

TF(c,d) = freqq(c),

N(d)

IDF(c) = log <m>,

where d is a document, d, is a document with the candidate c.
It is important to note that TF-IDF depends nonlinearly on the size of the corpus,
unlike the previously mentioned features.

PMI
The Pointwise Mutual Information (PMI) between two lexical items is a measure
of the degree of statistical dependence between them and is defined as follows:

freq(c,l) )
freq(c)freq() )’
where c is a candidate, [ is some lexical item (word or phrase). freq(c,D) is a frequency

of them occurring together. It may mean, for example, occurrence one by one, in one
sentence, in one document etc. We use different types of occurrences in this work.

PMI(c, 1) = log(

3. Experiments
3.1. Dataset

We create and label a dataset with product features. We make an assumption that
product features are single nouns and they explicitly appear in the text. This means that
we consider only a part of the product feature name if it is a multi-word noun phrase.
The side-effect is that representation of product features in a single noun may become
ambiguous and hard to understand without context. However, the type of the product
is known in advance and provides the context for disambiguation. We don’t consider
implicit product features [12] due their complex nature; however, they occur rarely
because people usually use explicit descriptions to mention a product feature.

We extract all nouns from the reviews dataset described in [6]. It consists of 810
laptop reviews crawled from on-line shopping site Citilink!. The nouns were extracted
and normalized using Mystem? part of speech tagger. It resulted in 1,994 unique nouns.

b http://www.citilink.ru/

2 http://company.yandex.ru/technologies/mystem/
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Then these nouns are manually labeled by 3 persons with 3 classes: a product feature
(PF), not a product feature (NF) and a possible product feature (PPF). We agree to as-
sume that a product feature is a product part, property or an attribute. All related enti-
ties and their parts are considered as well. For example, “keyboard”, “thickness” and
“soft” are labeled as laptop features; “air”, “consumer”, “moment” are labeled as non-
features; “resource”, “brain”, “glue” are labeled as possible product features.

The PPF class is hard to work with because it is very uncertain. It can be inter-
preted both as PF and NF. Depending on this, there will be different classification
results and correlation agreement between the assessors. We will consider 3 solutions
to this problem: remove all PPF, use them as PF and use them as NF.

The difficulty of product feature classification emerges already during the manual
labeling process. Uncertainty and the lack of a formal feature definition result in low
agreement between the assessors. The values of pair wise correlations between the as-
sessors are 39%, 42% and 61% respectively. Considering PPF as PF produces even worse
results: 32%, 32% and 45%. Considering PPF as NF gives correlations similar to the
initial ones. If PPF is removed, then correlations are 61%, 62% and 97%. Such disper-
sion in agreements once again proves the difficulty of the work with product features.

Nine datasets for classification experiments are created from the mentioned la-
beled dataset. Three different approaches to treat the assessors’ agreement are used:
intersection of labels, voting and the author’s labels. PPF label is assigned if there are
3 different votes. The three mentioned ways are applied to treat PPF label. Additional
datasets are constructed for extra experiments.

Data imbalance is dealt both with oversampling the minority class and unders-
ampling the majority class. Oversampling is performed in two rounds with a synthetic
minority over-sampling technique (SMOTE) [13]. Each round doubles the minority
class data. Then the order of instances is randomized. Undersampling is performed
by means of removing instances of the majority class in order to make it the same size
as the minority class.

3.2. Computation of classification features

We relied on the Yandex® search index as on the corpus for computing statistics,
because it is supposed to be the biggest and all-embracing and, thus, the most precise
from the freely available. The service YandexXML* provides a query API to the search
engine. It has a limitation of the number of queries per day. The query result contains
various fields, out of which we are interested in “found-docs”. It means an approxi-
mate number of documents relevant to the query. A simple software for making such
queries has been written.

The mentioned approach has a number of restrictions. One cannot accurately ar-
gue, what is considered as a document, what percentage of document text is indexed,

3 http://www.yandex.ru/

4 http://xml.yandex.ru/
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how the relevancy is computed, how precise the approximate number of documents
is, etc. The search index is constantly changing and this puts certain restrictions on re-
peatability of our experiments. Another important issue is that it is impossible to com-
pute pure statistics because the size of the index is unknown. As we mentioned earlier,
there are some features that depend linearly (or on a constant) on the size of a corpus.
In this case, we can deal with the unknown size of the corpus by means of normaliza-
tion. However, TF-IDF depends non-linearly and we have to compute pseudo TD-IDF.
Let us consider the practical aspects of feature computation.

Frequency

We decide to use two different frequencies. The first is computed by means
of Yandex Market® and represents a review corpus. The second is computed by means
of Yandex and represents the whole Internet. We use the number of relevant docu-
ments returned for the queries “candidate host:market.yandex.ru” and “candidate”.
As mentioned earlier, there is no need to know the size of the Yandex Market and
Internet corpora to compute frequencies.

Opinion word proximity

Yandex has quite a few query parameters that allow creating rather complex que-
ries. One can search for the keywords occurrence in the same sentence and for the
keywords occurring together not farther than a given number of words. We use two
opinion words, “bad” and “good”. Opinion word proximity is computed as the number
of documents returned by the query “candidate /3 (good | bad)”. This means that
“good” or “bad” must be no farther than 3 words from the phrase “candidate”. We will
refer to it as to “OpinionNEAR3”.

Weirdness

We employ two general purpose corpora: the Internet library lib.rus.ec® (LIB)
and the Russian National Corpus’ (RNC). LIB contains predominantly fiction and its
size is 257,000 books. From RNC, the newspaper corpus is used that contains 332,720
documents (173,521,766 words). These corpora have been chosen because they are
able to provide reasonable weirdness for the laptop product features. Weirdness-LIB
is computed using the number of documents returned by the “candidate host:market.
yandex.ru” and “candidate” queries. The software for querying RNC has been written.
It returns the number of keyword occurrences and the number of documents with
a keyword. Weirdness-RNC is computed using the mentioned numbers and the num-
ber of documents returned by the query “candidate host:market.yandex.ru”. Frequen-
cies from both general corpora are included as classification features as well. Interest-
ingly, RNC provides a number of different sub-corpora and returns precise statistics.
This is an area for further investigation.

5 http://market.yandex.ru/
6 http://lib.rus.ec/

7 http://www.ruscorpora.ru/en/index.html
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TF-IDF

The TF part of TF-IDF is computed as the number of documents returned by the
query “candidate host:market.yandex.ru”. The IDF part is computed using general cor-
pora, as proposed in [4]. IDF-LIB cannot be computed precisely because the total num-
ber of documents is unknown. We use the number of books instead of it. IDF-RNC can
be computed precisely because all the needed statistics is returned by RNC. The number
of documents returned by RNC is used as a separate feature. We will refer to TF-IDF com-
puted with LIB as to “TF-IDF-LIB” and to the one computed with RNC as to “TF-IDF-RNC”.

PMI

We compute PMI with respect to the word “laptop” and a candidate. We try two
different approaches to estimate . We use the number of documents returned by “can-
didate && laptop”, that means search for both keywords in the same sentences. The
second approach is to use the number of documents returned by “candidate & lap-
top”, that means search for both keywords in the same documents. We perform search
in Yandex and Yandex Market. Eventually, we have four versions of and 4 PMI conse-
quently: “PMI-snt”, “PMI-doc”, “PMI-YM-snt”, and “PMI-YM-doc”.

We add the value 0.5 to the document count if it is used in logarithm or as a de-
nominator. Finally, we have 23 different features including the assessors’ labels.

3.3. Product feature classification

We use Weka® data mining tool [8] to conduct classification experiments. We chose
3 different classifiers: logistic regression, a decision tree and support vector machines
(SVM). “J48” implementation of C 4.5 decision tree and “SMO” implementation of SVM
is used. Logistic regression and the decision tree are run with default parameters. SVM
is used with “data standardization”, “build logistic models” and parameters. Two ker-
nel types are set: radial basis (RBF) and normalized polynomial.

As we mentioned earlier, we prepared nine datasets. Table 2 reports classifi-
cation results for 3 out of 9 prepared datasets and 1 additional one. These are the
datasets created with the use of voting and with 3 different approaches to treat the
possible product feature (PPF) class. “Vote-strong” dataset does not contain any con-
verted PPF instances. All PPF labels were converted to non-product features (NF)
in the “Vote-negative” and to product features (PF) in the “Vote-positive”. “Vote-neg-
ativeO” is an oversampled “Vote-negative”. The properties of these datasets are listed
in Table 1. We conduct experiments with all remaining 6 datasets as well. They be-
have similarly to the “Vote-strong” classification and thus we didn’t put them into the
resulting table. The experiments were performed with 10-fold cross validation. The
results in the table are the averages. Confidence interval for the F1-measure is similar
for all experiments and is no more than 0.02 (alpha is 0.01). SVM column contains the
best result of two kernels.

8 http://www.cs.waikato.ac.nz/ml/weka/
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Table 1. Properties of selected datasets

PF NF total
Vote-strong 367 837 1204
Vote-negative 367 1627 1994
Vote-positive 1157 837 1994
Vote-negative® 1468 1627 3095

Table 2. Aspect classification results

Decision Tree SVM Logistic Regression

Dataset P R F1 P R F1 P R F1

Vote-strong | 0.757| 0.711| 0.733| 0.801| 0.624| 0.700| 0.785| 0.619| 0.692
Vote-negative | 0.509| 0.316| 0.390| 0.679| 0.294| 0.411| 0.609| 0.259| 0.363
Vote-positive | 0.790| 0.728| 0.758| 0.702| 0.828| 0.760| 0.688| 0.831| 0.753
Vote-negative® 0.819 | 0.841| 0.830| 0.816| 0.766| 0.790| 0.785| 0.727| 0.755

Classification performance is quite good for the first dataset because it doesn’t con-
tain possible product features about which the assessors were not sure. The second da-
taset is imbalanced and the results are unsurprisingly mediocre. Interestingly, “Vote-
positive” shows good performance despite the low agreement between the assessors.
One of the reasons for this is that the real amount of single noun product features
in our dataset may be comparable to the real amount of “neutral” or non-product fea-
ture nouns. The reason why the assessors did not agree on this was ambiguity of the
nouns. Classification of the oversampled “Vote-negative” dataset provides the best re-
sults. We also conduct experiments with the undersampled “Vote-negative” and it per-
forms very similarly to the first one, which is reasonable.

Different classifiers perform more or less as expected. SVM wins on the hardest
imbalanced data, however due to some parameter tuning. The decision tree performs
well on everything except the mentioned imbalanced data. In general, the classifica-
tion results show applicability of the proposed approach to the product feature extrac-
tion. They also show that the possible product feature class can be considered both
as a feature and as a non-feature. It may depend on the user’s requirement: show more
uncertain features or only precise ones.

Interestingly, our results are comparable to the results reported in papers
on product features extraction for English [2], [9], [10], and [12]. They report an av-
erage Fl-measure ranging from 0.76 to 0.86.

We are also interested to find out, which classification features are the most use-
ful. We conduct experiments with each feature separately, but some of them produced
zeros. We decide to combine at least two features instead. PMI is chosen as a default
feature because it was used as a base feature in a similar work for English [2]. We have
2 modifications of PMI: “PMI-snt” and “PMI-doc”. Experiments with a pairwise combina-
tion of different features with them are performed. SVM classifier is used with the same
settings as mentioned previously and RBF kernel. The results are represented in Table 3.
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Table 3. Aspect classification results with different features

PMI-snt PMI-doc
Feature P R F1 P R F1
TF-IDF-LIB 0.643 0.172 0.271 0.610 0.226 0.330
Weirdness-LIB 0.778 0.038 0.073 0.789 0.041 0.078
Weirdness-RNC 0.321 0.025 0.046 0.529 0.025 0.047
TF-IDF-RNC 0.344 0.030 0.055 0.481 0.071 0.124
PMI-YM-docs 0.383 0.049 0.087 0.154 0.005 0.011
PMI-YM 0.242 0.022 0.040 0.278 0.014 0.026
OpinionNEAR3 0.231 0.016 0.031 0.512 0.060 0.107

One can see that the “TF-IDF-LIB” and “Weirdness-LIB” are the most useful fea-
tures in combination with PMI. Interestingly, TF-IDF and Weirdness computed with
a different general corpus provide worse results. It is accounted for by the use of the
newspaper corpus from RNC, while the corpus in LIB is mostly fiction. Newspapers are
more probable to have product features, rather than fiction. Another interesting obser-
vation is that PMI computed using “the same document” (“PMI-doc”) query perform
slightly better than the one computed with “the same sentence” query (“PMI-snt”).

4. Conclusion

We performed the task of product features extraction from Russian reviews.
It was addressed as a classification problem. A product feature dataset was created and
labeled. A number of different classification features were used and several classifica-
tion algorithms applied. The experiments demonstrated efficiency of our approach.

Our further work is to use additional linguistic and statistical attributes for clas-
sification. Spelling corrector will be employed to correct the spelling of candidates.
We plan to apply sequence labeling classifiers as well. We will do product features
clustering to group them into meaningful groups. This may help us to filter features
as well.
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The paper describes a rule-based approach to sentiment analysis. The de-
veloped algorithm aims at classifying texts into two classes: positive or nega-
tive. We distinguish two types of sentiments: abstract sentiments, which are
relevant to the whole text, and sentiments referring to some particular object
in the text. As opposed to many other rule-based systems, we do not regard
the text as a bag of words. We strongly believe that such classical method
of text processing as syntactic analysis can considerably enhance sentiment
analysis performance. Accordingly, we first parse the text and then take into
account only the phrases that are syntactically connected to relevant ob-
jects. We use the dictionary to determine whether such a phrase is positive
or negative and assign it a weight according to the importance of the object
itis connected with. Than we calculate all these weights and some other fac-
tors and decide whether the whole text is positive or negative. The algorithm
showed competitive results at ROMIP track 2012.

Keywords: sentiment analysis, opinion mining, syntactic relations, con-
text-free grammar, thesaurus

1. Introduction

Automatic sentiment analysis is a comparatively new field in computational lin-
guistics. With developing of Web and particularly blogosphere every Internet user got
the opportunity to leave a review, expressing his or her opinion about some product
or service. Such information is useful both for other users and for market departments
of service providers. The problem is this information is large, so it cannot be processed
manualy. As an illustration, the website TripAdviser.com publishes about 40 reviews
every minute, and booking.com has almost 18 million reviews overall. The methods
of natural language processing may be helpful to takle the issue with big amount
of data. On the basis of these methods systems of sentiment analysis are being devel-
oped. The goals of the SA systems vary from text tone assessment to extraction and
assessment of specific parameters, which are discussed in the text.

Automatic sentiment analysis task encounters a lot of problem, such as implicit
expression of emotional component in the text, too informal language of reviews and
until recently lack of annotated corpus for Russian to measure the quality. To settle
the last problem, ROMIP offers sentiment ananlysis track, which aims at classifying
blog posts about books, films and cameras according to the sentiment they express
into 2, 3 or 5 groups.
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The current version of our system classifies reviews into two groups. The algo-
rithm is based on rules, which take into account syntactic relations in the text. The
main goal of our participation in ROMIP 2012 was to measure the quality of work
of our system and to compare it with others in order to understand if we are on the
right way and at what else we have to work.

2. Related works

All existing approaches to sentiment analysis can be divided into two large cat-
egories: rule-based and machine learning based.

Sentiment analysis based on machine learning in general is similar to classical
task of text classification, where sentiment words act as features. The commonly used
method here is support vector machines trained on large annotated corpora [3], [5], [8].

Rule-based methods make use of sentiment lexicon of the text. Such methods
vary from simple lists of positive and negative words to more sophisticated meth-
ods, using sentiment patterns and syntactic relations between words in the text. Ap-
proaches which involve syntactic relations are mostly developed for English language
[11], [14]. For the Russian language the task of constructing syntactic tree is much
more complicated, taking into account rich morphology and free word order.

In [7] the syntactic approach to sentiment analysis for Russian was implemented.
This system aimed at determining news texts tone. It extracts the object of evaluation
as well as syntactic groups with opinion words and according to some set of rule com-
bines them.

3. Method description

In our work we implemented the following algorithm: first, we gathered object
thesaurus, including terms to which opinion phrase could refer. Then we detected
phrases syntactically connected to objects from the thesaurus, as well as negations
relevant to these phrases — such syntactic groups became potential entries of our sen-
timent dictionary. It’s worth noticing, that we considered the whole syntactic group
including the object as a sentiment; not just opinion phrase: this issue will be consid-
ered in details in Section 3.3. After that we compiled a sentiment dictionary using
mined syntactic groups and some additional resources and finally we searched for
sentiments in the text and weighed them to determine text tone.

3.1. Objects thesaurus

For each class of objects (films, books, digital cameras) we have gathered a the-
saurus, that has three categories of terms:
1. Common nouns that denote objects of the class. For digital cameras such

”» o« ”» o« ”» o«

terms are “kamepa”, “pomomexnuxa”, “annapam”, “pomoannapam”, etc.
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2. Proper names of objects of the class. The names of the camera models and
movies and books titles.

3. Common nouns that denote parameters, properties, and parts of objects
of the class. As an illustration, for digital cameras the parameters are

”» ”» o« T ”» o«

“bopm¢paxmop”, “kauecmeo gomo”, “paspewerue”, “mampuya”, “o6vemus”,

”» o« ”» o«

“scnbiiuka” ete. For films and books they are “asmop”, “pescuccep”, “uepa
akmepos”, “ammocgepa”, “0ybasnc” etc.
Each element of the thesaurus had its unique id, class id and type id.

The distribution of terms quantity by object class and type was the following:

books films digital cameras
€cOMmMmOon nouns 69 74 475
proper names 2,713 208 1,412
parameters 161 252 512

We have filtered ambiguous proper names (e.g., “kamens”), to be sure that
we wouldn;t mix up class objects with other entities in texts. For the digital cameras
we have also made a vocabulary of contracted proper names that consists of company
names and parts of the full names of the models. This vocabulary is helpful since the
camera names are usually complex, so writers (especially in blogs and comments)
prefer to use simplified versions. For example, instead of “BenQ DC C1450” they may
write “BenQ DC”, “BenQ”, “benq”, “benq dc”, “c1450”, and so on.

Gathering data for thesaurus

At the beginning of ROMIP competition we were given a vocabulary of proper
names for each class as a source data. We used this vocabulary to mine common nouns
and parameters. To perform this task we executed the following algorithm:

1. Gather text snippets where proper names from the thesaurus are mentioned.
Each text got a class id according to the class of the proper name that was
found in it. We used a part of Russian Web as a source, and we restricted the
search area with texts enclosed by the paragraph tag <p>.

2. Extract all noun phrases (which do not coincide with the matched proper
name), and sequences of noun phrases connected by genitive case. Let’s call
them potential thesaurus terms.

3. Calculate Pointwise Mutual Information between a potential term and text
class, where it was found:

p(term, text class)

PMI (potential term, text class) = log, piterm) X pleext class)
where p is probability.

The idea was that common nouns and parameters that denoted objects
of a certain class would have the value of PMI for this class much bigger,
than for the other two classes. So, we could choose the closest class for each
potential term and calculate its affinity to the class:
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affinity (term_i, class_j) = MIN (PMI(term_i, class_j) — PMI(term_i, class_k))

where k /= j is probability.
Now for each class we have a set of potential terms, and for each poten-
tial term we have the value of its affinity to the class.
4. Sort potential terms for each class by the value of their affinity and filter
manually the part of them with highest values.

In our case on the first stage we have gathered 2 billion of text snippets in which
proper names from the thesaurus were mentioned. On the second stage we got
60 thousand of potential thesaurus terms. We cut off a part of them with low value
of affinity, and only 17 thousand were left. After correction of misprints 8 thousands
were left. Then we have filtered those that left manually, and only 1.5 thousand terms
became a part of the thesaurus.

3.2. Syntactic relations used for opinion extraction

Unlike to other approaches that use syntax, we didn’t make full text parsing. Ac-
cording to our experience, there is a set of the specific syntactic relations are generally
used to express subjectivity.

Previously we conducted a research which aimed at determining how subjec-
tive evaluation of an object could be expressed in the text. The training set consisting
of 10 thousand hotel reviews was annotated manually. According to this markup the
following distribution was received:

1. 80% of subjective evaluations are grammatical modifiers expressed by ad-

jectives, e.g. “epomkas myswvika”, “nnoxoe obcayncusarue”.

2. 7% — predicates expressed in different ways: “6apmen kpuuan”, “obcayncu-

”» o« ”» o«

samue 6bL10 naoxuM”, “00CaYyHCUBAHUE OCMABLAILO JHceNAMD JLyUuLe20”, “om-
esib uyodoguueH”, “omHouleHUe K KaueHmam npocmo yxcac”.

3. 4% — adverbials expressed by adverbs and prepositional phrases connected
to predicate, grammatical modifier or directly to an object: “kpan paboman
naoxo”, “nnoxo pabomarowuil kpa”, “cesi3b Ha mpoeuky”.

4. 9% — other ways. This ways include expression of subjectivity with inter-

”» o«

jections (“6pp”, “byyy”, etc.), objects comparison (‘A siyuwe B”, “A noupa-
suicsi menvlle, uem B”), reference to self (“mHe cmanio nnoxo”, “a samyuancs
ezo cmompemy”), and expressions, where object and opinion phrase are not
connected syntactically (“Buepa nocmompen amom ¢unvm. o cux nop

npomugHo”).

We didn’t make a detailed study for classes proposed by the ROMIP task and
texts related to blogs; however, we made an assumption that the trend would remain
the same. In current research we concentrated on the first three ways of subjectivity
expression. We also considered independently cases where opinions were expressed
by reference to self.
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We have used the Tomita-parser[12] for extracting syntactic relations between
object and other parts of a sentence. The Tomita-parser is an instrument for extracting
structured data (facts) from texts in natural language by means of context-free gram-
mars. To extract a fact, we should write a set of rules, describing the structure of this
fact in the text. For example, to extract an adjective agreed with a noun, we should
write the next rule:

S — Adj<gnc-agr[1]> Noun<gnc-agr[1], rt>;

For our task we have written set of rules for each of three syntactic structures.
In sum we got about 50 rules. The main difficulty was to describe predicates and ad-
verbials, expressed by collocation (ocmasasino scenams ayuulezo, HA MpoeuxKy etc).
We searched for such collocations in the text and tried to generalize them and to de-
scribe their structure. Of cause, we could not find all of them, and that’s why the
grammar did not cover all desired syntactic structures — empirically, we managed
to detect about 80-90% of them.

Text chunks, which were find by the grammar, were converted into facts. In To-
mita, fact is a structured entity, which consists of fields. To convert text chunk into fact
means to point out, with which part of the chunk we should fill every fact field. In our
case facts consisted of four fields:

1. anobject from the thesaurus

2. type of syntactic relation between the object and the other part of the sentence

3. related part of the sentence

4. negation

For example, the initial phrase is “Hede.ito Ha3zad s Kynus 8000HenpoHUyaemyo
xamepy om Nikon.” In this sentence the object is “kamepa”. From all syntactic connec-
tions of the object, only one may potentially express subjectivity (the grammatical
modifier), so one fact will be extracted:

1. object: “kamepa”

2. relation: grammatical modifier

3. related part: “eodoHenpoHuyaemwlii”

4. negation: false

Negation extraction

Determining negations is an important part of sentiments extraction. We define
negation as a part of text structure that inverts the sign of a sentiment.

In Russian negation is expressed in different ways for different parts of speech.
So for each type of syntactic relations in facts we wrote a different set of rules for
extraction of negations.

Examples:

(1) ‘nem’ | ‘6e3’ | ‘omcymcmaue’ | ruwennbul’ | uwuewutl’
| mano’ | ‘Hukakoi’ | ‘Hu’ + noun in genitive case
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(2) ‘He’ | ‘mano’ + verb in a finite form

(3) ‘Henv3si> | <Hego3MmodicHOs> + verb in an infinite form
4) «we> | wmanos | Huuezo> + adjective

(5) ‘ne’ + adverb, preposition phrase

The presence of “He” (particle of negation) doesn’t necessarily express negation.
For example, the expression “He mosabko mep3kuiil” doesn’t change the sign of “meps-
kuit”. Therefore, we have also described the class of expressions, where negation
words didn’t express negation.

3.3. Sentiment dictionary

As opposed to usual practice, we don’t consider opinion words apart from their con-
text. An entry in our sentiment dictionary is a fact, not a separate word. This approach
is justified by the fact that a sentiment sign depends not only on an opinion word, but
also on the object, and type of the syntactic relation that characterize their connection.

Compare two facts with the same opinion word, but different objects:

1) object: “opurpant” 1) object: “ckopocTh 06paboTKU cUTHAIA”
2) relation: grammatical modifier 2) relation: grammatical modifier

3) related part: “6GenteHprit” 3) related part: “6enieHbrit”

4) negation: false 4) presence of negation: false

In the first case the fact describes a negative sentiment; in the second — a posi-
tive sentiment; however, the opinion word “6ereHsiit” stays the same.

Also, some sentiments don’t base on opinions words. For example, let’s consider
phrase “Bpioc y>ke He ToT”. The fields of the fact are:

1. object: “Bproc”

2. relation: predicate

3. related part: “mom”

4. negation: true

This fact denotes a sentiment; but, the word “Tot” cannot be classified as an opin-
ion word.

The task of compiling the sentiment dictionary was to collect facts, that express
a subjective evaluation.

In addition to facts with all fields filled, we also considered their modifications,
where values of some fields were empty. It could be a fact with empty “object” or “re-
lated part of sentence” field.

A fact with empty “object” field denotes context-free sentiment (the sign of which
doesn’t depend on object). For example, the phrase “umo-mo 6vL10 yscacHvim” repre-
sents a negative attitude regardless of the object.
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A fact with empty “related part of sentence” field denote object, which convey
a subjective evaluation by itself. For example, the parameters of digital cameras, like

”» o« ”» o«

“bnuxu skpana”, “nonomxa”, “uapanuna”, “bumstil nukcess”’, convey a negative attitude.

Compiling the sentiment dictionary

We used several sources to compile our dictionary:

1. Object-independent sentiments, which we gathered at the previous stage
of our research.

2. Filtered manually and translated to our format vocabulary of senti-
ments given for the competition. Again, we used only object-independent
sentiments.

3. The training set. The algorithm was very similar to that we used for thesau-
rus mining. In this case, the classes were negative and positive reviews. For
each fact we have calculated its PMI with each of two classes. Then for each
class we made a list of facts with the highest values of affinity to it. These
facts formed the sentiment dictionary.

The size of the final vocabulary was 43 thousands of facts. Among them 5.5 thou-

sands of facts were with empty field “object” (object-independent sentiments).

3.4. Two class classification of blog texts

After the Tomita-parser extracted facts from a text, we searched for these facts
in the sentiment dictionary. Those sentiments which were found became features for
the review classification.

The class of the texts was defined by the sign of the weighed sum:

predicted class = SUM| (object_i_weight X relations_in_sentiment_i_weight X
sentiment_i_class) — TRESHOLD, sum of all found sentiments

We have made the following assumptions:
1. the weight of the object expressed by a proper name or by a common noun
is 1. The weight of the object parameter is 0.5

2. if the text has more than two mentions of different proper names, we con-

sider this text as not a review, and refuse to classify it.

Thereby, the weighed sum has 4 variables to define: 3 weights for different types
of relations in sentiments (modifier, predicate and adverbial) and the TRESHOLD
parameter.

We used the training set to find optimal values for the parameters. As an algo-
rithm for learning we chose SVM with cross-validation. The best results on the train-
ing set were precision 0.94, recall 0.89 for the positive class.
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4. Results and further work

Here are official results from ROMIP 2012 for 2-class sentiment classification
track. Our results are highlighted with blue color:

System_ID SIZZ(:IC_I{) Recall_P Is:all\_/iia; in)(I;fl(iil-\I Recall_N :;ﬂi; Accuracy
Object — book

XXx-17 0.914530| 0.955357 | 0.934498 | 0.583333 | 0.411765 | 0.482759 | 0.883721
XXX-8 0.868217 | 1.000000 | 0.929461 | 0.000000 | 0.000000 | 0.000000 | 0.868217
XXX-27 0.873016 | 0.982143 | 0.924370 | 0.333333 | 0.058824 | 0.100000 | 0.860465
xxx-10 0.898305 | 0.946429 | 0.921739 | 0.454545 | 0.294118 | 0.357143 | 0.860465
XxXx-41 0.872000 | 0.973214 | 0.919831 | 0.250000 | 0.058824 | 0.095238 | 0.852713
XxX-39 0.866142 | 0.982143 | 0.920502 | 0.000000 | 0.000000 | 0.000000 | 0.852713
XXX-3 0.910714 | 0.910714 | 0.910713 | 0.411765| 0.411765 | 0.411765 | 0.844961
XXX-25 0.901786| 0.901786 | 0.901786 | 0.352941 | 0.352941 | 0.352941 | 0.829457
Object — film

XXX-23 0.857534 | 0.948485 | 0.900719 | 0.604651 | 0.333333 | 0.429752 | 0.830882
XXX-12 0.836788| 0.978788 | 0.902235 | 0.681818 | 0.192308 | 0.300000 | 0.828431
xxx-18 0.823980| 0.978788 | 0.894737| 0.562500 | 0.115385 | 0.191489| 0.813725
XXX-15 0.854749| 0.927273 | 0.889535 | 0.520000 | 0.333333 | 0.406250 | 0.813725
xxx-14 0.817043| 0.987879| 0.894376 | 0.555556 | 0.064103 | 0.114943 | 0.811275
xxx-17 0.808824 | 1.000000 | 0.894309 | 0.000000 | 0.000000 | 0.000000 | 0.808824
xxx-13 0.860000| 0.912121| 0.885294 | 0.500000 | 0.371795 | 0.426471 | 0.808824
xxx-19 0.895899 | 0.860606 | 0.877898 | 0.494505 | 0.576923 | 0.532544 | 0.806373
Object — camera

XXX-5 0.965937 | 1.000000 | 0.982673 | 0.000000| 0.000000 | 0.000000 | 0.965937
xxx-13 0.975062 | 0.984887| 0.979950 | 0.400000 | 0.285714 | 0.333333| 0.961071
xxx-15 0.970297| 0.987406 | 0.978777| 0.285714| 0.142857 | 0.190476| 0.958637
xxx-14 0.965602 | 0.989924| 0.977612| 0.000000 | 0.000000 | 0.000000 | 0.956204
xxx-20 0.972431| 0.977330| 0.974874| 0.250000 | 0.214286| 0.230769 | 0.951338
XXX-2 0.977099 | 0.967254| 0.972152| 0.277778| 0.357143| 0.312500 | 0.946472
xxx-10 0.977041| 0.964736| 0.970849| 0.263158 | 0.357143| 0.303030| 0.944039
Xxx-17 0.972010| 0.962217| 0.967089| 0.166667 | 0.214286| 0.187500| 0.936740

Precision, recall and F-measure were counted separately for positive and nega-
tive texts. Accuracy is proportion of correctly classified objects in all objects processed
by the algorithm it is calculated according the following formula:

tp+tn

Accuracy = ——
Y tp+tn+fp+fn

where tp is correct results, fp — unexpected results, fn — missing results and tn —
correct absence of results. [2]
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Our classifier has the second result (among 26 participants) in film classification
and the third —in book classification (among 40 participants). A little bit worse we per-
formed at camera classification — we are the sixth of 25. It can be explained by the fact
that reviews about books and films are very much alike both in sentiment lexicon and
parameters which are evaluated. Camera reviews have more specific lexicon and it was
more complicated to extract sentiment facts from them. In such cases training process
should be more domain-specific with less “object-independent” sentiments.

From complete result table one can see that regardless to object class precision
and recall of classification of negative reviews is considerably lower than positive
ones. The explanation is that negative reviews form only 10% of the flow. This cor-
relation is true both for training set and for the Web in general. Prevalence of one
class impacts on machine learning. Moreover, it complicates the process of gathering
sentiment dictionary for negative class.

Despite pretty bad performance in negative reviews classification, total accuracy
is still high enough. It means that test set also contained less negative reviews.

On the basis of existing system we are going to implement 3 or 5 groups classifica-
tor. Moreover, at the previous stage of our research we tried to evaluate not the whole
text, but separate parameters of it, such as service, beach, rooms for hotel reviews
or service, interior, food for restaurant reviews. We believe, that for such objects as ho-
tels and restaurants, as well as cameras, cars and so on, such parametric evaluation
is much useful, and that’s why we are going to continue our investigation in this area.
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ATEX: A RULE-BASED SENTIMENT
ANALYSIS SYSTEM PROCESSING
TEXTS IN VARIOUS TOPICS

Panicheva P. V. (ppolin86@gmail.com)
EPAM Systems, Saint-Petersburg, Russia

ATEX s a rule-based sentiment analysis system for texts in the Russian lan-
guage. Itincludes full morpho-syntactic analysis of Russian text, and highly
elaborated linguistic rules, yielding fine-grained sentiment scores. ATEX
is participating in a variety of sentiment analysis tracks at ROMIP 2012.
The system was tuned to process news texts in politics and economy. The
performance of the system is evaluated in different topics: blogs on mov-
ies, books and cameras; news. No additional training is performed: ATEX
is tested as a universal ‘ready-to-use’ system for sentiment analysis of texts
in different topics and different classification settings. The system is com-
pared to a number of sentiment analysis algorithms, including statistical
ones trained with datasets in respective topics. Overall system performance
is very high, which indicates high usability of the system to different topics
with no actual training. According to expectations, the results are especially
good in the ‘native’ political and economic news topic, and in the movie
blog topic, proving both to share common ways of expressing sentiment.
With regard to blog texts, the system demonstrated the best performance
in two-class classification tasks, which is a result of the specific algorithm
design paying more attention to sentiment polarity than to sentiment/neu-
tral classes. Along these lines areas of future work are suggested, including
incorporation of a statistical training algorithm.

Keywords: rule-based sentiment analysis, sentiment classification,
Russian language processing, ROMIP
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1. BBegenmue

CeHTUMEHTHBIN aHAJIN3, MY aHAIN3 TOHATBHOCTH — MOJIOZOM, HO OBICTPO pas-
BUBAIOIIUICA pasZie]l aBTOMaTHU4YecKol 06paboTku TeKcToB. B cepenune 1990-x T.
HcceZloBaTeNy Havyaay IPOSIBIATh UHTEPeC K BEIPAXKEHUIO CyObeKTUBHOIO OTHO-
1eHus aBTopa B Tekcre [Wiebe], BKito4ast B 3TO MOHATHE MHEHM s, HACTPOEHHUS, OT-
HOILIIEHUe aBTOPa, BEIPAKeHHBIE KAKMM-TO 00pa3oM B TekcTe[Pang].

C pasBUTHEM MHTEpHeTa CEHTMMEHTHBIN aHaIu3 IIpUBJeKaeT BHUMaHue UC-
cylezioBaTresieli Kak OfWH U3 Pa3/iesioB aHAIN3a CyObeKTUBHOCTH, 3aja4eil KOTOpOro
ABJIAETCA OIpe/ie/ieHe 3HaYeHUs «TOHATbHOCTH» TEKCTa, a UMEeHHO, KjaccudrKa-
KA TeKCcTa Kak OTpakarolllero NO3UTUBHOE, HeraTUBHOE WM HelTpalbHOE OTHO-
[IeHHe aBTopa K 06beKTaM, ABIEHUAM, IEPCOHAM, YIIOMAHYTHIM B TEKCTE.

Ba)kKHO OTMETUTb, 9TO 10 CUX IIOP He cHOPMYIHNPOBAHEI YeTKHE TeOpeTUIeCKre
KPUTEPUH, 110 KOTOPEIM TOT WJIM MHOM OTPE30K TEKCTa MOXKeT OBITh OTHECEH K I10-
3UTUBHOMY, HETaTMBHOMY WJIM HeHTpaJbHOMY KjaccaM, HECMOTPS Ha yCIENIHbIe
IIONIBITKY HEKOTOPBIX HCCIe/loBaTeell TeopeTHyecK 060CHOBATh CEHTUMEHTHBIHM
a”anu3 (k mpumepy, [Balahur]). Takum ob6pa3om, olleHKa 3HAYEHUSA TOHAJIBHOCTHU
yCTaHaBJIMBaETCA ONBITHBIM IIyTeM, C IIOMOIbIO Pa3MeTKU aceccopaMu, KoTopas
3aTeM HCIIOJb3YeTCsA B KadecTBe «30JI0TOTO CTaHZapTa» A oOy4eHUA U OLleHKU
pesybTaTOB CEHTUMEHTHOro aHanu3a. Hanuuue JaHHBIX, pasMeYeHHBIX TaKUM
obpa3oM, sABAAeTCA KPUTUUECKUM /A Pa3BUTHUA dTOH 061acTH, B TOM YHUCIE IIO-
TOMY, 4TO OOJbIIAA YacTh HCCIeJOBAaHUM cocpeZioTodeHa Ha 00ydyaeMBIX MeToZax
KJIaCCUpUKALIIH.

B Poccuu ceHTMMEHTHBIN aHaIU3 CTajl IpUBJIeKaTh BHUMaHUe UccaeoBaTe-
Jeit B koHIle 2000-X IT., 4YTO OTpa3usoch B noABaeHuu B 2011 r. B mporpaMmme ce-
MmuHapa POMUIT fopoxek [0 OlleHKe CEHTUMEHTHOI'O aHaaKn3a Ha PYCCKOM A3BIKE.
Oco6eHHOCTh OTEYECTBEHHBIX PAbOT B JAHHOW 06JIACTH 3aKJI0YaeTcs B GOJbLIEH
NIPOM3BOZCTBEHHOM M KOMMEpPUYeCKOM HalpaBJeHHOCTH OIIMCBIBAEMBIX CUCTEM.
B pesysnbpraTe OKasblBalOTCA pellalOIIMMU He TOJIBKO YMCIEHHBbIe [TOKa3aTeau pe-
3y/IIbTaTOB paboOTHl aJIrOPUTMOB, OOyYeHHBIX U IIPOBEPEHHBIX Ha OIpeZie/IeHHbIX
TEeKCTOBBIX BBIOOpDKAaxX, HO U 6oJjiee JeTajbHAasA HACTPOMKa aJrOPUTMOB, IIPO3pad-
HasA cXeMa OoIlpe/ieleHHA 3HayeHUA TOHAJIbHOCTH, OCHOBaHHAsA Ha ABHBIX U YeT-
KUX JUHIBUCTUYECKUX IIOKa3aTesaX, a TakKe JOCTYIHOCTb IOJAEePXKU CUCTEMEI
U ee pasBUTHA [ 00pabOTKU TEKCTOB HOBBIX JKaHPOB/TeMaTHK. C 9TOH TOYKU
3peHus 0COOEHHO YZOOHBIMU B IPUMeHEHNH OKa3bIBAIOTCA CUCTEMBI, OCHOBAHHEBIE
Ha npaBuiax ([Kan, Vasilyev]).

Llesblo J@aHHOT'O HCCIENOBAHUSA ABIAETCA TEeCTHPOBAaHHE PAbOTHI CHUCTEMEBI
ATEX, ocHOBaHHOH Ha NTpaBUjaX, HACTPOEHHOM Ha HOBOCTHBIX TeKCTaX Pa3JIUYHOI0
IIPOHCXOXK/eHUsA, 0e3 IpeZiBapUTENbHOT0 00ydeHUA. TecTHpoBaHKeE NIPU3BAHO IIO-
Kas3aTb IPUMEHHUMOCTb CUCTEMBl K CEHTUMEHTHOMY aHaJIu3y TEeKCTOB pa3INUYHbIX
TeMaTUK B CPaBHEHMHU C APYTMMU CUCTEMaMU CEHTHMMEHTHOIO aHajau3a, B TOM
YHcJie OCHOBAaHHBIX HAa MAIIMHHOM 00y4yeHuu. J[s aToro cuctema ATEX 6bLia ipes-
craBjieHa Ha cemrHape POMUII B Habope I0pOXKeK MO0 CEHTMMEHTHOMY aHaIu3Yy;
IIPY 3TOM He NIPOBOAMJIOCH HUKAKOI'0 00y4eHUA WIH [JONOTHUTEIbHON HaCTPOUKYU
CHCTEMBL.
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2. AJII‘OpI/ITM CEHTHMMEHTHOI'O aHa/JIn3a
Ha OCHOBE€ IMHTBUCTHUYE€CKUX IIPAaBHJI

Cucrema, KOTOPYIO MBI IpeZicTaBiasgeM Ha ceMuHape POMMUIL, aBTomaTudecku
peanusyeT CeHTUMEHTHBIM aHaIu3 Ha OCHOBE IIpaBUJ /JI PYCCKOA3BIYHBIX JaH-
HbIX. [IpaBrIa coziepkat 60raTyo IMHBUCTUYECKYI0 NHGOPMAIIUIO U IPUMEHIOTCS
K CTPYKTYpe TEeKCTa, [I0JyYeHHOH B pe3ysibTrare paboTE MOP()O-CHHTAKCHIECKOTI'O
MOZYJIsI CACTEMBIL.

2.1. Mopdo-cuHTaKCU4YeCKUi aHaIu3

Bo-mepBBIX, Ha 0CHOBEe MOPGOJIOTMYECKOT0 CIOBAPH, COAep KaIlero Aad pelak-
TUPOBAHUA B TEKCTOBOM BHJe IIAPAZUTMBI CJIOB, IIPOUCXOAUT ONIPeJeIeHHUe «HOP-
MaJbHOUM GpOPMBbI» KaXKJ0H U3 cI0BOGOPM B TEKCTE U €r0 'PaMMaTUYECKUX aTpUby-
TOB. VI3HaYaJIbHO CI0BAPh IIOPOXKIEH aBTOMATHYECKH IT0 6a3e JaHHbBIX 'paMMaTrde-
ckoro cioBaps A. A. 3anusHska [Zaliznyak].

Jlns cnoBodopM, KOTOpBIe He ObLIM HaiieHbl B MOP()OJIOTUIECKOM CJIOBApE,
IIPOUCXOAUT IIOUCK BO3MOXXHOH I'paMMaTHyecKod nHpopManuy Ha OCHOBE cyd-
¢dukca 1 oKOHUAHUA, OTOPACHIBAHUSA IIPUCTABKY, a TAKXKe HETOYHBIH ITOUCK JJIS [I0-
TEHI[UATbHBIX GOPM C OIIMOKAMU U OlleYaTKaMHU.

3aTeM rpamMmarnyeckas MHGOpMALUA UCIONb3yeTcs s PAabOTHl CUHTAKCH-
yeckux npaBwi. CUHTaKcuyeckas obpaboTka mpeacTaBiseT coboit GpopmMaibHYyIO
IrpaMMaTHKY, COCTOAILIYIO U3 HECKOJIBKUX COTeH IIPaBUJI, KOTOPBIE pa3penaloT OMO-
HUMUIO, 00'beJUHAIOT CJIOBA B I'PYIIIIHL, IPYIIIIEL, B CBOIO O4epe/ib, B 6osiee KPYIIHBIE
I'PYILIEL, IOXOZA 0 pa3Mepa KJIAay3bl U CJIOXKHOTO NTPe/JIOKEHU, BKI0Yasa IpeIo-
JKeHUA C IpAMOU peublo. B mosyuyeHHON MHOTOYPOBHEBOM CTPYKTYpe IPOUCXOJUT
[IPOCTAHOBKA CUHTAKCUYEeCKUX CBA3el Ko BceM 3HaUUMBIM CJIOBAM.

2.2. CeHTUMEHTHBIN aHaJIN3

CeHTUMEHTHBIY aHaJu3 MPOU3BOAUTCA HA OCHOBE KJIIOUEBBIX CJIOB, a TaKXe
CEHTHUMEHTHBIX NIPaBuJ. V1 B TOM, U B [PYTOM cJIy4dae pe3yJabTaTOM CEHTUMEHTHOTO
aHaJIn3a ABJAeTCs 3HaYeHue ToHaJabHoCTH (+1, —1, O MIu HUKaKoe) JJIsI OHOI'O MU
HECKOJIbKUX CJIOB.

Teky1jas Bepcus aJropuTMa He YIUTBIBAET CHJIy CEHTUMEHTA, T.e. BCe CJI0Ba 10 yMOJI4a-
HUIO UMEIOT OZIMHAKOBBIHM BEC IIPU BBIYUCIEHUN CEHTUMEHTA NPeJIOKEHNA. DTO yIIpolle-
HUe OKa3bIBaeTCs aIeKBaTHBIM U He NPEIATCTBYET JOCTHIKEHUIO BBICOKUX Pe3yJbTaToOB
MOATOTOBKE CUCTEMBI Ha OCHOBE HAIINX JaHHBIX, CM. «[I0ZIT0TOBKA CUCTEMBI K CEHTUMEHT-
HOU KJIacCUpUKALNN»
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2.2.1. KnroueBsle cJI0Ba

B xadecTBe KJIIOYEBBIX CECHTUMEHTHBIX CJIOB BBICTYIIAIOT CJI0BA, KOTOPbIE HECy T
CEeHTHMMEHTHYIO OKPAcKy B JTI0OOM KOHTEKCTe, WU B II0ZaBJIAIOIIEM OOJIBIINHCTBE
KOHTEKCTOB. KitoueBble cI0Ba XpaHATCSA B BU/Je CIIMCKOB HOPMAJIBHBEIX GOPM B TEK-
CTOBBIX pafiyax u cogepskaT, K IPUMEPY, TAKHE CJI0BA KaK «XOPOIIU», «[IJIOXOH», «He-
HpI/IHTHbeI», «TPYC», «YCIIEX», «IIpOBaJJI», «yIrpo3a», «IIO3UTUB», «OII€PaTHUBHO», «CBO-
€BPEMEHHO», «CJIUIIKOM», U T.IL.; Bcero 1590 HeraTuBHBIX U 510 IO3UTUBHLIX CJIOB
C yKa3aHUEM YaCTH PEYH, YTO HEOOXOUMO JJIs TPAaBUIBHOU 06pabOTKY OMOHUMUY-
HbIX GopM. Eciiu cj10BO M3 3TOr0O CIIMCKA C COOTBETCTBYIOIIEH YacThIO PEUH BCTpe-
4yaeTcsd B TEKCTe, eMYy IPUIIUCHIBAETCA COOTBETCTBYIOIee 3HaYeHUe TOHAIBbHOCTH.

2.2.2. CeHTUMEHTHbIe IIpaBUJIa

CeHTHMEHTHEBIE IIpaBUJIa HUCIONB3YIOTCA AJA 6ojiee TOYHOr'O OIpefiesleHUs
CEHTHMEHTA CJIOB M paboTaloT Ha OCHOBe 6oJjiee MOTHOU MOPHO-CHHTAKCUUYECKON
nadopmanuy. CeHTHMeHTHBIE [IpaBUJa peaJn30BaHbl Ha IpeJMeTHO-OPUEeHTHPO-
BaHHOM f3BIKe NTPOrPaMMHPOBAHUA U Ha BXoJe 00pabaThIBAlOT CUHTAKCUYECKYIO
CTPYKTYPY IPeJJIOXKEeHU s, COCTOAILYIO U3 CJIOB U CBA3el MeXXly HUMU, UJIH €€ 4acTh,
npucBauBas 3HaueHUe aTpuOyTaM OTPULIAHUA WIM CEHTHUMEHTA OIpe/ieleHHBIM
CJIOBaM Ha BBIXOJIE.

2.2.2.1. CeHTUMEHT CJIOBOCOYETAHUSA

B HEKOTOpBIX CIy4YasgxX OTJEeIbHbIE CJIOBA HE HECYT B cebe CEHTUMEHTHOTI'O 3Ha-
YeHUs, HO CEHTMMEHTOM Harpy)XeHO oIlpe/ileJieHHOe coYeTaHUe HEKOTOPBIX CJIOB
uiu GopM c0B. [IpaBuIIO, MPUITHCHIBAOIIEe CEHTUMEHT, OCHOBAHO Ha CUHTaKCHYe-
CKOU CBSI3U OIpe/IeJIEeHHbIX CJIOB UJIU CJIOBOGOPM B MPEJIOKEHUH.

Hanpumep, ¢ MOMOIIBIO 3TUX MTPaBUJ 06pabaThIBAIOTCS TaKHe COYETAHUA, KaK
«IIOWTH HAaBCTPEYY, Ha JIaIly, Aylia KOMIIaHWH, 10 ¢pa3e, Tak cebe, MPOMBITH MO3T, 110~
CTaBUTb KPECT, C yMa, U3 YMa, HUXKe IIJINHTYCa», U MHOTHe IpyTHe.

2.2.2.2. VHBepcusa CeHTUMEHTa

[Tpu oTpUIlaHUU B COYETAHUU CO CJIOBOM, KOTOPOE COJAEPKUT 3HaYeHUe CeHTU-
MEHTa, €r0 CeHTUMEHT MHBEePTUPYETCA: €CJIU CJIOBO UMeeT MO3UTHUBHYIO TOHAJb-
HOCTb, TO OTPHUIJaHNE MOZUPUIIMIPYET ero Ha HeraTUB; IPU OTPULIAHUY HeraTHUBHON
TOHAJBHOCTH CJIOBO B 00IIEeM CIy4ae MOIy4YaeT HyJIeBYIO TOHAJIbHOCTD CEHTMEHTA.

BaXHO OTMeTHTBh, YTO OTPUIIAHHE MOXET BbIPaXKaThbCA HECKOJIBKUMMU CIIOCO-
6amMy. OCHOBHOM €IOCO6 BBIDQ)KEHMSA OTPHUIAHUA — YaCTULIA «He», IIPeJUKaTUB
«HeT». OHM IPUIIUCHIBAIOT OTPHUIlaHUE CJI0BaM, C KOTOPBIMU OHU CBA3aHBI ollpe/e-
JIeHHBIMY CUHTAaKCUYeCKUMH CBA3AMU. Takke IpU Onpe/leIeHHbIX CMHTaKCU4eCKUX
CBA3AX OTPUIIAHUE CTAaBUTCA 3@ CUET IPYIIIIHI CJI0B, OTIMYaIOLIUXCA CeMaHTUKOM OT-
pUllaHUA, TAaKUX KaK «OTCYTCTBHe, yZajleHue, JUIIeH’e, OTpULlaHue, yCTPaHeHUe,
OTCYTCTBOBATb, YAAJIATH, IUIIATh, OTPULIATH, YCTPAHATH», U IPEJJIOT «Oe3».

[Tpu paboTe ¢ OTpUIlAHNEM TaKKe OBLITH BBIJEJIeHBI I'PYIIIIBI CIOB — HMEH CY-
IIeCTBUTE/bHBIX, IIPUJIaraTeabHbIX, [JIar0JI0B, — KOTOpPBIE MOJy4aloT WU MEHAIOT
3HaYeHHe TOHATBHOCTH crenuduIecKUM 00pa3oM B COUeTAHUY C OTPULIAHUEM. DTH
CJI0Ba, BO-TIEPBBIX, MOI'YyT He BXOJUTb B CIIMCOK KJIIOYEBBIX CEHTMMEHTHBHIX CJIOB,
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HO TNOJIy4YaloT 3HayeHUe CeHTHMEHTa IIpPU OTPUIIAaHWH; BO-BTOPBIX, MOTYT COZEp-
JKaThCA B CIIHMCKE KJIIOYEBBIX CJIOB C HETaTUBHBIM CEHTUMEHTOM, HO IIPU COYeTaHUU
C OTPUIIAaHHUEM IIOIYYalOT, B OTJIMYIHE OT OOLIero IIpaBua, HO3UTUBHBIN CEHTHMEHT.
B mepBoM ciiyyae IPEMEPOM MOTYT CIY)XKHUTh TaKHe CJI0Ba, Kak «Oyzyliee, zeJo,
JKeJlaHue, MO3T, HaZex1a, 0ObsACHEHHe, OTBET, CMBIC]I, YM»; BO BTOPOM — «BOIIPOC,
nedekT, KOHQIUKT, HapeKaHue, nepeboii, MpensaTcTBUE, npobiema»?. Bcero B cu-
creMe mopsgka 120 TaKUX CJIOB; OHHM XPaHATCSA B BUJIE CIIMCKOB B TEKCTOBBIX (daii-
J1ax, 0603HaYeHHbIe KaK «CJI0Ba, IO3UTHBHBIE C OTPUIIAHUEM>» 1 «CJI0BA, HEraTHUBHbIE
C OTpUIIAHUEM>.

2.2.2.3. CuHTaKCUYeCKHU CBs3aHHBIE CJI0BA, BXOASIINE
B 3HaUYMMble CEMaHTHUYECKUe CIIUCKU

Kareropus mmpaBuii, KOTopas 3acly’KHUBaeT 0coO0ro BHUMAaHUA, — IIPaBUIIA,
IIpUIIKCHIBAIOIIYe CEHTUMEHT Ha OCHOBE CHMHTAKCUYEeCKOM CBA3U MEXJy CIOBAMU.
[Ipu aTOM Kax/ioe U3 CJIOB II0 OTZEJBHOCTH He BXOAUT B KJII0UeBble CECHTUMEHTHEBIE
CJIOBA, a CBA3b JIBYX CJIOB He ABJIAETCA yCTOMUYNBEIM CI0BOCOYETAHUEM.

K mpumepy, Takue coBa Kak «JeHbI'H, J0XOZ, 3apIIaTa, KayecTBo, 060poT, OT-
Ziada, OlleHKa, TOTeHITHaJI, pPeUTHHT, yPOBEHb» He COZepKaT IT03UTHUBA CaMU 1o cebe.
C Zpyroii CTOPOHBI, SKCIIePUMEHTAIbHO [TOATBEP)KAAeTCs, YTO KOIZa ABJIEeHUA, 000-
3HaYeHHbIe TUMHU CJIOBAMU, BEJIMKH, BEICOKH, MAKCUMAaJIbHBL, 9TO Z00OABJIAET I10JI0-
YKUTEJbHYIO TOHAJIBHOCTD, 1 HA0OOPOT — KOT/ZIa OHK HU3KHY, 00aBIIsAET OTPUIATEb-
Hy!o. Cp. «Halll peUTUHT»/«BBICOKUN PEeUTHHI»/«IIOBbIIIeHNe PeUTHUHTa»/«HU3KUN
PeUTUHT»/«IOHWKeHUe peTUHTa».

Haob6opoT, Takure cjoBa KaK «u3/epiKKa, ouepesb, IOTePs, PACX0Z, PUCK, YPOH,
ymep6» OyAyT mosydaTh MO3UTHBHBIM CEHTHUMEHT, KOTZla TaKue SBJIEHUS MUHU-
MaJIbHBbI, U HETaTUBHBIN, KOT/Zla MaKCUMaJbHBI.

TakuM 00pa3oM, eciy CJI0BAa U3 JAHHBIX CIIMCKOB CHHTAKCUYECKU CBI3aHBI
€O CJI0BaM¥, 0603HAYAIONIMMHY yBeIUYeHUe UITH YMeHbIIeHUe CTelIeHH, KOJINYecTBa
ABJIEHUA WU IIpeJIMeTa, TO [NIABHOMY CJIOBY B JaHHOM CMHTaKCU4eCKOU CBA3U NIpHU-
NIUCHIBAETCA COOTBETCTBYIOIIee 3HAuYeHHe CeHTHMeHTa. /laHHble IIpaBUJa TaKKe
BKJIIOYAIOT B ceOs CIIMCKU CJIOB, OTHOCAIIMECH K CeMaHTHKe IIpobJjeM, CUTyalui
U pellleHus; HeXBaTKU; IOPAAKA, IPABUJI U UX THOKOCTH, XKeCTKOCTH, U T. II.

3. TlocTraHOBKa 3aja4u

3.1. Jopoxku POMUII 1o cCECHTUMEHTHOMY aHaJIUu3y

Ha cemunape POMMUII 66111 TIpeoCcTaBIeHb 2 BU/A AOPOXKEK 110 CEHTUMEHT-
HOMY aHaJU3y: OTPHIBKU C IIUTATaMU IIPIMOY U KOCBEHHOU peuyu U3 HOBOCTEH,
a TakK)Xe TEKCThl OJIOroB, IpUYeM IOCIeJHUEe BKJIIOYAaU 3 TEeMAaTHKU: OT3BIBBI

2 TlpuMep Tako¥ MHBEPCHM CeHTHMMeHTa M3 gaHHbBIXx POMUII (id orpeiBkoB 1049, 1188)
cM. B pasgesne «Pesynprarel cucteMbl ATEX 1 ux aHamus».
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o ¢unbmax, kHUrax u Gporokamepax. TecTHpOBaHUE CHCTEMBI IPOBOAUIOCE B CJle-
ZAYIOIIUX JOPOKKAX:

HoBocTHbIe pparMeHTHI:

* JOPOXKKa IT0 KJaccuUKa MK IPSIMON ¥ KOCBEHHOU PEeYH 13 HOBOCTHEBIX JIEHT —
3 KJacca: IOJOXKUTENbHBIE, OTPUIIATebHBIE, HEHTpaJbHbIe (He cofepiKaliue
OLIEHKH).

OT3BIBHI O TOBapax:

* JIOPOXKa IT0 KyaccUPUKAIIMY OT3BIBOB II0JIb30BaTeel Ha 2 Kjacca: MOJIOXKU-
TeJIbHBIE U OTPUIIaTe/IbHbIE;

* JOpOXKa IT0 KyiaccuPUKAIMU OT3BIBOB II0Jb30BaTesel Ha 3 KJacca: MOJIOXKU-
TeJIbHBIE, OTPUIaTe/IbHBIE U coZeprKallllie J0CTaTOYHO 3HaYUMBble IT0JI0KUTEeb-
HBbIE U OTPUIlaTeJbHbIe CTOPOHBI OlleHUBaeMOM CYyIIIHOCTH.

3.2. [ToATroTOBKa CUCTEMBI K CEHTUMEHTHOM KIaccupuKamuu

Jl1 Ka)KI0To BU/A JAHHBIX Ha CEMUHAape ObLIY IPeJoCTaBIeHbl pa3MedeHHbIe
BBIOODKU 151 00y4eHUs cucTeMbl. ClieiyeT NOAYEPKHYTh, YTO B LI€JIU YIACTU B Ce-
MUHape BXoAuo TectupoBanue cucteMbl ATEX ¢ HCXOAHBIMU HaCTpOMKaMu, B TOM
4YyCIIe I HOBBIX HEHCCIeZI0BAaHHBIX TeMaTHK. [I09TOMY TPeHUPOBOYHBIE BEIOOPKHU
He HCII0JIb30BANCH I 00yUeHUs CUCTEMBI U IIOATOTOBKY K TECTOBOMY 3Tamy. Cu-
creMa Oblyla HaCTpOeHa 3ab1aroBpeMeHHO B XOZie PabOThHI HaJl TEKCTAMU C PYCCKO-
A3BIYHBIX HOBOCTHBIX CAaiTOB PYCCKOI'0 M Ka3aXCKOI'O JOMEHOB Ha TeMY IOJIUTUKHU
1 9KOHOMHMKHU — B YaCTHOCTH, CEHTUMEHTHO pa3MeyeHHOI'0 KOpIlyca, COCTOAILIEr0
u3 3 ThIC. Ipe/JIOKeHU .

3HayeHUe CeHTHMMEHTa INpeJJOKeHUs B CUCTeMe BBIUMCIAETCA KaK 3HAK
cpefHero apudMeTHUECKOIO0 3HAUeHUN CEHTUMEHTOB BXOAANIMX B HEro CJOB.
[TosuTuBHOE WM HeraTMBHOE 3HA4YeHHWe CEHTHMEHTa IIpeAJOoXeHHUA, Kak
U cJIoBa, 0003HAYAETCSA COOTBETCTBEHHO KaK «+1» Wian «—1». [Ipu 3TOM ecjiu Ko-
JINYECTBO IOJIOXKUTEJbHO U OTPHUIIATEJIbHO OKPAII€HHBIX CJIOB B IIPeJJI0XKEeHUU
OZIMHAKOBO, B TOM YHCJIe ¥ PAaBHO HYJIO, TO OOIIUI CEHTUMEHT IpeJJOKeHU
nosiy4yaeTcs HeUTpasbHBIM. TaKUM 06pa3oM, B CUCTeMe He IIPOBOAUTCA pas3iiu-
yre MexXx/y «HeHTpaJbHBIM» CEHTUMEHTHBIM KJIaCCOM U KJIACCOM, COZep KaliuM
ZIOCTAaTOYHO 3HAYMMBbIe II0JI0KUTEIbHbIE U OTpUIlaTebHble CTOPOHEL OlleHUBae-
MOU CyUTHOCTH.

Tak KaK OOJBUTMHCTBO JaHHEIX COZEPKaJIo OTPBIBKY, COCTOAIINE 13 Hoslee yeM
OZIHOT'O NIPe/IJIOKEeHU A, CUCTeMa TeCTUPOBaJIaCh B IByX peKUMax:

1. «C npezIoXeHUAMHN»: BBIYUCIANCA CEHTUMEHT KaXkZoro MpeJJsIoXKeHUA B OT-
peiBKe. OOIINI CEHTUMEHT OTPHIBKA BBIYHCIAICA KaK cpefHee apupmeTHye-
CKO€ MeX/ly CECHTUMEHTaMU Npe/JIoKeHUH.

2. «be3 npezNoXKeHUl»: CEHTUMEHT BCEro OTPbIBKA BBIYMCJAJNCA KaK cpesHee
apudmeTHdecKoe MeXJYy CEeHTHMEHTAMHU BCeX BXOAAIIUX B HEro CJIoB, Oe3
yueTa rpaHuI] IpeIoKeHUHN.
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3.3. lanHble TecTupoBanuda POMMUII

B Tabauue 1 mpeacTraBieHa CTaTUCTHUKA pa3MEYEHHBIX TECTOBBIX JAHHBIX
POMMUII 1o CEHTUMEHTHBIM ZOpOXKKaM. HOBOCTHBIE OTPBIBKU OBLITU pa3MedeHBI
Ha 3 KJiacca; OTPbIBKU M3 6JIOTOB ObLIM pa3MedyeHbl U OLIEHUBAUChH JByMs CIIOCO-
6amu: Ha 2 U 3 Kyacca. YYUTHIBas HACTPOUKY CUCTEMBI Ha HOBOCTHBIX TEKCTaX IT0-
JIUTUIECKOU 1 DKOHOMHUYECKOHN TeMaTUK, UMEHHO B Hell 03KU/aeTcs MONYIYUTh Hau-
60Jiee BRICOKHE Pe3yIbTaThl CCHTUMEHTHOT'O aHaTU3a.

Taonuua 1. Cratnctuka TecTtoBbix gaHHbIx POMIM

Tema- Bcero | Iloso- OTpu- HetiTpanb- ITponieHT HaU-

THUKa OTPBIB- | )KUTEJNb- | IaTeab- | HBIX/ cofiep- | Oosblero kiacca
KOB HBIX HBIX ’Kalux + U — | BO Bceli BBIOOpKe, %
HosocTtu 4573 1448 1234 1890 41
®uibMBI 408 330 78 = 80
266 63 79 65
Kuuru 129 112 17 — 87
100 9 20 78
Kamepst 411 397 14 — 97
7 53 85

4. PesynasraTsl cucteMbl ATEX 1 ux anaaus

O1leHKa pe3ynbTaToOB paboThl CUCTEM CEHTUMEHTHOI'O aHaIn3a IPOBOJUIACH
Ha OCHOBE YeThIpex ToKaszaTesei: AKKypaTHOCcTb (Accuracy), [TonHora (Recall),
Tounocts (Precision), Mepa F1 (F-measure) ([Chetviorkin]). B Ta6iuue 1 BugHO,
YTO TECTOBBIE JaHHBIE HE SABIAIOTCSA cO6aJTaHCUPOBAHHBIMU OTHOCUTETHHO UTOTO-
BBIX CEHTUMEHTHBIX KJIACCOB; ITO3TOMY /JIsl TIPEJCTAaBIEHUS OTHOCUTENbHBIX pe-
3yJIbTaTOB pabOTHI CUCTEM OHU OBLIH YIIOPSAAOYEHBI TI0 3HaYeHH 0 F-measure, KOTO-
poe siByisieTcs 6osiee MOAXOAAIIEN OLIEHKOH, yeM Accuracy, AJis HecOaJaHCUPOBaH-
HBIX JaHHBIX [van Rijsbergen]. B Tabuuax HUXXe MpUBEJEHBI PE3YJIbTATHl PAOOTEHI
Pa3JIMYHBIX CUCTEM; PE3yJbTaThl MPEACTABIEHHON B JAHHOM /IOKJIa/leé CUCTEMBI
BBI/ZIEJIEHBI )KUPHBIM. BRIBe/IeHBI HAUJIYYLIIME YeThIPe pe3y/IbTaTa, yInopsaZodeHHbIE
no F-measure.
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Tabnuua 2. Pe3ynbTaTel CEHTUMEHTHOM Knaccudukaumm
OTPbLIBKOB NMPAMOW 1 KOCBEHHOW peYun 13 HOBOCTEM

)
a -
g F s o g o ) % ° ??
2] =}

Tl 2| 2 |8|85|F5|235/| B

= 2 ) e I I S 31

z P o O | a2 |2 | =2 <

1 | xxx-4 | news 0,626 | 0,616 | 0,621 | 0,616

2 | ATEX | news 0,606 | 0,579 | 0,592 | 0,571 | Ge3
npejIoKeHUu

3 | ATEX | news 31| 0,606 | 0,576 | 0.590 | 0,569 | c npeaIOKEHU-
AMU

4 | xxx-5 | news 3| 0,579 | 0,568 | 0,574 | 0,575

CoryiacHO OXXUZAAHUAM, pe3yJbTaThl 110 TeMaTHUKe «HOBOCTH» OKa3aJUCh BBICO-
KHMH 1 a0COJIIOTHO, ¥ OTHOCHUTEJBHO CPESH I[PYTUX CUCTEM. DTO TOBOPHUT O TOM, UTO
HacTPOMKa CUCTeMbI HA HOBOCTHBIX TEKCTaX OKa3aJiach I10JIe3HOM, HeCMOTPs Ha pas-
JINYHBIE UCTOYHUKU U BpeMs: IOABJIEHUA HOBOCTHBIX TE€KCTOB, UCIIOIb3YEMBIX I

HaCTpOfIKPI U J1d TECTUPOBAHUA CUCTEMEI.

Tabnuua 3. Pe3ynbTartsl CEHTUMEHTHOM Knaccudukaumm
Ha 2 knacca 610roB no Tematke «Dunbmel»

)
a g = >
= =]
_‘E g ] 8l 2o|l=oc| 8o S
E| 2 g | 2(88 |88 |s8| B
5 2 ) i A B 8 3
z ) (o) O |l a2 | B2 | = = <
1 | ATEX | film 2| 0,695| 0,719 | 0,707 | 0,806 | c mpeaIOKEHU-
AMH
2 | xxx-23 | film 2| 0,731 | 0,641 | 0,683 | 0,831
xxx-2 | film 0,667 | 0,687 | 0,677 | 0,787
4 | xxx-12 | film 0,759 | 0,586 | 0,661 | 0,828
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HecMoTpst Ha pa3nndne B TeMaTHUKaX, CUCTEMA TTOKa3asa HauaydlIuil pe3yib-
TaT B JIOPOKKE MO KJIacCUPUKAIIUY OT3bIBOB O HIbMax Ha JBa Kiaacca. CiesyeT oT-
METHUTH, YTO B KJacCubUKAIMK Ha 2 KJacca OT3BIBOB O KHHUTaX U 0 pOTOKamepax
cHCTeMa 3aHUMAEeT TPETHIO U IIATYIO CTPOKY COOTBETCTBEHHO OTHOCUTENBHO APYTHX
cucteM. [Ipe/TIoNoKUTENBHO, I3bIK BEIPAKEHUS CEHTUMEHTA B ONMMCAHUHU GUIBMOB
OKa3bIBaeTCs Hambosiee GIU3KUM K SI3bIKY BHIDQ)KEHUS CEHTHUMEHTAa B IMOJUTUKE
Y 95KOHOMHUKE, U [T0-BUANMOMY, Harbosiee 00IIuM, He 061aZat0uM OOTBIIUM KOJIU-
YeCTBOM CIeITUbUIeCKUX CEHTUMEHTHBIX CJIOB ¥ BRIpaXKeHU . B IeficTBUTEIbHOCTH,
JUIS CpaBHEHM S, OITUCaHUsA pOTOKAMep CO/Ziep:KaT OOJIbIIOE KOJMYECTBO IMOAPOOHO-
cTeil 0 GYHKIMOHATHHBIX KadecTBaxX, CBOMCTBAX cCaMUX KaMep, KOTOPbIe He MOTYT
OBITH OCBOEHBI O3 3HAKOMCTBA C CaMOM TEMaTHUKOW U CO3ZaHUA ClIeUPUIECKUX
MIPaBWJI; YTO JIEJIAET TAKUE TEKCTHI CTIEUPUIECKUMU U OGIU3KUMU K TEXHUYECKUM
OIHCAHUSAM.

Tabnuua 4. Pe3ynbTaTel CEHTUMEHTHOW Knaccudurkaumm
Ha 3 knacca 610ros No TemaTrke «Punbmbl»

[9)
a -
- =T R S - I - S
@ =
Tl 2| 2 |8|85|F5|235/| B
= ?, = = 8 < o 8 | < Q
z 7 o O | A2 | B2 | == <
1 xxx-11 | film 3] 0,569 | 0,479 | 0,520 | 0,694
2 ATEX | film 3| 0,486 | 0,521 | 0,503 | 0,596 | c mpeAIOKEHU-
AMHA

3 xxx-0 | film 3] 0,505 | 0,477 | 0,491 | 0,627
4 xxx-7 | film 3| 0,566 | 0,429 | 0,488 | 0,360

[peanonokeHue o 6oyee OOIMIUX CEHTUMEHTHBIX MO/JIEIAX B TEMAaTUKaX QUIIb-
MOB, ITOJINTUKY ¥ DKOHOMUKH ITOATBEP:KAaeTcs TaKXKe B pe3yibTaTax Kiraccupuka-
oMy Ha 3 KJ1acca: CHUCTeMa 3aHUMAaeT BTOPYIO CTPOKY B TeMaTHKe GpUIbMOB, U IATYIO
U IIECTYI0 CTPOKU COOTBETCTBEHHO /Il TEMAaTHK KaMep ¥ KHHUT.

Ba)kHO OTMETHUTH, YTO CUCTEMA, OCHOBAHHAA Ha [IPABUJIaX B CPABHUTEIHHOM
aHanu3e 3HaYeHUH F-measure 1 Accuracy pe3yJbTaToB, II0OJIy9aeT BEICOKUI IIOKa3a-
Tesib F-measure Mpu OTHOCUTENIBHO O0Jiee HU3KOM 3Ha4YeHUU Accuracy. OTO TOBOPUT
0 60JIee paBHOMEPHOM MexaHU3Me K1accudUKaIUy TaKOH CUCTeMBI OTHOCUTENIBHO
JPYTUX CHUCTEM, OCOOEHHO TpHU YCJIOBUAX HecOaJTaHCUPOBAHHOU 0Oydaromiei BbI-
6OPKU BEepOATHOCTHBIX CUCTEM, KOTOPbIe IIPH TECTUPOBAHUY, IPEJIIOI0XUTETBHO,
ZIEMOHCTPHUPYIOT «IIepeKOC» Pe3yJIbTaTOB B CTOPOHY Haubosiee JaCTOTHOTO KJacca,
YTO IIPOABJAETCA B UX BBICOKOM 3HaUYeHUM Accuracy, HO HU3KOM 3HaueHuu F-mea-
sure OTHOCHUTEJIBHO CHCTEMBI, OCHOBAaHHOH Ha mIpaBuiax. C Apyroil CTOPOHHI, 9TO
XapaKTepu3yeT OTHOCUTEIBHO 6ojiee BBICOKYIO BOCIPOU3BOAVMOCTE Pe3yJIbTaToOB
nocjeHel Ha pa3JINnyYHbIX JaHHBIX.
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i vtrocTpanuy paboThl CEHTUMEHTHBIX ITPABUJI IIPUBOAATCSA IPUMEDHI pa-
60TBI CCTEMBI Ha IUTATAX U3 HOBOCTHEIX JIEHT. [lof4epKrBaHNEM Bbl/IeJIeHE! CJI0BA,
[IOJIyYUBIIME COOTBETCTBYIOUIYIO TOHATBHOCTh B pe3ysbTraTe pabOThI Bcel Hmocie-
Z0BaTeJbHOCTY CEHTUMEHTHBIX ITPAaBUJI U NTOBJIUABIINE Ha IIPABUJIbHBIN KOHEUHBIN
pesyJsbTart.

Tabnuua 5. Nprmepsl paboThl CUCTEMbI A8 UUTAT U3 HOBOCTHBIX JIEHT

Id oT- | Teker OO6umin

PBIBKa CeHTH-
MEHT

1049 «Ha laHHbII MOMEHT He BHXXY IePCIIeKTUBbI(—1) -1

HUKaKUX BOEHHBIX JIeMCTBUH 3a UCKIIOYEHUEM Mep

I10 3al[UTe JUIIJIOMaTUYeCKUX ITpeJicTaBUTeNel, a Takxke
CIIpaBe/INBOTO HaKa3aHUA OTBETCTBEHHBIX 32 ATy
yKacHyo akuio(—1)», — ckasan Tepuu.

1068 «JIbOpEeHTe BCe ellle IPUHAAIEKUT ATIETUKY U, IIOXOXKE, =1l
TOTOB UTrpaTh. BmpoueM, MBI Bce paBHO HoTepaAan(—1)
ozHoro ominuHoro(0) dyr6oaucrta(0) u xopouero(0)
yesioBeka(0)», — ckasazn bresica, Hamekasa Ha yxoz XaBu
MapTuHeca B MIOHXEHCKYI0 «baBapuio».

1108 «B nepuoz nocjie Haulel npeAplAyllel BCTpedu MUpoBas -1
5KOHOMUKA IO-TIpeKHeMY UCIIBIThIBaIa HeMaJsble TPYA-
HOCTU U IPOZIOJIKaeT NoABepraThCa pUcKaM NMajleHu;
¢dbuHaHCOBbIE PBIHKY OCTaIOTCsA(—1) HeCTabUIBHBIMU, TOT/A
KaK BbICOKMH ypoBeHb(—1) feduiinuTa rocceKTopa u rocy-
JlapCTBEHHOM 3a/J0JI’)KEHHOCTH B HEKOTOPBIX PAa3BUTHIX 3KO-
HOMUKAaX B 3HAYUTEJbHOHN Mepe CZepKUBaeT IIPOIECC BOC-

CTAHOBJIEHUA SKOHOMUKU», — OTMeYaeTcs B JOKYMEHTe.
1151 «E1e ogHa Tpara(+1) Ha mpoBeJieHUe caMMUTa — 0be- +1

criedyeHue 6e3onacHocTy. Ho eHpru nomin Ha obecreve-
HUeE cIercnyk6, obopyzoBaHue He 6yzeT BbIOpoineHo(0),
HO OyZleT UCIIOIB30BAHO AJIs IPOBEeHIUA YHUBEPCHAb

B Kazanwu, Onumnuazabl B Cour, Ha pOPYMBI «<BOCBMEPKHU»
U «ABajuaTku». Huyero He npomnazgaeT(0). Bee TpaTsl B 1ie-

JIoM abCOTIOTHO 060CHOBaHbI», — MOAYEPKHYI [y THH.
1188 KoHukypeHuus — He npobuema(+1) ayisa MeHA<...>. +1
7943 «[IpUHATH JAaHHBIN JOKYMEHT IO3BOJIWIIO MoBbImenune(+1) | +1

BO3MOXXHOCTEN MEUITUHCKUX YIPEXKIEHUN
110 JUATHOCTHUKE U JIEYeHUIO 3a00/IeBaHNI», —
KOHCTaTUPYIOT B 060POHHOM BEZIOMCTBE.




ATEX: a rule-based sentiment analysis system processing texts in various topics

5. BbIBOABI U JajibHelIasa paboTa

CucreMa, OCHOBaHHAas Ha IIpaBHJaX, HACTPOEHHAs Ha HOBOCTHBIX TEKCTaX
6e3 [IOTIOTHUTENbHON HAaCTPOUKHU U 0OyYeHUs, B CEHTUMEHTHOU KJaccupUKamuu
Ha 2 ¥ 3 KJjacca s pa3INYHBIX TeMaTHK JAeMOHCTPHPYET XOPOIINe pe3yJabTaThl,
CPaBHUMBIE C Pe3yJIbTaTaMU CHUCTEM, B TOM YHCJe OOyYeHHBIX Ha TEKCTaX COOT-
BETCTBYIOIIUX TeMaTUK. OCOOEHHO BBICOKHE IIOKAa3aTeJ{ IOJHOTHI, TOYHOCTH
u F-measure crucreMa ZeMOHCTPUPYeT, KaK U OXXHUAAJIOCh, B TeMaTHKe HOBOCTeH,
a TakXe B TeMaTHKe OT3BIBOB 0 GpuIbMax, 4TO XapaKTepu3yeT 0COOeHHOCTH BhIpa-
JKEHU A CEHTHMEHTA B [TOCIeIHe .

YucIoBEle IIOKA3aTeNl OLIeHKU I'OBOPAT O BBICOKOH BOCIIPOM3BOAMMOCTHU pe-
3yJIbTATOB CHCTEMEBI Ha PA3JMYHBIX TEKCTaX B Pa3/JUYHBIX TeMaTHKaX, IIPU OTCYT-
CTBUH TPEHUPOBOYHOIN pa3MeueHHOW BEIOOPKU U CBSI3aHHBIX C HEW OrpaHUYEHUH.

[Ipu 6osiee JeTaTbHOM HCCIEeJOBAaHUM PE3yJAbTaTOB B JajbHeHMUX paborax
HauboJiee TMOJIE3HOUW NpeAcTaBiseTcs MHGOpPMaLUA O cpaboTaBIIMX B XOZE CEH-
TUMEHTHOr'0 aHaJn3a MpaBuiax. DTO MO3BOJUJIO OB, BO-NEPBHIX, cHOPMUPOBAThH
CTATUCTUKY HanboJee JaCTOTHBIX MOJeJiell BEIpaXeHNA CEHTUMEHTA; BO-BTOPBIX,
OXapaKTepH30BaTh Pa3lNYHble TeMATUKU UCCIEIOBAHUSA C TOUKY 3pEHUA Cleludu-
YeCKUX IPUCYIIUX UM MoZesel, IpaBuj U JIEKCUKY; HaKOHeI], 3TO co3Zajo OblI oc-
HOBY /11 aBTOMAaTHUYEeCKOr'0 CO3/laHUA U JIEKCUUECKOT0 HAIlOJTHEHUs HeZJOCTAOMUX
IIpaBUIIL.

B pganpHelimeMm OyZeT IIOJNE€3HO, YYUTHIBAsA 3HAUUTENIbHBIM 06BEeM TEKCTOB
B HEKOTOPBIX TeMaTUKaX ¥ Ba)XHOCTb IOHATUA «HEHTPAJbHOTO» CEHTUMEHTHOTO
Kjlacca, HacTpauBaTh CHCTEMY C IIOMOIIbI0 MAIIMHHOTO 00ydeHUs. B kauecTBe
IapaMeTpOB CleZyeT UCI0Nb30BaTh KOTUIECTBO U, BO3MOXKHO, KAa4eCTBO ITOIOXKU-
TeJIbHBIX, OTPULIATENbHBIX U HeHTpaJbHBIX CJIOB B TEKCTe, 00pabOTaHHOM CHCTe-
MOH. B pe3ysnbrare cieAyeT ¢ IOMOILIBIO aJIrOpUTMa 00y4eHU A HaCTpauBaTh OO
CEHTHMEHTHBIN KJIacC, COOTBETCTBYIOUIUN BCeMy TeKCTy. Takoe [JOIONHeHHe II0-
3BOJIMJIO GBI, BO-IIEPBEIX, O0JIee YETKO ONpeeIATh TPAHUIY MeXy CEHTUMEHTHBIM
Y HeUTpaJIbHbIM TEKCTOM; BO-BTOPEIX, PA3rPAHUYMUBATD JeHCTBUTENIbHO HEUTPAIb-
HbIe TEKCTHl KaK He coZiepKallie CEHTHMEHT OT TEKCTOB, B KOTOPBIX YKa3bIBAIOTCS
ZOCTaTOYHO 3HAYKMBIE [T0JIOKUTEIbHEIE U OTPULlaTelbHEIE CTOPOHBI OlleHUBaeMOH
CYLIHOCTH.
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This paper contains an extended abstract of the invited talk presented, with
the same title, at Dialogue 2013, the 19th International Computational Lin-
guistics Conference. The presentation will cover several works carried out
at the Technical University of Catalonia (UPC) in collaboration with several
researchers and colleagues. | would like to especially mention the follow-
ing: Jesus Giménez, Meritxell Gonzalez, Lluis Formiga and Laura Mascarell.
Sincere thanks to all of them.

1. Introduction

Automatic evaluation of machine translation (MT) quality deals with computing
the similarity between a system’s output and one or several reference translations for
a given source text. Automatic machine translation evaluation metrics are not only
useful to provide a quality assessment for machine translation results, but also consti-
tute important guidance for machine translation development and tuning. One real
challenge in MT evaluation is that the similarity measure should be able to discrimi-
nate whether translation and reference texts convey the same meaning, so the com-
parison is at the level of semantic equivalence. Additionally, MT evaluation is an open
task, that is, there is not a unique good translation for a given source text. Instead,
a large number of variants can be usually considered correct translations or accept-
able to some extent. Indeed, translation correctness is not black and white, but a mat-
ter of degree. Finally, it is well known that translation quality aspects are diverse and
they complement each other (fluency, adequacy, grammaticality, etc.).

The first approaches to automatic MT evaluation were all based on lexical simi-
larity. Lexical measures (also called n-gram-based or string-based measures) work
by rewarding lexical matches between automatic translations and a set of manually-
produced reference translations. BLEU (Papineni et al., 2002) is the most popular
representative in this family, and has been widely accepted as a de facto standard
for years. However, it has been shown that lexical similarity is neither a sufficient
nor a necessary condition for two sentences to convey the same meaning (Culy and
Riehemann, 2003; Coughlin, 2003; CallisonBurch et al., 2006). Actually, the reliabil-
ity of lexical metrics depends very strongly on the heterogeneity and representativity
of reference translations. It has been shown that currently used lexical metrics have

! © 2013 European Association for Machine Translation.
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trouble distinguishing raw, inadequate machine translation output from fully fluent
and adequate translation obtained from them through professional postediting (Den-
kowski and Lavie, 2012). Note that lexical-based metrics are not able to capture the
syntax or semantic structure of sentences; therefore, they are not directly sensitive
to the improvement of machine translation systems on these aspects. Moreover, they
tend to favor statistical MT systems when compared to rule-based MT or other para-
digms in a particular data set.

2. Linguistically-motivated evaluation measures

In order to cope with the above mentioned issues, a number of authors have
suggested exploiting linguistic information beyond the lexical level to increase ro-
bustness. Some have used additional linguistic knowledge to extend the reference
lexicon. For instance, Rouge, Meteor and TER allow for morphological variations via
stemming. TER and Meteor may perform an additional dictionary-based lookup for
synonyms and paraphrases (Snover et al., 2010; Denkowski and Lavie, 2010). Russo-
Lassner et al. (2005), Zhou et al. (2006), Kauchak and Barzilay (2006), and Owczar-
zak et al. (2006) have also studied the use of automatically-generated paraphrases
to find potential phrase matchings.

In a complementary direction, Dreyer and Marcu (2012) introduced HyTER,
an edit-distance based metric designed to avoid the problem of comparing to a very
reduced set of references. In the HyTER approach, human annotations are used
to construct networks encoding a exponentially large number of meaning-equivalent
reference translations, and the similarity is computed over the whole set of translation
equivalents.

Other authors have suggested modeling language variability by directly compar-
ing the syntactic and semantic structure of candidate and reference translations. For
instance, Reeder et al. (2001) defined a similarity measure based on named entity
overlap. Liu and Gildea (2005) introduced several syntactic measures based on com-
paring head-word dependency chains and constituent subtrees. Popovi¢ and Ney
(2007) proposed a series of measures based on edit distance over parts of speech.
Owczarzak et al. (2007) presented a measure based on comparing dependency struc-
tures from a probabilistic lexical-functional grammar parser. Mehay and Brew (2007)
defined a measure based on combinatorial categorial grammar parsing which differs
from others in that it does not require the parse of the possibly illformed automatic
candidate translations, but only the parse of the reference translations. Kahn et al.
(2009) used a probabilistic context-free grammar parser and deterministic head-find-
ing rules. Chan and Ng (2008) presented MaxSim, a general framework which allows
for using arbitrary similarity functions between items, and to incorporate different
information in the comparison (dependency relations, lemmas, parts of speech and
synonymy lookup). Padé et al. (2009) suggested measuring the quality of MT output
through its semantic equivalence to the reference translation, based on a set of textual
entailment features. Finally, Lo and Wu (2011) introduced MEANT, a semi-automated
metric, which assesses translation utility by matching semantic role fillers.
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Over the last years, at UPC we have worked on the definition of generic MT evalua-
tion measures which include information at different linguistic levels, ranging from lex-
ical to syntactic and semantic (Giménez and Marquez, 2010b). This approach is based
on the assumption that measures at different levels capture different aspects of transla-
tion quality. So, rather than looking for the single best evaluation metric, we aim at com-
bining several partial measures to provide a richer and broader assessment of transla-
tion quality. A toolkit for MT evaluation, called Asiva has been developed to integrate
all previous measures (Giménez and Marquez, 2010a; Giménez and Marquez, 2010b).2

Although linguistically-enriched evaluation measures have shown good proper-
ties and higher correlation with human assessments at several MT evaluation cam-
paigns, they are not still widely adopted by developers and researchers when doing
real machine translation evaluations and comparisons. One of the actual problems
of such methods, compared to lexical metrics, is robustness. They can be unreliable
in certain situations, because they depend strongly on parsers or machine learning
algorithms which are trained on specific corpora and because these parsers may fail
when applied to the generally noisy text output by a translation system. From the point
of view of system tuning, another issue with linguistically-rich based metrics is their
high computational cost, which prevented them from being introduced in costly opti-
mization and tuning procedures.

3. Intelligent MT output and error analysis

In MT system development, a qualitative analysis of translation quality is a fun-
damental step in order to spot the limitations of a system, compare the linguistic abili-
ties of different systems or tune the parameters during system refinement, among
others. The need for analyzing and comparing automatic translations with respect
to evaluation metrics is also paramount for developers of translation quality mea-
sures, who need elements of analysis to better understand the behavior of their evalu-
ation measures.

Existing measures for MT quality evaluation, and especially those working
at higher linguistic levels, can be very useful for assisting a manual exploration
of MT output and its error analysis. At UPC, we have been working on this direction
by providing a web-based version of the Asiva evaluation toolkit, called Asiya ON-
LINE INTERFACE, which provides a graphical visualization and an interactive access
to the evaluation results (Gonzalez et al., 2012).

The benefits of the online interface are multiple. First, it facilitates the use of the
Asiva toolkit for rapid evaluation of test beds. Second, it aids the analysis of the errors
produced by MT systems under comparison by creating meaningful visualizations
of the information related to the evaluation metrics. The intermediate structures gen-
erated by the parsers used to compute the metric scores are priceless for MT develop-
ers, who can use them to compare the structures of several translations and see how
they affect the internal performance of the metrics, providing more understanding

2 Find the ASIYA toolkit available at the following URL: www.Isi.upc.edu/ "nlp/Asiya/
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in order to interpret the actual performance of the automatic translation systems. Fi-
nally, search capabilities have been also included into the Asiya ON-LINE INTERFACE
for an intelligent analysis of MT output and system comparison. The search module,
tSEARCH, is build on top of Asiva and connected to the AsiyA ON-LINE INTERFACE.
It provides a flexible query language, which allows to retrieve and export from the
test bed all the translation examples satisfying virtually any criterion related to the
evaluation measures (including a large number of alternative metrics, their numerical
scores, and any internal syntactic and semantic structure of their intermediate analy-
ses) and the MT systems under comparison.

Currently, there are no freely available automatic tools for aiding MT evaluation
tasks. For this reason, we believe that tSEARCH can be a very useful tool for MT system
and evaluation metric developers. So far, other related works in the field addressed
(semi)-automatic error analysis from different perspectives. A framework for error
analysis and classification was proposed in (Vilar et al., 2006), which has inspired
more recent works in the area, such as (Fishel et al., 2011). They propose a method
for automatic identification of various error types. The methodology proposed is lan-
guage independent and tackles lexical information. Nonetheless, it can also take into
account language-dependent information if linguistic analyzers are available. The
user interface presented in (Berka et al., 2012) provides also automatic error detec-
tion and classification. It is the result of merging the Hjerson tool (Popovic, 2011) and
Addicter (Zeman et al., 2011). This web application shows alignments and different
types of errors colored. In contrast, the Asrva interface and the tSEARcH tool together
facilitate the qualitative analysis of the evaluation results yet providing a framework
to obtain multiple evaluation metrics and linguistic analysis of the translations. They
also provide the mechanism to search and find relevant translation examples using
a flexible query language and export the results.

4. Quality Estimation

The term Quality Estimation (QE) refers to the task of estimating translation
quality in the absence of human reference translations (Specia et al., 2010; Callison-
Burch et al., 2012). That is, the only information available is that of the source and
translated texts and, possibly, some information on the translation system itself. This
problem was already introduced ten years ago (Blatz et al., 2003), with the term
Confidence Estimation, but it has not been until more recently that it concentrated
a broader attention from the community, with the creation of specific shared tasks for
evaluating QE systems and approaches under the umbrella of the WMT workshops
on Statistical Machine Translation (Callison-Burch et al., 2012).3

QE measures have a wide range of applications in practical MT system devel-
opment, analysis and usage. For instance, they can be useful for: system parameter
tuning, informing MT end-users about estimated translation quality, quality-oriented

3 The 2013 edition is also under development. Find more information at:
http://www.statmt.org/wmt13/ quality-estimation-task.html
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filtering of translation cases (e.g., to identify translations requiring manual post-edi-
tion, or to identify casual users’ post-editions that are useful for enriching the MT sys-
tem), selecting the best translation among a set of alternatives (e.g., in a system com-
bination scenario), etc.

Quality Estimation is usually addressed as a scoring task (Specia et al., 2009;
Specia et al., 2010), where some regression function predicts the absolute quality
of the automatic translation of a source text. QE has recently evolved towards two
separate subtasks consisting in scoring itself and ranking, where different MT outputs
for a given source sentence have to be ranked according to their comparative quality.
Results obtained so far on QE have been more satisfactory for the ranking approach
(Specia et al., 2010; Avramidis, 2012; Callison-Burch et al., 2012).

System ranking based on human quality annotations has been established
as a common practice for MT evaluation in shared tasks (Callison-Burch et al., 2012).
Therefore, training corpora are available for researchers to train ranking functions
with supervised machine learning methods to perform automatic ranking mimick-
ing human annotations. Learned models can be reusable, provided they are system
independent and based on a generic analysis (i.e., no system dependent features can
be used for training), and applicable to other sets containing any input and multiple
outputs. The applications of QE-for-ranking are diverse: from hybrid MT system com-
bination to their internal optimization and evaluation. The most popular practical
scenario of QE models (both rankers and regressors) consists of ranking alternative
MT systems’ outputs to predict the best translation at segment level.

It is worth noting that the research conducted in QE for training ranking models
from human annotations has always been done in controlled environments, consisting
of well-formed text with little presence of noise (such as News or EU Parliament acts).
However, MT in real life has to deal with a more complex scenario, including non-
standard usage of text (e.g., social media, blogs, reviews, etc.), which is totally open
domain and prone to contain ungrammaticalities and errors (misspellings, slang, ab-
breviations, etc.). An example of noisy environment is found in the publicly available
FAUST corpus* (Pighin et al., 2012b), collected from the 24/7 Reverso.net MT service.
This corpus is composed of 1,882 weblog source sentences translated with 5 indepen-
dent MT systems. The systems were ranked according to human assessments of ade-
quacy by several users using a graph-based methodology, obtaining considerably high
agreement and quality indicators (Pighin et al., 2012a).

At UPC we have studied the supervised training of QE prediction models from the
aforementioned FAUST corpus to rank alternative system translations. Our study fo-
cused on different aspects, such as: i) the typology of the problem (regression vs. bi-
nary classification), i) suitability of the learning algorithm, and iii) best combination
of features to learn. Results showed that is possible to build reliable QE models from
an annotated real life MT corpus. Concretely, correlation results are comparable to those
described in the literature for standard text. Furthermore, we also observed that com-
parative (ranked-based) QE models fit better to the system selection task (i.e. predict
always the best translation) compared to absolute (regression-based) QE models.

4 http://www.faust-fp7.eu/faust/Main/DataReleases
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1. BBegenue

Pycckuii v aHTJTUHCKUH OBLIY OZIHOM M3 TEPBbIX I3BIKOBHIX AP Ha 3ape UCCIIE/O-
BaHWH B 3TOH obsacTu MamuHHOro epesoza (MII) B 1950-x rogax [Hutchins2000].
C Tex mop mapagurmMbl MII TIOMEHSJINCh MHOTO pa3, MHOTHE CHUCTEMBI JJIsl 3TOU
SI3BIKOBOM TIaphl TOSBJISJINCH U UCYE3aJH, HO, HACKOJbKO HaM M3BECTHO, /0 CHUX
Iop He MPOBOAMIACH CHUCTEMAaTHUYeCKasi CpaBHUTENbHAs OIleHKHU cucTeM MII, aHa-
sorunuHass DARPA’94 [White et al., 1994] u 6osiee mo3gHUM MeponpuATusamM. CeMu-
Hap IO CTaTUCTHUYECKOMY MalIuHHOMY 1iepeBogy (Workshop on Statistical Machine
Translation, WMT) B 2013 rozy BriepBble BKJIFOYUJI PYCCKO-aHIVIMHCKYO Tapy B CBOIO
nporpammy.! Ha JaHHBIH MOMEHT 3Ta OIlEHKA ellle He MPOBe/ieHa, K TOMY JKe B ce-
MHUHape MPUMYT y4acTUe CUCTEMBI, OOyUYeHHbIE Ha JJAHHBIX, IIPEeJ0CTaBIEHHBIX OpP-
raHm3aTopaMu. 3a paMKaMU OIIeHKU OCTAaHYTCS CYI[ECTBYIOIIUE CUCTEMBI, B 4aCT-
HOCTU — CHUCTEMBI Ha OCHOBE MPABUJI U TUOPUIHBIE CUCTEMBI.

KammaHuu 1o OlleHKe UI'pPaloT Ba)KHYIO POJib B Pa3BUTHUM TexHosorui MIIL.
B mocsieiHee BpeMs OBLI IPOBEJEH P/ OTKPBITHIX KAMIAHU /JIS Pa3IUYHBIX KOM-
OGUHAIMI €BPONEHCKUX, a3UaTCKUX U CEMUTCKUX SI3BIKOB, cM. [Callison-Burch et al.,
2011; Callison-Burch et al., 2012; Federico et al., 2012]. B 5To#i cTaThe MBI OIIHMCHIBAEM
KaMIIaHUIO I10 OLleHKe aHIJIO-PYCCKOro MalIWMHHOTO IlepeBoza B pamkax POMUIT.

POMMII (Poccuiickuii cemuHap mo OrneHke MeTtozoB MHPOPMAIMOHHOTO
INoucka)? — ato poccuiickuil ananor TREC u pyrux UHUITUATHUB IO OL[EHKE 3a/a4
nHPOPMAIMOHHOTO MOUCKa. [1epBbIii IUKJI OIleHKU ObLI opranu3oBaH B 2002 rofy.
B Teuenue atux gecaru et POMUII opranusosas cepuio JOpOXeK I10 OLieHKe, BKJIIO-
yas KJIACCUYECKYI0 3aJady MOMCKA IO 3ampocy, 3aJja4i TeMaTHU4YecKon Kiaccudu-
Kaluy JOKYMEHTOB, BOIPOCHO-OTBETHOTO IIOMCKA, GOPMHUPOBAHUS CHUIIIIETOB,
aHaJM3a TOHAJbHOCTU TEKCTA, TOMCKA M300paKeHUH U T. I. B paMKax 3Tol JieATeb-
HOCTH OBLJIO MIOATOTOBJIEHO HECKOIBKO CBOOOHO pacpoCTpaHsieMbIX HAOOPOB ZaH-
HBIX, COZIEPKAIINX JOKYMEHTHI U OLIEHKU PeJIeBAHTHOCTH, CZleJITaHHBIE aCECCOPAMHU.
Poccuiickue coobIecTBa, 3aHUMArOIHeCsT MHPOPMAIITMOHHBIM ITOMCKOM U MalllWH-
HBIM IIEPEBO/IOM, UMEIOT JaBHUE CBSA3U, UX MPEJCTAaBUTENU TecHO obmatores. [1o-
3TOMY OBLJIO €CTECTBEHHBIM OPraHU30BaTh KaMIIaHUIO 110 ojeHKe MII B pamkax PO-
MMUII, ucnosnb3ys HaKOIJIEHHBIN OMBIT ceMUHapa. KpoMe Toro, Ba)XHOMU Iesibio Me-
ponpuATUs OblIa KOHCOMUAAIUSA TPYIII, pa3pabaThIBAIOIUX KaK CTaTUCTUYECKHE
cucteMmsl MIT (SMT), Tak u cucTeMbl, OCHOBaHHbIe Ha nnpaBuiax (RBMT).

OpHa u3 npobsieM s cucteM MII, paboTaOUIUX C PYCCKUM S3bIKOM, U JJIS
UX OLIEHKW — 3TO HEOOXOAMMOCTD UMETH JIEJI0 C OTHOCUTENBHO CBOOOAHBIM MTOPSI-
KOM CJIOB B MIpeJJIOKEHUH U Pa3BUTON MOpQoJoTHel. 3a cueT pa3BUTON MopdoIIo-
UMy PYCCKUX JIEMM MHOTO cjoBodopM (B cpezHeM 8,2 GOPMBI JIs CYIECTBUTEb-
HBIX, 34,6 — g miaronos [Sharoff et al., 2013]), 4To OC/IOKHSAET BHIpaBHUBAaHUE
Ha YPOBHE CJIOB [IPH CTAaTUCTUYECKOM ITOAXO0/E. JIUCTaHTHBIE 3aBUCUMOCTH CO3/a0T
JIOTIOTHUTEIbHBIE TPO6IeMBL, 0c0OeHHO g SMT-cucteM.

1 http://www.statmt.org/wmt13/

2 http://romip.ru
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Jlyisi oleHKY OBLJIO0 BEIOpAaHO OJHO HAINIpaBJeHUE TlepeBo/a (AaHTTIUHCKUI — pyc-
CKUii). Bo-TiepBbIX, /IS TOTO HaNpaBJIeHUsI HAM HaMHOT'O IIPOIile ObLI0 HAWTH acec-
COPOB, /IJIs1 KOTOPBIX 1IeJIEBOU A3bIK ABJISAETCS POAHBIM. BO-BTOPBIX, CUCTEMBI-Y4acT-
HUIBI B OCHOBHOM HUCIIOJIb3YIOTCS UMEHHO B 3TOM HalpaBjeHUU (llepeBo/ aHTIN-
CKUX TEKCTOB JIJI1 PYCCKOS3BIYHBIX [TOIb30BaTeelt).

2. /laHHBbIE

[lpu GopMHPOBAaHUM TECTOBOI'O KOPIIyca TEKCTOB MBI PYKOBOZACTBOBAJIUCH
ZBYMSA cOOOpakeHUAMU. Bo-IIepBBIX, U3BECTHO, YTO NpeAMeTHas 00JacTh U KaHp
TEKCTa BIUSIOT Ha KauecTBO epeBoga [Langlais, 2002; Babych et al., 2007]. Takum
06pa3om, MBI XOTeTH 06€CIEYUTDb XOTS ObI MUHUMaJIbHOE YKaHPOBOE Pa3HO0bpasue
TEKCTOB, BXOJANIUX B KOPITyC. BO-BTOPBIX, MBI XOTeJH HCIOIb30BaTh MCTOYHUKH,
JoITycKalollKe JajbHelIlee pacIpocTpaHeH e TeKCTOB 1o ulieH3uu Creative Com-
mons. B urore xopmyc 6511 cpOPMUPOBAH U3 IBYX HCTOYHHUKOB, COOTBETCTBEHHO —
U3 TEKCTOB /IBYyX KaHPOB. HOBOCTHEIE TEKCTHI OBLJIO COOPAHBI C AHITTMHACKOTO pas-
aena Wikinews®. ®opMaibHble TEKCTHl (pEryIaMEHTHI, HUHCTPYKIIUU, TOJOXEHUS,
odulKaIbHbIe ZOKYMEHTHI) ObL coOpaHbl U3 Beba ¢ MCIOIb30BaHUEM KAaHPOBOT'O
knaccudukaropa [Sharoff, 2010]. [Tocie npuMeHeHUs aBTOMaTHYECKO# Kiaccudu-
Kauuu ObLT IPOBeZIEH PYYHOI 0TOOP TEKCTOB.

HauasbHbIH KOpITyC coCcTOAN U3 8356 OpUTHHAIBHEIX JOKYMEHTOB 00IIUM 00b-
eMoM 148864 aHITHICKUX IpeAIoKeHUH. B kopiyce 6BLIN IpezCTaBIeHbl OPUTH-
HaJIbHBIE IOKYMEHTHI LIeJIMKOM, T. K. HEKOTOpbIe CICTEMEBI MOT'YT UCIIOIb30BATh JJIA
nepeBoJia KOHTEKCT IpeyoxeHus. Merounuk 100889 npeaoxeHnuit B kopnyce —
Wikinews; 47 975 npeznoxxeHUH OTHOCATCA K popMaIbHEIM TeKcTaM. Ilepssie 1002
MpeJIOKEHUA OB ONyOJIMKOBAHbBI 3apaHee, YTOOBI yYaCTHUKY MOIJIU alallTUPO-
BaTh CBOM CHCTEMBI K HCII0JIb3yeMoMYy dpopmaTy. Tak Kak KOPIIyC ObLI IOATOTOBJIEH
MIOJIHOCTHIO aBTOMATHYECKH, OH He JINIIEH edeKToB (HallprMep, 4acTO BCTpeYaeTcs
HEKOPpeKTHas pa3buBKa Ha NpeioxKeHusA, octaTku HTML-pa3MeTKHU U T.11.). Y4acT-
HUKH JOJDKHEL OBLIN IPUC/IATh OpraHu3aTopaM pyccKue repeBogsl 147 862 mpezio-
JKeHU! B Te4eHUe HeZleIU Nocle Ty OINKaIuK HCXOLHOT'O TECTOBOT'O KOpITyca.

[TpuMepsH! ITpeJIOKEHN TECTOBOr'O KOpITyca:

90237 Ambassadors from the United States of America, Austra-
lia and Britain have all met with Fijian military officers
to seek insurances that there wasn’t going to be a coup.

102835 Ifyou are given a discount for booking more than one person onto
the same date and you later wish to transfer some of the delegates
to another event, the fees will be recalculated and you will be asked
to pay additional fees due as well as any administrative charge.

3 http://en.wikinews.org/
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TeKCTHI B ICXOZHOM KOPITyce He OBLITH ZI0 9TOTO [lepeBe/IeHbl Ha PYCCKUH A3BIK,
T. €. CHCTEMBbI-yYaCTHUKY He MOIJIY 3apaHee UCII0b30BaTh [IEPEBOLI 11 00y YeHU .
Jig OmeHKM MBI BBIOpanu 947 «4UCTHIX» NPEJJIOKEeHUH (T.e. ¢ KOPPEKTHBIMU
rpaHunamu, 6e3 napasutHod HTML pasmeTku U T.11.), U3 HUX 759 — HOBOCTHBIX
u 188 — 13 popMaIbHbIX TEKCTOB.

DTU IpezIoXKeHUs IPUMepPHO PaBHEIMU IOPLUAMU ObLIM Ha3HAYeHE! AJIA IIe-
peBoZia TpeM IiepeBoAYMKaM (TlepeBoAYUK 1: mpezjoxeHusa 1-316; nepeBoAYUK 2:
317-632; nepeBoguuk 3: 633-947). [lepeBoAunky 1 1 2 COOOIIUIIN, YTO OHU MTOTpPa-
trtu oT 20 7o 30 yacoB Ha nepeBo/ Bcero 3aganus. Oba mepeBogvrKa COOOIUIIH,
YTO BpeMs, IOTpadeHHoe Ha IIepeBo/, OT/EIbHOr0 NIPeIoXKeHUA 3HaUUTeIbHO pas-
Jr4anock. B oTanune oT nepeBoza CBA3BHOI'O TEKCTA, JONOJHUTENbHAA CIOKHOCTD
BO3HHKAaeT 13-3a2 HeOOXOAUMOCTH [IEPEeKJII0YaThCA MEXAY TEMaMU ¥ IOHUMAaTh KOH-
TeKCT IIpejoKeHusA (llepeBoAYMKaM HMHOIZA IIPUXOANIOCH obpammarbesa K Habopy
JAHHBIX, COZlepKallleMy OpUrMHaIbHbIe JOKyMeHTE). [lepeBofuMK 3 He CMOT BBINIOJI-
HUTH IIEpeBO/| B CPOK, ITI03TOMY eMY IIpUHaAIeKaT TOJbKO 152 nepeBoja B TpeTbel
nopuuu. OcTanabHble Ipe/JIoKeHN A IlepeBe/leHbl AByMA YleHaMU OJHOM U3 I'PYyIII-
y4acTHUL. Bce 947 nepeBoZ0B NCNIOIB30BAINCh JJI1 aBTOMAaTHU4YeCKOH OlleHKHU Kaue-
cTBa 11epeBo/0B, 330 npeanokeHUH U3 947 ObLIM BBIOpaHBI JI pyYHOU orjeHKU (190
HOBOCTHBIX U 140 opManbHBIX TEKCTOB).

JIOIIOJTHUTEIBHO MBI CZlesIaTi OOBABIEHHUE B CIIMCKE PACCHIKY KOHKYPCa, HECKOJIb-
KHX OHJIaiH GopyMax epeBOAYMKOB U B rpymnax Facebook c mpocs6oii IpUHATH yyacTre
B KOJUIEKTHBHOM IlepPeBO/ie TECTOBBIX IIpeAIoxKeHUH Ha calite TranslatedBy.* CpaBHeHe
IpodecCHOoHATBHOTO 1 KOJJIEKTUBHOI'O IIepeBojia — TeMa OTJeIbHOI0 UCC/Ie[OBAaHMUA.

JlONIOJTHUTEIPHO OPraHU3aTOPHI IPeOCTABUIN YYaCTHUKAM JOCTYII K CJIeyI0-
LIMM pecypcam:

* 1M npe/yioXeHUU aHIJIO-PyCcCKOI'o IapajjielbHOr0 KOpIlyca, paclpocTpaHse-

Moro AHzgexcom (3TOT KopIryc uctosnb3dyercsa B WMT13)5;

* 119K npeasiokeHUN aHIJIO-PyCCKOI'0 IapasiiesbHOr0 KOpIyca U3 Pelo3UTOPHUA

TAUS.

DTu HAOOPHI ZAaHHBIX He CBA3AHBI C KOPIYCOM, KOTOPBHIH ObLI IOATOTOBJEH
B paMKaX KaMIIaHUU IO OlleHKe; 1eJIb 3TUX JONOJHUTENbHBIX JaHHBIX — CHU3UTD
[IOPOT y4acTHUA I TPYIII, KOTOPbIe He UMEIOT COOCTBEHHBIX JaHHBIX JJ0CTATOYHOT'O
o0beMa /I 9TOT0 HAaIIPaBJIeHNUA lepeBoza.

3. Py‘-IHaH M aBTOMaTH4YE€CKad OLl€HKa

OCHOBHO¥ ITPUHIIUI, KOTOPBIM MBI XOTEJIN PeaTn30BaTh B PyYHOU OLleHKe, — c/ie-
JIaTh OLIEHKY KaK MOYKHO OoJiee ITPOCTOM /IJISI aceccopa, a ee pe3y/IbTaThl — UHTEPIPeTH-
pyeMbIMH. MBI BEIOpaIN BADHAHT PAH)XXUPOBAHMSA CUCTEM Ha OCHOBE IIOIIAPHBIX CPaB-
HEHUH BapHuaHTOB ItepeBoza. TaKkoH II0AX0/ OTINYAETCS OT PAHICUPOBAHLSL HECKOTBKUX

4 http://translatedby.com

5 http://translate.yandex.ru/corpus
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BapHaHTOB IlepeBo/la aCecCOPOM — I10/IX0/la, KOTOPBIM UCIOIb3yeTCA B paMKax JKCIIe-
puMeHTOB 110 onieHke WMT. B ciryyae GOJIBIIOTO KOJIUYECTBA YYACTBYIONIUX CHUCTEM
aceccopbl KaXXZbIi pa3 paH)XUPYIOT TOJBKO YacTb BApUAHTOB IlepeBozoB. Ha ocHoBe
YaCTUYHBIX PAHI'0OB He BCerZia IIPOCTO MONYyYHUTh OJHO3HAYHOE IT0JIHOE PaH)XKMPOBaHUe
cucteMm [Callison-Burch et al., 2012]. Ha ocHOBaHMU TOMapHBIX CPaBHEHU TIPOILIE TI0-
CTPOUTH 00lllee PaHKUPOBAHUE, K TOMY JKe IOIlapHble CpaBHeHUs — boiee mpocTas
3azaya A aceccopa. OFHAKO TaKOM MeToZ IoApa3yMeBaeT OONBIINN 06BEM OLleHKU
(KOTOPBII BCe JKe OCTAeTCs IPHeMJIEMBIM B CJTydae HeOOIbIIOro KOIUYeCcTBa YIacTBYIO-
mux cucteM). Hinke MBI 06Cy»KaeM, KaK MOXKHO CHU3UTE 00beM PYYIHO OLIEHKH.

B HameM ciydae aceccoprl ZOJKHBI ObLIN Jies1aTh ITOIIapHble CpaBHEHUA JBYX
NIpeJIOKEHUH — I1epeBOZIOB YYACTBYIOUIUX CUCTEM — C 00Pa3IOBLIM IIEPEBOJOM,
BBIIIOJTHEHHBIM YeJIOBEKOM. Aceccop ZOJKeH ObLI BBIOpATh JIYYIINY U3 ABYX BapUaH-
TOB WJIM OTMETHUTH, YTO 00a BapHaHTa dKBHUBAJIEHTHEL. [Ipy 3TOM aceccop He BUZe
HUCXOZHOE IIpe/IJIoKeHHUe, a TOJIbKO YeJI0Be4eCKUl nepeBo/,.

Kak 6b10 cka3zaHo BbIle, 330 TECTOBBIX IPEAJIOKEHUM OBLIN 33/1€iCTBOBAHBI
B PYUYHO oljeHKe. VIcxogHas HUes COCToAIA B TOM, YTOOBI TeHepUPOBATh IIaphl IIpej-
JIOXKEHUH [ OLleHKU JMHAMUYecKU A ONTUMHU3aluHu o6beMa oreHKU. K coxa-
JIEHUIO, OrPAaHUYEHHUA UCIO/Ib3YEMOT0 UHCTPYMEHTA OLIEHKU He I03BOJIWJIN peasu-
30BaTh TaKOM ciieHapuil. Mbl GBI BHIHYXK/EHBI IPDOBOJUTH IIOJHOE CpaBHEHUE —
28 map Ha oZHO TecToBOe IpeAyoxeHUe (A 8 cucTeM, yYacTBOBABUIUX B PyYHOU
oleHKke). Mi3HavaIbHO 3aa4H 110 OlieHKe OBLIN paciipe/iesieHbl Mex Ay 11 aceccopaMu
(mo6poBoJIBIIAMHY U WiIEHAMH YYaCTBYIOIUX B KAMIIAHUY KOMaH/) ¢ HeGOIbIINM I1e-
PeKphITHEM. 3aZlaHHU 110 OLIEHKe OBLIN pacipe/iesieHbl TAKUM 06pa3oM, YTOOHI Bce Ba-
PHaHTHI IIepeBo/ia OZHOTO NPeJJI0KeHHA OLIeHUBAJINCh OJHUM aceccopoM, 4To IpeJ-
TIOJIOXKUTEJIBHO JI0JIXKHO IPUBOAUTH K O0JIee COIIacOBAHHOMY PaHKUpoBaHuio. Hezo-
CTaTOK TaKOTO IT0ZIX0/la — B TOM, YTO WIEHBI yYaCTBYIOLUIMX KOMaH/ OLIeHUBAIOT, B TOM
qICIe, pe3yIbTaThl paboThl «CBOUX» CUCTeM. He3aZlo/Iro 1o cpoka OKOHYaHUA OLeHKU
HEKOTOPHIE aceccopbl COOOIUIMIIN, YTO He CMOTYT 3aKOHUUTH OLIEHKY BOBpeMs. HeBEHI-
TIOJTHEHHBIE 3a/IaHUs ObLIN TlepeHa3HaYeHbl [PYTUM aceccopaM; JOTOJTHUTENBHO TPU
HOBBIX aceccopa MPUCOeJUHUINCH K olleHKe. TakuM 06pa3oM BCEro B OIeHKE MPH-
HAMO y4acTue 14 denoBek. [lepeBozibl 60 TECTOBBIX MPEAIOKEHUM OBLIU OleHEHBI
C ZIBOIMHBIM IlepeKpHITHEM (TaKUM o6pasoM, 411 60x28=1680 nap y Hac ecTh pellle-
HUe ABYX aceccopon). ObImnit 06beM olfeHKH cocTaBu 10920 momapHBIX CpaBHEHUH.
ITo coobIIeHNAM aceccopoB, Ha OLIEHKY OAHOM mape! yxoauio oT 30 10 90 cekyH, TpU
JTOM [/ OL[eHKU HEKOTOPBIX CJIOXKHBIX MPeIOKEHUT TPebOBaIOCh 10 5 MUHYT.

JlJIs OLIeHKH MBI UCIIOJIb30BAIM MHOTOQYHKIIMOHAIBHBIN MHCTPYMEHT OLEHKU
MaurmHHOro epeBozia TAUS DQF B peskuMe «ObICTpOe cpaBHEHUEe» (quick comparison).®

Ha ocHoOBe OlleHOK aceccopoB CHCTEMbI MOXXHO PaH>KMpPOBaTh A KaKJOTo
NIpe/JIOKEHN U3 TeCTOBOro Habopa. B ciydae paBeHCTBA OYKOB PaHTU yCpeLHA-
Jnuck. Hanpumep, Tak BEIMIAAAT PAHTH, €CIU CUCTEMBI HA TO3ULUAX 2—4, 7—-8 UMEIOT
paBHOE KOJIMYeCTBO OYKOB:

1333567757175

6 https://tauslabs.com/dynamic-quality/dqf-tools-mt
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Jlis IosydeHus o0Iero paHKUPOBAHUS CUCTEM PAHTH Ha YPOBHE MpeJIoxKe-
HUU yCPEAHSIUCH TI0 BCEM MPEJIOKEHUAM.

I[MocJie TOro, KaK MBI TOJIYYMJIU BCE MIONIapHBIE CPaBHEHU S BADUAHTOB ITEPEBO/IA,
MBI CMOIJIA TIPOBECTU MO/IETUPOBaHUE AUHAMUYECKOTO GOPMHUPOBAHUS Map A
CpaBHEHUS U MIOHSATh, KAKOH 06'b€M OIEHKU MOXKHO COKOHOMUTH C UCIIOJIb30BAHUEM
TaKOW MEeTOAMKU. VIZiess COCTOUT B TOM, UTOOBI CHaYasIa MOJIYYUTh IPEABAPUTETHHOE
PaH)XHUpOBaHUeE cUCTEM (HalpuMep, Ha OCHOBE aBTOMAaTHYECKUX METPHUK), & TOTOM
COPTHUPOBATh 3TOT «MaCCUB MPE/JIOKEHUM» C MOMOIIBIO aJrOPUTMa COPTUPOBKU
BCTaBKaMU (MJIM €r0 BAPUAHTA C UCIIOIb30BaHUEM OMHAPHOIO TIOMCKA).

B gomosiHeHME K PYYHOH OlLIEHKEe MBI TaK)Xe 3alyCTHUJU aBTOMAaTUYECKYIO
OLIEHKY, UCIIOJIb3Y4 ceaytonre MeTpuku: BLEU [Papineni et al. 2001], METEOR [Ba-
nerjee and Lavie, 2005], TER [Snover et al., 2009] u GTM [Turian et al., 2003]. BLEU
1 METEOR MOryT paccMaTpUBaThCSA KaK METPUKH OJIM30CTH MAIIMHHOTO TIEpeBO/a
o6pasioBomy; TER u GTM aeMOHCTpUPYIOT 60Jiee BBHICOKYIO KOPPEJISIUI0 C 00b-
€MOM HeobOXoZuMoro nocrpesaktupoBanus [O’Brien, 2011].

4. Pe3yinbTaThl

MBI HOJNy4YUIM pe3yabTaThl OT IATHU yYaCTHUKOB, ZiB€ KOMaH/bI IpUCIATU
110 ABa nporoHa. TakuMm o6pasoM, B CyMMe y Hac ObLJIO CEMb IIPOT'OHOB /IS OLeHKU
(o603HaveHs! P1..P7 B JaHHOM OTYETE), CM. KpaTKOe onucaHue cucteM B Tabi. 1. Kak
BH/IHO U3 TabINIIBI, B KAMIIAHUY IPUHAIN yIacTHe KaK IIPU3HAHHBIE TPYIIITEL U3 HH-
LYCTPUU U aKaZleMIUYeCKUX OpPraHU3aLNH, TaK ¥ MOJIOZbIe KOMaHZBL. B onjeHKy ObLIN
BKJIIOYEHBI TaKJKe IlepeBoZbl 947 TeCTOBBIX IIpeJIOKEeHNH YeThIpeX OHJIaliH CUCTeM
(o603HaveHs! B otyere OS1..0S4). TakuM 06pa3om, B aBTOMaTHUYECKOM OLIEHKE y4a-
cTBoBaJsIo 11 IPOrOHOB, B PYYHOU — BOCeMb (YeThIpe OHJIAMH CUCTEMBI U YeThIpe
CUCTEMBI-y4aCTHHUIIBI; B PYYHOH OlleHKe He y4acTBOBaIu Iporoxsl P3, P6 u P7).

Tabnuua 1. YqactHukn ROMIP MTEval 2013

ID KpaTkoe onncaHue CUCTEMBI

P1 Compreno (ABBYY)
http://www.abbyy.ru/science/technologies/business/compreno/

P2 Pharaon (aHOHUMHBIH yYaCTHHK)

Cucrtema Ha ocHoBe Moses SMT, ncnonb3oBaHbl kKopryca AHzaexca u TAUS.
P3,4 Balagur (Illkosa aHasmu3a JaHHBIX)

Cucrema Ha 6a3e MOSES, ucnonb3oBan kopmyc IHgekca (1M) 1 HOBOCT-
HO¥ Koprryc (200K), cobpaHHBIH [T0 HOBOCTHEIM CaiiTaM.

P5 DTAII-3 (UIIIIU PAH)

CucreMa mmepeBo/ia Ha OCHOBE ITPABUJL, UCIIOJIb3YET COCTAaBI€HHBIA BPY Y-
HY!0 cyoBaph npumepHo co 100000 BxozoB [Boguslavsky1995]

P6,7 Pereved (M®TH)

Cucrema ocHOBaHa Ha Moses ¥ HaTpeHUPOBaHa HAa NapaJlyIeIbHbIX
Tpe/JIoKeHUAX, U3BJIeYeHHbIX U3 VIHTepHeTa.
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Tabnuua 2. Pe3ynbTaTel aBTOMATNYECKOW OLEHKN

MeTtpuxka/ID | OS1 | OS2 | OS3 | OS4 | P1 P2 P3 P4 P5 P6 P7

Bce (947 nipeioxeHUH)

BLEU 0,150 | 0,141 | 0,133 | 0,124 | 0,157 | 0,112 | 0,105 | 0,073 | 0,094 | 0,071 | 0,073
METEOR 0,258 (0,240 | 0,231 0,240 | 0,251 | 0,207 | 0,169 | 0,133 | 0,178 | 0,136 | 0,149
TER 0,755 | 0,766 | 0,764 | 0,758 | 0,758 | 0,796 | 0,901 | 0,931 | 0,826 | 0,934 | 0,830
GTM 0,351 0,338 (0,332 0,336 | 0,349 | 0,303 | 0,246 | 0,207 | 0,275 | 0,208 | 0,230

HoBoctu (759 npeajioxeHui)

BLEU 0,137 0,131 | 0,123 | 0,114 | 0,153 | 0,103 | 0,096 | 0,070 | 0,083 | 0,066 | 0,067
METEOR 0,241 | 0,224 | 0,214 | 0,222 | 0,242 | 0,192 | 0,156 | 0,127 | 0,161 | 0,126 | 0,136
TER 0,772 0,776 | 0,784 0,777 | 0,768 | 0,809 | 0,908 | 0,936 | 0,844 | 0,938 | 0,839
GTM 0,335 (0,324 | 0,317 0,320 | 0,339 | 0,290 | 0,233 | 0,201 | 0,257 | 0,199 | 0,217

Tabnuua 3. PaHxypoBaH/e CUCTEM Ha OCHOBE PYYHOW OLIEHKM
(yCpeaHEHHbIe paHr, OT IYYLLIVX K XYALLM CleBa Hanpaso)

Bce (330 npeaioxeHuit)

0S3 P1 0OSs1 082 0S4 P5 P2 P4

3,159 3,350 3,530 3,961 4,082 5,447 5,998 6,473
Hosoctu (190 npeaioxeHmii)

0S3 P1 0OS1 0S2 0S4 P5 P2 P4

2,947 3,450 3,482 4,084 4,242 5,474 5,968 6,353
®opmanbHbie TekeThl (140 nmpeasoxeHUH)
P1 0S3 0OS1 0S2 0S4 P5 P2 P4
3,214 3,446 3,596 3,793 3,864 5,411 6,039 6,636
IIpeaBapuTeIbHOE pAaHXXKHMPOBAaHHE, CODTHPOBKA BCTaBKaMH
P1 0Os1 0S3 082 0S4 P5 P4 P2
3,318 8,327 3,588 4,221 4,300 5,227 5,900 6,118
IIpeaBapuTeIbHOE pAaHXKUPOBAHUE, COPTHPOBKA OMHAPHBIMH BCTaBKaMH

0s1 P1 0S3 0S2 0S4 P5 P2 P4

2,924 3,045 3,303 3,812 4,267 5,833 5,903 6,882

Tabs. 2 CcoAepXUT 3HAYEeHUs aBTOMATUYECKHUX MeTPUK JJf BCEX IIPOTOHOB
Y4YaCTHUKOB U YeThIpeX OHJIalH cucTeM. [To aBTomMaTnyeckum metprukam OS1 nuau-
PYET Ha [T0JIHOM Habope TeCTOBBIX IPeJIOKEHNH U Ha ITPeJIOKEHNAX GOPMaIbHBIX
JIOKyMEeHTOB, P1 ieMOHCTpUpyeT JIy4lIui pe3yabTaT Ha Ipe/lJIoKeHUAX HOBOCTHBIX
ZIOKyMEHTOB.

VToroBoe paHXMpOBaHHE CUCTEM Ha OCHOBE PYUYHOH OIIeHKHU IIpe/CTaBJIeHO
B Tab:x. 3. BHYTpH Tpex Irpyln YYaCTHUKOB Pa3HUIIA MEXKAY yCPeJHEHHbIMU paH-
raMu CTaTUCTUYeCKU He3HauuMa (T10 t-TecTy Yaa4a, ypoBeHb 3HauuMocTU p=0,05):
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(0S1, 083, P1), (0S2, 0S4) u (P2, P4). Cucrtema P5 pacrnonaraeTrcsa MexXy Hocaes-
HUMH ABYMA rpynnamMu. PaHXupoBaHue CUCTEM COXPaHAeTCA Ha IOZAMHOXeCTBax
TEeCTOBOro Habopa, COOTBETCTBYIOIIMX HOBOCTAM U (GOPMaTbHBIM JOKYMEHTaM.
B oTsiuMe OT paH)XHMPOBaHUS Ha OCHOBE aBTOMAaTH4ecKux mMeTpuk (Tabis. 2) OS3
BXOZUT B TPOHKY JIUZEPOB IO pe3ysibTraTaM PyYHOH OIeHKHU. AHAJOIUIHEIM 0b6pa-
3oM P5 panxupyeTca Brille, yeM P2 1o pe3ysnbTaTaM py4YHOH OLIEHKHU, B TO BpeMs:
KaK aBTOMaTHYecKue METPUKU PacCIoaraloT 3TU CUCTEMBl B 0OpaTHOM HOpSIKe.
OTo HabIIOZeHUe ellle pa3 IOATBepXkZaeT GakT, YTO aBTOMAaTHYeCKHe METPUKU
CUCTeMaTHU4YeCKH HeJOOLleHUBAIOT KayecTBO cucteM MII, ocHOBaHHBIX Ha IpaBUJIax
[Béchar et al., 2012].

HuxHss vacth Tabi. 3 COAEPKUT pe3ysiabTaThl MOJAEIUPOBAHUS PYyYHOU
OLleHKU CHCTEM C AUHAMHYEeCKMM (QOpPMUPOBAaHHEM IIap INPeAJOXEHUN Aid
oueHKHU. CHCTeMBI OBLIN NIPeBAPUTENbHO OTCOPTUPOBAHLI HA OCHOBE METPUKU
NIST (cm. Ta6u. 2). [Tocie 3TOro BapUaHTHI IEPEBO/A /1JIS1 OZHOTO TECTOBOI'O Mpe/-
JIO’KeHUS OBIM PaHXXHUPOBAHEI C IOMOIIBIO AJTOPUTMA COPTUPOBKH BCTaBKaMU
Ha OCHOBE MMeEIOIIUXCA PYYHBIX OLIEHOK Iap. B pe3ynbTaTe MBI IOJTYYUIU paH-
J)KMpOBaHMe CHUCTeM, HEeCKOJIBKO OT/JIMYalrolleecsa OT pPaHXMPOBaHUA Ha OCHOBE
IIOJIHOT'0 Habopa OIIeHOK, T.K. IPU COPTUPOBKE MBI He HCII0JIb30BAIH «yCpeJHEH-
Hble» paHTu.” [Ipu 9TOM paHXUpPOBaHUE MOXXHO CYUTATh UAEHTUYHBIM — C TOY-
HOCTBIO /10 B3aUMHOTO PACHOJIOKEHUA CTATUCTUYECKU PA3JIMYHBIX 2Py CUCTEM.
[TpenmyIecTBO TaKOr'o IOAX0Za B TOM, UTO AJIA paHXUPOBAaHUA HaM J0CTaTOYHO
cZiesaTh CyIleCTBEHHO MeHbllle ITONIapHBIX CpaBHeHUU. B ciydae kjaaccuyecKon
COPTHUPOBKH BCTaBKaMH HaM noHazobunoch 5131 cpaBHenwuit (15,5 Ha ofHO Te-
CTOBOE TpeAioXeHue; 56 % moaHoro Habopa MomapHbIX cpaBHeHU# A 330 Te-
CTOBBIX IIPEJJIOKeHUN U 8 cucTeM); COPTUPOBKA OWHAPHBIMU BCTaBKaMU IIOKa-
3asa cebs eme nyyuine: 4327 cpaBHenui (13,1 Ha npeasioxenue; 47 % OT MOJTHOTO
Habopa cpaBHeHUH). [IpeAIIOI0OKUTETbHO, 06'beM OLIEHOK MOXXHO CHHU3UTH elle
6osblile, eCIU NpeJBapPUTENbHO PAHXHUPOBATH CUCTEMBl Ha YPOBHE OTZAENbHBIX
pesoXKeHNH.

[TokasaTesu coryiacus aceccopoB aHAJIOTMYHBI ITOKa3aTesAM IIPU paHKUPOBa-
HUU BapuaHTOB nepeBoga [Callison-Burch et al., 2012; Callison-Burch et al., 2011]:
k=0,34, 0=0,48. CornacoBaHHOCTb IIOBBIIIAETCSA, €CIAU MBI PACCMOTPUM TOJIBKO
CpaBHEHHUA TpeX JYyYIIUX CUCTEeM C OCTaJbHBIMU (T.e. HE YUYUTBIBa€M CpaBHEHUA
BHYTpHU rpynm): a.=0,53. AHaJIOTMYHO, COIJIACOBAaHHOCTD I1aZjaeT, €CJU Mbl YUUTHI-
BaeM TOJIbKO CpaBHEHUsA BHYTPU I'PYIIBI Tpex Jydlmux cucreMm: k=0,23, a=0,33.
OTHU pe3y/nbTaThl COIVIACYIOTCA C JAHHBIMM O HU3KOM COIVIACOBAHHOCTU aceccopoB
B clydyae OLIEHKU CHCTEM IIpMMEpHO ofuHaKoBoro ypoBHA [Callison-Burch et al.,
2011].

7 Takoe UTOrOBOE PaH)XUPOBaHUeE He ABJIAETCH ITIOJHOCTHIO HE3aBUCUMBIM OT METO/a IIpe/-
BapUTEIbHON COPTUPOBKHY cucTeM. Hanpumep, eciiu mpeiBaprTeIbHAA COPTUPOBKA CHUCTE-
MaTHU4YeCKU PAaHXXHUPYeT OAHY CUCTEMY U3 ABYX BHIIIE, a PyYHAs OIleHKa CHCTeMaTU4YeCKH
CYUTAET UX PABHBIMH, TO B UTOI'OBOM PAaHXMPOBAHUU COXPAHUTCA IOPAZOK IIpeBapU-
TeJIbHON COPTUPOBKH.
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5. 3axkjarodyeHHue

OTO OBUI TIEPBBIN OINBIT CUCTEMATHUYECKOW CPAaBHUTETHHOM OLIEHKU CUCTEM Ma-
IMIMHHOTO TIEPEeBO/A s HATIPaBJIEHUs aHIVIMHACKUNA — PyCcCKU. B OyayiieM MbI I1a-
HUPYEM TTOCTPOUTH HOBBIM TECTOBBIHM KOPITYC ¢ H60Jiee IMUPOKOH KaHPOBOH MaTUTPOM.
MEI nocTapaeMcs ZOTOJHUTD OLEHKY HalpaBjeHHEeM IIePeBOJia PYCCKUN —> aHIVINH-
CKUH. MBI Ha/leeMCcs IpYBJIeYb OOJIbIIE YIACTHUKOB, B TOM YHCJIE MeX/YHAPOAHBIX,
U IIJIAaHUPYeM IOATOTOBUTH «JIETKYIO BEPCHUIO» JOPOXKKHU AJIA CTYZLEHTOB U MOJIOZABIX
uccnegopareneii. Takke MBI paCCMOTPUM NIPOOIeMy aZianTalluy aBTOMAaTHYeCKUX
MeTPHK OIIeHKU K PYCCKOSA3BIYHBIM JAaHHBIM. Takas MeTpHKa JO/DKHA YIUTHIBATH
Pa3BUTYIO PYCCKYI0 MOPOJIOrHIO U CBOOOJHBIM MOPAJOK CJIOB, O YeM T'OBOPUJIOCH
Bolme. C 9TOH LiesbI0 MBI IVIAHUPYEM KCIIONb30BaTh AaHHble PYYHOH OIeHKH, CO-
6panHble B 2013 rozy.

TecTOBEI KOPITyC, TpodeCcCHOHATbHEIE IIePEeBO/bL, IEPEBOABI CUCTEM-YYaCTHHUI]
¥ JaHHBIE PYYHOH OLIeHKY OyAy T JOCTYIIHBI IO azpecy http://romip.ru/mteval /data/.

biarogapHocTu

MpbI X0Teu 6B T06IaroJapruTh BCEX TIEPEBOYMKOB M aCECCOPOB, a TAKKE AHHY
LIpIraHKOBY — 3a KOOpAWHAIMIO TpoeKTa, Makcuma I'youHa u Mapuny HekpecTbsi-
HOBY — 3a IIOMOII[b B OpraHu3anuu. Msl 61arogapasl KomnanusaM dHzgexc u ABBYY,
KOTOpBIE IPUHSJIN aKTUBHOE yYaCTHe B ITOJIOTOBKE MEPOIIPUATHSA U B3JIU Ha cebs
4acTh PacXOZO0B, CBA3aHHBIX C IIPOBEJIEHNEM OLIEHKU.
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While mainstream semantic parsing mostly consists in word sense disam-
biguation, semantic role labeling and assigning WordNet/FrameNet cat-
egories, deeper NL understanding requires much more. It includes under-
standing of the meaning of words, extralinguistic knowledge and is based
on a more intricately elaborated representation of this meaning than that
provided by standard resources. For example, the semantic model should
not only know that ask for, implore and demand belong to the same RE-
QUEST frame. It should also formally represent the very idea of an incentive
speech act (e.g. ‘XtellsY that he wants him to do Z’) and even the difference
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between such request varieties as represented by the words listed. Our aim
is to build a semantic analyzer supplied with this kind of semantic knowl-
edge and capable of constructing semantic representations that convey
this knowledge and can be used for inferences. However, before construct-
ing a parser, one should define the target representation. The focus of this
paper is to propose a semantic representation richer than usually consid-
ered. Since the depth of representation is an important decision in lan-
guage modeling, the topic deserves a detailed discussion. Our paper dem-
onstrates selected NL phenomena untreatable by state-of-the-art parsers
and semantic representations proposed for them.

Key words: semantic representation, ontology, Meaning-Text Theory, for-
mal sense representation, lexical functions, semantic parsing

1. Introduction

Mainstream shallow semantic parsing mostly includes named entity recogni-
tion, word sense disambiguation, semantic role labeling and assigning WordNet/
FrameNet categories (e.g. Shi, Michalcea 2004). For example, the sentence

(1) Messi scored a goal
is typically assigned a semantic representation of the type
(2) A person named Messi is the agent of a GoalEvent’.

Deeper NL understanding requires much more. In should include understanding
of words’ meaning, take into account available world knowledge and, ideally, involve
as much inference as possible. In a sense, the level of text understanding is deter-
mined by the amount of inferences the cognitive agent can make. For sentence (1)
such an understanding would include at least the following explicit data:

(3) (a) ‘Messi is the captain of the Argentina national football team and a player
of FC Barce-lona’ [encyclopedic knowledge],

(b) ‘Messi hit the ball, which resulted in the ball being located in the goal of the
opposite team; as a result, the score of the team for which Messi was play-
ing increased by 1’ [linguistic knowledge: the explicit interpretation of the
expression score a goal].

To obtain this level of understanding, one should have access to both linguistic
and world knowledge and have an inference engine.

A project aiming at this type of semantic analysis has been initiated at IITP RAS.
The ultimate goal of this project is to build a broad coverage semantic parser. In this
paper, however, we will focus on one aspect of this work — the appropriate semantic
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representation and its depth. As opposed to usual routine of discussion we will pro-
ceed bottom-up rather than top-down: instead of describing a semantic language and
illustrating it by linguistic examples, we will depart from some non-trivial linguistic
phenomena which are rarely (if ever) tackled by existing semantic parsers and show
how they are represented in our language (Section 2). This material is worth discuss-
ing because the depth of representation is a crucial decision in language modeling,
which should be taken irrespective of the way in which the parser processes the text.
Logically, the target representation precedes the construction of the parser. Once
we decide on the range of linguistic phenomena to be covered and devise a formal
representation for them, we can choose a strategy of parser building. Our strategy
is primarily rule-based. Obtaining semantic representation of the kind proposed be-
low entirely by machine learning methods would require large annotated corpora,
which are difficult and expensive to produce. A rule-based system may be viewed
as a convenient step towards semi-automatic creation of such a corpus. On the other
hand, we believe that knowledge-intensive methods have important advantages over
data-driven ones, as far as the transparency and explanatory power is concerned.

Although the main contribution of the paper is theoretical, the feasibility of the
representations proposed is confirmed by their being based on the available resources
(a lexicon, an ontology, a rule-based engine) that we briefly describe in Section 3.
In Section 4 we will present related work, and conclude in Section 5.

2. Selected issues of semantic analysis
2.1. Normalization and paraphrasing

Semantic analysis rules operate on Normalized Syntactic Structure and produce
Basic Semantic Structures (SemS, see Section 3 below). One of the first tasks that
should be done is the canonization. It includes restoring subjects of non-finite verbs
(Iwant to run — I want: I run), processing of ellipsis, comparative constructions and
the like. We will illustrate one canonization pattern: elimination of semantically void
collocates. This operation is performed by means of a paraphrase generator based
on Lexical Functions (LF) (Mel'¢uk 1996; Apresjan, Cinman 2002). The paraphrase
generator is a system of rules relying on a rich dictionary of lexical functions. In the
semantic analyzer, the generator reduces sentences containing collocate LFs to the
canonical form without these LFs. Some examples are:

@ -3, ©® - (), & —> (9.

(4) John has respect for his teachers / John’s teachers enjoy his respect / John treats
his teachers with respect

(5) John respects his teachers

(6) The police gave the protesters an order to disperse / The protesters were ordered by the
police to disperse / The protesters received an order from the police to disperse.



Semantic representation for NL understanding

(7) The police ordered the protesters to disperse.

(8) The experts should submit / prepare / make / produce a report on chemical
weapons.

(9) The experts should report on chemical weapons.

Strictly speaking, the sentences in these pairs are not fully synonymous. How-
ever, the semantic representation we are striving at does not aim to account for all
subtleties of meaning. The level of granularity of semantic representations should
be determined by the task for which they are constructed. The immediate objective
of our semantic representations is to support inference. For this aim, semantic differ-
ences that can be observed in these pairs are not relevant. Should an application re-
quire finer-grained representations, paraphrasing rules should be made more precise.
An example of a subtler representation is given in the next section.

2.2. Semantic definitions of NL words and ontology concepts

Deep NL understanding requires much more elaborated meaning representa-
tion than that provided by standard resources. For example, semantic parsers based
on FrameNet annotate verbs like ask for, implore and demand by relating them to the
same REQUEST frame. It is true that all the three verbs have the same set of roles. The
generalized frame REQUEST allows us to capture this similarity, but we also want
to preserve the knowledge about their difference. First, one should make explicit the
very idea of the incentive speech act (e.g. ‘X tells Y that he wants him to do Z’). This
should be made in a formal language so that it could be used for inferences. Second,
since our ultimate aim is to model natural language as fully as possible, it is desir-
able to account for the semantic difference between the varieties of this speech act.
There exist many NL speech act types in which the agent informs the addressee that
he wants the latter to do something.

Below, we give definitions of three of them: ask (as in He asked to open the
window), implore (as in They implored her to help) and demand (as in She demanded
an explanation). Roughly, the difference between ask and demand is that the one who
is asking does not think that the addressee is obliged to fulfill the request, while the
one who is demanding assumes that the addressee must do it. Imploring adds to ask-
ing the idea that fulfilling the request is very important for the agent so in persuading
the addressee to do it he tries to affect his feelings. In the definitions, variables are
marked with the ? sign. For brevity, the ontological class to which the variable belongs
is encoded by the name of the variable.

(10) ask for (?Agentl,?Agent2,?Action) [="?Agent1 tells ?PAgent2 that he wants him
to do ?Action; ?Agent] does not think that ?PAgent2 must do ?Action’]
hasAgent(Tell,?Agentl)
hasRecipient(Tell,?Agent?2)
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hasObject(Tell,Want)
hasSubject(Want,?Agentl)
hasObject(Want,?Action)
hasAgent(?Action,?Agent?2)
hasScope(Negation,Opinion)
hasSubject(Opinion,?Agentl)
hasObject(Opinion,?Action)
hasScope (MustModality,?Action)

(11) implore (?Agentl1,?Agent2,?Action) [=‘?Agent] asks ?Agent2 to do ?Action;
it is very important for ?Agent] that ?Agent2 realizes ?Action; ?Agent] tries
to affect the feelings of ?Agent2’]

SemS of (11) consists of the SemS of (10) plus the following:
hasSubject(Important,?Action)
hasObject(Important,?Agentl)
hasSubject(Degree,Important)
hasValue(Degree,high)

hasAgent(Affect,?Agentl)
hasObject(Affect,Feeling)
hasSubject(Feeling,?Agent?2)

(12) demand (?Agentl,?Agent2,?Action) [=?Agent] tells ?Agent2 that he wants him
to do ?Action; ?Agent] thinks that ?2Agent2 must do ?Action’]
hasAgent(Tell,?Agentl)
hasRecipient(Tell,?Agent?2)
hasObject(Tell,Want)
hasSubject(Want,?Agentl)
hasObject(Want,?Action)
hasAgent(?Action,?Agent2)
hasSubject(Opinion,?Agentl)
hasObject(Opinion,?Action)
hasScope(MustModality,?Action)
hasAgent(?Action,?Agent2)

2.3. Converse terms

Natural languages have hundreds of converse terms, i.e. pairs of words that de-
note the same situation but differ in the syntactic status of their arguments. Obvious
examples are husband — wife, buy — sell, to the right of — to the left of, more — less,
better — worse, etc. Although these words are not synonyms, if we swap positions
of arguments we obtain equivalent assertions:

(13) John is Mary’s husband = Mary is John’s wife.



Semantic representation for NL understanding

(14) John bought a house from Mary = Mary sold a house to John.
(15) The table is to the right of the window = The window is to the left of the table.
(16) John likes physics more than geography = John likes geography less than physics.

Since converse terms refer to the same situation, it is sufficient for a semantic lan-
guage and ontologies to contain only one term of the pair. In our semantic language,
we have only one correlate for the ‘more’/‘less’ pair — concept MORE. In represent-
ing this meaning, we differ from some other approaches (such as e.g. (Nirenburg,
Raskin 2004), which treat ‘more’ as a binary relation: A>B. Our MORE concept has
three arguments: A — “what is more?”, B — “more than what?”, C — “by how much
is A more than B?”. In sentence (17) the arguments of MORE are: A=John’s height,
B=Bill’s height, C=3 cm.

(17) John is 3 cm taller than Bill.

On the other hand, one can opt for having both members of the converse pair. For in-
stance, we represent husband and wife by different concepts, because these social roles are
bound by different conventions and stereotypes which have to be described in the ontology.

An interesting case of converse relations, which as far as we are aware was first
introduced in (Boguslavsky 2009), is the relationship between all and only.

(18) Here are all my documents
(“for any document x of mine, it is true that x is here”).

(19) Here are only my documents
(“for any x that is here, it is true that x is my document”).

This allows us to have only one semantic unit — a two-place predicate A11, which
covers both all and only. Here are semantic structures for sentences (22) and (23):

(20) All the children who guessed the riddle got a prize.
(21) Only the children who guessed the riddle got a prize.

(20a) hasElements(Set,Child)
hasAgent (Guess,Child)
hasObject(Guess,Riddle)
hasAgent(Get,Set)
hasObject(Get,Prize)
hasSubject(All,Set)
hasObject(All,Get)
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(21a) hasElements(Set,Child)
hasAgent (Guess,Child)
hasObject(Guess,Riddle)
hasAgent (Get,Set)
hasObject(Get,Prize)
hasSubject(All,Get)
hasObject(All,Set)

2.4. Evaluation of objects

Evaluation of objects and events plays an enormous role in our life, everyday
behavior and common sense reasoning. Therefore the world knowledge modeled
by the ontology should contain manifold information on what is good and, bad and for
whom. For many situations, we are aware that they are either beneficial or detrimen-
tal to the interests of some of their participants. For example, if somebody dies, is sick,
late for an appointment, gets ruined, receives a rebuke, or fails an exam, by default
this is bad for him. If, on the other hand, he recovers from an illness, gets an award,
is promoted or attains his aim, then, again by defaul, it is beneficial for him. Some sit-
uations are estimated differently from the point of view of their different participants.
For example, a victory (in a conflict, debate, sports competition, etc.) is beneficial for
the winner and adverse for the loser. We will demonstrate that this kind of informa-
tion can play a role in text understanding. Then we will show how it is incorporated
in our Ontology and used for semantic analysis.

Consider sentence (22) and its two possible continuations — (23) and (24).

(22) In the first tour FC Spartak overwhelmed FC Dynamo.
(23) In the second tour FC Zenith suffered the same fate.
(24) In the second tour FC Zenith managed to achieve the same thing.

Both (23) and (24) contain the anaphoric expression the same that refers to sen-
tence (22). In both cases, a situation is described that is similar to (22), the only differ-
ence being that one of the clubs is replaced with Zenith. In (23) an analogy is drawn
between Zenith and Dynamo, and in (24) between Zenith and Spartak. In other
words, (23) is unambiguously understood as ‘Spartak overwhelmed Zenith’, while
(24) means that Zenith overwhelmed Dynamo’. It is noteworthy that even though nei-
ther (23) nor (24) explicitly specifies the opponent of Zenith, it is “calculated” from
the evaluation semantics.

To be able to draw these conclusions, the system should dispose of the following
knowledge:

(@) “Pis fate suffered by X” implies that P is not in the interests of X;

(@ “Xmanaged to achieve P” implies that P was among X’s aims and P is benefi-

cial for X;
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(@) “victory of X over Y” is beneficial for X but not for Y.
This knowledge is incorporated into the system as follows:

e The Ontology contains an Evaluation concept, which has 4 slots: the agent
of the evaluation (hasAgent), the object or event under evaluation (hasOb-
ject), the value of the evaluation (hasvValue) — good or bad and the ben-
eficiary, i.e. someone for whom the object or event is beneficial or adverse
(hasBeneficiary).

* This concept is introduced into the description of the concepts which include a de-
fault evaluation (cf. examples above). The WinEvent concept, which has slots
for the winner (hasWinner) and for the loser (hasLoser) and which covers both
avictory and a defeat, is assigned the following properties, among others:

hasWinner(WinEvent,?SportAgentl)

hasLoser (WinEvent,?SportAgent?2)
hasObject(Evaluation-01,WinEvent)
hasValue(Evaluation-01,good)
hasExperiencer(Evaluation-01,?SportAgentl)
hasObject(Evaluation-02,WinEvent)
hasvValue(Evaluation-02,bad)
hasExperiencer(Evaluation-02,?SportAgent?2)

* A reference to evaluation is included into semantic rules that interpret natural
language evaluating expressions. X suffered the fate of P contains the compo-
nent “P is estimated to be bad for X”. In our semantic language it is represented
as follows:

hasObject(Evaluation,P)
hasvValue(Evaluation,bad)
hasBeneficiary(Evaluation,X)

* Expressions like X succeeded in / achieved P include in their definition a reference
to P being the aim of X, which in its turn implies that P is beneficial for X:

hasObject(Evaluation,P)
hasValue(Evaluation,good)
hasBeneficiary(Evaluation,X)
Now, let us see how this knowledge helps interpret sentences (23) and (24).
As mentioned above, proposition (22) serves as the antecedent of ‘the same’, so theoret-
ically, it can be introduced into the SemsS of both (23) and (24) in two different ways:

(24a) hasWinner(WinEvent,Zenith)
hasLoser(WinEvent,Dynamo)

(meaning that Zenith beat Dynamo like Spartak beat Dynamo) or

(23a) hasWinner(WinEvent,Spartak)
hasLoser (WinEvent,Zenith)

(meaning that Zenith lost to Spartak like Dynamo lost to Spartak).
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However, taking into account that the meaning of Zenith suffers a fate assigns
to Zenith the role of the beneficiary of a negative evaluation, while in the WinEvent
it is the winner who benefits, version (24a) should be rejected for sentence (23).
In a similar way, (23a) is rejected for (24).

3. Semantic analysis in ETAP

The cases analyzed above make part of a small corpus manually annotated
with semantic structures. The corpus comprises several hundred sentences which
are partly extracted from the articles on football published at various sports portals
and partly composed by ourselves. This corpus is used for developing a rule-based
semantic analyzer capable of building gold standard structures. As of now, more
than a hundred sentences have been processed by the analyzer and assigned correct
semantic structures. Once a rule-based analyzer is constructed, it will open the pos-
sibility to considerably augment a corpus, which could then be used for refining and
evaluating the analyzer, as well as for developing other semantic parsers.

Our analyzer will be described in detail at a later stage when more experiments
have been conducted and more data accumulated. Now we will only give a brief sketch
of its architecture and resources used.

The analyzer is a new module of the ETAP-3 linguistic processor (see e.g. Apresjan
et al. 2003). Before being sent to semantic analysis, the text is subjected to morphologi-
cal analysis, dependency parsing, and normalization. The semantic analysis consists
in two major steps. First, Normalized Syntactic Structures of all sentences are individu-
ally transformed into Backbone Semantic Structures (BSemS). At this canonization
stage, missing arguments are restored and semantically void collocates are eliminated
(see Section 2.1 above). Then all meaningful words are replaced by their definitions.
Second, BSemSs are enriched with the world knowledge and the contextual knowl-
edge from the previous text and thus converted to Enhanced Semantic Structures.

Linguistic information is contained in two kinds of resources: the combinato-
rial dictionary and several sets of rules. World knowledge is contained in the On-
tology, while contextual knowledge is stored in the Fact Repository. The ontology
we constructed for the analyzer has two sources. We compiled a small domain on-
tology of football, reusing the existing football ontologies (e.g. http://www.lgi2p.
ema.fr/~ranwezs/ontologies/soccerV2.0.daml). Then we merged it with a general
ontology developed on the basis of SUMO (http://www.ontologyportal.org/), which
we partially restructured and complemented with a large set of properties. In our ana-
lyzer the ontology plays a two-fold role. On the one hand, it is a source of structured
information about the world. It is composed of a hierarchy of concepts and instances
supplied with properties. Many concepts belong to various classes at a time, so that
they inherit properties from multiple sources. On the other hand, the ontology serves
as a metalanguage for semantic representation. It is an inventory of semantic units
that make up semantic structures.
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4. Related work

A popular resource for developing shallow semantic parsers is FrameNet, men-
tioned above in Section 2.2. Semantic definitions of frames are intended for hu-
mans and are not written in a formal language. Therefore, they structures produced
by FrameNet-based semantic parsers cannot be used for inference.

There are several directions in which semantic processing relying on ontologies
is currently carried out. Our approach to semantic analysis is closely related to the
OntoSem approach, with which we share several important ideas, although our lin-
guistic framework is substantially different (Nirenburg, Raskin 2004), (Akshay Java
et al. 2006), (Akshay Java et al. 2007), (Raskin, Taylor 2010), (Raskin et al. 2010).

Still another linguistic model underlies a series of papers on FuncGram — an ad-
vanced semantic Knowledge Base rooted in the Lexical-Constructional Model (Mairal
Usdn, Perifidn-Pascual 2009, Perifidn-Pascual, Arcas-Tunez 2010 a, b, Mairal Us6n 2010).

Semantic processing based on OWL-implemented ontologies and Descriptive
Logic does not allow accounting for exceptions. Interesting work is being done in or-
der to incorporate common sense reasoning, which is inseparable from defeasible
statements (Fahlman 2011), (Carlson et al. 2012). In (Bouayad-Agha et al. 2012a),
(Bouayad-Agha et al. 2012b) a two-layer ontology is used for NL generation.

Modern QA systems use ontologies as the core knowledge component. They are
often used to annotate original data obtained from the web sites and other sources
of unstructured or loosely structured texts. The annotated data is stored in the da-
tabases and retrieved to answer the user’s questions (Shiyan Ou et al. 2008). (Fer-
nandez et al. 2011), (Cardoso et al. 2010) describe semantically-aware QA working
on structured data modeled by an ontology.

There is much research on semantic parsing within the machine learning para-
digm. Interesting results have been obtained in supervised and unsupervised seman-
tic parsing in (Ge and Mooney, 2005), (Poon and Domingos, 2009), (Titov and KI-
ementiev, 2011), (Clarke et al. 2010), (Liang et al. 2011). A combination of machine
learning and rule-based approaches is used for semantic processing in (Moldovan
et al., 2010). However, for the kind of structure we are interested in, no annotated
corpora are available.

5. Conclusion

Deep understanding of NL requires more expressive semantic representation
than is currently used in most state-of-the-art semantic parsers. It should be equally
well-suited for expressing lexical meanings and world knowledge. Such a repre-
sentation can be built on the basis of RDF-style subject-predicate-object triples.
We showed a variety of NL phenomena that are conveniently expressed in such
alanguage. To the best of our knowledge, some of this material is introduced in the
computational semantics area for the first time. This is true for semantic definitions
of many concepts in 2.2. Our approach to the evaluation topic is also new: it differs
from the approaches used in the sentiment analysis domain which are prevalent
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today. We showed how lexical meanings can be decomposed, semantically void
collocates can be identified and eliminated not affecting the argument structure,
converse terms can be properly processed, general semantics modifiers can be con-
textually interpreted, lexical semantics (including evaluation) can be used in hard
cases of anaphora resolution. The semantic language illustrated in this paper is used
in the semantic analyzer currently under development within the multifunctional
ETAP linguistic processor.
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B paHHOW cTaTbe onucbiBaeTcs onblT komnaHum PROMT no HacTpolike
1 peanm3auum CUCTeMbl aBToMaTuanpoBaHHoro nepesoga PROMT Deep-
Hybrid ana nHTepaktuBHOM 06pabOTKM TEKCTOBOM MHbOpMauuu, npen-
CTaBJIEHHOW Ha caiTe, KOTOPbIN NPeaCcTaBAseT COO0M KPYMHbIN UHTEPHEeT-
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co3[aHve peLleHns Ans nepesoaa nonb30BaTeNIbCKOro KOHTEHTA, COCTOS-
LLLEro N3 TEKCTOB OT3bIBOB 00 OTESSX, PECTOPAHAX U APYrMX COCTaBSIOLLMX
COBPEMEHHOI0 TYPUCTUYECKOrO CEKTOPA.

KniouyeBble cnoBa: MalLVHHbLIA MEPEBOL, NONb30BATENbCKNIA KOHTEHT, aB-
TOMaTM3UPOBaHHbIN NEepPeBO, rMbpuaHas TeEXHOors nepesona

CREATING AN AUTOMATED
SYSTEM FOR TRANSLATION
OF USER-GENERATED CONTENT

Evdokimov L. V. (Leonid.Evdokimov@promt.ru),
Molchanov A. P. (Alexander.Molchanov@promt.ru)

PROMT Ltd., Saint-Petersburg, Russia

This paper describes fast implementation of a hybrid automated transla-
tion system for processing user-generated content. We report on engine
customization for TripAdvisor, the world’s largest travel website. Due to the
growing potential of the Russian travel market, TripAdvisor created the Rus-
sian version of its website and decided to translate all English reviews into
Russian. PROMT, a leading provider of industrial MT solutions, was selected
as MT vendor for the English-Russian language pair. According to the cli-
ent’s request we had to perform customization within a short period.

All input data represent user-generated content, so we faced several prob-
lems while building a large-scale, robust, high-quality engine. We decided
to create a solution based on a hybrid machine translation system for the
hybrid approach makes possible fast and efficient customization of a trans-
lation system with little or none in-domain data.

We automatically crawled a large web-based Russian text corpus of tour-
ist reviews to build a statistical language model for our hybrid translation
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system. We analyzed a batch of tourist reviews in English provided by Tri-
pAdvisor, created a number of dictionaries, a translation memory and de-
fined translation rules for user-generated content. To handle the problem
of various typos and misspellings we added most frequent misspelled
words and phrases to the created dictionaries.

We experimented on a test set of tourist reviews in English provided by Tri-
pAdvisor. We report on improvements over our baseline system output both
by automatic evaluation metrics and linguistic expertise.

Keywords: machine translation, user-generated content, automated
translation, hybrid technology

1. Introduction

The fast evolution of computers and the rapid growth of the Internet since the
late 1990s made it easier for people to upload, store and share information on the web.
Forums, chats and other web-based informational resources led to the emergence
of large amounts of the so called ‘user-generated content’. User generated content
(UGCQ) is material on websites, and occasionally other media sources, that is produced
by users of websites (who are generally amateurs as opposed to professional editors,
copywriters etc). In our case the content consists of tourist reviews produced by the
users of the tripadvisor.com website.

TripAdvisor is world’s largest travel web-based resource. The content is avail-
able in 21 languages for 30 countries. Most reviews are presented in English. At the
same time, millions of users want to read the reviews in their native language. Human
translation cannot be efficient for processing large amounts of UGC. Taking into ac-
count the fast growth of Russian travel market, TripAdvisor wanted an efficient auto-
mated translation solution for processing UGC.

2. Related Work

Regardless of the growing demand for automated translation of UGC little atten-
tion is paid to this topic in the field of machine translation research.

[Flournoy and Callison-Burch, 2000] discuss the possibility of creating a high-
quality commercially successful application for real-time automated translation
of chat content. The authors note that UGC is characterized by specific repeated col-
loquial words and phrases and lots of grammar errors. The main task of an MT system
is to convey the meaning of the source text, whereas the translation quality is of sec-
ondary importance.

[Flournoy and Rueppel, 2010] investigate the development of an automated
translation system for Adobe. The authors define three types of UGC:

e user e-mails;
* bug reports and product reviews;
e messages from user forums.
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According to the authors, an efficient MT system for processing UGC should have
the following features:
 ability to translate large amounts of texts in real time;
* ability to convey source text meaning;
* reliability and robustness (taking into account large volumes and low quality
of input data).

[Banjeree et al., 2011] and [Banjeree et al., 2012] present the case-studies of cus-
tomization of an automated MT system for processing UGC from the Symantec com-
pany forum. Authors observe a lot of grammar mistakes and a large number of col-
loquial words and phrases in the analyzed texts.

[Jie Jiang et al., 2012] report on the customization of an automated translation
system for user messages in a multilingual social network. The authors face the fol-
lowing problems:

* a lot of the content is produced by non-native speakers, therefore this content
contains many grammatical and syntactic errors;

* the content produced by native speakers contains grammatical and syntactic er-
rors because 1) either the author enters the text too fast and so makes typograph-
ical errors, or 2) the author deliberately departs from spelling norms to bring
about some linguistic effect.

The reliability and robustness are basic requirements for an automated machine
translation system for processing UGC. An MT system for processing UGC should
be 1) thoroughly customized for this specific type of content and 2) be able to translate
large amounts of text in real time.

3. Aim and Objectives

The main challenge was to achieve high quality of translation. Since manual editing
of each review was impossible, the website functionality required a high quality auto-
mated translation system that does not require human post-editing. About 80,000 reviews
are added to the website weekly, so TripAdvisor required a technically accurate solution
for processing large volumes of text. Another client’s requirement was to translate the
existing content (over 10 million reviews) within a short period. Due to the huge amount
of data human post-editing of every single review was impossible. At the same time, UGC
is a challenge for MT, since such texts are highly informal and typically contain a signifi-
cant number of spelling, stylistic and punctuation errors that affect the MT results.

Another important client’s requirement was an efficient quality estimation sys-
tem integrated into the final MT solution. As TripAdvisor wanted to publish high-qual-
ity translations only, PROMT had to design an automated quality estimation system
with a quality threshold.

The translation results had to contain clear and understandable content. Transla-
tion had to meet certain quality criteria, and as manual evaluation of the whole trans-
lation volume was impossible, the MT solution had to provide an automatic scoring
mechanism for the evaluation of the translated texts.
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The tight deadline for developing MT system was another crucial demand made
by TripAdvisor.

Website developers wanted a cloud-based server MT solution, that’s why we de-
cided to develop a hybrid translation solution based on the PROMT DeepHybrid sys-
tem (see [Molchanov, 2012]).

4. Statistical and Linguistic Analysis of the
Data provided by TripAdvisor

4.1. Initial Data

TripAdvisor provided PROMT with the following data for engine customization:
* TripAdvisor English-Russian glossary (505 entries);
¢ English-Russian TripAdvisor TMs (~100,000 entries);
¢ English monolingual text corpus of hotel reviews (~1.2 billion words).

4.2. Domain-Specific Dictionaries

The TripAdvisor English-Russian glossary was converted into a dictionary of the
PROMT internal format. We also extracted the most frequent terms and phrases from
the English hotel review corpus. We analyzed the translations of these entries and
made the necessary corrections and additions to the TripAdvisor dictionary and the
baseline PROMT Travel dictionary.

Due to the large amount of misspellings and typos in the text of reviews we de-
cided to create a dictionary with incorrect spelling of frequent English words, e.g.

(1) couldnt, did’nt, experieince,

so that the translation system could treat them as known words.

We also created the PROMT TripAdvisor Backgroud dictionary containing frequent
travel-related phrases. The dictionaries were then icorporated into the translation sys-
tem according to their priority: 1) TripAdvisor dictionary (highest priority); 2) TripAd-
visor Backgroud dictionary; 3) Travel dictionary; 4) PROMT General dictionary (lowest
priority). The priority works as follows: if the word or phrase is missing in the dictionary
with the highest priority, the system tracks it in the dictionary with next priority etc.

4.3. Translation Memory
We made a thorough analysis of the English-Russian translation memory pro-

vided by TripAdvisor. We decided not to use it for three main reasons: 1) many seg-
ments were not domain-relevant; 2) many of them contained lots of different errors
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(untranslated and incorrectly translated sentences, segments containing no alphabetic
characters etc.); 3) many segments were of adequate quality but not informative for the
baseline PROMT system, for example, named entities and geographic names:

(2) Reno-PropertyOpen-NoDates Salute the white baroque towers
of St. Fernando de Noronha and Atol das Rocas Reserves

Due to the tight schedule we selected a random development set (approximately
10 percent) from the English hotel review corpus provided by TripAdvisor. We used this
development set to build a list containing the most frequent in-domain sentences, e.g.

(3) Highly recommended! The staff was very friendly and helpful.

etc. These sentences (15K) were processed the following way: 1) the sentences were
translated with the baseline PROMT system; 2) the translations were analyzed by our
linguists. According to linguistic expertise only 8 % (1200 sentences) contained major
syntactic and stylistic errors. These sentences were manually post-edited and inte-
grated into the translation system as a translation memory.

4.4. Target Language Model

A target language model is normally built on the in-domain target texts. In our
case, there was no in-domain text corpus in Russian, so we had to create it. We crawled
and processed about 27,000 user reviews (80 million words) from different Russian
websites dedicated to travelling. These texts were used to build the target language
model. The model was integrated into the translation system.

A language model is a set of n-grams (word sequences of n-length) and their sta-
tistical characteristics. The rule-based system may have several translation options for
some words and phrases. The language model is a component of the PROMT DeepHy-
brid system. It is used to score the translation candidates generated by the rule-based
component and select the best one according to perplexity score. Perplexity (PPL) is in-
versely proportional to probability and is calculated for every translation candidate.
The lower the PPL is, the better the translation candidate fits the language model.

We called the language model built on the Russian reviews corpus the BigTripAd-
visor Language Model. It was integrated into the translation system for TripAdvisor.

4.5. Quality Estimation System

According to the client’s requirements, our automated translation system had
to be equipped with a quality estimation component. Quality estimation (QE) sys-
tems are used to estimate machine translation output quality at run-time. In our case,
we had to select the high-quality translated reviews suitable for publishing on the
website without human post-editing and reject the low quality ones.
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First of all, we had to choose a confidence metric which would be the basic ele-
ment of our QE system. Due to the tight schedule, we decided to create a simple metric
based on PPL. Our experts performed the quality evaluation of 1000 sentences with
different PPL scores. The results of this experiment showed that there is a sufficient
correlation between the translation quality and the PPL scores (see Figure 1).

Expert evaluation
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Fig. 1. Correlation between expert evaluation and PPL scores

QE systems normally operate on the sentence level. According to the client’s re-
quest, our QE system had to estimate the entire text of the reviews. The average re-
view length for the TripAdvisor website is approximately 100 words or three to five
sentences. We decided to use the arithmetic mean of the PPL scores for separate sen-
tences of reviews.

According to another request from TripAdvisor, the QE system had to be scaled
from 1 to 5 with the accuracy of 0.1. Low-quality translations with PPL over 10,000
received the score equal to 1, high quality translations with PPL under 10 received the
score equal to 5. The scaling formula is presented in Figure 2 below.

]

‘ 5, PPL<10

4-/4—1log, PPL|

Mz-%, 10<PPL<10*
‘ 1 PPL>10*

»
L

Fig. 2. Scaling the PPL scores

We scored the translations of all reviews from the English monolingual corpus
provided by TripAdvisor. The number of translations with scores 1 and 5 was less than
0.1%. The distribution of the QE metric scores is presented in Figure 3.
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Fig. 3. Quality estimation score distribution

4.6. Deliverables

We developed a reliable, robust, scalable server-based translation solution. The
solution was based on the PROMT DeepHybrid translation engine and included the
following components:

* English-Russian Dictionaries: 1) PROMT TripAdvisor dictionary containing cli-
ent-specific terms (approximately 5,600 entries); 2) PROMT TripAdvisor Back-
ground dictionary containing domain-relevant terminology (approximately
27,600 entries); PROMT TripAdvisor Geography background dictionary contain-
ing geographic names (approximately 48,200 entries).

* Target language model built on the text corpus of reviews in Russian.

¢ QE system.

5. Translation Quality Evaluation

Tripadvisor provided a parallel corpus (approximately 70K words) of the English
reviews and their translations with human post-editing. We used this corpus to evalu-
ate the translation quality. The English revews were translated with: 1) PROMT base-
line system; 2) PROMT baseline system with the TripAdvisor dictionaries; 3) fully
customized PROMT DeepHybrid system with all components. The BLEU scores are
presented in Table 1.
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Table 1. BLEU scores and the percentage of unknown words for various

PROMT translation system configurations

System BLEU | percentage of

score | unknown words
PROMT baseline system 17.12 2.56%
PROMT baseline system + TripAdvisor dictionaries 19.42 2.19%
PROMT DeepHybrid system (PROMT baseline sys- 20.13 2.16%
tem + TripAdvisor dictionaries + Language model)

Our experts performed lingustic analysis of the PROMT baseline system and
the PROMT DeepHybrid system output. 3,291 sentences (78 % of the test set) of the
PROMT DeepHybrid system output contained changes compared to the PROMT base-
line system output. Our experts compared 100 random RBMT and DeepHybrid transla-
tions in terms of improvements and degradations. The results showed that the Deep-
Hybrid engine outperforms the RBMT engine according to human evaluation. The ex-
perts observed 49 improvements and 9 degradations for the DeepHybrid system output
compared to the baseline system output. 42 translations were classified as equivalent.

Examples of translation quality improvements are presented in Table 2. The ta-
ble also includes the translations of the Google online translation service.

Table 2. Examples of translation quality improvements

Source
sentence

PROMT
Baseline
System

PROMT
DeepHybrid
system

google.translate

1 | Abig thumbs

Boapmrue 6obIinme

OlLieHKa «OTJIUIHO»

Bospiivie nanbiie

up to the Kiydan MaJIbLBI 10 CEMbU ceMbe Kungpu B cembe Kiydan
family Kiydan

2 | Can’t wait He moxeTt He TepnuTcsa Bep- He moxeT xzatb,
to go back!! JK/IaTh, YTOOBI HYyTbCsI CHOBa!! 9TOOBI BEpHYThC!

BO3BpaTuThCA!!

3 | The brakfast was brakfast 6511 3aBTpak 6bLI 3aBTpakoM OBLIO
awsome. awsome. MOTPSACAIONIIM. [TOTPSICAIONIUM.

4 | The food and res- Egna u resturant Epna u pecropan Ezna u pectopan
turant was very good | 6bLIN OYeHb XOPOIIY | GbLIM OYeHb XOPOLIH | ObLI OYEHb XOPOII

5 | Atleast the staff
were pleasent!

ITo kpaiiHeii Mepe,
COTPYAHUKU ObLIN
pleasent!

Ilo xpatliHel Mepe,
repcoHast GbLI
MPUATHBIM!

Mo xpaiiHeit Mepe,
COTPYAHUKY ObLIN
NpUATHO!

6 | Dinner at the hotel
was quite expensive
and we preferred

to eat out, however
we ate at the hotel
one day when the
menue included
lobster.

06ez B oTese 6bL1
JIOBOJIBHO ZIOPOT,

¥ MBI [IPEATIOUIN
WU/ITH Kya-HuGyab
IIOECTh, OHAKO
MBI TIOEJIH B OTeJIe
OZ/HAXK/IbI, KOTZIa
menue BKJI0Yal
omapa.

Y3KUH B oTeJsie ObLT
ZIOBOJIBHO ZIOPOTHIM,
Y MBI [IPEATIOUTN
UITH Kya-HUuGyab
[IOECTh, OHAKO

MBI IIOEJIH B OTeJIe
OJHaX/Ibl, KOTZIa
MEHIO BKJIIOYaJIo
omapa.

VY>KUH B 0TeJie ObLT
JIOBOJIBHO JOPOTHM,
Y MBI IIPEIOWIN
MIOMTHU KyZa-
HUOYIb TOECTh,

HO MBI ITOEJTH

B OTeJIE OHAXKIBI,
korza MEHIO
BKJIFOYEHBI OMapOB.
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Conclusions

We created an automated translation solution that fully answered the project ob-

jectives and the client’s requirements. The entire process of system development and
customization took about a month. The solution we created has the following features:

Fast and efficient translation of large volumes of texts.

High quality translation.

Low costs for development and customization of the MT system (compared to the
manual translation costs).

Accurate and efficient quality estimation system.

The solution was integrated into the TripAdvisor workflow with minimal costs
for development and support on the client’s side.

We managed to show how an efficient M T solution for translating user-generated

content can be developed and customized within a short period and with no parallel
in-domain data.
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BJIMAHUNE PA3JINYHbLIX TUMOB
OP®OOINPAOUNYECKUX OLLNBOK
HA KAHECTBO CTATUCTUYECKOI'O
MALLMHHOIO NEPEBOAA
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B cTtatbe paccmaTpmBaeTcyd poCT Ka4yecTBa MalUMHHOMO nepesofa B 3a-
BUCMMOCTW OT MCMNPAaBEHNS PA3JINYHbBIX TUMOB OLINMOOK B UCXOLHOM TEK-
CTe Ha Matepuasne Tpex A3bIKOBbIX Nap (aHrN10-pycCKON, HEMELIKO-PYCCKOW
1 NoNbCKO-pycckoi). Mbl BeiGpanu no 500 cnyvyanHbix NONb30BaTENIbCKUX
3anpocoB K CEPBUCY MALLMHHOIO NepeBoaa, NoCen0BaTesibHO UCNpasmuan
B HUX pasHble TUMbl OMEYaATOK M OLWMOOK: OTCYTCTBYIOLLYIO ANAKPUTUKY;
orneyaTku no6Oro poaa; HEMPaBWUIIbHYIO MYHKTYaLMIO U KanuTannsaumio;
BCe owmnbkum. Bcero ons HEMELKOro 1 nosibCKOro siI3bIKOB Mbl MOYYUIN
Mo NsATb TECTOBbLIX HAOOPOB (BKJOYAS OPUrMHAN), O aHIIMACKOro — Ye-
Thipe (B HEM OTCYTCTBYET AuakpuTtuka). Bce Habopbl Gbiv NpoTECTUPO-
BaHbl HA Tpex BecnnaTHbIX CTaTUCTUYECKMX CUCTEMAxX MALUMHHOIO nepe-
BOAA, 1 AN15 KaXA0ro 6bis10 M3MepeHo 3HadveHne BLEU.

VicnpaBneHne Bcex onevyaTtok paet yeenuyeHne BLEU npumepHo
Ha 10-15% no cpaBHeHWI0 C opurMHanbHbIMK 3anpocamun. Vicnpaesnexve
orneyaTok 1 OWMBOK B MYHKTYaLMW 1 KanuTannadaumm no oTAeIbHOCTY faioT
ynydweHve npumepHo Ha 5-10% B 3aBMCUMOCTU OT A3blka U OCOBEHHO-
cTei TecToBOro Habopa. MicnpasneHue e TOSIbKO ANakpUTUKN NpupocTa
noytu He paet: 0% ona Hemeukoro asbika n 0,5-1% aaa NoAbCKOro.

KnioueBble cnoBa: CTaTUCTMYECKUIA MalUWHHBIA NepeBos, KayecTBO Ma-
LMHHOrO NepeBoaa, meTpuka BLEU, oneyatku, kanutanusaums, nyHKTyaumns
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Errors in the original text will most probably affect the quality of machine
translation. It would be interesting to see how different types of errors can
influence the translation. To do this, we selected three sets of 500 random
queries in English, German and Polish. In each set we corrected different
types of errors: 1) missing diacritical marks (except English); 2) all misprints
(including diacritics); 3) errors in punctuation and use of capitals; 4) all types
of errors listed in 1)-3). As a result we had five sets of 500 queries for Ger-
man and Polish and four sets for English.

Then we translated all the sets into Russian using three free online statistical
machine translation systems and compared their BLEU scores to see how
they increase in corrected tests as compared to the original ones.

We also used different types of BLEU: along with the usual one, which treats
punctuation signs as words, we used simplified BLEU which disregards
punctuation, and also extended BLEU which takes into consideration both
punctuation and use of capitals.

We show that in a fully corrected text BLEU increases by approx. 10-15%
as compared to original sets. Correcting each of the two main types
of errors — misprints and punctuation/capitalization — gives an increase
of 5-10% each depending on the language and on the peculiarities of the
test sets. On the other hand, correcting only diacritics has very small impact
on the translation quality: close to zero in German and 0,5-1% in Polish.

Key words: statistical machine translation, machine translation quality,
BLEU, misprints, capitalization, punctuation
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1. BBegenmue

BiusiHYEe TPaMOTHOCTH MCXOZHOI'O TEKCTA Ha KAUECTBO MAIIMHHOIO IIepeBo/a Ka-
JKETCS OUEeBUIHBIM: opdorpaduyeckre omUOKU' B OpUTHHAJIE 3aTPYAHSIOT Paco3Ha-
BaHMe cJI0BOGOPM U UX IOC/IeZ0BATEIBHOCTEN U, COOTBETCTBEHHO, IIPOIIeCC TepeBoja
(cm., HarrpuMep, Carrera et al. 2009; Plesco, Rychtyckyj 2012). OTcyTcTBHE Onle4aTox/
opdorpaduveckux omnbOK, IPaBUIbHAS PACCTAHOBKA 3HAKOB IMPENUHAHUS U 3aTIaB-
HBIX OYKB BXOJUT — HapAAY CO CTHJIMCTUYECKUMHU TPeOOBAHUAMU — B YUCJIO YCIIO-
BHH MOATOTOBKY TEKCTA /IJIsi MALTMHHOTO TepeBo/a (cp. moHATHe «controlled /standard
language»; cm. Aikawa et al. 2007 0 cpaBHUTEIBHOM BJIHSHUYN HECKOIBKUX CTUIUCTHU-
YyecKux u opdorpadudeckux GaKTOpOB Ha UTOIOBOE KavyecTBO mepeBoga). COOTBET-
CTBEHHO, yCTPaHEHHUE OIIeYaTOK MOXKET OBITh YaCThIO TIPe0OPAOOTKY TEKCTA, IIPeHAa-
3HAYEHHOTO /151 JII060r0 aBTOMAaTUYECKOro aHaiu3a (cM., Harpumep, Shoukry, Rafea
2012 o HOpMaIM3ay apabCKUX TEKCTOB U3 TBUTTEPA JI CEHTUMEHT-aHa/IN3a).

C pacmpocTpaHeHHeM OecIJIATHBIX OHJIAMH-CEPBUCOB MALIMHHOTO IIepeBoZa
Bce GOJIBIIYIO 00 B HUX 3aHUMAIOT TEKCTHI, KOTOPBIE He IIOJBEPraioTcs IpesBa-
PUTEIPHOMY peZlaKTHPOBAHUIO, MOT'YT COZIEPXKATh OOJIBIIOE KOJINYECTBO OIIeYaToK,
HEBEPHYIO MYHKTYaLUIO U yIoTpebieHUe 3arIaBHbIX OykB (Jiang et al. 2012). [lo-
6aBUM clofia clydau NepeBoja MHTepPHeT-CTPaHUIl, 3JIeMEHTHl KOTOPHIX, OyAydu
CKOIIMPOBAHEL B OKHO IIepeBo/ia, IIPeBpalaloTcsA B HAOOP CJIOB U CJIOBOCOYETAHUH,
He paszieJIeHHbIX TyHKTyalue.

HakoHel, oTzenbpHYI0 Ipo6IeMy IIpe/cTaBiseT yIoTpebieHUe AUAKPUTUKU
B TeX fA3bIKAX, I7le OHA CYIIeCTBYeT: 3a4acTyIo aBTOPBI pa3HOr'o PoZia «CyOCTaHAapT-
HBIX» TEKCTOB CKJIOHHBI IpeHe6perarh €o. OOBIYHO 3TO IIPOMCXOAUT IIpHU Habope
TeKCTa Ha KJIaBUaType, IpeZiHa3HaYeHHOM! /I [Pyroro A3bIKa U He UMeloIel HyX-
HBIX CMBOJIOB; TAKUM 006pa3oM, B OT/INYHUE OT JPYTUX TUIIOB OIINOOK, BO3HUKAO-
KX TI0 BUHE T0JIb30BaTes (0 HeGPeXKHOCTH MM HEIPAMOTHOCTH), JUAKPUTHUKA
yalre OTCYyTCTBYeT II0 TeXHUYeCKUM IIPUYUHAM.

HexoTopble OHJIaWH-CUCTEMBI IlepeBoZia IIOMOTAlOT II0Jb30BaTeNl0 HCIpa-
BUTB OIleYaTKU B MCXOJZHOM TeKCTe — yKasblBasd Ha CJIOBO, cojepiKaliee OUINOKY,
WY Aake IIpejjaras BapuaHTHL UclpaBiaeHuA. OZHAKO NIpU IIepeBoZie ¢ HHOCTPaH-
HOTO sI3bIKa BOCIIOJb30BAThCS TAKUMU TOACKa3KaMU, OYeBUAHO, CIOKHO: He 3Has
WHOCTPAHHOTO CJIOBA [laXke Ha YPOBHE MOHMMAaHUS 00IIEro CMbIC/Ia, MOJIb30BaTe b
B OOJIBIITUHCTBE CIy4YaeB He OyZeT YBEPEH U B €ro HamucaHuu. MOXKHO TPeATIONo-
JKUTH, YTO 06pabOTKa UCXOLHOTO TEKCTA A0KHA TPOU3BOJUTHCSI aBTOMATUYECKH,
SBJIASCH COCTABHOM YaCThIO aITOPUTMA MaLTMHHOTO TIEpEeBOAA.

VHTepeCcHBIM Ka)KeTCs y3HATh, HACKOJIBKO pa3IMYHbIE TUITH OIIUOOK B 3amIpoce
BJIUSIOT Ha UTOTOBOE Ka4eCTBO MepeBoza. [l Halllero uccaeZ0BaHus Mbl B3SJIU TPU
SI3BIKOBBIE TTAPHI: aHIJIO-PYCCKYT0, HEMEITKO-PYCCKYIO U MTOJMbCKO-PYCCKYIO. [l Kask-
Z0l mapk! 6bLI B3AT Habop m3 500 ciydaifHBIX M0Ib30BaTEIbCKUX 3aIIPOCOB K Cep-
BHCY MAIIIMHHOT'O TIepPeBO/Ia, KOTOPhIE TIOC/IeJ0BATENbHO TECTUPOBATHCD:

! JIn4 HaIIWX Iesiel HeBa)XKHO pasjindre Mexay opdorpapudecKUMH ¥ rpaMMaTHYeCKUMU
omunbKaMu, MPOUCXOAAIMIMMHU OT HEJOCTATOYHOTO 3HAHUS aBTOPOM IPABUJ JAHHOTO
A3BIKA, U CJIyYaHBIMU OlleYaTKaMH.
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° B OPUTHMHAJIbHOM BU/IE, KAK OHU 33/laBaJIUCh [T0JIb30BATENSIMU;

* TOJIBKO C HCIIPABJIeHHON JUAKPUTHUKOHN (KpOMe aHTJIMKCKOTO);

* CUCIpaBJeHHOU JUAKPUTUKOHN U IIPOYMMHU OTIeYaTKaMU/OIINOKaMU, BKIIOYas
JIVIITHUE UK HEJOCTAIOIIKE TPOOETHI;

* CUCIpaBJIeHHOU KanmuTanusalueil U NyHKTyalueu;

* TOJIHOCTBIO UCITPABJIEHHBIMHU.

B pa3zzese 2 MBI IpHBeZieM IIPUMePhl TUIIMYHBIX OIIHOOK B II0Tb30BATEIBCKUX
3amnpocax; B paszese 3 6osee moJpoOHO oXapaKTepU3yeM TeCTOBbIE HAOOPHI; B pas-
Jiesie 4 onuIIeM I10C/IeZ0BaTeIbHOCTD SKCIIePUMeHTa U IPUMeHABIINEC B HEM Me-
Tpuku. HakoHen, B paszese 5 OyAyT NprBeJeHbl COOCTBEHHO pe3yJIbTaThl U3Mepe-
HUU 1 KOMMeHTapuu K HUM.

2. Tunu4Hble ONTUOKY B 3aIIpocax

[TpuBezeM TUIIMYHEIE IPYMePEH! OIINOOK B 3aIIpocax (Bce IIpUMephl CKOHCTPYH-
POBaHbI HAMU JIN60 B3ATH U3 OTKPBITHIX HHTEPHET-UCTOYHUKOB).
1. Onevarku:

* ciydaiiHble OIeYaTKH, IIPOIYCK WJIM IIepEeCTAHOBKA OJHON WM HECKOJbKUX
6YKB, BCTaBKa WJIM MPOMYCK mpobesa u T.JA.: aHII. chanel — channel ‘kaHair,
theey — they ‘ouw’, sayi ng — saying ‘roBops’; dont’ — don’t; monbck. Warszwa —>
Warszawa ‘Bapuiasa’s

* OTCyTCTBHe IIpobesia MeX/y CJI0OBaMU, pa3zie/ieHHbIMY 3HaKaMU IPeIIMHAHUA:
aHri1. I saw him yesterday.He said... — I saw him yesterday. He said... ‘Sl Buzies ero
Buepa. OH ckasai.... Takoro poga omu6KY 9acTo GEIBAIOT CUCTEMATHYECKUMU
(T.e. aBTOp ITOCIEZOBATEIBHO HE CTABUT IPOOEITHI [TOC/Ie 3HAKOB IIPETMHAHUA),
Y, TIOCKOJIBKY MHOT'HI€ CHCTEMBI He YMEIOT pa3ZiesaTh cjaoBa 6e3 npobena, mpu-
BOZAT K Pe3KOMY CHIKEHUIO KauecTBa I1epeBoza.

2. OTCcyTCTBUE JUAKPUTUKU:

* ToJbCK. Zolte zloto — z6tte ztoto “xenToe 3050TO’, HeM. mude — miide ‘ycTanbid’
(aBTOp IOJNIB3yeTca KJIAaBUATYPOH, He HMelollell KIaBUII A 0COObIX CUMBO-
JIOB U JMaKPUTHUUECKUX 3HAKOB). [IpOITycK AMAKPUTUKY HA OTJENbHBIX OyKBax
(He cucTeMaTHYeCKH BO BCeM 3aIpoce), 1o KpalHell Mepe, B pacCMaTpUBaeMbIX
37lechb A3BIKaX BCTpeJaeTcs PesiKo, IOTOMY YTO CHMBOJIBL C JUaKPUTHUKOM pac-
II0JIOXKEeHBI Ha OT/eTbHBIX KJIABUIIIAX ¥ OOBIYHO He II0 COCE/ICTBY C COOTBETCTBY-
IOIMIMMU IIPOCTEIMU CUMBOJIAMU; eINHCTBEHHOe HCKJIloYeHne — [ 1t Ha coces-
HUX KJIaBUIIAX B ITIOJIbCKOH packazke KJIaBUaTypel. PasyMeeTcs, HEUCIIONb30-
BaHUe AMAKPUTUKHU BO3MOKHO TOJBKO IIpU HehOpMaJbHOM Nlepemnucke.

3. OTcyTcTBHE KallUTaAUu3alluy U/UIHU NYHKTyallun:

* HeM. sind diese probleme fiir dich so wichtig — Sind diese Probleme fiir dich
so wichtig? ‘Otu pobieMbl A1 Te6s TaK BaXKHbI?’ (II0Jb30BaTeNb B MIEPEIUCKE
WJIU B 4aTe NpeHeOperaeT 3ariaBHBIMU OyKBaMU U 3HaKaMHU IIPeIIMHAHNA; KaK
U B CIy4ae C JUAKPUTHUKOM, TAaKOTO poja «IocaabieHrs» BO3MOKHbI TOJIBKO
B HepOpMaTbHBIX TEKCTAX);
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* moibcK. data i miejsce urodzenia adres nr dokumentu togsamosci/paszportu —
Dataimiejsce urodzenia, adres, nr dokumentu tozsamosci/pasgportu ‘J/lata u MECTO
POXZEHUs, aZipec, HOMeP JOKYMEHTA, YZAOCTOBEPAIOIIET0 IMYHOCTD / TacopTa’
(IIpy KOMMPOBAHUY COZEPKUMOTO BeO-CTpaHUIbI Ha3BaHUA IIOJIEeH, KOTOpBE
TpebyeTcs 3aM0IHNUTD, CIUBAIOTCA B €IMHYIO II0C/Ie0BATENBHOCTD CJIOB);

* mosbck. Mam na sprzedaz nowy VW. AUTO W STANU BARDZO DOBRYM ‘TIpo-
faio HoBbIM VW. MamHa B o4eHb XOpOIlleM COCTOSIHUU (aBTOp BhIZENAET 3a-
IVIaBHBIMU OYKBaMU Ba’KHYIO 4acCTh COOOIIEHHUST);

* 0COOBIN CTy4Yail MpeCTaBIAI0T cO60 06paleHus U MPUBETCTBUSA B MUCbMaX,
KOTOpBbIe YacTO OTAENAITCSA 3aNATOH, a Zajee UJET TEKCT C 3arJIaBHON OYKBHI
Y C HOBOM CTPOKY; ITPU KOIIMPOBAHUH B OKHO ITIepEBO/A Pa3PhIB CTPOK HCUe3aeT,
U 3amATas OKa3bIBaeTCs Iepe/l 3araBHOM OyKBoW: mosbcK. Witam, Uprzejmie
informuje... ‘/lo6peiii AeHb. C yBakeHHeM coobmiat...” (06bI4Hass GopMynu-
POBKa 11 OPUITNAIBHOTO IIChMA).

OTMeTHuM, YTO B OHOM 3aIIPOCe MOTYT COZEP:KaThCA U YaCTO COZEPIKATCA pas-
HbIe TUIIBI OIHOOK.

3. XapaKTepHCTHKA TECTOBBIX HAOOPOB

Kaxzplif U3 Tpex TeCTOBHIX HAOOPOB, UCIIOJNb30BAHHBIX B OKCIIEPUMEHTE, CO-
crouT U3 500 ciyyailHbIX 3alIpOCOB K CHUCTeMe MalIMHHOI'O IlepeBoza, KaXAbi —
JuHOHN He 60see 1000 cumBosioB. CBolicTBa HAaGOPOB, OAHAKO, OBOJBHO CHUJIBHO
OTJIMYAIOTCH, YTO BEI3BAHO, C OZTHOM CTOPOHBI, CBOMCTBAMH A3BIKOB, C IPYTON — pas-
HUIlel B TeMaTHKe 3aIIPOCOB.

B KaXXZioM si3bIKe MOTYT OBITh CBOM OCOOEHHOCTH — B TOM uuciie opdorpaduye-
CKHe, —KOTOpbIe MOT'Y T IPHBOJUTH K OIIMOKaM B 3aripocax. Tak, HeMeLIKUH 1 TOJTbCK U
A3BIKY PA3/IMYaIOTCA 110 KOINYeCTBY OYKB € JMAKPUTUKON: 3 B HEMEIIKOM U 9 B IIOJIb-
CKOM; COOTBETCTBEHHO, UTHOPHPOBaHUe JUAKPUTUKU B ITOJICKOM A3BbIKE CHUJIbHEe HC-
Ka)KaeT TeKCT, ¥ MOXKHO IIPE/TIONIOKUTD, UTO U CTEeIleHb BIUSAHUA 3TOro pakTopa Ha Ka-
4JecTBO IlepeBoza Oyzert Boilte. C APyroii CTOPOHEL, B HEMELIKOM A3bIKe IPUHATO [THCATh
¢ 6osbIION OYKBBI BCe MMEHA CYIIECTBUTENbHBIE; COOTBETCTBEHHO, NTpeHEOpeKeHNe
KaluTaJu3alyel BbI3bIBAET JAOMOMHUTETbHBIE OpdorpadruyecKue OmuOKH.

TemaTrKa paccMaTprBaeMBbIX TECTOBBIX HAaOOPOB TaKXe JOCTATOYHO CHJIBHO
oTnnyaercd. Tak, K IpuMepy, B llepeBoax C HEMELKOro A3bika okoJo 40 % cocTas-
JIAI0T y4ebGHble TEKCTH U yIPAXKHEHUs, ellle 0K0JIo 25 % — JIUTepaTypHble TEKCTHL,
nepeBoZBI Be6-cTpaHul] — 9 %, a mepemnucka itoboro poza (Bkjarodas 4aThl) — JUIIb
8%. HanpoTus, B 3anpocax Ha IlepeBo/, ¢ aHIVIMMCKOTO A3bIKa 0/ IePeNIUCKHU IIpe-
BhImmaeT 30 %, 10711 y4eOHBIX TEKCTOB COCTABIIAET OKOJI0 20 %, IPUMEPHO CTOJIBKO JKe
COCTaBJIAIOT IIepeBOAbI BeO-CTPaHUIL, a 0JIA TUTEPATYPHBIX TEKCTOB — BCET'0 OKOJIO
8%. B MosbCKOM Ke TIepeBO/ibl BEO-CTPAHUIl HAXOAATCA B IUZEpax — MOUYTH 45 %;
creziom uzet nepenucka (oxomo 40 %), a TUTepaTypHBIE U yueOHbIe TEKCTH BMECTE
cocTaBIAT 0koJo 10 %.

OueBU/AHO, pa3HUIIA B TeMaTUKe ABJIAETCA OLHON U3 IPUYMH Pa3IuIHOU cpes-
Hell IJIMHEI 3a1TPOCOB, cM. Tabauiy 1.
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Tabnuua 1. CpenHsas gavHa 3anpoca

A3BIK CpezHee KOJIMYECTBO CJIOB B 3alIpoce
AHIIUHCKUH 17
Hemenxui 23
[TonbcKuHi 20

Mo2xHO OBLIO OBl 0XKU/JATh, YTO TAKOE PA3IHYye B TeMaTHKe CKa)KeTCs Ha CpeJ-
HeM YpOBHe I'DAMOTHOCTH 3aIlpOCOB: JIUTEPATYPHBEIE TEKCTHl (KOTOpbIE, CKOpee
Bcero, He HAOUPAIOTCA BPYYHYIO, & KOIMUPYIOTCA U3 KAKOro-IN60 UCTOYHUKA B MH-
TepHeTe) JOJIKHBI ObITh OpdorpadriecKku U MyHKTYaIlIOHHO BEIBEPEHEL, B OTJIHNYHE,
K IIPUMeEDPY, OT COOOLIeHUH B YaTax. B aToM ciry4ae cpeiHUI ypOBEeHb 'PAMOTHOCTHU
HeMeLKUX 3aIIPOCOB JJO/KEH OBbITH BBIIIE, YeM, CKaXKeM, aHIVIMHCKHUX. CpaBHUM, 0OJ-
HAaKoO, JaHHbIE 0 KOJIMYEeCTBe 3aIIPOCOB C OIINOKaMU pa3HbIX TUIOB B Tabule 2:

Tabnuua 2. /1019 3anpocoB C pasHbIMU TUNamu OLLMOOK B TECTOBbLIX Habopax

A3BIK JAuakputuka | OmeyaTku Kanuranusanua | OmmoKu
(BKIIOUaAS + MyHKTyanusa | JIF060ro
AVaKPUTUKY) TUIA
AHTIUICKUN | — 32,4% 38% 53,2%
Hemernkuii 5% 40,2 % 48,8 % 67,2%
TTobCKUM 12% 36,6% 62,2% 71,4%

MsI BUAMM, YTO HaUIM OXKHU/JAHUS He MOJHOCTHIO OIPaBJABIBAIOTCA. B aHIINN-
CKOM TeCTOBOM Habope, HeCMOTPsI Ha 6OIbLIOE KOJHUIECTBO IIOTEHIINATIBHO «HEHOP-
MaTHBHOW» [IEPEIUCKHU, OIS OUIMOOYHBIX 3a[IPOCOB KaK B II€JIOM, TaK U [0 OTAEb-
HBIM THUIIaM OIIUOOK HUKE Bcero. KonyecTBO OMMUO0K B YIIOTPEOIEHUH 3aTIaBHBIX
O6YyKB M B IIYHKTYal[U{ B ITOJBCKOM S3bIKE 3HAYUTEJBHO MPEBHIIIAET KOJUIECTBO
aHAaJIOTMYHBIX OIINOGOK B HEMELIKOM.

YacTb 3TUX pa3Indnil, TEM He MeHee, MOKHO 00bsICHUTh. COOTHOILIEHHUE OIIH-
60K B [UaKPUTHKE B [IOJBCKOM 1 HEMEIIKOM sI3bIKE B 1I€JIOM COOTBETCTBYET OXKH/Ia-
HUSAM. BoJibIlioe KOM4YecTBO OUIMO0K Ha KallUTaTHU3aIHI0 U TyHKTYAI[UIO B IOJb-
CKOM sI3BIKE, OUEBU/[HO, IPOMCXOAUT M3-3a IEPEBO/OB BeO-CTPAHULL, OTJETbHbIE
3J7IeMEHTHI KOTOPHIX IIPYU KOMUPOBAHUH CIUBAIOTCA (CM. IPUMEPHI OIINOOK BBIIIE).

4. MeToauKa 3KCIIeprUMeHTa

Jlisi cpaBHEHUS Pe3yJbTaTOB B KaXX/JOM M3 TPEX TECTOBBIX HAOOPOB MOCIIEN0-
BaTEJbHO MCIPABJISINCH OIUOKN Pa3JIUYHBIX TUIIOB. B pe3ynbrare, A KaXkZ0ro
sI3bIKA, IOMUMO OPUTUHAJIBHOTO, OBIIIN CO3/JaHbI CEAYIONIME YeThIpe Habopa:

* CUCHpaBJIeHHOU AUAaKPUTUKOU (KpOMe aHTIIUHICKOr0);
* CUCIpaBJIeHHOU JUAKPUTUKOHN U IPOYMMHU OTIeYaTKaMU/OINOKaMU, BKIIOYas

JIVIITHUE UK HEJOCTAIOIIHE TPOOETHI;
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* CUCIpaBJeHHBIMU KanuTalu3aluel u NyHKTyalue;
* IIOJIHOCTBIO UCIIPABJIE€HHEBIE.

Bcero, Takum 06pa3oM, 711 HEMEIIKOTO U ITOJIbCKOTO SI3bIKOB Y HAC OBLIIO 10 IIATH
HabopoB mo 500 3ampocoB, A aHTTTUUCKOTO — YETHIPE.

JUIA Ka)XZOro A3blKa OBLIM IIOATOTOBJIEHEl STAJOHE IIePEBOZOB HA PYCCKUH
SI3BIK, TIOCJIE Yero Bce Habophl ObLIM ITPOTECTUPOBAHBI HA TPeX OeCIIaTHBIX CTaTHU-
CTHYECKUX OHJIaHH-CHUCTEeMaX MalIMHHOIO IlepeBoza. /[id olleHKU KadyecTBa IIpuMe-
Hanack metpuka BLEU (Bilingual Evaluation Understudy), minpoko ucnoiab3yeMas
ZJ1 OLIeHKM CTaTUCTUYeCKOTro MalIMHHOI'0 IlepeBoza.

BLEU ocHOBaHa Ha CpaBHEHUM MAalIMHHOI'O IIEPEBOJA C 3TAJOHOM, CZeJaH-
HBIM 4YeJIOBEeKOM. J[Jig 3TOro MOJCUYUTHIBAETCA KOJIUYECTBO IIOC/Ie0BaTeNIbHOCTEN
U3 n caoB (n-rpaMMOB), COBIAZAOUIMX B CPAaBHMBAeMOM II€peBO/ie U B 3TaJIOHE;
n 06b19HO 6epetcs oT 1 10 4. 3HayeHre BLEU BBICYMTHIBAETCSA B CPEHEM /IJIST BCETO
KopITyca nepeBoioB (B HameMm ciayvae 500 pparMeHTOB AJIsi KaXK/JOT0 3bIKa) U CO-
crapyseT ot 010 1 (u60 ot 0 10 100), rae O 03HAYAET, YTO COBIAJEHUA OTCYTCTBYIOT,
a1 (100) — yTo cpaBHUBAEMBIHM KOPITYC ITOJTHOCTHIO HeHTUYEeH 3TaJIOHY (CM. MOA-
pobree o merpuke BLEU: Papineni et al. 2002).

B Hamrem skcrepuMeHTe UCIIONb30BaHbl Tpu MeTpuku BLEU: a) ctanzapTHas
(yuuThiBaromas NyHKTYallMOHHbIe 3HAKW KaK OTJebHble TOKeHEl); 6) BLEU 6e3
yueTa nyHKTyanuu; 1 B) BLEU c ydyeToM NyHKTyalluu ¥ KanuTaausanuu (T. e. yqu-
THIBAIOIIAsA TaK)Ke pa3jnuiyue CTPOUYHBIX U 3aIJIaBHBIX OYKB B IlepeBo/ie U TAJIOHE).

5. PesyabTaThl 3KCIIepUMEHTA

B aToM paszesie mpuBOAATCA ZaHHble 110 U3MeHeHMI0 BLEU B Tpex cucremax
MAaIIWHHOIO IlepeBoza I KaXKA0ro A3BIKOBOT0 Habopa IIpU HCIPaBIeHUH OMHOO0K
Pa3HOro THIIA: OIIeYaTOK, KAUTAJIN3aL NN U IYHKTYalluH, BceX OoMmuOoK. B ckobkax
yKasblBaeTcsa IpupocT 3HadeHuA BLEU 110 cpaBHEHUIO € UCXOZAHBIMY 3aIIpOCAMMU.

5.1. IIpuBeseM pe3yabTaThl HOACYETOB CTAHLAPTHOTO
BLEU (c yyeTOM IyHKTyaIu)

Tabnuua 3

n

HeucnpasiieHHble | McripaBiieHbI CHpABJICHEL HcnpasiaeHbr
KalnmuTajau3anua
3aIpockl BceoNeYyaTKH BCe OLINOKYU
M IYHKTyalus

AHTINHCKUAN A3BIK
C1 28,8 30,7 (+1,9) 30,1 (+1,3) 32,1 (+3,3)
C2 30,9 33,1 (+2,2) 32,1 (+1,2) 34,5 (+3,6)
Cc3 26,6 28,0 (+1,4) 28,9 (+2,3) 30,2 (+3,6)
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HcnpasieHsl
HeucnpasieHHble | VcnipaBJieHbI HcnpaBieHsl
KanuTanusanusg
3anpockl BceolNeYyaTKH BCE OIINOKYU
U MyHKTyanus
HeMenkuii S3bIK
C1l 23,9 26,2 (+2,3) 24,2 (+0,3) 26,9 (+3,0)
C2 22,6 24,4 (+1,8) 23,0 (+0,4) 25,4 (+2,8)
€3 20,4 21,8 (+1,4) 20,8 (+0,4) 22,2 (+1,8)
ITonbcKUi A3BIK
C1 33,1 35,0 (+1,9) 37,7 (+4,6) 40,0 (+6,9)
C2 20,9 22,0 (+1,1) 26,1 (+5,2) 27,3 (+6,4)
G 20,0 20,6 (+0,6) 24,2 (+4,2) 24,9 (+4.,9)

[TpoKOMMEHTHpyeM pe3yIbTaThl U3MEPEeHUN.

1. B aHIIMIICKOM sI3bIKE HCIIpaBjieHHEe 0OOMX TUIIOB OUIUOOK /aeT 6oJiee NI MEHEe
PaBHOMEPHBIN IPUPOCT KauecTBa (BO3MOKHO, 9TO COOTHOCUTCS C TEM, YTO IPO-
I[EHT 3aIPOCOB C OIUOKAaMU KaXK/J0T'0 M3 3TUX TUIIOB B aHIVIMHACKOM CPaBHUM —
32,4% u 38%, cm. Tabauny 1). [IpaBga, B pa3HBIX CUCTEMaX BKJIaJ ABYX THIIOB
omnbok MoxkeT oTandarhbes: B C1l u C2 cuibHee BAUAHME onledyaTok, B C3 Goblie
BJIMSET KaUTaJIU3aLUA/TTYHKTyal[ 1.

2.B HeMenkoMm ob6paiiaeT Ha ceb6s BHHMaHHeE CYIECTBEHHO OoJiblliee BIUSHUE
Ha pocT BLEU ucnpaBjieHHe OIIeYaTOK MO CPaBHEHUIO C UCIIPABJIEHUEM OIIUOOK
KalmuTaJU3aluy U MYHKTYalud — XOTS IPOLIEHT 3alIPOCOB C OMNOKaMU BTOPOT'O
THIIa He MEHbIIE, a ZIaXke HECKOJIbKO Oosiblle, YeM repBoro (40,2% u 48,8 % co-
OTBETCTBEHHO — COOTHOIIEHUE GJIM3KO K TOMY, KOTOPO€ MbI BUJIEIU B aHIVIMH-
ckoM Habope). CXOACTBO COOTHOUIEHUSA BO BCEX CHCTEMAaX MOJATBEPXKJAET 3TOT
pesyJbTart.

3. B monbckoM A3bIKe, HAIPOTUB, OYeHb CUJIbHO BAMAHUE KaMUTaJU3aluU U MIyH-
KTyalluu U HeBeJUK BKJIaJ OlleyaTOK. B ompejeseHHOU cTelmeHU 3TO CBA3aHO
¢ 0COOEHHOCTAMHU TECTOBOTO Habopa M OOJBLION L0Jell TaKUX OUIMOOK B HEM
(62,2% 3anpocoB), 0JHAKO 3TO, OUeBU/HO, He e[UHCTBEeHHas IIpUYMHA: [I0 CpaB-
HEHUIO C aHIVIMKMCKUM /I0JIA 3aIIPOCOB € OIle9aTKaMU B ITOJIbCKOM HECKOJIBKO BBIIIIE
(36,6 % mpotuB 32,4 %), a BAUAHUE UX HUCIIPaBJeHUA Ha KauyeCTBO HU)Xe BO BCeX
cucTeMax IepeBoja.

HOCMOTpI/IM, HaCKOJIbKO BJIMAET Ha Ka4eCTBO II€peBOZa MCIIpaBJE€HUE TOJIBKO
AUAKPUTUKH, 6e3 IIPpOYMUX OI€YaTOK, B IIOJIbCKOM U HEMEIIKOM A3bIKaX. HPHBO,Z[HTCH
TOJIbKO 3HaueHus BLEU npu HCHpaB]IeHHOﬁ AWAKPUTUKE U pasHULla C UCXOAHBIMU
3alpocaMu.
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Tabnunua 4
Hemeuxuii ITobCcKuii
c1 23,8 (-0,1) 33,8 (+0,7)
C2 22,6 (+0,0) 21,0 (+0,1)
C3 20,4 (+0,0) 20,1 (+0,1)

Kaxk BU/IHO, UCIIpaBJIEHUE TOJIBKO AUAKPUTHUKH ]a€T OU€Hb HEGOBIION 3D DEKT.
B HeMeIKOM sI3bIKE OH BOBCE HYJIEBOW. B TOJIBCKOM OH OTJIUYEH OT HYJS — 4YTO,
BUAMMO, 0OBbICHAETCSA OONBUINM KOJTUYECTBOM OYKB C JUAKPUTHUKOHU U, COOTBET-
CTBEHHO, 6OIBIINM IIPOIEHTOM OLUTUOOK ZaHHOTO TUMa (cM. Tabnuiry 2), — HO TOXKe
oueHb HeBeJIUK. bojiee MM MeHee 3aMeTeH OH B ITOJIbCKOM SI3bIKE TOJIBKO B CUCTEME
1, Aake HECMOTPS Ha TO, YTO U 061THe ToKa3aTeu BLEU /115 TIOJIbCKOTO SI3bIKA B HEH
BBIIIE; B IPOIIeHTHOM oTHoweHuu npupocTt BLEU B Cucteme 1 cocrasuser 2,1 %,
B Cucremax 2 u 3 — 0,5%.

[MpuBegeM Ay CpaBHEHUS Pe3YJbTAaThl U3MEPEHUH IO APYTHMM METPUKaAM
BLEU.

5.2. BLEU 6e3 yyeTa MyHKTyal[uu

Tabnuua 5
HeucnpasieHHble | McripaBJieHbI Henpastensl HcnpaBaeHbr
3anpocskl BeeomeyaTky | o A MBARMA o o mGKu
U MyHKTyanus
AHTIUNACKUMN A3BIK

C1l 24,4 26,3 (+1,9) 24,9 (+0,5) 26,7 (+2,3)
C2 26,9 28,8 (+1,9) 26,8 (-0,1) 28,8 (+1,9)
C3 23,2 24,6 (+1,4) 23,7 (+0,5) 25,2 (+2,0)

Hemenkuii A3bIK
C1l 18,5 20,6 (+2,1) 18,7 (+0,2) 21,2 (+2,7)
C2 17,5 19,1 (+1,6) 17,5 (+0,0) 19,7 (+2,2)
C3 16,1 17,1 (+1,0) 16,1 (+0,0) 17,3 (+1,2)

ITosbCcKUM A3BIK
C1l 29,7 31,8 (+2,1) 30,0 (+0,3) 32,2 (+2,5)
C2 17,1 18,2 (+1,1) 18,4 (+1,3) 19,4 (+2,3)
C3 16,2 16,9 (+0,7) 16,8 (+0,6) 17,3 (+1,1)

OxkuzlaeMbIM 06pa3oM, 3/1eCh PE3KO yMEHbIIAIOTCS ITUGPHI B MPEATIOCIeHER
KOJIOHKE, B HEMEI[KOM sI3bIKE — BOBCe /10 HyJis. OcTaBuInecs nqudpel, 04eBU/IHO, TOKA-
3BIBAIOT PeasbHbIN BKJIA/ UCIIPABJIEHUS KaIUTAIN3alUU U MyHKTyal[UU B KAYECTBO
repeBoZia KaK TAKOBOT'0. B TO jke BpeMsi BAUSHUE UCIPABJIEHHBIX ONIEYaTOK B HEMETI-
KOM U ITOJIbCKOM SI3bIKaX IIPU TAKOM CITIOCOOE U3MEPEHU S HECKOJIBKO MTOBBILIAETCA.
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5.3. BLEU c yyeTOoM KanuTajJau3anuu U NyHKTyaluu

Tabnuua 6
HeucnpasieHnHble | McnipaBJieHbI Hcrpastenst HcnpasaeHsl
3ampocCskl BCceonme4yaTKu R BCE OILIUOKU
U IyHKTyanus
AHTIUTCKHUN A3BIK

C1 26,7 28,4 (+1,7) 28,8 (+2,1) 30,6 (+3,9)
c2 29,3 31,4 (+2,1) 30,8 (+1,5) 33,2 (+3,9)
C3 24,9 26,2 (+1,3) 27,6 (+2,7) 28,8 (+3,9)

HeMmenkuii S3bIK
C1 21,7 24,0 (+2,3) 22,4 (+0,7) 24,9 (+3,2)
c2 21,3 23,0 (+1,7) 21,9 (+0,6) 24,1 (+2,8)
C3 19,1 20,4 (+1,3) 19,6 (+0,5) 21,0 (+1,9)

IMonbCKU I3BIK
C1 30,1 31,7 (+1,6) 36,5 (+6,4) 38,7 (+8,6)
c2 19,5 20,5 (+1,0) 25,0 (+5,5) 26,3 (+6,8)
C3 18,3 18,9 (+0,6) 23,1 (+4,8) 23,9 (+5,6)

3aKJ4YeHue

JlanHas paboTa MOCBsAIEHa BIUSHUIO opdorpadudeckoi mMpaBUIbHOCTU HC-
XOJHOTO TEKCTa Ha KauyeCTBO CTATUCTUYECKOr0 MAIIMHHOIO IlepeBoza. MHI IOKa-
3aJIid, YTO UCIIpaBJIeHNe BceX — opdorpaduyeckux U MyHKTYAITMOHHBIX — OIIUOOK
MOJKeT aTh IpUpoCT kadecTBa 1o MmeTpuke BLEU npumepso Ha 10-15 % no cpaBHe-
HUIO C HEUCIIPaBJIeHHBIM TEKCTOM. YTO KacaeTcs OTAeNbHbIX KJIACCOB OMIMOOK: Op-
dorpaduueckux, c OZHON CTOPOHBI, U B IIYHKTYaIlUU U KalTUTAIU3ALNN — C IPYTOH,
BKJIaZ KaXKZOTO U3 3THX KJIACCOB MOXKET PA3TMYaThCA B 3aBUCHMOCTHU OT CBOHCTB
A3bIKAa U 0COOeHHOCTEeH 3ampocoB. MBI TaK)Ke pacCMOTpPeNU BIMAHKE Ha IIepeBOJ
OTZIeIBHOTO THUIIA OIIHOO0K — OTCYTCTBUA JUAKPUTUKHU, KOTOPOE MOXKeT BOZHUKATh
He TOJIbKO II0 HeOPEeXXHOCTH I10JIb30BaTe s, HO ¥ 10 TEXHUYeCKUM IpUYrHaM. Bkiaz
HCIpaBJIeHUs DTOr0 TUIIA OIINOOK B Ka4eCTBO IIepeBo/ia OKa3aJICsa HeBeJUK — BIIPO-
4yeM, OH B OOJIbIIel Mepe, 4eM pyrue, 3aBUCUT OT KOHKPETHOTO A3BIKa.

Bb110 651 THTEPECHO IIPOBEPUTH IOy YeHHbIE PE3yIbTaThl Ha [PYTUX A3BIKOBBIX
napax. Kpome Toro, B JanpHelIIeM HeOOX0AUMO HCCIeZ0BaTh BANAHNE Ha KA4eCTBO
nepeBoa APyTHUX TUIIOB OUTNOOK — B IIEPBYIO OYepe/ib CHHTAKCUIEeCKHUX.
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The paper deals with multiligual sentiment analysis. We propose a method
for projecting an opinion lexicon from a source language to a target lan-
guage with the use of a parallel corpus. We can make sentiment classifi-
cation in a target language using an opinion lexicon even if we have no la-
beled dataset. The advantage of our method is that it captures the context
of aword and thus produces a correct translation of it. We apply our method
to the language pair English-Russian and conduct sentiment classification
experiments. They show that our method allows creating high-quality opin-
ion lexicons.
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1. Introduction

Sentiment analysis is one of the most popular information extraction tasks both
from business and research prospective. It has numerous business applications, such
as evaluation of a product or company perception in social media. From the stand-
point of research, sentiment analysis relies on the methods developed for natural lan-
guage processing and information extraction. One of the key aspects of it is the opin-
ion word lexicon. Opinion words are such words that carry opinion. Positive words
refer to some desired state, while negative words — to some undesired one. For exam-
ple, “good” and “beautiful” are positive opinion words, “bad” and “evil” are negative.
Opinion phrases and idioms exist as well. Many opinion words depend on context, like
the word “large”. Some opinion phrases are comparative rather than opinionated, for
example “better than”. Auxiliary words like negation can change sentiment orienta-
tion of a word.

Opinion words are used in a number of sentiment analysis tasks. They include
document and sentence sentiment classification, product features extraction, subjec-
tivity detection etc. [12]. Opinion words are used as features in sentiment classifica-
tion. Sentiment orientation of a product feature is usually computed based on the sen-
timent orientation of opinion words nearby. Product features can be extracted with
the help of phrase or dependency patterns that include opinion words and placehold-
ers for product features themselves. Subjectivity detection highly relies on opinion
word lists as well, because many opinionated phrases are subjective [14]. Thus, opin-
ion lexicon generation is an important sentiment analysis task. Detection of opinion
word sentiment orientation is an accompanying task.

Opinion lexicon generation task can be solved in several ways. The authors
of [12] point out three approaches: manual, dictionary-based and corpus-based. The
manual approach is precise but time-consuming. The dictionary based approach re-
lies on dictionaries such as WordNet. One starts from a small collection of opinion
words and looks for their synonyms and antonyms in a dictionary [10]. The draw-
back of this approach is that the dictionary coverage is limited and it is hard to create
a domain-specific opinion word list. Corpus-based approaches rely on mining a re-
view corpus and use methods employed in information extraction. The approach pro-
posed in [9] is based on a seed list of opinion words. These words are used together
with some linguistic constraints like “AND” or “OR” to mine additional opinion words.
Clustering is performed to label the mined words in the list as positive and negative.
Part of speech patterns are used to populate the opinion word dictionary in [21] and
Internet search statistics is used to detect semantic orientation of a word. Work [7]
extends the mentioned approaches and introduces a method for extraction of context-
based opinion words together with their orientation. Classification techniques are
used in [2] to filter out opinion words from text. The approaches described were ap-
plied in English. There are some works that deal with Russian. For example, paper [4]
proposes to use classification. Various features, such as word frequency, weirdness,
and TF-IDF are used there.

Most of the research done in the field of sentiment analysis relies on the pres-
ence of annotated resources for a given language. However, there are methods
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which automatically generate resources for a target language, given that there are
tools and resources available in the source language. Different approaches to multi-
lingual subjectivity analysis are studied in [14] and [1] and are summarized in [3].
In one of them, subjectivity lexicon in the source language is translated with the use
of a dictionary and employed for subjectivity classification. This approach delivers
mediocre precision due to the use of the first translation option and due to word
lemmatization. Another approach suggests translating the corpus. This can be done
in three different ways: translating an annotated corpus in the source language and
projecting its labels; automatic annotation of the corpus, translating it and project-
ing the labels; translating the corpus in the target language, automatic annotation
of it and projecting the labels. Language Weaver' machine translation was used
on English-Roman and English-Spanish data [3]. Classification experiments with
the produced corpora showed similar results. They are close to the case when test
data is translated and annotated automatically. This shows that machine translation
systems are good enough for translating opinionated datasets. It is also confirmed
by the authors of [19] when they used Google Translate?, Microsoft Bing Translator®
and Moses*.

Multilingual opinion lexicon generation is considered in the recent paper [19]
that presents a semi-automatic approach with the use of triangulation. The authors
use high-quality lexicons in two different languages and then translate them automat-
ically into a third language with Google Translate. The words that are found in both
translations are supposed to have good precision. It was proven for several languages
including Russian with the manual check of the resulting lists. The same authors col-
lect and examine entity-centered sentiment annotated parallel corpora [20].

In this paper we develop the idea of multilingual sentiment analysis. We propose
amethod for projecting an opinion lexicon from a source language to a target language
with the use of a parallel corpus. We apply it to the language pair English-Russian hav-
ing a collection of a parallel and a pseudo-parallel review corpora. The method is eval-
uated against the baseline, which is a translation of the opinion word lexicon with
Goolge Translate. Sentiment classification experiments are conducted to evaluate the
quality of the lexicons. The advantages of our method are the following. It captures
the context of opinion words thus producing correct translations. It doesn’t require
a machine translation tool, as in [19] or a bilingual dictionary as in [14]. However,
machine translation tool may be employed in the absence of parallel corpus or for
better recall. The opinion lexicon is needed only in one language, unlike in work [19]
where 2 lexicons are required.

! http://www.sdl.com/products/automated-translation/
2 http://translate.google.com/
3 http://www.bing.com/translator

4 http://www.statmt.org/moses/
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2. Approach

The idea of our approach is to use a parallel corpus to construct an opinion lexi-
con in a target language, given that there is an opinion lexicon in a source language.
A parallel corpus is a text with its translation to the target language. We suppose that
it contains opinionated sentences. An opinion lexicon is a set of words carrying opin-
ion. It is not necessarily divided into positive/negative or other groups. The opinion
lexicon for the target language is extracted from the parallel corpus by translating the
words from the opinion lexicon in the source language. The algorithm of the method
is as follows:

1. Collect a corpus of parallel reviews, align sentences
2. Compute word lexical translation probabilities
3. Collect opinion words translations and normalize them

Let us consider the mentioned steps in greater details. The task of parallel cor-
pus acquisition and preparation is a well-studied area of research [8]. One collects
or crawls data that is available in different languages. Parallel documents are deter-
mined by some identifier, e.g. name, time, or specific number. Documents are split
into sentences by the sentence splitter, paragraphs are kept preserved. The resulting
text is processed by the sentence aligner. A parallel corpus with opinionated texts can
be obtained from the sites that post reviews in different languages (manually trans-
lated). Usually, such reviews are editorial. They contain opinionated text; however
opinion words there tend to be more polite than in forums or user reviews. The size
of the corpus is less important than the coverage of words from the source opinion lexi-
con. In the absence of a natural parallel corpus, a pseudo-parallel corpus can be used
[20], which is a text along with its translation done by an automatic translation system.

Lexical translation probabilities of words are computed on the aligned corpus:

s (t) and p¢(s),

where t is a word in the target language, s is a word in the source language. Lexical
translation is a translation of a word in isolation. To compute it, one has to count how
many times a certain word was translated into different options within the aligned
sentences. The ratios of these counts and the count of that word represent the distribu-
tion of lexical translation probabilities. This operation is performed in both transla-
tion directions,i.e.t — S and § — €.

Opinion word translations are collected for a given opinion word list in the source
language. Correct translation of a source opinion word is determined as follows:

t,s:p,(s) = maxp;(s) and p,(t) = maxp;(t)
i ]

In other words, to make translation of a source word, we choose a word with
a maximum translation probability and check that it translates to the same word with
a maximum probability as well. The translated words are normalized.
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3. Experiments

3.1. Opinion lexicon projection

We conducted several experiments to validate the proposed approach. Two
parallel datasets are used in our experiments. The first one consists of Russian and
English reviews collected from the Mobile Review site®. We downloaded all pages
from the English editorial of the site. Then we downloaded Russian versions of these
pages using English links without the token “-en”. We will refer to this dataset
as to “MR”.

The second one consists of the first 5,000 lines from the reviews of books, cam-
eras and films taken from ROMIP 2011 sentiment analysis dataset [5] and 1,000 lines
of iPhone4 reviews from Yandex Market® along with their Russian translation pro-
duced by Google Translate. We will refer to it as to “ROMIP-GT”. The datasets are
split into sentences with Freeling” and aligned with Microsoft Bilingual Sentence
Aligner [18]. After the above mentioned, the aligned “MR” contains 579,559 Russian
and 726,798 English words, the aligned “ROMIP-GT” contains 714,533 Russian and
820,241 English words. We use GIZA++ [15] for creating word lexical translation ta-
bles. English opinion word lists are downloaded from Bing Liu’s homepage®. There are
4,818 negative and 2041 positive words. We will refer to this list as to “BL” dictionary.
Mystem? is used to normalize the Russian words. They are transformed to singular,
masculine, nominative, present time forms.

We produce 4 opinion lexicons in Russian in total. During lexicons construc-
tion we remove all words containing spaces and minuses, and which are shorter than
3 symbols. “BL-GT” lexicon contains translated and normalized opinion words from
“BL". “BL-GT filtered” lexicon was constructed in the following way. Words from “BL”
were translated to Russian and then back to English using Google Translate. We col-
lected only those Russian translations that produced English translation equal to its
English original.

“MR” lexicon is created by application of our method to “MR” parallel corpora.
“ROMIP-GT” lexicon is created using our method with the “ROMIP-GT” dataset.
“ROMIP-GT merged” lexicon is produced in the following way. We applied our method
to 3 subsets of “ROMIP-GT”, i.e. books, films and cameras. Then the resulting lists
were merged. The number of opinion words in each lexicon is listed in Table 1. Table
2 shows intersections of the lexicons.

5 http://mobile-review.com/

¢ http://market.yandex.ru/

7 http://nlp.Isi.upc.edu/freeling/

8 http://www.cs.uic.edu/~liub/FBS/sentiment-analysis.html

°  http://company.yandex.ru/technologies/mystem/
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Table 1. Opinion words number

Lexicon Positive | Negative Total

BL (English) 2,041 4,818 6,859
BL-GT 1,443 3,067 4,510
BL-GT filtered 907 2,037 2,944
MR 163 182 345
ROMIP-GT 706 1,311 2,017
ROMIP-GT merged 1,057 1,812 2,869
Union: 1,993 4,040 6,033

The lexicon “BL-GT” is the biggest with almost 4.5 thousand words. However, it is less
than the original list by 34%. This is due to the fact that some words were translated to the
same surface form (27%), due to phrases removal (they contain spaces) and due to nor-
malization. There is a small portion of untranslated words as well. “BL-GT filtered” is al-
most a half of the original dictionary. It is interesting to see, however, that so many words
are translated from English to Russian and back to English with the original form.

“MR” lexicon that was produced from the Mobile Review parallel corpus is rather
small. This is because it contains a different English lexicon than the opinion word list
“BL". The “MR” texts were written by a limited number of persons, while the opinion
lexicon “BL” contains contributions from a lot of people.

Interestingly, “ROMIP-GT merged” is 30% bigger than “ROMIP-GT” and is al-
most as big as “BL-GT filtered”. Table 2 suggests that “ROMIP-GT merged” has 1222
or 45% of words in common with “BL-GT filtered”. This is because the words in the
latter case were translated in isolation while in the first case they were translated
within the context.

We can get as many as 6,033 opinion words if we merge all lists, which is 89%
of the original English list.

Table 2. Opinion words intersection

Words
Intersection pos neg total
MR ROMIP-GT merged 118 88 206
MR BL-GT 132 178 310
ROMIP-GT merged | BL-GT 626 1,006 1,632
ROMIP-GT merged | BL-GT filtered 436 786 1,222

We made a manual assessment of the lexicons. Table 3 shows their precision.
“BL-GT filtered” is the most accurate. This can be explained by the fact that it contains
just the right English words translated unambiguously without context. Also, we com-
pared “MR” and “ROMIP-GT” lists. The first was derived from professional reviews,
the second from user reviews. It is interesting to note that “MR” contains “specific”
opinion words and “ROMIP” contains emotional words.
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Table 3. Precision by manual assessment

Lexicon Precision
BL-GT 0,79
BL-GT filtered 0,87
MR 0,76
ROMIP-GT 0,83
ROMIP-GT merged 0,82

3.2. Document Sentiment Classification

The number of words in the list doesn’t mean its quality. We conducted several
experiments to benchmark the produced opinion word lists. We decided not to check
the words manually, but to use them in the real-world task, that is sentiment clas-
sification. The experiments are performed on the annotated part of ROMIP 2011 da-
taset [5]. It contains reviews of books, films and cameras. There are 750 positive and
124 negative review instances.

Counting the number of positive and negative words is the most straightforward
way to text sentiment classification [13]. The one with the greater number of opin-
ion words wins. The work [17] suggests that it is better to consider the presence
of an opinion word in text rather than the number of appearances. We implement
both approaches. We will refer to the first as to “Frequency voc” and to the second
as to “Binary voc”.

Supervised approaches to text sentiment classification were studied by Pang et al.
[17]. We use a linear perceptron classifier with two types of feature computation: term
frequencies and delta TF-IDF. The latter was proposed by Martineau et al. [11] and
proven to be efficient for sentiment classification in Russian [16]. The experiment re-
sults of these methods were obtained after performing 10-fold cross validation. These
results act as a base line of supervised classification that requires an annotated data-
set. We compare them with dictionary-based classification that does not require class
labels to train, because it has negative and positive words. Therefore, results of super-
vised classification are considered as a higher bound for a dictionary based.

Table 4. Experiment results

Lexicon Method MicroP | MicroR (Acc) | MacroR | MacroF1
Perceptron 0.84 0.84 0.59 0.60
Perceptron + TfIdf 0.84 0.84 0.62 0.63
. Binary Voc 0.76 0.68 0.59 0.58

R -GT
ormp Frequency Voc 0.79 0.72 0.59 0.59
Romip-GT Binary Voc 0.84 0.80 0.59 0.61
merged Frequency Voc 0.86 0.82 0.59 0.61
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Lexicon Method MicroP | MicroR (Acc) | MacroR | MacroF1
BL-GT Binary Voc 0.65 0.60 0.62 0.54
Frequency Voc 0.73 0.69 0.59 0.56

BL-GT Binary Voc 0.78 0.78 0.59 0.58
filtered Frequency Voc 0.77 0.72 0.58 0.58
MR Binary Voc 0.67 0.52 0.50 0.49
Frequency Voc 0.66 0.53 0.51 0.50

The experiment results are represented in Table 4. The binary approach provides
the same weight to all of the words. Low performance of the binary approach as com-
pared with the frequency approach means that the lexicon is of low quality. It may
contain common words that can be found in the text (that rarely speak about subjec-
tivity). So we can say that “BL-GT” is rather dirty. “ROMIP-GT merged” gives the best
performance among the opinion lexicons. It has the same number of words as “BL-
GT filtered”, but the performance of the “ROMIP-GT merged” is higher, so we can say
that its quality for sentiment classification is better. It is because the words in “ROMIP-
GT merged” were translated with the use of context unlike the words in “BL-GT fil-
tered”. “BL-GT filtered” shows better results in manual assessment, but worse results
in classification. We can explain this by the fact that “ROMIP-GT merged” contains
such words that out of context may seem not opinion words or words that are more
often used in user reviews as compared with words from “BL-GT filtered”.

We supposed that the increase in the classification performance could be due to the
fact that we used a part of the big dataset ROMIP 2011 to retrieve “ROMIP-GT merged”,
and the labeled dataset that was used for classification was also a part of ROMIP 2011.
However, it turned out that the intersection between these parts did not exceed 1%,
and it couldn’t lead to the significant increase of the classification performance.

We use our lexicons as a list for feature selection as in [6], and train a linear per-
ceptron classifier. It produces nearly the same results both for “ROMIP-GT merged”
and “BL-GT filtered”. This experiment shows that “BL-GT filtered” contains enough
words that can be used as classification features. However, it also contains common
words that have low weight in the supervised classifier, which does not happen when
this lexicon is used in vocabulary classification.

4. Conclusion

We proposed a novel method for opinion lexicon projection from a source lan-
guage to a target language with the use of a parallel corpus. The method was applied
to different datasets and evaluated against the baseline. The quality of created lexi-
cons was evaluated in sentiment classification benchmark. The experiments showed
that the lexicons are of high quality. They can be used for sentiment annotation
of a corpus in a target language as well.

Out future work is related to enhancement of the method and conducting more
experiments. We plan to work with opinion phrases, investigate other translation
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options instead of the most probable ones. We will apply our method to other lan-
guage pairs, apart from English-Russian. Additionally, it will be interesting to explore
how the method can be applied to other tasks, such as subjectivity lexicon projection
and, more general, multilingual projection of document features.
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Stemming from traditional “rule based” translation a “model based” ap-
proach is considered as an underlying model for statistical machine trans-
lation. This paper concerns with training on parallel corpora and application
of this model for parsing and translation.

Preface

Statistical machine translation has made a significant breakthrough in machine
translation within past decade. Due to availability of huge parallel corpora and in-
creased raw computational power it turned out that rather simple statistical methods
rival (and beat from commercial point of view) the traditional rule based methods
with foundation on years of linguistic research. Nevertheless, the further advances
in statistical machine translation are considered to be related with more linguisti-
cally-rich models. Even such a commodity tool as Moses provides support for using
parsing information in translation process.

Statistical Machine Translation — a short overview

In statistical machine translation target sentences are produced from sentences
by so-called “noisy-channel” — a filter, which modifies input into output. The design
of true filter is unknown but can be modeled by assuming some parametric model.
The model’s parameters can be tuned and the structure can be validated by compar-
ing behavior of model and “true filter”. In case of machine translation the existing
parallel corpora provide possible input and outputs for the modeled filter.

Originally models for statistical machine translation were very simple — a sequence
of words. Then, to model the context dependency of translation, the phrase models and
hierarchical phrase models were introduced [4]. It turned out that more complex mod-
els (with richer parametric space) are hard to trained. So parse trees are used to restrict
possible phrases and labels familiar to linguists such as NP, VP are used to guess hier-
archical phrases [6]. Actually now this model is a context free transduction grammar.

Although linguistic notions are used, little linguistic research is in place. Instead,
the corpora marked-up with parse trees are used to train parsers.
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Proposed approach

Language model used in our approach is based on well-established concepts
of (noncomputational) linguistics. For the more detailed description, see [1]. Here
is a brief summary of the model.

We represent a sentence by an HPSG-style tree. We distinguish between surface
and semantic structure. Surface structure is language dependent, while semantic
structure is deemed as universal.

Therefore semantic structure is the “model” for translation process. Nodes of the
tree (constituents) are normally formed from the words of the sentence. The constitu-
ent bears syntactic and semantic features. One of the most important features is lexi-
cal class — the representation of the meaning of the word. The meaning for our system
is the position within our semantic hierarchy.

The semantic hierarchy (SH) — thesaurus-like hierarchical tree. It consists
of universal nodes that represent different semantic concepts — semantic classes
(SCs), which are filled with lexical items of natural languages — lexical classes (LCs).
The main principle of organizing information within our hierarchy is the inheritance
principle: higher nodes denote general notions, while their descendants denote more
specific meaning and inherit main semantic and syntactic characteristics (these char-
acteristics we call model) from their ancestors. Units of universal semantic informa-
tion in our system are called semantemes — some of them are added in the hierarchy
explicitly, others (for example, semantemes representing grammatical information
such as tense, voice etc.) are computed during parsing.

Dependencies between different units in the hierarchy are described in terms
of semantic relations or semantic slots (which partly correlate to semantic roles, see
[Fillmore 1968], for example). Semantic relations are also part of universal semantic
structure and are language-independent. Dependencies between constituents on the
surface syntactic level are called surface slots which are language-dependent. The cor-
respondence between surface and semantic relation is called diathesis.

Along with tree dependencies, constituents can be linked with non-tree relations
such as conjunction, anaphora, control and movement.

Syntactic structure

"#NonexclamatoryClause : DECLARATIVE_MAIN_CLAUSE"

Flying $Subject: fly

planes - $0bject_Direct: plane

can $AUX_Future_Modal: "#Fut_Modal_AuxiliaryVerb: AUXILIARY_VERBS"
be $Verb: "be:BE"

dangerous $Complernent_Attributive: "danger:DANGER_SAFETY"
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Semantic structure
"#NonexclamatoryClause: DECLARATIVE_MAIN_CLAUSE"
Flying $Subject, Object_Situation: "fly: fly: TO_FLY"
planes $0bject_Direct, Instrument: "plane:AIRPLANE"
$Modifier_Attributive, Ch_ProducedInfluence: "danger:DANGER_SAFETY" <= =-«
$Subject, Agent: "#pronoun_personal: #pronoun_personal:PRONOUN_BEING"

can

be $Verb, Predicate: "be:BE"

dangerous $Complement_Attributive, State: "danger:DANGER_SAFETY" —----------—-—oo--o-= .

For this model we have developed descriptions of semantic hierarchy, syntac-
tic paradigms (surface slots with government, agreement, order restrictions and
relations of slots and grammatical features. The descriptions distinguish between
allowed and not allowed structures. There is no much emphasis on disambiguation
of allowed structures.

Now we can reconsider translation process as conversion from source text to target
via source surface structure, semantic structure, target surface structure to target text.

Since the model is ambiguous, we can treat this process as probabilistic and try
to estimate conditional probabilities of the model features.

The probabilistic model includes:

* Lexeme & POS ngram probabilities

* Lexical class probability

* Lexicalized surface dependency probability

* Lexicalized semantic dependency probability
* Surface to sematic slot mapping

* Surface slots ngram probabilities

* Lexical classes co-occurrence probabilities

* Lexical class translation probability

* Surface slot translation probability

We use Bayesian approach to construct probability from different components.
Taking into consideration the unprepared part of the audience of the conference
we provide explanations instead of formulas.

Lexeme & POS ngram probabilities

This is a traditional language model, except that we take lexeme+part of speech
instead of words. It is used to guide search on initial stages of parsing and in cases
of incomplete parse trees. Currently we use 3-grams.

Lexical class probability

Lexical class probability differs significantly between various domains (e.g. mean-
ings of word “file<noun>" in such domains as Law, Manufacturing or Information tech-
nologies). Thus, for the whole text we detect possible domains and calculate conditional
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probability of different meaning of the words (lexical classes) for the Bayesian mixture
of domains. For example, if we try to determine SC for the source lexeme file in the
text for which we have established domain Information technologies, it is more real-
istic to choose the LC “file:FILE” (file as set of related data in computer). On the oppo-
site, of we deal with the text labeled as Manufacturing domain, it is more probable that
we have “file:FILE_AS_TOOL” (“a hand tool which is used for rubbing hard objects”).

Processing of the whole text slightly improves precision of analysis and transla-
tion in comparison to sentence by sentence mode.

Lexicalized dependency probability

Lexicalized dependency probability (either surface or semantic) is a probabil-
ity of the dependency link in the parse tree conditioned on lexical classes of parent
and child. Currently there are ca. 500 dependency labels and more than 100K lexical
classes. It means we have to learn more than 5 X 1,012 parameters.

Although many combinations are prohibited by the model, still their number
is huge in comparison to the volume of available parallel corpora (~1G of words).

We use hierarchy to approximate parameters.

For example, if we try to determine the correct SC for run in the sentence like
“Ineed to run the clock”, we receive information from our hierarchy that clock is a device
(the hole path up the tree is CLOCK: TIMEPIECE: DEVICE_FOR_MEASURING_AND_
COUNTING: DEVICE), and we know that the class DEVICE is statistically good combined
with the class “ TO_ACTIVATE?”, so it is more reliable to choose “run:TO_ACTIVATE”.

Lexicalized dependency probability is crucial for determination of the correct
parsing tree and disambiguation of word senses.

Surface to sematic slot mapping

To select semantic slot for surface slot at analysis and to select surface slot for se-
mantic slot at synthesis we collect co-occurrence data for surface and semantic slots.

Lexical classes co-occurrence probabilities

Domain depended lexical class probability provides only a rough adaptation
to a particular large-scale domain. There are words, which senses do not correlate
with easy identifiable domains or are indistinguishable within one, or there is no much
text to identify domain and the dependency context is neutral. For example, in the
sentence “Washington criticized Syria.” we need to distinguish between the city and
the surname (this difference does not influence translation, but is important for other
applications of parsing). In this case co-occurrence of classes can help determine the
right analysis if from the training data we know that Washington as a person had little
to do with Syria.
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Co-occurrence of classes is computed for siblings in dependency tree, for all
words with limited neighborhood and for conjuncted words. Just as for the dependen-
cies the number of parameters is quadratic to number of class. Here the approximation
with hierarchy is used as well.

Lexical classes translation probability

Although the model was originally planned to have rich semantic features (se-
mantemes) for differentiation between synonyms of one semantic class across lan-
guages, in practice we augmented it with conditional probability of synonym in target
language for the give synonym in source language.

Surface slot translation probability

In theory, surface slot selection at target language must be guided by source se-
mantic slot and features of child and parent constituents. But it turns out that it is not
possible to take into account all cases in the model. Thus we use as well probabilistic
model which estimates target diathesis probability by source surface slot and com-
plexity of child subtree.

Hierarchical approximation of lexicalized pairwise correlations

Here we present our method of computing co-occurrence statistics in case of lack
of data by using semantic hierarchy.
The co-occurrence we need to compute is conditional probability

P(AN B)
P(A)P(B)’

where A and B are two lexical classes. In case we have enough data we can use counts
to calculate this value

log

NANBIN
S N(AN(B)

But for many class pairs N (A M B) is either very small (which makes very un-
reliable estimations) or zero. The required probability can be decomposed with the
use of hierarchy: , where — is ith ancestor of A

N(A™ A B )N(A"" ~ B"*")

RS N(A(n) mB(m+1))N(A(n+1) ﬁB(m)),where A® —is i ancestor of A
m=0...K-1
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Thus we can use counts of events for the classes in higher levels of hierarchy.
These counts of superclasses are larger and give more accurate estimates of probability.

Training the probabilistic model

To train the model we have to have correct parse trees to estimate probabilities
of model components. There is no such resource of adequate size. To cope with this
problem we use parallel corpora and the parse trees are “hidden variables”.

To make it work we need to have alignment of trees and a way to generate
aligned parse trees. Alignment model is very simple — we condition the probability
of alignment on, distance within hierarchy, on whether there are the same dependen-
ciesin aligned trees, and on the order of aligned constituents. To correctly handle lists
of out-of-dictionary words (for example named entities) we also compute translitera-
tion distance for such words.

To guess about hidden variable, that is presumably correct parse trees, we modi-
fied our parsing algorithm in the following way:

* We align two dependency graphs and attribute more weight to aligned constitu-
ents and links.

* We generate parse trees from the two graphs. They are generated by order of di-
minishing probability of parse structure to be correct and to produce the avail-
able translation.

* We align pairs of parse trees and select best trees (both by parsing and alignment
quality).

* For further parameter estimation we utilize several generated trees to mitigate
overfitting to erroneous parsing results.

See the example below on how the universal semantic structure and the parallel
analysis help disambiguated classical case.

Parallel semantic structures
"#NonexclamatoryClause:DECLARATIVE_MAIN_CLAUSE"
Flying $Subject, Object_Situation: "fly: fly: TO_FLY"
planes $0bject_Direct, Instrument: "plane:AIRPLANE"

$Modifier_Attributive, Ch_ProducedInfluence: "danger:DANGER_SAFETY" <= =-o

$Subject, Agent: "#pronoun_personal: #pronoun_personal:PRONOUN_BEING"

be $Verb, Predicate: "be:BE"

[ ——

dangerous $Complement_Attributive, State: "danger:DANGER_SAFETY" - - - - ---—----—o--oo--o=

"#NonexclamatoryClause: DECLARATIVE_MAIN_CLAUSE"
NeTtatb $Subject_Clausal_Infinitive, Object_Situation: "netatb:neteTs: TO_FLY"
caMoneTaMm $0bject_Instrumental, Instrument: "camonet:camonet:AIRPLANE"
$Subject, Agent: "#pronoun_personal: #pronoun_personal:PRONOUN_BEING" -

$Verb, Predicate: "Bermb:6uimo: BE"

onacto $Complement_Attributivelmpersonal, State: "onacHocTs: DANGER_SAFETY"

$Object_Dative, Experiencer: "#pronoun_personal: #pronoun_personal:PRONCUN_BEING" = - =~
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Resent research is concentrated on computing probabilistic model parameters
for other linguistic descriptions such control, movement and ellipsis.

We also experimenting with non-Bayesian estimation of parameters, since
Bayesian approach assumes independence of features which is hard to achieve.

Out of model translation

It is not feasible to cover complex, huge and dynamic languages by manual

model. Two problems that we see are:
* There are too many words.
* Many contextual translations go across the hierarchy.

To cope with the first problem we have introduced a special lexeme for unknown
words. We predict the morphological features of unknown (to our system) word
by making hypothesis about its flexion. Unknown word lexeme is mapped to different
places in the hierarchy, thus we also try to guess the rough meaning of the word, e.g.
person, action, artifact.

At present, we either transliterate the unknown word or keep them untranslated.
We could as well mine possible translation from alignments of parallel corpora.

The second problem is that some words in some context are translated in the ad-
jacent or sometimes very far lexical classes of hierarchy (e.g. power plant — [ayekTpo]
crannus). As with phrase-based statistical machine translation we automatically cap-
ture regular out-of-hierarchy translations and use them as collocations. In compari-
son to phrases in SMT and collocations in traditional dictionaries our collocations are
parse tree fragments. For more about mining the collocation, see [7].

To achieve the good quality of translation, comparable to popular online ser-
vices, the system should be trained on huge, kept up-to-date internet corpora. Cur-
rently we train our system on roughly 10”8 sentences.
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Evaluation

Internal evaluations

Internal evaluation is performed on several parallel and marked-up corpora.

We use modified BLEU to estimate translation quality. To our opinion, this vari-
ant of BLEU is more suitable for flective languages — only 1-gramms are matched
literally, while higher-order n-gramms are reduced to lemmas. Absolute BLUE-score
is very dependent to the corpora and to the system. For us it is 0.15-0.20. We rely
on it to control incremental changes in the model and the algorithm.

Some corpora are partially marked-up with surface and semantic dependencies
and lexical classes. We control the sentence level precision which is within 60-80%.

We also have small internal stand-out corpora to manually estimate and com-
pare the translation quality with other systems.

External evaluations

It is hard to compare parsing performance of different systems if they are based
on different linguistic principles. Anyway such attempt has been done at previous Dia-
log conferences. In [3] the part of speech disambiguation was tested (which indirectly
correlates with parsing performance if parsing is used for this purpose). In [2] the
parsing structures of different systems have been manually compared with a certain
degree of freedom to match different approaches to the syntax. In both evaluations
the system has shown good results.

This year the translation quality is estimated by range of automatic scores and
by manual translation. We have achieved good results in both comparisons. The sys-
tem was run in per-sentence mode without utilizing surrounding context. Although
this context was available we were not able to use due to technical problems.

Conclusion

The development of the system and its good results in evaluations proves the
plausibility of the linguistically oriented model-based approach to natural language
processing. Due to the universality of the model, it can be used in many NLP tasks.
Trained on the parallel corpora it can then perform translation, parsing, word sense
disambiguation.
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RESEARCH OF LEXICAL APPROACH AND MACHINE
LEARNIG METHODS FOR SENTIMENT ANALYSIS
Blinov P. D. (blinoff.pavel@gmail.com), Klekovkina M. V. (klekovkina.mv@gmail.com),

Kotelnikov E. V. (kotelnikov.ev@gmail.com), Pestov 0. A. (oleg.pestov@gmail.com),
Vyatka State Humanities University, Kirov, Russia

Methods and approaches used by the authors to solve the problem of sentiment analyses on the semi-
nar ROMIP-2012 are described. The lexical approach is represented with the lexicon-based method
which uses emotional dictionaries manually made for each domain with the addition of the words
from the training collections. The machine learning approach is represented with two methods: the
maximum entropy method and support vector machine. Text representation for the maximum en-
tropy method includes the information about the proportion of positive and negative words and col-
locations, the quantity of interrogation and exclamation marks, emoticons, obscene language. For the
support vector machine binary vectors with cosine normalization are built on texts. The test results of
the described methods are compared with those of the other participants of the ROMIP seminar. The
task of classification of reviews for movies, books and cameras is investigated. On the whole. The lexi-
cal approach demonstrates worse results than machine learning methods , but in some cases excels
it. It is impossible to single out the best method of machine learning: on some collections maximum
entropy method is preferable, on others the support vector machine shows better results.

SEMANTIC REPRESENTATION FOR NL UNDERSTANDING

Boguslavsky I. M. (Igor.M.Boguslavsky@gmail.com), Institute for Information Transmission

Problems, Russian Academy of Sciences, Moscow, Russia; Universidad Politécnica de
Madrid, Madrid, Spain, Dikonov V. G. (dikonov@iitp.ru), lomdin L. L. (iomdin@iitp.ru),
Timoshenko S. P. (timoshenko@iitp.ru), Institute for Information Transmission Problems,
Russian Academy of Sciences, Moscow, Russia

While mainstream semantic parsing mostly consists in word sense disambiguation, semantic role
labeling and assigning WordNet/FrameNet categories, deeper NL understanding requires much
more. It includes understanding of the meaning of words, extralinguistic knowledge and is based
on a more intricately elaborated representation of this meaning than that provided by standard
resources. For example, the semantic model should not only know that ask for, implore and demand
belong to the same REQUEST frame. It should also formally represent the very idea of an incentive
speech act (e.g. ‘X tells Y that he wants him to do Z’) and even the difference between such request
varieties as represented by the words listed. Our aim is to build a semantic analyzer supplied with
this kind of semantic knowledge and capable of constructing semantic representations that convey
this knowledge and can be used for inferences. However, before constructing a parser, one should
define the target representation. The focus of this paper is to propose a semantic representation
richer than usually considered. Since the depth of representation is an important decision in lan-
guage modeling, the topic deserves a detailed discussion. Our paper demonstrates selected NL phe-
nomena untreatable by state-of-the-art parsers and semantic representations proposed for them.

ROMIP MT EVALUATION TRACK 2013: ORGANIZERS’ REPORT

Braslavski P. (pbras@yandex.ru), Kontur labs; Ural Federal University, Russia,
Beloborodov A. (xander-beloborodov@yandex.ru), Ural Federal University, Russia,
Sharoff S. (s.sharoff@leeds.ac.uk), University of Leeds, Leeds, UK,

Khalilov M. (maxim@tauslabs.com), TAUS Labs, Amsterdam, Netherlands

The paper presents the settings and the results of the ROMIP 2013 machine translation evalu-
ation campaign for the English-to-Russian language pair. The quality of generated translations
was assessed using automatic metrics and human evaluation. We also demonstrate the useful-
ness of a dynamic mechanism for human evaluation based on pairwise segment comparison.
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SENTIMENT ANALYSIS TRACK AT ROMIP 2012

Chetviorkin I. I. (ilia2010@yandex.ru), Loukachevitch N. V. (louk nat@mail.ru),
Lomonosov Moscow State University, Moscow, Russia

In 2012, Russian Information Retrieval Seminar (ROMIP) continued the investigation of senti-
ment analysis issues. Along with the last year’s tasks on sentiment classification of user reviews
we proposed two new tasks on sentiment classification of news-based opinions and query-based
extraction of opinionated blog posts. For all tasks new test collections were prepared. The paper
describes the characteristics of the collections, track tasks, the labeling process, and evaluation
metrics. We summarize the participants’ results and describe our simple approach for sentiment
extraction task.

COMBINING HMM AND UNIT SELECTION TECHNOLOGIES
TO INCREASE NATURALNESS OF SYNTHESIZED SPEECH

Chistikov P. G. (chistikov@speechpro.com), Korolkov E. A. (korolkov@speechpro.com),
Talanov A. O. (andre@speechpro.com), Speech Technology Center Itd, St. Petersburg, Russia

We propose a text-to-speech system based on the two most popular approaches: statisti-
cal speech synthesis (based on hidden Markov models) and concatenative speech synthesis
(based on Unit Selection). TTS systems based on Unit Selection generate speech that is quite
natural but highly variable in quality. On the other hand, statistical parametric systems pro-
duce speech with much more consistent quality but reduced naturalness due to their vocoding
nature. Combining both approaches improves the overall naturalness of synthesized speech.
To reduce variability of Unit Selection results, we calculate a statistical generalization of the
speaker’s intonation. We created a methodology of voice model building in order to solve the
task of speech parameterization. The model is a set of HMM models whose state parameters are
clustered to provide good quality of synthesized speech even under conditions of insufficient
training data. MFCC coefficients, pitch, energy and duration values are used as fundamental
features. Objective and subjective experiments show that our method increases the natural-
ness of synthesized speech.

CREATING AN AUTOMATED SYSTEM FOR TRANSLATION
OF USER-GENERATED CONTENT

Evdokimov L. V. (Leonid.Evdokimov@promt.ru),
Molchanov A. P. (Alexander.Molchanov@promt.ru), PROMT Ltd., Saint-Petersburg, Russia

This paper describes fast implementation of a hybrid automated translation system for process-
ing user-generated content. We report on engine customization for TripAdvisor, the world’s
largest travel website. Due to the growing potential of the Russian travel market, TripAdvisor
created the Russian version of its website and decided to translate all English reviews into Rus-
sian. PROMT, a leading provider of industrial MT solutions, was selected as MT vendor for the
English-Russian language pair. According to the client’s request we had to perform customiza-
tion within a short period. All input data represent user-generated content, so we faced several
problems while building a large-scale, robust, high-quality engine. We decided to create a so-
lution based on a hybrid machine translation system for the hybrid approach makes possible
fast and efficient customization of a translation system with little or none in-domain data. We
automatically crawled a large web-based Russian text corpus of tourist reviews to build a statis-
tical language model for our hybrid translation system. We analyzed a batch of tourist reviews
in English provided by TripAdvisor, created a number of dictionaries, a translation memory and
defined translation rules for user-generated content. To handle the problem of various typos and
misspellings we added most frequent misspelled words and phrases to the created dictionaries.
We experimented on a test set of tourist reviews in English provided by TripAdvisor. We report
on improvements over our baseline system output both by automatic evaluation metrics and
linguistic expertise.
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USING SEMANTIC FILTERS IN APPLICATION TO
BOOK REVIEWS SENTIMENT ANALYSIS

Frolov A. V. (anton_frolov@rco.ru), Polyakov P. Yu. (pavel@rco.ru),
Pleshko V. V. (vp@rco.ru), RCO LLC, Moscow, Russian Federation

The paper studies the use of fact semantic filters in application to sentiment analysis of book
reviews. The tasks were to divide book reviews into 2 classes (positive, negative) or into 3 class-
es (positive, negative, and neutral). The main machine learning pitfalls concerning sentiment
analysis were classified and analyzed.

USING STATISTICAL METHODS FOR PROSODIC BOUNDARY DETECTION
AND BREAK DURATION PREDICTION IN ARUSSIAN TTS SYSTEM

Khomitsevich O. (khomitsevich@speechpro.com), Chistikov P. (chistikov@speechpro.com),
Speech Technology Center Ltd, St. Petersburg, Russia

The paper deals with statistical methods for predicting positions and durations of prosodic
breaks in a Russian TTS system. We use CART and Random Forest classifiers to calculate prob-
abilities for break placement and break durations, using grammatical feature tags, punctuation,
word and syllable counts and other features to train the classifier. The classifiers are trained
using a large high-quality speech database consisting of read speech. The experimental results
for prosodic break prediction shown an improvement compared to the rule-based algorithm
currently integrated in the VitalVoice TTS system; the Random Forest classifier shows the best
results, although the large size of the model makes it more difficult to use in a commercial TTS
system. To make the system more flexible and deal with the remaining break placement errors,
we propose combining probabilities and rules in a working TTS system, which is the direction of
our future research. We observe good results in experiments with predicting pause durations. A
statistical model of break duration prediction has been implemented in the TTS system in order
to make synthesized speech more natural.

TESTING RULES FOR A SENTIMENT ANALYSIS SYSTEM

Kuznetsova E. S. (knnika@yandex.ru), GK “Geostream”, Moscow, Russia,
Loukachevitch N. V. (louk nat@mail.ru), Chetviorkin . I. (ilia2010@yandex.ru),
Lomonosov Moscow State University, Moscow, Russia

The paper is devoted to testing rules useful for sentiment analysis of Russian. First, we describe
the working principles of the POLYARNIK sentiment analysis system, which has an extensive
sentiment dictionary but a minimal set of rules to combine sentiment scores of opinion words
and expressions. Then we present the results achieved by this system in ROMIP-2012 evaluation
where it was applied in the sentiment analysis task of news quotes. The analysis of detected
problems became a basis for implementation of several new rules, which were then tested on
the ROMIP-2012 data.

BILINGUAL SPEECH RECOGNITION WITHOUT
PRELIMINARY LANGUAGE IDENTIFICATION

Lyudovyk T. V. (tetyana.lyudovyk@gmail.com),
Pylypenko V. V. (valeriy.pylypenko@gmail.com), International Research/Training Center for
Information Technologies and Systems, Kyiv, Ukraine

We present an approach to speaker-independent recognition of large-vocabulary continuous
speech characterized by code-switching between Ukrainian and Russian. The approach does
not require language boundary detection or language identification. Special speech and text
corpora are not needed to train acoustic and linguistic models. The approach takes into ac-
count peculiarities of phonetic systems of Russian and Ukrainian languages. A cross-lingual
speech recognition system is developed. A previously developed acoustic model of Ukrainian
speech serves for both languages. A set of HMM-models representing 54 Ukrainian phonemes
and several non-speech units such as breath, fillers and silence are used. Bilingual linguistic
model is trained on a set of Ukrainian and Russian texts. Pronunciation lexicon combines word
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forms in both languages. Phonemic transcription of Russian word forms are generated using
Ukrainian phonemes. Recognition post-processing can be applied to smooth recognized word
sequences by using a dictionary containing Ukrainian and Russian words which sound equally
but are written differently. The proposed approach can be applied to the recognition of bilin-
gual speech with between-phrase and within-phrase code-switching. Developed cross-lingual
speech recognition system was tested on Ukrainian, Russian, and Ukrainian-Russian speech
of one bilingual speaker. Preliminary results show that the proposed approach could achieve a
good performance. Accuracy of mixed speech recognition is lower only by 3-7% as compared
with monolingual speech recognition accuracy.

EXTRACTING PRODUCT FEATURES FROM REVIEWS
WITH THE USE OF INTERNET STATISTICS

Marchuk A. A. (aamarchuk@gmail.com), St. Petersburg State University,

Ulanov A. V. (alexander.ulanov@hp.com), Hewlett-Packard Labs Russia,

Makeev I. V. (ilya.makeev@gmail.com), Saint Petersburg State University of Information
Technologies, Mechanics and Optics, Chugreev A. A. (artemij.chugreev@gmail.com),
St. Petersburg Polytechnical University, Russia

The paper studies the task of extracting product features from reviews. We consider this task
as a classification problem and propose a number of classification features. These features are
computed using different statistics returned by queries to Yandex search engine, the Internet
library and the Russian National Corpus. To justify our approach, we create and manually label
a product features dataset, compute the proposed classification features and conduct classifica-
tion experiments. The results produced by various classifiers applied to different subsets of the
data show the feasibility of our approach. We also look at the usefulness of the proposed clas-
sification features.

AUTOMATIC EVALUATION OF MACHINE TRANSLATION QUALITY

Marquez L. (lluism@Isi.upc.edu), TALP Research Center Software Department
Technical University of Catalonia

This paper contains an extended abstract of the invited talk presented, with the same title, at
Dialogue 2013, the 19th International Computational Linguistics Conference. The presentation
will cover several works carried out at the Technical University of Catalonia (UPC) in collabora-
tion with several researchers and colleagues. I would like to especially mention the following:
Jesus Giménez, Meritxell Gonzalez, Lluis Formiga and Laura Mascarell. Sincere thanks to all
of them.

USING BASIC SYNTACTIC RELATIONS FOR SENTIMENT ANALYSIS

Mavljutov R. R. (m-ceros@yandex.ru), Ostapuk N. A. (nataxane@yandex.ru), Yandex,
Moscow, Russia

The paper describes a rule-based approach to sentiment analysis. The developed algorithm
aims at classifying texts into two classes: positive or negative. We distinguish two types of
sentiments: abstract sentiments, which are relevant to the whole text, and sentiments refer-
ring to some particular object in the text. As opposed to many other rule-based systems, we
do not regard the text as a bag of words. We strongly believe that such classical method of text
processing as syntactic analysis can considerably enhance sentiment analysis performance.
Accordingly, we first parse the text and then take into account only the phrases that are syn-
tactically connected to relevant objects. We use the dictionary to determine whether such a
phrase is positive or negative and assign it a weight according to the importance of the object
it is connected with. Than we calculate all these weights and some other factors and decide
whether the whole text is positive or negative. The algorithm showed competitive results at
ROMIP track 2012.
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IMPACT OF DIFFERENT TYPES OF SPELLING MISTAKES ON

THE

QUALITY OF STATISTICAL MACHINE TRANSLATION

Mescheryakova E. M. (mescheryakova@yandex-team.ru),
Galinskayal l. E. (galinskaya@yandex-team.ru), Gusev V. Yu. (vgoussev@yandex-team.ru),
Shmatova M. S. (mashashma@yandex-team.ru), Yandex, Moscow, Russia

Errors in the original text will most probably affect the quality of machine translation. It would
be interesting to see how different types of errors can influence the translation. To do this, we
selected three sets of 500 random queries in English, German and Polish. In each set we cor-
rected different types of errors: 1) missing diacritical marks (except English); 2) all misprints
(including diacritics); 3) errors in punctuation and use of capitals; 4) all types of errors listed
in 1)-3). As a result we had five sets of 500 queries for German and Polish and four sets for
English. Then we translated all the sets into Russian using three free online statistical machine
translation systems and compared their BLEU scores to see how they increase in corrected tests
as compared to the original ones. We also used different types of BLEU: along with the usual
one, which treats punctuation signs as words, we used simplified BLEU which disregards punc-
tuation, and also extended BLEU which takes into consideration both punctuation and use of
capitals. We show that in a fully corrected text BLEU increases by approx. 10-15% as compared
to original sets. Correcting each of the two main types of errors — misprints and punctuation/
capitalization — gives an increase of 5-10% each depending on the language and on the pecu-
liarities of the test sets. On the other hand, correcting only diacritics has very small impact on
the translation quality: close to zero in German and 0,5-1% in Polish.

ATEX: ARULE-BASED SENTIMENT ANALYSIS SYSTEM

PRO

CESSING TEXTS IN VARIOUS TOPICS

Panicheva P. V. (ppolin86@gmail.com), EPAM Systems, Saint-Petersburg, Russia

ATEX is a rule-based sentiment analysis system for texts in the Russian language. It includes
full morpho-syntactic analysis of Russian text, and highly elaborated linguistic rules, yielding
fine-grained sentiment scores. ATEX is participating in a variety of sentiment analysis tracks at
ROMIP 2012. The system was tuned to process news texts in politics and economy. The perfor-
mance of the system is evaluated in different topics: blogs on movies, books and cameras; news.
No additional training is performed: ATEX is tested as a universal ‘ready-to-use’ system for sen-
timent analysis of texts in different topics and different classification settings. The system is
compared to a number of sentiment analysis algorithms, including statistical ones trained with
datasets in respective topics. Overall system performance is very high, which indicates high us-
ability of the system to different topics with no actual training. According to expectations, the
results are especially good in the ‘native’ political and economic news topic, and in the movie
blog topic, proving both to share common ways of expressing sentiment. With regard to blog
texts, the system demonstrated the best performance in two-class classification tasks, which
is a result of the specific algorithm design paying more attention to sentiment polarity than
to sentiment/neutral classes. Along these lines areas of future work are suggested, including
incorporation of a statistical training algorithm.

EVALUATION OF NATURALNESS OF SYNTHESIZED
SPEECH WITH DIFFERENT PROSODIC MODELS

Solomennik A. I. (solomennik-a@speechpro.com), Speech Technology Ltd., Minsk, Belarus,
Chistikov P. G. (chistikov@speechpro.com), Speech Technology Center Ltd, St. Petersburg,

Russi
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Obtaining natural synthesized speech is the main goal of modern research in the field of speech
synthesis. It strongly depends on the prosody model used in the text-to-speech (TTS) system.
The paper deals with speech synthesis evaluation with respect to the prosodic model used. Our
Russian VitalVoice TTS is a unit selection concatenative system. We describe two approaches
to prosody prediction used in VitalVoice Russian TTS. These are a rule-based approach and a
hidden Markov model (HMM) based hybrid approach. We conduct an experiment for evaluat-
ing the naturalness of synthesized speech. Four variants of synthesized speech depending on
the applied approach and the speech corpus size were tested. We also included natural speech



Zuyev

samples into the test. Subjects had to rate the samples from 0 to 5 depending on their natural-
ness. The experiment shows that speech synthesized using the hybrid HMM-based approach
sounds more natural than other synthetic variants. We discuss the results and the ways for fur-
ther investigation and improvements in the last section.

CONTEXT-DEPENDENT OPINION LEXICON TRANSLATION
WITH THE USE OF A PARALLEL CORPUS

Ulanov A. V. (alexander.ulanov@hp.com), Sapozhnikov G. A. (gsapozhnikov@gmail.com),
Hewlett-Packard Labs Russia, St. Petersburg State University, Russia

The paper deals with multilingual sentiment analysis. We propose a method for projecting an
opinion lexicon from a source language to a target language with the use of a parallel corpus.
We can make sentiment classification in a target language using an opinion lexicon even if we
have no labeled dataset. The advantage of our method is that it captures the context of a word
and thus produces a correct translation of it. We apply our method to the language pair English-
Russian and conduct sentiment classification experiments. They show that our method allows
creating high-quality opinion lexicons.

STATISTICAL MACHINE TRANSLATION WITH
LINGUISTIC LANGUAGE MODEL

Zuyev K. A. (konst@abbyy.com), Indenbom E. M. (Eugene |@abbyy.com),
Yudina M. V. (Maria_Yu@abbyy.com), ABBYY, Moscow, Russia

Stemming from traditional “rule based” translation a “model based” approach is considered as
an underlying model for statistical machine translation. This paper concerns with training on
parallel corpora and application of this model for parsing and translation.
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