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IIpeaucaoBue

11-# BBIyCK exxerogHuka «KoMmnbloTepHast JMHTBUCTUKA U WUHTEJJIEKTYalb-
HBIEe TEXHOJIOTUU» COAEPIKUT MaTepuastsl 18-i MexxyHapoAHOH KoHpepeHINH «/Iu-
asor». Jl1s1 coopHUKa OBLTIO 0TOOpaHO 78 A0K/IaI0B, OXBAaTHIBAIOLIUX Pa3JIHUYHbIE Ha-
IIpaBJIeHUs UCCIeJOBAaHUM B 006JIACTH KOMIIBIOTEPHOTO MOZEJNPOBAHUS U aHAIN3a
€CTECTBEHHOTO A3bIKa. B HacTosmeM cO0pHUKE IIpe/ICTaBIeHbL:

e JIMHTBUCTHYECKas CEMaHTUKA U CEMAaHTHUYECKHUH aHaTN3

* dopmanbHbIe MOJEH SI3bIKA U X IPUMeHeHUe

* TeopeTHYecKas U KOMIIbIOTEPHAS JIEKCUKOT padus

e MeTozbl onjeHKH (evaluation) cucteMm aHaaIU3a TEKCTOB

* KopmnycHas TMHTBUCTHKA; CO3/]JaHUe, IPUMeHeHUe, OIleHKa KOPITYCOB

e VIHTepHeT KaK JUHTBUCTUYECKUN Pecypc; JUHTBUCTHYECKUE TEXHOJOTUU
B llHTEepHEeTE

* li3BieyeHUEe 3HAHUU U3 TEKCTOB

* KoMmbIOTEpHBIN aHaIu3 JOKYMEHTOB: pedepupoBaHUe, KiaccubuKamus,
TIOUCK

* ABTOMAaTHUYeCKUH aHAJIN3 TOHAJTbHOCTU TEKCTOB

* Mogenu cuHTaKcuca i 3aJa4l CHHTaKCUYeCKOro TapCUHTa

* MamuHHbIY IEpeBo/,

* Mogenu 061IeHN A, KOMMYHUKAIWS, ZUAJOT ¥ PEYEBOM aKT

* AHalu3 ¥ CUHTE3 pedu

«Jlmanor» — camas KpyIlHas KoOHpepeHINA IO KOMIBIOTEPHOH JUHTBUCTHKE,
npoBoauMas B Poccuu. [IprHINIIHAIBEHON 0COOEHHOCTBI0 KOHOEPEHITUH ABIAETCS
[IpUCTATbHOE BHUMAaHUe K TEXHOJIOTMAM aBTOMAaTHYECKOrO aHajau3a s3bIKa, OC-
HOBaHHBIM Ha JIMHI'BUCTUYECKUX MOZeNsaX. VIMEHHO 3TUM OOBACHAETCA U COCTAaB
YYaCTHUKOB, U IIporpaMMa KoHdepeHIIUY, B KOTOPOH COCEe/CTBYIOT TEOPETHYECKUE
U NIpUKJIafHBE HccaefoBaHua. Ha «/luasnore» mpejcTaBieHB U paboOTHI, cAelaH-
HBIe B PaMKaX CTaTUCTUYECKUX ITOJXO0J0B, U T'HOPHAHbIE CUCTEMBI, YTO [I03BOJISET,
B YaCTHOCTH, CPAaBHUBATD IOy YeHHEIE PE3YIbTATHL.

B aToMm rogy Ha «/luajnore» ojBOAATCA UTOI'M ABYX TECTOBBIX UCIBITAHUM: CU-
CTeM aHaJM3a TOHAJIBHOCTHU TEKCTOB (cmeruanbHas gopoxka POMUIIa ) u cucrem
CHHTaKCcU4ecKoro aHaausa (2-i aran Popyma 1o TecTUpOBaHHUIO CUCTEM aBTOMAaTH-
YeCKOro aHaIn3a TeKCTOB). BEIOOp NMEeHHO TaKMX HaIPaBIeHUN TECTUPOBAHUSA OKa-
3aJjics OueHb II0JIe3HBIM, IIOCKOJIbKY IIpe/IJIO;KeHHbIe YYaCTHUKAM 3a/la4y B 3TUX ABYX
HCIIBITAaHUAX OKa3aJIMCh IPUHIIUIINATBHO PA3HBIMU C TOUKHU 3pEHUA METO/0B OLIeHKHU.

TecTupoBaHUe aHATN3a TOHAJBHOCTH IIPEACTaBIsAeT cCOO0H 00pa3LoByIO NpU-
KJTaZHYI0 3aZiadyy KOMIIBIOTEDHOM JIMHIBUCTUKU C IPOCTBIMH U 3GQPEKTHUBHBIMU
MeToZaMu olleHkHU. [Ipy aHanu3e PYCCKOA3BIYHBIX TECTOBBIX KOJIJIEKIIMH paspa-
60TYMKY HMMeJH BO3MOXXHOCTH HCIIOJIb30BATh JIIOOKIE CYIIEeCTBYIOI[YE WM HOBBIE
MeTOZbl — U ONyOJIMKOBAaHHBIE PE3yJAbTaThl TECTUPOBAHUS ITO3BOJIAIOT OLIEHUTH
UX CPaBHUTEJIbHBIH TOTEHIIMAIL.



TecTUpOBaHUE CUCTEM CHHTAaKCHYECKOTO aHaIM3a OBIJIO HAIIPaBJIEHO He Ha aHa-
JIN3 KaKOW-TO YaCTHOM NPUKJIAJHON 3a/adM, a Ha KAaUeCTBO ITOJIY4YeHHON CUHTAK-
CUYECKOU pa3MeTKU KaK TakoBoe. [IJIsi pycCKOro si3blKa MOA0OHOE CpaBHUTENbHOE
TeCTUpPOBaHMeE MPOBOJUIOCH BIIEPBhIE, U 3aZlaua YHUPUKAIIMU UCIIOTb3YEMBIX pas-
paboTYMKaMU CUHTaKCUYECKUX MOJeJIEN OKa3ajach BeChMa CJIOXKHOM.

Ony61uKoBaHHBIE B COOPHUKE Pe3yJbTaThl MOKA3bIBAIOT, C KAKUMHU MPobIe-
MaMH TPHUILIOCh CTOJKHYThCA KaK pa3paboTurKaM, Tak U OpraHU3aTopaM TECTHU-
poBaHus. TeM He MeHee 3TOT HOBHIH IIar B pa3paboTKe METOZOB COAEPKATENbHOTO
TECTUPOBAHUSA CUCTEM aBTOMATHUYECKOT'0 aHAJIN3a PYCCKOT0 SI3bIKa MPEe/CTaBIISIETCS
BechbMa IOYYUTEIBbHBIM U OYeHb BaXKHBIM I «/[Majiora» ¢ TOYKU 3peHUs ero Ijo-
6asIbHOM 3a1a4U.

B cOOpPHUK BKJIIOYEHBI MUTOTOBBIE CTATbU OPraHU3aTOPOB JBYX HCIBITAHUH
¥ 60JIbIIIast YaCTh KOMMEHTHPYIOUIUX CTATeH yIaCTHUKOB. [I0JTHOCTBIO CTAaThU yYaCT-
HUKOB TyOJIUKYIOTCA Ha caliTe KOHGEPEHIIUHY U B €€ 3JIEKTPOHHBIX MaTepHUasax.

[TocToAHHOM AOMUHAHTOU «/luanora» ABsEeTCSA KOpPIyCcHas TeMaTHKa. B mpo-
LIIJIOM FOZly Hayajlach MHTEHCUBHAA AUCKYCCUA O METOZAAX OLIEHKH aZleKBAaTHOCTU KOP-
IIyCOB U IIPUMEHAeMbIX METOZ MK KOPITYCHBIX UCCIeIOBAHUH /1A pellleHN A pa3IN4YHbIX
3a7la4 JINHTBUCTUKY U JIeKCUKOrpaduu. JTa AUCKYCCUS UMeJa IPOJOIKeHUe ocie
KOHQepeHIINHY U [OIYIIa HOBOE Pa3BUTHE B pab0OTax, IPeCTABIEHHBIX B 3TOM 'OJY.
B c6opHUKe Iy6GINKYIOTCSA CTAaThH, IOCBSIIEHHbIe aHATN3Y IPAKTUKY IIPUMeHEHU
CYIIECTBYIOIINX KOPILYCOB U TPOEKTaM Pa3paboTKHU KOPITyCOB HOBOT'O TUIIA.

TpaguLIMOHHO Ba)XHOE MeCTO B IIporpaMMe «/luajsora», BBIPOCLIETO U3 MeX-
JUCIUILTMHAPHEIX CeMUHApOB «Mozenu obIleHNA», 3aHUMAaIOT UCC/IeZJOBAHUA 3BY-
yaleil peyy 1 KOMMYHUKATUBHBIX CTPATETH, B TOM YHCJIe HeBepOaTbHEIX.

HecMOTpst Ha MHUPOTY TeMAaTUKU JOKJIAZ0B 3TOr0 roja, OHU TeM He MeHee
He OTPa)XaloT IIOJHOM KapTHHBI HalpaBleHUH KoHdepeHIuu. Bosee mosHoe
npejcTaBieHre o pobiemMaTuke «/luajora» MOXHO HMOJYyYUTh Ha calTe KoHbe-
pennuu www.dialog-21.ru, rae ony6IMKOBaHbBI OOGIIMPHBIE 3JIEKTPOHHBIE APXUBEI
«/lnanoros» MpOILIBIX JeT.

IIpoepammHublii komumem koH@epeHyuu «Juanoe»
PedakyuorHas Konnezus excez00HUKA «KomnvlomepHas AUHz8UCMUKA
U UHMENIeKY AIbHble TNeXHOI02UU»
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Pasnen II.

JoKnazbl, npeacTaBIeHHbIE
y4aCTHUKaMU TECTUPOBaAHUA
CHCTEeM aHaJIkn3a TOHAJIbHOCTH

B naHHOM paspene ny6n|/|KyeTcs| nToroeada Ctatbsd OpraHM3aTopoB TECTU-
poBaHUA CUCTEM aHan3a TOHaNbHOCTU N OTAEJIbHble CTaTb Y4aCTHNUKOB
TecTnpoBaHud. MonHocTblo C KOMMEHTUMPYIOWNMN CcoOo06LEeHNAMMN y4acT-
HMKOB MOXHO O3HAKOMUTLCS Ha canTe |<0chepeHLu/w| «dunanor».

SENTIMENT ANALYSIS TRACK AT ROMIP 2011

Chetviorkin L. I. (ilia2010@yandex.ru)
Lomonosov Moscow State University

Braslavski P. I. (pbraslavski@acm.org)
Kontur Labs, Ural Federal University

Loukachevitch N. V. (louk_nat@mail.ru)
Research Computing Center of Lomonosov
Moscow State University

Russian Information Retrieval Seminar (ROMIP) is a Russian TREC-like
IR evaluation initiative. In 2011 ROMIP launched a new track on sentiment
analysis. Within the track we prepared a training collection of user reviews
along with ratings for movies, books, and digital cameras. Additionally,
we compiled a test collection of blog posts with reviews in the same do-
mains and labeled them according to expressed sentiment. The paper de-
scribes the collections’ characteristics, track tasks, the labeling process,
and evaluation metrics. We summarize the participants’ results and make
suggestion for future editions of the track.

Key words: ROMIP, sentiment classification, sentiment analysis, opinion
mining, blog data



1. Introduction

With the development of internet technologies an increasingly large number
of people have got an opportunity to express their opinions on the web. Journal-like web
pages (weblogs) allows internet users to share their feelings, emotions and attitudes
about various products, services, and real-life events with other people. This informa-
tion can be very useful both for other web users and for service providers or product
manufacturers.

Extremely accessible blog software has facilitated blogging for a wide audience,
and, as a result, boosted the growth rate of information available online. Thus, the
blogosphere has become a highly dynamic subset of the World Wide Web that evolves
responding to real-world events and offers several new research areas.

Today, sentiment analysis research attracts a lot of interest as a tool for opinion
processing and company reputation management. Sentiment analysis has a lot of dif-
ferent subtasks [Pang&Lee2008]. The most well-known of them are:

* subjectivity/objectivity identification;

* polarity classification of a given text at the document, sentence, or feature/as-
pect level;

* advanced, “beyond polarity”, sentiment classification that looks, for instance,
at emotional states such as “angry,” “sad,” and “happy”;

* recognition of sarcastic sentences (phrases);

» feature/aspect-based sentiment analysis;

* sentiment summarization.

Russian Information Retrieval Seminar (ROMIP, http://romip.ru) is a Rus-
sian TREC-like information retrieval evaluation initiative. It was launched in 2002
to increase communication and support research community (both academia and in-
dustry) in the area of IR in Russian by providing a basis for independent evaluation
of IR methods. Since its start, ROMIP has organized a number of different tracks,
e.g. ad hoc retrieval, snippet generation, document classification, question answer-
ing (QA), and image retrieval. ROMIP prepared and made available for researchers
a number of data collections.

In many respects ROMIP seminars are similar to other international information
retrieval events such as TREC and NTCIR, which have already conducted different
sentiment analysis tracks (see Section 2). We decided to start with sentiment clas-
sification of reviews in Russian because it was quite simple to find data, but the good
quality of classification was rather difficult to achieve. On the other hand, we were
interested in the state of the art in this research area.

The task of the ROMIP 2011 sentiment analysis track was to classify blog posts
about different products according to sentiment expressed in documents. It was re-
ported in the literature that the more classes there are, the harder it is to classify a text
by sentiment. Thus, in the first pilot run of the track in 2011 we had three tasks:

¢ two-class classification task,
¢ three-class classification task,
* five-class classification task.
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It was the first shared task evaluation of document sentiment classification
in Russian.

The rest of this paper is structured as follows. In Section 2, we make a brief
overview of similar evaluation campaigns and available datasets. Section 3 pro-
vides a short description of the newly created collections used for training and
evaluation. Section 4 describes the sentiment classification task. Section 5 pro-
vides an overview of runs the submitted by participants. Concluding remarks can
be found in Section 6.

2. Related evaluation campaigns and datasets

In this section we briefly overview cognate evaluation campaigns within TREC
(http://trec.nist.gov) and NTCIR (http://research.nii.ac.jp/ntcir/index-en.html),
as well as provide a list of datasets available for research. [Pang&Lee2008] gives
a good overview of evaluation initiatives, available data and resources in opinion min-
ing and sentiment analysis. However, some new datasets and shared tasks emerged
after the book had been published.

2.1. TREC

Blog track was organized in 2006—-2010 within TREC initiative [Macdonald2010,
Ounis2008]. In 2006-2008 the track investigated an opinion-finding task, comple-
mented with a polarity subtask in 2007-2008.

In the opinion-finding task, participating systems had to retrieve opinionated
posts about a given target such as person, location or organization, concept (such
as type of technology), product name or event. Both relevance and opinionatedness
of retrieved posts were judged. Additionally, polarity of the opinion expressed in rel-
evant posts was labeled as positive, negative, or mixed. This labeling led to a supple-
mental polarity subtask in two subsequent years. In 2007 the task was formulated
as a classification task, i. e. for each retrieved post participants should have predicted
its polarity. For TREC 2008, this task was reformulated as a ranking task: only posts
expressing polarity should have been retrieved and ranked by the degree of positivity
or negativity respectively.

The aforementioned experiments within TREC were performed on the TREC
Blogs06 collection. Blogs06 is a collection of over 3.2 million permalinks (i.e.
a single blog post and all associated comments) from over 100,000 blogs that had
been crawled during an 11-week period from 6™ December 2005 until 21 Febru-
ary 2006. To make settings more realistic, a sample of spam blogs, news feeds,
as well as non-English documents was injected. (This collection was also used
within TAC 2008 Opinion QA Task, http://www.nist.gov/tac/data/past/2008/
OpSumm@QAO08.html)

URL: http://ir.dcs.gla.ac.uk/wiki/TREC-BLOG
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2.2.NTCIR

NTCIR, a Japanese counterpart of TREC, launched a pilot opinion track in 2006.
The dataset was compiled from news articles in Japanese, Chinese, and English. Par-
ticipants had to solve the following tasks on the sentence level: 1) detection of opin-
ionated sentences, 2) detection of opinion holders, 3) sentence relevance to the topic,
and 4) polarity labeling as positive, negative, or neutral [Seki2007]. In NTCR-7 the
track evolved into Multilingual Opinion Analysis Track (MOAT); documents in Sim-
plified Chinese and the opinion target identification subtask were added. Moreover,
some tasks were performed with finer granularity, i.e. identification was applied
to sentence fragments [Seki2008]. In NTCIR-8 the subtasks were extended towards
cross-language analysis and question answering: opinionated answers in different
languages had to be extracted in response to questions in English [Seki2010].

URL: http://research.nii.ac.jp/ntcir/permission/ntcir-6,/perm-en-OPINION.html

http://research.nii.ac.jp/ntcir/permission/ntcir-7/perm-en-MOAT.html

2.3. Data collections

What follows is a non-exhaustive list of datasets not associated with established
evaluation campaigns, which can be used for sentiment and opinion analysis. Some of the
datasets are no longer available and are mentioned here for reference only. The terms and
conditions under which the data are released may vary, so please consult provided URLs.

Cornell Movie Review Datasets contains reviews from IMDb (http://imdb.
com). There are 1,000 ‘polarity reviews’ tagged positive or negative, as well as a larger
amount of original reviews along with users’ star ratings.

URL: http://www.cs.cornell.edu/people/pabo/movie-review-data/

Bing Liu and colleagues compiled several dataset and made them available for
researchers in opinion mining and sentiment analysis. The most notable is probably
the Amazon Product Review Dataset containing 5.8M+ reviews on books, music,
DVDs and consumer electronics.

URL: http://www.cs.uic.edu/~liub/FBS/sentiment-analysis.html

One of the first sizeable blog datasets available for research was BlogPulse 2005
dataset released to participants in the Workshop on Weblogging Ecosystem (WWE)
in 2006. The dataset contained 10M posts from 1M weblogs collected during three
weeks in July 2005.

URL (as preserved in Web Archive): http://web.archive.org/web/20090615025713/
http://www.blogpulse.com/www2006-workshop/cfp.html

Several datasets were made available through International Conference on We-
blogs and Social Media (http://www.icwsm.org), which continued the tradition from
the WWE2006 workshop.

Nielsen BuzzMetrics 2006 Dataset contains 14M weblog posts in XML format
from 3M weblogs published in May 2006. The dataset contains posts in different lan-
guages (e. g. about 6% of posts are reported to be in Russian).

URL: http://www.icwsm.org/data.html
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In the following years much bigger datasets were compiled and released. ICWSM
2009 Spinn3r Blog Dataset contains posts made between August 1* and October 1%,
2008 along with some metadata, 44 million blog posts in total. ICWSM 2011 Spinn3r
Dataset is one magnitude bigger and much more versatile — it covers blog posts, news
articles, classifieds, forum posts, and social media content created between January
13™ and February 14" 2011, resulting in 386 million items.

URL: http://www.icwsm.org/data/

Content Analysis in Web 2.0 (CAW 2.0) is a dataset associated with a workshop
of the same name at the WWW2009 conference. The dataset comprises tweets, forum
discussions, comments on news, movie reviews, and on-line chats that total to 680K mes-
sages. Workshop organizers offered a number of shared tasks on these data, including
opinion and sentiment analysis. The sentiment analysis task was to assign a message to cat-
egories neutral, happy, angry or sad (fuzzy assignments were allowed); whereas opinion
tasks dealt with three categories: factual, opinionated-positive and opinionated-negative.

URL: http://caw2.barcelonamedia.org/node/7

The main task of the TREC Microblog track is ad hoc retrieval in tweets. How-
ever, we envision that the track data collection — 16 million tweets sampled between
January 23" and February 8", 2011 — might be employed for sentiment analysis and
opinion mining research.

URL: http://trec.nist.gov/data/tweets/

CyberEmotions is an integrating, ongoing, large-scale European research proj-
ect focusing on the role of collective emotions in creating, forming and breaking-
up eCommunities. One of the project outcomes is the creation of a corpus that consists
of three parts: 1) 2,5M+ comments from BBC News forum, including 1K+ labeled
items; 2) Digg post comments (1.6M+ comments, including 1K+ labeled items); and
3) MySpace comments exchanged between pairs of friends from a total of 100K+ so-
cial network members (including 1K+ labeled items).

URL: http://www.cyberemotions.eu/data.html

The MPQA Opinion Corpus contains news articles from a wide variety of news
sources manually annotated for opinions and other private states (i.e. beliefs, emo-
tions, sentiments, speculations, etc.).

URL: http://www.cs.pitt.edu/mpqa/

The Multi-Domain Sentiment Dataset consists of product reviews taken from Am-
azon.com with many product types (domains). Some domains (books and DVDs) have
hundreds of thousands of reviews. Others (musical instruments) have only a few hundred.

URL: http://www.cs.jhu.edu/~mdredze/datasets/sentiment/

3. ROMIP Data Collections

For the sentiment classification tasks we chose three different domains: movies,
books, and digital cameras. Movie and book collections (15,718 and 24,159 reviews, re-
spectively) were obtained from online recommendation service IMHONET (http://www.
imhonet.ru). Each review in these collections had user’s score on a ten-point scale (zero
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means unmarked). The digital camera review collection (10,370 reviews) was provided
by Yandex. Reviews for cameras were collected from the Yandex.Market comparison
shopping service (http://market.yandex.ru) and had users' scores on a five-point scale.

The average review length in the movie domain was 72 words, 49 words in the book
domain, and 101 words in the camera domain. Score distributions can be found in Fig. 1-3.

These three collections were presented to participants for training their algo-
rithms. No additional information was provided.

To evaluate the quality of sentiment classification algorithms, we needed addi-
tional collections without any authors' scores. We decided to collect blog posts about
various entities in three domains. For this purpose we used Yandex's Blog Search En-
gine (http://blog.yandex.ru).

For each domain a list of search queries was manually compiled. There were
61 book queries, 922 camera queries, and 112 movie queries. Each query was about
only one entity (or related objects) from selected domains. There is a query example
from the book domain: [vpechatlenyia ot kniga “Victor Pelevin” -spisok] [impression
from the book “Victor Pelevin” -list].
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Figure 1. Score distribution in movie review collection
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Figure 3. Score distribution in camera review collection

For each query we obtained a set of blog posts (both relevant and irrelevant). Fi-
nally results for all queries were merged. The resulting collection included 16,821 re-
views for entities from various domains. The average review length in this collection
was 1,146 words. Participating systems had to return sentiment labels for all these
documents.

4. Assessment Procedure

Test collection included a lot of irrelevant texts, reviews containing sentiment
about various topics or texts with both subjective and objective information. Since
we wanted to solve only document sentiment classification task we had to select for
evaluation only strongly subjective texts with one dominant topic related to entities
in the target domains. As a result we selected 275 book reviews, 329 movie reviews,
and 270 digital camera reviews for testing.

At the next step, all reviews were labeled by two assessors with three scores
(at once) on different scales S:

* S = {1, 2} for two-class classification task, where 1 — a negative review and
2 — a positive review;

* S = {1, 2, 3} for-three class classification task, where 1 — a generally negative
review, 2 — a review has significant positive and negative aspects of the evalu-
ated entity, 3 — a generally positive review;

* S =11, 2, 3, 4, 5} for five-class classification task, where 1 — a generally nega-
tive review, 2 — a generally negative, but points to some positive aspects of the
entity, 3 — a review has significant positive and negative aspects of the evaluated
entity, 4 — a generally positive, but points to some negative aspects of the entity,
5 — a generally positive review.

Class distribution for each task was highly skewed. For example, in the two-class
task we had 84 % of positive reviews for cameras, 92% of positive reviews for books
and 85% of positive reviews for movies. In the three-class and the five-class tasks
we had the same situation — the majority of reviews were positive.
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In Table 1 one can find Cohen's kappa coefficient for measuring the inter-rater
agreement.

Pr(a) —Pr(e

« _ Pr(@)=Pr(e)
1—-Pr(e)

where Pr(a) is the relative observed agreement among raters, and Pr(e) is the

hypothetical probability of chance agreement.

Table 1. Kappa coefficients for different tasks

Kappa 2 classes 3 classes 5 classes

Movies 0.818 0.615 0.429

Books 0.812 0.674 0.545
Digital Cameras 0.808 0.602 0.398

Proportion of reviews that were assigned the same score by both assessors for

each task-domain pair can be found in Table 2.

Table 2. Proportion of reviews in AND evaluation scheme

2 classes 3 classes 5 classes
Movies 0.948 0.799 0.590
Books 0.967 0.829 0.684
Digital Cameras 0.944 0.766 0.548

5. Results Overview

In all, twelve groups took part in the sentiment classification task. There were 105
submitted runs in the two-class task, 81 runs in the three-class task, and 30 runs in the five-
class task. We used different metrics to evaluate the quality of classification algorithms.

5.1. Official metrics

The metrics used for the opinion classification task were precision, recall, FI1-
measure, accuracy and average Euclidian distance. For the first three measures we used
traditional (separately for each category) and macro-averaged variants.

Macro metrics show classification quality for all classes, while traditional met-
rics evaluate the quality of algorithms only in relation to one specific class. Macro
metrics are convenient for multiclass classification tasks to account for imbalanced
test data. Since we had highly imbalanced test collection (see Section 4) we used
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macro-averaged metrics to evaluate the ability of algorithms to determine each of the
classes.
To give definition to all these metrics, we assume that:
* tp, is the number of objects correctly classified as class X by the algorithm,
* fp, is the number of objects falsely classified as class X,
* fn is the number of objects belonging to class X, but classified as non-X by the
algorithm,
* tn, the number of objects classified to non-X and they actually belong to one
of the non-X classes

Table 3. 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.

— tl?,\'
.+ 1p,
Macro P = i e
‘S xeS t]?x + fpx

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.

I,
tljx + fn.\'
Macro R = i . tpi‘
N ‘S xeS tpx +fnx

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

Fmeasure =

Accuracy is proportion of correctly classified objects in all objects processed
by the algorithm.
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p, +tn,
tp.+tn_+ fp + fn,

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= Zizl(qi _pi)
n

5.2. Participants’ results

For each task we calculated baseline values for all measures. We took as the baseline
adummy classifier that assigns all reviews to the most frequent class. For this reason, the
maximum value for all macro metrics was equal to one divided by the number of classes
in the task, which was rather low in comparison with participants’ runs. On the other
hand, the accuracy and average Euclidian distance were very close to the best results.

In addition, two evaluation schemes were applied:

* AND, only those reviews that have the same score from both assessors were in-

volved in evaluation (see Section 4)

* OR, we considered an answer of the algorithm to be the right one if it matched
with the answer of at least one assessor

In addition, it was important to determine if the difference (according to task’s pri-
mary measures) between the best runs was statistically significant. For this purpose
the Wilcoxon signed-rank test/Two-tailed test (o = 0.05) was used. We marked the
top result with “*” in case of insignificant difference with the second result.

Two-class task

Primary measures for evaluating the two-class classification performance were
macro-F1 and accuracy. Table 4 shows the best two runs for each type of entities for
evaluation scheme OR in terms of macro Fl-measure and accuracy. Table 5 shows
similar results for evaluation scheme AND.

Table 4. Two-class classification results (OR)

Run_ID Object Macro_P Macro_R Macro_F1 Accuracy
xxx-40 book 0.714 0.804 0.747 0.895
xxx-0 book 0.751 0.721 0.735 0.924
XxX-24 (46) book 0.968 0.630 0.690 0.938*
xXXx-19 book 0.790 0.651 0.694 0.931
Baseline book 0.460 0.500 0.479 0.920

10
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Run_ID Object Macro_P Macro_R Macro_F1 Accuracy
yyy-24 camera 0.918 0.940 0.929* 0.959*
yyy-16 camera 0.944 0.898 0.919 0.956

Baseline camera 0.426 0.500 0.460 0.852
772-23 film 0.776 0.797 0.786 0.881

227-9 film 0.706 0.794 0.730 0.812
z7z-14 film 0.743 0.597 0.623 0.860
Baseline film 0.427 0.500 0.461 0.854

Table 5. Two-class classification results (AND)

Run_ID Object Macro_P Macro_R Macro_F1 Accuracy
Xxx-34 book 0.698 0.761 0.723 0.902
xxx-0 book 0.739 0.709 0.723 0.921
XXX-24 (46) book 0.967 0.614 0.668 0.936*
XXx-19 book 0.789 0.651 0.693 0.929
Baseline book 0.459 0.500 0.478 0.917
yyy-24 camera 0.909 0.934 0.921* 0.957*
yyy-16 camera 0.936 0.881 0.905 0.953
yyy-9 camera 0.890 0.929 0.908 0.949
Baseline camera 0.422 0.500 0.457 0.843
227-23 film 0.760 0.781 0.770 0.875
222-9 film 0.680 0.772 0.702 0.801
z77-14 film 0.715 0.580 0.600 0.853
Baseline film 0.423 0.500 0.458 0.846

Results in these two evaluation scheme s are highly correlated. For schema AND,
the results are slightly worse, because all reviews with ambiguous scores were ex-
cluded (any algorithm answer was correct in the OR scheme). For the three-class and
the five-class tasks we give results only for OR.

According to the results, reviews in different domains have different complexity.
Traditionally, [Turney2002] the movie domain is the most difficult one (in accordance
with accuracy).

All best runs have outperformed the baseline, but not all participants did.

Three-class task
In this task, primary measures were the same as in the previous task: macro F1-

measure and accuracy. Table 6 shows the two best results for each object. The results
and baselines drop significantly in comparison with the two-class task.

11
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Table 6. Three-class classification results (OR)

Run_ID Object Macro_P Macro_R Macro_F1 Accuracy
XXX-3 book 0.677 0.532 0.577* 0.756
XxXX-43 book 0.671 0.517 0.570 0.756
xxx-11 book 0.658 0.475 0.488 0.771
XXX-36 book 0.625 0.481 0.499 0.764
Baseline book 0.227 0.333 0.270 0.68
yyy-3 camera 0.843 0.594 0.663* 0.841*
yyy-11 camera 0.797 0.596 0.661 0.815
Baseline camera 0.216 0.333 0.262 0.648
zzz-10 film 0.671 0.535 0.592* 0.754*
zz2z-1 film 0.661 0.524 0.584 0.751
zzz-19 film 0.657 0.526 0.582 0.754
Baseline film 0.235 0.333 0.276 0.705

Classifying camera reviews seems to be easier than classifying reviews from the

other domains.

Five-class task

The five-class classification task differs significantly from previous tasks. Even
though such evaluation scheme is very common on the internet (“five stars” system),
it is a quite difficult task because not only does one need to determine the text’s senti-
ment, but it is also necessary to find its strength (rating-inference problem). Even as-
sessors' agreement in five-class labeling is much lower than it is in other tasks.

Accuracy and average Euclidian distance were the primary measures for this
task. Firstly, it was important to know what percentage of reviews was classified cor-
rectly, secondly, what was the average score deviation from assessors' scores.

Table 7. Five-class classification results (OR)

Run_ID Object Avg_Eucl_Distance | Macro_F1 Accuracy
XXX-7 book 0.872* 0.284 0.622*

xxx-4 (9) book 0.892 0.291* 0.622
XXX-5 book 0.972 0.270 0.615

Baseline book 0.909 0.123 0.48
yyy-1 camera 0.928 0.298 0.567
yyy-3 camera 0.940 0.287 0.570
yyy-4 camera 0.971 0.342 0.626
yyy-2 camera 1.215 0.332 0.626

12



Sentiment analysis track at ROMIP 2011

Run_ID Object Avg_Eucl_Distance | Macro_F1 Accuracy
Baseline camera 1.165 0.144 0.563
zzz-1 (5) film 1.026* 0.286* 0.599
222-2 film 1.071 0.266 0.559
727-6 film 1.133 0.247 0.602
Baseline film 1.460 0.135 0.506

In all domains Fl-measure is very low. In comparison to the accuracy level
it means that it is difficult for the algorithms to classify reviews from minority classes.

6. Conclusions

ROMIP 2011 was the first shared task evaluation of text sentiment classification
in Russian. New collections in different domains (movies, books, digital cameras)
were created and made available for research. We thought that sentiment classifica-
tion was rather a challenging task and it was important to know the state of art for
Russian language.

In each task/domain pair the best runs show quite high performance despite
highly unbalanced test collection. Based on these results we can conclude that each
domain has different complexity and each of them requires an additional adaptation
of the algorithms.

We discovered that the interest in sentiment analysis of Russian texts was very
high among researchers and specialists in natural language processing. Results in each
task coincide with the results for other languages described in literature. At ROMIP
2012 we are planning to offer two new tasks: subjectivity\objectivity identification
task and detection of review’s domain.

Instructions of how to obtain any of ROMIP collections can be found at http://
romip.ru/ru/participation.
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We offer a review of sentiment classification experiments in various domains
using different training sets. In the movie domain we studied the impact
of opinion word weights on the quality of classification. We selected the best
feature set and ran them on each task-domain pair. In several tasks our al-
gorithm achieved high quality of the classification.
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adaptation

1. Introduction

This year within Russian Information Retrieval Seminar a new sentiment analy-
sis track was offered to the participants. This track had three tasks related to the clas-
sification of documents by sentiment expressed in them:

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

In addition the documents (blog posts) from the test collection were about enti-
ties from various domains: books, movies and digital cameras. Each domain requires
extra tuning of the algorithms and it can be difficult to achieve a good performance
in all domains.

The easiest task is to classify reviews into two classes: positive and negative [Pang
and Lee, 2008]. Quality of two-way classification using the topic-based categorization
approach for reviews exceeds 80% [Pang et al., 2002]. In [Whitelaw et al., 2005]
the quality of review classification, based on the so-called appraisal taxonomy, is de-
scribed as 90.2%.

However, when we turn to the problem of review division into three classes, the
quality of automatic classification decreases to 75% after an adjustment to an indi-
vidual author's style, and 66.3 % in a case of author independent test collection [Pang
and Lee, 2005].

In rating-inference problem with four classes reported accuracy is 54.6% us-
ing metric labeling formulation [Pang and Lee, 2005] and 59.2% using graph-based
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semi-supervised learning algorithm with adjustment to an author style [Goldberg
etal., 2006].

Recently we had conducted the similar research for the three-way classification
problem in the movie domain [Chetviorkin and Loukachevitch, 2011a]. It was inter-
esting to compare our results with other participants and to try to utilize our approach
in the two-class and five-class tasks in various domains.

In the current paper we describe our classification approach using such features
as word weights, opinion words and polarity influencers. We have submitted five runs
for the three-way classification task in the movie domain and one run (with complete
set of features) for all other combinations of tasks and domains.

The reminder of this paper is structured as follows. Section 2 provides a short
description of the training collections. Section 3 briefly describes our approach
to the sentiment classification. Section 4 gives an overview of our submission results.
We provide concluding remarks in Section 5.

2. Data Collections

All participants were granted three train collections, one for each domain (for
score distribution in these collections see [Chetviorkin et al., 2012]). But we had cre-
ated our own collections from the same sources earlier. It was more convenient for
us to use our collections in the experiments.

Our movie and book collections (28,773 and 15,113 reviews accordingly) were
collected from the online recommendation service www.imhonet.ru. Each review
in these collections had user’s score on a ten-point scale. The digital camera review
collection (8,181 reviews) was collected from the Yandex.Market service and had
user's score on a five-point scale. Score distributions in there three collections can
be found in Fig.1-3.
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Figure 1. Score distribution in the movie review collection

16



Testing the sentiment classification approach in various domains — ROMIP 2011

4500

4000
3500
3000
2500

2000
1500
1000

500

o o o N
1 2 3 4 5 6 7 8 9 10

|IBook 237 | 223 | 399 | 614 | 939 | 888 | 1665 2884 | 3420 | 3844

Figure 2. Score distribution in the book review collection
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Figure 3. Score distribution in the camera review collection

In addition all participants gained the test collection with 16,821 blog posts
about various entities.
3. Sentiment Classification Algorithm

In the sentiment classification track we used the same approach as provided
in [Chetviorkin and Loukachevitch, 2011a]. We will shortly describe the main points
of our algorithm and major changes, which were applied to it in correspondence with
the various tasks and domains.

3.1. Features for review classification

In this research we utilized the best feature combinations which were obtained
during the three-way classification experiments in the movie domain [Chetviorkin
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and Loukachevitch, 2011a]. To improve the quality of the review classification we an-
alyzed the following features:

* word weights based on different collections,

* opinion words,

* use of polarity influencers: they may reverse or enhance (not, very) polarity

of other words,
¢ length and structure of reviews,
* use of punctuation marks

The best results were achieved using the bag of words (all words from the train
collection with frequencies higher than four), TFIDF word weights, polarity influenc-
ers and opinion word weights.

TFIDF

The main elements of our feature set were lemmas, which appeared in the train
collection more than three times. The simplest approach for document classification
was to create feature vectors using binary weights of words, but not the most effective.

To improve the quality of classification we used TFIDF weights [Ageev et al.,
2004] for lemmas with inversed document frequency calculated using the news col-
lection with one million documents.

TFIDF (1) = B + (1- p)-tf(D)-idf(1)

o (‘c‘+0.5)
freqy () D

freq,()+0.5+1.5.— > log(c[+1)
avg _dl
* freq,(l) —number of occurrences of [ in a document D,
* dl (D) — length measure of a document D, in our case, it is number of terms
in a review,
* avg_dl — average length of a document,
* df(1) —number of documents in a collection (e. g. description or news collection)
where term [ appears,
.« B=04,
¢ |c| — total number of documents in a collection.

#pr)=

Opinion words

Opinion words are the main polarity carriers in a text. We tried to utilize them
in various ways in a combination with a bag of words [Chetviorkin and Loukachev-
itch, 2011a]. Only one useful variant was found: to modify word weights accordingly
to opinion word weights in the extraction model.
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We used our algorithm [Chetviorkin and Loukachevitch, 2011b] to extract
high quality domain dependent opinion words. To generate the list of such words,
four text collections were exploited: the review collection about entities from a spe-
cific domain, the collection of entity descriptions, the special small corpus and the
collection of general news. On the basis of these collections a set of statistical fea-
tures for words mentioned in reviews was calculated. We trained our model us-
ing word feature vectors in the movie domain and then utilized this model in two
other domains. As a result we obtained a list of sentiment words for each domain,
ordered by the predicted probability of their opinion orientation (opinion weight).

There are examples of opinion words with high probability value in the movie domain:

* Trogatel’nyi (affecting), otstoi (trash), fignia (crap), otvratitel’no (disgustingly),
posredstvenniy (satisfactory), predskazuemyi (predictable), ljubimyj (love) etc.

In the review classification tasks we modified the weight of each word in the
feature vectors as follows:

wordweight (x) = TFIDF (x) - ™ *'¢"()703

Thus, we increased weights of words with high opinion weight, and decreased
weights of other words.

Polarity influencers

We used the same set of polarity influencers in all domains:

e operator (-): net (no), ne (not);

* operator (+): polnyj (full), ochen' (very), sil'no (strongly), takoj (such), prosto (sim-
ply), absoljutno (absolutely), nastol'ko (so), samyj (the most).

On the basis of this polarity shifter list we substituted sequences “polarity in-
fluencer word” using special operator symbols (“+” or “—“) depending on an polarity
shifter, for example:

NE HOROSHIJ (NOT GOOD) —» -HOROSHIJ (— GOOD)

SAMYJ KRASIVYJ (THE MOST BEAUTIFUL) — + KRASIVYJ (+ BEAUTIFUL)

NASTOLKO KRASIVYJ (SO BEAUTIFUL) — + KRASIVYJ (+ BEAUTIFUL)

Thus we added to the review vector representation only the operator phrases but
not both words. It allowed us to take into account the impact of the polarity influencers.

3.2. Classification algorithm

Authors of previous studies almost unanimously agreed that Support Vector Ma-
chine algorithm works better for text classification tasks (and review classification
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in particular) [Pang and Lee, 2008]. In view of the fact that we had a large amount
of data and features (bag of words), library LIBLINEAR was chosen [Fan et al., 2008].
All parameters of the algorithm were left in accordance with their default values.

3.3. Scale mapping

To train our algorithm for classification in a certain scale, we need to map scores
from the train collection scale to the task scale. We used the following mapping functions:
* Two-class task: {1-7} — “1” (thumbs down), {8-10} — “3” (thumbs up)
¢ Three-class task: {1-6} — “1” (thumbs down), {7-8} — “2” (so-so0), {9-10} —
“3” (thumbs up)
* Five-class task: {1-3} — “1”, {4-5} — “2”, {6-7} — “3”, {8} > “4”, {9-10} — “5”

For the digital camera collection we firstly multiplied each user's score by two
and then used aforementioned mapping schemes.

It is rather important to choose a correct mapping function. We investigated the
best mapping functions for the three-way classification problem in previous studies
[Loukachevitch and Chetviorkin, 2011]. For the two other tasks we used our insights
to define the mapping functions.

4, Results Overview

We have submitted five runs for the three-class task in the movie domain:

* Bag of words with TFIDF word weights (BoW+tfidf)

* Bag of words with opinion word weights (BoW+opweight)

* Bag of words with combination of TFIDF and opinion weights. We took only the
firstthousand of the most probable opinion words (BoW+tfidf+opweigh1000).

* Bagofwordswith combination of TFIDF and opinion word weights. We took only first
ten thousand of the most probable opinion words (BoW+tfidf+opweight10000).

* Bag of words with combination of TFIDF and opinion word weights. We took
opinion weights for all words from the bag of words (BoW+tfidf+opweight).

For all the other pairs of tasks and domains we submitted only one run with
BoW+tfidf+opweight set of features.

Besides we continued our study of the proposed tasks after the ROMIP deadlines
and present our unofficial runs (in italic) in the same tables.

To obtain our first unofficial run 1,393 review duplicates were excluded from
our book review collection. On the basis of such collection we obtained slightly better
results. We marked such runs with “nodupl” postfix in the result tables.

Further we were interested to compare the results of our algorithm trained on the
ROMIP data collections with the results of the algorithm trained on our data collec-
tions. In this way we retrained the classification model in each domain and evaluated
it. These results were marked with “romip” postfix in corresponding tables.
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4.1. Official metrics

There were a large amount of available metrics for evaluation [Chetviorkin
et al., 2012]. To evaluate the performance of our algorithm we used macro_precision,
macro_recall, macro_F-measure, accuracy and average Euclidian distance.

In addition two evaluation schemes were offered:

* AND, in evaluation involved only those reviews, which had the same score from
both assessors (only for two-class classification)

* OR, we considered the answer of the algorithm as the right one if it matched with
at least one of the assessors.

4.2. Three-class task

We started our study of sentiment classification with the three-class classification
task. We had the best results in the classification of reviews about digital cameras and mov-
ies accordingly to accuracy and macro_F measures. In the book domain our algorithm was
the second one accordingly to macro_F and fifth accordingly to the accuracy. The results
can be found in Table 3. Our submissions are underlined; the best official results are in bold.

Four out of five of our runs in the movie domain had no statistically significant
differences (Wilcoxon signed-rank test/Two-tailed test, a. = 0.05), and the result of one
of them was considerably worse. Thus TFIDF word weights were very important for the
quality of the classification but the amount of opinion words had no crucial meaning.

The exclusion of book review duplicates had improved all primary measures.
In this case our macro_F result was the best in the book domain. Training on ROMIP
collections gave roughly the same results in book and camera domains, but worse
results in the movie domain. We discuss these differences in Section 4.5.

Table 1. Three-class classification results (OR)

Run_ID Object | Macro_Prec | Macro_Rec | Macro_F | Accuracy
XXX-3 book 0.677 0.532 0.577 0.756
xx43 book 0.671 0.517 0.570 0.756
tfidf op
xxx-11 book 0.658 0.475 0.488 0.771
Baseline book 0.227 0.333 0.270 0.68
tfidf_op book 0.679 0.525 0.578 0.76
nodupl
tidf_op book 0.664 0.510 0.571 0.76
romip
wy-3 camera 0.843 0.594 0.663 0.841
tfidf _op
yyy-11 camera 0.797 0.596 0.661 0.815
Baseline camera 0.216 0.333 0.262 0.648
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Run_ID Object | Macro_Prec | Macro_Rec | Macro_F | Accuracy
tfidf_op camera 0.804 0.598 0.658 0.837
romip
zzz10 film 0.671 0.535 0.592 0.754
tfidf op
777-19
fil 657 .52 ! 754
S Tg—— film 0.65 0.526 0.583 0.75
777-9 .
tfidf opl0000 film 0.660 0.524 0.582 0.751
el film 0.661 0.524 0.584 0.751
tfidf
777-18
; film 0.585 0.431 0.494 0.635
op_weight
Baseline film 0.235 0.333 0.276 0.705
tfidf_op film 0.582 0.425 0.487 0.629
romip

4.3. Two-class task

In this task our results were the second by two primary measures in the camera
domain (and first after training on the ROMIP collection) and second by macro_F
in the movie domain (after training on the ROMIP collection we have lower results,
see Section 4.5). In the book domain the results were rather low, but after training
on the ROMIP collection the best macro_F result was obtained. The removal of dupli-
cate reviews from the book collection had no effect in this task.

Table 4 shows our results and best two runs for each entity for evaluation schema
OR in terms of macro f-measure and accuracy, our runs are underlined and unofficial
runs are in italic.

Table 2. Two-class classification results (OR)

Run_ID Object Macro_Prec Macro_Rec Macro_F Accuracy
xxx-40 book 0.714 0.804 0.747 0.895
xxx-0 book 0.751 0.721 0.735 0.924

Xxx-24 (46) book 0.968 0.630 0.690 0.938

xXxx-19 book 0.790 0.651 0.694 0.931
X35 book 0.682 0.851 0.720 0.851

tfidf op

Baseline book 0.46 0.5 0.479 0.92
fidf_op book 0.682 0.851 0.720 0.851
nodupl
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Run_ID Object Macro_Prec Macro_Rec Macro_F Accuracy
tidf_op book 0.710 0.852 0.751 0.876
romip
yyy-24 camera 0.918 0.940 0.929 0.959
M camera 0.944 0.898 0.919 0.956
tfidf op
Baseline camera 0.426 0.5 0.46 0.852
fidfop | era 0.931 0.945 0.938 0.963
romip
727-23 film 0.776 0.797 0.786 0.881
222.9 film 0.706 0.794 0.730 0.812
tfidf op
777-14 film 0.743 0.597 0.623 0.860
Baseline film 0.427 0.5 0.461 0.854
tfidf_op film 0.682 0.790 0.685 0.742
romip

4.4. Five-class task

The five class evaluation scheme is very widespread in the Internet (five stars
system), but a five-class sentiment classification is a rather difficult problem because
we need not only to determine a text sentiment, but also to show its strength (the
rating-inference problem).

Primary measures here were the accuracy and the average Euclidian distance.
We achieved the best result accordingly to the accuracy measure in the movie domain
and the second result in the book domain. After training on the book collection with-
out duplicate reviews our algorithm gained the best accuracy result. On the ROMIP
book collection the quality dropped significantly (see Section 4.5).

In the digital camera domain our results were quite low. Partly it could be ex-
plained by utilization of pros and cons by the other participants and differences
in training collections. In our collection there was no strictly negative class (see
Section 2).

Table 3. Five-class classification results (OR)

Run_ID Object Avg_Eucl_Distance Macro_F Accuracy
XXX-7 book 0.872 0.284 0.622
xxx-4 (9) book 0.892 0.291 0.622
XXX book 0.972 0.270 0.615
tfidf op
Baseline book 0.909 0.123 0.48
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Run_ID Object Avg_Eucl_Distance Macro_F Accuracy
tfidf_op book 0.953 0.281 0.629
nodupl
yidf_op book 1.04 0.201 0.542
romip
yyy-1 camera 0.928 0.298 0.567
yyy-3 camera 0.940 0.287 0.570
yyy-4 camera 0.971 0.342 0.626
yyy-2 camera 1.215 0.332 0.626
Wy-9 camera 1.203 0.193 0.485
tfidf op
Baseline camera 1.165 0.144 0.563
tﬁdf_.o 4 camera 1.125 0.234 0.530
romip
z7z-1 (5) film 1.026 0.286 0.599
777-1 film 1.071 0.266 0.559
222:6 film 1133 0.247 0.602
tfidf op
Baseline film 1.460 0.135 0.506
tfidf_op )
. film 1.107 0.268 0.593
romip

4.5. The differences between collections

To substantiate the differences between the results obtained by our algorithm
trained on different collections in one domain we decided to conduct some additional
statistical research.

In the digital camera domain performance of the algorithm trained on our col-
lection was worse than on ROMIP collection. We connect this gap with the differences
in the review score distributions. (class “1” frequency, Section 2).

For the book and movie domains we had calculated the share of reviews in each class
accordingly to the mapping scheme for a two-class task (for three class and five-class tasks
results are the similar) and compared it with assessors’ score distribution (OR evaluation
scheme). We underlined the distribution that was more similar to the assessors.

Table 4-5. Score distribution in the train collections

Movie 1 2 Book 1

Our 0.36 | 0.64 Our 0.33 | 0.67
ROMIP 0.43 | 0.57 ROMIP 0.29 [0.71
Eval 0.19 | 0.81 Eval 0.11 | 0.89
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Thus the score distribution similarity between the train and test collections
is highly correlated with the quality of review classification. The size of train collec-
tion has low influence on the quality of classification if the score distributions differ
significantly.

5. Conclusions

This work is based on our previous research about influence of various features
on the three-way review classification quality. In this study we describe the contri-
bution of word weights to the quality of the three-class movie review classification.
Then we apply the algorithm with the complete set of features to the other domains
and tasks. Our approach demonstrates the good quality of classification in almost all
domain-task pairs.

In addition we studied the dependence of the classification quality on the train-
ing collection. The similarity of the train and test collection score distributions played
here a key role.
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ABTOMATUYECKUN AHAJTN3
TOHAJIbHOCTU TEKCTOB HA OCHOBE
METOAO0OB MALULMHHOIO OBYYEHU4A

KoTtenbHukos E. B. (kotelnikov.ev@gmail.com),
KnekoBkuHa M. B. (klekovkina.mv@gmail.com)

BAatcknin rocy0apCTBEHHBIV F'YMaHWUTaPHbBIA YHUBEPCUTET,
Knpos, Poccusa

B ctatbe npencTtaBneHbl MeToAbl aBTOMaTU4ecko 06paboTkm TEKCTOB
M MawunHoro obyyeHusi, NCNONb30BaHHbIE aBTOpaMu ANS pelleHus 3a-
[ayn aHann3a MHeHuin B paMkax cemuHapa POMUM-2011. O6cyxaatoTcs
BOMpOCHLl BbiI6Opa ONTUManbHOro BapuaHTa BEKTOPHOW MOAenu npea-
CTaBNeHNsi TEKCTOB N Hanbosiee NOAXOASLLEr0 MeToAa MaLMHHOIo 06-
yyeHusi. PaccmatpmBaloTcs BapuaHTbl NMOCTPOEHMS BEKTOPHOM Moaenu
Ha ocHoBe noaxopna TF.IDF 6e3 ncnonb3oBaHusa obyyatowieii MHdopmMauum
0 NPUHAANIEXHOCTM TEKCTA TOMY UM MHOMY Knaccy (unsupervised TF.IDF)
1 C ncnonb3oBaHnem aton nHdopmauunm (supervised TF.IDF). MpueeaeHsl
[aHHble 0 pe3ynbTaTax NPUMEHEHUS CleaylwmMx MeTo4oB MalUMHHOIO
oby4yeHus: HamBHOro GanecoBckoro knaccudukatopa, metoga Rocchio,
MeToga k 6nuxanwmx cocenei, MalivH OMOpPHbIX BEKTOPOB (SVM), me-
To[4a Ha OCHOBE KJIl0YEeBbIX C/IOB M ero KoMOuHauum ¢ SVM. kcnepuMeHTbl
nokasanu, 4TO Haunydwune pesynbTathl NnokasbiBaeT OGuHapHas MoAesb
C KOCMHYCHOW HopManunaauner 6e3 o6y4yeHns 1 MeTog, KoOMOMHMpPYoLWmMiA
MCNONb30BaHNE KNOYEBBIX CNOB 1 SVM. Pe3ynbTaTbl 9KCNEPUMEHTOB Npu-
BOASITCS M aHANN3MPYIOTCH B CTaTbe€ B CPABHEHUW C pe3ynbratamu opy-
rmmun yyactHukamm POMKAM-2011.

KnioueBble cnoBa: aHann3 TOHaNbHOCTWU, MAaLUMHHOE OOy4yeHue, MeTon,
OMNOPHbIX BEKTOPOB, MeTop, baneca

1. BBegenue

ABTOMaTrnyecKas KiaccudrKanusa TEKCTOB [0 TOHAJBHOCTH (aHAIN3 MHEHUH,
sentiment analysis) cTaHOBUTCS Bce 60Jiee BayKHOM 3aja4yeli, Kak C TEOPETUYECKOM,
TaK M ¢ IpUKJIaZHOMN Toyek 3penus [11]. Ha cemunape POMUII-2011 BriepBhie 6N
[Ipe/JIOXKEHBI JOPOXKKY aHaIM3a OT3bIBOB IOJb30BAaTesel [0 TpeM IpyIaM ToBa-
poB — nudppoBbie pOTOKaMePhI, KHUTHU U GuibMbl. TpeboBasIOCh MOCTPOUTH KJIaCCH-
bUKATOPHI A1 TPEX IIKAJ OIEHOK: ByX0alIbHOM, TpeXOaIbHOM U MATUOAIBHOMN.

Lensto Hawero yyactusa B POMUII-2011 ABiA10Ch TeCTUPOBAaHUE U CpaBHEHUE, BO-
[IEPBBIX, PA3JINYHBIX II0AX0Z0B K IPEICTABIEHUIO TEKCTA B PAMKAaX BEKTOPHOHN MOZEH,
BO-BTOPBIX, HECKOJIBKUX METOZOB MAIIMHHOI'O 00y4YeHUsI, B TOM YHCJIe METOA OIIOPHBIX
BeKTOpOB (Support vector machine, SVM), HauBHOro 6atiecOBCKOro KiaccudukaTopa,
MeToZa KacCuUKaIK Ha OCHOBE KJIIOUYEBEIX CJIOB U ero KoMOuHanuu ¢ SVM.
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B HavaJie vccief0BaHUS MBI CTABUJIU TTepes cOO01 cieyIOIIKe BOIPOCH:

1. Kakoil BapuaHT BeKTOPHOM MOZEIY JIy4llle MOAXOAUT JJIf PelleHUs 3a4aun
aHaju3a MHEHUU?

2. Kakoii MeTo/ MalIMHHOTO 06y YeHH Iy YIlle IOAXOAUT AJIs pENIeHUS 3aJa4u
aHaJn3a MHEHUN?

3. Kakum o6pa3oM BIMAET pa3Mep OIEHOYHOH IMIKaIbl (KOTUYECTBO KIACCOB)
Ha KavyecTBO Kjiaccupukanuu?

4. BiuseT I TeMaTHUKa OT3bIBOB Ha Ka4eCTBO KIaccupUKaIum?

s OLleHKU KadecTBa KJIacCUGUKAIIUK B IIPOLIECCe UCCIeJOBAaHUA HUCIOIb30-
BaJINCh pa3jWyHble HAOOPH! JAaHHBIX. [I0 TOrO MOMEHTA, KOIZla TECTOBbIe JaHHEIE,
pa3MmedeHHbIe 3KcniepTaMy POMUII, cTamy JOCTYIHEBL, MBI IPUMEHSIJIU CKOTb3AII T
KOHTpoJIb (cross-validation) Ha oOydJaromuX AaHHBIX, IPEJOCTABIEHHBIX OpraHu3a-
TOPaMHU, U UCIOJIb30BaJIN OAMHOXECTBO TECTOBBIX JAHHBIX, Pa3MeUeHHBIX HAMU
camocTosTenbHO (1o 100 0T3BEIBOB IO KaX /0¥ rpymie ToBapoB). Ilocse monyyeHus
OT3BIBOB C 3KCIIEPTHHIMU OIleHKaMU MBI IIPOBEPSIN Ha HUX IIpe/BapUTeIbHbIe pe-
3yJIbTAThl — CTEIIeHb COBIIA/IEHN OKa3ajach OYeHb BHICOKOM.

CTaThs COCTOUT U3 CIEAYIOIINX PA3ZiesioB: B pasjee 2 IPUBOAATCA CBeJeHU
0 IIpeZIBApUTENIbHOM 06pabOTKE TEKCTOB, B pasziesie 3 06CyKAal0TCS UTOTH UCCTIE0-
BaHUA Pa3JIUYHBIX CIOCOOOB MOCTPOEHN BEKTOPHOM MOZeIN TeKcTa. Paszaesn 4 mo-
CBAILIEH UCIONb3YEMBIM METOZAaM MAIIMHHOIO 00ydeHUs. B paszene 5 pe3yabTraTsl
SKCIIEPUMEHTOB aHAIU3UPYIOTCA U CPAaBHUBAIOTCA C pe3y/lIbTaTaMU APYTUX y4acT-
HUKOB. B paszese 6 06CyXAar0TCsI BEIBOABL, CleTaHHbIe HA OCHOBE TPOBEIeHHBIX HC-
ceIOBaHUM, U HaTIpaBJIeHUs AaIbHeNIIel paboThI.

2. IIpeaBapuTtesnbHas oOpaboOTKa

B Hamux ycciieJOBaHUAX BCE UCIIOIb3yeMble TEKCTHI ITI0ZIBEPraIuCh e[ITHOOOPa3HON
npezobpaboTke. 113 KaXX0ro TEKCTa UCKJIIOYAIUCh AHIVION3bIYHBIE U PYCCKOSI3BIYHbIE
«CTOII-CJIOBA» (4ACTHUIIBL, IIPEJIOrH, MECTOUMEHYIS), YAAIAINCH CJIOBA AJITHON MeHee TpeX
CUMBOJIOB. Bce cioBa mpeo6pa3oBBIBAIUCH K CJIOBapHOH (GopMe (JieMMe) IpU TOMOIIH
MopdosorudecKoro aHaIu3aTopa nystem OT KOMIAHUU SHAekc. [Ipyu 3TOM U3 paccMo-
TPEHUs UCKIIIOYAJIHCh BCe IEMMBI, KOTOPBIE BCTPEYAINCh MeHee YeM B TPeX JOKYMeHTax.

[Mosy4eHHas COBOKYIHOCTE JIEMM 00y Yarolel KOJIEKITUY COCTaBIIAET MHOXe-
CTBO IIPU3HAKOB /I METOZOB KiIaccupukanuy u GopMHUpyeT CJI0Baph KOJIEKIIUH.
Kpome 1eMM, B KauecTBe IPHU3HAKOB B CJI0BAph OB 06aBIeHE! Pa3INIHEIE BAPU-
AHTHI TIOJIOXKUTENbHBIX U OTPULIATEIbHBIX CMaMINKOB — rpaduiecKuX CMBOJIOB
SMOLMOHAJIBHOT'O OTHOIIEHUSI.

3. BeKTOPHaH MO/Je€JIb TEKCTAa

151 oTBeTa Ha MepBBIM BoIpoc («KaKol BapHaHT BEKTOPHOW MOJEU JIydlle
MIOAXOJUT JJI pellleH!s 3a/ja4y aHaIM3a MHEHUN?») UCIIOIb30BaINCh 1Ba TOAX0a
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K TIOCTPOEHUIO BEKTOPHOM MoJiei — 6€e3 UCIIob30BaHUs obyuaroleii nHpopma-
LMY O IPUHAZJIEKHOCTH TEKCTA TOMY HJIU MHOMY KJjaccy (unsupervised) v ¢ UCTIOJb-
30BaHUEM 3TOM HHGopMauuu (supervised) [2].

B o6oux noaxogax Bec CJIOBa B TEKCTeE onpeaenseTcs no cxeme TF.IDF [13]:

=L, G D, ¢

IZie t, — BeC i-ro TepMUHa B k-M JOKyMEHTe,
L, — nokanbHBIA Bec i-TO TepMUHA B k-M OKyMEHTe, OTPaKarolluii 3HaYu-
MOCTb TEPMUHA /IJIS AHHOTO JOKYMEHTA,

G, — rnob6anbHEL BeC i-TO TEPMUHA, OTPaXAMOIUH 3HaYMMOCTh TePMMHA IS
BCell KOJIJIEKIIUH,

D, — HopManu3anusa Ajs k-ro JOKyMeHTa.

Breipaxkenue (1) 3asaeT oOIIyI0 cXeMy B3BENIUBAHUS, TIPU MTOJCTAHOBKE B KOTO-
pyto Gopmys A1 BceX TPEX KOMIIOHEHTOB MOJNYyYal0TCS KOHKPETHBIE CXEMBI BBIUHC-
nenus Beco. [y unsupervised TF.IDF MbI uccie[oBaIu caeAyone BapuaHTs [1]:

1) ans noxanbHOro Beca: 6unapubiii (BNRY), yactoTHbiéi (FREQ), sorapudm

gacToThl (LOGA);

2) s ro6anbHOTO Beca: KOHCTAaHTHBIN eanHUYHbIN (ONE), MHBEpTHPOBaH-

HasA AokyMmeHTHas 4actoTa (IDF), rimobanbhbiii yacToTHbIN IDF (GFIDF),
sorapudm GFIDF (IGFL). Kpome Toro, uccie1oBaaCcs BApUaHT BEIYUCTIEHUS
mrobanpHOTO Beca mo Metoay TextRank [10];

3) ans HopManu3anuu: oTcyTcTBue HopManusanuu (NONE), kocuHycHas HOp-

masnsaiusa (COSN).

Bcero g unsupervised TE.IDF 6b110 mpoTecTpoBaHo 3 X 5 X 2 = 30 cmoco-
60B BEIYUCJIEHUS BECOB TEPMUHOB U ITOJIyYeHH! CIeYIONIe Pe3yaIbTaThl (Ha OCHOBE
MeTpUKHU macro F1 psa 6uHapHOH KiaaccuUKAIIUY METOZOM OIIOPHBIX BEKTOPOB):

1) A7 pa3HBIX IPYII TOBAPOB JYYLNIMMU OKa3aJHCh PA3HbIe CIIOCOOBI BEIYKC-

JIEHU s JIOKaJbHOTO Beca: Ay porokamep — FREQ, a1 ¢punbmoB — BNRY,
s KHUr — LOGA u BNRY, npuuem ais poTokamep otiuyue BNRY ot FREQ
He npesbImasno 1%;

2) BO BceX CIy4afX JIydlIue Pe3yIbTaThl I0Ka3a MeTOo/, BEIYUCIEHU ITT06ab-
Horo Beca ONE (mpucBoeHUe BceM TEPMHHAM e€JUHUYHOIO IVI06aJbHOrO
Beca);

3) Bo Bcex ciy4aax oka3anoch 3dpdeKTrBHee BEIUUCIATH KOCUHYCHYIO HOpMa-
JIM3AI[HI0, YeM 00XOAUTHCA 6€3 Heé.

Jns noaxona supervised TE.IDF 6511 BeiOpan MmeTo TF.RF, moka3aBuInii o AaH-
HBIM [6] HawIy4lIve pe3yibTaThl B 3aZjaue TeMaTHUYecKoH kiaaccupukanuu. [Ipu
3TOM B KadeCTBe JIOKaJbHBIX BECOB MCIIOJb30BaJIUCh MeTOALI B3BelInBaHuA BNRY,
FREQ u LOGA, ocyuiecTBasIach KOCUHYCHasi HOpMau3alus, a rI06aJbHbIN Bec
nozcuuThiBascsa no Metony RF, mpeanoxenHom B [5].

B meTtoze RF (Relevance Frequency — pejieBaHTHAas YacTOTA) AJIS1 BRIYUCIEHUS
106aIbHOTO Beca TEPMHHA HCIOIb3yeTcs UHGOPMAIIUA O paclpesieleHUN 3TOTO
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TEpPMUHA 110 JOKyMeHTaM 00y4Jarolieil KOJJIEKI[UY C YIeTOM [IPUHAAIEKHOCTH J0-
KYMEHTOB K KJIaccaM.

0O603HaYUM a — KOJUYECTBO ZOKYMEHTOB, COZAEPXKAIUX {-il TEDMUH U OTHO-
csamuxes K knacey C, b — KOIU4eCcTBO JOKYMEHTOB, COZepiKalliuX TEPMUH U He OT-
HocsAmuxcs K kaacey C. Torga, 3Ha4MMOCTS i-T'0 TepMuHa A1 kiaacca C 6ygeT Belpa-
skaThcs dopmysiok [6]:

. a
RFC =1 24—
' ng( " max(l,b)j @

Pe3ysbTaThl SKCIIEPUMEHTOB II0KAa3alH, YTO METO/, BEIYMCIEHUS [VI00aMIbHbIX
BecoB RF moka3ssiBaeT cxoAHyI0 3ddeKTUBHOCTH ¢ MeToZioM ONE — jydqmum s
unsupervised TF.IDF, — uHorzia He3HAYUTENBHO MPEBOCXO/A er0. OHAKO BBIYUCIIU-
TeJbHas CIOXKHOCTH MeToZia RF (kak U Bcex Apyrux supervised METOZIOB) I€JIAET €TO
NIpUMeHeHUe Helleleco0OpasHbIM.

TakuM o6pa3oM, OTBETOM Ha Halll TepPBbIi Bompoc 6yaTakuM 06pa3oM, OTBETOM
Ha Halll IEPBHIii BOMIPOC OYAET YTBEPKAEHUE, YTO C TOUKU 3peHuA 3P PEeKTUBHOCTHU
U BBIYMCJIUTENBHOHN CI0XXHOCTU B KauecTBe CXeMbl B3BEIINBAHUA BBIT'OJIHEE BCETO
ucnonb3oBath cxeMy BNRYXONEXCOSN, T.e. GMHapHYIO MOJENb C KOCHHYCHOMU
HopMaJsnu3aiueii. Takoi BEIBOJ COTIACyeTCs ¢ pe3yJbTaTaMU, IoMy4YeHHbIMU B [12].

4. MeToasbl kK1accupukanuu

A xraccupUKay TEKCTOB MCIIOJNb30BAINCh U3BECTHBIE METOABI MallHH-
Horo obydeHus [14]: HauBHBIN GatiecoBckuil knaccudukaTop [7], metoz Rocchio
[3], meTog k 6amxaiimux coceziedt [9], MeTo  omOpHBIX BEKTOPOB [4]. Kpome Toro,
TECTUPOBAJICS METO/] Ha OCHOBE KJIFOUEBHIX CJIOB M ero KoMOUHanusa ¢ SVM.

B xo/ie IpeBapUTENBHOTO TECTUPOBAHUS HA OCHOBE CKOJIB3SIIEr0 KOHTPOJIS
Mo 06yYalouM ZaHHBIM U pa3MeYeHHBIX CAMOCTOATENIBHO TECTOBBIX IOKYMEHTOB
BBISICHUJIOCh, YTO Memoodbl Rocchio n k 6auxcaiiwux cocedeil TIOKa3bIBAIOT CyIile-
CTBEHHO XYZIINEe XapaKTepPUCTUKU KadecTBa, YeM OCTaJbHbIe. [103TOMY OBLIO pe-
[IEHO He OTIIPaBJATH Ha IIEHTPaJTN30BaHHOE TECTUPOBAHUE PE3YIbTATh, IOy YeH-
HBIE DTUMU METOAAMHM.

Hauenblil 6atiecosckuil kaaccugukamop 6bLI peann3oBaH TPAAUIIUOHHBIM 00-
pasom [7], c y4eToM mpeBapUTETHHON 06pabOTKHM TEKCTOB (CM. pa3zen 2).

B kavecTBe peanu3alllu Memodd ONOpHbLX sekmopog Oblia BhibpaHa 6u6IH0-
Texa LIBSVM [8]. [IpoBoauics BIOOP AApa U MOAOGOP ONTUMAJbHBIX TAPaMETPOB.
Hawusyurnvie pe3yIbTaThl TOKA3aJI0 JUHEHHOE SIZIPO C PErYIUPYIOINM TapaMeTPOM
c=1.

JlisA 3a1a4 € TPEMS U MSATHIO KJIacCaMU HCII0Ib30Balach CTPATETHA «OJUH TIPO-
THUB BCeX», Kora oby4daercsa N KaaccudpuKaTopos, rae N — KOJUYECTBO KJIaCcCOB.
Eciv HECKONBKO KJIacCUPUKATOPOB «y3HaBaJH» TECTOBBIN JOKYMEHT, JJs OKOH-
YaTeJbHOTO PEIIeHMs BHIOUpAJICS HambOJee TONOKUTENbHBIN Kiace (Ipu 3TOM
VYUTHIBAJIOCh HEPABHOMEDHOE pacIpefiejieHe KOJTUYeCcTBa 06yJaromux OT3bIBOB
110 KJIaccaM CO CMEIIeHHUEM B CTOPOHY TOJIOKUTENbHBIX OIIEHOK).
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B memode Ha ocHoge KJtoue8blLX €08 TPUMEHSJICA JEKCHUKO-CTATUCTHUYE-
CKUH aHaJMM3 U JJIs KaXXKJ0ro Kjacca COCTaBJIANCSA CBOH CIIMCOK KJIIOYEBHIX CJIOB.
C oTOM 1enbio AJd KaXJ0TOo CJI0BA U3 CJIOBaps KOJJIEKIUU (COCTaBJIEHHOTO IO-
cjie TpeJBapuUTeNbHON 00pabOTKU, paCCMOTPEHHOU B pasfesie 2) BBIYUCIAICA
Bec J1 KaXKaoro kiacca no Mmetoay RF (2). B cniycok 3aHOCHIOCH TOAMHOXKECTBO
CJIOB ¢ HauOOJBIIUM BECOM, MMOPOTOBLIH BEC ONpEeAENANCST dKCIEepPUMeHTAIbHO,
Ha OCHOBE CKOJIb3AMIero KOHTPOJISI U MeTpUuKu macro F1, OTAeIbHO AN KaXZ0TO
KJjacca.

OnpegeneHue Kiaacca JAOKYMEHTa M3 TECTOBOU KOJUJIEKIIWU OCYIIEeCTBJSAIOCH
crepyomuM o6pasom. Jlyis KaXkA0ro Kjaacca Ha OCHOBE €ro CIIUCKa KJIFOUYEBHIX CJIOB
MTOAICYUTHIBAETCS CYMMAapHBIM BeC BXOJAIUX B JOKYMEHT CJIOB, TAKMM 06pa3oM, 1o-
JyJaJsics Bec Kjacca. PelieHue 06 OTHECEHUH JOKYMEHTa K TOMY WJIM HHOMY KJIaccy
TIPUHUMAJIOCh HA OCHOBE CPaBHEHU I BECOB KJIACCOB.

IMogo6Has uiesa peanuszoBaHa, HanpuMep, B [12], HO 6e3 BHIYHCIEHUS BECOB
¥ TTIOPOTOB 0TOOPA CJIOB; TaK)Ke CJI0Ba OTOMPAUCH B CITUCOK Ha OCHOBE MPOCTOH Ya-
CTOTHI BCTPEYaeMOCTHU B IOKYMEHTaX COOTBETCTBYIOIIEro Kjacca.

B memode, komburupytouwem SVM u memod Kaouegblx €108, CHaYama He3aBU-
CHMO BBIYUCJIAINCH TUIIOTE3BI 060UX METOAOB 06 OTHECEHUH TECTOBOTO IOKYMEHTA
K TOMY WJIM UTHOMY KJjaccy. VITOroBoe pellieHue B Pa3JIMYHBIX CUTYalUAX BEIpabaThI-
BaJIOCh HA OCHOBE cJle[yIoNlel CTpaTeruu:

1) Hu 00uH u3 mMemodos He onpedesUN KJ1acc — OTHOCUJIM OT3BIB K HauboJiee mo-

JIOXKUTEJIBHOMY KJIaccy B IaHHOM 3a/jaue;
2) kaacc onpedesieH MOJbKO 8 0OHOM U3 Memodo8 — OTHOCHJIN OT3BIB K JJaH-
HOMY KJIaccy;
3) ob6amemoda onpedenunu KAaccbl — 37eCh BO3MOXKHEI CJIEYIOIINE BADUAHTBI:
* eCTb COBIa/IEHUE OTBETOB OHOTO M3 KyaccuprukaropoB SVM ¢ oTBeTaMu
MeTOo/la KIIOYEBBIX CJIOB — OTHOCUJIM OT3BIB K 9TOMY KJIaccCy;
* Bec KJlacca B MeTo/ile KJII0UeBbIX CJIOB ITpeBbIIIal 3a[aHHbIHM nopor (ompe-
JleJIeHHBIN SMIIMPUYECKH) — OTHOCUJIY OT3bIB K 3TOMY KJIaccy;
* HU OZHO U3 IIPeABIAYIINX YCIOBHH He BBITIOIHAIOCH — IIPUIINCHIBAIH OT-
3BIBYy HauboJIee MOJOKUTENbHYIO OLIeHKY SVM.

5. Pe3yabTaThl 3KCIIEPUMEHTOB

Pe3ynbTaTel TECTUPOBAHUA METOZOB JJjA OWHAPHOH KacCUPUKALUU Mpes-
cTaByeHBl Ha puc. 1-3. IlpuBeseHsl MmeTpuku macro F1 u Accuracy Haliux MeTo-
JIOB Y HECKOJIBKUX JIYYIINX YYaCTHUKOB IIpU cxeMe olleHKH AND. B 60JbIIMHCTBE
caydaeB olleHKU 1o cxeMe OR He U3MEHAIOT OTHOCHUTEJIBHOI'O PacCIoJIOKeHUA
pes3yJIbTaToB.

O603HavYeHNA PACCMOTPEHHBIX HAMHU MeTOZO0B: SVM — MeToZ OIOPHBIX BEKTO-
poB, KW (Keywords) — mMeTo/ KJIIO4YeBBIX CJI0B, Comb — KOMOGUHUPOBaHHBIN METOZ,
NB (Naive Bayes) — HauBHBII 6atieCOBCKUH KIaccupUKaTOD;

YYy-N — KozBl HallluX pe3yabTaToB, XxX-N — KOJbl pe3yJIbTaTOB APYyTUX (Iyd-
IIUX) YYACTHUKOB.
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Comb SVM xxx-16 Hxx-12 KW NB
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Puc. 1. PesynbTaThl kKnaccudukauymy roynnsl ToBapos «Potokamepbl» (AND)

B F_Measure_AND

W Accuracy_AND

w34 o0 o190 SVM Comb NB KW
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Puc. 2. PeaynbTaThl knaccudukaumy rpynnbl ToBapoB «KHunr» (AND)
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Puc. 3. Pesynbtarthl knaccudukaumm rpynnsl ToBapos «Dunbmel» (AND)
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Jnsa 3azauy KiaccuGUKay ¢ TPeMs U ISTHIO KJIacCaMU pe3yJabTaThl IpeJ-
cTaBieHBl B Tabn. 1 u 2. [IpuBeseHB MeTpUKU macro Precision, macro Recall
macro F1 u Accuracy no cxeme AND, 0603Ha4eHUsA aHAJOTUYHBI UCIIOIb3yeMBIM
Ha PUCYHKaX.

Tabnuua 1. PesynbtaThl Knaccudukaummn ans tpexdbannbHom wkansbl (AND)

Run_ID Object | Macro_Prec | Macro_Rec | Macro_F1 | Accuracy
xxx-11 camera 0.745 0.550 0.614 0.787
XXX-3 camera 0.791 0.545 0.603 0.812

KW (yyy-12) camera 0.753 0.514 0.574 0.778
Comb (yyy-6) | camera 0.822 0.515 0.566 0.797
SVM (yyy-1) camera 0.590 0.377 0.412 0.720

xxx-43 book 0.650 0.493 0.550 0.754

XXX-3 book 0.641 0.492 0.536 0.715

Comb (yyy-37) book 0.354 0.341 0.316 0.667
KW (yyy-47) book 0.319 0.325 0.225 0.351
SVM (yyy-44) book 0.232 0.293 0.259 0.636
xxx-10 film 0.604 0.474 0.530 0.734
xXxxX-19 film 0.598 0.471 0.527 0.734
Comb (yyy-4) film 0.295 0.326 0.285 0.681
SVM (yyy-5) film 0.233 0.309 0.265 0.662
KW (yyy-13) film 0.300 0.285 0.206 0.312

Tabnuua 2. Pesynbtathl knaccuduikaumm ana natmrbanibHol wkansi (AND)

Run_ID Object | Macro_Prec | Macro_Rec | Macro_F1 | Accuracy
xXxX-4 camera 0.591 0.223 0.259 0.520
XXX-7 camera 0.393 0.195 0.246 0.493

Comb (yyy-3) | camera 0.582 0.206 0.225 0.473
KW (yyy-1) camera 0.546 0.192 0.223 0.459
SVM (yyy-5) camera 0.237 0.102 0.103 0.311
XXX-7 book 0.510 0.225 0.253 0.574
XxXX-4 book 0.468 0.219 0.247 0.564
Comb (yyy-8) book 0.285 0.184 0.204 0.468
SVM (yyy-6) book 0.156 0.070 0.097 0.319
KW (yyy-2) book 0.194 0.134 0.090 0.229
XxX-1 film 0.325 0.194 0.230 0.531
XXX-5 film 0.325 0.194 0.230 0.531
Comb (yyy-8) film 0.201 0.095 0.110 0.258
KW (yyy-7) film 0.197 0.091 0.081 0.191
SVM (yyy-4) film 0.171 0.027 0.044 0.113

33



KotenbHukos E. B., KnekoBkuHa M. B.

[MpoaHaau3upyeM pe3yJabTaThl KiacCUPUKALMKU s ABYXOAJIbHOM IMKAJIBI
(cMm. puc. 1-3), a TakKe A1 Tpex6aTbHOM U MATUOAIBHOM Ka (cM. Tabir. 1, 2).

1. V3 mpuBeJeHHBIX ANarpaMM BUZHO, YTO METO/, OTIOPHBIX BEKTOPOB ITOKA3bI-
BaeT BBICOKME 3HaYeHU MeTpUKU F1 (32 UCKITI0YeHUEM I'PYIIIE TOBAPOB «DPUITBMEI»)
u Accuracy (Jryqmuii pe3ysabTar s FPYIIBl TOBApOB «KHUTH»).

JLJ1s1 KoJTrdecTBa KJIaccoB OOJIbIIIE IBYX PE3YJIbTAaThl METOA OIIOPHBIX BEKTOPOB CY-
IIeCTBEHHO CHIKAIOTCS ¥ OH OKa3bIBAeTCs IPUMEPHO B CepeIuHe TabIUIIEl yYaCTHUKOB.

2. HauBHBIN 6atiecOBCKUI KIacCUPUKATOP BO BCEX CIy4YasX ABYXKJIaCCOBOU
kJ1accuduKanyy IoKa3al HU3KYe pe3yIbTaThl 0 F1, HO COIOCTAaBUMEIE C JTYYIINMU
Ppe3yJbTaTHL 110 Accuracy.

[To TeXHUYECKUM IPUYMHAM B MHOI'OKJIACCOBOH KiaccudpUKanuy HaWBHBIN
GaliecoBCKUM KiaccudpuKaTop He ObLT 3aI€ICTBOBaH.

3. MeTo/ KJTI0UEBBIX CJIOB B OMHAPHOM KIacCUPUKAIIUY TOYTH BCEr/ia MOKa3bl-
BaeT IIJIOXUE Pe3y/IbTaThl 0 06eMM MeTpUKaM (3a UCKJIIYeHUEM TPYIIbl TOBAPOB
«DoTOKaAMePEI»).

B MHOTrOKJIACCOBBIX 3aZlayaxX CUTyallus HEOAHO3HAYHAs, UHOTZA METOJ HEeHa-
MHOTO OTCTAa€eT OT JIUJAEPOB U UMEET IIPEUMYIIECTBO nepes SVM, B APYTUX CIydasix
OKa3bIBaeTCs BHU3Y TabJIUIIBI pEe3YIbTaTOB.

4. Pe3ynbraThl KOMOWHUPOBAHHOI'O MeToZa /i OWHApHOM Kiaccuuka-
LMY IPAKTAYECKU UJEHTUYHBI METOAY OIOPHEIX BEKTOPOB, HO B HEKOTOPHIX CIIY-
yasax (rpynmna ToBapoB «DOTOKaMephl») IOMOTaeT CKOMIIEHCHPOBaTh omunbku SVM
¥ 32 CYET ITOT'O BEIXOAUT Ha [IEPBOE MECTO.

B ciyuyae Tpex6asnbHON M MATUOANIBHON NIKaJl KOMOWMHUPOBAHHBIA METOZ
BCET/a MIOKAa3bIBAET CYI[ECTBEHHO JIyYIINe Pe3yIbTaThl, YeM METOZ OIIOPHBIX BEKTO-
POB U METO/ KJIIOUYEBBIX CJIOB, U [JIs IPYIIILI TOBapoB «DOTOKaMephl» MMeeT He3Ha-
YUTENbHYIO PA3HULLY [10 CPABHEHUIO C JIUAEPAMU.

B 11es10M MOXXHO cZieaTh CAeAyIoIe BEIBOABI.

1. SVM u kOMOMHUPOBaHHBIN METOZ UMEIOT, KaK IIPaBUJIO, BEICOKYIO TOUHOCTD
(Precision), HoO HU3KYyI0 TONHOTY (Recall), 4TO B 11€JIOM ZIa€T HE CAUIIKOM XOPOIIYIO
MmeTpuky F1. B cBolo ouyepezb, HampuMep, A GUHApHOHN KaaccubUKaly HU3Kas
TIOJTHOTA IIOJIyYaeTCs M3-3a IJIOXOT'0 PAcIO3HABAHUSA OTPUIATENIbHBIX IIPUMEpOB.
CBsI3aHO 3TO, BO3MOXXHO, C TOPa3Zio MEHBIIUM 06beMOM 00y4aroIleil BBIOOPKHU I
HEeraTUBHBIX OT3BIBOB.

2. llpu yBeNWYEHUU KOJIUYECTBA KJIACCOB PE3YJBTAThI KJIACCUPUKAIMHU BCEX
YYaCTHUKOB CEMHHapa Cepbe3HO YXyAIIaloTcsa (Hampumep, A GoToKaMep IpHU mepe-
XOZle OT ABYX KJIacCOB K IIATH Jy4IINH pe3ynbrar no F1 cHiwkaeTcs ¢ 92% 1o 26%).
C Ipyroii CTOPOHEI ¥ OLIEHKU SKCIIEPTOB OKa3bIBAIOTCS rOPasZio CUIbHEeEe HeCOr/IacOBaH-
HBIMU B CJTy4Yae KOJTMYeCTBa KJIaccoB 6obliiie AByX. B [11, cTp. 27] BEICKa3bIBa€TCSA MHE-
HMYeE, YTO B OTIMYKE OT MHOTOKJIACCOBOM TEMAaTHYeCKOU KiaccuUKaIY B 3aJjaue aHa-
JIM3a TOHAJTBbHOCTU TEKCTa, BO3MOXKHO, CJIelyeT UCIIOIb30BaTh PErPeCCUOHHBIE METO/EI.
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3. PesynbraThl KIacCUPUKALNM OT3BIBOB IS PA3IUYHBIX BHUJOB TOBApOB JO-
BOJIBHO CHJIBHO OTJIWYAIOTCA. B Tabs. 3 mpuBeeHEl MaKCUMAalIbHBIE U CPEJHYE 3Ha-
YeHUs 10 BCeM y4YacTHHKaM MeTpuK Precision, Recall, F1 u Accuracy. V13 Tabauiiel
BHUJHO, YTO KJIacCUGUKauusA OT3BIBOB IO GOTOKaMepaM OKasajach CYLIECTBEHHO
npoie. BO3MOXXHO, 3TO 0TYACTH CBA3AHO C TEM, UTO B OT3bIBAX II0 JAHHOMY BUAY TO-
BapOB OTZEIBHO BBIAENAIOTCSA IPENMYIECTBA M HEJOCTATKY TOBAPA, YTO HoJiee YeTKO
€ro xapakTepusyer. [[pyrue NIpuauHbl 00CyKAaroTcs, Harpumep B [11, cTp. 37].

Tabnuua 3. MakcumanbHbele 1 cpeaHne 3Hadenns Precision, Recall,
F1 1 Accuracy 0 6uHapHom knaccudnkaum (AND)

Precision Recall F1 Accuracy

I'pynma toBapoB | Max | Avg | Max | Avg Max |Avg |Max |Avg

PoTOKamephl 0,990 | 0,747 | 0,934 | 0,769 | 0,921 | 0,722 | 0,957 | 0,815
Knaurnu 0,687 | 0,560 | 0,763 | 0,600 | 0,723 | 0,589 | 0,936 | 0,792
PuabMBI 0,760 | 0,595 | 0,781 | 0,614 | 0,769 | 0,545 | 0,875 | 0,674

6. 3akJjrodeHHe

[TpoBeieHHOE UCCIeJOBaHYE TO3BOJIMIO HAM OTBETUTH Ha 3a/JaHHbIE B HAYaJie
BOIIPOCHI.

1. «Kakoii BapuaHT BEKTOPHOU MO/IEJIH JIYYIIIe TIOAXOJUT /I PEIEHUA 3a1a4n
aHaju3a MHEHWH?» — OGUHapHasA MOJeENTb ¢ KOCUHYCHON HOpMaiu3amuei
6e3 r106aMbHbIX BECOB.

2. «Kakoii MeTOZi MAaUTMHHOT'O OOYUYEHUA Jydllle TIOAXOJUT i PELIeHUs 3a-
Jlayy aHaIM3a MHEHUH?» — CpeN UCCIeJOBAHHBIX HAMU METO/JOB HAUTy -
IIIMe Pe3yJabTaThl OKa3al MeTO/, KOMOMHUPYIOUIUN METObI OTIOPHBIX BEK-
TOPOB U KJIIOYEBHIX CJIOB.

3. «Kakum 06pa3oM BIHUAET pa3Mep OLeHOYHOM HIKaJbl (KOJTUYECTBO KJIACCOB)
Ha Ka4eCcTBO KJacCUUKAUN?» — MPU YBEJTUYEHUU JHaTla30Ha MIKaJIbl Ka-
YeCTBO KJacCUPUKAIUU CYIIECTBEHHO YXYALIIAETCS.

4. «BnuseT v TeMaTHKa OT3bIBOB Ha Ka4eCTBO KIacCUPUKAIIUU?» — KAYECTBO
KJ1accupUKaIUK B OOJIBIION CTEIEHU 3aBUCUT OT TEMAaTUKH OT3bIBOB.

B mjesiom, Ha nepBeIii ONBIT yuacTua B cemuHnape POMUII cieayeT nprusHaTh
YCHELIHBIM: Ha IPeOCTaBIeHHBIX OPraHU3aTOPaMU TECTOBBIX MaTepHualax yAanoch
NIpOBECTH 3aJyMaHHOe UcceZloBaHUe, IIPU IIeHTPaJIu30BaHHON OlleHKe Halllu pe-
3yJIBTATHI 110 HECKOJIBKUM IIPOrOHaM OKa3aJMCh Ha IIEPBOM MeCTe.

B panpHelinieM npezrnosiaraeTcsa COBepIIeHCTBOBATh PACCMOTPEHHbIE METOZBI
3a CYeT MCIOJb30BaHUA CIelMaJM3MPOBAHHBIX CJI0Bapel 3MOIIMOHAJIBHOMN JieK-
CUKU U IIPUMEHEHUS JPYTUX METOJOB MAIIMHHOI'O O0yYeHHs — PEerpecCHOHHOTO
¥ CTPYKTypHUpOBaHHOTr0 BapuaHToB SVM, Gradient boosting.
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XoueTcs HaZlesIThCA, YTO Ha OyAymux ceMmunapax POMUII mpobiema aHamu3a

TOHAJBPHOCTH TEKCTA OCTAHeTCs B IEHTPe BHUMAaHUA U B €€ paMKax OyAyT IpezJio-
>KeHBI HOBble MHTEepeCcHbIe 3a/laul.
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LANGUAGE INDEPENDENT
APPROACH TO SENTIMENT ANALYSIS
(LIMSI PARTICIPATION IN ROMIP’11)

Pak A. (alexpak@limsi.fr),
Paroubek P. (pap@limsi.fr)

Université Paris-Sud, Lab. LIMSI-CNRS, Batiment 508, F-91405
Orsay Cedex, France

Sentiment analysis is a challenging task for computational linguistics.
It poses a difficult problem of identifying user opinion in a given text. In this
paper, we describe participation of LIMSI in the sentiment analysis track
of the Russian annual evaluation campaign (ROMIP’11). The goal of the
track was classification of opinions expressed in blog posts into two, three,
and five classes. Our system based on SVM with dependency graph and n-
gram features was placed 1%tin 5-class task on all three datasets (movies,
books, cameras), 3in the 2-class task on the movies dataset, and 4"in the
3-class task on the cameras dataset, according to the official results.

Key words: sentiment analysis, polarity classification, SVM, dependency
parsing

1. Introduction

Sentiment analysis is a recent field of computational linguistics which emerged
due to the growing demand of analysis of social media and user generated content
in the Internet. Hence, to encourage the research in this field and to discover the cur-
rent state of the art, sentiment analysis tasks have been included in a set of traditional
evaluation campaigns tracks in information retrieval (IR) and natural language pro-
cessing (NLP). TREC! 2006 added a blog opinion mining track, SemEval?2010 orga-
nized a task on polarity disambiguation of Chinese adjectives, 12B232011 dedicated
one of the tasks to sentiment classification in suicide notes. In this paper, we describe
our participation in ROMIP*2011 sentiment analysis track.

1 Text Retrieval Conference: http://trec.nist.gov/
2 Evaluation Exercises on Semantic Evaluation: http://semeval2.fbk.eu/
3 Informatics for Integrating Biology and the Bedside: http://www.i2b2.org/NLP/

4 Russian Information Retrieval Evaluation Seminar: http://romip.ru
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1.1. Task description

ROMIP is an annual evaluation campaign in information retrieval launched
in 2002 [3]. In ROMIP 2011, the organizers added the sentiment analysis track which
aimed at classification of opinions in user generated content. A dataset composed of-
product reviews collected from a recommendation service Imhonet® and product ag-
gregator service Yandex.Market® was provided to participants for training their sys-
tems. The dataset contained reviews about three topics: digital cameras, books, and
movies. Table 1 shows the characteristics of the dataset.

Table 1. Characteristics of the training dataset

Topic Source # of reviews

Books Imhonet 24,159
Movies Imhonet 15,718
Cameras Yandex.Market 10,370

Each review consists of the text of the review and meta information. Meta infor-
mation contains the rating score assigned to the product, the product ID, reviewer ID,
and the review ID. Reviews from Yandex.Market also contain review creation time,
usefulness ofthe review (assigned by other users), pros and cons of the product given
by the review author. Inour work, we used only the review text, the score, and pros/
cons if available. The score is given on 1-5 scale for Imhonet reviews, and 1-10 scale
for Yandex.Market reviews, where a higher value represents more positive opinion.
Figure 1 shows an example of a digital camera review.

The evaluation dataset was not provided until the evaluation phase at the end
of the campaign. The organizers have collected 16861 posts from LiveJournal” blog-
ging platform that mention books, movies, or cameras out of which 874 posts were
annotated by two human experts. What makes this track different from other evalua-
tion campaigns, is that the evaluation dataset was not of the same nature as the train-
ing data. First, the texts had different genres (product reviews vs. blogposts), and
secondly the annotations were produced differently: the training data was composed
automatically, while the testdata was annotated manually. Figure 2 shows an example
of a test document.

The track was divided into three subtracks:

* Opinion classification into two classes: negative/positive
* Opinion classification into three classes: negative/mixed/positive

5 http://imhonet.ru
¢ http://market.yandex.ru

7 http://livejournal.com
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* Opinion classification into five classes: a score on the scale 1-5, where 1 repre-
sents an exclusively negative opinion, and 5 represents an exclusively positive
opinion

Inits turn, each subtrack had 3 runs by the number of topics: classification in each
topic was evaluated separately, resulting in total 9 separate evaluations.

<row rowNumber="0">

<value columnNumber="0">1328131</value> <!-- review ID -=>
<value columnNumber="1">926707</value> <!-- product ID -->
<value columnNumber="2">48983640</value> <!-- author ID -->
<value columnNumber="3">2009-05-03</value> <!/-- creation time -->
<value columnNumber="4">4</value> <!-- rating -->
<value columnNumber="5"> <l-- text -->
Xopomuit BH6OP AN ONHTHOTO ¢oTomwbuTens.
<!-- A good choice for an experienced amateur photographer. -->
</value>
<value columnNumber="6"> <!-- pros -->

Bonemoit BH6OP peXMMOB CbheMKH,l2-KpaTHHE ONTHYECKHH 3yM,
ecTeCcTBeHHas LBeTolepeznada,6bonrsmoit XK-skpas.

<!-- Large selection of shooting modes,12 - times optical zoom,
natural color, large LCD screen. -->

</value>

<value columnNumber="7"> <!-- comns -->

HeBhicoKas CKOPOCTE IIOA3apsAKM (OTOBCIBIIKY.
<!-- The low speed of flash recharge. -->
</value>
<value columnNumber="8">0.59375</value> <!-- wusefulness -->
</row>

Fig. 1. An example of a review from the training dataset. Russian text has
been translated into English only for this example

1.2. Task challenge

Sentiment analysis is a difficult task even for resource-rich languages (read, En-
glish). Along with simple language processing, such as part-of-speech (POS) tagging,
more sophisticated NLP tools such as discourse parsers and lexical resources may
be required by existing approaches. Thus, it is quite difficult to adapt methods that
were developed in other languages (read, English) to Russian.

The ROMIP track poses additional challenges other than the difficulty of analys-
ing sentiments in general. As mentioned before, the evaluation set was not constructed
the same way as the training data. That makes it more difficult for statistical based
approaches as the language model differs in two datasets. Moreover, the distribution
of classes is also different. The training set contained more positive reviews, however
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the way the reviews were picked for annotation was unknown. Finally, the interpreta-
tion of rating also varies, as there were different conventions when assigning scoring
products and when annotating the test set. In other words, a user of Yandex.Market
may have a different interpretation of 3 stars assigned to a camera from a human
annotator who rates a review.Multiclass classification was another challenge, since
most of research on polarity classification consider it a binary problem, i. e. classifying
a document into positive/negative classes.

<?ezml wversion="1.0" encoding="windows-1251"2?>
<document>
<ID>11347</ID>
<link>http://vikilt.livejournal.com/12619.html</link>
<date>2011-02-06T20:59:15Z</date>
<object>
lInoxas yumika
<!-- Bad teacher -->
</object>
<text>
HemaBro mocmMoTpen ¢unbmM "Ouenr mnoxas yuunka' ¥ HaKoHell,
yBuIen s>Toro camoro J[IxacTtuHa Tumbeprneifika 0 KOTOpPOM TaK MHOTO
6rI0 3BOHA M CHIBHO ymuBMICH. B ¢unbMe mepcorHax Kamepor [lmoc
KaK TONBKO BHIUT STOro J[XacTHMHaA HayWHAeT MIeTh U MHTEHCHUBHO
HaMOKaTh, XOTd CaM IIepCOHaX HNKAaKHX SpOTHYEeCKHil >Monmit KpoMe cMexa
¥ HeNOyMeHMs He BH3HBaeT. Jlanblle OH TaM, B (uIbMe MDOET IECEHKY,
KOTOpasl TOXe OCTaBNseT XelaTh Jy4mero. [leBymKM, HeyXelH BaM
IelCTBUTENbHO HpaBATCSA TaKHe YaxiHe IONWKH COMHMTENBHOH HapyxXHOCTH?
<!-- Recently, I have watched a movie "Bad teacher'" and finally,
I’ve seen this Justin Timberlake about whom there have been
so much buzz and I was surprised a lot. In the movie,
the character of Cameron Diaz becomes excited as soon as
she sees this Justin, although his character does not invoke
any feelings except laughing. Next, he there, in the movie,
sings a song, which ts poor also. Girls, do you really
like such doubtful looking nerds? -->
</text>
</document>

Fig. 2. An example of a document from the evaluation set. Russian text has
been translated into English only for this example

Therefore, to tackle the problem, we have decided to use alanguage independent
approach that is not dependent on sophisticated NLP tools or lexical resources (e. g.
affective lexicons) that are not available in Russian. We used an SVM based system
with features based on n-grams, part-of-speech tags, and dependency parsing. For
that we have trained a dependency parser on the Russian National Corpus®. Addition-
ally, a study on terms weighting and corpus composition has been performed in order

8 http://www.ruscorpora.ru/en/
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to optimize the performance of our system. The detailed description of our system
is presented in Section 3 right after the overview of the current state of the art in Sec-
tion 2. We report our experimental evaluation along with official results in Section 4.
Finally, we draw conclusions in Section 5.

2. Related work

Polarity classification is one of the basic problems of sentiment analysis and prob-
ably the most studied. The existing approaches fall into two large categories: lexicon
based and machine learning based methods.

Lexicon based methods make use of existing lexical resources that vary in their
complexity starting from simple lists of positive and negative words to more sophis-
ticated semantic maps. For English, one may use resources developed specifically for
sentiment analysis and affective science such as SentiWordNet [4], WordNet-Affect
[19], ANEW [2], General Inquirer [18], and also general purpose resources, such
as WordNet [6]. However, to our knowledge no similar publicly available resource ex-
ists in Russian, therefore a lexicon based approach would require to create a lexicon
from scratch which is a costly process. More over, the quality of the system would
strongly depend on the quality of the developed resource. As the lexicon should cover
well the analysed language model.

Machine learning based approaches in the majority are based on a classical
framework for text classification. The most commonly used one is support vector ma-
chines with n-gram features trained on a large set of text with known polarities (usu-
ally positive or negative) [14][13].0ther systems add on top of this basic framework
additional text preprocessing, feature selection, and NLP.

The amount and the complexity of NLP varies in different approaches. We have
previously reported the usefulness of POS tags for opinion mining [10]. Dependency
parsing has been also widely used in the sentiment analysis domain for extracting ad-
ditional features [1][8], determining opinion subject [21], and additional text analysis.
A recent work by Zirn et al. [22], used discourse parsing to take into account relation
between phrases for fine-grained polarity classification. One of few works on sentiment
analysis in Russian by Pazelskaya and Solovyev [15] used a manually constructed af-
fective lexicon along with POS-tagging and lexical parsing information for a rule based
polarity classifier. However, many of these approaches are difficult to reproduce for the
ROMIP track as there are few NLP tools for Russian that are publicly available.

3. Our approach
To overcome the difficulties of the task, thus to create a sentiment analysis system

for Russian that would be robust in different topics without overfitting the training
model, we developed an SVM based system using the LIBLINEAR package developed
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by Fan et al. [5]. For the 2-class track we trained SVM in binary classification mode,
for the 3 and 5-class tracks, we used a multiclass and regression modes.

3.1. Training dataset composition

The distribution of opinion scores in the training data set was highly unbalanced,
which caused difficulties for training the model. Figure 3 shows distributions of re-
views by scores in different topics. In general, positive reviews are prevailing in the
training dataset which creates a bias towards a positive class. For the 2-class problem,
we have decided to balance the training dataset by using an equal number of reviews
of negative and positive opinions. Thus we considered books and movies reviews with
scores 1-4 as negative and 9-10 as positive, and in the cameras collection,we consid-
ered reviews with scores 1-2 as negative and 5 as positive. The rest of the reviews were
not included in the training. For 3-class and 5-class problems we left the dataset as is,
because there would not be enough data to represent each class.

7000 7000 7000
6000 6000 6000
5000 5000 5000
4000

4000 4000

3000 3000 3000

2000 2000 2000

o I | I e III o
S o el e e e

0123 45678910 0123 456 78 910 o 1 2 3 4 5

Fig. 3. Score distribution in books (left), movies (center), and cameras (right)
datasets

Another decision which had to be made, was whether to train three separate
modelsfor each topic orto combine all the data and to train one general model to clas-
sify reviews from each topic. We have experimented with both settings, and report the
results in Section 4.

Reviews from Yandex.Market on cameras contain product prosand cons.
To benefit from this additional information, we decided to include it in the text of there
view. Thus, if a review is considered to be positive (using the criteria as mentioned
above) then we add pros as the last phrase of the text. Otherwise, if a review is nega-
tive, we use cons. We have discovered that by doing this, we improved the accuracy
of binary polarity classification up to 13.7 %.

3.2. Feature vector construction
We have experimented with two types of features to build the model: traditional

n-grams and our proposed d-grams features that are based on dependency tree of text
sentences [12].
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N-grams In the n-gram model, text is represented as a bag of words subsequences
of a fixed size. We have experimented with unigrams and bigrams. Any non alpha-
numeric character was considered as a word boundary. Negations has been handled
by attaching a negation particle (e — no, Hu — neither, HeT — not) to a preceding
and a following word when constructing n-grams [10][20].

D-grams D-grams are similar to n-grams, however, while n-grams are con-
structed by splitting a text into subsequences of consecutive words, d-grams are
constructed from a dependency parse tree, where words are linked by syntactic
relations.

| did not like this video for several reasons

prep

Fig. 4. Dependency graph of a sentence “The soundtrack was awful”

Figure 4 depicts an example of dependency parse tree of a sentence “The
soundtrack was awful”. The dependency relations that we obtain are as follows:
{(1, nsubj, like),
(did, aux, like),
(not, neg, like),
(this, det, video),
(video, dobj, like),
(for, prep, like),
(several, amod, reasons),
(reasons, pobj, for)}

They are served as features in our d-gram model replacing the traditional n-gram
model.To obtain dependency parse trees, we first applied TreeTagger [16][17] for to-
kenization and POS-tagging. Next, we fed the tagged output to the MaltParser [9] that
we had trained on the Russian National Corpora.

Weighting scheme We consider two weighting schemes which are used in senti-
ment analysis.

Binary weights were used in first experiments by Pang et al. [14] and proven
to yield better results than traditional information retrieval weighting such as TF-IDF.
It assigns equal importance to all the terms presented in a document:

w(g,) = 1,ifg, € d, otherwise = 0 (@))]
where g, is aterm(n-gram), d is a document. Delta TF-IDF was proposed by Mar-

tineau et al. [7] and proven to be efficient by Paltoglou et al. [13], assigns more impor-
tance to terms that appear primarily in one set (positive or negative):
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df, (gi) +0.5
w(gi) = tf(g:) - log af, (9:) 1 0.5 .

where tf(g) is term-frequency of a term (number of times g, appears in docu-
ment D), df (g) is positive document frequency (number of times g, appears in docu-
ments with positive polarity), dfp(g, ) is negative document frequency.

We augment Delta TF-IDF formula with our proposed average term-frequency
normalization that lowers importance of words that are frequently used in a docu-
ment [11]:

2_vr,g.er H(8i)

where {T|g, € T} is a set of documents containing term g, . Thus, we modify Delta
TF-IDF weight as follows:

tf(gi) log dfp(g:) +0.5

w\g;) =
(9:) ave.tf(g;) dfy(g:) + 0.5 @

4. Experiments and results

In this section, we report results obtained during the system development phase
and the offocial results provided by the organizers of ROMIP.All the development re-
sults were obtained after performing 10-fold cross validation.

4.1. Development results

Table 2. Macro-averaged accuracy over different training and test data.
Rows correspond to a dataset on which the model has been trained, columns
correspond to test data. Combined is a combination of all three topics

Train data
books movies cameras combined
o books 76.0 74.0 65.5 73.4
3 movies 77.3 76.4 66.4 74.5
2 cameras 63.2 62.0 76.0 65.5
a combined 78.4 78.9 77.1 78.6

For the development phase, we present results only on binary classification as all
the system parameters were tuned according to the results of these experiments.
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Table 2 shows results of n-gram based model with binary weights across different
topics. According top revious research on domain-adaptation for sentiment analysis
a model trained on the same topics as the test set performs better than one trained
on another topic. However, we were interested whether combining all the training
data thus increasing the size of the available training data set improves the model.
As we can see from the results, the model trained on the combined data performs
better than a model trained only on one topic and the model trained on the same
topic as the test set performs better than a model trained on another topic. However,
we will see that it would change once we add additional information.

Table 3. Performance gain when adding class balancing
and including pros/cons

Books Movies Cameras

div com div com div com
default 76.0 78.4 76.4 78.9 76.0 77.1
+ balanced 781419 795409 76.3-0.1 78.2-0.7 774414 775+04
+ pros/cons 78.1 79.6 +0.1 76.3 78.6 +0.4 91.8 +13.7 87.9 +10.4

Table 3 shows show the performance changes after balancing the training data,
and after adding pros and cons. Balancing the training set improves accuracy when
classifying books and cameras and slightly degrades the performance on the movies
collection. Adding pros and cons drastically improves the performance over the cam-
eras test set (up to 13.7% of gain). Notice, also that the model trained only on the cam-
eras collection performs much better than the one trained on combined data (91.8%
vs. 87.9%). Thus, for the following experiments we keep these settings: balancing
training set and including pros and cons.

Table 4. Classification accuracy across different topics. For each topic, we
evaluated a model trained on the same topic (div) and a model trained on all
the reviews (com)

Books Movies Cameras

div com div com div com
ngrams + binary 78.1 79.6 76.3 78.6 91.8 879
ngrams + Atfidf 774 78.8 76.2 76.5 93.1 90.4
dgrams + binary 78.0 79.8 74.9 77.8 91.3 88.2
dgrams + Atfidf 78.4 80.2 76.1 77.3 93.6 91.3

Table 4 shows the comparison of the model using different features and weight-
ing schemes. Here we have compared the traditional n-grams model with our pro-
posed d-grams features using the same weighting schemes (binary and Delta TF-IDF).
As we observe from the results, d-grams with Delta TF-IDF yields better accuracy
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on books and cameras test sets, while n-grams with binary weights perform better
on the movies collection. However the difference is not very big.

4.2. Official results

According to the results we have obtained during the development phase,
we have submitted the official runs on the unseen data. For 2-class track we have
submitted 6 systems. For 3-class and 5-class tracks, we trained only systems based
on n-grams due to time and resource constrains. For each of these tracks, we have
submitted 4 systems. The summary of the submitted systems is presented in Table 6.
The overall standings are depicted in Figures 5-7.

Table 5. Summary of the submitted systems

System ID Mode Features Weights Training set
2-class track

2-class track binary d-grams Atfidf divided
2-dgram-delta-com binary d-grams Atfidf combined
2-ngram-delta-div binary n-grams Atfidf divided
2-ngram-delta-com binary n-grams Atfidf combined
2-ngram-bin-div binary n-grams binary divided
2-ngram-bin-com binary n-grams binary combined

3-class track

3-ngram-bin-div multiclass n-grams binary divided
3-ngram-bin-com multiclass n-grams binary combined
3-regr-ngram-bin-div regression n-grams binary divided
3-regr-ngram-bin-com regression n-grams binary combined

5-class track

5-ngram-bin-div multiclass n-grams binary divided
5-ngram-bin-com multiclass n-grams binary combined
5-regr-ngram-bin-div regression n-grams binary divided
5-regr-ngram-bin-com regression n-grams binary combined

5. Conclusions
Sentiment analysis is a challenging task for computational linguistics. It becomes

especially difficult for resource-poor languages. In this paper, we have described our
participation in Russian sentiment analysis evaluation campaign
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Table 6. Official ranking of the submitted systems

System ID Books Movies Cameras

score rank score rank score rank

2-class track

2-dgram-delta-div 65.1 24/53 70.3 5/27 81.7 11/25
2-dgram-delta-com 66.1 23/53 70.9 3/27 76.6 17/25
2-ngram-delta-div 61.8 31/53 70.0 7/27 77.8 15/25
2-ngram-delta-com 63.0 27/53 67.7 8/27 80.6 12/25
2-ngram-bin-div 579 36/53 63.7 10/27 79.2 13/25
2-ngram-bin-com 58.8 35/53 65.3 9/27 78.8 14/25
3-class track
3-ngram-bin-div 48.4 12/52 477  9/21 55.7 8/15
3-ngram-bin-com 499 18/52 504 5/21 62.6 4/15
3-regr-ngram-bin-div 476 21/52 48.4 8/21 50.0 9/15
3-regr-ngram-bin-com 48.8 16/52 49.8 6/21 574 7/15
5-class track
5-ngram-bin-div 270 4/10 24.6 5/10 34.2 1/10
5-ngram-bin-com 29.1 1/10 28.6 1/10 28.3 7/10
5-regr-ngram-bin-div 28.5 3/10 26.6 3/10 311 4/10
5-regr-ngram-bin-com 29.1 1/10 28.6 1/10 28.3 7/10

ROMIP 2011. We have tested our language independent framework for polarity
classification that is based on SVM with the traditional n-grams model and our proposed
features based on dependency parse trees. The developed system was ranked 1%in the
5-class track in all topics, 3*in the 3-class track in movies domain, and 4 in the binary
classification track in cameras domain according to the official evaluation metrics.
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MCCJIEOOBAHUE MPUMEHUMOCTHU
METO40B TEMATUYECKOWM
KJTACCUDUKALINN B BAOAHE
KNACCUDPUKALIMN OT3bIBOB O KHUTAX
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Kanununa M. B. (kalinina_m@rco.ru),
Mnewko B. B. (volodia@rco.ru)

000 «3P CW O», Mocksa, Poccus

B paHHO paboTe uccneayloTcs pasnnyHble cnocobbl GopmMupoBaHUs
obyyvalolein BbIOOPKN, METOAOB M3BNIEYEHMS KJ1ACCUDUKALMOHHBIX Mpu-
3HaKOB, a TakXe METOAO0B MOCTPOEHUS KnaccudukaTtopoB ANS peLleHuns
3aja4 knaccudukaumm oT3blBOB O KHUrax Ha 2 (NONOXMUTENbHbLINA, OTpULa-
TeNbHbIN) U 3 (MONOXUTENBHbIN, OTPULATENBHbINA N HEATPANbHbIN) Knacca.
Moka3aHo, 4TO XOPOLINIA Pe3ynbTaT MOXHO MOAYYUTb NYTEM NPUMEHEHUS
K paccmaTtpuBaeMbiM 3aga4amM MeTo[0B TeMaTUYeckol knaccudukaumm.
JoCTuUrHyTble nokasaTenn He yCcTynaloT HauiyylmMm pesynbTatamM knac-
cudukaumn Beb-caiToB 1 HOPMaTMBHO-NPAaBOBLIX JOKYMEHTOB, MOJIy4Y€eH-
HbIM y4acTHMKaMu cemmnHapa POMUATT.

Kniouesblie cnoBa: aHan1s3 MHeHUi, onpeaesieHe TOHalbHOCTU, aBToMa-
Tuyeckas knaccubukaums, MalmHHoe obyyeHune, n3sedyeHue knaccnudu-
KaLMWOHHbIX MPU3HAKOB, METO/, OMOPHbLIX BEKTOPOB, Perpeccus

BBeaeHue

3aZauya aBTOMAaTUYECKOH KIacCuGUKAIMY OT3EIBOB O TOBApax sIBJsETCs Ha ce-
TOAHALIHUN IeHb BeCcbMa BOCTPe6OBaHHOM, O YeM CBUJETENbCTBYET [TOABJIEHUE CO-
OTBETCTBYIOUIEH GYHKIIUU B KOMMEPUYECKUX CUCTEMAaX MOHUTOPHUHIA COIIUAIBHBIX
Mezua. TeM He MeHee JiJIsI PYCCKOS3bIYHOT'O KOHTEHTA /IO HACTOAIETO BpEMEHU OT-
CYTCTBOBAJIU 00OILIeJOCTYIHbIe pa3MedYeHHBIe KOpPITyca, Ha KOTOPHIX pa3paboTINKU
MO GBI TPOBECTHU OIIEHKY KayecTBa CBOMX METOOB. [laHHBIN Mpobes 6bLIU NpH-
3BaHbl BOCIIOJIHUTH HOBBIE JOPOKKU ceMruHapa POMMUII, B paMkax KOTOPBIX y4acT-
HUKAaM IIpeJjIarajaoch pelInuTh 331a49y KIacCUPUKAIIUY OT3BIBOB O KHUTAX, GUIbMax
u poToKaMepax.

B HacTosAmel paboTe UCCIeLyIOTCS METOABI pellleHUs 3aZa4y KiaccupuKanuu
OT3BIBOB O KHUTAaX 2 (IIOJIOXKUTENIbHBIN, OTpULIATENbHBIN) U 3 (II0J0KUTENbHBIHN, OT-
pUIaTeN bHBIN, HeUTpaIbHBIN) KIacca B paMKax HOBBIX Jopoxkek POMUIT.
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ITocTaHoBKa 3azauu

YdacTHUKaM Oblyia IpeJIoKeHa TeCTOBASA KOJIEKIIUA, TPECTaBIIAIONIas cOO0H
Habop OT3HIBOB MOJIb30BaTe el peKOMeHZaTeIbHOTO mopTaia Imhonet.ru Ha KHUTH
Pa3IUYHBIX XKaHPOB (Bcero 24 160 ot3biBoB). Kax b1l OT3bIB MMeJ MT0Ib30BaTENb-
CKyI0 oIleHKY oT 1 70 10 6a/utoB. I3 uMelomuxcs JOposkeK HaMH ObLIM BHIOpaHBI
ZIBE: IOPO’KKA IO KyaccubUKauy OT3bIBOB TI0JIb30BaTe e Ha 2 Kjlacca U JOpOXKKa
1o KyaccuprKaIuy OT3bIBOB MOJb30BaTe el Ha 3 Kiacca. B mepBoMm ciydae Tpebo-
BaJIOCh Pa3/IeIUTh OT3BIBHI Ha MTOJIOKUTENbHBIE U OTPHUIlaTeNbHEIE. BO BTOpOM CIy-
yae Tpe6GOBaJIOCh pa3/leIUTh OT3BIBBI Ha 3 KJjlacca: «IIOJOKUTENbHBIN», «CPEIHUN»
(B OT3bIBE yKa3BIBAIOTCS JOCTATOYHO 3HAYMMBIE MTOJIOKUTENbHBIE U OTPULIATETbHbIE
CTOPOHBI OIIeHMBaeMOU KHUTH) U «OTPUIATeTbHBI».

Cpeau ocobeHHOCTEH 3a/a4u cle[yeT OTMETUTh CHUJIbHBINA AncHaniaHc TeCcTo-
BOU KOJJIEKIIMHU B CTOPOHY TOJIOXKUTETHHBIX OT3BIBOB.

dopmupoBaHue obOyuaromieii BBIOOPKU

JlBoe dKCIIEPTOB HE3aBHCHMO OIIEHUBAIU TECTOBYIO KOJIJIEKIHIO K IIPOCTAB-
JISJIA OLIEHKU: HETaTUBHBIN OT3bIB, IO3UTUBHEIA OT3BIB, OT3BIB COAEPXKUT KaK II0-
JIOXKUTEJIbHbIE, TAK U OTPUILATEIbHBIE XapAKTEPUCTUKU. KaKIbIil SKCIIepT OLleHUIT
nopsazgka 4000 0T3BIBOB, 60JIbIIAs YACTh M3 KOTOPBIX OBLIA OTHECEHA K IIOJIOXKUTENb-
HBIM. B kayecTBe o6yuaroleii BLIOOPKU B pa3HBIX IIPOTOHAX Opaluch KaK pe3yabTraT
OLIEHKU OZIHOT'O KCIIePTa, TAK U MHOXXeCTBO IlepecedeHNH OIleHOK 000K X SKCIIEPTOB
(OT3BIBBI, AJI KOTOPHIX 00a dKCIIEpTa BHICTABUIN OJWHAKOBYIO OLeHKY). Corsaco-
BaHHOCTH OILIEHOK 3KCIIEPTOB Tpu GOPMHUPOBAHUHU 0OyUaroleil BHIOOPKH AOCTUTANA
80%.

Hpeﬂ;CTaBJIeHI/Ie AOKYMEHTA U U3BJIEYE€EHHUE TEPDMHUHOB

VcceoBaHYs IPOBOAUINCE B pAMKaX BEKTOPHOM MOZeIN ITpeCTaBIeHUs 10-
KYMEHTOB, IIPH KOTOPOH ZOKYMEHT OITUCHIBAETCSA HAOOPOM BbIIEJIEHHBIX U3 TEKCTA
TepMHUHOB. B paboTe uccienyeTcs BO3MOXKHOCTb 06orameHus KiaacCupUKauOHHBIX
MPU3HAKOB, MOJTYYEHHBIX aBTOMAaTH4YeCKUM (6a30BbIM) METOOM, KOTOPBIM XOPOIIO
3apeKOMeHZIOBaJI cebs B 3a/laue TEMaTHIECKOM KaaccubuKaluu JOKyMeHTOB [1-4],
nyTeM fo0aBleHUs K HUM TEeDMUHOB, BBHIZIEIEHHBIX B PaMKaX JIMHI'BUCTHYECKOT'O
TOAX0/a C UCIIOJIb30BAaHUEM CJIOBapel OIleHOYHOM JIEKCUKU.

B 6a30BOM MeTO/le B Ka4ecTBe OZHOCIOBHBIX TEDMUHOB BBIZEJIAINCH BCE CIOBA
JOKYMEHTa 3a UCKJII0UeHUEM CITY>KeOHBIX YacTel peul, YHUCIUTENbHBIX U faT. MHO-
TOCJIOBHBIE TEPMUHBI BBIAENSINCH IIPU INOMOIIY aJIrOPUTMa CHUHTAKTUKO-CeMaH-
THYECKOTO aHaau3a [5] u mpezAcTaBsaau co60 MPOCThie MMEHHbIE TPYIIIbI (HATIP.
«IJ1yOOKas MBICIIb», «KJIACCHKA XKaHpa»). VIMeHHbIe IPYIIITbI OBLIN YCI0XKHEHBI BKJIIO-
YeHUEM B UX CTPYKTYPY KOHCTPYKIIUH C IPeJJjIoraMyU B COOTBETCTBUU C MOJENAMU
yrpasieHus [6] (Hamp. «B3I/IAA HA MUP», «KHUTA AJIA IeTe»).
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Jlyis IOBBIIIEHUS KavyecTBa pyOpUIIMpOBaHUsA U oborarieHus Habopa KJaccu-
bUKaIMOHHBIX IPU3HAKOB OBbLI IIPUMEHEH JUHIBUCTUYECKUN moaxoA. [lyrem aHa-
JIN3a UMEIOIUXCSI OT3BIBOB 3KCIIEPT BBIZEIU aTPUOYTHI KHUTH, Ha KOTOPHIE 60JIb-
IIMHCTBO MUIIYIIUX obpamjany BHUMaHue. TakuM 06pa3oM, ObLI MONTYYEH CIIHCOK
HaunboJjiee 3HAYMMBIX JJIs1 YMTATesIel Belleil: sI3bIK, CIOXKET, TepOH, KOHIIOBKA, BIle-
YaTJeHUs OT [IPOYTEHMUsI, aBTOP U T.ZA. CIIMCOK JAHHBIX aTPUOYTOB ObLI pacliupeH
CUHOHUMaMU (KHU2A=KHUNCEHYUS=0NYC=4mugo=npouseedeHue=CouuHeHUe U T.].;
KOHeU=KOHU08KA=(UHAN=PA38A3KA=XINNU-IHJ; 2epoll=nepcoHaxc=xapaxkmep
Y T.[.) ¥ TUIOHUMAaMU (KHU2d=POMAH=N08eCMb=paccKka3=0emeKmue=nbeca=g@aH
MmMe3u=noamd U T.Ji.; d8MOP=nucamesb=noamnt).

Janee ObLIM COCTAaBJIEHBI CJIIOBAPH OLIEHOYHOMN JIEKCHMKH (IpUjaraTejbHbIe
¥ IJIAroJibl), BBIPAXKAIOMIEN MONOKUTENBHYIO, OTPULATEIBHYI0 HWIM CPEAHIOI
OlIeHKY. [IpuMepBI TOJIOKUTETHHON OLIEHKU: 6ecnodobHbLll, 8eaUKONeNHbLU, ApKULL;
3aNOMHUMbCS, HPABUMbCS, nompsicams. [IpUMephl OTpULIATENBHOM OLleHKU: becco-
OeprcamenbHblil, 3aHyOHbLIL, nowblil; ycmapems. [IpUMepHl OIIEHKU «CPEHE»: He-
00HO3HAaUHDBL, HepoBHbLL, cpedHeHbKUIL, cneyuduueckuil.

JUJ1s1 TMHTBUCTUYIECKOTO aHAIM3a TEKCTa OBLIM UCIIOIb30BAHE CEMAaHTHUIECKIE
ra6IIOHbI, OIMCHIBAIONINE BO3MOXHBIE CHHTAKCUYECKUE CBS3U B IPEJJIOKEHUU
MeX/y TPyNIIaMy TEpPMUHOB U3 NOJIYYHBIINXCSA coBapeii [7]. IllabnoH 3azaeT jek-
CUKO-TPaMMaTHYeCKHe OrPaHUYEHHUs Ha UCKOMYIO KOHQUIYPALUIO CBS3el MEXAY
CJIOBaMH B TEKCTE, KOTOPHIE ONPEAESAIOTCS CHHTAKCUYECKUM aHaIU3aTOPOM.
Ha PucyHke 1 npuBejieH ceMaHTUYIeCKU MIa6GIOH /151 U3BJIE€YEeHUS OLleHKY KHUTH,
KOTOpasi BelpakaeTcsi MpUaraTeJbHBIM B KOHCTPYKIUAX Buja: KHuza okaszanacs
00CMamouHo UHMepecHoll; Imu nucameJsiu CMaau Kyasmossimu euse 8 60-e 200bL.

.

‘Semantic Type = "Verb: ServiceLink” ‘
and !(Name = "CHUHTATEL")

: —n " o RelationName = "apryment” and

|_ SpeechPart—"Noun" | | SpeechPart = "Adjective”

Puc. 1. lpumep cemaHTyeckoro wabnoHa Ans onpeaeneHmsa OLEHKN KHUMM

B BepIiIrHaX yKasbIBalOTCSA OrpaHUYEHUs Ha YacTu peuu (SpeechPart=“Noun” —
CYILIEeCTBUTENBHOE), KOHKpeTHbIe cioBa (!IName==“CUUTATDH” — 3ampelleH Iiaaroi
«CYUTATh»), UIN CEMAaHTUYECKHUe pa3psagsl cioB (SemanticType=“Verb:ServiceLink” —
[JIaroJI-CBf3Ka). B a/uIumcax OmMCHIBAIOTCSA OUPAHUYEHUA HA CHHTAKTHUKO-CEMaHTU-
YecKHe CBSI3U MeXAy cioBaMu: Tul cBssu (RelationName==“apzymenm”), ceMaHTHU-
yeckas poisb (RelationRole=="“npusnax”), nagex (RelationCase=="“U" — UMEHUTEJIb-
HbI). OKOHYATEThHO TaKOM WIAGJOH MapaMeTPU3YeTCsS MHOMXECTBOM KOHKDPETHBIX
CJIOB U3 COOTBETCTBYIOIIUX CJIOBAPEH: MHOXXeCTBOM CHHOHUMOB U THIIOHHMOB JJIS
KHUTHU U e€ aTpubyTOB ITapaMeTpU3yeTCs Y3eI C OrpaHuvYeHusAMHU SpeechPart=“Noun”,
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UMeoIUi posib «O6beKT onleHKu» (EstimatedObject); MHOKECTBOM OIIEHOYHBIX CJIOB
TmapaMeTpU3yeTCs y3eJ ¢ OrpaHuYeHUsMU SpeechPart=‘Adjective”, UMeIOIIUN pPOJb
«Onenka» (QualityAdjective); y3en c orpanuueHueM SemanticType == “Verb:ServiceLink”
and !(Name == “CYUTATH”) napaMeTpU3yeTCss MHOXECTBOM IJIaTOJIOB-CBSA30K 3a UC-
KJII0YeHHNEeM IVIaroyia «CIUTaTh». BoleleHHEIE TAKUM 006pa3oM Hapk! «06BEKT OIleHKU
+ OIleHKa» UCIOJIb30BAJKCh B KAUeCTBe TEPMUHOB /11 aBTOMATUYECKOT'O OIIpezesie-
HUS TOHAJIBHOCTH OT3BIBOB. [IpHIMepE! IOJIOKUTENbHBIX TEPMHUHOB: 21y00K0e npous-
gedeHue; KHU2a 3auenuna; ab6UMb KHUZY; nNpoussedeHUe UHMepecHoe; NPO2JoMmuUmMb
KHUZY; CUNIbHASL 8elb; CIOJCem 3aX8ambledem; xopoulee umeHue; GUHAL HEOHUOAHHbLIL;
A3bik feekuil. IIpruMephl OTpULIATENbHBIX TEPMUHOB: 004UMAams ¢ mpyooMm; UCNOpmMumbs
HacmpoeHue; KHU2d 0ecCMblCIeHHAS; HeYOauHbulil nepegod; CKYUHAs KHU2d; Clojkem
He 3amsieu8aent; CMuJjib He NOHPABUJICS; HULMAMb N0 OUA2OHANLL; S3blK YPOOAUBHLIL.

MeTo/bI K1accupUKALUH

B pabore uccieZoBaHbI iBa MoAX0Aa. B mepBoM moaxoe Ajsi 06ydeHus Kiac-
cudrKaTopa UCIOJb30BAJUCh OIEHKU CaMUX IOJb30BaTesel. [Io HUM cTpousiach
JIUHeHHasA perpeccMOHHAas Mojiesib B peanusauuu SVM-Light [8]. 3arem mo aToit
MOZeTM BHIYUCJISIIUCH Beca JOKYMEHTOB U3 oby4Jatolneil BEIOOPKU U MOAOHPaIUCh
MIOPOTY OTHECEHMS JAOKYMEHTAa K 3alaHHBIM KJaccaM TaKUM 06pa3oM, YTOOHI ITO-
JIyYUTb HAaUIydIllee COOTBETCTBUE MEKAY MONydYaeMbIM pa3breHneM U pa3MeTKOMN
3KcrmepToB (MakcuMu3upoBasach F-mepa).

Bo BTOpOM moaxofe KjiaccupUKATOpP CTPOUJICS TOJBKO Ha OCHOBe 0bOydYaro-
el BBIOOPKH, cGOPMUPOBAHHOM dKCIIEPTaMU. PacCMOTPEHBI CIeAYIONe METO/BI
KJIaccubUKammu:

e JluHelHbIN KiaccupUKaTOp, B KOTOPOM OOydYeHHE MPOU3BOAUTCS JAJS KaX-
JIOTO Kjlacca He3aBHCHUMO OT APYTHUX KJaccoB, B peanusanuu SVM-Light [8].
Eciu B mpotiecce 06paboTKU TeCTOBOM BRHIOOPKU OJWH AOKYMEHT MOTIaZiajl B He-
CKOJIBKO KJIACCOB, TO MBI IPUHYAUTENBHO OTHOCHJIH €TI0 K OHOMY KJIaccy, B KO-
TOPOM 3TOT IOKYMEHT UMEJI CAMBIN OOJIBIION Bec.

* JIuHeWHBIHN KJIacCUPUKATOP, KOTOPHIN CTPOUT MHOXKECTBO HeIlepeCeKaOIIUXCs
KJIACCOB, TO €CTh CTABUT B COOTBETCTBHE JOKYMEHTY POBHO B OZIMH U3 3a/JaH-
HBIX KJ1accoB. Mcnonb3oBanack peanusanus SVM-Multiclass [9].

* JluHelHbIH K1accuduKaTop, KOTOPHIN 06yvaeTcs HE3aBUCHMO Ha KJlaccax I1o-
JIOKUTENBbHBIX U OTPULIATETHHBIX OT3BIBOB B peanusanuu SVM-Light [8], a uc-
ToJIb3yeTcs B 3aZiave Kiaccubukanuu Ha 3 kjacca. K kiaccy HEHTpaabHBIX
OT3BIBOB MBI OTHOCHUJIM JOKYMEHTHI, KOTOPblEe KJIacCUPUKATOP MPUIHCHIBAI
OZIHOBPEMEHHO U KJIACCY MTOJIOKUTENbHBIX, U KJIACCY OTPUIIATENbHBIX OT3HIBOB.

PesynbpTaTsl

B paboTe npoaHa M3 pOBaHbI PE3Y/IBTATH OIleHKHU 18 IpOroHoB KiaccuduKauu
Ha 2 KJj1acca ¥ 24 nporosa Kinaccupukanuy Ha 3 knacca. [IporoHsl BapbHpOBaINCh:
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* 10 criocoby popMupoBaHUs 0Oydarolleil BEIGOPKHU: OI[EHKA IEPBOT0O 3KCIIepTa
[expert-1], BTOpOro [expert-2], corsiacoBaHHas olieHKa 3KCIepToB (0byJatoinast
BBIOOpKA coZiepykajia TOJMbKO JOKYMEHTHI, KOTOPBIE SKCIIEPTHI OLEHUIN OZMHA-
KOBO) [expert-and];

* 1o crmocoby U3BJIeYEeHHUsT TEPMHHOB: aBTOMaTUUYeCKUU [base], cMemIaHHBIN
(oboramenuve 6a3oBoro Habopa KjacCUUKAIMOHHBIX MPU3HAKOB B paMKaX
JIMHTBUCTUYECKOTO MOJX0/a C HCIIOJb30BAHUEM CJIOBApEH OIIEHOYHOM JIEeK-
cukw) [hybrid];

* 10 MeToAy KaccudpuKaluu: perpeccus [regression], TMHEHHBIN Kaaccupuka-
TOp Ha He3aBHUCHUMBIE Kjacchl [one-per-class], Ha HemepeceKawUecs KIacchl
[multiclass], 1uHelHBIN KIaccupUKaTOp, 0OyJYarOUUICT Ha Kaaccax MOJIOXKHU-
TeJbHBIX U OTPUILIATEIbHBIX OT3BIBOB, HO IPUMEHsIEMBIH B 3a/laue KjacCUpUKa-
nuu Ha 3 Kjacca [2-to-3-class].

BiusiHME pa3IUYHBbIX TOAXOA0B Ha Ka4eCTBO KIacCUPUKAIIUYU Mbl OLIEHUBATHU
¢ momortnbio F1-mepsl [10], cuibHbIe U cabble TpebOBaHUS K peJeBaHTHOCTU 060-
3HauyeHsl ganee coorsercTBeHHo F-and u F-or.

CornacHo Tabnuie 1, mepBbIi aKcIePT chOPMUPOBa HEMHOTO JYUYIIYIO IO Ka-
YecTBY 00y4Yalouyio BIOOPKY, YeM BTOPOH 3KCIEPT (JIYYLIyIO B CMBIC/IE KayecTBa
00y4eHHUs UCCIEYEMBIX METO/JOB), XOTs pa3juuie MEXKAY HUMU He MPEBOCXOJUT
HECKOJIBKUX TIPOLIEHTOB. 3/IeCh U Zlajiee «average» U «maximum» 0603Ha4aioT B Ta-
6nuiax crnocob 06061IeHUS Pe3yIbTATOB MO Pa3JIUYHBIM TPOTOHAM. B mepBoM CIIy-
yae BBIYUCIAETCSA CPEJHUN Pe3ysbTaT, BO BTOPOM ciydae H6epeTcss MaKCUMaIbHOE
3HavyeHUe. B yacTHOCTH, B Tabnuile 1 ycpegHeHue 6epeTcs Mo pa3IuIHbIM METOZAAM
u criocob6am oT60pa TEPMUHOB.

Tabnuua 1. Ka4ecTtso paboThl knaccudukaTopa, NOCTPOEHHOrO NO Pa3HbLIM
obydatoLLM BbIbopkam, B 3agade knaccudukaummn Ha 2 n 3 knacca

average maximum average maximum

2-class F-and | F-or | F-and | F-or 3-class F-and | F-or | F-and | F-or
expert-1 0.691 0.721 0.723 0.747 expert-1 0.465 0.508 0.536 0.577
expert-2 0.669 0.685 0.721 0.732 expert-2 0.419 0.449 0.484 0.516
expert—and 0.690 0.706 0.723 0.724 expert—and 0.440 0.474 0.521 0.560

JlaHHble, TpUBeAeHHBIE B Tabnulle 2, CBUAETENbCTBYIOT O TOM, YTO IIPUBJIEYe-
HUE «[IPOJBUHYTHIX» TUHTBUCTUYECKUX MPU3HAKOB /€T HE3HAYUTETHHOE YTy YIlle-
HHUe pe3yJbTaTa AJd 3alauyd KjaacCUpUKaAlMU Ha 2 KJjacca U Jake HEMHOTO YXYa-
[IaeT pe3yJabTar B ciiydyae 3 KiaccoB. He6obIIoH IpupocT pe3yabraTa MOXKHO 06b-
SICHUTH TEM, YTO H3BJeKaeMble B 6a30BOM METOZle TEDMHUHBI OKa3ajHuCh, IO CYTH,
SKBUBAJEHTHBI GOJIBITUHCTBY CO3/JaHHBIX CEMaHTUYECKUX IIabIIOHOB, 32 MCKJIIO-
YeHHeM IabJIOHOB, COZIEPKABIINX IJIATOJbl. YXYAIIEHUE PE3yJabTaTOB /Js 3a/auu
kJjaccuduKanuu Ha 3 KJjacca, CBI3aHO ¢ HEKOPPEKTHOW I'PYNIIUPOBKOW TEPMUHOB
[T Kjlacca HEUTpaJbHBIX OT3BIBOB C MCIIOJIb30BaHUEM CJIOBapeil OIeHOYHOH JIeK-
cuku. Cji0Baph OLIEHOYHOM JIEKCUKU [JI1 HEUTPaJbHBIX OT3bIBOB COZEP3KAJ TOJIBKO
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CJIOBA, COOTBETCTBYIOIIYE CpeIHEH OlleHKe, HallpUMep, «CpeJHEHbKU», «clenudu-
YECKUI», «CHOCHBIM», «IUTabENbHBIN», «<HEPOBHBII». HO 3Ta KaTEropus COAEPKUT
COIVIACHO ITOCTAHOBKE 33/1a4yl IOMUMO HEHTPaJbHbIX OT3bIBOB TaK)Ke JOKYMEHTHI,
B KOTODBIX KHUTY U XBAJIAT, U PYyTraloT OZHOBPEMeHHO. B pe3yibTaTe Mosydunaach
HU3KasA IOJHOTA IMOKPHITUS A3BIKOBOTO MaTrepuasa JUHIBUCTUYECKHMHU IIa6JIo-
HaMU JJOKYMEHTOB JJaHHOH PyOpPUKHU.

Tabnuua 2. KauecTtBo paboThl knaccudukaTopa B 3aBMCUMOCTI OT cnocoba
N3BNEYEHMA TEPMNHOB, OMMCHIBAIOLLIX AOKYMEHT, B 3a4a4e kKnaccudukaumm
Ha 2 1 3 knacca

average maximum average maximum
2-class | F-and | F-or | F-and | F-or 3-class | F-and | F-or | F-and | F-or
base 0.679 | 0.699 | 0.709 | 0.727 base 0.445 | 0.481 | 0.536 | 0.577
hybrid | 0.688 | 0.709 | 0.723 | 0.747 hybrid | 0.437 | 0.473 | 0.512 | 0.554

CornacHo Tabnuie 3, B 3ajiave KjaccubuKanuy Ha 2 Kjacca HaWIydIIui pe-
3yJ/IbTaT GBI JOCTUTHYT IIPY IIOMOIIK MeToa one-per-class. OcTanbHble METO/HI He-
3HAYUTENIBHO eMy yCTyHaloT. B 3azave knaccubukaumuu Ha 3 Kiracca Jy4IIuM OKa-
3asicsi MeToZ regression. EMy HeMHoro ycrynaeT one-per-class. CiiefyeT OTMETUTb,
YTO HAMMEHBINUH pa3époc pe3yabTaToOB IPU BApbUPOBAHUU CIIOCOO0B 0THOPA KiIac-
cuUKAITMOHHBIX TIPU3HAKOB U GOPMHUPOBaHUA 00ydarolleil BEIOOPKYU JaeT METOZ
one-per-class, 4T0 CBHU/JETENbCTBYET O MEHBIIEH YyBCTBUTEJbHOCTU JaHHOTO Me-
TOZA K KAYeCTBY BXOAHBIX ZaHHBIX [T0 CDABHEHUIO C [PYTUMU METOJAMU.

Tabnuua 3. Ka4yecTtBo paboThl knaccudukaTopa B 3aBMCHUMOCTI OT METOAA
06y4eHns B 3agade Knaccudukaumm Ha 2 n 3 knacca

average maximum average maximum
2-class F-and | F-or | F-and | F-or 3-class F-and | F-or | F-and | F-or
regression 0.674 | 0.715 | 0.701 | 0.727 regression 0.494 | 0.529 | 0.536 | 0.577
one-per—class 0.699 | 0.715 | 0.723 | 0.747 one-per—class 0.487 | 0.525 | 0.512 | 0.554
multiclass 0.677 | 0.682 | 0.723 | 0.735 multiclass 0.355 | 0.375 | 0.418 | 0.453
= = = = = 2-to-3-class 0.429 | 0.479 | 0.459 | 0.507

Ha PucyHkax 2 u 3 IOKa3aHBl CBOJHBIE Pe3yJbTAThl [0 BCEM yYacCTHUKAM,
y4acTBOBABIIMM B IOPOXKKaX KJacCUUKAIIMU OT3BIBOB O KHUTaxX Ha 2 U 3 KJacca,
COOTBETCTBEHHO. Halu nmporoHsl 0603HaYeHB TEMHOHN 3aJUBKOW U YIIOPSAZAOYEHBI
Ha PUCYHKaX II0 BO3pacTaHUIO Mephl F-or, IPOrOHBI APYTrUX YYaCTHUKOB 0003HA-
4yeHHbI 60Jiee CBET/ION 3aJTMBKOM M YIOPsAZOYEHH! MO0 yObiBaHUIO F-or. Mcmosb3oBa-
HHUE pa3MeTKHU dKCIepTOM 1 Z1ajio paBHOMEPHO 60Jiee BRICOKUM Pe3ybTarT Mo CpaB-
HEHUIO C pa3MeTKOM dKCIepTa 2 WIN UX COTIaCOBAHHON OLIeHKOU (BO3MOXKHO, 3TO
CBU/IETEIBCTBYET O TOM, UTO SKCIEPT 1 UMeeT 60JIbIle OMbITa). [I03TOMY HaIIIU MTPO-
TOHBI HA PUCyHKax 2 U 3 IPUBOAATCS TOJMBKO AJIA KJIaCCUPUKATOPOB, IIOCTPOEHHBIX
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ViccneposaHve NMOMEHNMOCTN METOO0B TeMaTU4eckom KﬂaCCI/ICDI/IKaLI,I/II/I

o o6y yJatolreii BHIOOpKe IepBOro sKcepTa. PacuindppoBka ueHTUPUKATOPOB ITUX
TIPOTOHOB ZiaHa B Tabuuiie 4.
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Tabnuua 4. Paclundposka NaeHTUPUKATOPOB HaLLIMX NPOroHOB. Homep
CTPOKW ONpeaenseT TMn MeToaa knaccudukaumm, Homep ctonbua — cnocob
3BJIeHEeHUA KJ'IaCCI/ICDI/IKaLLI/IOHHbIX NMOV3HaKOB

2-class base hybrid 3-class base hybrid
regression xxx-50 | xxx-37 regression XXX-3 XXX-23
one-per-class | xxx-11 | xxx-40 one-per-class | xxx-22 | xxx-50
multiclass XXX-29 xxx-0 multiclass xxx-27 | xxx-21
- - - 2-to-3-class xxx-18 | xxx-17
3akiarouyeHue

[TpoBezeHa anpobarysa pszfa METOZOB PelleHus 3aa4 KjaacCuUKAIUY OT3bI-
BOB O KHUT'aX Ha 2 U 3 Kyiacca. YCTaHOBJIEHO, YTO UCIIOIb30BAHKUE METOJOB, OOBITHO
NPUMEeHSEMBIX [ pelleHUs 3aJa4yl TeMaTHYecKOH KJaccuduKauuy, IO3BOJIAET
MOJy4YUTh JOCTATOYHO BBEICOKOE Ka4yeCTBO, COTIOCTABUMOE C HAUIyYIIMMU pe3yJIbTa-
Tamu gopokek POMUII o knaccudukaiuu Beb-caiToB 1 HOPMaTUBHO-TIPABOBBIX
ZOKyMeHTOB. IlpeanoxxeH MeToJ oborameHus KIacCUOUKAIIMOHHBIX IIPU3HAKOB
B paMKax JUHI'BUCTUYECKOI'0 II0JX0/a C IpUMeHeHHeM cIoBapell oljeHOYHOH JieK-
CUKU, KOTOPHI JaeT He3HAYNTEbHOE YIydllleHUe pe3yIbTaTa Iy KiaccudruKanuu
Ha 2 kJacca. B zanpHeiieM MBI IJIaHUPYeM 6oJiee IeTalbHO UCCIe0BATh BO3ZMOX-
HOCTb IPUMEHEHU A SKCIEePTHO-TUHIBUCTUYECKUX IO X0A0B AJIA IIOCTPOEHU KJjlac-
CUGUKAIIMOHHBIX IPU3HAKOB.
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PROOF OF CONCEPT STATISTICAL
SENTIMENT CLASSIFICATION
AT ROMIP 2011

Poroshin V. (viadimir.poroshin@m-brain.com)
M-Brain Oy, Helsinki, Finland

In this paper we present a simple statistical classification method that pre-
dicts whether the opinion expressed by text in natural language is positive
or negative. There are two main approaches in the sentiment or opinion de-
tection: linguistic rule based systems and statistical algorithms. While sta-
tistical methods are easier to build when sufficient training data is available,
it is widely perceived that a linguistic system can deliver better results. Our
work was intended to prove the concept that a simple Naive Bayes based
statistical classification algorithm with a minor language dependent adapta-
tion is able to perform well in a binary sentiment classification task. In order
to prove the hypothesis, we participated in Russian Information Retrieval
Seminar (ROMIP) 2011 sentiment classification track [1], and achieved quite
competitive results in sentiment prediction of Russian blog posts. This pa-
per contains a detailed description of our classification method, including
a feature extraction and normalization process, training and test data, eval-
uation metrics; and presents our official ROMIP results.

Keywords: statistical sentiment classification, sentiment analysis, senti-
ment detection, opinion mining, Naive Bayes, ROMIP

1. Introduction

The goal of this work is to compare a simple statistical based approach for a sen-
timent classification problem to other statistical and linguistic methods in the scope
of the ROMIP 2011 sentiment classification track [1]. The task of the sentiment analy-
sis in our context lies in automatic categorization of incoming text in Russian into two
classes: positive or negative in general, i.e. without any specified target of the senti-
ment. This is one variation of the sentiment classification problems, which in general
can vary in number of classes to predict (2, 3, 5 or more classes, including neutral and
other emotional states such as angriness, sadness and so on) or in the target of the
sentiment (specific word, sentence, whole text, etc.). Although, a binary ‘no target’
sentiment classification in many cases is simpler than the other sentiment classifica-
tion tasks; it can serve as a basis for implementation of some of them.

Sentiment analysis can be viewed as a classification problem where one can use
well-known statistical classifiers, as it is outlined in a number of publications [2, 4].
Our research aims to show that a simple statistical classifier with a pretty generic
feature extraction process can achieve good results in the sentiment classification.
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The paper is organized in the following way: section 2 contains the review of a mod-
ified Naive Bayes classifier; section 3 describes features and their extraction process;
section 4 illustrates test and training data; section 5 presents our official ROMIP 2011
evaluation results; and, finally, section 6 completes the paper with conclusions.

2. Method description
In order to assign sentiment labels to new test documents we use Naive Bayes
algorithm with few modifications as our classification method.

In multinomial Naive Bayes [5] a class C is assigned to a test document d, where

C = argmax P, (c|d)

¢ NB

Pylcld)=—-="

P(d) )]

where fis one of m features, n (d)is the count of feature f,in a document d. P(c) and
P(f|c) are calculated through maximum likelihood estimates, and an add-1 smooth-
ing is utilized for unseen features.

With the focus on the improvement of a standard multinomial Naive Bayes
we applied the following modifications: a term frequency (TF) transformation (1.1)
and a TF transformation based on length (1.2).

In a TF transformation all term frequencies n,(d) in the formula (1) are replaced by:

n(d = log(nd+1) a.n

It has been shown in [3] that this transformation models the term distribution
of the text in a better way by reducing the weight of frequent features.

Other TF transformation normalizes feature counts to deal with the negative ef-
fect of long documents, since Naive Bayes assumes independence of features [3]. For
this we transform counts n,(d) to

k 1.2)
3. Features

We have tried several types of features, including words uni-grams, bi-grams,
word-forms, stems and lemmas. The best found combination was to use uni- and bi-
grams of lemmatized words. Stop-words were also removed from the text.

The process of lemmatization lies in the determination of a dictionary form
(or lemma) of a given word. In many languages, including English and Russian,
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aword-form can have more than one lemma when it is considered independently from
the context. For instance, a Russian word form mos can be lemmatized to a posses-
sive pronoun moti (mine) or to a verb mbtms (to wash). Usually, selection of the correct
lemma can be deduced from the context sentence with the help of the part of speech
tagger or some other linguistic processing. In our case we use a frequency dictionary
to select the most probable lemma. In case lemmas of some word-form are not pre-
sented in the dictionary, random ones are picked.

In terms of the nature of the sentiment classification task, we have found that
weight of negative particles (such as not in English) in our method usually dominates
in case they are present. For instance, a phrase “it is not bad” will be classified as nega-
tive, because words not and bad have quite high frequencies in the training data with
negative sentiment labels. As a result many test documents can be incorrectly classi-
fied as negative ones only because they contain a negative particle. To overcome this
problem we used a data pre-processing step that glues a negative particle to the word
next to it. In our example, it will become “it is notbad”.

Our full feature extraction process is the following:

* replace all URLs to a special label tokenurl

» replace all positive and negative emoticons to special labels tokensmilepositive
and tokensmilenegative correspondingly

* lowercase all text

* remove repeated letters

* remove stop words

» glue negative particles as it was described

* lemmatize each word

¢ collect uni- and bi-grams as features

“Remove repeated letters” step becomes quite necessary when we deal with the
text from social media sources, for example, from Twitter. There the words are usu-
ally misspelled by repeating the letters, for example, “woooo!!!! Suuuch a messsss!
brrrrr....”. During this step we delete all letters that appear in a word more than
2 times, i.e. in our example the saying will be transformed to “woo!!!! Suuch a mess!

2

brr....”.

4. Testand Training data

Our training data was collected from three sources: the web site http://lovehate.
ru, Yandex market http://market.yandex.ru and Twitter.

Main portion of the training data was collected from the web site lovehate.ru,
which contains opinions in Russian on various topics. There people mark themselves
their comments on some topics as positive or negative.

From Twitter we got a sample of positive and negative tweets in Russian by col-
lecting tweets from the Twitter API with emoticons as a query. A tweet with a negative
emoticon, such as :( :-( is considered to have a negative sentiment, and a tweet with
a positive emoticon — a positive one [4]. We used only a small portion of such data
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for training of the classifier because of the low quality of it. The decision to include
the Twitter training data was connected with intention to have internet slang words
in our model.

The last set of the training data is a dump of positive and negative opinions about
digital cameras in corresponding Yandex market web pages [6]. This data was re-
ceived from ROMIP as a part of the in-domain training set, since one of the ROMIP
2011evaluation topics in the sentiment classification track was about digital camera
products.

We did not use other official ROMIP 2011training data.

A summary of the training data sources is presented in the table 1.

Table 1. Training data

Number | Total number | Total number Isit

of topics of words of samples | in-domain?
lovehate.ru 2850 20267645 346041 No
ROMIP Yandex
market digitalcam 1 602101 19986 Yes
Twitter N/A 2527064 63511 No

As participants of the ROMIP 2011 we also received a test data, which includes
a set of blog posts on 3 topics: digital cameras’, books’ and movies’ reviews. In the
evaluation of our method we considered only digital cameras testing set, because
we used a corresponded in-domain training data only for this topic. Test documents
were manually judged by two assessors in order to create a human quality sentiment
labels for evaluation. For simplicity we used evaluation results calculated only for test
samples where both assessors assigned the same labels (table 2).

5. Evaluation results

Official ROMIP evaluation results of our algorithm (denoted as stats) are shown
in the table 2. Based on average F-Measure score the proposed statistical method
is on the 4% place out of 25 total results. Average of all participants' results is also
presented in the table 2.

Table 2. Official ROMIP 2011 results for 2 class sentiment classification track
for the digital cameras topic (first 5 out of 25 total runs by participants sorted
by F-Measure_ AND F and an average over all runs)

P R F A P P R P F F

P N P N P N

XXX-24 | 0.9092 0.9337 0.9209 0.9569 0.9811 0.8372 0.9674 0.9 0.9742 | 0.8675
XXX-9 0.8905 0.9291 0.9082 0.9490 0.9810 0.8 0.9581 0.9 0.9694 | 0.8471
XxX-16 | 09355 | 0.88052 | 0.9052 0.9529 0.9593 0.9118 0.9860 0.775 0.9725 | 0.8378
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P R F A P P R P F F

P N P N P N
stats 0.8562 | 0.8416 0.8486 0.9216 0.9493 0.7632 0.9581 | 0.7250 | 0.9537 | 0.7436
XXX-6 0.8059 0.8808 0.8356 0.9020 0.9703 0.6415 0.9116 0.85 0.9400 | 0.7312

average | 0.7467 0.7692 0.72156 | 0.81522 | 0.94716 | 0.54615 | 0.83134 0.707 0.8741 | 0.5690

Average precision P, recall R and F-measure F are calculated as:

p_PutP o _RyHR, FHF,

2 2 2
Where precision, recall and F-measure for a positive class:

t t P,-R
pP,= L, R, = L, F,=2 ——2 " where
tp +fp tp + fn P,+R,
tp — number of true positives, fp — number of false positives, fn — number
of false negatives.
And for a negative class:

tn tn P, R,
= —— Ry,=———" F,=2 ———, where
tn + fn tn + fp P,+R,

tn — number of true negative
Total accuracy of the method is:

tp + tn
tp+tn+fp+fn

6. Conclusion

We presented a statistical classifier for a two class sentiment classification task. Our
method is based on slightly modified Naive Bayes classification algorithm and a simple
linguistic data pre-processing, which helps to better suit the domain of the problem.

Our participation in ROMIP 2011 sentiment classification track serves as the
evaluation of the proposed method. The results show that our method is competitive
enough in comparison to other participants' approaches. This means that even a quite
simple statistical method can show good performance in this type of tasks.

In the future perspective, our algorithm can be extended and further improved
in several different ways. Some of the domain adaptation techniques such as mixture
of models can be used to achieve better results for the data with a predefined topic.
Feature extraction process could be also improved by employing a proper stemming
technique, which is able to resolve words’ ambiguity. Also, other classification models
like SVN may perform better in this problem because they don't assume independence
of features and better model the data.

The idea to glue negative particles that was described in section 3 also needs
an improvement. Not an every word next to negative particle is a target of gluing.
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There could be words in between, for example, “it is not so bad”. Employing word
dependencies from a syntactical parser will help to find correct targets.

Solution to the two class sentiment problem (positive/negative) can be as well
further embedded in a framework, where a neutral class is detected also, for example,
with the help of another classifier, which detects neutrality of the text.
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000 «JIAH-TPOEKT», Mocksa, Poccua

B paboTe paccmaTpuBaeTcs NOAXO[ K aHanM3y OT3bIBOB NONb30BaTeNeN,
OCHOBaHHbI Ha 3a.aH1K NpaBuI knaccudukauuns n BolaeeHns 3Ha4UMbIX
dparmMeHTOB Ha cneunanbHoM a3bike. NpoBoanTcs aHann3 apdeKTUBHO-
CTW aBTOMaTUYECKOro NoCTPOEHUS N KOPPEKLUN NpaBui nyTem obyyeHums
Ha npumepax. MNpuBoaaTca pesdynbraThl 9KCMNEPUMMEHTOB B pamMKkax COOT-
BETCTBYOLWEN opoxkn POMUIM 2011.

KniouyeBble cnoBa: aHann3 OT3bIBOB MONb30OBaTenen, knaccmdbukaums,
dparMeHTHblE NpaBunia

1. BBegenue

B HacTosiIlee BpeMs B CBSI3U C aKTUBHBIM Pa3BUTHEM COLIMAJIBHBIX ceTel, do-
PYMOB U GJIOTOB BOIIPOCH aBTOMAaTH3alliK aHaan3a MHEHUU MOJb30BaTeNeNd CeTU
110 pPa3JIUYHBIM BOIIpOcaM (OTHOLIEHHE K TOBAPaM U yCIyTraM, COOBITUSAM, BbICKA3bI-
BaHUAM, COOOLIEHUSAM) BBI3BIBAIOT GOJBIION MHTEPEC Y MHOTHUX OpPraHU3alui, 4YTO
MPUBOJUT K aKTUBU3ALMU HAYYHBIX UCCI€JOBAHUI U 3KCIIEPUMEHTOB B ZIaHHOM 00-
nactu. OOGBIYHO 3a/1aYa aHaIM3a MHEHUI [T0JIb30BaTeIeli cTaBUTCS KaK 3a/1a4ya KJiac-
cudUKaIMU TEKCTOB Ha /IBa UM OoJiee K1acca, KOTOPhIe pa3ZeisiioT MHEHHUS Ha I10-
3UTUBHBIE M HETAaTUBHBIE, A TAKXKE UX OTTEHKU.

B pab6ore [1] paccmaTpuBalOTCS MOAXOAB K KaacCUPUKAIIUU OT3HIBOB
Ha GUIBMBI, OCHOBaHHBIE Ha CPAaBHEHUU YHCJIA TOJIOKUTENbHBIX U OTPUIIATENbHBIX
CJIOB C YYeTOM YCUJIMBAIOIIUX TEPMUHOB, a TaKXKe HUCIIOJIb30BAHUU CTAHJAPTHOTO
kJaccuduKaTopa Ha OCHOBE MAalllMH OMOPHBIX BEKTOPOB. Kak MOKa3bIBaIOT MpPOBeE-
JleHHbIe aBTOpaMU 3KCIIePUMEHTHI IIPU WCIIOJIb30BAaHUM IlepBoro nozaxoza F-mepa
pocrturaercs nopsazaka 60 %-70%, a mpu UCIIOIb30BAHUY BTOPOTO IIOAX0a MOPAAKA
F-mepa mopsizka 80 %—-85%. B pa6oTe [2] Takke Kak U B IpeAbIAYIIEl paboTe pac-
CMaTpUBaeTCs KCIOJb30BaHUE CIOBAPHOTO IOAXOJa U OOydYeHHs Ha MpUMepax
¢ ucnonb3doBanueM SVM. Ilpu sToM peannsoBaHa MTepallMOHHadA IpoleAypa Io-
TIOJTHEHU S CJI0Bapey MOJIOKUTENbHBIX U OTPULIATENbHBIX TEPMUHOB 3a CYeT KJjac-
cudpUKaluU Hepa3MeYeHHBIX TEKCTOB. B 11€JIOM 5KCIIEPUMEHTHI Ha MacCUBE OT3BI-
BOB O Pa3JIMYHBIX TOBapax Ha KUTANCKOM f3bIKe JOCTUTAIOTCSA 3HaueHUsA F-meper
nopsaka 85%-90%. B pabore [3] ansa knaccubuKaly OT3BIBOB BCE MPEAJIOKEHUA
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(BRICKa3bIBaHUS) B TEKCTE IIPeABAapUTENbHO pa30MBAIOT Ha JMYHbIE U HEHTpasb-
HBIe U OCYIIECTBIISAIOT IIOCTPOEHUE TPeX KIacCuPUKaTOPOB, KOTOPhble 00ydaroTCs
Ha JINYHBIX, HeUTPATbHBIX U BCEX IIPEJJIOKEHUAM C UCIOIb30BaHNeM MeToza SVM.
Kak mokaspIBalOT aBTOPHI TAKOW MOAXOJ, IT03BOJIET HECKOIBKO IIOBBICUTH KA4eCTBO
10 CpaBHEHUIO ¢ 6a30BbIM YPOBHeM. B pabore [4] mpuBOAUTCA IPUMED IOCTPOEHUS
KPOCC A3bIKOBOI'0 KJIaccuduKaTopa AJIs aHaJIN3a OT3bIBOB IT0JIb30BaTenell. Obyyaro-
masi BBIGOpKa MpeAcTaBieHa Ha aHIJIMHACKOM sI3bIKe, 8 06pabaThIBaIOTCs IEPEBO/BI
OT3BIBOB C KUTAMCKOro A3BIKA. [l 06y 4eHUA KIacCudUKaTOpa UCIIONb3YETCA METO,
SVM u npolezaypa UCIIOIb30BaHUA Hepa3Me4eHHBIX TEKCTOB. B 11es1l0M Ha OT3bIBax
0 Pa3JIMYHBIX [UGPOBLIX YCTPOHCTBAX ABTOPAMHU OBbLIU [TOJyYeHbI 3Ha4eHUA F-Mepbl
nopsagka 75%—-80%. B pabore [5] B oTiinure OT IpeAbIAYIINX PACCMOTPEHHEIX pa-
60T paccMaTpuBaeTcs 3aa4a KiaaccudrKaluy He OT3BIBOB O TOBapax, 8 MHEHUH II0-
JIUTHUKOB O IIOIIPaBKaX K 3aKOHAM U Pe3y/IbTaTOB I'OJI0COBAHUA. [ITOMIMO CJIOBAPHOI'O
U BeKTOpHOro Iogxoza (Metrox SVM) Ay aHATH3a OT3bIBOB B psfie paboT CTPoATCS
crlenajbHBIE BEpOATHOCTHEIE MoZien. Hanpumep, B [6] yuuThIBaeTCs AepeBO CUH-
TaKCU9eCcKoro pazbopa npezinoKeHUN U 3aBUCIMOCTH MeX/y CJIOBaMU, a B paboTe
[7] cTpouTcsa coBMecCTHAas TeMaTHKO-OLeHOYHAs BepOATHOCTHASA MoJenb. Takike
B psAZie paboT aBTOPHI ABHO 33/AI0T IIPaBIJIa OLIEHKU TEKCTOB. B wacTHOCTH, B pa-
60Te GOpMYyIUPYIOTCS pasJWYHbIE TIpaBUIa JJI OMpeAeNeHus 006JacTU JeHCTBUA
WHBEPCHBIX CJIOB THUIIA «HE>.

TakuM 06pa3om, B paboTax MO KjacCUPUKAIIUN OT3BIBOB IIPUMEHSAIOTCSI KaK
CTaHZAapTHBIE METOABI KJIacCUPUKAIIUY TEKCTOB, TAK ¥ MOAUOGUIIPOBAHHEIE METO/E,
B KOTODBIX YYWUTBHIBAeTCS BO3MOXXHAS MHBEPCHsA 3HAYEHWH OLIEHOYHBIX CJIOB, CHH-
Takcu4decKas CTPYKTypa IpeAJIoKeHUH, 3aBUCHMOCTH MeXxy ciaoBaMmu [6]. Llennio
HacTosIIeH paboTHl ABNSETCA UccaeZoBaHue 3GGEKTUBHOCTH UCTIONb30BaHUS CTaH-
ZAPTHBIX METOZOB KIaccuPUKaIY TEKCTOB OCHOBAHHBIX HA 33/JaHUN IPABIII U 00y-
YeHUU Ha [IpMepax IPUMeHNTEIBHO K 3aia4e KIaccuUKaIH OT35IBOB Ha PYCCKOM
A3bIKE, a TAaKXKe OIpe/iesieHUe IIePCIeKTUBHBIX HAIpaBJeHUH COBEPUIEHCTBOBAHUSA
U pa3BUTHA JAHHBIX QITOPUTMOB. IIp1 9TOM B KadecTBe OCHOBHOT'O PACCMaTPUBAETCS
IIOAXOZ K KyiaccudUKaIlMY OT3bIBOB Ha OCHOBE IIPaBwJI, CGOPMUPOBAHHBIX JKCIIEDP-
taMmu. OueHka 3G dEeKTUBHOCTH pacCMaTPUBAEMEIX METO/IOB IPOU3BOAUTCA B pAMKU
JODPOXKKH Ki1accudrKaluy OT3BIBOB II0JIb30BaTeNel Ha 1Ba K1acca.

2. OmucaHue HUCII0JIb3yEMBIX IIOAX0A0B

2.1. Kinaccuduxkaiyss Ha OCHOBE IIPaBHJI

Jlis 3aziaHus IpaBuJI B JaHHOM paboTe MpUMeHeTCS MTOAXO0/, ONMCAHHBIH B pa-
6ote [8]. B ;aHHOM ciy4ae OlleHUBAaeMBIi TEKCT D paccMaTpuBaeTcs Kak IMOCIes0-
BaTeJbHOCTD 3/IeMEHTOB (C/I0B, 1P, 3HAKOB IpeNuHanusA), T.e. D = (d,, ..., d ), rze
d, € T— oTaenbHbIl 27eMeHT TekcTa, T = (t,, ..., t, ) — MHOXKECTBO BCeX JONyCTUMBIX
3JIEMEHTOB, N — JJINHA TEKCTa, M — YUCJIO PA3JIUYHBIX AOMYCTUMBIX 3JIEMEHTOB
TEKCTOB.
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MuoxectBo F = {(p,q) | 1<p<q<n} 6yseM HaseBaTb MHOXECTBOM BCEX
dparmenToB Tekcra AnuHE n. PparmMeHTaMH TeKcTa 6yzZeM Ha3bIBaTh OTJE/bHEBIE
aneMeHTH JaHHoro mHoxecTBa f = (f , f) € [, koToprle 3azaloT neBylo f, 1 IpaByio
f rpanunb pparmenTa (HoMep Ha4aJIbHOIO M KOHEYHOTO 3/IeMEeHTa TeKCTa). Pesyib-
TaTOM BBITIOJTHEHUA IIPOU3BOJIBHOTO NpaBuiIa Q A TekcTa D ABigeTcsa MHOXeCTBO
F, c F, cozep:xamiee Bce ¢dparMeHTHI yIOBIETBOPsIONIME TpaBuiy Q. [Ipu aTOM, eciu
F, # @, T0 OyzAeM rOBOPHTB, 9TO TEKCT D yAoBIeTBOpsieT mpaBuiy Q.

Omnepanuu A4 3aJaHUS IPABUJI MOXKHO pa3bUTh Ha CiIeyIolye IPYIIIbL:

* DJJeMeHTapHBle — BBIEIAIOT GpParMeHTH, COOTBETCTBYIOIINX OTZETbHEIM
cJioBaM;

* CJIOXXHbIe — BBIJEJIAIOT CI0XXHbIe MHOI'OCJIOBHBIX BhIpaKeHUH;

* ompezenAmUIVe — 3aJaHNe OOLUIUX IIOHATUN U MHOXECTB;

* ympaBifdmooUiye — 33Jal0T [apaMeTpsl KiaacCuUKAUU U 00y4YeHUd

Ha IIpuMepax.

DneMeHTapHBbIE OllepaI[i — BIIEJSIOT OTJEbHbIE CJIOBA B TEKCTE, IPEJIO-
JKeHUs, CTPOKH, paszienbl JokyMeHTa. Hanpumep, npasuio $FirstUp — BhiienseT
BCe CJIOBa B TEKCTe ¢ 6OJbIIOH GYKBHI, TpaBUJIO JIUTelKas — BCe CJI0Ba, ABJIAIONU-
ecsi cIoBopOpMaMU CJI0BA «JIUTIEIKAasT», IPABUJIO ‘06T’ — BCe CJI0BAa HAYUHAIOIIHECS
Ha «00J1»; $Sentence — Bce MpeAJIOKEHUSA B IOKYMEHTe, #section — paszies JoKy-
MeHTa C OllpeZieIeHHBIM UMeHeM (HalpuMep, 3ar'0JI0BOK).

CnoKHBIE omepanuu — 33laHus Mpeobpa3oBaHUs MHOXeCTB GparMeHTOB.
[lprBeZieM MpPUMEpPHI OTpeJeieHUsI OTAENbHBIX OMEPALUi AJs MOCTPOEHUS CJIOXK-
HOro npasuia Q Ha OCHOBe IIPaBUI Q,, ..., Q,.

Q=0Q, VQ, — 6uHapHas omnepanus Wy, F,= R(Fq, V' Fg,),
Fo, V' Fo, = {feF|3f eFq,, faf, wmm 3f €Fq,, f=f,}. Hanpumep, nmpasuio uckazcenue
O.1exblil HeyKoxHcUll mbdy BeIENseT GparMeHTHl, paBHbBIE COOTBETCTBYIOILINE OT-
JIeJIbHBIM CJIOBaM.

Q =Q, Ay, Q, — OuHapHasa omepanus M c orpaHMYeHHEM Ha DPacCTOSHHE
mexay ¢parmentamu, F,=R(Fq, Ay, Fo,), Fq,An, Fo,={feF|3feFq, u 3f,eFq,,
T. uro f2f faf u d(f f)<n }. Hampumep, npaBuno cmasauHsie &3 0bpassl, Bhije-
JisieT GparMeHTHl, T7le PACCTOSTHUE MEXKAY «CMa3aHHBIM» U «06pas» He 6osee 3 CJIOB.

Q=0Q,0n,n,Q, — 6uHapHas onepauusa ocJieIoBaTeJIbHOCTHU
C orpaHMYeHHeM Ha paccrosHue Mexzy ¢parmenramu, F,=R(Fq, Onn, Fo,),
Fo, Ohyn, Fo,={feF|3f eFq, m 3feFq,, T uwro f<f, d(f,f)>0, f=f,
faf, un, < d(f,f)) <n,}. Hanpumep, omxasambca :3 (cHumams npousso0cmso), BhI-
Jesnser ¢pparMeHTHI, B KOTOPHIX TOCJE «OTKa3aThCS» Ha PACCTOSHUM 3 CJIOB HaXo-
AATCA CJIOBA «CHUMAaTb» UJIX «ITPOU3BOACTBO».

Q=n(Q,...,Q) — MHOXECTBeHHasd OIlepalus IOCJIeJ0BaTeIbHO-
CTU COCEJHUX DJIEMEHTOB (OCYIIECTBIAET OTOOpP CMEXHBIX (QpParMeHTOB),
FQ = R(N""(FQI, cen FQk)), N""(FQl, cen FQk) = {fe[FlElfieFQl, i=1,...k, T. uTO fi<fi+1,
d(,f, )=1anai=1, .., k-1ufaf anai=1, ..., k }. Hanpumep, IpaBuo «(HayaabHUK
PYKOBOAUTEH AUPEKTOP) («IVIABHOE YIpaBJeHUE» yIpaBlIeHUE OpraHu3anusi OT-
zem) (MBI MYC Mun®uH)» — BBIZIeJIAET CIOBOCOYETAHUSA COOTBETCTBYIOIIHE PYKO-
BOZUTENSIM Pa3IUYHBIX BEJOMCTB.

68



KJ'IaCCI/\(DI/IKaU,I/IH OT3bIBOB N0Ob30BATENEN C UCMNOSIb30BAHNEM CDDaI'MeHTHbIX npasun

Q =Q, y Q, — 6uHapHas oIepalusa HAXOX/JEHHUSA IepecedeHUs GpparMeHTOB,
F,= {feF|3f eFo,AfeFq,}. Hanpumep, npasuio [Benukas $FirstUp] — BelzesndgeT
CJIOBa «BeJIMKasi», KOTOPBIE HAIMCAHBI C GOJIBIION OYKBHI.

Q=0Q,<n,,n, — YHapHas oIepanuus OrpaHMYEHHUA /JJUHBE (parMeHTa,
F,= {feFq,|n,<|f|<n,} Hanpumep, npasuno (Huxeroposckas & Bragumupckas)
#IN #INTERVAL(2w/3w) — BbIZiesisieT GpparMeHThI, coiepiKallue 3aZlaHHbIe CJIOBa
JJIMHOM OT 2 10 3 CJIOB.

Jl711 BO3MOXKHOCTH ITOCTPOEHN I TPaBUJI BKIIOYAIOIINX OTPUIIAHUA U YCIOBHBIE
orepaTophl (HalM4ye BhIPA)KEHUS IIPOBEPSETCS, HO OHO He BKJIIOYAETCS B UTOrO-
BBIH pparMeHT) UCIONb3YIOTCA CIelraIbHble BADUAHThl OMHAPHBIX IIPaBUJI, B KO-
TOPBIX OZVH U3 OIEPAaHZOB CUUTAETCS OTPULIATENTBHBIM HJIN YCJIOBHBEIM. B gacTHO-
CTH, CUMBOJIOM O0f, , 0603HaYaeTcs oepanysa HaXOXAeHUA II0C/Ie/0BaTeIbHOCTH,
B KOTOPOI BTOpOIi oniepaH/, 6epeTcs ¢ OTPUIlaHKEM, CUMBOJIOM Of, , — ONepalus,
B KOTOPOH TIepBhIi onepany 6epeTcs ¢ OTpULlaHKeEM, Of, ,, — ONlepanus, B KOTOPOi
HepBLIi ollepaH/| ABNAETCA yCAOBHEIM. Onpejenenue OF, », UMeeT cAeyIomuil By
Q=0Q,Ofn, Q, TR F = {feFq,| 3'f,€Fq,T. uTo f<f,, 0<n =<d(ff)<n,}.

Hampumep, onepanus 6e3 " :3 omauuH* — BBIAENAET CJIOBA, HAYMHAIONINECS
Ha «OTJIMYH» I1IepeJ KOTOPbIMHU HET C/JI0Ba «6e3».

Onpezessioliye onepanuy —3a4aT IOHATUA B GopMe MIa6IOHHBIX ITOJCTA-
HOBOK (#define) u B popme coxpaHeHHBIX MHOXeCTB ¢pparMeHToB (#set). s 06-
palleHua K IMOACTAaHOBKE U MHOXeCTBY $parMeHTOB HCIIONb3YIOTCA ONlepaTOpHl @
U @@. Hanpuwmep, onepauusa

#define Bad nnoxotl estynoiil

3aZlaeT OHATHE Bad, K KOTOPOMY MOXKHO 06paIaThCes U3 TeKCTa IIpaBuIa C I10-
MOIIIbIO BEIpaXkeHus @Bad.

Yopasisronue onepanyuy — 337ar0T IapaMeTpsl Kiaccupukanuy u obyde-
Hus. Hanpumep, onepanus #option train 3azaeT He06X0ANMOCTb AaBTOMATHYeCKOT'0
dbopMupoBaHU MPaBUJI MyTeM OOyUeHUs HA TIPUMeEpax.

Jlns kinaccupuKalu OT3BIBOB ObLT pa3paboTaH HabOp MOHATHH, U3 KOTOPBIX
6511 cHOOPMUPOBAHEI IPABHUJIA AJIS BBIZIE/IEHN S OJIOXKUTETbHEIX ¥ OTPULIATEIbHBIX
0T3BIBOB. HampuMmep, IpaBUIO AJis ONpeJeeHNs OTPUIATETbHEIX OT3EIBOB UMEET
cleAyIomui BU/,

@CheckBadBegin
@Bad & ~ (@CheckGoodBegin @CheckBadBegin @Good)

OHo paboTaeT ciaeAyOIINM 06pa3oM, CHadajaa IPOBEPSAIOTCS IepBble ABa
[IPEAJIOKEHUS HAa COZiepKaHKe OLIEHOYHBIX CJIOB C UCIIOJAb30BaHUEM IIpaBuiIa @
CheckBadBegin, a 3aTeM NpOBepseTCS HaJUYUE OTPUIIATENTBHBIX CJIOB IPHU YC-
JIOBUM, YTO He HaWJeHBl B HaYajle TEKCTA ITOJIOKUTENbHEIE UIN OTPUL[ATENbHbIE
OLIEHKU.

[lpaBUIO TMPOBEPKM HAa OTPHULATEIHHOCTh Hayala TEKCTa [POBEPSET, YTO
B IEPBBIX ABYX IPEJIONKEHUSIX OT Havaja JOKYMEHTa Iepe] OTPHULATeIbHBIM
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¢dparMeHTOM HET TOJIOKUTEIHLHOTO pparMeHTa U CJIOBA «HE» WU JBOWHBIX KaBBI-
yek. [Ipu aToM oHsATHE @ @isbad siBnsieTcs 6osee cTporum, a mousatTre @@badmark
MeHee CTPOTUM.

[TpaBuIO /1 IPOBEPKU HA OTPUIIATEIBLHOCTD TEKCTA LIeTUKOM @Bad sBiseTcs
6oJiee CIOXKHBIM, HO B IIeJIoM TOX0kuM Ha @CheckBadBegin. OcHOBy mpaBuJj co-
CTaBJIAIOT TOHATHA @@isgood, @@isbad, @@goodmark, @@badmark , KoTOpBIE
BBIZIEJIIIOT MHOXKECTBA UCXOJHBIX MOJOKUTENBHBIX U OTPULIATENbHBIX GParMeHTOB
6e3 yuyera MOANPUKATOPOB Nepesi HUMU. OnpesesieHre KaXX/JOr0 TaKOTO MOHATHA
BKJIIOYAET OKOJIO COTHU BhIPAKEHUH.

B 11€J10M aJITOPUTM OLIEHKU OT3bIBA PU UCIIOIb30BAaHUH ITOCTPOEHHBIX TPABHUII
UMeeT ciaeLyIoUUi BUJ.

AnroputwMm 1. Kinaccupukauusa OT35IBOB Ha OCHOBE TIPaBUII

[lar 1. [IpoBepka Hayaja TeKCTa, €CJIU pellleHHe OAHO3HAaYHO, TO 3aBEPIIUTh
pab6ory.

[lar 2. ITpoBepka TeKcTa B I[eJIOM, €C/IU pellleH’e OJHO3HAuYHO, TO 3aBePIIUTh
pab6ory.

[Tar 3. BeluncieHue Beca MOJOXXUTEIbHEIX U OTPUILIATENbHBIX pparMeHTOB;

[ITar 4. OTHeceHUe TEKCTa K KJIACCY C HAUOOIBIINM BECOM.

IMocTpoeHue MpaBUI KaaccuPUKALNU BPYYHYIO ABJIAETCA ZOCTATOYHO TPYZAO-
eMKoOU mporneaypoii. [To 3Toll mpuynHe B UCIOIb3yeMOM sA3bIKe MMeIOTCs ollepa-
LIUY, KOTOPBIE ITO3BOJIAIOT YTOUHUTE PaHee IOCTPOEHHOE IIPABUJIO ITyTeM aHaanu3a
pe3yJIbTaToOB KjaccubuKauuu obydarolleil moJ60pKU JOKyMEHTOB. B yacTHocTH,
MPaBUJIO AJis1 KIacCUUKAIIUU OTPULIATENbHBIX pparMeHTOB ObLJIO U3MEHEHO CJie-
AYIOIIUM 06pa3oM.

@CheckBadBegin
(@Bad @AutoSupplementQuery) & ~ (@CheckGoodBegin @CheckBadBegin)

#define AutoSupplementQuery $True

B mpuBeZeHHOM TpaBue OHATHE @AutoSupplementQuery BBIYHCIAETCS aB-
TOMAaTUYeCKH TaKUM 06pa3oM, YTOOBI MaKCHUMAaJIbHO ITOBBICUTH IIOJHOTY IIPaBUIIa,
6e3 CHU)KeHU TOYHOCTH. [l GOpMUPOBaHUA ZAHHOI'O IPABUJIA UCIIOIb3YeTC s MO-
ZuOUITMPOBAaHHBIN BapUAHT XKaJHOr'0 aJIFOPUTMA OCTPOEHUS PeIlaoero CI1ucKa
[9], B KOTOPOM B KauecTBe MHOXXeCTBA I0J0XXUTENbHBIX IPUMEPOB UCIOIb3YIOTCA
HeINpaBWIBHO KJaccuGUINPOBAHHEIE OTPULIATENbHbIE TEKCTHI, a B KAYECTBE MHOXKe-
CTBa OTPUIATENbHBIX IPUMEPOB BCe MOJOXKUTEIbHbIE TEKCTHL.

dopmMypoBaHUe OOHOBIEHHOI'O [IPABUJIA IPOUCXOAUT B COOTBETCTBUU CO CJIe-
AyIoUel cXeMo.

AnroputMm 2. ®opMrpoBaHre 0GHOBIEHHOTO ITpaBUIa

[lar 1. BEIOJMHUTE KjIaccuUKAIMIO 00ydYaromero MHOXECTBA C HOMOIIBIO
mpaBuJia, B KoTopoM @AutoSupplementQuery He 3a/aH.
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IITar 2. BEITOJIHUTL OIlEHKY KadecTBa KJjacCUPUKAIMU U IOCTPOUTH @
AutoSupplementQuery ¢ UCTIOJIb30BaHUEM MOAUPHUIUPOBAHHOTO BapH-
aHTa XKaJHOI'o aJropyuTMa IIOCTPOEHHU pellalollero Cnucka.

[lar 3. BEIMOJHUTD [IOMOJHUTENbHYIO KOPPEKIIUIO IIOCTPOEHHOI'o IpaBuja
9KCIIEpPTOM.

[Tocse mocTpoeHUsT MOAUGHUIIPOBAHHOIO IIPABUJIA KJIaCCUPUKAIUA OT3BIBOB
TIPOMCXOZHUT C UCIIOJIb30BaHUEM ajaropurma 1.

2.2. Knaccudukanus ¢ HCIIOIb30BaHHEM 00y4aeMbIX aJITOPUTMOB

B Hacrosmee BpeMsa pa3paboTaHO 6OJbIIOE KOJUYECTBO AJITOPUTMOB Ma-
IIMHHOI'0 00y4YeHU A pellleHus 3a4a4 KiaccudrKaluy TeKCTOB. B 1aHHOM pa-
60Te OBLI pelleHo IIPOBECTU TECTUPOBAHUE CAEAYIOIUX CTAHAAPTHBIX alTOPUT-
moB [10]:

* aJTOPUTM K-OJIMKaUIINX COCeelt;

* aJrOpUTM IIOCTpPOEHUe JlepeBbeB pelleHui C4.5;

* aJITOPUTM Ha OCHOBe MAIllWH OITIOPHBIX BEKTOPOB;

* OailecoBckuil KiaccupUKaTOp HA OCHOBE CMECH MHOI'OMEPHBIX HOPMAaJIbHBEIX
pacrpezeneHu;

* 0alieCOBCKUU KJacCUPUKATOp Ha OCHOBE CMeCH pachpejeneHui ¢GoH

Museca-Pumepa;

* IeHTPOUJHBIN Kuaccudurarop Pouuwno.

Obmras cxema aaropurma obyvyeHUs B JaHHOM CJIydae ABJIAETCS JOCTaTOYHO
CTaHZAPTHOU U UMeeT CIeAYIOMUY BUJ,.

Anroputm 3. O6yueHue Ki1accudpukaTopa Ha IpUMepax

1. dopMupoBaHUE BEKTOPHOr'O IIPeJCTaBJIEHUS TEKCTOB B paMKaX MOJeNu
«Bag Of Words».

2. CHMXeHMe pa3MepHOCTH (CeeKIUs IPU3HAKOB 10 YaCTOTE) U BEIUKCIEHUE
BecoB npusHakoB (TF_IDF).

3. O6yueHuUe U OlleHKa Ki1accudukaTopa Ha o6yJaroleii BEBIOOPKeE C UCIIOIbh30-
BaHUE 5-I1ar0BOH IPOIeAYPHl KPOCC-IPOBEPKHU.

3. OKCIepUMEeHTHI

3.1. OnucaHue TeCTOBBIX MAaCCUBOB U NMOKa3aTeJieil kayecTBa
B paHHOI paboTe 3KCIEPUMEHTHI 110 OLIEHKE Ka4eCTBa IIPOBOAUINCH B paMKax

nopoxkku POMUII 2011 kiaccuduKaiiuy OT36IBOB Ha /iBa Kjiacca. JJaHHas JOpoXkKKa
coJiepKajia Tpu 00y Jalolux MacCHBa TEKCTOB:
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* MaccuB OT3BIBOB O QUIbMax — COZEPKUT 15718 TeKCTOB, MpeoCTaBiEH-
HBIX OHJIAHOBOM Ci1y:KObI pekoMeHzanuii IMHONET, kaXAblii OT3BIB OlleHEH
1o 10 6ajbHOM IIKaJE;

* MAacCUB OT3BIBOB O KHUTaxX — coZepKUT 24159 TeKCTOB, IpefoCTaBIEHHBIX
OHJIaiHOBOU cyk6pl pekoMeHzanuii IMHONET, kakAbIlli OT3bIB OIllEHEH
1o 10 6ajbHOM IIKaJE;

* MaccuB OT3BIBOB 0 LU}POBEIX dpoToammapaTax — cogepKUT 10370 TeKCToB,
npefocTaBaeHHBIX YandeX, KaXK/[bIi OT3BIB OLIEHEH IO 5 6aIbHOM IIKaJe.

s TeCTUpOBaHUS HUCIOJb30Bajcsd Habop u3 16821 TeKCTOB, coAepKallnX
onycaHue PA3JINYHEIX 00BEKTOB HHTepeca oJIb30Baresel. 3azadei JO0poKKYU ObLIO
OTHECTH KaXX/JBIN TEKCT K KJIACCY ITOJIOXKUTENbHBIX, IN60 K KIacCy OTpULIaTeNbHbIX
OT3BIBOB.

Jlyis olleHKM KavyecTBa paboThI KaaccubUKaTOPOB B HACTOSIIEHN paboTe UCTIONb-
30BJIKCH CJIEAYIOIINE CTaHAAPTHEIE [TOKa3aTeIN KaueCcTBa: TOYHOCTD, IIOJIHOTA, F1-
Mepa, aKKypaTHOCTb U CpeJiHee eBKJINI0OBO paccTosgHUe. [l epBEIX TPEX MOoKa3a-
TeJiel BEIYUCIIAINCE 3Ha4eHU s, KaK /IS OT/eIbHBIX KJIACCOB, TAK M MaKPO-OLIEHKHU.

3.2. Pe3ynbTaThl SKCIIEPUMEHTOB

DKCIIEpUMEHTHI IIPOBOJAUIINCH B /1Ba aTana. Ha nmepBom atarne 6bLia BEIIOJTHEHA
caMoolleHKa KavyecTBa KiaccuUKAIMKU C UCIONb30BaHMEM O0ydalol[ero MHOXe-
CTBa TEKCTOB, IIPEJOCTABIEHHOIO OpraHM3aTopaMu AOpoxKu. Ha BTOpOM 3Tame
OblyIa BBHITIOJIHEHA 06pabOTKa TECTOBOTO MHOMXECTBA TEKCTOB C HCIOJb30BAHUEM
OTAEJbHBIX KJIacCUGUKATOPOB U IOJYYEHBl OLIEHKU KadyecTBa OT OPraHMU3aTOPOB
JOPOXKKH.

B crepytomieit Tabiuile IpUBeeHbI PE3yIbTaThl CAMOOLEHKH Ka4ecTBa, IOIy-
YeHHBIE C UCIIOJIb30BaHUEM KJIAacCUPUKATOPOB HA OCHOBE IpaBuiL. [Ipu 3TOM KJiac-
cudpUKaTOp Ha OCHOBE PyYHBIX MpaBui ob6o3HaueH Q1, a ki1accudpukaTop Ha OCHOBE
06y4eHHBIX TpaBuI Q2.

Tabnuua 1. Pesynbtathl CaMOOLIEHKM Ka4eCTBa KnaccudurkaLmm
C 1CNONb30BaHNEM NMPaBUN

ToyHOCTBH ITorHoTa ToyHOCTBH ITonHoTAa

Kinaccu- TI0JIOXKU- TOJIOXKU- oTpHIa- oTpuILa-

duxarop | O6BEKT TeJIbHbIE TeJIbHbIE TeJIbHbIE TeJIbHbIE
Q1 book 65% 66 % 85% 43%
Q1 camera 71% 86% 83% 77 %
Q1 film 60% 64% 71% 35%
Q2 book 71% 62 % 84% 56 %
Q2 camera 69 % 88% 83% 81%
Q2 film 61 % 67 % 72% 37%
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Kak MOXHO 3aMeTUTh U3 IIPUBEJEHHOM TaOIUIIE 1 CII0/Ib30BaHKeE IPOLEAY PHI
00y4eHU s MOBBIIIAET MOJTHOTY KIacCUpUKAIMU Ha 00ydarolieM MHOXXECTBE, HO TIpU
9TOM CHUXXKAeT HEMHOI'O TOYHOCTb.

Tak:ke OBLIM MPOBEZEHBI SKCIIEPUMEHTHI 110 OIleHKe KadecTBa paboTy obyda-
IOIIUX aJIFOPUTMOB. B cienyromeii Tabule, B KauecTBe IpUMepa, IPUBEJEHE! I10-
Kas3aTesJu KavyecTBa /IS MacCHBa OT3BIBOB O KHHUrax. B Tabiule 2 HCHOTb3YIOTCSA
crenyromye 0603HAaYeHUA aIropuTMoB: SVM — KiraccupuKaTop MaIlWH OIIOPHBIX
BeKTOpoB, GMM — 6aifecoBckuii KiaccupuKaTop Ha OCHOBE CMeCH MHOTOMEDPHBIX
HOpMaJbHBIX pacrupezenenuii, ROC — knaccudukatop Pouuno, KNN — kiaccu-
¢ukarop k-6mmkaimux cocezeit, VMF — knaccudpurarop ¢poH Museca-duiiepa,
TREE — kyaccudpUKaTOp Ha OCHOBE /IEPEBbEB PENIEHUT.

Tabnuua 2. PesynbTaThl OLEHKM Ka4ecTBa 4719 MacCKhBa OT3bIBOB O KHUrax

ToyHOCTBH ITomHOTA To4yHOCTBH ITorHoOTAa

Kiaccu- MOJIOXKU- MOJIOXKU- oTpHIa- oTpHILia-

duxarop | O6BeKT TeJIbHbIE TeJIbHbIE TeJIbHbIE TeJIbHbIE
SVM book 86% 99% 41% 44%
GMM book 88% 73 % 27 % 42%
ROC book 92% 18% 27 % 8%
KNN book 87 % 78 % 23% 30%
VMF book 94 % 47 % 31% 57%
TREE book 90 % 70% 27 % 30%

Kak MOXHO 3aMeTHTh U3 IIPUBEAEHHON TAbJWLBI IIOKa3aTeay KadyecTBa JJIsd
OTPULIATENbHBIX TEKCTOB IIPY HCIIOJb30BAHUU OOYYAIOI[UX aJITOPUTMOB 3aMETHO
Xy2Ke, 4eM IIpU Ki1accubUKauy Ha OCHOBe IpaBu. [Ipu 3ToM HanboJjiee BEICOKUE
nokasarenu npozeMoHcTpupoBanu anroputMmel: SVM, KNN, TREE. Anroputm SVM
U TaK JOCTATOYHO YacTO HCIIONb3yeTCs B Pa3lIMYHBIX paboTax, [0 3TOM MpUYNHE
OBLJIO PEIlleHO OTIPABUTh OPraHU3aTOpaM KOHKYpca pe3yJbTaThl 06paboTKU TECTO-
BOro Maccusa ¢ noMmoinpro aaroputMoB KNN u TREE.

OpraHu3aTopaMy JOPOXKKU AJIsI YMeHbIIEHUs CYObeKTUBHOCTU OIIEHOK JKC-
epTOB OBLIM PACCMOTPEHHI 2 CXeMBI OIIeHOK KadecTBa:

¢ cxeMa M — y4uTBIBAIOTCA TONIBKO T€ OT3BIBEL, /I KOTOPBIX COBIAJAIOT OLIEHKHU
OKCIIEPTOB.

¢ cxema MJIM — OTBeT ajJropuTMa CYUTAETCA IPABUJIBHBIM, €CJIU OH COBIIaZaeT
C OTBETOM OZTHOT'O U3 SKCIIEPTOB.

Pe3ynbTaThl 3KCIIEPUMEHTOB 10 Ka)KA0M cXxeMe IIpUBe/IeHbl B C/Ie[VIOIUX IBYX
Tabnunax. B 7aHHble TaGAUIIE BKIIOYEHA HAWIYYIIasa OlleHKa 110 JOPOXKKe U pe-
3y/IbTATHI OleHKY KadyecTBa AJid 4 TporoHoB: Q1 — kiraccudukarop Ha OCHOBe IIpa-
BUJI, Q2 — MoAMUITMPOBaHHBIHM Ki1accudUKATOp Ha OCHOBe IpaBui, Q3 — kiac-
cuduKaToOp Ha OCHOBE JlepeBbeB penleHNH, Q4 — KaccuduKaTop K-6amxaimmux
coceiel.
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Tab6nuua 3. Pe3ynsTarthl OLEHKN Ka4ecTBa B COOTBETCTBMM CO Cxemol [

MerTtop, O6bekT | Makpo-Tounocts | Makpo-IlonrHora | Makpo-F1
Q1 book 0.53 0.58 0.53
Q2 book 0.55 0.66 0.58
Q3 book 0.52 0.54 0.53
Q4 book 0.54 0.51 0.51

xxx-20 book 0.96 0.61 0.67

Baseline book 0.46 0.5 0.48
Q1 camera 0.81 0.88 0.84
Q2 camera 0.79 0.87 0.83
Q3 camera 0.50 0.47 0.48
Q4 camera 0.93 0.54 0.53

xXxx-24 camera 091 0.93 0.92

Baseline camera 0.42 0.5 0.45
Q1 film 0.67 0.70 0.68
Q2 film 0.66 0.70 0.68
Q3 film 0.54 0.53 0.50
Q4 film 0.54 0.52 0.52

xxx-23 film 0.76 0.78 0.77

Baseline film 0.42 0.5 0.45

Tabnuua 4. PesynbTaThl OLEHKM Ka4ecTsa B COOTBETCTBUN CO cxemown M1V

MerTtop, O6bexT | Makpo-Tounocts | Makpo-IlonrHora | Makpo-F1
ql book 0.56 0.62 0.56
q2 book 0.57 0.69 0.61
q3 book 0.52 0.55 0.47
q4 book 0.54 0.51 0.51

xxx-20 book 0.73 0.74 0.73

Baseline book 0.46 0.5 0.48
ql camera 0.83 0.90 0.86

q2 camera 0.83 0.89 0.85

q3 camera 0.53 0.52 0.51
q4 camera 0.93 0.54 0.53
XXX-24 camera 0.92 0.94 0.93
Baseline camera 0.43 0.5 0.48
ql film 0.69 0.73 0.71
q2 film 0.68 0.73 0.70
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MeTtoz O6bekT | Makpo-Tounocts | Makpo-IlonrHora | Makpo-F1
q3 film 0.56 0.57 0.53
q4 film 0.54 0.53 0.53

XXX-23 film 0.78 0.80 0.79

Baseline film 0.42 0.5 0.46

AHanu3 pe3ynbTaTOB, IPUBEAEHHBIX B Tabmuiax 3 u 4, MO3BOJIAET CAENATh
clefylomye BHIBOZABL. MeToApl KiaccubuKanuy Ha OCHOBe IPpaBUJI Ioka3saau 6o-
Jiee BBICOKO€ KauyecTBO PabOThL. 3HAUUTENBHO Jydlle obpabaThiBaeTcs MacCUB
C KaMepaMu, YTO CBA3aHO C TeM, YTO IIepBOHAJYaJbHAsA HACTPOUKa IIpaBui AeJa-
Jlach UMEeHHO Ha HeM. ObGyuyaeMble MeTOZABI MOKa3aJu HU3KOE KAaueCTBO PabOTEHI
BO3MOXXHO IO CJIeYIOIUM IPUYMHAM: YYUTHIBAINCH BCe NMPU3HAKU B TEKCTAX,
He YYUTHIBAJICA KOHTEKCT YIIOTPeOIEeHN CJIOB, METO/bI HA OCHOBE JIepEBhEB pellle-
HUU U K1accupuKkaTop OGaMKANIIUX cocelielt Ha obydaroleil BEIGOpKe paboTanu
xyxe Mmetoza SVM.

4. BbIBOABI

TakuMm o6pa3oM, B HacTosalmeld paboTe pacCMOTPEHBI HECKOJIBKO MOAXOZOB
K KJaccudUKaIuU OT3BIBOB IOJb30Bareneil. Haubonee adppeKTUBHBIM OKaszascs
10 X0/, OCHOBAHHBIH Ha pYYHOM IIOCTPOEHUH IIPaBUJI 3KCIlepTaMu. Vcronb3o0BaHue
TPaJULMOHHBIX METOZOB OOyUYeHNUs Ha IPUMepax, a TaK)Ke pacUIMpeHUs 3allpOCOB
C TIOMOIIBIO OTZENbHBIX TEPMUHOB He IPUBOJUT K BEICOKOMY Ka4eCcTBY Kiaccuduka-
nuu. JTO CBA3AHO, IIO-BUAUMOMY, C TEM, YTO B CTAHZAPTHBIX METOJAX UCIIOIb3YEeTCS
TEeOPEeTUKO-MHOXXeCTBEHHA MOZEeJIb TEKCTOB, B KOTOPOU He YUUTHIBAeTCA KOHTEKCT
YIOTpeO6IeHUS CIOB.

B KauecTBe nmepcreKTUBHBIX HAIIpaBJIeHUH albHEUIINX HICCIeIOBAaHUN MOXKHO
chopMynupoOBaTh CeAYIOMYe: peannu3alys ClIeluaabHbIX 00y IaIoX aJITOPUTMOB
27151 GOPMUPOBAHUSA KOHTEKCTHEIX IIPABUJ 7151 3aZlaHHBIX [I0JIb30BaTeJIeM OLleHUBA-
€MBIX 0O'bEKTOB, UTO ITO3BOJIUT 3HAUUTENIHHO CHU3UTDh TPYAOEMKOCTh GpopMUpoOBa-
HUSA IPAaBIJI SKCIIePTaMU; BEIIOJTHEHYE 00yYeHNUA KIaccuGpUKaTOPOB He Ha ITOJHbIX
TEKCTaX, a Ha OTAeJbHBIX [IPEJJIOKEHNAX, COAePKAIINX CCBUIKY Ha OLleHHBaeMbIH
00BEKT; UCIOIb30BaHUe IPU 00yUYeHNH Ha IIPIMepax TOJIBKO CJIOBAPHBIX MPHU3HA-
KOB, OTOOPAHHBIX dKCIEPTaMU; 3aZlaHHe BECOB Pa3JWYHbIM TepMHHAM Ipu ¢op-
MUPOBAaHUY IIPaBUJI KCIIEPTAMU UM peajn3alus CIelHalTbHBIX WHCTPYMEHTAb-
HBIX CPEeJCTB /JJIfl YIPOIIeHUA paboThl SKCIEPTOB-TNHIBUCTOB 10 GOPMUPOBAHUIO
IIpaBUIIL.
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BTtopoin payHp dopyma «OueHka MeTOLOB aBTOMATU4EeCKOro aHanuaa
Tekcta» B 2011-2012 rr. 6bl/1 NOCBSLLEH CUHTAKCUYECKMM aHann3atopam
PYCCKOA3bIYHbIX TEKCTOB. B cTaTbe onuckiBaloTCs NPUHLMMGI 1 NpoLeaypa
npoBefeHnst Aopoxek dopyma, COCTaB y4aCTHMKOB, TECTOBAsl KOJJEK-
umsa n 3onotort CTaHaapT, HA OCHOBE KOTOPOro OCYLLECTBASIACh OLEHKA,
NPUHLMMbI CONOCTaB/IEHNS OTBETOB CUCTEM, CNOXHbIE A5 OLLEHKM Clyyau,
a TakXe HeKOTopble NPoBIEMHbIE TOYKM B paboTe CUHTaKCUYeCKMX napce-
pOB, KOTOPbIE BbISIBUIA 3KCNEPTN3a Pe3ynbTaToB.

KnioueBble cnoBa: CMHTakCUMYECKNiM aHann3, aBToMaTmnyieckas obpaboTtka
TekcTa, napcepsbl, PyCCKuii 93blK, COPEBHOBAHMSA NapCepOoB, OLeHKa

1. BBegenue

B Hauase 2011 roza 6bi1 06BsIBIEH BTOPOU HUKI popyMa «OlieHKa METOOB
aBTOMAaTHUYECKOTO aHAIN3a TEKCTa». TeMoil popyMa cTas aBTOMaTUIeCKU CHHTAaK-
CUYECKUU aHaIN3a PyccKoro A3biKa. [Ipu opranusaiuu popyma 2011-2012 roza uc-
M0JIb30BaJICA OIBIT CeMUHAapa IO OLleHKe MEeTOZ0B NHGOPMAaIOHHOro Toucka PO-
MMUII (ROMIP 2009) u popyma 2010 roza.

Llesnbto PopyMa ABIsAETCS CO34aHNe He3aBUCHMOM ILIOIAIKHY, T/ie Ipe/CTaBH-
TeJIM HAyYHBIX, 06pa30BaTeIbHBIX, KOMMEPYECKHUX U T. II. OPraHU3anui 00CyKJAI0T
COCTOSTHUE U NTePCIIEKTUBHI Pa3BUTH aJITOPUTMOB U METOZIOB aBTOMATUYECKOH 00-
paboTKU TeKcTa (Ipex /e BCero, AJjIs PyCCKOro A3bIKa), a TAK)Ke IPOBOAUTCS dKCIIEP-
TH3a IMHIBUCTUYECKUX KOMIBIOTEPHEIX Pa3paboTok. HezaBucuMEble COpEBHOBAHUS
JIMHTBUCTHUYECKUX CUCTEM IIPOBOAATCA B PAa3HBIX CTpaHax Mupa (cp. mpoekTsl CLEF,
Morpho Challenge, AMALGAM, GRACE, EVALITA, PASSAGE, SEMEVAL, poccuii-
CKUI ceMHUHAap OLEHKH METO/I0B MHpOpMaIMoHHOro norucka POMUII u zp.). B 2010
TOJly COCTOSLJICS NepBbIH UK PopyMa, B KOTOPOM IIPUHSAJIO yYacTue 15 KoMaHz pas-
paboTtuukoB u3 MockBbl, CaHkT-IleTepbypra, Ekarepunbypra, Ykpaunsl, benapycu
u Benuko6putanuu. ®opym—2010 6L MOCBSAIIEH cHcTeMaM MOPQOIOrAYECKOTO
aHaIN3a PYCCKOro fA3blKa (CM. MOAPOOHee O IPUHIWIAX U pe3yJbTaTax Ha caiTe
http://ru-eval.ru, a Takxe Lyashevskaya et al. 2010). B pamkax BTOPOTO IIUKJIa Olle-
HUBAJIOCh COCTOSIHME JIMHIBUCTUYECKUX TEXHOJIOTMH B 06JIaCTH aBTOMATHYeCKOI'O
CHHTaKCUYeCcKoro aHanusa. B Poccum Takoe cpaBHeHHE IPOMCXOANJIO BIIEPBEIE.
Ha xoHdepeHnuu «Juanor 2011» 6bLI IPOBeZieH KPYIJIBIN CTOJ C YyYaCTHEM BEAY-
IUX Pa3paboOTYNKOB CHHTAaKCHYECKUX MApCepoB; oceHbio 2011 roga coCTOSIUCH A0-
poxkku ¢popyma. Kak u B 2010 1., BTOpoii Uk popyMa uUMes U 06pa3oBaTENbHYIO
COCTaBJAIONIYI0. B aKcrepTHOI rpymie paboTanu CTYAeHTHI, CBA3BIBAIOIIHE CBOE
6yzy1iee ¢ IPUKJIAJHON INHTBUCTUKOM. DKCIIEPTU3a PE3YIbTaTOB IPOBOAMIIACH aB-
TOMaTHUYeCKU C [TocaeAyIolleli ABOMHON PyYHOU TepenpoBepKoii. PEATHHT OTBETOB
cucteM 6yeT 06bABIEH B Mae 2012 I. Ha KPYIJIOM CTOJIe KOHGEPEHIINH «/[hajiors.
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CienyeT cpa3y OTMETUTb, YTO CPaBHeHMe pPabOThl CUHTAKCHMYEeCKUX aHaIU-
3aTOPOB Ha IIOPAZOK CJIOXKHee, YeM OlleHKa aBTOMATH4eCKOro MOP(OIOruiecKoro
a”Hanu3a. B obractu MOpONOrUY CyLIeCTBYET 3HAYUTEIbHAS 30HA [lepecedeHus :
CyLIeCcTBYIOT OOIIVe IIpeJCTaBIeHUs O MOPQOJIOrHMUecKOil HOpMe, OTpPa’KeHHOU
B CJIOBApsIX U TpaMMaTHUKaX, g 60JIbIIMHCTBA MOP(OIOTHYeCKUX IapaMeTPOB eCTh
YCTOABLIAACA TPAAULUA «SIPJIBIKOB», & 3HAYUTEIbHAA YaCTh CIy4YaeB, KOrJa NMeeT
MeCTO BapbHUpOBaHUeE, NMoAAaeTcs YHUOUKAIUY IPOCTEIM IIepeMEHOBAaHUEM Te-
roB. B CHHTaKCH4YeCKOM aHaIM3e MOT'YT OBITh HCIIOJIb30BAHEL Pa3Hble GOpPMaIU3MEbL
Y IPUHIUIIL IPEeCTaBIEeHNA CHHTAKCUIeCKON CTPYKTYPHL. B 3ToM rozy cpaBHUBa-
JIUCH Pe3yIbTaThl pabOoTHl CUCTEM, IIpe/CTaBIeHHEBIE B BU/E lepeBa 3aBUCHMOCTEH.
Ho 1 B aTOM city4ae pe3ysnbTaThl pa3dopa CUJIbHO OTINYAINCh APYT OT Ipyra U B 3Ha-
YUTEeJbHOU CTEeIIeHU 3aBUCEU OT TOT'0, KAKOBEI KOHEUHBIE 331a4U CHCTEMBI, B KOTO-
PYIO JaHHBI MOAY/Ib BCTpAaUBaeTcs. B CBA3M ¢ 3TUM IIPOBeJEHUIO CAMOT'O COPEBHO-
BaHUA [IPEAIIECTBOBAJ JIUTENbHBIHM TAIl IOAOTOBKY, B TOM YUCJIe U 00CyKAeHU
¢dopmaTa npoBezeHUs GpopyMa B paMKax KoHpepeHnH «/luamor 2011». Beicokas ak-
TUBHOCTb KaK aKaJleMUYeCKUX KOJIJIEKTUBOB, TaK ¥ IIPOMBIIIEHHEIX Pa3paboTdu-
KOB B IIpo1iecce 00CyXJeHUH IT0Ka3aa, YTo JaHHOe HallpaBjeHe aBTOMAaTH4eCKOH
06pabOTKU TeKCcTa Ype3BbIYaiHO BOCTPEOOBAHO Ha COBpEMEHHOM 3Tare. [loMumMo
TPaJUILMOHHON 061aCTH IPUMEHEHN S Pe3y/lIbTaTOB CHHTAKCUIECKOI'0 aHAIN3a, Ta-
KOM KaK MaIIMHHBIN [TepeBOJI, JaHHBIN MOAY/Ib aKTUBHO UCIOJIb3YEeTCA B CUCTEMAaX
aBTOMAaTHUYECKOTO aHa/lIN3a KOHTEHTa, HallpuMep, B U3BJI€YeHUU HMEHOBAHHBIX
cymHocTed niu GaKTOB U3 TEKCTA, IIPY MOHUTOPUHTE OJIOrOB ¥ HOBOCTEH U JIp.

«CHHTaKCUYECKUI» IIUKJ MPOXOAWI CIeAYIMUM 06pa3oM. YUacTHUKU ¢o-
pyMa IOy Y MU CIIeIaIbHO OTOOPAaHHYIO U OATOTOBIEHHYIO KOJIJIEKIIUIO TEKCTOB,
006paboTay UX B CBOMX CUCTEMaX U IPeCTABUIN Pe3yIbTaT CHHTAKCHYECKOT 0 aHa-
JIM3a B HEKOTOPOM yHUHUIIMPOBaHHOM popmaTe. [IpaBUIBHOCTH pa3bopa oleHUBa-
JIach IPY CPaBHEHUU C 9TAJIOHOM, Pa3MedeHHBIM BPYIHYIO.

ITo pe3ynbpraTaM IPOBEZEHHOI'O COPEBHOBAHU A MOXKHO CKa3aTh, YTO, HE CMOTPS
Ha pa3JuYHble TPYZHOCTH, C KOTOPBIMU OPraHU3aTOPbI CTOJIKHYINUCH IIPY IIPOBEPKE
PE3yJIbTaTOB, YAANIOCh BEIPAOOTAaTh HEKOTOPHIM GpOpMaT U IPUHIUIEL, HO3BOJIAIO-
e IPOX3BOJUTD TAKOE CPABHEHUE.

®dopyM He TONBKO MO3BOJIUJ OLEHUTh PAbOTy CHUHTAKCUYECKUX I1apCEpOB,
HO U JjaJI LeJIBli pAZ 06Ie3HaYNMBIX B 00JIaCTH CHHTAaKCUYECKOr'0 aHAIN3a Pe3yilb-
TaTOB. BELI OJIyYeH KOPITYC BPYYHYIO Pa3MeUeHHBIX U BEIBEPEHHBIX TEKCTOB, KOTO-
PHIIT MOXXHO KCIIOJIB30BaTh B HAYYHO—UCC/IEZOBATENbCKUX Leaax (OH mpezcTaBieH
B CBOOO/IHOM ZIOCTYIIE Ha caiiTe testsynt.soiza.com). B moAroToBKke v mpoBeJ€HUH I0-
pokek popyma 2011-2012 roga u B popMupoBaHUY GUHATBHOTO OTYETA AKTUBHOE
yJacTye IPUHUMAJIY CTyZeHTHl OTAeeHUA TeOpeTUIeCKON U IIPUKJIATHON IMHI'BU-
ctuku ¢umonorndeckoro ¢pakynprera MI'Y um. M. B. JlJoMoHOCOBa, KOTOPHIE TIOJY-
YUJIY BO3MOXXHOCTD «IIOIIYIIaTh PYKaMM», KaK paboTaloT Iapcepsl, yBUAETh, B YeM
WX CUJIbHEIE U CJIa0ble CTOPOHBI U T. /1.

Kaxk u mpu npoBegennu popyma 2010 roza, B OCHOBY IPUHIIUIIOB TPOBEAEHUS
Joposkek 2011-2012 rr. Jjiersio cjiefyIollee MOJOXKeHUe: He GhIBAaeT eAMHCTBEHHO
[IPaBUJIBHOTO pelleHUs CIOPHBEIX BOIPOCOB U €JWHCTBEHHO IIPABUJIBHOI'O aJro-
pPUTMa CHHTAKCUYECKOTO aHaiu3a. [0 BO3MOXXHOCTH, ONIMOOYHBIMU CUHUTAJIUCH
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TOJIBKO pa3bopel, He MOTHBHPOBAHHBIE TEOPETUYECKUMH WIN MPAKTUYECKUMU
yCTaHOBKaMM aBTOPOB CHCTEMBI. MOKHO YKa3aTh MHOKECTBO IIPUMEPOB TOTO, KaK
ONITUMAaJbHBIN BEIOOP TOTO WJIM WHOT'O PENIEHUs 3aBUCUT OT LU, JJIsT KOTOPOM
MPOBOAUTCSA aHaIu3. TaKKe CyIeCTBYET IeJIbIi Psiji IPOOJEMHBIX CIYYaeB, HE MMe-
IOIUX eAMHCTBEHHOTO pellieHus. IIpy cpaBHEHWHU pabOoTH pPasHBIX MapCepoB ObLI
YTOYHEH CIIMCOK IIPOOGJEMHBIX 30H B 00JIaCTH CHHTAKCUYECKOrO aHaIN3a, a TaKXKe
MHOXECTBO BO3MOXKHBIX ITOJX0Z0B K X 06paboTKe.

Takum o6pasoM, B IIpoliecce IpOBeZeHUs GpopyMa yAaaoch MOJYYUTh HEKO-
TOPYIO OLIEHKY COCTOSIHHS aBTOMATHUYECKOT0 CMHTAKCHMYECKOTO aHaJH3a PYCCKOTrO
SI3bIKA, BBIABUTD IMPOOJIEMHBIE U IUCKYCCHOHHbIE MECTa CHHTAKCHYECKOTO aHaI13a,
B KOTOPBIX IPU PasHBIX MOAXOJaX MPUHUMAIOTCS IPUHITUITNAIBHO pasHbE pelle-
HUS, OIIEHUTDh BapbUpOBaHKe B 6A30BBIX MOAXOAAX K TUITU3AIMN CUHTAKCHUIECKON
peanbHOCTH. TakKe pesyabTaThl popyMa IOKa3aau, 4TO B 06JIaCTH aBTOMATHYe-
CKOTO CHMHTAKCHMYECKOTO aHajn3a PYCCKOTO si3biKa pa3paboT4YMKaM yAasoch JO-
CTHUYb JIOCTATOYHO BHICOKOT'O YPOBHS.

2. Tlogxoasl ¥ Mpo6JIEMBI, CBI3aHHBIE C OLIEHKOMH
aBTOMAaTH4Y€CKOr0 CHHTAKCHYECKOro aHa/JIu3a

[TpesBapuTenbHasA OLlEHKA COCTOAHUA aBTOMAaTHUYeCKOTrO CHHTAKCUYECKOTO
aHaJIM3a I PyCCKOTO S3bIKA II0KA3aJIa, YTO GOJIBIIMHCTBO CUCTEM UCIIONIB3YIOT HOp-
MaJIu3M 3aBUCHUMOCTel. TakuM 06pa3oM, IpU IIPOBeZileHUH KOHKypCca paccMaTprBa-
JINCh pe3y/nbTaThl, Ipe/icTaBJIeHHble B BU/E /ilepeBbeB 3aBUCUMOCTEN, He3aBUCUMO
0T Tex GOpMasn3MOB, KOTOPEIE UCIIOIb30BATH PA3pabOTUYNKHY B CBOUX CUCTEMAX.

[Tpu opraHu3auy CHHTAKCUYECKOI'o IIMKJIa Mbl ONIMpaJNCh HA MUPOBOH OIBIT
NIpOBeZIeHUSI COPEBHOBAHUM MOZOOHOr0 TUIA, HEKOTOPEIE U3 KOTOPHIX YIOMAHYTHL
BO BBeZileHUH, B YaCTHOCTH, Ha OIIBIT TPOBEJeHUA aHAJIOTUYHOM OLIEHKU CUCTEM 1A
urtanbsaHckoro a3elka EVALITA. [lna ZOpOXKU IO JIepeBbAM 3aBUCUMOCTEN ydacT-
HUKH ITOJIy9aIOT Ha BXO/ KOPITyC TEKCTOB, pa30UTHIX Ha IIPE/JIOKEHN U TOKEHEL. 3a-
Zla4a 3aKJII09aeTCsA B TOM, YTOOHI 11 KaX /0N CI0BOGOPMEL B IPEAJIOKEHUN YKA3aTh
ee CUHTaKCH4YeCKYIO BepIIMHY, a TaKXKe TUI CHHTaKCU4eCcKOoU CBA3U.

Kaxk npaBusio, Ipu NpoBeleHUN COPeBHOBAaHUN MHOKeCTBOM 3TaJIOHHOT'O Ha-
6opa TUIIOB CBsi3ell (MMeH cBs3ell U Habop yCTaHaBJIUBAEMBIX CHHTAKCUYECKHUX OT-
HOILIEHU), UCIOIb3yeMEIEe B OIleHKe PabOTHI CUCTEM, CIYKAT JAHHBIE yKe TOTOBBIX
CHUHTAaKCUYeCKU pa3MedeHHBIX KopnycoB. TeMm Oosiee, MHOrue pa3pabOTUYUKU HC-
MOJIb3YIOT 3TU HAOOPHI IIPU CO3ZAHUU CUCTEM, OCOOEHHO eC/IM CHUCTEMa CTPOUTCS
Ha MaIIMHHOM 00ydYeHUH. Tak, HapyUMep, AJIs UTAIbIHCKOTO A3BIKa UCIIOIb3YETCS
Turin University Treebank (TUT), pasmedeHHbIi B 060ux popmanuszma (1 B TEPMU-
HaX HENOCPeACTBEHHBIX COCTABIAIOIINX, M B TEDMUHAX JiepeBbeB 3aBUCUMOCTEN)?.

2 IIImpoKO M3BECTHHI M aKTHUBHO UCHOJB3YIOTCA B 00yUYeHUM aHATU3aTOPOB U OLIEHKE UX pa-
GOTBI A/ aHIJIMICKOro sA3bIka Penn Treebank, pa3amMedyeHHBI! 0 HENOCPEACTBEHHBIM CO-
crasaaomuM, The Prague Dependency Treebank s gyerickoro A3slka, OCHOBAaHHBIH Ha /ie-
PEeBbsX 3aBUCHMOCTEH.
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TakKe IpeAJIOKEHNA U3 TAKUX TPUOAHKOB 9aCTO CIYKAT TECTOBBIM KOPITYCOM, YTO
[I03BOJISIET O6ECIIEYNTh IPOLEAy Py aBTOMATUYECKOH IIPOBEPKH.

Ananus npobHoro pas6opa 100 npeaioXKeHUH, TpeACcTaBJIeHHOT0 pa3paboTyu-
KaMU-TIOTeHI[HaJbHBIMU yyacTHUKaMu Popyma 2011-2012, nokasai, uyTo B Poccuu
CUCTEeMBI CHHTAaKCUYECKOT'0 aHAIN3a PA3BUBAJIMCh aBTOHOMHO, 6€3 HCII0/Ib30BaHUA
Kakoro 6Bl TO HU OBLIO KOPIIyca B KadecTBe 3TAJOHA. B pe3ysnbraTe, pacXoXAeHUs
MeX/y CUCTEeMaMH II0 COCTaBy TEroB U II0 IPUHIUIIAM YCTaHOBJIEHUS CBA3el OKa-
3aJIMCh HACTOJIbKO 3HAYUTEIbHBIMY, YTO B L[€JIOM PsZie BOIIPOCOB He yZAaIOCh IIpej-
JIOXKUTDb €INHOT'O PelleHUs JJIf IIPeCTaBIeHU BEIXOAHBIX JAHHBIX. BBLIO IPUHATO
pellleHre 0 TOM, YTO Ha JAHHOM JTalle OIleHUBATHCS JOKHO TOJBKO NPABUJIBHOE
olpeJiesieHNe CUCTeMaM{ CUHTAaKCHYeCKH CBA3aHHBIX Iap CI0BOGOPM U yCTAHOB-
JIeHVE «IJIaBHOr'0» dJleMeHTa B Iape. IIpy 3TOM IpU OLlEHKEe He JOJDKHEL OlleHU-
BaThCS TEOPETUUYECKUE PACXOXKAEHUS B TPAKTOBKE TEX MM MHBIX CHHTAKCUYECKUX
SIBJIEHUM.

3. @®opym 2011-2012: cuHTaKCU4YeCKHe ITapcepsl

3.1. Jopoxku

Ha ¢opyme 2011-2012 mo cCHMHTaKCUYECKOMY aHaIU3y TEKCTOB OIleHUBaHHUE
aJITOPUTMOB CHUCTEM—Y4YaCTHUKOB IIPOIIJIO He3aBUCUMO IO CJIeIYIOIUM OTZAeIbHBIM
AUCHUILIMHAM (ZOPOXXKaM):

* «00masn»; B 9TOH JOPOXKKe PACCMATPUBAINCEH PA3JIMYHbBIE TUIIHI TEKCTOB U CHH-

TaKCUYEeCKUH pa36bop BcexX NPe/CTABIEHHEIX B HUX IPeJIOXKEeHUH;

* «HOBOCTHAfl»;, 33Zlada 3TOU JOPOXKKH COCTOSJIA B CHHTAKCHYeCKOM pasbope

TIpeJIOKEHUH Y3KOU TEMaTUKHU, 8 UMEHHO — HOBOCTHOT'O 6JI0Ka.

B mporecce moarotroBku ¢opyMma TakkKe 3aTparuBaINCh BOIIPOCH O JAalbHeH-
mrei pazpaboTKe ZOIOTHUTEIBHBIX JOPOXKEK — IT0 pa3b0py CIOKHBIX IIPeI0KeHUH
LeJTUKOM VS. OTZAeJbHOMY pa3bopy IPOCTHIX IPeJJIOXKEeHUH B COCTaBe CJIOXKHOTO,
BBIZIeJIEHUIO IPOEKTUBHBIX VS. HEIPOEKTUBHBIX IIPeAJIOKeHU U Ip. OZHAKO IIpOBe-
JieHVe TaKUX JOPOXKeEK CUIBHO OB YCJIOXKHUJIO U 6€3 TOT0 J0CTaTOYHO TPYZOEMKYIO
IpoLeAypy NPOBEPKHU.

3.2. YyacTHUKHU

Ha xoHKypc ObUIM TOZ@HBI 3aABKU OT 11 pasjWYHBIX TPYII pa3paboTUYUKOB
u3 MockBbl, CankT-IleTepbypra, Huxknero Hosropoga (Poccus), JloHenka (Ykpa-
uHa). OHa U3 3TUX I'PYIII y4aCcTBOBAJIA B IPOEKTe BHE KOHKYPCa, IO3TOMY €€ Pe3yJib-
TaTHl HE BKJIIOYAJIKCh B 06Ilee copeBHOBaHUE. KOHEUHbIE Pe3yNbTaThl, U [0 OCHOB-
HOH, ¥ TI0 HOBOCTHOM JOPOXKKaM, ObLTH TOMy4eHb! oT 8 u3 10 yyacTHUKOB dopyma:
SynAutom, DictaScope Syntax, SemSin, OTAII-3, cMHTaKTHUKO—CeMaHTUYeCKUHI
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aHaJM3aToOp PYCCKOTO sA3biKa rpymnmnbl SemanticAnalyzer Group, mpoekT AotSoft,
ABBYY Syntactic and Semantic Parser (ASSP), [Tapcep rpaMMaTUKu cBsi3eii. Cpeau
HUX CHCTEMBI, WCIOJB3YIOIINe pa3jW4YHble MEeTOJbl CHHTAaKCHYecKoro pasbopa:
rpaMMaTHKy 3aBUCHMOCTeH, IPaMMAaTHKy COCTAaBJAIONIMX, I'PAMMATUKY CBA3eH
(Link grammar parser). OAUH U3 BOCbMU pa3pabOTUYNKOB BIIOCTEACTBUU OBLI BBI-
HYXZIeH OTO3BaTh CBOE y4JacTue B KOHKypCe MU3—3a IIpobeM ¢ KOHBEPTHUPOBAHUEM
ZaHHBIX. TaKUM 00pa3oM, B OKOHYATEIbHOH OLleHKe yYacTBOBAJIO 7 PA3IUYHBIX CHU-
cTteM 06pabOTKU TEKCTOB.

3.3. TecToBas KOJJIEKIIMS U 3aJaHUA

A copeBHOBaHUA ObLTa IOATOTOBJIEHA 00IIas KOJUIEKIINA Hepa3MeueHHBIX
TEKCTOB. B KOJIJIEKIIUIO /11 «OCHOBHOW» ZIOPOXKKHU BOILLIN TEKCTHI Pa3HbIX )KaHPOB,
BKJIIOYAS XyZ0XKeCTBEHHYIO TUTEPATYPY, NYOIUIICTUKY, a TAKKe 5% TEKCTOB U3 CO-
LUaTbHBIX ceTel. B KoJuteKI[UM OBLIN IIpeZACTaBIeHbl KaK OTJENIbHBIE MPeIoxKe-
HuA (200 ThIC. cI0BOyHIOTpebIeHNH 3 HalmoHaIbHOTO KOpITyca PYCCKOTO f3BbIKa,
NpeJoCTaBIeHHble A CBOOOJHOIO CKAYMBAaHUA), TaK U GparMeHThl CBA3aHHBIX
TEKCTOB. B HOBOCTHY0 KOJUIEKITHIO BOILTH GparMeHThl TEKCTOB U3 HOBOCTHOH KOJI-
Jnexuuu ceMruHapa POMUIL. B aTy kosieKIMIO TOIAaIX IOCIe0BATENIbHOCTH U3 TPeX
TpeJJIOXKEHUH, BEIOpaHHBIE CyYaiHBIM 00pa3oM. Bce TeKCThI OBLIU 3apaHee pas-
OUTEL HA IIPeJJIOXKEeHNUA U TOKEHEL ¥ IPOUHEKCUPOBAaHBL.

Y4YacTHUKY KOHKYPCa JZOJKHBI ObLIN NPUIMIUCATh KAXXJOMY TOKEHY HOMEp ero
BepIIWHEL [Ipy MpoOBepKe He OlleHWBAaJIach IPaBUJIBHOCTh pa3bopa BCero Mmpezsio-
’KeHUs, OlleHMBaJjach IPaBUIbHOCTD IIPUIIUCHIBAHUA BEPIINHEI 3aBUCUMOI CJIOBO-
dopme. CpaBHeHUE PE3yIBTATOB 110 BCEM JOPOXKKAM IIPOBOAMIIOCH HAa OCHOBE BEIOO-
POYHOI1 TPOBEPKU OTBETOB CUCTEM—YYaCTHUKOB. [ 3TOr0 OBLT HOATOTOBJIEH «30-
sotoii CTaHAapT» — MHOKECTBO CIyYaiHO BRIOPAHHBIX NTpeIoKeHU i 13 OCHOBHOM
KoJLIeKIuK, o6beMoM okosio 800 mpegsoxeHudl (500 AT OCHOBHOM KOJIIEKIIUU
u 300 A1 HOBOCTHOM). B X0/le SKCIEepPTU3Bl OTBETHI CUCTEM CPaBHUBAJKUCH C IIPO-
U3BeZIeHHOM aKcIlepTaMu py4YHol pa3MeTkoi 3osoToro Ctanzapra, cM. 11. 3.7-3.8.

3.4. CornaneHus no yHudukanuu BxogHoro ¢popmara

Jlns yHuGUKauy pe3yIbTaToB, MIOJyYaeMbIX OT Pa3HBIX CUCTeM, ObLT pa3pabo-
TaH CHelraabHbINA BXOJHOU popMaT mpecTaBIeHUA TEKCTOBOM KOJIIEKITUU. VIcxoz-
HBIA KOPITyC MPeAOCTAaBISJICS YYaCTHUKAM B ABYX dopMaTax: UCXOJHBIN TEKCT 6e3
pasMeTku u xml-dpopmaT ¢ pa3bHUBKOI Ha MPEATOKEHUA U TOKEHBI. BHLTH IPUHATEL
HEKOTOPBIE COTJIAlIeHNSI OTHOCUTENBHO IIPaBUJI TOKeHU3anuu. OTAeTbHBIMU TOKE-
HaMM CYUTATUCH CJIOBOGOPMBI, BXOAAIIVE B OJHY CIOXKHYIO €IUHUILY, HATIpUMED,
B CJIOKHBIN COI03 WJIU Mpeasior. Ha oTaebHbIEe TOKEHBI TaK)Ke pa3buBaguCh CI0Ba
¢ neducoM, 3a UCKIIOYEHNEM HEKOTOPHIX 3aZIlaHHBIX CITUCKOM CJIOB, & TAKXKE MECTO-
UMeHUH c yacTulei —mo, Hape4uu ¢ no— U T.1II., OTAeJTbHbBIMU TOKEHAMU CUUTAIUCH
3HAKU IpEMUHAHUA.
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[peABapuTeNbHAS TOKEHU3ALKA M HyMepalus TOKEHOB Hy)KHa ObLIa /Jis TOTO,
YTOOBI MUHHUMM3UPOBaTh JOJI0 PYYHOM IMPOBEpKHU. biarozaps Takolt yHUPUKAIAN
MOKHO OBLIIO aBTOMAaTHYECKU OTPeeATh pparMeHThl, B KOTOPBIX pa3MeTKa YYacTHHU-
KOB coBITaZiaeT ¢ 3010TbIM CTaHZAPTOM, YTO MUHUMU3UPOBAJIO IOJII0 PyYHOMN IIPOBEPKU.
B nepBy10 ouepes «BpyUHYI0» IPOCMATPUBAJIMCh MeCcTa HecoBaileHnil. MHorue y4dact-
HUKYA WTHOPUPOBAaIU HYMepaluio B IIpoliecce paboThl COOCTBEHHOIO aHAJIM3aTopa,
Ho notoM npuBouiu ID TokeHOB B cooTBeTcTBUH C ID TOKEHOB B TECTOBOM KOJUIEKITUU.

3.5. CorsaureHus 06 yHudpukamuu BpIxogHoro ¢popmara

Pe3ynbTaT pabOTHI CUCTEM JIOJIKEH OBLI OBITH IIPEeACTaBJIEH TAKIKE B CIIEIUAb-
HoM dopmare. B BrixogHOM daiine HymMepanusa MpeAJoKeHUN U TOKEHOB JOJKHA
6bLIa COOTBETCTBOBATh HyMepaIluU B TECTOBOM KOPITyCe. YUYaCTHUKU JOIKHEI OBLITH
yKa3aTh AJA KaXZ0H cI0BOGOPMBI HOMEp «X03fMHa» (IIaBHOI'O CJIOBA B CJIOBOCO-
YyeTaHWU) U TUII CBSA3U (YKa3bIBaJICA TUIl CHHTAKCUYECKOU CBSA3U, IPUHATHIN Y pas-
paboTumKa), TaK»Ke yKasbslBajaach Moposiorudyeckas nHpopmanus: jeMmma u Habop
MOpPQOJOTUYECKUX XapaKTEPUCTUK. TUN cBSI3U U Mopdosorudyeckas nHGoOpMaus
yKasblBajach Ha yCMOTpPEHUE pa3paboTYMKOB U HYKHA ObLia A1 00JIeTYeHus pyd-
HOM IIPOBEPKU, YTOOBI SKCIEPTY OBLIO JIerye MOHATh, B YeM IPUYMHA PAaCXOXKAEHUS
OTBeTa CUCTEMBI ¢ 30JI0TEIM CTaHZapTOM.

3.6. CorsanieHu 1Mo yHupUKaIKU HallpaBJIeHUH cBA3ei

[ToATOoTOBUTENBHEIN 3TAll TOTPe6OBA ONpe/ie/IeHHbIX PellleHH, HallpaBIeHHbIX
Ha YHUQUKAIVIO CTPYKTYPhl CHHTAKCUYECKUX OTHOIIEHWN B OTBETAX, OXUAAEMBIX
oT napcepoB. CyIecTBYeT JOCTaTOYHO MHOT'O CUTYallUi, KOIZIa CUCTEMEI IO—PasHOMY
PpelIaroT BOIIPOC O HAIIPABJIEHUN CUHTAKCUYeCKON 3aBUCHMOCTH MeXZY ABYMs CIOBO-
dbopmaMy, HaXOAAMKMUCA B OTHOIIIEHUH CHHTAKCUYeCKOH CBA3U (TI0gpobHee 0 PaCX0oX-
JEeHUAX CM.II. 4). OTU ciiy4au 06yCIOBIeHbl He OMIMOKaMU TP aHAIN3€e, & IIPUHIIUIIN-
aJIbHBIMU PelIeHUAMYU DY CO3JaHUM KOHKPETHBIX CUCTEM. B TaKuX cirydasx pacxoxze-
HUS CUCTEMBI C 3TaJIOHOM He «iTpadoBanock». OFHAKO AJI TOTr0, YTOOBI He IIPUIILIOCH
TIPOCMaTpPUBATh KaXKbIH MTOJOOHBIH ClTyyali Bpy4HYIO, HEKOTOPbIE CUCTEMBI, MO Kpaii-
Hel Mepe, B YaCTH CIy4aeB COIVIACHIINCH U3MEHUTDH HANpaBJIeHUA CBA3el TaM, I7e 3TO
6bLIO BO3MOXKHO CZIeIaTh aBTOMATHIeCKH. DTO KacaloCh CIEAYIOMINX TUIIOB CBA3eH:

1) mpezJior — CyIeCTBUTEILHOE;

2) BCIIOMOraTe/JbHBIN I71aroj — CMBICJIOBOH IJIaroJ;

3) CBSI3U B COYMHUTENIBHBIX KOHCTPYKIUAX.

3.7. IlogroroBka 3oaotoro Cranaapra

Pasmerka 3osoTtoro CraHAapTa, IpeAlIecTBOBABIIASA JKCIIEPTU3E DPe3yJIbTaToB,
[IPOBOZAMJIACH BPYYHYIO C IIOMOIIBIO MHCTPYMEHTA Ui Pa3METKH, IOATOTOBJIEHHOIO
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M. VoHoBsIM. Kaxkj0e mpe/iioyKeHYe IepBOHAYAIBHO Pa3Meydasioch AByMs SKCIIepTaMH,
[oCJIe Yero MecTa pacxoXAeHUH obcy:xzanvch. Ha ocHOBaHUM 0OCYXKIEeHUH IPUHU-
MaJoch eiHOe pellleHMe. Jlasee OKOHYATENIbHEIN BApUAHT IIPOBEPSIICS TPETHUM 3KC-
neproM. Takas pa3MeTKa ITO3BOJISIA IOCTUYb HECKOJIBKUX Iiejiell. Bo—TepBhIX, 3TO IO-
3BOJIMJIO aBTOMATHU3UPOBATh IPOLIEAYPY Pa3MeTKH. BO—BTOPBIX, OpraHU3aTOPhI XOTENU
10 BO3MOXXHOCTH M30€eXKaTh BIUAHUSA PE3YJIBTAaTOB, IIPEA0CTABIEHHBIX CUCTEMOM, Ha MH-
TYUILINIO SKCIIEPTOB, U IIPOILYCKOB OIINOOK [10 HEBHIMATEIbHOCTH. B-TpeThux, pazMeTKa
CraHzapTa JomKHa OblIa chOpMUPOBATh ¥ SKCIEPTOB IIPE/CTABIEHUE O TOM, KaKue
CJIO)KHBIE CJTy4ay UX OXXKU/AI0T, BEIpaboTaTh KPUTEPHH IS OLIEHKU PaCXOXKJeHU.

[Ipu pasMeTKe aHHOTATOPHI [TOJIb30BAJIUCH CIIENNATbHON UHCTPYKIMEH, obe-
CIeYyHBaloOIel «yCTOMYNBOCTh» aHHOTAIUY, T. €. COIJIACOBAaHHOCTh B IPUHATHUY pe-
[IeHUH pa3HEIMU aHHOTATOPAMHU B OJUHAKOBEIX CUTYALIHAX.

3.8. IIpununsel pasmetku 3oaoToro Crangapra

Jna pasmerku 3osotoro Cranzapra TpeboBajsach Takas WHCTPYKIUA, KOTO-
pas 6bI obecrieunsia He CTOIBKO TEOPETUYECKYIO (aBCTPaKTHYIO) «IIPAaBUIBHOCTH»
pasMeTKH, CKOJBbKO eJUHOOOpasue pa3MeTKH DasHbIMH aHHOTAaTOPaMHU, YETKYIO
000CHOBaHHOCTb IPUHUMAEMBIX [IPU pa3MeTKe pelleHUH.

MBI OCHOBBIBATHCH Ha NIPUHIMIAX U CPEACTBAX CHHTAKCUYECKOH pa3MeTKH,
chopmynupoBaHHBIX B (Sokolova 2011; cp. Takxe Hovy and Lavid 2010) u ompo6o-
BaHHBIX Ha 3aHATHAX [0 CHHTAKCUYECKOH pa3MeTKe TEKCTOB CTYAEHTOB 4-T0 Kypca
PITY B TeueHUe HeCKOJNbKUX JleT. OHUM K3 BaXXHBIX IPUHIIUIIOB, KOTOPHIH JIeT B OC-
HOBY IIPUHUMAaeMBbIX PeIleHUH, ABISIETCA NPUHIUI «eCTeCTBEHHOCTH» Pa3MeTKU:
pasMeTKa [I0JKHA COOTBETCTBOBATH IPABUJIBHON CeMaHTUYECKOH MHTEpIpeTalluu
npeAoXeHUs (B MHCTPYKIUU OH GOPMYJIHPYETCA cleAyromuM obpaszoMm: «CHH-
TaKcudecKas CTPYKTYpa A3BIKOBOT'O IPOU3BeIeHNA OCMBICIEHHA U €JUHCTBEHHA).
V13 BO3MOXXHBIX BADUAHTOB OTOUPAINCh HanboJjiee IPOCTHIE U MOHATHbIE PelleHN s,
KOTOpble MaKCUMAaJIbHO COIVIACOBAIUCH C UHTYUIIMEH pa3MeTUHKa.

dopma CTPYKTyphl — AepeBO 3aBUCHMOCTEH, Y371aMU KOTOPOT'O ABJIAIOTCS CJIOBO-
¢dopmel (a He Ha6OPBI MOPPOTIOTUYECKUX UHTEPIIPETAIUiA cioBodopM). [Ipr 3TOM MO-
JKET COXPaHATHCA HEKOTOPAs HEOZHO3HAYHOCTE ee MOPGOJIOrMYecKol U ceMaHTHye-
CKOY MHTepIIpeTalyy, He IPOTHBOpeYallas CTPyKType ZiepeBa, HallpuMep, B IIPeJIo-
*keHUU C8UAAHUS paA3pelutimsb He MO2Yy CJIOBOPOpPMa C8UOAHUS 3aBUCUT OT CJIOBOGOPMEI
paspewums ¥ UMEET CUHTaKCUIECKYI0 GpyHKIMIO “obj”. B CTPYKTYpy MOXKET BXOJUTD
Jobas u3 IByX ee MOPQOJIOTUUECKUX UHTEPIPETAL[UNA: — c8UAAHUe — €JI. Y., PO, 1.
B KOHTEKCTe OTPULIAHUA (T. €. «He Pa3pelIaro KOHKPETHOE CBUAAHNE»); — MH. 4., BUH. II.
(T.e. «<BOOOIIIE HUKAKUE CBUAHUA HE PA3PEIIAIOTCs»). B OT/IMYKE OT «KJIaCCUYECKOI»
'paMMaTrKy 3aBUCHMOCTEN MHTEpIIpeTalys OTHOIIEHUH 3aMeHeHa Ha CHHTaKCH-
yeckue PyHknuu cioBodpopm — popmanuam '3uCP, npy KOTOPOM CHHTaKCHYecKas
byHKUMA IpUNMCHIBaeTcs BceM ciIoBodopMaM — U IOAYMHEHHBIM, M BepIIMHAM.
[IpyHIMI e JUHCTBEHHOCTU CTPYKTYPhI 3aMCTBOBAH U3 OIIBITA PA3METKH IIeJIBIX TeK-
CTOB CTYZEHTaMH, IIPX KOTOPOU INpeAJIoKeHUe PacCMaTpUBaeTCsl BHYTPU KOHKpET-
HOro TeKcTa. MBI COXpaHWJIN 3TOT IPUHIINII /JI1 pa3MeTKU OTAEIbHBIX ITPeJIOKeHUH
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B 3osmotoM Cranzapte. [Ipy aToM peskue (OTHOCHTeNbHO 3osoToro CTaHAapTa) Bapu-
AHTBI CHHTAKCUYECKON MHTEPIIPETAIINH TPEAJIOKEHUS HE CYUTAIOTCS OLIMOKOM.

3.9. DkcrnepTH3a OTBETOB CUCTEM

[Tpouezaypa sKCcIIepTU3bl OTBETOB CMHTAKCUYECKUX aHATM3aTOPOB IIpeAycMa-
TpUBaJja cpaBHeHVEe HOMepOB BEPIINH, YKa3aHHBIX CUCTEMaMU JJIs KaXKA0H CJI0BO-
¢dbopmel, ¢ ee HomepoM B 3os0ToM CTaHzapTe. CoBIaieHre HOMEPOB aBTOMAaTUYECKHU
noxy4dasno oneHKy 0. Caydau pacxoxJeHUN IpocMaTpUBaIUCh SKCIEPTAMHU, KOTO-
PBI€ TOJIKHBI OBLIY OLIEHUTD UX IO CJIeAYIOIe Kae:

1 — omnbKa CUCTEMBIL;

2 — ommubka 3C;

3 — JOIYCTUMOE pacxXoXkJeHue (PacxXoXKJeHUs OOBACHIIOTCS PacXOXKJeHUEM

B TeOpeTUYeCKUX pelleHusax cucteMsl U 3C);

4 — pomycTHUMOe pacxoxJeHue (caydai ZomyCcTUMON OMOHUMUN);

5 — oTBeT cucteMmel coBnazaet ¢ 3C, Ho 06a HEMpPaBhI;

6 — 71 JaHHOTO TOKEeHA «XO3sMH» He YKa3aH, a ZIoJhKeH ObITh YKa3aH;

7 — [J151 [aHHOTO TOKEHA «X035MH» HE YKa3aH U MOXKET ObITh He yKa3aH;

8 — 3aTpyZHAIOCH OIpeeUTh (IKCIEPT He MOXKeT IPUHATH OZHO3HAYHOE PellleHHE);

9 — apyroe.

dparMeHT MPOBEPOYHON TabIULIBI yKa3aH Ha pUcyHke 1°.

Sentence 1819 [ B

s [ o |

id token type heada |id token type head mark
! |Kaknx + pesyasmanios jamod |3 1 | Kakmx «— pesvismamoe | Kawoit 3 0
2 |mmenno «— Kaxux spec |1 2 | EMeHHO «— pezyibmamos Yactmma |3 4
3 ||pesyabTaTos <— scdams jobj 5 3 | peayneTaToR +— xcdames |Pog 5 0
4 | moxn0 pred 4 mMoxHO

5 | HIATB +— MONCHO comp |4 5 _ Coct_cxaz |4 0
6 |loT — Hcdame comp |5 6 | oT — acdamp O1ryga.Oto |5 0
7 ||cormecTaBIX < yeurufl amod |8 7 | coemecTHBIX «— youtui | Kakoi 8 0
8 | yemami «— om pcomp 6 8 | ycmnmii +— om Pog 6 0
9 |=menos — ycuui mod |8 9 | =nemoE +— zpynnb Pog 10 |1
10/ rpymmst +— wienos mod |9 10| rpyone: <— xcdame Bun 5 1
1) 1 e

Puc. 1. lMpumep pasmeTtkn 3onotoro CtaHpapTa v OTBeTa OHOM U3 CUCTEM.
B rpade “mark” ykaszaHa oueHka 3a pelleHne

OpraHu3aTopsl BEIpaXkaloT 6J1arofapHocTs [opuikoBy /JI. B. 3a KOMIIBIOTEPHYIO HOAAEPKKY
B IIPOBe/IeHNY KOHKYPCa, B YaCTHOCTH 3a Pa3paboTKy 6a3bl JaHHBIX ¥ BU3yaIU3allUU iepe-
BbeB /151 06ecIiedeHN s aBTOMATHUIeCKOT0 ¥ PyYHOT0 3Tana MpOBepKH, a TAKKe IIOBTOPHOM
TIepenpoBepKU.
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CpaBHeHHE OTBETOB cUCTeM C 30J0TBIM CTaHZApTOM IIO3BOJIUJIO BBIZAEIUTH
HauboJsiee pacIpoCTpaHEHHBIE OTKJOHEHUS OT pa3bopoB, MPHU3HAHHBIX ITaJIOH-
HBIMHU (cM. 11. 4.1).

[TpoBepka TakKe IoKa3saja, YTO He BCer/a yaeTcs OLeHUTh, B KaKOU CTelleH!
TOT pe3yJbTaT, KOTOPHIU IIPe/ICTABJIEH B OTBETE CUCTEMBI, ONIpeZiesisieTCs IPUHITUIIH-
aJbHBIMU PEIEeHUSMU, TIPUHATHIMU B CUCTEME, TPOBIEMaMU «IIepecyeTa» Harnpas-
JIEHWH CBSI3U B COOTBETCTBUHU ¢ 30I0THIM CTaHZAPTOM MJIH Ke OINOKOM B pasbope.
K coxxameHuio, TaKuX cIy4aeB 0Ka3aJoOCh 3HAUUTENIbHOE KomudecTBO. OHU MOTpe-
60BaM JOTIOJHUTETHLHON BBIBEPKU PE3YIBTATOB. 3HAYUTENBHYIO MOMOIIb B YIyU-
MIEHUY CUCTEMBI OIIEHKH OKa3aJi KOMMEHTapUU Pa3paboTYUKOB, IPUCTaHHbBIE MU
TocJjie TOTo, KaK OHU MOJIYYMIN JOCTYII K IPOMEeXXYTOYHBIM olleHKaM. OfHaKO Jaxe
TIPY ZIOTIOJTHUTEILHOM MIEPECMOTPE HE YAaI0Ch U30€KaTh CUTYaIUi, Korja «ITpad»
CUCTEMeE TIPUIIUCAH OIUOOYHO.

B cienytoleM paszese ocTaHOBUMCs 60iee TOAPpOOHO Ha OTAENbHBIX BOIPOCAX
BBIpabOTKY psiia pelleHuii npu opranusanuu ®opyma 2011-2012, a TakKe Ha CI0X-
HBIX MOMEHTAX, C KOTOPBIMU HaM MIPUIILIOCH CTOJIKHYTHCH.

4. TpyaHble c1yyau U pacXoXAeHUs

4.1. lonycTUMasa BApUaTUBHOCTH pa3GopoB

PacxokIeHUs MeXKY CUCTEMaMH IO COCTaBy TETOB U 0 IIPUHIMIIAM YCTaHOB-
JIEHWS CBsI3el OKa3aJuCh HACTOJIbKO 3HAYUTENbHBIMH, UTO B II€JIOM PsiZie BOIIPOCOB
He yZIaJI0Ch MPEJIOKUTD €AUHOTO PeIleHU 15 TPEACTaBIEHU A BEIXOHBIX JaHHBIX.

Bo-mepBBIX, pa3HbIE CUCTEMBI HE TOJIBKO HCIIOIb3YIOT pa3Hble Ha3BaHUSA AJIS
OJHUX W TeX K& CUHTAKCUYECKUX OTHOIIEHUH, HO CYILIECTBYIOT 3HAYUTETbHBIE
PacxXoXXIeHUs B caMOi KacCuUKAIIUU TUIIOB CBsA3U. Tak, B OJHUX CUCTEMAaX pas-
rpaHUYeHUEe TUIIOB CBsA3el onmupaeTcs Ha MOP)OJOTUIECKYIO Pa3METKY, B APYTHUX,
HaobOpOT, YYUTHIBAeTCSA caMmas 0o0Ias CUHTaKCHYecKas QYHKIUS CIOBOPOPMEI.
Hamnpumep, B OZHUX CUCTEMAX OTJETHHO BBIAENSIETCA TUI CBsA3U “card” Ajis cBA3U
YUCJIUTENBHOTO C CYIIECTBUTENBHBIM (Cp. mblcaul < nedazozos (card)), B ApPyrux
3TOT CJIy4ail OTHOCHUTCS K OBIIEMY CIy4Yaro HECOTJIACOBAHHOTO OTIpeieieHUs. B cuiry
3TOro 06CTOATENHCTBA PELIEHO OBIJIO MPU CPABHEHUU PE3YIbTaTOB HE YUYUTHIBATD
WMeHa CBsA3EH.

BO-BTOpPBIX, TOMHUMO KOHCTPYKIIHE, HE BHI3BIBAIOIINX BOIMPOCOB U pa3Meyae-
MBIX BCEMH OZIMHAKOBO (COTJIaCOBAaHHOE OIpe/ie/IEeHUE), CYMECTBYIOT KOHCTPYKIUH,
OTHOCHUTEJNbHO KOTOPHIX HE CYIIIECTBYET €ANHOTO TEOPETUYECKOTO pellieHus. B yacT-
HOCTH, B II€JIOM pPsiZie KOHCTPYKIIMII HEBO3MOXKHO OZHO3HAYHO YCTAHOBUTD, KaKOMU
U3 CHUHTaKCUYEeCKH CBA3aHHBIX 3JIEMEHTOB SIBJISETCS IJITaBHBIM, a KaKOU 3aBUCUMbIM
(moApo6HO 0 TaKUX KOHCTPYKIUAX CM., HanpumMep, lomdin 1990, Gladkij 1973): aTo
caydyau, Korjga Jubo pasHble KDUTEPUU BBIJIEJIEHUS BEPIIUH AAIOT Pa3HBIE PE3YJib-
Tartsl (cM., HarpuMep, Testelets 2001), 1160 HU OAVH KPUTEPUU He TpuMeHUM. [1pu-
MEPOM MOXKET CJIYKUTh COYMHEHHUE: NMPU HAJUYUM COI03a MEXJy COYUHEHHBIMU
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3JIeMEHTaMHU KOJTUYECTBO PA3JUYHBIX Pa360pPOB CTAHOBUTCS HEMAJIBIM, IIOTOMY YTO
3TOMY COI03y MOXKHO IPUITHCATh HECKOJIBKO Pa3HbIX BEPIIUH (a TaK)Ke CYUTATh Bep-
IIUHOM caM cofo3). OfHAKO /10 TeX IMOP, TI0Ka BCE COUMHEHHBIE YJIEHHI C COI030M UJIN
COI03aMU COEMHSIOTCS B OJHY T'PYIITY, HET IPUYMUH CUUTATh TaKOM pa3bop omrmo-
Koi. HecKoJbKO BapuaHTOB pa3bopa AONYCTHUMBI TaK)XXe B CIy4Yae CTAHOBJIEHUS
CBSA3U MEXJY KJay3aMU B CJIOKHOMOJYMHEHHBIX MPEAJIOKEHUAX. B psge cucteM
KJIay3bl COEIUHAIOTCA MeXAy cOO0l yepes IIaroybl, B APyrux — 4epe3 MOAUYNHU-
TeJIbHEBIE COIO3BI.

B TpeTbuX, BapHaTUBHOCTH B pa3bopax oOyc/lOBlIeHa pa3HBIMH MpaKTHYe-
CKMMM 3aZla4aMH, pelllaeMbIMU ccTeMaMu. Tak, HallpuMep, B COOTBETCTBUU C KPH-
TepUSAMHU BBIJEIEHNS BEPIIUH IIABHBIM B CJIOBOCOYETAHUH ‘BCIIOMOTATENbHBIH IJIa-
ros + CMBICJOBOI, KaK B CMdaHem nucams, ABJASETCS BCIOMOTaTeIbHBIM I/1aroi,
OTHAKO MHOTHE CHCTEMBI TOCJIEJ0BATEIHHO YCTAHABIWBAIOT HANpPaBJIEHUE CBA3U
B ZIJAaHHOM cCJIy4ae ‘BCIIOMOTaTeIbHBIH [JIaTroJl «— CMBICJIOBOM I71aros’.

B pesynbpraTe aHanu3a pa36opos E.I. CokosioBoii 6blia cocTaBieHa Tabauiia
BO3MOXKHBIX PACXOXKAEHUH 110 OT/eIbHBIM TUIIaM cBsi3el (cM. http://testsynt.soiza.
com/files/var-synt.htm).

B manbHelimeM Iesecoo6pa3HO AOOUBATHCS TOTO, YTOOBI OTBETHI CHUCTEM
OZIMHAKOBO TNIPEJICTABIANIN HanboJee YaCTOTHHIE CIyYau, B KOTOPHIX ceivac Ha-
GJIIOAI0TCA PACXOXKAEHUA: HEOAHOCTIOXKHBIE COIO3BI U MIPE/JIOTH, CI0XKHBIE CJIOBA
¢ AedUCHBIM HaMMCAaHUEM; CBSI3b MEXAY OAHOPOAHBIMU YIeHAMU, MEX/Y TIaB-
HOU U MOJYNHEHHOM KJIay30U, MeX Ay COUMHEHHBIMU KJlay3aMHu (BKJIto4as HHTep-
MpeTaluio COI30B), COI03 B Havyaje IIaBHOM KJjay3bl; IJIaToJ-CBA3KY ¢ MHOUHU-
THUBaMH, UMEHAMHU, IpUJaraTeJbHbBIMU, IPUYACTUSIMU; TPYIIHI C KOJUYECTBEH-
HBIMU U MOPSAJKOBBIMU YUCIUTENbHBIMU (BKJIIOYAS MPE/JIOXKHBIE U ¢ MOAUUKa-
TOpaMu THUIA 6ojiee, MUHUMYM); CBS3b TOJJIEKAIIETO C UMEHHBIM CKa3yeMbIM;
CBA3b B IPyIIax BUZa ‘TpujaraTeabHoe + MpujaaraTeabHoOe + CyIIeCcTBUTENIbHOE’
U HEK. Ap.

4.2. AHa/IN3 OTBETOB CUCTEM: HpO6JIeMHBIe TOYKH

B 1mesoM, NpUATHBIM UTOIOM aHajJU3a OTBETOB CTAaJ BBEIBOJ, YTO B IIpeZesax
IIPOCTOTO NPeJJIOKEHU/KIay3bl HET «OOIBHEIX MECT», OOLIUX /A BCEX YIACTHH-
kxoB. CpeZin YacTHHIX TpobIeM MOXXHO Ha3BaTh CBOOOJHO IPHCOeAUHsAEMBIE IIpeJ-
JIOXKHBIE 3aBUCHUMBIE (UJIU Te, YTO OTCYTCTBYIOT B aKTAHTHOM CJIOBape WU He BHI-
y4eHBI cucTeMolt). Ec/iu B IpeiyIoXXeHU Y HAXOAUTCS HECKOJIBKO IIOTeHIIMATbHEIX XO-
351€B, TO CUCTEMBI BEIOMPAIOT MO0 JIMHEHHO IpeANIecTBYIOIIee CYyLUIeCTBUTENBHOE,
160 BEPIIMHHBIN [VIATOJ, TUO0 OIMKaNIi GUHUTHBIN I1aroJ B IEpEBE, OJHAKO
He BCe TaKHUe BApUAHTHI OYAYT CEMaHTHUYeCKH OIIPAaBAAHEL, cp. fomycTuMsle (1A-B),
(2A-B) u Hegonyctumele (1), (2B):

(1) Komnanus Google npodosycaem ykpenasims c60U NO3UUUL HA PbLHKE NPUJLOJCE-

Hutl 0ns coemecmHoti pabomaot.
A. °®nosuyuu — Ha pviHke
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B. %Xykpennsimb — Ha pblHKe
B. %®npunoxcenuil — 015 cogmecmHoll pabomuwl
I. * ykpenasims — 015 coemecmHoll pabomat.

(2) ... umo moxcem dobumscs ceoell yeau AUWB NPU OOHOM YCI08ULL...
A. %% 9obumuca — npu ycrosuu
B. %momcem — npu ycnosuu
B. *uenu — npu ycaosuu

BOJIBIIMHCTBO CUCTEM He CMOIJIO CIIPABUTBCSA € IPUMEPOM, B KOTOPOM IIPUCYT-
CTBYIOT TPY OJHOPOAHBIX oIlpeZiesieHnd BU/a X, Y U Z K CYLIEeCTBUTEIbHOMY:

(3) B kauecmee nunomuulx cyb6sekmos PP npusnanst Yensnbunckas, Tomckasn u Ap-
XaHeenbckas obacmu.

CucTeMBI MOT'YT OIIOOYHO CUUTATH, YTO IIEPBEIE OllpeiesIeHN A 3aBUCAT OT PO,
WY He HAaWTH CBS3U C HECOITIACOBAHHBIM I10 YHUCIIY CYIIECTBUTETbHEIM.

MHorue CUCTEeMBI OIIUOAIOTCA IPU 06paboTe UANOMATUYECKUX KOHCTPYKIIMH
«MaJIoT0 CHHTAKCHUCa», €CTU CpabaThIBAIOT albTepHATHBHEIE XapaKTePHEIE A PyC-
CKOT'O SI3bIKa IIabJIOHHI, CP. HEBEPHO MPUITUCAHHYIO aTPUOYTUBHYIO CBA3b B Mape 06-
yueHue — makoe (4):

(4) Ymo maxoe ob6yueHue?

B CIOXHBIX TIpeAOXKEHUAX, 6e3ycsoBHO, omnbok 6Gosbine. YacTo Habiio-
JalTcs npobieMbl ¢ HaXOXAEHUEeM BEPLUIMHBI B IIPeAIIeCTBYOUeH kiay3e. Ha-
npumep, B (5) x03si€BaMU BEPUIMHBI KJIay3bl Umofbl... 08U2AIACh... HA3BIBAIOTCS
803bmeM, 0b6pazyem, HO He IIEMEHTH B COCTaBe JeeNpPUIacTHOrO o6opoTa. AHa-
JIOTUYHO, MOTYT OCTaBaThCs He3aMeYeHHBIMH BEPIINHBI-CYLUIECTBUTENbHBIE WU
CBSI3KU THUIIA €CTh.

(5) Ecnu mbL 803bMeM KAKYHO—MO 3aMKHymyto @ueypy u obpasyem meepooe meJio,
epawas smy duzypy 8 npocmparcmaee max, umobwvL kaxidas mouka 08u2andcsb
nepneHOUKYASAPHO K NAOCKOCMU U2y pbl...

HaxkoHell, BO MHOTUX CJy4asXx HabI0JaeTcs JOXKHOe cpabaThiBaHUE CHUCTEM,
KOT7Zla IUCTAHTHO PACIIOIO}KEHHBIN 3aBUCUMBIH BEIXBAaTHIBAETCS Yepe3 TPAHUILY KJIa-
y3bl, a TaK)Ke HEHAXO0XK/EeHUEe CBSA3el /I HecJIoBapHBIX ¢yIoB (Hampumep, OC, Intel
uzp.)

5. 3axkimiouyeHue. toru popyma

Ha Haut B3m1az, HeCMOTPsI Ha O0JIbIIYIO0 BADUATUBHOCTD B TEOPETUYECKUX [TOJ-
X0ZaX, MIPaKTUYEeCKUX PellleHUAX, KadecTBe PabOoTEl CUCTEM, HECMOTPS Ha TO, 4TO
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HE yZasoch KOHBEPTHUPOBATh OTBETH CUCTEM B €AMHBIN (HopMaT, KOTOPHII MOXKHO
6BIJIO OBl aBTOMAaTUYECKHU COMOCTABUTH ¢ 30JM0ThIM CTaHAApTOM, IpoBeAeHUEe $o-
pyMa CHHTaKCHYeCKHX [IaPCEPOB aJI0 MHOTO II0JIE3HBIX PE3YJIbTaTOB:

OBLI CO3/laH BPYYHYIO pa3MeuYeHHBIH 3TajloH 06beMoM B 800 mpeioKeHUH,
a TaK’Ke IlepeZiaHa B o0IIlee NOIb30BaHUE UHCTPYKIUSA, SKCIIUIUTHO MOSACHA-
IOIIAs Te VIV UHbIe PelleHUs

JJIS1 CUCTeM, IIPeJCTaBUBIINX Pe3y/IbTaThl, OB CO3JaH PEECTp PACXOXKIEHUMH,
KOTOPBIH MOKET ObITh 0600IIEH ZI0 peecTpa AOMYCTUMBIX OOIETEOPETUYECKUX
pelleHNH U TabIUIIBI UX «9KBUBAJEHTHOCTH»

6bLTa OCO3HAHA HEOOXOAMMOCTD «IIYOJIMYHOCTH» 3TAJOHHOTO OOIIE3HAYMMOTO
TpubaHKa ¢ mapaJileIbHOH pa3MeTKOH pasHBIMHM CHCTEMAaMU, aKKyMYJIUPYIO-
Imas MHOXKECTBA TErOB U IIPUHIIUIIOB Pa3bopa; 0cCO6EHHO LieHeH TaKOH pecypc
JJ1s1 pa3pabOTINKOB, YbM 3HAHUS O CHHTAKCHCE He BEIXOZAAT 33 PAMKUY IITKOJIBHON
IIPOrpPaMMEI, a TAKJKe JJIT Pa3BUTHSA CUCTEM, «BaPALIUXCS B COOCTBEHHOM COKY»
Pa3paboTYUKU CUCTEM IOJYUMJIU OTKPBITBIM JOCTYI K CBOMM IIPOMEXYTOY-
HBIM OILleHKaM; 0 cpaBHeHUIO ¢ popymom 2010 roza, yaaaoch f06UTbCsS 601b-
IIero B3aNMOZEUCTBUS OPraHU3aTOPOB U Pa3pabOTINKOB IIPU ITOATOTOBKE J10-
POXeEK U 0OCYKJAeHUH Pe3yIbTaTOB

[JIABHBIH UTOT: 0 Ha4yaja O6bABIEHUSA COPEBHOBAaHUM TPYZHO OBIJIO OLIEHUTH
00IIYI0 CUTYAIINIO C COCTOSTHUEM aBTOMATHYeCKOTI'0 CHHTAKCHYECKOT0 aHaIK3a
B Poccuu: KaKye CUCTEMEL ITpe/ICTaBIeHbl, Kakye GOpMaaru3MEbl HCIOTb3yIOTCS,
KaKue MPUHLUITE YCTAHOBJIEHNUS CUHTAKCUYECKOM 3aBUCMOCTH MEXAY elu-
HUIIAMU [IpeJJIOKEHN TIOI0KEHDI B OCHOBY, KAKOBO MHOXECTBO CHUHTaKCHYe-
CKUX OTHOIIEHUH, KOTOPhIe chcTeMa pa3indaerT. [[poBeieHHOE COPeBHOBAHUE
II03BOJINJIO, B OIIPeZieJIEHHO CTENIeHH, TaKyI0 KAPTUHY COCTaBUTD.

[TepcrieKTUBEL IPOAOIKEHN GOpPyMa HAM BUAATCA B JajJbHeHIIel aBTOMaTH-

3alMU SKCIEPTU3HI U ellle GOJIbIIel ee OTKPHITOCTH; B TOM, YTOOBI TOBBICUTH I'b-
KOCTB OIIeHOK C YY€TOM KOMMEHTAPHEB I10 MPUHI[UNNATBHBIM PENIeHUAM, BbICKa-
3aHHBIX pa3paboTYNKAMU; B COAEPIKATENTbHOM KJIFOUYE XOTEIOCH OBl 60JIblIlee BHUMA-
HUE yeJIUTh TUITaM CHHTAaKCUYECKUX CBSA3€eH 1 06paboTKe CIOKHBIX TIPEAIOKEHHU .
A y pa3pabGoTYMKOB, B CBOIO OYepe/ib, OyeT BO3MOKHOCTD YAYUIIUTEh Pe3yIbTaThl
C y4eTOM HaKOIIEHHOTO COPEBHOBATEIBHOT'O OTIBITA.
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The paper presents ABBYY Syntactic and Semantic Parser that was a par-
ticipant of the Dialog 2012 Syntactic Parsers Testing Forum. We will refer
to the parser technology (both parsing algorithms and linguistic model)
as Compreno technology. We do not touch on any evaluation issues, as they
are tackled by the Forum panel. Instead, the paper makes public some un-
derlying principles of the parser. What we want to communicate directly
concerning the testing are the features of the project which are both rel-
evant to the comparison of our results with the “gold standard” adopted
by the panel and, at the same time, important for the whole architecture
of our technology.

Key words: syntax, semantics, natural language processing, parser

Introduction

Essentially, what a parser strives to extract from the sentence is who did what
to whom (when and where). The question is what level of representation is aimed at.
In Compreno project, the ultimate goal is to achieve not only the syntactic disam-
biguation, but the semantic one as well. Semantic and syntactic representations are
viewed rather as two facets of the same structure (much as in the mainstream G&B /
P&P approach), than as two distinct types of structure (as, for instance, in LFG). An-
other (interrelated) feature of the Compreno parsing technology is that syntactic and
semantic disambiguation are processed in parallel from the very start (in contrast
to the architecture more usual for the NLP systems — the semantic analysis follows
the syntactic one). This Compreno peculiarity makes it difficult to adapt analysis
structures for the surface syntax testing requirements.

The objective of immediate semantic interpretation for a syntactic structure
determine some features of the syntactic structures in question. The most evident
one is the heavy use of null elements. The model case of null element is phoneti-
cally null subject of non-finite clause. For example, in equi-predicates and raising
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predicates, the null subject of infinitive is coreferential with an argument of the
matrix predicate.

Another huge class of mismatches also comes from different perspectives, taken
by the Compreno project and the Golden Standard (GS). Within the purely syntac-
tic framework of the GS, functional words (such as prepositions, conjunctions, and
complementizers) are treated as heads, while in Compreno syntax, they are depen-
dent nodes. The same goes for a little more complicated 6osee yem-construction
(8 meuenue 6osiee uem copoka Jjiem; nodagams 0OKymeHmbL 8 60Jiee ueM NAMb 8y308).
The GS picks up 6oiee as the head of the construction (a natural decision, within the
syntacticocentric approach), for Compreno, the semantic link to the noun is more im-
portant (for example, we immediately obtain the collocation nodasams dokymernmbt
8 8y3(vt) ‘submit documents to institutes’, without any intervening nodes).

A final example of discrepancy to present here is clause attachment in examples
like He ebt3bi8aem comHenus, umo... ‘No doubt...”. Compreno parser attaches the umo-
clause to the noun licensing it; thus we can count statistics concerning the frequency
of umo-clauses with specific nouns.

The task of the normalization of Compreno syntactic structures for the parser
competition was all but trivial, taking into account striking difference between the
two syntactic representation (when two or more discrepancies occurred in the same
clause, the situation could became even more complicated).

The Compreno Linguistic Model
1. Basic syntax
1.1. Dependency links and constituent structure

The syntactic structure of a sentence is represented as a syntactic tree, aug-
mented with non-tree links. Tree links encode syntactic dominance; non-tree links
capture conjunction, anaphora, distant agreement, and other non-local dependencies
between nodes.

The syntactic trees modeled within the Compreno framework may be seen ei-
ther as projective dependency trees or, alternatively, as constituent trees, where every
non-terminal node has one terminal child (its lexical head, or core) and zero or more
non-terminal children.

Projective dependency trees are such that their subtrees correspond to contigu-
ous chunks of text (which means that if A and C are descendants of X, and B is linearly
between A and C, then B is also a descendant of X). This property allows us to speak
of subtrees and constituents interchangeably.

1 Projective dependency trees are obviously isomorphic to constituent structures with lexi-
cal heads: “words” correspond to “lexical cores”, “subtrees” to “constituents”, “dependency
links” to the relations between the (cores of) constituents and the (cores of) their child

constituents.
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Children fill certain syntactic slots within the parent (e. g. articles fill the “$Ar-
ticle” slot within noun phrases; the link between a verb and its subject is labeled
"$Subject” and so on). Most syntactic links also get a semantic interpretation, with the
exception of function words (such as auxiliary verbs, conjunctions, or prepositions),
and displaced elements (see below).

We treat conjuncts as sisters, i. e. daughters of a common parent.

1.2. Linear order

As in HPSG, the description of possible linear orders is kept separate from the
description of possible constituent structures. Suppose, {Slot 1 ... Slot N}
is a set of syntactic slots, available inside a noun phrase. E.g. $Article is in this set,
and also $Modifier_Attributive, $OfPostmodifier and many others. A linear order
template would look like this:

(9 slot 1 [Slot 2 Slot 3] Core Slot 4 (Slot 5 | Slot 6) Slot 2

Not all slots must be filled, but if they are filled, then the fillers must be in this
order with respect to the core and to each other. Square brackets mean that any order
is allowed. Vertical bar means that only one of the alternatives is allowed.

Alinear order description is a set of variants. A variant is a pair of:
* agrammarexpression thatis matched against the grammar value of a constituent,
* alinear order template.

Variants are needed because linear orders may vary (e.g. in declarative and in-
terrogative sentences).

Anumber of inferences can be made from such descriptions. For example, we may
know that some slot is never allowed before the core in noun phrases. Such inferences
are automatically extracted, stored away and later used by the parser.

1.3. Morphological and syntactic categories

A morphological paradigm is a multi-dimensional table, where dimensions are
the morphological categories (= attributes), and columns or rows are morphological
grammemes (= values).

Ideally, all cells in the table must be filled with single word-forms. But how
should we deal with analytical verb forms (e. g. futures or passives that require aux-
iliary verbs)? If we put them in the table, we leave the realm of morphology proper.
Auxiliary verbs fit into the internal structure of verb phrases (in syntax), not into the
internal structure of verbs (in morphology).

This approach can be generalized to other grammatical elements as well.
If auxiliary verbs are part of verbal paradigm, then prepositions are part of nominal
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paradigm. So in addition to the morphological category of Case with grammemes
<Nominative | Genitive | Dative | ...>, we now have the syntactic category of Extend-
edCase with grammemes <ECabout | ECafter | ... | ECwithout>.

Finally, for every syntactic slot $Slot we can create a binary category SlotCat-
egory with grammemes <SlotFilled | SlotNotFilled>. For instance, noun phrases that
contain an “of”-postmodifier (“[the father [of John]]”) get the <OfPostModifier>
grammeme.

The move from purely morphological inflectional paradigms to morphosyntac-
tic paradigms including analytical forms (of, e.g., tense) is a traditional one. What
is unusual in the Compreno approach is the inclusion of the absolutely asymmetrical
oppositions in the paradigm. E.g., the absence of a modifier is not likely to be per-
ceived as a zero instantiation of some binary opposition. But in Compreno project, the
grammeme is a universal means to refer to any syntactic configuration (see also the
next chapter).

1.4. Syntactic levels and syntactic forms

At the core of the Compreno framework lies the notion of syntactic paradigm.
The notion may at first sound odd, but it is a natural extension of the traditional notion
of paradigms in morphology. Moreover, this move is not a new one. The term syntactic
paradigm was used by Kenneth L. Pike [4]2. The theoretical perspective of notions
morphological paradigm vs. syntactic paradigm is discussed in detail in [6].

The set of categories and available grammemes for a certain part of speech
is composed of multiple sources. First, there are morphological categories that
come from the morphological dictionary (e.g. case or gender of adjectives). Second,
there are classifying categories for lexemes; their grammemes are assigned manu-
ally to some lexemes that have non-trivial syntactic properties (e.g. Russian numer-
als from 2 to 4 are marked <SmallNumeral>). They can be viewed as extensions
to morphology. Third, there are classifying categories for classes. Fourth, there are
syntactic categories, to be discussed here. Finally, there are special categories, such
as Capitalization; their values are supplied by the processing engine.

A pair of a lexeme and a lexical class uniquely selects a syntactic paradigm,
which defines a full range of syntactic possibilities allowed.

A paradigm is a set of syntactic levels, each of which defines some aspect of syn-
tactic structure. Logically, a paradigm is a conjunction of levels: the constituent has
to match all of them. Some levels are universal (i. e. defined for parts of speech, e. g. for
all noun phrases), some lexicalized (i.e. defined for branches of semantic hierarchy).

A syntactic level is a set of syntactic forms, each of which defines a specific syn-
tactic configuration. Logically, a level is a disjunction of forms: the constituent has
to match at least one of them.

2 The founder of tagmemic grammar; he also coined the term grammeme, heavily used in Rus-
sian linguistic, including the Compreno project, but almost uknown in the Western tradition,
see [12].
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Levels are associated with categories of syntax; forms are associated with spe-
cific grammemes. If a constituent matches a form, it gets a corresponding grammeme.
A syntactic form may specify, among other things:
* agrammarexpression thatis matched against the grammar value of a constituent,
¢ zero or more surface slots that must be filled,
« for each surface slot, a set of semantic slots, available as its semantic interpretation.

There are syntactic categories that are parallel to morphological categories. For
example, verbs have morphological Tense. Bun in analytical forms, the Tense is mor-
phologically expressed on the auxiliary verb. So we have a syntactic category Syntact-
icTense. When the main verb is finite, its SyntacticTense follows its Tense; but when the
auxiliary verb is finite, the main verb copies its value of SyntacticTense by agreement.

1.5. Underspecification

A word-form (or a constituent) can be underspecified with respect to some cat-
egory. For example, plural forms of Russian adjectives are underspecified for Gender.

In many cases, morphological ambiguity is resolved by syntactic context; but some-
times it must remain. For example, some Russian nouns have identical forms for Genitive
and Accusative, and in some constructions both Genitive and Accusative are allowed.

If a morphological ambiguity cannot be resolved, we say that the grammar value
is underspecified in some category.

Underspecification is intimately connected to three-valued logic. (Indeed, the question
“Is this word-form Genitive?” now has three possible answers: “Yes”, “No” and “Maybe”).
Also, it naturally lends itself to use in unification algorithms (more of which later).

1.6. Grammar expressions

The name of a grammeme can be viewed as a predicate, and such predicates can
be combined by standard means of predicate logic: conjunction, disjunction, negation
and bracketing. So we get grammar expressions, as the following®:

(8) ~Present | Imperfective
(4) ~(Present, ~Imperfective)

Grammemes in a grammatical category form a set; so negation means comple-
mentation in that set. Suppose a category A with grammemes {al, a2, a3}.The
expression <~al>is equivalentto <a2 | a3>.

Grammar expressions are used in many places. Most importantly, they restrict
the set of possible parent-child combinations in syntactic trees.

3 Those are two ways to express logical implication.
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1) Syntactic slots (or, alternatively, links) are special objects with their proper-
ties. The major property of a slot is “government”, which is a grammar expression
describing the allowed form for the child node.

2) Syntactic slots are connected to “syntactic forms” of the parent constituent.
The concept of “syntactic forms” will be explained later. What is important now is that
syntactic forms have grammar expressions describing the parent node. For example,
comparisons (“than X”) can be attached to adjectives, only when adjectives have com-
parative degree (“bigger than X”, but not “big | biggest than X”).

When a grammar value of a would-be child is matched against a grammar ex-
pression of the slot, the expression can return “false” or “true”. “True” means “possibly
true”, because the grammar value can be underspecified.

Suppose we check if an indeclinable noun can be a dative object. The government
of the slot demands <Dat ive>, but the noun has <Nominative|Genitive|Dative]..>.
The check returns “possibly true”, but the contradictory grammemes remain in the gram-
mar value of the noun. But when, at some stage of parsing, we commit to having this
link in the tree, the contradictory grammemes <Nominative|Genitive|..> are filtered
from the grammar value, and only <Dative> remains.

1.7. Agreement

An agreement rule is a set of variants. An agreement variant is a triple of:

1. a grammar expression, that is matched against the grammar value of the
first node;

2. a grammar expression, that is matched against the grammar value of the
second node;

3. alist of agreement categories, in which the two nodes must have the same
grammar value.

Logically, an agreement rule is a disjunction of its variants, and a variant is a con-
juction of its three parts.

Agreement is checked between two nodes, connected in some way. The rules
of agreement are auxiliary to the rules that create connections. Depending on the type
of the main rule, the “first and second nodes in agreement” can be parent and child, or left
conjunct and right conjunct, or noun phrase and anaphoric pronoun that refers to it.

2. Null elements
2.1. Motivation for null elements
The use of null elements in linguistic frameworks is contentious. On the one hand,

null elements simplify syntactic rules, and make surface structures closer to their
semantic interpretations. On the other hand, null elements remain a theoretical
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construct, not directly supported by the observable data, and, more importantly, they
come with a high computational cost.

From the algorithmic point of view, null elements fall into two groups. Null ele-
ments that have no “real” descendants are not important in the early stages of parsing.
The decision about their existence can be postponed until a syntactic tree has been
built. Such unproblematic cases will be discussed in the next section. Null elements
that can have “real” descendants make more trouble, leading to an undesirable pro-
liferation of hypotheses at early stages of parsing. So it is worthwhile to consider the
reasons for having null cores.

The substantivation of adjectives, as in (12), and coordinate ellipsis, as in (13),
can be easily analyzed both ways:

(12) The politicians and the rich did not bother.
(13) It improves the flow of traffic not in one direction but in two.

From the purely syntactic point of view, it is also possible to allow adjectives and
numerals in nominal syntactic positions, and to allow their combination with articles
and prepositions. But postulating zero nouns (the rich people, in two directions) not
only allows us to keep syntax simple, it also makes possible to attach lexical mean-
ing (e.g., ‘direction’) to a separate syntactic node, making other computations more
straightforward.

Example (14) is more difficult for us, because we take prepositions to be children
of nouns:

(14) Privacy of and access to information.

Here again ellipsis greatly simplifies the structure ([privacy [[of] informationl]);
but with some ingenuity we could do without it.

2.2. Ellipsis templates

An ellipsis template describes a fragment of syntactic structure. It specifies both
linear and hierarchical relations between constituents. It can mention coordination
links. It can check grammar value of nodes against grammar expressions. In short,
a template can refer to most aspects of the final structure.

One or more nodes in the template bear the label “new”. Those are the null ele-
ments. If we can insert them in the sentence, so that the resulting structure fits the
template, then null elements are created. (Their existence remains hypothetical; they
can make their way into the final structure, or they may not.)
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We will not describe the syntax of ellipsis templates here, but the basic idea
of a linear-and-hierarchical template is certainly familiar to the reader.*

A word of caution is in order. Ellipsis is good for people, as it keeps the gram-
mar simple and intuitive; but the real computational gain comes from templates, not
from the use of ellipsis per se. While most other grammar rules are binary and local,
templates are holistic, and offer a rich view of the context. If the context is wrong,
the template can be rejected very fast. An immediate-constituent grammar designed
to handle ellipsis would create many false hypotheses which would then die slowly
and painfully, littering the syntactic graph for a while.

2.3. Movement rules

Many models of dependency syntax (most notably, the Meaning-Text Model
by Mel’chuk) allow non-projective links to capture long-distance dependencies. Con-
sider, for example, the following sentences:

(16) Kyda mut xouewrs, umobbl A nowén?
(17) Od0Hy cymKy emy paspewiuau ocmaguma.

Our model handles such cases thus:

* The displaced element is attached to the linearly suitable “adoptive parent”,
which must be an ancestor of its “true” parent,

* Itis attached in a special slot that has no semantic interpretation.

» This special slot triggers a rule, which searches the subtree of its “adoptive” par-
ent, looking for a place to put a “proform”, or “movement trace”.

* Anon-tree link is created between the displaced element and its proform.

Walking the syntactic tree from the displaced element to its proform,
we go one step up (to the “adoptive parent”) and several steps down (to its “true
parent”, under which the proform is attached). The movement rule specifies the
descending part of this path in a path template. As in the previous section, we will
not discuss the exact syntax of path templates. In a way, they resemble regular
expressions.

At one phase of the translation process, a structure is transformed so that all
movements are discarded, and all displaced elements return to their “true” parents.

4 Querying and transforming XML, for instance, requires similar techniques, since the struc-
ture of an XML document is both linear and hierarchical, with some non-local references
between nodes.
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2.4. Syntactic control

A similar mechanism to movement is used to capture control constructions, dis-
cussed extensively by the generative grammarians:

(18) Alice promised Bob to come.

(19) Alice persuaded Bob to come.

(20) Bob was persuaded to come.

In this construction, the null subjects of infinitives are controlled either by sub-
ject, as in (18) and (20), or by direct object, as in (19). Technically, the infinitive is at-
tached in a slot that triggers the rule of control. This rule has several variants, corre-
sponding to the configurations in (18)—(20). Note that the variants have to check both
syntactic grammemes (active vs. passive voice), and classifying grammemes (what
type of control is associated with specific verbs).

3. Semantics

3.1. The Semantic Hierarchy

In Compreno project lexical items are organized in the form of a thesaurus hi-
erarchical tree. The tree consists of language-independent branches (nodes), called
semantic classes. These classes are filled with lexical contents in natural human lan-
guages (now the descriptions of Russian and English are available, German, French,
Chinese — in progress).

Classes of the upper levels are classes denoting general notions — such as en-
tities or actions. Classes of the lower levels represent more particular notions. The
resulting taxonomy mostly varies from 3 to 10 levels (unlike “natural” taxonomies
that are limited to five levels, according to [1]). The deeper the terminal branch of the
taxonomy is the more specific notion it can contain, e.g. freely convertable currency’
is located on the 6th level of the hierarchy while ‘money’ is on the 4th:

FREELY CONVERTABLE CURRENCY < CURRENCY < MONEY < INFORMA-
TION AND SOCIAL OBJECTS < ENTITY < ENTITY-LIKE CLASSES.

The upper-level semantic classes (in this case, INFORMATION AND SOCIAL
OBJECTS, ENTITY, ENTITY-LIKE CLASSES) usually contain other semantic classes.
The terminal branches (in this case, FREELY CONVERTABLE CURRENCY), by defi-
nition, contain no sub-branches, but only “leaves”, language-specific lexical classes
(in this case, English term ‘freely convertible currency’, Russian term ‘c80600HO
kxoHgepmupyemas gantoma’ and Russian abbreviation for the term — ‘CKB’). The in-
termediate classes (CURRENCY and MONEY) can include both lexical classes and
semantic classes: i.e., MONEY includes lexical classes ‘Dembzu — money’ as well
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as semantic classes CURRENCY, DEPOSIT, FUND, INTEREST, SAVINGS and so on.
Lexical classes adjoining semantic classes (like ‘money’ here) are hyperonyms for the
classes located below.

Lexical class is often a set of several words with the same root: the lexical class
‘Oenveu’ (‘money’), for instance, includes lexemes ‘Oenveu’, ‘OeHexncHblil’ (‘monetary’)
and ‘6e3denexnchslil’ (‘moneyless’). The lexemes ‘Oexbeu’ and ‘Oenencrsiil’ differ in syn-
tactic category only, while ‘6e3denenchsiii’ also has evident semantic distinctions.
So lexical classes (as well as semantic classes) usually represent not a single meaning,
but rather a set of closely related meanings.

All words the hierarchy contains are provided with grammatical and semantical
information. We refer to the semantic information units as semantemes by analogy
with grammemes (more often the term seme is used for similar purposes).

Semantemes are language-independent meaning elements that perform several
functions. Distributional semantemes, for instance, are used for grouping classes
with similar properties from different branches of the semantic tree which facilitates
to describe the semantical compatibility of such classes (i.e., ‘plants’ and ‘metals’ both
have a <<Substance>> semanteme, ‘soup’ and ‘tears’ — semanteme <<Liquid>>).
Differential semantemes help to differentiate lexical items within one semantic
class (‘ffat’ has a <<PolarityPlus>> semanteme vs ‘thin’ — <<PolarityMinus>>;
‘6abku’ (slang word for ‘money’) differs from neutral ‘Denszu’ with a <<SocialStatus-
Low>> semanteme).

The descendants of one lexical class that differ in semantemes are called seman-
tic derivates. The above-mentioned ‘6e3denencHsiil’, for example, is a semantic deri-
vate of the lexical class ‘Oenver’ marked with a semanteme <<NotToHave>> and thus
is translated as ‘moneyless’ with the same semanteme.

There are as well derivates, especially verbal, that are formed by regular mor-
phological models, express the same semantical relations and differ from the ‘neutral’
derivate in the semantic valencies they can have. For instance, verbs like ‘siuums —
sew in, eksieums — glue in, 88sazams — knit in’ express the semantic relations of con-
tact with another object and localization inside the other object, and are all formed
with the same means — ‘B-’prefix in Russian and ‘in’-particle in English, which influ-
ences on the semantic valencies they can have as well.

Such semantic derivates are marked with derivatemes — set combinations
of corresponding grammemes and semantemes, which helps to describe both the
syntactic and the semantic features of these derivates (for more detailed analyses
see [9]).

3.2. Semantic slots

The semantic links and relations between words are expressed with the
help of semantic slots, which, to some extent, correlate with semantic valencies
in L. Tesniere’s dependency grammar theory [7], deep cases in Ch. Fillmore’s case
grammar theory [3] or semantic and thematic roles in later linguistic models and
conceptions.
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An important difference is that the earlier theories as well as later studies gen-
erally focus on verbal arguments, underlining the difference between complements
and modifiers, while in Compreno project all possible semantic dependencies are
taken into account. IL.e., there are not only semantic slots corresponding to widely
used semantic roles such as [Agent] in ‘[the boy] works’ or [Instrument] in ‘the letter
is written [with a pen]’ but also characteristical slots like [Ch_Evaluation] in ‘{beau-
tiful] dress’ or [Ch_Emotion] in ‘He looked [surprisingly] exhausted’, parenthetical
slots like [ParentheticalSpecification] in ‘you, [for example]’ and plenty of others:
[RepresentedFormOfObjectOrCharacteristic]: ‘rain [in large drops]’, [Function]:
‘work [as a teacher]’, [Specifier_Number]: ‘gate [1]’ and so on, more than 300 slots
in total.

Semantic slots are language-independent objects, like semantic classes, and ac-
quire their surface syntactic realizations in every language. IL.e., semantic slots corre-
spond to surface, or syntactic, slots like $Subject, $Object_Direct, $Modifier_Attribu-
tive and so on (surface slots are marked with the ‘$’ sign).

The semantic hierarchy is organized according to the inheritance principle:
many slots are introduced on the upper levels and the child semantic classes inherit
them. For instance, locative and temporal adjuncts as well as some characteristical
slots like the above-mentioned [Ch_Evaluation] are introduced on the very top of the
hierarchy as such constituents can be governed by almost any cores: ‘a book [on the
table], most important [in the world], working [at school]’.

Conditional and concessive clauses, in turn, are usually governed by verbal
classes only, so the [Condition] and [Concession] slots are introduced on a lower
level and cores with entity-like semantics don’t inherit them. Constituents with the
semantics of motive (such as ‘to love smb. [for his talent], to criticize smb. [for wanting
to break the rules]’) or attributes like ‘powerful’, ‘twenty-watt’ are attached just to the
classes with rather particular semantics, so [Motive] and [Ch_Parameter_Power]
slots are introduced even lower.

Another important restriction on the semantical compatibility is a filling of the
semantic slots: each semantic slot can be filled with a strict set of the semantic classes.
Le., [Agent] is mainly filled with beings, organizations and some territorial units:
‘fwe/our school/Russia] agrees, that...’, while [Condition] slot can be filled with any
verbal classes.

Slots with similar semantic roles but different fillings are grouped in classes.
Thus, [Agent_Class] includes [Agent_Route], [Agent_Device] and [Agent_Meta-
phoric] besides [Agent] itself. Whereas [Agent] is a slot widely used with different
cores, [Agent_Route], for instance, is a slot that mainly verbs of motion have. It is filled
with classes like ‘ROAD’, ‘STAIRS’, ‘RAILWAYS’ and other possible ‘routes’. Introduc-
ing such a slot helps to describe regular metaphors like [the stairs] went up, [The rail-
way line] follows the coast’ and to avoid creating corresponding homonyms for the
motion verbs in the hierarchy (as it is usually done in most dictionaries).

Another strategy to describe selectional restrictions is using a widely filled
slot, which can be introduced on a relatively high level and narrowed lower on some
particular classes: i.e., [Object] slot can normally be rather widely filled (‘to see
[a boy/a house/somebody’s beauty/uncertainty]’), but some verbs — like ‘eat’, ‘drink’
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or ‘smoke’ — demand the narrowing of its filling (here is when the above-mentioned
distributional semantemes help).

To avoid the ‘repairing contexts’ problem (compatibility problem occurring
in contexts allowing the violations of the selectional restrictions, such as Tl eat
[my hat] if Kim ate [a motor-bike]’ [5]), we define two sets of fillers for each semantic
slot: the allowed one and the preferred one. So when the narrowing is necessary, gen-
erally only the preferred fillers are reduced.

4. Disambiguation

In Compreno, we talk of homonymy (not distinguished from polysemy) in a situ-
ation, when one lexeme belongs to several lexical classes, and of synonymy — when
one semantic class has several lexical classes with the equivalent set of semantemes.

At the early stages of parsing we build the syntactic tree from lexemes, leaving
the semantic ambiguity unresolved as long as possible. By delaying the choice of a spe-
cific lexical class, we gain computational efficiency.

The syntactic relations between words can also be rather ambiguous. English
nominal premodifiers are a good example: cf. street fight and sword fight (with “street”
and “sword” denoting place and instrument respectively). L.e., syntactic homonymy,
or polysemy, occurs in a situation when one syntactic relation has several semantic
interpretations. Syntactic synonymy, in turn, occurs in a situation when one seman-
tic relation has several syntactic realizations (e. g. John’s father = the father of John).

To deal with this effectively, we distinguish syntactic and semantic rela-
tions (through introducing the above-mentioned semantic and syntactic slots), just
as we distinguished lexemes and semantic classes. Syntactic relations are language-
specific, while semantic relations are language-independent.

At the early stages of parsing the edges of the syntactic graph are labeled with
syntactic relations only. The semantic ambiguity is kept unresolved as long as possi-
ble. By delaying the choice of a specific semantic relation, we also gain computational
efficiency.
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In this paper we describe the SyntAutom parser submitted at the Dia-
logue-2012 parser evaluation task. It is a rule-based system, which per-
forms syntactic and morphological ambiguity resolution in a unified frame-
work. The underlying grammar formalism is Dependency Grammar. The
segmentation, shallow parsing and deep parsing are based on a special
form of finite-state pushdown automatons, implemented as a sets of recur-
sive functions. The input of the automaton is a lattice of objects — these
may be words or shallow trees. Within the functions we have implemented
a mechanism of branching and multiple return — a possibility for a function
to generate a bunch of states.

We discuss the system architecture, the output parsing trees structure
and the common types of incorrect analyses. The distinctive feature of the
system is that it tends to directly connect meaningful words, while auxiliary
words are demoted to the lower tree levels.

Although the system experiences the common problems of most rule-based
systems, it has proven its applicability in a range of real-world applications.

Keywords: natural language parsing, rule-based parser, dependency
grammar, Russian syntax

1. Introduction

This paper briefly describes the Russian dependency parser SyntAutom pre-
sented at the Dialogue-2011 parser evaluation task. It is a rule-based system, which
performs syntactic and morphological ambiguity resolution in a unified framework.
The previous versions of the parser are described in [1, 2].

The underlying grammar formalism is Dependency Grammar[3, 5, 6, 8]. The
search algorithm is bottom-up and depth-first. The parsing strategy is based on a spe-
cial form of finite-state pushdown automaton, implemented as a set of recursive func-
tions. The input of the automaton is a lattice of objects — these may be words or shal-
low trees. An automaton state has access to the current position in the sentence, the
global parameters(e.g. the closeness of the sentence boundary, the syntactic class
of the previous independent tree), the parameters of the last read object and the pa-
rameters of all objects in the stack. Possible transitions to other states are specified
by parsing rules, based on whether the current state parameters satisfy the certain
conditions.
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We have developed a native formalism for writing parsing rules in form of func-
tions. Each function has a predefined scope — objects and parameters that the func-
tion can manipulate. All functions also have access to global parameters. Within func-
tions we have implemented a mechanism of branching and multiple return — a pos-
sibility for a function to generate a bunch of states. All newly created states are then
processed independently.

An automaton path is a sequence of states, which corresponds to a contiguous
fragment of the input sentence. Each path reveals dependencies between words. Due
to the morphological and syntactic ambiguity many different paths can be associated
with the input sentence or its fragment. When all paths are explored, the parsing tree
is reconstructed according to the dependencies found along the best path.

The automaton does not allow to skip any words. Obviously one cannot expect
to find a full parse tree for all the unrestricted variety of natural sentences. So the
common convention is to allow the sentence to break on several parts and look for
the best partial parses. The pushdown automaton can split the sentence every time its
stack is empty. Then it begins parsing from the next word as if there was a sentence
boundary before it. Different paths can put partial sentence boundaries in different
positions.

We describe the overall structure of the system in Section 2. In Section 3 we spec-
ify the parser output format and explain representation of some specific syntactic
structures. We discuss the limitations of our parsing approach in Section 4. Section
5 describes applications of the system. We conclude in Section 6.

2. System architecture

As a rule-based system, SyntAutom relies on hand-built parsing rules and mor-
phological dictionary, as well as some additional data sources. The parsing process
is represented in Figure 1.

2.1. Segmentation and morphological analysis

SyntAutom has a sophisticated segmentation procedure, which is responsible for

the detection of:

* sentence boundaries (if the input is not sentence-splitted);

* phrases that function as single words;

* complex tokens (e.g. e-mail, url);

* proper names;

¢ compound cardinal numbers;

* hyphenation.

The segmentation procedure also represents a finite-state automaton, imple-

mented as a set of functions. The automaton receives a string of low-level textual to-
kens as input. The output of this stage is a lattice, representing different segmentation

105



Antonova A. A., Misyurev A. V.

options, morphological and structural ambiguities, including possible multiword
expressions. Due to morphological ambiguity a surface word can be associated with
different lattice nodes, having different lemmas or different sets of morphological
features. We call such nodes morphological interpretations. Each morphological in-
terpretation is assigned a set of lexical features (e.g. from morphological dictionary
or valence list). Unknown words are analyzed heuristically, by finding similar words
in morphological dictionary.

The texts provided by the Dialogue-2011 parser evaluation task had been sen-
tence-splitted and tokenized by the organizers. That probably reduced the number
of certain segmentation mistakes.

Low-level tokenization > 1

Token sequence

Segmentation and
morphological analysis 1

Segmentation lattice

| Shallow parsing >

Lattice of shallow trees

| Deep parsing >

Best parsing path

| Post-processing >

Output tree

Figure 1. The system architecture

2.2.Verb valences

Typically, morphological dictionaries do not contain information about verb va-
lences. At the same time good-quality valence information is crucial for the perfor-
mance of a rule-based system. We manually created lists of verb valences for more
than 12'000 Russian verbs. The following valences for a verb are indicated:

1) a subject in nominative case;

2) an object in accusative case;

3) an object in dative case;

4) an object in genitive case;

5) an object in instrumental case (optional);
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6) a subordinate clause, beginning with “uto”(“that”);

7) a subordinate clause, beginning with question words (“rae”(“where”),
“xorga”(“when”), “kax”(“how”), “mouemy”(“why”), “kaxoit”(“which”),
“geit”(“whose”));

8) possibility to be auxiliary for another verb (see section 3.4)

Some valence combinations are mutually exclusive. We provide each verb with
possible combinations of the 8 valence types, instead of indicating each valence inde-
pendently. For example, possible combinations for the verb “xxaners” (“be sorry”) are
[1,2], [1,4], [1,6]; “yrpoxkats” (threaten) — [1,3,5], [1,3,6]. The same logic can be ap-
plied to adjectives and nouns, some of which can also have special valences.

2.3. Shallow parsing

At the shallow parsing stage the system tries to detect simple phrasal groups that
cannot have recursive structure. We do not use pushdown operations on this stage.
The shallow parsing strategy can be described as a simple finite-state automaton with
right-to-left expansion'.

Examples of shallow trees that can be constructed on this stage:

1. Noun phrase with left modifiers (except for left participle when it has its own
complements).
“6oubiioii ;om” (“big house™);
“6osbiioii kpacuBbiii gom” (“big beautiful house”);
“oueHb 6osbIION JoM” (“Very big house”);
“aBafuaTth ABa bonbiux goma” (“twenty two big houses™);
“c 6oapiuM gomoMm” (“with a big house”);
2. Adjectival or verb phrase with left modifiers.
“oueHb OBICTpPHIN” (“very fast”);
“6ricTpo 6exan” (“ran fast”, literally “fast ran”);
“oueHb ObICTpO Oeskan” (“ran very fast”, literally “very fast ran”);

The output of the shallow parsing is a lattice of shallow trees, and it is the input
to the deep parsing automaton. The shallow parsing finds rather simple phrases, but
it helps to save time for the computationally heavy task of deep parsing.

2.4. Deep Parsing

Deep parsing deals with long-distance dependencies and embedded structures -
that is why pushdown operations(stack) are necessary here. The deep parser strategy

1 Since we mostly explore left modifiers, at this stage the automaton reads words from right

to left.
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is bottom-up, depth-first, with left-to-right expansion. The parser performs non-deter-
ministic, exhaustive search. It does not attempt to resolve each decision as reached,
but rather pursues all alternatives. The parser cannot skip words. Even punctuation
and unknown words must have their place in the tree.

An important optimization, that allows to avoid repeated analyses and reduce
combinatorics, is caching the function calls together with the parameters that belong
to the scope of this function. If another function call happens to have exactly the same
parameters, the parser simply retrieves the resulting bunch of states from the cache,
without actually running the function. A similar approach, called «chart parsing»
is described in [7].

At the end of the deep parsing stage, the path with the best weight is chosen. The
evaluation of an automaton path weight is performed based on the following factors:

1) Frequencies of morphological interpretations of words.

2) Frequencies of binary lexicalized dependency relations.

3) Empirical weights that are added when the path crosses some state in the

automaton.

As in most rule-based systems, empirical weights are important for the system
performance. They allow to penalize or promote some automaton states according
to the linguistic intuition. But the roughness and inaccurateness of the empirical
weights limits the usefulness of any statistical factors. Thus, we used the simple add-
one smoothing when evaluating the frequencies of different morphological interpre-
tations of words and dependency relations.

The frequencies of binary lexicalized dependencies were extracted from large
automatically parsed corpus. Though there definitely exist many parsing errors in the
corpus, the overall performance slightly improved. For example, in some cases such
statistics helps to resolve the problem of prepositional phrase attachment.

MHe HPaBHJIOCH CMOTPETD Ha YJIHILY Yepes3 CTEKIIO
(1 liked to look at the street through the glass)

0 *Top* *Top* 0 _ /

1 wmue 1 3 subj /prn/sg/fem/msc/neu/dat/fst/

2 HpaBUWJIOCh HPABUTHCSA 3 auxd /vrb/sg/meu/fin/fst/sec/trd/pst/ind/act/
3 CMOTpeTb  CMOTpETH 0 fin /vrb/sg/neu/inf/fst/sec/trd/pst/act/

4 Ha Ha 5 prep /prp/acc/

5 ymauny yauna 3 prepnp /nn/sg/fem/acc/trd/

6 uepes yepes 7 prep /prp/acc/

7 CTEKJO CTEKJIO 3 prepnp /nn/sg/neu/acc/trd/

2.5. Post-Processing

A post-processing stage was added to improve parser performance for the evalu-
ation task.
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Adverbial participles were made dependent on the head of neighboring clause.
Clauses beginning with a conjunction were made dependent on the head of neighbor-
ing clause.

We have also tried to redirect certain types of dependency relations, to avoid
disagreement with the gold standard parses. That included prepositions, cardinal
numbers and modal verbs. We did not redirect dependency relations in cases when
the dependent word had its own dependents.

3. Output format and tree structure

In the rest of the paper the parser results are represented as a table. Each line

corresponds to one word of the input sentence and consists of:

e word id;

¢ word form;

¢ lemma;

¢ id of the head word;

* tag of the dependency relation;

* morphological attributes.

The words are enumerated according to the order in the input sentence.

An artificial word “*Top*” precedes each sentence. It acts as a head word for
words which have no other parent, enforcing a single-tree structure even for partial
parses. In some cases the segmentation module inserts additional “*Top*” in the mid-
dle of the sentence.

B CBOU POZHBIE Kpas, K CBoell paboTe, 3aBeCTH JIeTel,
MIPOXKUTH JOJITYIO IIOTHOLIEHHYIO )KU3Hb.
(To his homeland, to his work, to have children,
to live a long full life)

0 *Top* *Top* 0 _ /
1 B B 4 prep /prp/acc/
2 cBom cBOM 4 adj /prn/pl/msc/nom/trd/
3 pogHble pozHOM 4 adj /adj/pl/msc/nom/trd/
4 xpasa Kkpan 0 prepnp /nn/pl/msc/acc/trd/
5, s 0 misc /pnt/
6 K K 8 prep /prp/dat/
7 cBoeit cBOM 8 adj /prn/sg/fem/loc/trd/
8 pabore paboTta 0 prepnp /nn/sg/fem/dat/trd/
9 , s 0 misc /pnt/
10 3aBecTH 3aBECTH 0 inf /vrb/inf/act/
11 pgereit pebeHok 10 acc /nn/pl/msc/anm/acc/trd/
12 s 10 conj /pnt/
13 mpoXUTH MIPOXUTH 10 homo /vrb/inf/act/
14 poaryio JOJNTui 16 adj /adj/sg/fem/acc/trd/

109



Antonova A. A., Misyurev A. V.

15 T[OJHOIIEHHYIO ITOJHOLIEHHBIHN 16 adj /adj/sg/fem/acc/trd/
16 Ku3Hb JKU3Hb 13 acc /nn/sg/fem/acc/trd/
17 . . 0 misc /pnt/

There are several constraints on the general tree structure. Every word, even
punctuation and unknown words, must find their place in the tree. In case of a partial
parse tree, no dependencies are allowed across an independent part of the sentence.
Punctuation at the end of the sentence is usually dependent on “*Top*”, except when
it is recognized as a part of an abbreviation.

A dependency relation tag can be considered to be a syntactic role of the word
with respect to its head word. If a word is the head of an independent tree, then its
tag corresponds to the syntactic class of the tree. The set of syntactic roles and classes
is described in Appendix.

Our system follows the common practical convention that subject, object and

other complements are dependent on the verb.

MOSsI ceCcTpa IMoAapuiia MHe 3TH JKEMUYKUHBL
(My sister gave me these pearls)
*Top* 0 _ /
adj /prn/sg/fem/nom/trd/
cecTpa cecTpa subj  /nn/sg/fem/anm/nom/trd/

2
3
nogapuia MO/JapUTh 0 fin /vrb/sg/fem/fin/trd/pst/ind/act/
3
6
3

%

* TOP *
Mos MO

dat /prn/sg/fem/msc/neu/dat/fst/
adj /prn/pl/fem/nom/trd/
acc /nn/pl/fem/acc/trd/

MHe A
OTHU 3TOT

A U1 AN W N = O

JKEMYYKUHBl  KeMUy>KMHa

Still there are some constructions for which our analysis may differ from analy-
ses of other systems. Although we do not pretend to explore semantic relations in the
sentence, there is a number of situations when we prefer to mark a semantic depen-
dency instead of a syntactic one.

3.1. Prepositions
We consider preposition to be a dependent on the noun phrase rather than its
head. Prepositions often convey little or no meaning, whereas in many tasks it is help-

ful to have a direct dependency between meaningful words.

OH GBI JKEHAT Ha KPEOJIKe U3 eBAHTeTNYECKOTO [IPUX0JA
(he was married to a creole from the evangelical parish)

0 *Top* *Top* 0 _
1 oH OH 3 subj prn/sg/msc/nom/trd
6BLT OBITD 3 auxs vrb/sg/msc/fin/fst/sec/
trd/pst/ind/act
3  KeHar JKEeHAThIN 0 fin adj/sg/msc/trd/pst/sht
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Ha Ha prep prp/loc
KpEeoJIKe KpeoJka prepnp nn/sg/fem/anm/loc/trd
u3 u3 prep prp/gen

€BaHTEeJINYECKOTO €BaHTeJINnYecKuil adj adj/sg/msc/gen/trd

N o ulh
Ul 0 0 W Ul

npuxoza TIPUXO], prepnp nn/sg/msc/gen/trd

3.2. Coordination

First coordination member is always the representative of the coordination
group. Each successive coordination member is attached to the previous member with
the dependency relation “homo”. The coordinating conjunction or comma is also at-
tached to the previous member with the dependency relation “conj”.

4TO6BI YUHUTD, OKA3bIBATh IIOMOIIb U CIIacaTh
(to repair, to render assistance and rescue)

0 *Top* *Top* 0 _ /

1 4TOGHI 4TOOBI 0 conj /cnj/

2 YUHUTH YUHUTD 0 inf /vrb/inf/act/

3, s 2 conj /pnt/

4 oKa3bIBaTh OKa3bIBaTh 2 homo /vrb/inf/act/

5 momoIp IMOMOIIb 4 acc /nn/sg/fem/acc/trd/
6 u u 4 conj /enj/

7 cmacaThb cracarb 4  homo /vrb/inf/act/

3.3. Auxiliary and modal verbs

We consider as auxiliary almost all instances of verb usage when two verbs are
syntactically related and subject of both verbs is identifiable. The parser does not dis-
tinguish between auxiliary and modal verbs, but rather makes a distinction based
on whether the semantic subject of the verbs is the same or different.

s1 XOTeJia OBl OKa3aThCs TaM
(Iwould like to be there)

0 *Top* *Top* 0 _ /

1 = b2 4 subj /prn/sg/fem/nom/fst/

2 xorena XOTeThb 4 auxs /vrb/sg/fem/fin/fst/sec/trd/pst/ind/act/
3 6w 6Bl 2 by /pt/

4 okasaTbCA OKasaTbCA 0 fin /vrb/sg/fem/inf/fst/pst/act/

5 Tam TaMm 4 adv /adv/

Here the semantic subject “a”( “I”) is the same for both the main and the modal
verb, and the modal verb “xorets”( “want”) has the syntactic role “auxs”. In this case
the subject is made dependent on the main verb, rather than on the modal verb.
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OHa Hay4uJia MeHsI UTPaTh Ha MTHAHUHO
(She taught me to play the piano)

0 *Top* *Top* 0 _ /

1 oHa OHa 2 subj /prn/sg/fem/nom/trd/

2 Hayyunra Hay4duTb 4 auxd /vrb/sg/fem/fin/trd/pst/ind/act/

3 MeHA a 4 subj /prn/sg/fem/msc/neu/acc/fst/

4 urparb Urparb 0 fin /vrb/sg/fem/inf/fst/sec/trd/pst/act/
5 Ha Ha 6 prep /prp/acc/loc/

6 MHaHWHO IHAaHUHO 4 prepnp /nn/sg/neu/acc/trd/

Here the semantic subject of the main verb “urpars”’( “to play”) is different from
the subject of the modal verb “HayuuTs”’( “teach”), and the modal verb has the syntac-
tic role “auxd”. In this case both semantic subjects are dependent on the correspond-
ing verbs with the role “subj”. It is worth to note that other arguments are usually
dependent on the main verb, rather than on the modal verb.

3.4. Subordinate clauses

The head predicate of a subordinate clause is made dependent of the head predi-
cate of the main clause with the dependency relation “sent”.

OH paccKasbIBaj YTO TaM UT'PAJI IYXOBOM OPKECTP
(He told that there were a brass band)

0 *Top* *Top* 0 _ /

1 oH OH 2 subj /prn/sg/msc/nom/trd/

2 pacckaselBaJ pacCcKasbiBaTh 0 fin /vrb/sg/msc/fin/trd/pst/ind/act/
3 d4TO 4TO 5 conj /cnj/

4 Tam Tam 5 adv /adv/

5 wurpan UrpaTth 2 sent /vrb/sg/msc/fin/trd/pst/ind/act/
6 AyxoBoi A yXOBOM 7 adj /adj/sg/msc/nom/trd/

7 OpKecTp ODKeCTp 5 subj /nn/sg/msc/nom/trd/

3.5. Cardinal numbers
We consider a cardinal number to be a dependent on the noun phrase.

Y Hee 6BLIO ABaALATh JBE KOLUIKH.
(She had twenty two cats)

0 *Top* *Top* 0 _ /

1y y 2 prep /prp/gen/

2 Hee OHa 3 prepnp /prn/sg/fem/gen/trd/

3  6bUIO OBITD 0 fin /vrb/sg/neu/fin/fst/sec/trd/pst/ind/act/
4 pBajguaTh JBajLaTh 5 card /num/pl/fem/msc/neu/nom/trd/
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5 71Be IBa 6 card /num/pl/fem/nom/trd/
6  KOUIKU KOIIIKa 3 subj /nn/pl/fem/anm/nom/trd/

4. Robustness vs. coverage

In the real-world applications the parser robustness is more important than
its “grammatical coverage” — the system’s theoretical ability to build certain types
of parse trees. The more permissive is the grammar, the bigger is the chance that the
system gets confused with all the possible parses. For example, in a machine-transla-
tion application it is often better to translate a fragment word-by-word than to reorder
it based on a wrong parse.

We intentionally do not attempt to interpret sentences without predicates:
“y meHs Temmneparypa” (“I <have> a fever”), “ato cobaka” (“this <is> a dog”), “oHa
azBokat” (“she <is> a lawyer”) “cerogns Tl ogun” (“today you <are> alone”), “kax
ee apixanue?” (“How <is> her breath?”) “msl 6osbie He Apy3bsa” (“we <are> not
friends anymore”). Sentences without predicates are parsed disconnectedly.

Y mMeHA TemIlepaTypa

(T have a fever)
0 *Top* *Top* 0 _ /
1y y 2 prep /prp/gen/
2 MeHA s 0 prepnp /prn/sg/fem/msc/neu/gen/fst/
3 TeMmmeparypa TeMmIleparypa 0 np /nn/sg/fem/nom/trd/

Here we obviously sacrifice some of the potential recall, but eliminate spu-
rious analyses and prevent increase in combinatorics: e.g. the sentence “Y MmeHs
TeMmmepaTypa 3amkanuBaet” (“My temperature is very high”).

The parser does not find connections for some phrases that are not structural
parts of the predications, like interjections or direct address construction.

ara, s TaK ¥ 3HaJ
(yeah, I knew it)

0 *Top* *Top* 0 _ /
1 ara ara 0 np /nn/sg/msc/nom/trd/
2, s 0 misc /pnt/
3 1 6 subj /prn/sg/msc/nom/fst/
4 Tak TakK 6 adv /adv/
5 u u 4 misc /enj/
6 3Han 3HATh 0 fin /vrb/sg/msc/fin/fst/pst/ind/act/
THI HEMHOT'O CTapOBaT A1 BOWHBI, OeH)KaMUH
(You are a bit old for the war, benjamin)
*Top* *Top* 0 _ /
1 TH TBL 3 subj /prn/sg/msc/nom/sec/
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2 HEMHOro HEMHOT0 3 adv /adv/

3 crapoBaTt CTapoBaTHIi 0 krat /adj/sg/msc/sec/prs/sht/

4  pns IS 5 prep /prp/gen/

5 BOHHBI BOIHA 3 prepnp /nn/sg/fem/gen/trd/

6 , s 0 misc /pnt/

7 OGeHmxaMuH  OeHI)KaMUH 0 np /nn/sg/msc/anm/nom/trd/cap/

Nevertheless, the big number of possible analyses is still an important prob-
lem. There exist constructions the addition of which can increase combinatorics
dramatically. For example, constructions with emphatic “u”(and), the addition
of which can complicate the recognition of coordination constructions. The con-
structions with emphatic “n”(and) are parsed disconnectedly in the current version
of the parser.

[IpoiizeT u 3TO
(This will pass too)

0 *Top* *Top* 0 _ /

1 mpolifer mTpoUTH 0 fin /vrb/sg/fem/msc/neu/fin/trd/prs/ind/act/
2 u u 0 conj /cnj/

3 »aT0 3TOT 0 np /prn/sg/neu/acc/trd/

As arule-based system our parser relies heavily on the word valence information.
We do not use prepositional valencies - any prepositional group can depend on any
previous noun phrase or verb phrase. The system allows any verb to have a comple-
ment in instrumental case, though verbs that have a predefined instrumental valence
are encouraged. The ability to govern other non-prepositional complements(genitive,
dative, accusative), subject and subordinate clauses is strictly controlled by the pre-
defined valence information. For that reason the parser is unable to recognize a de-
pendency if it is not permitted in its valence lists. This kind of mistakes can be divided
into two subtypes:

1. Mistakes that can be corrected easily if we add a missing valence to the valence
lists.

BEIaOT MOPTUMEDY PO KOHEI]
(They prophecy to Mortimer about the end)

0 *Top* *Top* 0 _ /

1 BemaroT BelaTh 0 fin /vrb/pl/fem/msc/neu/fin/trd/prs/ind/act/
2 wMopTtumepy moptumep 0 np /nn/sg/msc/anm/dat/trd/

3 mpo mnpo 4 prep /prp/acc/

4 KoHel KOHel| 2 prepnp /nn/sg/msc/acc/trd/

Here we can add a missing dative valence to the verb “Bemars” (“to prophecy”)
and improve the parser performance.

2. Mistakes in which a missing valence is lexically-dependent, for example, Rus-
sian construction with dative possessor.
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OH TIOLIEJIOBAJI HEBECTE PYKY.
(He kissed the bride’s hand)

0 *Top* *Top*

1 on OH

2 TmolleyoBa TI0IIeJIOBaTh
3 HeBecTe HeBecTa

4 pyky pyxa

0

O O o N

_ /

subj  /prn/sg/msc/nom/trd/

fin /vrb/sg/msc/fin/trd/pst/ind/act/
np /nn/sg/fem/anm/loc/trd/

np /nn/sg/fem/acc/trd/

Here we cannot add a dative valence to the verb «morenoBars», because it de-
pends on the semantics of the other complement (part of body). The parser usually
cannot parse this type of constructions correctly.

We allow contextual substantivation of adjectives - i.e. each adjective can act
as noun phrase in many contexts.

KOpI/I‘IHeBHﬁ HUJIeT BalllUM IJla3aM

0 *Top* *Top*

1 KOpUYHEBBII KOPUYHEBBIH
2 wuger UATH

3  Bamum BaI

4 rMazam raas

(The brown suits your eyes)

0

N M ON

_ /

subj  /adj/sg/msc/nom/trd/

fin /vrb/sg/msc/fin/trd/prs/ind/act/
adj /prn/pl/msc/dat/trd/

dat /nn/pl/msc/dat/trd/

Accusative-genitive case transformation in negative sentences. “f Buky cobaky”
(1 see the dog), “A He BuxKy cobaku” (I don'’t see the dog. We assign grammatical role

“acc” in both cases.

0 *Top* *Top*
1 = a

2 He He

3 BUXY BUJZETH
4

cobaku  cobaka

4 He BUKY cobaku

(Idon’t see the dog)

0 _ /

3 subj /prn/sg/fem/msc/neu/nom/fst/

3 pt /pt/

0 fin /vrb/sg/fem/msc/neu/fin/fst/prs/ind/act/
3 acc /nn/sg/fem/anm/gen/trd/

5. Practical applications

Initial application of our parser was within a rule-based machine translation sys-
tem. The parser has already been used as a tool for preparation and analysis of linguis-
tic corpora. For example, the automatically created treebank of 70 million sentences
had been used for the lexicographic purposes.

1) Automatic creation of bilingual dictionary. The parsing information was used

to filter out ungrammatical phrases and find words and phrases in canonical

form.
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2) Automatic extraction of synonyms. The parsing information was used to com-
pute distributional similarity between words.

Other applications include distributional semantic clustering, context classifi-
cation, text comparison (in particular [9, 10]). The parser was also used in student
works of Moscow State University (in particular [11]).

Conclusion

We have described the dependency parser submitted at the Dialogue-2011 parser
evaluation task. The details of the output tree structures and the common types of in-
correct analyses were discussed. The distinctive feature of the system is that it tends
to directly connect meaningful words, while auxiliary words are demoted to the lower
tree levels.

The advantages of our formalism are the following:

1) The syntactic and morphological ambiguity is resolved simultaneously within
a unified framework.

2) The explicit description of automaton transitions provides a flexible way
to control parsing process.

3) The automaton state usually provides more information than a context-free
rule can provide.

4) It is easy to add “local” functions that are called only in specific conditions.

The system experiences the common problems of most rule-based systems. First,
it is difficult to reconcile empirical weights with the weights provided by statistical
models. Second, it is hard to increase grammatical coverage beyond certain extent,
because of the increase in combinatorics and the drop in precision.

In spite of existing limitations, the system has proven its applicability in a range
of real-world applications.
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Appendix

Russian syntactic roles

subj subject

acc direct object

dat dative-case object

ins instrumental-case object
gen genitive-case object
prepnp prepositional phrase

117



Antonova A. A., Misyurev A. V.

adj adjectival modifier with no heavy dependent nodes

ptp adjectival modifier having its own dependent nodes or located
after noun

adv adverb

prep preposition (depends on a noun)

conj conjunction

digit number

card cardinal numeral

auxs auxiliary with the same subject

auxd auxiliary with different subject

inf infinitive (depends on a verb)

sent subordinate clause

by particle “6br”

li particle “mu”

pt particle

emph emphatic conjunction “u”

homo conjunct

sharp part of a compound word

hyph part of a hyphenated word

quoml left quotation mark

quomr right quotation mark

misc other

Top-level syntactic classes

sent sentence

np noun phrase

prepnp prepositional phrase

prep preposition

adj adjective/participle phrase
adv adverbial phrase

fin finite verb phrase

krat short-form adjective/participle phrase
inf infinitive phrase

dee adverbial participle phrase
imper imperative verb phrase
misc other
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The state of the art of the ETAP-3 syntactic parser, which took partin a re-
cent competition of Russian parsers, is presented. The paper gives an out-
line of the main linguistic resources involved in the parser’s operation, de-
scribes the main features and steps of the algorithm, and briefly discusses
the applications in which the parser is used, including a machine translation
system, a software environment for the creation of a syntactically tagged
corpus of Russian, and a hybrid system of Russian speech synthesis. Spe-
cial attention is given to concrete scientific approaches and solutions that
determine the functioning of the parser, including methods of lexical and
syntactic disambiguation.?

Key words: parser, combinatorial dictionary, syntagm, tagged text corpora

1. General information

The syntactic parser presented here is the central component of the ETAP-3 mul-
tipurpose linguistic processor, designed and developed at the Laboratory of computa-
tional linguistics of the Institute for Information Transmission Problems in Moscow.?
It has two major options operating on very similar (although not identical) princi-
ples: the parser of Russian and the parser of English. In what follows, only the parser
of Russian will be described.

The parser (to be henceforth called ETAP, for short) is rule-based, with some
statistical components incorporated recently.

ETAP processes the text sentence by sentence and has several modes of operation:

The author is grateful to the Russian Foundation of Basic Research, who supported the re-
search upon which this paper is based with grants No.10-06-00478-a and 11-06-00405-a,
and to the Presidium of the Russian Academy of Sciences, who supported this study with
a Basic Studies Programme on Corpus Linguistics.

2 Jloxsiaz MyOJIMKyeTCs B COKpallleHHOM BapuaHTe. [lonHas Bepcus JOCTYIHA Ha caiiTe
KoHbepeHINH «/lranor»

Earlier versions of the parser, as well as individual aspects of its performance and mainte-
nance. were described in detail in Apresjan et al 1989,1992, 2003, Boguslavsky et al 2008,
2011.
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 fully automatic mode, applied by default: in this case, only one syntactic struc-
ture is built for any sentence processed;

* multiple parsing mode, in which the user may instruct the system to build,
for an ambiguous sentence, several syntactic structures or even all possible
structures;

* interactive mode, in which ETAP stops at certain points of the algorithm if it en-
counters an ambiguous lexical unit or syntactic construction. In this case, the
user is asked to prompt the system for a morphological, lexical, or syntactic in-
terpretation of the ambiguous element of the sentence and in this way direct the
algorithm to take some concrete path.

The ETAP parser is primarily aimed at processing texts of neutral genres (jour-
nalism, popular science texts, news messages and the like). It cannot be used to ad-
equately handle colloquial speech, fiction, or poetry, as well as “dirty” texts full of ta-
bles, lists, or indexes, as well as texts that are essentially deviant from the Russian
literally norm.

1.1. Major linguistic conventions

The linguistic formalism used in ETAP is dependency grammar, and the struc-
tures produced are dependency tree structures. To a large degree, it is based on the
Meaning < Text linguistic theory by Igor Mel’¢uk, particularly on its surface syntactic
component (see e. g. Mel’¢uk 1974/1999). ETAP operates with written text, construct-
ing a dependency tree for each sentence of it in turn. As a rule, every node corre-
sponds to one word of the sentence. Punctuation marks do not constitute any nodes
and are generally attached to the words preceding them). In certain cases a node can
correspond to a string of words, which is treated as an indivisible word for linguistic
and/or algorithm optimization reasons.

The arcs of the tree are labeled with names of surface syntactic relations (SyntR).
These names indicate the different types of syntactic links between the words. In the
current version of the parser, about 70 SyntRs are used. To give a few basic examples,

* thelink between a predicate, expressed by a finite verb, which is the head, and its
subject, which is the dependent, as in omey « nostyuu.n ‘father received’, is repre-
sented with predicative SyntR;

* the link going from a predicate word (verb, noun, adjective, or adverb) to the
word instantiating its first complement, as in noayuun — nucsmo ‘received

a letter’, nonyuernue — nucsma ‘reception of a letter’, skusanenmuuwiii — omkasy

‘equivalent to a refusal’, zny6s — snieca ‘deep into the wood’ etc. is represented

by the 1%t completive SyntR;

¢ thelink attaching the nominal part of the predicate to the copula verb, as in 6611

— 301 ‘was angry’ or 6ydyuu — yuumeniem ‘being a teacher’ is represented by the

copulative SyntR;

* the link connecting a noun and its adjectival modifier, as in 3axasHoe « nucbmo

‘registered letter’, is represented by the modificative SyntR;
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* the adverbial SyntR is used to represent modifiers of verbs expressed by adverbs
or prepositional phrases, as in HeoxcudanHo < noayuun ‘unexpectedly received’
or nonyuusn — 8 noHedeavHuk ‘received on Monday’;

* analytic forms of words (future tense or subjunctive mood of verbs and compara-
tive degrees of adjectives and adverbs) are considered as syntactic constructions
and represented with the help of the analytic SyntR (6ydem — uumams ‘will
read’, uuman — 6st ‘would read’, 60.1ee «— unmepecHwlil 'more interesting’);

* thelink between a noun and a numeral that refers to it is represented with quan-
titative SyntR, as in dsa «— cmoaa ‘two tables’, namepvimu «— auHz8ucmamu
‘by five linguists’. Importantly, the link always points to the numeral?;

* coordination is rendered on a par with subordination; coordination strings are
presented in such a way that the first conjunct is the head on which the second
conjunct depends and so on; a coordinating conjunction is subordinated by the
conjunct preceding it. In most cases, two syntactic relations are used: the coor-
dinative SyntR that links the neighboring conjuncts from left to right, and the
coordinative-conjunctive SyntR that appends a conjunct to the left-adjacent
conjunction.

It should be emphasized that in the course of structure generation ETAP does not
produce any additional nodes for words physically absent from the sentence. In par-
ticular, no anaphoric pronouns are introduced in sentences like (1) MeaH cka3zan,
ymo ycman (lit. Ivan said that was tired, in which some parsers may add the pronoun
o ‘he’), no elliptic omissions, as in (2) A 3akasax cok, a on nueo ‘I ordered a juice
and he a beer’ are restored®. Moreover, the parser does not even generate special
nodes for zero forms of the present tense of the verb 6simb ‘to be’ (irrespective of its
particular lexical meaning), which are so common in Russian. Accordingly, the con-
structions like (3) On 6b1 cuacmaue ‘he was happy’ or (4) A 6ydy e omnycke ‘I will
be on leave’ receive parses noticeably different from those generated for sentences
like (3a) On cuacmaue ‘he is happy’ or (4a) A e omnycke ‘I am on leave: compare e.g.
parses for (3) and (3a) below:

_predicative

(3) OH % Obln copuk:ltive

» cuacmaus;

redicative
(3a) on <p— cuacm.aus.

In some of the applications in which the ETAP parser is used, zero copulas are
generated at a later stage of sentence processing.

4 Notwithstanding a widely accepted viewpoint that in the nominative/accusative case of the
quantitative NP it is the numeral that controls the noun requiring that it should appear in the
genitive.

5 In the SynTagRus treebank (see below) created with the help of the ETAP parser, elliptic
omissions are restored manually. E.g. the parse for (2) receives another node for 3akasax,
which is assigned a special feature PHANTOM.
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The syntactic tree of the sentence as generated by the ETAP parser is ordered:
it retains the information on word ordering of the source sentence.

1.2. Major linguistic resources used

ETAP parser makes use of the following two major types of linguistic resources:

* the grammar, which consists of several hundreds of binary syntactic rules,
or syntagms, and

* the dictionary. ETAP resorts to the so-called combinatorial dictionary that con-
tains rich and diverse information on every lexical entry. Conceptually, the com-
binatorial dictionary can be considered as a simplified version of the explanatory
combinatorial dictionary of the Meaning <> Text theory, the main difference be-
ing that the ETAP dictionary has no explicit lexicographic definitions. At the mo-
ment, the combinatorial dictionary has 100,000 entries.

To illustrate both types of resources, we will briefly describe a syntagm and a dic-
tionary entry.

1.2.1. An example of an ETAP syntagm

The following syntagm, reproduced in Fig.1, is used to generate the predicative
link between the verb in the imperative [X] and its subject in the nominative [Y]: this
is a construction peculiar for a specific type of Russian conditional sentences like

(5) Ipudu [X] on [Y] panbiue, mbt 66t ycneau ece o6cydums ‘If he came earlier (lit.
Comeimper.he earlier...) we would have time to discuss all’.

REG:ITPEJIMK.05

N:01

CHECK

1.1 =(X,[10B,E/J])

1.2 R-EQU(X,Y,4,IM)/LEXR(X,BbITh)& R-EQU(X,Y,4,PO/)&L-EQU(X,*,0,HE1)

2.1 PININT(X,Y,3I1T,1)

3.1 DEP-EQUN(X,Z,0BCT,JINY,TH®)

3.2 DOM-LEXR(Z,*,AHAJIVT,BbI)

3.3 PININT(X,Z,3I1T,1)/PININT(Z,X,3IIT,1)

DO

1 SVUZOT:(X,Y,[TPEJIVIK)

Fig. 1. A predicative syntagm of ETAP

Syntagms, as all other rules of ETAP, are written in a special formal language
for linguistic descriptions, called FORET, based on three-valued first order predicate
logic. Somewhat simplifying the picture, we may say that any syntagm consists of two
zones: (i) the CHECK zone, which lists the conditions to be verified written with
the help of predicates, and (ii) the DO zone, which contains an instruction to the
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algorithm to create a hypothetical syntactic link; this instruction is to be performed
if all the conditions of the CHECK zone are satisfied.

All conditions are written in the disjunctive normal form and arranged into sev-
eral groups, identified by the first figure in the two-position number of the condition.
Items belonging to the groups where this figure is odd describe necessary conditions
that have to be satisfied in order for the syntagm to be applied, and those with the even
first figure present impossible conditions that should not be satisfied if the syntagm
is to be applied. Obviously, “odd” conditions are, implicitly, conditions with the exis-
tential quantifiers, requiring that there should exist at least one variable for which the
condition is satisfied. Conversely, “even” conditions have implicit universal quantifiers:
for every variable it should not be true that the condition is satisfied. Further, groups
1 and 2 of the CHECK zone list the conditions that could be checked using only mor-
phological analysis results, the information from the dictionary entries of words pres-
ent in the sentence processed and the linear order of the words in the sentence. Condi-
tions belonging to groups with larger numbers can only be checked on the ready tree
structure, or at least on the fragment thereof as it is generated by the parser. Once the
conditions are satisfied, the instruction of the DO zone is performed. In sentence 5, the
instruction establishes the hypothetical predicative link (“npezauk”) going from X to Y.

1.2.2. An example of a dictionary entry

Fig. 2 below reproduces a simple combinatorial dictionary entry for the word
npodadca ‘sale’. This is in fact only a part of the entry, from which the zone responsible
for translation of the word into English is omitted (with the exception of the default
translation field in line 24).

1 TIPOJJAXKA

2 POR:S

3 SYNT:)KEHCK,ICUUCIT

4 DES:JIEVICTBUE, ®PAKTABCTPAKT'
5 D1.1:TBOP,JIULIO'

6 D2.1:POJ]

7 D3.1:IAT,JIULIO'

8 D4.1:3A1,IEHBI'U'

9 D4.2:1104,HITYCT,ZIEHBI'1'

10 _VO:TTPOJIABATH

11 _SYN1:TOPI'OBJIS

12 _CONV:IIOKYTIKA

13 _ANTLIIOKYIIKA

14 _S1:ITPOJIABEILL

15 _S2:TOBAP

16 _S3:TIOKYIIATEJIb

17 _OPER1:0CYIIECTBJIATh

18 _OPER2:BBbITb<B2>

19 _INCEPOPER2:[IOCTYIIATb1<B1>

20 TRAF:ATEHT.10
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21 TRAF:1-KOMILJI.20
22 TRAF:2-KOMIIJI.21
23 ZONE:EN

24 TRANS:SALE

Fig. 2. Alexical entry of the Russian combinatorial dictionary

Lines 1-2 indicate the lemma and the part of speech (noun).

Line 3 cites two simple syntactic features that point to the feminine gender
of npodaxca and the fact that it is a count noun. These features are used whenever
grammatical agreement of the word is to be checked, or verify whether it may form
a quantificative noun phrase. As a matter of fact, the notion of syntactic feature
is the most important in ETAP; the system involves over 200 syntactic features, some
of them very sophisticated, which determine whether or not the word can be part
of a particular syntactic construction.

Line 3 presents semantic features, or descriptors, of the word: in this case ‘action’,
‘fact’, and ‘abstract’. Descriptors are used to ensure semantic agreement between ele-
ments of the sentence processed. Unlike semantic features, the system of descriptors
in ETAP is rather simple and straightforward: it includes ca. 40 elements arranged
into a weak hierarchy.

Lines 5-9 provide the government pattern of the word.

Lines 10 to 19 list values of the different lexical functions (LF) for which npodaxca
is the keyword. Of these, lines 10-15 introduce substitute LFs, and lines 17-19 list col-
locate LFs.

2. Essentials of the algorithm

2.1. Morphological analysis as input of ETAP algorithm

During text analysis, the parser proper operates after the morphological ana-
lyzer produced a morphological structure (MorphS) for each sentence. MorphS is the
ordered sequence of all words of the sentence, each one represented by alemma name,
a POS attribute and a set of morphological features. If a word form is lexically and/
or morphologically ambiguous, it appears in the MorphsS as a set of objects, somewhat
loosely called homonyms, each consisting again of a lemma name, a POS attribute
and a set of morphological features.

The morphological analyzer is based on a comprehensive morphological diction-
ary of Russian that counts over 130,000 entries. ETAP has no separate POS tagger;
however, there is a small post-morphological module that partially resolves lexical
and morphological ambiguity taking account of near linear context. On average, the
module purges less than 20 % of homonyms.
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2.2. Creation of the Set of Hypothetical Syntactic Links

ETAP takes a MorphS of a sentence processed as input and builds a dependency
tree for this sentence using syntagms. At the first stage of the algorithm, the parser
constructs all possible hypothetical links, which is performed in a number of steps.
The primary list (the so-called matrix of hypotheses) is built exclusively on account
of the linear conditions of the syntagms (see above). After that, conditions belonging
to groups with higher numbers are applied to the matrix: at this stage, different meth-
ods of backtracking are used.

After all conditions of the syntagms have been verified, the algorithm resorts
to a number of filters aimed at deleting excessive links so that the remaining ones
form a dependency tree.

These filters are of diverse nature and may involve

¢ data on agreement or government,

* repeatability/non-repeatability of specific syntactic relations (e.g. a verb may
have several adverbial modifiers attached by the adverbial relation but only one
subject or one direct object),

* data on link projectivity (by default, any link is projective unless a set of specific
conditions are met).

Importantly, the parser has three sets of rules in addition to syntagms, resorted
to in the process of tree generation. These include intersyntactic rules; top node selec-
tion rules and preference rules.

2.3. Intersyntactic rules

Intersyntactic (INTERSYNT) rules operate on the whole set of hypothetical
rules after all conditions of syntagms have been checked. These rules are designed
to prioritize the hypotheses produced so that the subsequent stages of the algo-
rithm could first choose the hypotheses with higher priority. The rules assign certain
weights to syntactic hypotheses as well as to different homonyms of an ambigu-
ous word on the basis of empirically found regularities that involve POS informa-
tion, type of lexical ambiguity, certain syntactic configurations and the like. At pres-
ent, this is only done by instructions that increase or reduce the strength of a link
or a homonym and do not resort to any numerical values. Accordingly, the newly
assigned weights are absolute (i.e. we cannot reduce or increase the weight of one
link or homonym with respect to another concrete link or homonym). Despite this,
INTERSYNT shows a rather satisfactory performance, which positively affect the
quality of the parser.

Some of the INTERSYNT rules take account of lexical co-occurrences. E.g.
if a sentence contains a collocation that is likely to be considered as an argument
of a lexical function and its value, such a collocation is prioritized: the link that con-
nects the part of such a collocation and/or homonyms that constitute it are assigned
high weight values.

125



lomdin L. et al.

Animportant recent innovation in this mechanism is the creation of INTERSYNT
rules that in fact reproduce the most important syntagms, which form the bulk of the
syntax, with a vital difference that the syntagms’ conditions are formulated for a dras-
tically simplified environment (shorter distances between the head and the daughter,
default word order ignoring rarely occurring inversions, prototypical instantiations
of variables, e. g. only nouns are included but not their syntactic equivalents like nu-
merals. substantivized adjectives or participles etc.). If in a sentence processed the
conditions of such a rule are met, the respected link is assigned a high weight value;
respectively, the link generated by the “parent” syntagm is likely to appear in the re-
sulting tree (Tsinman-Druzhkin 2008).

2.4. Top Node selection rules

The so-called top node selection rules arrange possible candidates for the absolute
head of the future tree structure according to the empirical likelihood principle. Hand-
written rules of this ordering take account of a number of different factors (part of speech,
morphological features, linear position in the sentence, close environment, presence
or absence of hypothetical links going to and from the word tested etc.) and perform fairly
well. For example, a finite verb X, is more likely to act as head of the sentence than another
finite verb X, located to the right of X,; however, the situation reverts if X, is preceded
by a subordinating conjunction, in which case X, will probably depend on this conjunction
in the subordinate clause and X, will be more likely to act as absolute head.

This block of rules is the only one in ETAP when weight values could be relative
(there are rules that increase or decrease the weight of some link with regard to an-
other link, whose weight has been established previously).

A recent innovation in this block of rules is the inclusion of a statistical compo-
nent: statistical data are collected from SynTagRus (see below).

2.5. General Preference Rules

Preference rules of several types are applied after all intersyntactic rules have
been applied and the head is selected. The objective of preference rules is the same
as that of INTERSYNT rules: prioritization of the remaining hypotheses. However,
preference rules, unlike INTERSYNT rules, are not irreversible and the algorithm
may roll back if at a particular step the construction of the structure is blocked.

Most preference rules work with syntactic hypotheses, trying to determine
which one of a bunch of hypothetical links going to or from a particular word is the
most plausible. Other rules prioritize different homonyms of words.

If after all these rules have been applied and no tree can be chosen because extra
hypotheses are still present, the algorithm resorts to the exhaustion of the remaining
alternatives. In the standard situation, the algorithm starts by eliminating one link
of the remaining set, finding it in accordance with the preset graph transversal sub-
routine, uses recursion and rollback mechanisms if needed, until a tree is produced.
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Recently, a modified technique of alternatives exhaustion has been introduced,
which once again resorts to statistics collected from SynTagRus. This technique uses
a greedy algorithm of choosing the links to be deleted based on the evaluation of prob-
abilites of their correctness. To collect evaluation data, the parser is run on SynTagRus
sentences, in which for every pair of alternating hypotheses we know which of them
is correct, or know that both are incorrect. Pairwise probabilities are used to assess
the correctness probabilities of for every link belonging to bunches of links entering
a word. The evaluation only taken account of names and lenghths of the links and
is therefore rather rough but has proven to be fairly efficient.

2.6. Patterns of ETAP operation

ETAP parser has three patterns of operation, which are called rapid syntax, full
syntax, and emergency syntax. The first pattern may be started after INTERSYNT
rules have been applied: the algorithm temporarily deletes all weak links and hom-
onyms and strives to build the tree from strong and normal elements alone. If this
pattern fails, the algorithm restores the weak links and resumes the work with the
whole set of hypothesis: this is the full syntax pattern. Should this pattern fail, too,
the algorithm resorts to the emergency syntax pattern, which starts by detecting
the node or nodes left without the head and attaching it to some other nodes with
the help of a fictitious syntactic link or links, using the so-called soft-fail mecha-
nism. If emergency syntax is activated, the resulting tree may prove to be far from
satisfactory.

ETAP options allow the user to skip either the rapid syntax or the full syntax pat-
tern, but not both.

3. Major applications

3.1. ETAP-3 machine translation system

Originally, ETAP parser of Russian was intended for machine translation and
built specifically for this purpose. Together with the parser for English it constituted
the main computational linguistics resource on which the system is based.

This objective naturally determined many of the properties of the parser and
concrete solutions taken therein; in particular, the developers placed a very strong
emphasis on the lexical aspect of the system, primarily striving to represent in the
most precise manner all links that were responsible for the instantiation of valen-
cies of the predicates, while the achievement of overall syntactic accuracy was given
a somewhat lesser priority. In some cases, decisions were taken to deliberately dis-
regard certain linguistic phenomena in order to simplify the rules. For example, the
parser does not build non-projective attributive and adverbial links, although actant
links like predicative and 1t completive may well be non-projective.
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3.2. SynTagRus treebank of Russian

Another important application of ETAP is the creation of the first syntactically
tagged corpus of Russian, SynTagRus (see e.g. Apresjan et al. 2005)°. The corpus
is built semiautomatically: for every sentence of a text belonging to the corpus ETAP
first builds a syntactic tree, which is then manually checked by at least two human
experts, which ensures high quality of the corpus. Human work is facilitated by a pow-
erful software environment, called Structure Editor, which provides a variety of aids
to make the process of corpus editing effective and minimize the number of errors
(Iomdin-Sizov 2009). It may happen that ETAP cannot at all build a syntactic tree for
the sentence (e. g. if it contains an ellipsis); in this case the expert constructs the tree
manually, introducing phantom nodes as needed.

At present, the corpus counts a little over 50,000 sentences (over 460,000
words). Despite this relatively limited size, the corpus proves to be extremely use-
ful not only as a linguistic resource but also as a computational resource which can
be utilized to collect various statistical data, create training sets for machine learning,
and develop automatic parsers (see Nivre-Bogusalvsky-lomdin 2008). One of the new
features of SynTagRus is that it provides, in addition to syntactic annotation, also an-
notation with collocate lexical functions.

Importantly, SynTagRus is now effectively used by the ETAP parser itself. There
are three main uses of the corpus.

First, it provides the statistics of occurrence of the different syntactic construc-
tions, lexical co-occurrences, patterns of ambiguities etc., which is used in several
points of the algorithm if the statistical component is activated.

Second, it serves as an efficient and rather accurate evaluation resource, which
is used to evaluate the performance of ETAP parser in many respects and so find and
resolve some of the system’s bottlenecks (see Boguslavsky et al. 2011).

Finally, it is used for regression testing of ETAP. Periodically, ETAP is run on the
whole material of the corpus. Sentences that receive parses exactly equivalent to those
stored in the corpus (this subset constitutes between 30 and 35 percent of the bulk of the
corpus) are selected as basis for regression testing. ETAP is then regularly run on this
test set to see if any of the changes introduced in the dictionary, rules, or software mech-
anisms affected the state of the test set. Regression testing has proven extremely helpful
in ensuring the stability of the parser and eventually improving it in many respects.

3.3. A hybrid system of Russian speech synthesis

ETAP parser has been effectively used in creating a new system of Russian speech
synthesis, ETAP-Multiphone (see Iomdin-Lobanov 2009, Iomdin-Lobanov-Getse-
vich 2011). The idea is that prior to sending the text to the regular synthetic block
it is parsed by ETAP supplemented with rules that find prosodically salient elements

6 SynTagRus is accessible online on the website of the Russian National Corpus (Www.ruscor-
pora.ru) as its subcorpus.
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in the syntactic structure. The elements receive special treatment in the regular syn-
thetic block, which noticeably improves the result of speech generation. Within this
project, the morphological dictionary of ETAP was supplemented with information
on the phonetic stress of every word form, which naturally included correct render-
ing of the Russian letter é. This helped improve the performance of ETAP in sentences
where words that may be written with é are indeed written in this way.

3.4. A semantic analyzer of text involving an ontology

ETAP parser is used in all new systems that are based on, or constitute a part of,
the ETAP-3 linguistic processor. One such system is the semantic analyzer of Russian
texts that makes use of a specially designed ontology (see Boguslavsky et al. 2010).
The new system requires that the parser performs as accurately as possible. Among
other things, the parser must ensure that arguments and values of lexical functions
occurring in the text processed could be identified correctly. This provides additional
incentives for ETAP development.

4. Unsolved problems and future development

To conclude the description of ETAP we will briefly outline the challenges that
the system is still facing. The most important challenge is that, so far, the system is not
sufficiently robust. In certain cases, the parser fails to produce an adequate or even
an acceptable tree structure. This maybe due to a variety of reasons.

The first reason is that the system cannot work reliably on very long sentences
(60 words or more) due to the combinatorial explosion and the fact that it has no good
heuristic mechanisms of splitting such sentences into linguistically acceptable chunks.

The second reason is that ETAP lacks sufficient external resources, like a named
entity recognition component, POS tagger, or a reliable morphological guesser, which
reduces its potential of correctly handling sentences with unknown words.

In some cases, linguistic support of ETAP has obvious gaps. In particular, this
is manifested in the fact that linguistic rules are sometimes too rigid and are unable
to cope with sentences that contain deviations of the prescribed standard (metaphori-
cal uses of words, irregular instantiation of valencies and the like); besides, it has
no proper mechanisms of handling elliptical sentences of many kinds.

Additionally, ETAP has certain inadequacies in the core algorithm. In particular,
soft-fail mechanisms that are used in the emergency syntax pattern of operation are
rather rough and, instead of providing a structure with only local defects, may some-
times play havoc with the result.

All these challenges are now being addressed. The developers of ETAP are work-
ing to create the necessary resources, including the POS tagger and the morphological
guesser, partially using machine learning techniques. Special efforts are also made
to convert the parser into a hybrid system that combines rule-based and machine
learning approaches.
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Abstracts

SYNTACTIC AND SEMANTIC PARSER BASED ON ABBYY COMPRENO
LINGUISTIC TECHNOLOGIES

Anisimovich K. V. (Konstantin_ An@abbyy.com), Druzhkin K. Ju.(Konstantin_ D@abbyy.com),
Minlos F. R. (f. minlos@gmail.com), Petrova M. A. (Maria_P@abbyy.com), Selegey V. P.
(Vladimir_S@abbyy.com), Zuev K. A. (Konstantin Z@abbyy.com), ABBYY, Moscow, Russia

The paper presents Abbyy Syntactic and Semantic Parser that was a participant of the Dialog
2012 Syntactic Parsers Testing Forum. We will refer to the parser technology (both parsing al-
gorithms and linguistic model) as Compreno technology. We do not touch on any evaluation
issues, as they are tackled by the Forum panel. Instead, the paper makes public some underlying
principles of the parser. What we want to communicate directly concerning the testing are the
features of the project which are both relevant to the comparison of our results with the “gold
standard” adopted by the panel and, at the same time, important for the whole architecture of
our technology.

RUSSIAN DEPENDENCY PARSER SYNTAUTOM AT THE DIALOGUE-2012
PARSER EVALUATION TASK

Antonova A. A. (antonova@yandex-team.ru), Misyurev A. V. (misyurev@yandex-team.ru),
Yandex

In this paper we describe the SyntAutom parser submitted at the Dialogue-2012 parser evaluation
task. It is a rule-based system, which performs syntactic and morphological ambiguity resolution
in a unified framework. The underlying grammar formalism is Dependency Grammar. The seg-
mentation, shallow parsing and deep parsing are based on a special form of finite-state pushdown
automatons, implemented as a sets of recursive functions. The input of the automaton is a lattice
of objects — these may be words or shallow trees. Within the functions we have implemented a
mechanism of branching and multiple return — a possibility for a function to generate a bunch
of states. We discuss the system architecture, the output parsing trees structure and the common
types of incorrect analyses. The distinctive feature of the system is that it tends to directly connect
meaningful words, while auxiliary words are demoted to the lower tree levels. Although the sys-
tem experiences the common problems of most rule-based systems, it has proven its applicability
in a range of real-world applications.

TESTING THE SENTIMENT CLASSIFICATION APPROACH IN VARIOUS
DOMAINS — ROMIP 2011

Chetviorkin 1. I. (ilia2010@yandex.ru), Faculty of Computational Mathematics and Cybemetics,
Lomonosov Moscow State University

We offer a review of sentiment classification experiments in various domains using different train-
ing sets. In the movie domain we studied the impact of opinion word weights on the quality of
classification. We selected the best feature set and ran them on each task-domain pair. In several
tasks our algorithm achieved high quality of the classification.

SENTIMENT ANALYSIS TRACK AT ROMIP 2011

Chetviorkin I. . (ilia2010@yandex.ru), Lomonosov Moscow State University, Braslavski P. 1.
(pbraslavski@acm.org), Kontur Labs, Ural Federal University, Loukachevitch N. V.
(louk_nat@mail.ru), Research Computing Center of Lomonosov, Moscow State University

Russian Information Retrieval Seminar (ROMIP) is a Russian TREC-like IR evaluation initiative. In
2011 ROMIP launched a new track on sentiment analysis. Within the track we prepared a training
collection of user reviews along with ratings for movies, books, and digital cameras. Additionally,
we compiled a test collection of blog posts with reviews in the same domains and labeled them
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according to expressed sentiment. The paper describes the collections' characteristics, track tasks,
the labeling process, and evaluation metrics. We summarize the participants’ results and make
suggestions for future editions of the track.

ETAP PARSER: STATE OF THE ART

lomdin L. (iomdin@iitp.ru), Petrochenkov V. (petrochenkvov@iitp.ru), Sizov V. (sizov@iitp.ru),
Tsinman L. (cinman@iitp.ru), Institute of Information Transmission Problems (Kharkevich Institute),
Russian Academy of Sciences

The state of the art of the ETAP-3 syntactic parser, which took part in a recent competition of Rus-
sian parsers, is presented. The paper gives an outline of the main linguistic resources involved in
the parser’s operation, describes the main features and steps of the algorithm, and briefly discusses
the applications in which the parser is used, including a machine translation system, a software
environment for the creation of a syntactically tagged corpus of Russian, and a hybrid system of Rus-
sian speech synthesis. Special attention is given to concrete scientific approaches and solutions that
determine the functioning of the parser, including methods of lexical and syntactic disambiguation.

SENTIMENT ANALYSIS OF TEXTS BASED ON MACHINE LEARNING
METHODS

Kotelnikov E. V. (kotelnikov.ev@gmail.com), Klekovkina M. V. (klekovkina. mv@gmail.com),
Vyatka State University of Humanities, Kirov, Russian Federation

We present the methods of text processing and machine learning used to fulfill the tasks of the
tracks for the sentiment analysis on the seminar ROMIP-2011. The issues of the choice of the op-
timal variant of text vector model and the most suitable machine learning method are addressed.
Unsupervised and supervised TF.IDF methods of text representation are used. We apply such clas-
sification methods as: Naive Bayes, Rocchio’s method, k-Nearest Neighbors, Support Vector Ma-
chines (SVM), the method based on keywords and the method which combines SVM and the key-
words method. The experiments proved that the best way of text representation is unsupervised
binary model with cosine normalization. The combination of SVM and keywords method showed
the best results for classification. The authors give the analysis of the results in comparison with
other participants of ROMIP-2011.

LANGUAGE INDEPENDENT APPROACH TO SENTIMENT ANALYSIS
(LIMSI PARTICIPATION IN ROMIP ’11)

Pak A. (alexpak@limsi.fr), Paroubek P. (pap@limsi.fr), Universite Paris-Sud, France

Sentiment analysis is a challenging task for computational linguistics. It poses a difficult problem
of identifying user opinion in a given text. In this paper, we describe participation of LIMSI in the
sentiment analysis track of the Russian annual evaluation campaign (ROMIP’11). The goal of the
track was classification of opinions expressed in blog posts into two, three, and five classes. Our
system based on SVM with dependency graph and ngram features was placed 1st in 5-class task on
all three datasets (movies, books, cameras), 3rd in the 2-class task on the movies dataset, and 4th
in the 3-class task on the cameras dataset, according to the official results.

RESEARCH ON APPLICABILITY OF THEMATIC CLASSIFICATION METHODS
TO THE PROBLEM OF BOOK REVIEW CLASSIFICATION

Polyakov P. Yu. (pavel@rco.ru), Kalinina M. V. (kalinina_m@rco.ru), Pleshko V. V.
(volodia@rco.ru), RCO LLC, Moscow, Russian Federation

The paper examines the different approaches to forming the training set, methods for extracting
classification features, as well as methods of constructing classifiers regarding the problem of book
review sentiment analysis. The tasks were to divide book reviews into 2 groups (positive, negative)
and into 3 groups (positive, negative, neutral). Several methods were tested in the solution of the
two tasks. It was shown that good results could be obtained by using common document categori-
zation methods. The obtained figures approach the best results of the Web-site and regulatory doc-
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ument classification track achieved by participants of ROMIP seminar. A method for enrichment
of classification features within the linguistic approach using evaluative vocabulary dictionaries
was proposed. It was established that this method gives a slight improvement in the results for the
binary classification. We plan to explore in more detail the possibility of using expert-linguistic
approaches to the construction of classification features.

PROOF OF CONCEPT STATISTICAL SENTIMENT CLASSIFICATION AT ROMIP 2011
Poroshin V. (viadimir.poroshin@m-brain.com), M-Brain Qy, Helsinki, Finland

In this paper we present a simple statistical classification method that predicts whether the opinion
expressed by text in natural language is positive or negative. There are two main approaches in the
sentiment or opinion detection: linguistic rule based systems and statistical algorithms. While sta-
tistical methods are easier to build when sufficient training data is available, it is widely perceived
that a linguistic system can deliver better results. Our work was intended to prove the concept that
a simple Naive Bayes based statistical classification algorithm with a minor language dependent
adaptation is able to perform well in a binary sentiment classification task. In order to prove the
hypothesis, we participated in Russian Information Retrieval Seminar (ROMIP) 2011 sentiment
classification track [1], and achieved quite competitive results in sentiment prediction of Russian
blog posts. This paper contains a detailed description of our classification method, including a fea-
ture extraction and normalization process, training and test data, evaluation metrics; and presents
our official ROMIP results.

NLP EVALUATION 2011-2012: RUSSIAN SYNTACTIC PARSERS

Toldova S. Ju. (toldova@yandex.ru), Sokolova E. G. (minegot@rambler.ru), Russian State
University for the Humanities, Moscow, Russia, Astaf’eval l. (astafir@gmail.com), Gareyshina A.
(a.r.gare@gmail.com), Koroleva A. (tresh_miralissa@mail.ru), Privoznov D. (dprivoznov@gmail.
com), Sidorova E. (begushchaya.po.volnam@gmail.com), Tupikina L. (lyubov98@gmail.com),
Lomonosov Moscow State University, Moscow, Russia, Lyashevskaya O. N. (olesar@gmail.com),
National Research University Higher School of Economics, Moscow, Russia

NLP Evaluation forum RU-EVAL started in 2010 as a new initiative aimed at independent evalua-
tion of the methods used in Russian language resources and linguistic tools. The second evaluation
campaign (2011-2012) is focused on syntactic parsing. It is open both to academic institutions and
industrial companies and its general objective is to access the current state—of-the-art in the field and
promote the development of syntactic technologies. The paper presents the principles and design
of two tracks, which were organized thematically, namely, Main track and News. There were seven
participants who follow either rule-based or statistical approach; all of them submitted runs to both
tracks. The training set consisted in 100 sentences, the dataset for annotation included ca. one million
words, and the test set was composed by ca. 800 sentences (500+ sentences for the Main track and
300+ sentences for the News track). The test set was annotated manually as a Golden Standard by
two annotators. We describe how the outputs were compared and discuss common pitfalls for evalua-
tion as well as some cases that are still problematic for parsing. As a side effect of the evaluation cam-
paign and benchmarks for future development, the test data including Golden Standard and three
automatically annotated answers are available to the NLP community at http://testsynt.soiza.com.

SENTIMENT CLASSIFICATION BY FRAGMENT RULES

Vasilyev V. (wg 2000@mail.ru), Khudyakova M. (mariya.kh@gmail.com), Davydov S.
(davydov_sergey@hotmail.com), LAN-PROJECT, Moscow, Russia
In this paper approaches to sentiment classification based on using fragment rules are described. Rules
are constructed manually by experts and automatically by using machine learning procedures. Training
sets, evaluation metrics and experiments are used according to ROMIP 2011 sentiment analysis track.
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