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AIST-2017 contribution

First results for the task:

» Linear SVM algorithm
* 95% accuracy for Englishl!

o State-of-the-art results: L.oni B. A
state-of-the-art
question

survey of
methods on
SEEitic ation.—. 2011,

* 68.7% accuracy for Russian...
o ...despite 2158
dataset.
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Question typology example

Tag Numetic Tag Wording Examples
General 1 Yro mponcxoaut B ...7 / What is happeningin ...?
Verification 2 [TpaBaa am, 9to ...? / Is it true that ...?
Definition 3 Yro osgauaer/Takoe? / What is ...? What does ... mean?
Example 4 [TpuBean ripumep...? / Give an example of ...?
Comparison 5 Yem moxoxu/oranvarorce...? / What are the similarities /differences between ...?
Choice 6 Xwuanm Y? X or Y?
Concept 7 Kro? Uro? I'ae? Koraar Kyaar? Otkyaa? Bo ckoabko? Who? What? Where? When?
completion What time? 3




Relevant studies and initial research

Text classification RCNN:

l
| z NOT SUREIF
e Tai etal. RCNN for Text 5 ‘ \

Classification. — AAAI, 2015

% Human-designed features A ’

Vs \

¢ Unsupervised text classifier ~

*  Only 9% acc. on our data:

Decided to use CNN



Dataset modifications

60.22% - new

baseline;




Data representation

ONE DOES NIITéIMI’lY
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Embedding approach — distributional
semantics:
— Word2Vec

e Pre-trained W2V model for Russian — Russian
National Corpus (HKP), 250 million words,
300-d vectots

e Word: 300-d + 40 binary features

First 8 words pro sentence
— Average — 7;
— Resulting: 340x8



Architecture
(https://github.com/Pythonimous/Q-A-System)

THIS 15 YOUR MACHINE LEARNING SYSTET?

YUP! YoU POUR THE. DATA INTO THIS BIG \2—D Conv layer: 26 filters; kernel size: 20x3

PILE OF UNEAR ALGEBRA, THEN COLLECT

THE ANSLJERS ON THE OTHER SIDE. (
Leaky ReL.U: alpha = 0.1

WHAT IF THE ANSLERS ARE WRONG? )

JUST STIR THE PILE UNTIL . .

THEY START LOOKING RIGHT. MaxPooling2D
Dropout(0.2)
Flatten()

Vs

Dense(13, activation="‘softmax’) — 72.38% test accuracy, 0.67 F-score
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Additional experimenting

Small data: use Naive Bayes?

— Only word features (Add-1):
e 4912 and 3380 (lemmatized)

— Absolute frequency per question type

Word importance
— Counts replaced with PPMI (Add-2)

Top-1200 informative words: 70.72%
only slightly worse than CNN!

WHAT,IF,LTOLD YOU

(NAIVE BAYES IS EQUIVALENT

" TO DEEP LEARNING™

400

200

RN 1@80/0

61.9%
3




Results and conclusions

Algorithm Accuracy (micro)
2-D CNN 72.38% _ _
* Quite possibly — the upper boundary for
Naive Bayes (Top-1200) 70.72% this dataset;
e M roblems: 1 eneral), 10-11
1-D CNN 68.61% ost prob (8 ),
(Action-Instrument);
Trigram 1vsAll SVM 60.22% * Possible improvements: dataset volume,
Baseli .
Laechie) more advanced (RCNN) algorithms and
Naive Bayes (All words) 59.7% :
representations (3-D tensors)
Linear Regression 57%
RCNN, 3-D CNN 9%
9
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Aims and Methods

The task of aspect-based sentiment analysis (ABSA) in the
domain of Russian-language hotel reviews

Based on the algorithm by Blinov and Kotelnikov (2014,
Dialogue)

The distributed representation of words was applied for
constructing the aspect and sentiment lexicons.

To build the vector space of words, a corpus comprising 57225
hotel reviews was constructed

The lexicon construction approach was based on iteratively
expanding a small set of initially specified terms

The sentiment of aspects in actual reviews was calculated given
the aspect and sentiment terms found in the text and their
weights, i.e. cosine similarity to the initial terms



Corpus

A new corpus of hotel reviews, collected from the website TripAdvisor.com,
was assembled (57225 reviews), see the link at the bottom

The following information was collected from the site:

* the text of the review,

= the overall rating of the hotel (on a 5-point scale),

an assessment of the hotel's characteristics: the price-quality ratio,
location, room, cleanliness, service, quality of sleep

Training corpus Test corpus

ERoom W locstion MESsrvice

W ROOM W LOocation W Service

5 2 3 2 1 NOT
MARKED 3 4 3 2 B



Normalization

* Review marks are deleted
* Texts are lemmatized (mvstem)
and segmented by sentences
* Each segmentis tokenized
* The punctuation marks are deleted
* Stop words are removed
* Collocation problem
(pymorphy2 is used)
He/ oyeHb+ next adjective/adverb/verb

T

a separate term



Terms extraction

For the vector space construction, word2vec
was used

Initial term(s) for aspect Room (as an example)

Homep Bannan Teneenzop CeeT HpoeaTte

10 most similar terms for each initial term

Homep Banxan TenesruIop CeeTt KpoBaTh
HOMWIH ST, pPEHOBMHE, BECTPOMTD, OCES LLE HWE, NPHEQDESTH B,
NP0 SR, AV UE ESA, NAOCKHH, NaMnoMNEs, AHEEH,
npoCTpaHoTED. .. CaHy3en, .. NaHEeA. .. CMNom. .. IepEaND._.

Combine lists, delete duplicates

For each term in a list repeat 2 and 3 steps until all
words in the lexicon are processed

Mumber of terms for each aspect and sentiment

FRoom Location Service Positive Megative

2550 1217 1740 342 12032



Aspect score calculation

* The review text is segmented by the following
punctuation marks: {?/, . - ;
* Weight of a term is the similarity between this
term and the initial term(s)
* For each segment, the aspect and sentiment
terms and their weights are identified
: 5
0.2217 D0.4484 0.3089 0.1506
OTenb xopowo pacnonoxxeH, (1) psdom MHOro marazmHuMKos, (2)

Room -
OO4H3KO CaM OTeNlb M HoOMepa AOBOAbHO c/iiapoie (3)

Sentiment value calculation for each aspectin the
sentence

» (1) Location:0.4484 * (0.2217 + 0.3089) +

+ (2) 0.1906 * (0.2217 + 0.3089 - 0.2793)
» (3) Room:1* (0.3089- 0.2793 + 0.4642)
» (4) Service:0.656 * (- 0.2793 + 0.4642)



The number of correct and incorrect decisions of the algorithm:
Room

Actual class
Positive Negative
Positive 3228 60
Negative 2176 387

Category

Predicted class

Location

Actual class
Positive Negative
Positive 4778 119
Negative 1301 58

Category

Predicted class

Service

Actual class
Positive Negative
Positive 4090 145
Megative 1762 223

Category

Predicted class



The precision, recall and F1-measure metrics for each aspect:

Performance mmm

Room 0.743 0.257 0.618
Location 0.871 0.076 0.473 0.773
Service 0.811 0.19 0.501 0.693

Dataset and code available at:

- [=1;
https://go0o0.gl/DTEpXxs E‘.
[=]pr
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1. TASKS AND MATERIAL

\_

Tasks

*Morphemic segmentation of words and texts
*Search of morphs

Material

https:/ /vnutrislova.net — the system, with which we compare the performance of our
models

\

/




2. DEVELOPED MODELS




3. DESCRIPTION OF THE MODELS:

Rule-based

The model considers:
*the form-building patterns
ederivational connections between words

*the POS and other morphological features
of the word

Has more accurate marking of prefixes
compared to the model rules




3. DESCRIPTION OF THE MODELS:

Probabilistic

A part of the word is 1) Select combinations of Compute the arithmetic
considered a morph if itis | morpheme boundaries in which the | mean of morph probabilities
included 1n the list of resulting word segments can occur | for each candidate analysis,
morphs and is the longest | at a given position and are found in | choose the one with the
possible match the list of morphs greatest arithmetic mean

2) Choose the candidate analysis
with the maximum value of the

logarithms




3. DESCRIPTION OF THE MODELS:

Combined

1)
2)

The rules_corrected model extracts postfixes, inflections, prefixes and suffixes
For finding the root and suffixes not found by rules_corrected, one of the three other
models(maxmatch, log_likelihood, or mean) 1s used




4. EVALUATION

-~

N

hits - the number of correct boundaries(true positives)
insertions - the number of unnecessary boundaries (false positives)
deletions - the number of overlooked boundaries (false negatives).

hits
Precision = — : :
hits + insertions
P hits
ecail =
hits + deletions

2 ¥ hits

F — mensure =
2 ® hits + insertions + deletions




5. RESULTS

rules 0.905 0.639 0.749
rules corrected 0.944 0.63 0.756
maxmatch 0.73 0.567 0.638
log_likelihood 0.73 0.567 0.638
mean 0.652 0.795 0.716

rules corrected + maxmatch

rules_corrected + log_likelihood 0.847 0.847 0.847
rules corrected + mean 0.551 0.915 0.687
EXxternal system (https://vnutrislova.net) 0.834 0.713 0.769




6. CONCLUSION AND FURTHER WORK

The best-performing models allow to analyze:

*previously unseen words
*complex words
ewords in non-initial forms

Further work:

*paying more attention to word-formative suffixes
*improving the algorithm for analyzing complex words
*Implementing the search for related words in a text




