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AIST-2017 contribution 

First results for the task: 
 

Linear SVM algorithm 
• 95% accuracy for English! 

o State-of-the-art results: Loni B. A 

survey of  state-of-the-art 

methods on question 

classification. – 2011. 

• 68.7% accuracy for Russian… 
o …despite 2158 questions 

dataset. 
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Question typology example 

Tag Numeric Tag Wording Examples 

General 1 Что происходит в …? / What is happening in …? 

Verification 2 Правда ли, что …? / Is it true that …? 

Definition 3 Что означает/такое? / What is …? What does … mean? 

Example 4 Приведи пример…? / Give an example of  …? 

Comparison 5 Чем похожи/отличаются…? / What are the similarities/differences between …? 

Choice 6 X или Y? X or Y? 

Concept 

completion 

7 Кто? Что? Где? Когда? Куда? Откуда? Во сколько? Who? What? Where? When? 

What time? 3 



Relevant studies and initial research 

    Text classification RCNN: 

 
• Lai et.al. RCNN for Text 

Classification. – AAAI, 2015 

 
 Human-designed features  

                       vs  

 Unsupervised text classifier 

 

• Only 9% acc. on our data: 

Decided to use CNN 
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Dataset modifications 

60.22% - new 
baseline; 

10 & 11 
merged; 

2008 & 150 => 
2086 & 181 

4 & 5 boosted; 

8.5% accuracy 
drop 
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Data representation 

Embedding approach – distributional 

semantics: 

– Word2Vec 

• Pre-trained W2V model for Russian – Russian 

National Corpus (НКРЯ), 250 million words,  

300-d vectors 

• Word: 300-d + 40 binary features 

 

First 8 words pro sentence  

– Average – 7; 

– Resulting: 340x8 
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Architecture 
(https://github.com/Pythonimous/Q-A-System) 

2-D Conv layer: 26 filters; kernel size: 20x3 

 

Leaky ReLU: alpha = 0.1 

 
MaxPooling2D 

Dropout(0.2) 

Flatten() 

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

  Small data: use Naïve Bayes? 

– Only word features (Add-1): 

• 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! 

Words All 2000 1500 1200 800 400 200 

Accuracy 59.7% 62.4% 65.7% 70.7% 69.1% 68% 61.9% 
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Results and conclusions 

• Quite possibly – the upper boundary for 

this dataset; 

• Most problems: 1 (general), 10-11 

(Action-Instrument); 

• Possible improvements: dataset volume, 

more advanced (RCNN) algorithms and 

representations (3-D tensors) 

Algorithm Accuracy (micro) 

2-D CNN 72.38% 

Naïve Bayes (Top-1200) 70.72% 

1-D CNN 68.61% 

Trigram 1vsAll SVM 

(Baseline) 

60.22% 

Naïve Bayes (All words) 59.7% 

Linear Regression 57% 

RCNN, 3-D CNN 9% 

9 



Aspect-Based Sentiment 

Analysis of   

Russian Hotel Reviews 
Valery Rybakov (valera210597@gmail.com)  

Alexey Malafeev (aumalafeev@hse.ru)  

 

National Research University Higher School of  Economics, Nizhny Novgorod, 
Russia 

















 

Automatic Morphemic Analysis of  Russian Words 

 
Lyudmila Maltina (lpmaltina@gmail.com),  

Alexey Malafeev (amalafeev@yandex.ru) 
 

National Research University Higher School of  Economics 

Nizhny Novgorod 



  

 

 

 

 

 

 

 

 

 

 

 

the morpheme and spelling 
dictionary by A.N. Tikhonov + the 

1980 Russian grammar 

 

morph database with frequency and position 
data                  (17,017 different morphs)  

gold standard word analyses used for testing 
(500 words, not used in the training data) 

 

Tasks 

Material 

•Morphemic segmentation of  words and texts 

•Search of  morphs 

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

models 

1. TASKS AND MATERIAL 



2. DEVELOPED MODELS 

 

 

 

 

 

 

 
 

 

 

 
Rule-based: 

rules; 

rules_corrected 
 

Probabilistic: 

maxmatch;  

log_likelihood; 

mean 

Combined: 

rules_corrected + maxmatch, 

 rules_corrected + log_likelihood,  

rules_corrected + mean 



Rules Rules_corrected 

The model considers: 

•the form-building patterns 

•derivational 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: 

Rule-based 



Maxmatch Log_likelihood Mean 

A part of  the word is 

considered a morph if  it is 

included in the list of  

morphs and is the longest 

possible match 

 

1) Select combinations of  

morpheme boundaries in which the 

resulting word segments can occur 

at a given position and are found in 

the list of  morphs 

2) Choose the candidate analysis 

with the maximum value of  the 

logarithms 

Compute the arithmetic 

mean of  morph probabilities 

for each candidate analysis, 

choose the one with the 

greatest arithmetic mean 

 

3. DESCRIPTION OF THE MODELS: 

Probabilistic 



rules_corrected + maxmatch, 

 rules_corrected + log_likelihood,  

rules_corrected + mean 

1) The rules_corrected model extracts postfixes, inflections, prefixes and suffixes 

2) For finding the root and suffixes not found by rules_corrected, one of  the three other 

models(maxmatch, log_likelihood, or mean) is used 

3. DESCRIPTION OF THE MODELS: 

Combined 



4. EVALUATION 

hits - the number of  correct boundaries(true positives) 

insertions - the number of  unnecessary boundaries (false positives) 

deletions - the number of  overlooked boundaries (false negatives). 



5. RESULTS 

 
 

Algorithm 
 
 

Precision 
 
 

Recall 
 
 

F-score 

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 0.846 0.85 0.848 

rules_corrected + log_likelihood 0.847 0.847 0.847 

rules_corrected + mean 0.551 0.915 0.687 

External 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   

•words 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 


