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Bigfoot

Feline
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BEKTOPHbIE MOOEIN A3blKa

cos(Dog, Canine) > cos(Dog, Feline)



BEKTOPHbIE MOOE N A3blKa

e JloKasibHble MOOENV

- VHUTapPHbIE KOOb
- TF-IDF

* HenpepbIiBHbIE MOOENN
- NaTEeHTHO-CEMaHTUYECKNIA aHa N3
- NaTeHTHoe pas3MelleHre LHnpmnxne
- pacnpenesieHHble Moae




BEKTOPHbIE MOOE N A3blKa

e JloKasibHble MOOENV

- VHUTaPHbIE KOAb!

e OOY4YEHHbIE C YUYUTENIEM
- TF-IDF

- ODy4YeHne KnaccumrkaTopoB
* HenpepbiBHbIE MOOESN - Oby4yeHmne METPUK
- NAaTEHTHO-CEMaHTUYECKUN aHa/INS

e ObOy4yeHHble 6e3 yunTend
- NaTeHTHoe pas3MelleHre LHnpmnxne

- pacnpenesieHHble MoOAeN U



Posterior probability

computed by softmax P(D }\lQ) P(D 2\|Q) P (D}ilQ )

/

Relevance measured

R(Q,D
by cosine similarity R(Q,D2) (Q.Dn)
Semantic feature y 73 73 1%
{W4' b4} T T
[ 300 300 3 300
Multi-layer non- ’ . 7 b O ’T
linear projections tW3, b3} |
[, 300 300 300 300
(W, by) T
L4 30k 30k 30k 30k
Word Hashing w;, T T T T
Term vector X 500k 500k 500k 500k
Q Dy D, D,

DSSM

P-S. Huang et al. Learning Deep Structured Semantic Models for Web Search using
Clickthrough Data, 2013



http://research.microsoft.com/pubs/198202/cikm2013_DSSM_fullversion.pdf
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N-gram language model

\'/

U

Y. Bengio et al. A Neural Probabillistic Language Model, 2001


http://papers.nips.cc/paper/1839-a-neural-probabilistic-language-model.pdf
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Wora2vec

T. Mikolov et al. Efficient Estimation of Word Representations in Vector Space, 2013
T. Mikolov et al. Distributed Representations of Words and Phrases and their Compositionality, 2013



http://arxiv.org/pdf/1301.3781.pdf
http://arxiv.org/pdf/1310.4546.pdf
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Paragraph vector

G. Mesnil et al. Ensemble of Generat/ve and D/scr/m/nat/va Techn/aues forSenz‘/mantAna/VS/s of Movie Reviews, 2014



http://www-cs-faculty.stanford.edu/~quocle/paragraph_vector.pdf
https://scontent-frt3-1.xx.fbcdn.net/hphotos-xta1/t39.2365-6/12057002_737370949739681_1472390534_n/Ensemble_of_Generative_and_Discriminative_Techniques_for_Sentiment_Analysis_of_Movie_Reviews.pdf
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RINNLIV

1. Mikolov et al. Recurrent neural network based language model, 2010



http://www.fit.vutbr.cz/research/groups/speech/publi/2010/mikolov_interspeech2010_IS100722.pdf
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Skip-thought vectors

R. Kiros et al. Skip-Thought Vectors, 2015



http://arxiv.org/pdf/1506.06726v1.pdf

BEKTOPHbIE MOOE N A3blKa

NBSVM (S. Wang & C. Manning Baselines and Bigrams: Simple, Good Sentiment

and Topic Classification, 2012)

GloVe (J. Pennington at al. GloVe: Global Vectors for Word Representation, 2014)

DictRep (F. Hill et al. Learning to Understand Phrases by Embedding the
Dictionary, 2015)

LSTM-RBNN (K. Greff at al. LSTM: A Search Space Odyssey, 2015)

C-PHRASE (N. T. Pham et al. Jointly optimizing word representations for lexical and
sentential tasks with the C-PHRASE model, 2015)

Char-

BNN (A. Karpathy The Unreasonable Effectiveness of Recurrent Neural

Networks, 2015)



http://nlp.stanford.edu/pubs/sidaw12_simple_sentiment.pdf
http://www-nlp.stanford.edu/pubs/glove.pdf
http://arxiv.org/pdf/1504.00548v3.pdf
http://arxiv.org/pdf/1503.04069.pdf
http://www.aclweb.org/anthology/P15-1094
http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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BEKTOPHbIE MOOE N A3blKa

e 3anaya aHas10rmu

- 1. Mikolov et al. Linguistic Reqgularities in Continuous Space Word

Representations, 2013

- [. Mikolov et al.
Space, 2013

Fificient

Estimation of Word Representations in Vector

e 3aJada PeneBaHTHOCTU

- Kaggle competition Crowdflower Search Results Relevance (8 months ago)

- Kaggle competition Home Depot Product Search Relevance (53 days to go)



http://www.aclweb.org/anthology/N13-1090
http://arxiv.org/pdf/1301.3781.pdf
https://www.kaggle.com/c/crowdflower-search-relevance
https://www.kaggle.com/c/home-depot-product-search-relevance
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PasMepHOCTb BEKTOPHbIX NpeacraBneHnn: 512
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BEKTOPHbIE MOOE N A3blKa

 A. M. Dal et al. Document Embedding with Paragraphn Vectors, 2015

o F Hill et al. Learning Distributed Representations of Sentences from
Unlabelled Data, 2016

e R. Jozefowicz Exploring the Limits of Language Modeling, 2016



http://arxiv.org/pdf/1507.07998.pdf
http://arxiv.org/pdf/1602.03483v1.pdf
http://arxiv.org/pdf/1602.02410v1.pdf
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