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WORD2VEC : A RECALL

Represent each word with a low-dimensional
vector

Word similarity = vector similarity

Key idea: Predict surrounding words of every
word

Faster and can easily incorporate a new
sentence/document or add a word to the
vocabulary



REPRESENT THE MEANING OF WORD -
WORD2VEC

» 2 basic neural network models:

« Continuous Bag of Word (CBOW): use a window of word
to predict the middle word

 Skip-gram (SG): use a word to predict the surrounding
ones in window.
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WORD2VEC - CONTINUOUS BAG OF
WORD

« E.g. "The cat sat on floor”
* Window size = 2
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SOME INTERESTING RESULTS

Word Analogies

Test for linear relationships, examined by Mikolov et al. (2014)

(wp — wa + we)Tw,

ab:c? — d = arg max
T ||wb_wa+wcH
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WORD ANALOGIES
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EVA TRANSCRIPTION

To train this model, I had to parse and extract
the transcription from the EVA (European
Voynich Alphabet) to be able to feed the
Voynich sentences into the word2vec model.
;fhls EVA transcription has the following
ormat:

<f1r.P1.1,U>

fyalys.ykal.ar.ytaiin.shol.shory . ***Ir*s.y .kor.s
holdo*- #

<flr.P1.2;H>

sory.ckhar.olr.y kair.chtaiin.shar.are.cthar.c
thar.danl-
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SNE VISUALIZATION
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RESULTS

- >>> w2v_model.most_similar("octhey")
* [((goekaiin’, 0.6402825713157654),

» (‘otcheody’, 0.6389687061309814),
 ('ytchos', 0.566596269607544),

* (‘ocphy', 0.5415685176849365),

+ (‘'dolchedy’, 0.5343093872070312),

* (‘aiicthy’, 0.5323750376701355),

* (‘'odchecthy’, 0.5235849022865295),
 (‘'okeeos', 0.5187858939170837),

* (‘cphocthy', 0.5159749388694763),

» (‘oteor’, 0.5050544738769531)]
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,LASTRONOMICAL WORDS”
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"AKOE

bVOVIHOOPMATHKA

* MAOTEMATUYECKME METOAbLI KOMMBIOTEPHOIO
AHOAM3A FEHOMA, TPAHCKPUNTOMA, NPOTEOMO

(OoMMKC- ODUOMHAOOPMATUKA).
* PA3PADOTKA AATOPUTMOB U MNP
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NPEACKA3AHMI MPOCTPAHCTBEHHOM CTPYKTY b

omonoammepos— PHK 1 6eAok

~ POAAHNHT
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KOCKOAOB,MPEACKA3AHME JOYHKUMM DEAKQ,

DETYAITOPHbIX KOHTY[OOB M T.
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https://ru.wikipedia.org/wiki/%D0%91%D0%B8%D0%BE%D0%B8%D0%BD%D1%84%D0%BE%D1%80%D0%BC%D0%B0%D1%82%D0%B8%D0%BA%D0%B0#.D0.A1.D1.82.D1.80.D1.83.D0.BA.D1.82.D1.83.D1.80.D0.BD.D0.B0.D1.8F_.D0.B1.D0.B8.D0.BE.D0.B8.D0.BD.D1.84.D0.BE.D1.80.D0.BC.D0.B0.D1.82.D0.B8.D0.BA.D0.B0
https://ru.wikipedia.org/wiki/%D0%91%D0%B8%D0%BE%D0%B8%D0%BD%D1%84%D0%BE%D1%80%D0%BC%D0%B0%D1%82%D0%B8%D0%BA%D0%B0#cite_note-Tor-2

SHOTGUN & NEXT GEN. SEQUENCING

Strand Sequence
.. AGCATGCTGCAGTCATGCTITAGG
Original
CTA
First ShotaUN sequence AGCATGCTGCAGTCATGCT-------
9 9 TAGGCTA
Second shofgun sequence ACCAIE
9 quence CTGCAGTICATGCITAGGCTA

Reconstruction

AGCATGCTGCAGTCATGCITAGG
CTA
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OCHOBHAJ CTATDbBA

Continuous Distributed Representation of
Biological Sequences for Deep Proteomics
and Genomics

Ehsaneddin Asgari, Mohammad R. K. Mofrad
PLOS ONE November 10, 2015
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https://doi.org/10.1371/journal.pone.0141287
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PA3BVIBKA BEJTIKOBOW
[TOCJIEAOBATEJIbHOCTI

Original Sequence
O ACF
M SAEDVLKEYDRRRRMFEAL..
Splittings

1) MATF, SAE, DVL, KEY, DRR, RRM, ..
2) AFS, AED, VLK, EYD, RRR, RME, ..
3) FSA .EDV, LKE, YDR, RRR, MEA, ..
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PACIIPELAEJIEHVE bEJIKOB B ITPOCTPAHCTBE 2X
KOMITOHEHT
LIBET ObO3HAYAET 3HAYEHIWE COOTB. I1PMI3HAKA

Volume Van der Waals Volume
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PHENYLALANINE-GLYCINE

NUCLEOPORINS (FG-NUPS)
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PEAJIVI3ALIIAL

- https://github.com/ehsanasgari/Deep-Proteomics
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https://github.com/peter-volkov/biovec

Electrocorticography (ECoG)

Electrodes fo epidural recordings.
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