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skip-gram word2vec



“You shall know a word by the
company it keeps.”
(John Rupert Firth)



word embedding

e Cél: a valos vektorokon operaldo mesterseges
neuronhalok szamara elérhetéve tenni az irott
szavak vilagat.

e Eszkdz: egybillid szonyi 6sszegylijtott széveg
és hatalmas szamitasi kapacitas. (Google,
Stanford)
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Output Layer
Softmax Classifier

H Idden Layer Probability that the word at a
Linear Neurons , - randomly chosen, nearby
Input Vector position is “abandon”
: >
’ \
0 \ ‘ 4 - “ =1z ’
0 \ | : - ... “ability’
0 “\\ \, |
0 X
0 > Z \/ /
A ‘1" in the position 0 \_,// \ - . “able”
corresponding to the —#» X
word “ants” 0 '
0 \
A \
; 2.
10,000
positions

300 neurons —— .. "“zone”

10,000
neurons

http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/



word embedding
vizualizacio

http://projector.tensorflow.org/

http://127.0.0.1:8080/vis/?q=fold



http://projector.tensorflow.org/
http://127.0.0.1:8080/vis/?q=f%C3%B6ld
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Sikldsi, Novak 2016
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Sikldsi, Novak 2016
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Sikldsi, Novak 2016
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Rome - Italy + China = Beljing
China - Taiwan + Russia = Ukraine
house - roof + castle = dome

knee - leg + elbow = forearm
love - indifference + fear = apathy

https://deeplearning4j.org/word2vec.html



https://deeplearning4j.org/word2vec.html

Kicsit eloreugorva
az autoencoderekhez



Noresl Nat Vef:tor #2 - #f1 Computed Neural Net
Input Source #1 Reconstruction #1 (interpolation shown)  Reconstruction #2 Input Source #2

Input Target Neural Net : _ Computed
Reconstruction of Target Same Vector is applied Analogy
to the Target

The relationship between Source #1 and Source #2 is applied to the target image.

Tom White



Gender-biased Gender-balanced
Reconstruction smilevector smilevector

Tom White



Hiperbolikus terek
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“[...] random geometric graphs in hyperbolic
spaces are an adequate model for complex
networks. The high-level explanation of this
connection is that complex networks exhibit
hierarchical, tree-like organization, while hyperbolic
geometry is the geometry of trees. Graphs
representing complex networks appear then as
discrete samples from the continuous world of
hyperbolic geometry.”

(Fragkiskos Papadopoulos)

https://www.caida.org/publications/papers/2015/
network _mapping replaying hyperbolic/network_mapping replaying hyperbolic.pdf



https://www.caida.org/publications/papers/2015/network_mapping_replaying_hyperbolic/network_mapping_replaying_hyperbolic.pdf
https://www.caida.org/publications/papers/2015/network_mapping_replaying_hyperbolic/network_mapping_replaying_hyperbolic.pdf

Poincaré Embeddings

U, V) = arcos i UHQ
d(u, v) h(1+2(1— |u]?)(1 - Hsz))

Nickel and Kiela
https://arxiv.org/pdf/1705.08039.pdf



https://arxiv.org/pdf/1705.08039.pdf

Poincaré Embeddings

minimalizaljuk, azaz
maximum likelihood
e—d(u,v)

(u,v)€ED v/ EN (u) e~ d(u,v0)

e—d(u,v)

L(@) — —Z lOge_d(u,v)+E JEN( )e—d(u,vl)
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Poincaré embeddings,
link prediction

1

P((U,U) =1 ‘ @) ~ eld(u,v)—r)/t 4 1

a tavolsag szigmoid figgvenye



HyBed

ez nem skalarszorzat

(x1,X2) g = ||x1||||x2|| cos(1 — 62) = 4 arctanh rq arctanh 5 cos(61 — 65)

p(wolwr) = exp(Vly v ) i)/ S exp({vl,vur) 1)

Chamberlain, Clough, Deisenroth
https://openreview.net/pdf?id=S1xDcSR6W



https://openreview.net/pdf?id=S1xDcSR6W

Hipergombok



Hyperspherical
Variational Autoencoder

Davidson et al.

https://arxiv.org/abs/1804.00891



https://arxiv.org/abs/1804.00891

Autoencoder

input output



Von Mises-Fisher eloszlas

fp(%x; 1, 6) = Cp(K) exp (“NTX)

! ’ s : ’ 5 5 :
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Toruszok
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1D toruszok
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2D toruszok
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