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Merki

 Dzilas masinmacisanas (deep learning)
prieksrocibas un ierobezojumi

» Teksta reprezentacijas un to pielietojumi dabigas
valodas apstradée (NLP)

* lerobezoti resursi (apmacibas dati un to
sagatavosana)



Saturs

* Neironu tikli

* levads par vardu vektoriem

* Latviesu valodas vardu vektori un pielietojumi
* Secinajumi



Dzilie neironu tikli



Dzilo neironu tiklu arhitekttra
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Dzilo neironu tiklu prieksrocibas

* Reprezentaciju macisanas (end-to-end)
 Vairaku limenu reprezentacijas

* VVajadziba péc distributétam reprezentacijam
(dimensiju lasts)

* Neuzraudzita pazimju macisanas
e Transfer-learning

* Labaka atrdarbiba ar bliviem vektoriem/matricam
uz vairakkodolu CPU, GPU



Vardu reprezentacijas



levads: vardu reprezentacijas

* Zema limena reprezentacijas
e Attels —> pikselu intensitate
* Audio —> spektrala blivuma koeficienti
* Vards —>?

* Tradicionali vards tiek uzskatits par diskrétu vértibu

* Nav informacijas par vardu attiecibam (ierobezoti areji
resursi: sinonimu kopas, taksonomijas)
* Datu retuma probléma (data sparsity)

. ’ . ’ 1-no-N vektors (one-hot):
Kakis [000000000010000]

/NCO) /NO) Suns [000000000100000]




levads: vardu reprezentacijas

* Lidzigi vardi tiek lietoti lidzigos kontekstos

“You shall know a word by the company it keeps”
(Firth, J. R. 1957)

Virietis no rita lasija  avizi/laikrakstu.
Vins pérk so avizi/laikrakstu katru dienu.

* Varam reprezentét vardu ar ta kaiminiem



levads: vardu reprezentacijas

Blakus-sastopamibu matrica

| like deep learning.

| like NLP.

* | enjoy flying.
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levads: vardu reprezentacijas

* Risinajums: zemas dimensionalitates blivi vektori

(word vectors, embeddings)
* Tipiski 25 — 1000 dimensijas

 Singular Value Decomposition (SVD), LDA, Rl, ...
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levads: vardu reprezentacijas
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levads: vardu reprezentacijas

Tiesa veida iemacities vardu vektorus:

* Learning representations by back-propagating errors.
(Rumelhart et al., 1986)

* A neural probabilistic language model (Bengio et al.,
2003)
* NLP (almost) from Scratch (Collobert & Weston, 2008)

* word2vec (Mikolov et al. 2013)
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FFNN valodas modelis

e — L, L' - ieejas un izejas vektori
D = v8 AYNLE D - vektoru dimensija
e -
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word2vec

* Aizmirstam par blakussastopamibu skaitiem un
meéginam paredzéet konteksta vardus

* Dazadas metodes un optimizacijas, kas lauj
iemacities no |oti liela tekstu korpusa
(unsupervised)

» Saglaba dazadas attiecibas starp vardiem:
* v(krastmala) = v(piekraste)
* v(karaliene) = v(karalis) - v(virietis) + v(sieviete)
e v(gramata) - v(gramatas) = v(abols) - v(aboli)
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Skip-grammu modelis
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Vardu analogiju piemers
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ab:c?  mm— d = arg max
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Ka tas strada?

X = King —man + woman

x-(k—m+w)
arg max cos(x, k —m + w) = arg max
x x ||x||||k—m+w||

i t

1 konstante
= arg max(xk — xm + xw)
X

Ekvivalents ar:
arg max (cos(x, k) — cos(x,m) + cos(x,w))
X

xk —xm 4+ xw => aditiva kombinacija (viens terms var dominét)

k) (xw) => multiplikativa kombinacija (daudz balansétak)

(xm)
cos(x, k) cos(x,w)
arg max
X cos(x,m) + €

[Levy, Goldberg, 2014, Linguistic Regularities
in sparse and explicit word representations] 18



Vardu vektoru kompozicija

Expression

Nearest tokens

Czech + currency

Vietnam + capital

German + airlines
Russian + river

French + actress

koruna, Czech crown, Polish zloty, CTK

Hanoi, Ho Chi Minh City, Viet Nam, Viethamese

airline Lufthansa, carrier Lufthansa, flag carrier Lufthansa

Moscow, Volga River, upriver, Russia

Juliette Binoche, Vanessa Paradis, Charlotte Gainsbourg
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Ka tas strada?

Reprezenté teikumu/paragrafu/dokumentu ka
ieklauto vardu vektoru vidéjo sverto vektoru

=> visu vardu paru vidéja svérta lidziba (efektiva
veida)

docA=A+B+C
docB=X+Y+ 7

cos(docA, docB) =
docA - docB (A+B+C)-X+Y+2)

" TldocAl[ - [ldocBI]  [lA+B+CI|-[IX+Y + Z]|

(A+B+C)-X+Y+2)
=AX+AY +AZ+BX+BY+BZ+CX+CY+C(CZ



Latviesu valodas vardu
vektori un to pielietojumi



Latviesu valodas jedzientelpa

e Latviesu valodas zinu arhivs

e Apstrades soli:
* Nonemt HTML tagus,
tabulas

* Nonemt specialos simbolus,
punktuaciju

 Aizvietot ciparus ar “0”
e Sadalisana teikumos, vardos
 Lemmatizésana

Teikumi

Vardi

Vardnicas izmers:
->10 lietojumi

- lemmas

66.8 M
1.78B

0.9/ M
0.55M



Dazadi modeli

* Modeli:
e Skip-grams (SG), Continuous bag-of-words (CBOW)
e Structured skip-grams (SSG), Continuous window (CWIN)
* Character level word embeddings (CWE)

 Parametri: dimensionalitate, konteksta izmers

e Korpuss: apjoms, lemmatizésana

CBOW Skip-Ngram
input projection output input projection output
W- O W
W.i O Wi
SUM > Wo Wo > O
Wi Wi
W2 O W2 23




Piemers

Lidzigu vardu klasterésanas, t-SNE projekcija
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Piemers

Vardu vektoru kosinusu lidzibas vairakos liTmenos, dendrogramma:
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Piemers

Vardu attiecibas, PCA projekcija
(a)
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Ipasibas

e Latviesu valoda —

argmax,cy (cos(v, trenins’))

morfologiski bagata valoda

e Blakus atrodosies vardi:

* Semantiska lidziba
Sintaktiska hdziba

* Locijumi

Biezi kopa lietotas
vardu grupas

* Pareizrakstibas kluda

e Ka to varam novertet?

Lemmu limenis Simbolu limenis

iesildisanas (0.79)
treninprocess (0.79)
trenéties (0.77)
trenésanas (0.77)
starts (0.77)

sparings (0.76)

Vardformu limenis

kardiotrenins (0.76)
aerobais (0.76)
treninprocess (0.75)
trenins (0.75)
iesildiSanas (0.74)

trennins (0.70)

trenina (0.99)

treninu (0.99)

trenini (0.99)
treniniem (0.99)
koptrenins (0.99)
treninam (0.99)
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Novertésana un pielietojumi

* Morfologiska tagosana (vardskira, vienkarsots
morfologiskais tags)

* Nosaukto entitiju atpazisana (PER, ORG, LOC)
e Sintaktiska parsésana (UD, treebank)

lzmantoto datu kopu statistika: vardu skaits (teikumi)

Datu kopa train dev test
Morfologiski anotéts korpuss 88,600 (5,560) 11,500 (750) 8,000 (620)
Sintaktiski anotéts korpuss 49,000 (3,900) - 4,000 (220)
(treebank)

Universalas atkaribas (UD) 12,600 (670) 3,500 (190) 4,000 (220)
Nosaukto entitiju anotéts korpuss 44,000 (2,400) - -
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lzmantota NN arhitektura

Bi-directional LSTM-CRF, kas kombine:
* ieprieks apmacitus vardu vektorus;
* simbolu limena vardu reprezentacijas;
* joint cross-label modeling

CRF slanis {
~

Simbola [imena )
vardu vektoru

LSTM ~




Morfologiska markesana (POS)

e Bazlinija: CMM morfologiskais marketajs:

* Leksikons
* Morfologiskais analizators
 |[STM-CRF
POS (ACC, %) Tags* (ACC, %) Pilns tags (ACC, %)
CMM 97.7 - 93.6
LSTM-CRF 96.7 91.2 -
LSTM-CRF + WE 98.3 94.6 -

* Vienkarsots morfologiskais tags: vardskira, locijums, skaitlis,
dzimums, persona, darbibas varda izteiksme (~200 unikali tagi)
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Nosaukumu atpazisana (NER)

e Bazlinija: CRF nosaukumu atpazinéjs
 Vardu saraksti (gazetteers)
e Vardu klasteri
* Morfologija

* LSTM-CRF

Metode NER (F1, %)
CRF 83.4
LSTM-CRF 63.7

LSTM-CRF + WE 90.5
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NER apmacibas likne

Fl-score

100% T T T T T
90% |- -
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53.9% ® @® LSTM-CRF + embeddings
50% ] ] ] I I
0% 20% 40% 60% 80% 100%

Corpus fraction used for training
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Sintaktiska parsesana

e Bazlinija: Maltparser rikkopa, hibrida atkaribas
balstita gramatika

e LSTM balstits atkaribu modelis

[M. Ballesteros et al., 2015, Improved Transition-Based Parsing by
Modeling Characters instead of Words with LSTMs]

Metode Treebank (UAS, %) UD Treebank (UAS, %)
Maltparser 76.8 -
LSTM + WE 76.8 75.1

LSTM + WE + morpho-tag - 75.4
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Rezultati

Modelis POS (ACC, %) NER(F1,%) UD (UAS, %)
ssg_200 98.3 89.1 74.9
ssg_100 98.3 89.0 74.9
sg 100 97.5 86.0 72.6
cbow_100 97.5 85.9 72.6
cwin_100 98.3 88.9 74.8
cwe_100 96.9 74.6 68.2
sg_100_lem 97.3 84.5 71.2
avg(ssg_100, sg_100_lem) 98.2 86.5 72.8
concat(ssg_100, sg 100 lem) 98.3 90.2 75.1
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Svarigakie parametri
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Secinajumi

 State-of-the-art rezultati trijos latvieSu valodas NLP
uzdevumos

* Neizmanto arejus resursus

* Neizmanto manuali veidotas/atlasitas pazimes

* Lemmatizésana var palidzét uzlabot rezultatus



Talak

* Dokumentu vektori no vardu vektoriem

 Vardu reprezentaciju uzlabosana flektivam valodam
 Arpus vardnicas vardi

e Dazadu neironu tiklu arhitekturu salidzinasana
 Specifisku nosaukumu un terminu atpazisana runa

* Vairakvalodu vektortelpas
* \Varda nozimju nodalisSana, inducésana
* Multimodalas vektortelpas
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Bilinguali vardu vektori
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doc2vec

Input:
many document Model:
Lorem ipsum dolor dOC1 1 - .
:d.."‘“mng":".g x ddoc2, _ most_similar(‘france’):
megtenpr [ | | dOC3 ... wv_kite paris 0.876543
.,'5:"::22",2‘"?‘?? p dv_doc1 louvre 0.765432
veoeoset [ Wv_space normandy 0.654321

wv_netherlands

wv_dog wv_italy )
wv_france ~ wv_paris
wv_spain dv_doc2 wv_louvre

wv_belgium wv_normandy

highest cosine
distance values
in vector space
with consideration
of the document
vectors

-

training a word
vector for each
word and each
document gets
an ID/tag with
a vector while
training

wv_water

dv_doc3

vector space:

consists of word vectors

for each word and additional
document vectors

wv_house

http://gensim.narkive.com/RavqZorK/gensim-4914-graphic-
representations-of-word2vec-and-doc2vec:i.5.2.full 39



Skip-thought vektori

Query and nearest sentence

he ran his hand inside his coat , double-checking that the unopened letter was still there .
he slipped his hand between his coat and his shirt , where the folded copies lay in a brown envelope .

im sure youll have a glamorous evening , she said , giving an exaggerated wink .
im really glad you came to the party tonight , he said , turning to her .

although she could tell he had n’t been too invested in any of their other chitchat , he seemed genuinely curious about this .
although he had n’t been following her career with a microscope , he ’d definitely taken notice of her appearances .

an annoying buzz started to ring in my ears , becoming louder and louder as my vision began to swim .
a weighty pressure landed on my lungs and my vision blurred at the edges , threatening my consciousness altogether .

if he had a weapon , he could maybe take out their last imp , and then beat up errol and vanessa .
if he could ram them from behind , send them sailing over the far side of the levee , he had a chance of stopping them .

then , with a stroke of luck , they saw the pair head together towards the portaloos .
then , from out back of the house , they heard a horse scream probably in answer to a pair of sharp spurs digging deep into its

“1 1l take care of it , ” goodman said , taking the phonebook .
“1’1l do that, ” julia said , coming in .

he finished rolling up scrolls and , placing them to one side , began the more urgent task of finding ale and tankards .
he righted the table , set the candle on a piece of broken plate , and reached for his flint , steel , and tinder .

http://gabgoh.github.io/ThoughtVectors/
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Multimodalas vektortelpas
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Paldies par uzmanibul!

Q&A

arturs.znotins@gmail.com




