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Parneses macisanas

Lietojam viena uzdevuma guto pieredzi citur
 Macoties jaunu valodu, lietojam zinasanas par vecajam
 Macoties braukt ar riteni, lietojam lidzsvara izjutu

Apmacit MM modeli vienam uzdevumam, bet lietot citam
* Pielagosana nozarei (Domain adaptation)

* Pielagosana uzdevumam (Task adaptation)

* Datu reprezentacijas iemacisanas



Valodas apstrades "ImageNet bridis"

ImageNet — 2009 gada datu kopa attélu klasificéSanai
* Daudz kvalitativu datu skaidri definétai problémai
e Paris gadu laika daudzi aizvien labaki risinajumi
 Pamats dzilas masinmacisanas revolucijai

* Tiek lietots ar1 visiem citiem attélu uzdevumiem

Ka iegut sadu rezultatu valodas apstrade ?
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Kas tam bija vajadzigs?

Daudz datu

1.3 mlj attélu

Arhitektura, kas piemérota daudziem uzdevumiem
Konvoluciju neironu tikli

Uzdevums, kas piespiez iemacities butisko

1000 sarezgitu kategoriju klasifikacija

Spéja efektivi apmacit sistémas



Méginajums #1 — n-grammu model;

Daudz datu
1995 British National Corpus, 100 mlj vardu

Arhitektura, kas piemérota daudziem uzdevumiem
.... he,

Uzdevums, kas piespiez iemacities teksta jegu
Paredzét vardu virknes varbutibu

Spéja efektivi apmacit sistémas

Ja, pat loti lielas



#2 — Collobert/Weston 2008

1. Daudz datu
1 mlj vardu anoteéts, 631 mlj vardu vikipédija
2. Arhitektura, kas piemérota daudziem uzdevumiem
Ja —Vardu vektortelpa un konvoluciju tikli
3. Uzdevums, kas piespiez iemacities teksta jégu
Ja — POS, NER, chunking, SRL (PropBank) un valodas modelis
4. Spéja efektivi apmacit sistémas
Né, ne 2008. gada
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#3 — vardu jédzientelpa, word2vec

Daudz datu

6 mljrd vardu Google News korpuss

Arhitektura, kas piemérota daudziem uzdevumiem
Daléji

Uzdevums, kas piespiez iemacities teksta jegu

Vai vards "iederas" konteksta

Spéja efektivi apmacit sistémas

Jal



#4 — Unsupervised sentiment neuron

1. Daudz datu

82 mlj dokumentu

2. Arhitektura, kas piemérota daudziem uzdevumiem
Ne — vienvirziena mLSTM

3. Uzdevums, kas piespiez iemacities teksta jégu
Paredzét nakamo burtu no iepriekséjiem ...

4. Spéja efektivi apmacit sistémas
Jal
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Péedeja gada parmainas

ULMFIT (Universal Language Model Fine-tuning)
ELMo (Embeddings from Language Models)
GPT (Generative Pre-Training)/OpenAl Transformer

BERT (Bidirectional Encoder Representations from
Transformers)

GPT-2 (Generative Pre-Training)



Ka tas darbojas?

Apmacam dzilu tiklu uz daudz nemarkéta teksta

e word2vec dod pirmo slani, paréjos apmaca

 BERT, ELMo, utt dod visu sistému, apmaca tikai
pédejo slani "atbildes nolasisanai”

Triki, lai vajadzétu nemt véra attalu kontekstu

e pilns teksts, nevis teikumi vai pat rindkopas

e teikumu secibas prognozésana



Ka ir tagad?

1. Daudz datu
BERT — 3.3 mljrd vardu; GPT2 — 8 mlj dokumentu, 40 GB

2. Arhitektura, kas piemérota daudziem uzdevumiem
Ja — Transformer (self-attention) slani

3. Uzdevums, kas piespiez iemacities teksta jegu
Ja — Valodas modelésana + atseviski triki

4. Spéja efektivi apmacit sistémas
Ja, ar nosacijumu — ja ir lieli skaitlosanas resursi, tad var atri



Ko Sis sistémas spgj?

1. Parspéj labakos rezultatus daudzos uzdevumos

* Minimala adaptacija bez iedzilinasanas probléma
2. Bezparaugu macisanas (Zero-shot learning)

e Gatavam modelim "uzdodam jautajumu" ar jaunu tému
3. Nav sasniegusas robezu

 Vairak datu —joprojam labak

 Vairak parametru —joprojam labak
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Sekas valodas apstradel vispar

Aizvietos word embeddings gandriz visas sistémas

e  Publiski pieejamas (anglu val.)
e Atrdarbibas un veiktspéjas ierobeZojumi

Empiriski demonstreé to, ka valoda viss ir saistits
* Valodnieciskas paradibas var iemacities no teksta

Pieaug "ieejas biletes" cena aparaturas zina
Pieaug nozime rakstitas valodas krajumiem

e Atpaliks valodas ar maz runatajiem, maz literattras
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Sekas latviesu valodas apstradel

Pasaulé veido "daudzvalodu" sistémas

* Visparigi risinajumi bez adaptacijas katrai valodai
 Risinajumu arhitektura atbilst anglu un kiniesu valodam
lespéjas adaptét morfologiski bagatam valodam

e Metodes ir, tacu tas japielieto pasSiem

Markéetu resursu izmérs klust mazak svarigs

e Markét daudz resursus ir dargi — bet vajag kvalitati

. Vajag lielus, labus korpusus



Sekas maksliga intelekta jomai

* Reinforcement learning (cherry)
* Supervised learning (Chocolate)

* Unsupervised/Predictive learning (Cake)
* Generative adversarial nets (GAN)




Sekas maksliga intelekta jomai

Paredzéet "kas bus?" liek iemacities strukttru
* Dialoga paredzésana — atbilde uz jautajumu
Attélu paredzésana — nakamais "kadrs" ?

* Fizika, apkartéjas pasaules uzvediba

 Piemeri par "spélu pasaulu"” prognozesanu
 Taustes, skanas paredzésana — reakcija uz ricibu

Pastiprinata macisanas — nevis galvenais datu avots,
bet atgriezeniska saite par augsta limena meérki



Paldies par uzmanibu!
Jautajumi?

2008 R. Collobert, J. Weston "A Unified Architecture for Natural Language Processing: Deep Neural Networks with Multitask
Learning" https://ronan.collobert.com/pub/matos/2008_nlp_icml.pdf

2013 T. Mikolov et al "Efficient Estimation of Word Representations in Vector Space" https://arxiv.org/abs/1301.3781

2017 A. Radford et al "Learning to Generate Reviews and Discovering Sentiment" https://arxiv.org/abs/1704.01444
2017 A. Vaswani et al "Attention Is All You Need" https://arxiv.org/abs/1706.03762 (Transformer modeli)

2018 J. Howard, S. Ruder "Universal Language Model Fine-tuning for Text Classification" https://arxiv.org/abs/1801.06146

2018 M.E. Peters et al "Deep contextualized word representations" https://arxiv.org/abs/1802.05365 (ELMO sistéma)

2018 A. Radford et al "Improving Language Understanding by Generative Pre-Training" https://s3-us-west-
2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf

2018 J. Devlin et al "BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding"
https://arxiv.org/abs/1810.04805

2019 Yoav Goldberg "Assessing BERT's Syntactic Abilities" https://arxiv.org/abs/1901.05287

2019 A. Radford et al "Language Models are Unsupervised Multitask Learners" https://d4mucfpksywv.cloudfront.net/better-
language-models/language_models_are_unsupervised_multitask learners.pdf (GPT-2 sistéma)



https://ronan.collobert.com/pub/matos/2008_nlp_icml.pdf
https://arxiv.org/abs/1301.3781
https://arxiv.org/abs/1704.01444
https://arxiv.org/abs/1706.03762
https://arxiv.org/abs/1801.06146
https://arxiv.org/abs/1802.05365
https://s3-us-west-2.amazonaws.com/openai-assets/research-covers/language-unsupervised/language_understanding_paper.pdf
https://arxiv.org/abs/1810.04805
https://arxiv.org/abs/1901.05287
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf

