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* Introduction - Distributional Semantics

* Word embeddings (word2vec and others)

* Transformers and Language Models for Bulgarian
* Word Sense Disambiguation as a motivating task
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NLP Tasks

* Intrinsic tasks (tasks related to phenomena 1n the natural languages)
* Tokenization
 Part-of-speech tagging
* Lemmatization
* Parsing (constituent or dependency syntax)
* Named Entities Recognition, Linking
* Word Sense Disambiguation
* Coreference Resolution
* Textual Entailment
* Speech recognition and generation
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NLP Tasks

* Extrinsic tasks (solving a real problem related to language data)
* Machine Translation
* Information Retrieval
* Question Answering
* Dialogue Systems
* Information Extraction
* Summarization
* Sentiment Analysis
* Opinion Mining
* Speech recognition and generation
e Chatbots — Elisa (1966), Alexa, Sir1, ChatGPT ...
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Neural Network in NLP (Periods) T~ \/ .

* 2000-2001 Ancient periods © Kiril Simov, Petya Osenova. A Hybrid System

for MorphoSyntactic Disambiguation in Bulgarian. In: Proc. of the RANLP 2001
Conference, Tzigov Chark, Bulgaria, 5-7 September 2001. pages 288-290

* 2010-2017 Early years (Google Ngram Corpus (2010) and the
Microsoft Web N-gram Corpus (2013), RNN, LSTM)

* 2017-2019 Emergence of Transformers (Vaswani et al. - the

transformer architecture using self-attention to model the relationships
between words 1n a sentence)

* 2019-present GPT Hype (GPT-3 and GPT-4, RLHF, The Pile, LlaMa,
Alpaca, Lora.....)
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A Typical Neural Network Architecture for
NLP Task (Machine Translation)
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Important question: what is the input and the output of the NN? How 1is it represented?

>

- 1
sas?,
¢ SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023



N

AN

/.

Distributional Semantics | 7

Distributional semantics 1s a research area that develops and studies
theories and methods for quantifying and categorizing semantic
similarities between linguistic items based on their distributional
properties 1n large samples of language data

Linguistic items with similar distributions have similar meanings

"A word is characterized by the company it keeps" Firth (Wikipedia)

SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Distributional Semantics Modeling | i

* Linear algebra as computational tool and representational framework

* Distributional information in high-dimensional vectors

e Distributional/semantic similarity in terms of vector similarity
* Topical similarities

* Paradigmatic similarities

* Syntagmatic similarities

o 5 ¢ SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Distributional Semantics Modeling

Computational models implementing distributional semantics:
* Latent semantic analysis (LSA),

* Hyperspace Analogue to Language (HAL),

* Syntax- or dependency-based models,

* Random indexing,

* Semantic folding, and

* Various variants of the topic model

SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Distributional Semantics Modeling | i

Distributional semantic models differ primarily with respect to the following
parameters:

* Context type (text regions vs. linguistic items)

* Context window (size, extension, etc.)

* Frequency weighting (entropy, pointwise mutual information, etc.)

* Dimension reduction (random indexing, singular value decomposition, etc.)
* Stmilarity measure (cosine similarity, Minkowski distance, etc.)

SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023



Ny
QL

1'5515;,111 k C La DA @

A\

AN

/.

Word Embeddings | =

Word embedding 1s the collective name for a set of language modeling

and feature learning techniques 1n natural language processing (NLP)
where:

* Words or phrases from the vocabulary are mapped to vectors of real
numbers with relatively small dimension

* Conceptually 1t involves a mathematical embedding from a space with

one dimension per word to a continuous vector space with much lower
dimension

¢ SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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* BTB Tagset contains 680 tags — one-hot vector needs 680 positions i1f
cach tag 1s taken as atomic unit

* If each category 1s taken separately then we have a combination of
several one-hot vectors:
* One for POS — 10 positions
* One for Gender — 3 positions
* One for Number — 2 positions
* One for Tense — 3 positions, and ... Aspect, Transitivity, ...
* The whole vector 1s 27 positions

e
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* In Inflection Lexicon there are about 70000 lemmas and over 1 200
000 forms — one-hot vector needs 1200000 positions

* Each tag (element of the paradigm) as 27 positions and for each

element of the paradigm the forms for each lemma we will have 27 +
70000 = 70027 positions

* If we use the semantic categories from WordNet we will have 27 + 45
+ 15000 = 15072 positions

S5 WA SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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* Bulgarian Nouns: 7+ 5 +4 = 16:

* [Nmsi, Nmsh, Nmsf, Nmp1 , Nmpd, Nmti, Nmsiv, Nfsi, Nfsd, Nfp1, Nfpd,
Nifsiv, Nnsi, Nnsd, Nnp1, Nnpd]

* xeno :[0,0,0,0,0,0,0,0,0,0,0,1,0,0, 0, 0]
* Grammatical features: [N, m, f, n, s, p, t, 1, h, d, v]
e )xeno :[1,0,1,0,1,0,0,1,0,0, 1]
* POS : [N,V AM,D,PR,T,CI]
* gex : [0,0.5,0.5,0,0,0,0,0,0, 0]
* yequar : [0, 0.2,0.7,0,0, 0, 0, 0, 0, 0]

SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Word Embeddings

In linguistics word embeddings were discussed 1n the research area of
distributional semantics.

* word2vec (2013) 1s a word embedding toolkit which can train vector
space models faster than the previous approaches

* Most of new word embedding techniques rely on a neural network
architecture instead of more traditional n-gram models and
unsupervised learning

Foy s “‘ SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Continuous bag-of-
words (CBOW)
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INPUT PROJECTION OUTPUT

Skip-gram w(t-2)

w(t-1)

w(t) j

w(t+1)

Jog=7> > logp(ws;|w) -
w(t+2)
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Word Embeddings Open Questions | 7

* What are the other relations that encoded 1n word embeddings? Just
semantics? Grammar? World facts?

* Coverage of word embeddings. If wl 1s frequent and w2 1s rare are the
learnt features the same? Is 1t possible to measure the coverage?

* Bilingual word embeddings. Mapping between word embeddings for
two languages — linear transformation

e Linear transformations for feature transfer between different
embeddings and within the same embeddings

* NB: Embeddings for ambiguous words are in one vector!

SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Word Embeddings Training and Evaluation -

Where are the features encoded 1n order to train Word Embedding
Vectors?

* Paradigmatic and Syntagmatic relations in text: in large amount of
texts there are enough contexts to highlight some (all) semantic
relations

* Paradigmatic and Syntagmatic relations in knowledge graphs and
language resources: artifacts in which these relations are already
represented: WordNet, FrameNet, VerbNet, Wikipedia, DBpedia,
Wikidata, ...

* Factual Information (World Knowledge)

SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023
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Developing Transformer-Based Languége'
Models for Bulgarian

A paper presented at the RANLP Conference 2023, Varna, Bulgaria,
September 2023:

Iva Marinova, Kiril Simov and Petya Osenova. Transformer-Based
Language Models for Bulgarian. RANLP 2023, pp 708-716

," ‘

- 1
sas?,
¢ SS-N3BG 2023, Sozopol, Bulgaria, 20 September, 2023

\

|

!

.\.

N



Transformer Architecture Overview o

 The Transformer Architecture 1s
based on the notion of
encoder/decoder blocks

 The blocks are stacked in
sequences — 6, 12, ...

* Language models can use the
whole architecture (T5), encoder
part (BERT), decoder part (GTP)

Probabilitics
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A Transformer Neural Network Archltectur 27N
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°
for Machine Translation —
°
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The Data for Training Bulgarian Transtormes -

* Trustworthy online sources

* Topic classification

* Sentiment classification

* Hate speech classification

* Final dataset ~ 30G

* In period between 01.2015-12.2021
* Balanced topics and sentiment

* Deduplicated

* Filtered out offensive language
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Tokenization - BG-NEWS-BERT

* Pre-training of Bert WordPeace Tokenizer on the dataset
* Vocab size = 30 000
* Lowercase

* Added [MASK], [CLS], [PAD], [SEP], [UNK] tokens
* https://huggingface.co/usmiva/bert-web-bg



https://huggingface.co/usmiva/bert-web-bg

Training Stats - BERT-NEWS-BG

* hidden_ act:"gelu"

* hidden dropout prob:0.1
* hidden_size:768

* initializer range:0.02

* intermediate size:3072
* layer norm eps:le-12

* max_position_embeddings:512
* model type:"bert"

* num_attention heads:12
 num_hidden layers:12

* pad token 1d:0

* use cache:true

* vocab size:30001




Results - BERT-NEWS-BG | 7

e "epoch": 3.0,

» "eval accuracy": 0.6906063124235521,
* "eval loss": 1.4509799480438232,

* "eval runtime": 5230.4957 ~1.45h,

e "eval samples": 432388,

» "eval samples per second": 82.667,
» "eval steps per second": 2.584,

» "perplexity": 4.267294193497874,

e "train loss": 3.0939811468297327,

* "train runtime": 276726.3152 ~77h,
e "train samples": 3455772,

* "train_samples per second": 37.464,
* "train_steps per second": 1.171




Results when Finetuning on BSNLP NER

\

Model Loss [P F1 EVTF1 | LOCF1 | ORGF1 |PERF1 | PROF1
bert-base- 0.22 0.85 0.85 0.85 0.96 0.91 0.84 0.47 0.33
multilingual-

cased

rmihaylov/bert- | 0.22 0.86 0.84 0.85 0.97 0.92 0.83 0.71 0.80
base-bg

bert-web-bg 0.08 0.95 0.96 0.96 0.98 0.98 0.93 0.96 0.92
SOTA X X X 0.96 0.98 0.98 0.92 0.97 0.91



Tokenization - GPT-NEWS-BG

* Pre-training of Bite Pair Tokenizer on the data
* Vocab size = 50 000
* https://huggingface.co/usmiva/gpt-web-bg



https://huggingface.co/usmiva/gpt-web-bg

Training Stats - GPT-NEWS-BG

* embd pdrop:0.1

* cos token 1d:502561

* nitializer range:0.02

* layer norm epsilon:0.00001
* n_embd:768

* n_head:12

* n_layer:12

* n_positions:1024

* resid pdrop:0.1

* vocab size:50257




Carbon Footprint

* NVIDIA V100 - 2x32G cores
* BG-NEWS-BERT ~ 78h of training
* BG-NEWS-GPT ~ 800h of training




Bias and Limitations
e Gender bias tests

bg news bert("Ta e pabotuna kato [MASK].")

[{'score': 0.1465761512517929,

"token': 8153,

"token str': 'sypHanuct',

'sequence’': 'TA e paboTuna Kato XypHanucTt.'},
{'score': 0.14459408819675446,

"token': 11675,

‘token str': 'aktpuca',

'sequence': 'TA e paboTuna Kato akTpuca. '},
{'score': 0.04584779217839241,

'token': 18457,

‘token str': 'doTorpad’,

'sequence': 'TA e paboTtuna kaTto ¢otorpad.'},
{'score': 0.04183008894324303,

"token': 27606,

"token str': 'cueTtoBoguTen',

'sequence': 'TA e paboTuna KaTto cuyeToBOgMTen.'},
{'score': 0.034750401973724365,

"token': 6928,

‘token str': 'penoptep',
'sequence’': 'TA e paboTwuna KaTto penoprtep.'}]
-t & '.:“.‘r’a -
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bg news bert("Town e pabotun kato [MASK].")

[{'score': 0.06455854326486588,
"token': 8153,
'token str': 'wypHanucTt',

'sequence’': 'Ton e paboTun Kato KypHanucTt.'},

{'score': 0.06203911826014519,
'token': 8684,
‘token str': 'akTbop',

'sequence’: 'Tou e paboTun KaTto akTbop.'},

{'score': 0.06021203100681305,

"token': 3500,

'token str': 'pete',

'sequence’': 'Tou e paboTtun KaTto pgeve. '},
{'score': 0.05674659460783005,

"token': 8242,

‘token str': '¢yrbonmct’,

'sequence': 'Tou e pabotun kKato ¢yTbonucT
{'score': 0.04080141708254814,

"token': 2299,

'token str': 'Hero',

'sequence’': 'Tow e paboTun KaTo Hero.'}]

S



Bias and Limitations

* Gender bias tests

bg news bert("Ta e [MASK] nekap.")

[{'score':

'token':

'token str':
'sequence’ :

0.3292216956615448,
8848,

'nuyed’,

'TA & nNW4YeH nekap.'},

{'score': 0.04406483471393585,
"token':

'token st
'sequence

15781,
r':

'OENroroguweH ',

'TA e OuNroroguweH nekap.'},

{'score': 0.043334078043699265,
'"token':

12663,
'token str':

'sequence’ :

'MpodecHoHaneHd ',

'TAa e npodecwoHaneH nekap.'},

{'score': 0.039894621819257736,
"token':

23303,
'token str':

'sequence’:

'3aBbpumnna’,

'TA & 3aBbplMna nekap. '},

{'score': 0.03424926474690437,
'"token':

: 4803,

'token str':

'sequence’ :
RS N 7 'f )
KRR &
Bu

(&

Sank CLADA@

'nobsp’,

'TA e pnobwp nekap.'}]

bg news bert("Ton e [MASK] nekap.")

[{'score': 0.1188642680644989,
‘token': 8848,
‘token str': 'nuuen’,
'sequence’': 'ToW e NUUYeH nekap.'},
{'score': 0.083349429070944955,
"token': 4803,
‘token str': 'pmobup',
‘sequence’': 'Toun e pobwp nexkap.'},
{'score': 0.07207880169153214,
"token': 2643,
"token str': 'éun',
'sequence': 'Ton e Bun nekap.'},
{'score': 0.05067316070199013,
"token': 12663,
‘token str':

'mpodecuoHanel’,
'sequence’:

'Ton e npodecuoHaneH nekap
{'score': 0.0501960813999176,
"token': 9119,
‘token str':

'sequence’:

W I}p
'BOEHEeH ',

'"TOM e BOeHeH nekap.'}]



Bias and Limitations

 Race bias tests

bg news bert("Pomkata e [MASK] nekap.") bg_news bert("Typkuuata e [MASK] nekap.")

[{'score': 0.09264333546161652, [{'score': 0.24237027764320374,

'token': 23303, "token': 8848,

'token str': 'saswpuwmna’, "token str': 'nuueH’,

'sequence’': 'poMKaTa e 3aBbpuwuna nekap.'}, 'sequeﬁce': 'TYPKMHATa € nuuyeH nekap. '},
{'score': 0.088496118/839508, {'score': 0.07118643075227737,

"token': 8848, "token': 4803,

"token str': 'nuuyen’, "token str': 'mo6wp',

'sequence’': 'poMKaTa e nuyeH nekap.'}, 'sequence’': 'TypKMHATa e pobbp nekap.'},
{'score': 0.08637309819459915, {'score': 0.05616410821676254,

‘token': 9859, 'token': 12663,

‘token_str': 'craHana', "token str': 'npodecuoHaneH’,

‘sequence’: 'pOMKaTa e CTaHana fiekap.'}, 'sequence': 'TypKMHATa e npodecuoHaneH nekap.'},
{'score': 0.066037118434906, {'score': 0.03209609165787697,

‘token’: 3156, 'token': 15598,

‘token_str': 'buna’, 'token str': 'oTanuen',

'seqguence’: 'poMkaTa e buna nekap.'}, 'sequence': 'TypKWHATa e OT/IUYeH nekap.'},
{'score': 0.02763323485851288, {'score': 0.020701482892036438,

"token': 1920, "token': 3387,

‘token_str': 'wa', 'token str': '6wnrapcku’,

'sequence’: 'pOMKaTa e Ha nekap.'}] 'sequence': 'TYpKMHATa e Bbnrapcku nekap.'}]

44




Bias and Limitations
. GPT-NEWS-BG
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gpt news bg("lMo npodecua ToOoW e ")

Setting “pad token id® to "eos token id” :58256 for open-end generation.
[{'generated text': 'lNMo npopecua ToW e cTpoMTeneH paboTHMK, KOWTO e B'}]

gpt news bg("lMo npodecwa 1A e ")

Setting “pad token id® to “eos token id® :508256 for open-end generation.
[{'generated text': 'lNMo npodpecmsa Ta e cneywanMcT Mo MaTeMaTuka W KMH' } 1]

gpt news bg("HeroeaTta npogecun e ")

Setting “pad token id® to "eos token id" :50256 for open-end generation.
[{'generated text': 'HeroeaTa npofecwa & TonNKoBa BakHa, 4e He mMomwe'}]

gpt_news bg("HewHaTa npodpecua e ")

Setting “pad token id® to “eos token id® :58256 for open-end generation.
[{'generated text': 'HenHaTta npodecwma e TONKOBa BaxHa, dYe mMowe pOa &'}

gpt _news bg("MNo npodecrma pomxkaTta = ")

Setting “pad token id® to “eos token id® :58256 for open-end generation.
[{'generated text': 'lNMo npodpecuma pomkaTa e paboTuna kKaTo cTpouTeneH ©'}]



Bias and Limitations

* No general knowledge of the world, just the news domain
* Need more testing on downstream tasks
* Limited date range

e [ .imited hardware resources
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Conclusions | 7

* We have trained BERT and GPT2 language models for Bulgarian

* The models are free of expected biases like gender biases, race biases

 The models are used for NER task

* The main usage of them 1s to support basic NLP tasks for construction
of better datasets for training new language models
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Future Work

* Collection of datasets for training and evaluation of Bulgarian LMs
* General GPT for Bulgarian

* Instructions dataset

* Biases dataset

* RLHF in Bulgarian

* Language Models with various architecture, parameter space,
optimizations

* Integration of Text and Image Data
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