
Umělá inteligence a strojové 
učení

Michal Hradiš: sequences and language



Sequence processing

TEXT

Sound

Image

Video

Documents



Sequences - similar to images - just 1D

1D conv. 1D pooling Fully connected



Sequence processing - communictaion
Recurrent Convolution Attention

Graph networks



Conv. layers



Recurrent layers



Attention layers



Attention layers



Recurrent layers

Input vector sequence 



Recurrent layers

Input vector sequence 

Input state vector Output state vector



Recurrent layers

Input vector sequence 

Input state vector

Output 
state 

vector

Output vector sequence



Vanila RNN

Christopher Olah: Understanding LSTM Networks.  
https://colah.github.io/posts/2015-08-Understanding-LSTMs/



Recurrent layers - training



GRU - Gated Recurrent Unit          /// nebo LSTM

Christopher Olah: Understanding LSTM Networks.  
https://colah.github.io/posts/2015-08-Understanding-LSTMs/



Bidirectional recurrent layer

Deep Dive into Bidirectional LSTM
https://www.i2tutorials.com/technology/deep-dive-into-bidirectional-lstm/



Mix convolution and recurrent layers

1D conv. 1D pooling Fully connected Recurrent layer



Text as input?

John went home through snowvery deep .



One-hot-encoding

John

0
0
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0
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0
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0
0



Word embedding - LUT

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT



Word embeddings

monarch [0.1, 0.5, 0, -2.5, …, -0.2, 3.0]

“monarch” close to “king”
“monarch” different to “driver”



Similar words appear in similar contexts



Word2Vec



Word Vector math

https://p.migdal.pl/2017/01/06/king-man-woman-queen-why.html

https://p.migdal.pl/2017/01/06/king-man-woman-queen-why.html


Word Vector math

https://lamyiowce.github.io/word2viz/

https://lamyiowce.github.io/word2viz/


● Each word is represented as a bag of 
character n-grams in addition to the word 
itself

● Word vectors for 157 languages
● Aligned word vectors for 44 languages 

(Czech) 
○ Joulin et al.: Loss in Translation: Learning Bilingual Word Mapping 

with a Retrieval Criterion, 2018.
● Others: WordPiece embeddings (Wu et al., 2016)

https://fasttext.cc/

Alternative Gensim

https://fasttext.cc/


Regression

The product is the knowbest I .

LUT LUT LUT LUT LUT LUT LUT LUT

Score 4.2/5



Classification

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

English 
language



Classification

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

SUM
English 

language



Classification

Czech 
language

1D conv. 1D pooling Fully connected Recurrent layer



Word tagging

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

Subject Verb Object ... ... ... ... ...



Reading Comprehension (https://openai.com/blog/better-language-models/)

The 2008 Summer Olympics torch relay was run from March 24 until August 8, 2008, prior to the 2008 
Summer Olympics, with the theme of “one world, one dream”. Plans for the relay were announced on April 
26, 2007, in Beijing, China. The relay, also called by the organizers as the “Journey of Harmony”, lasted 
129 days and carried the torch 137,000 km (85,000 mi) – the longest distance of any Olympic torch relay 
since the tradition was started ahead of the 1936 Summer Olympics.

After being lit at the birthplace of the Olympic Games in Olympia, Greece on March 24, the torch traveled 
to the Panathinaiko Stadium in Athens, and then to Beijing, arriving on March 31. From Beijing, the torch 
was following a route passing through six continents. The torch has visited cities along the Silk Road, 
symbolizing ancient links between China and the rest of the world. The relay also included an ascent with 
the flame to the top of Mount Everest on the border of Nepal and Tibet, China from the Chinese side, 
which was closed specially for the event.

Q: What was the theme?
A: “one world, one dream”.
Q: What was the length of the race?
A: 137,000 km
Q: Was it larger than previous ones?
A: No  (wrong?)

Q: Where did the race begin?
A: Olympia, Greece
Q: Is there anything notable about that 
place?
A: birthplace of Olympic Games
Q: Where did they go after?
A: Athens



Question 
embed.Question encoder

Reading Comprehension

He killed him in 1985July of .

LUT LUT LUT LUT LUT LUT LUT LUT

out out out out start in end out

When

LUT

?

LUT



Learn long distance dependencies?

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

Subject Verb Object ... ... ... object ...

...



Attention?

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

Subject Verb Object ... ... ... object ...

...



Question 
embed.Question encoder

Attention - long distance dependencies

He killed him in 1985July of .

LUT LUT LUT LUT LUT LUT LUT LUT

out out out out start in end out

When

LUT

?

LUT



Attention - long distance dependencies

He killed him in 1985July of .

LUT LUT LUT LUT LUT LUT LUT LUT

out out out out start in end out

When

LUT

?

LUT



Attention - causal attention mask / auto-regresive / 
causal models

He killed him in 1985July of .

LUT LUT LUT LUT LUT LUT LUT LUT

out out out out start in end out

When

LUT

?

LUT

● no connections to 
future tokens



Causal vs. full attention 

Transformer Decoder
causal

Transformer Encoder
full

● set future attention weights to 0/-inf



Attention - text transcription

Kang et al.: Convolve, Attend and Spell: An Attention-based Sequence-to-Sequence Model for 
Handwritten Word Recognition. GCPR 2018.

● Generate characters sequentially
● Learn to access information useful for each character
●  



Attention

Olah, Carter: Attention and Augmented Recurrent Neural Networks, 2016. 
https://distill.pub/2016/augmented-rnns/

https://distill.pub/2016/augmented-rnns/


Attention - mechanism 

John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

Subject Verb Object ... ... ... object ...

...



John went home through snowvery deep .

LUT LUT LUT LUT LUT LUT LUT LUT

Subject Verb Object ... ... ... object ...

...

0.1 0 0.2 0 0 0.3 0.4 0Multiply with a weight

sum

Attention - mechanism 



Attention - computations



Attention Is All You Need (Vaswani et al, NIPS 2017)
Tool: Tensor2tensor 

https://github.com/tensorflow/tensor2tensor


MLP - Feed Forward

  



Transformer - positional encoding



BERT - Bidirectional Encoder Representations from 
Transformers

Trained to fill in 
masked words in a 
sentence.

Fine-tuned for 
specific “downstream” 
tasks in text 
processing / NLP.



BERT - fine-tune for downstream tasks



Reading Comprehension (https://openai.com/blog/better-language-models/)

The 2008 Summer Olympics torch relay was run from March 24 until August 8, 2008, prior to the 2008 
Summer Olympics, with the theme of “one world, one dream”. Plans for the relay were announced on April 
26, 2007, in Beijing, China. The relay, also called by the organizers as the “Journey of Harmony”, lasted 
129 days and carried the torch 137,000 km (85,000 mi) – the longest distance of any Olympic torch relay 
since the tradition was started ahead of the 1936 Summer Olympics.

After being lit at the birthplace of the Olympic Games in Olympia, Greece on March 24, the torch traveled 
to the Panathinaiko Stadium in Athens, and then to Beijing, arriving on March 31. From Beijing, the torch 
was following a route passing through six continents. The torch has visited cities along the Silk Road, 
symbolizing ancient links between China and the rest of the world. The relay also included an ascent with 
the flame to the top of Mount Everest on the border of Nepal and Tibet, China from the Chinese side, 
which was closed specially for the event.

Q: What was the theme?
A: “one world, one dream”.
Q: What was the length of the race?
A: 137,000 km
Q: Was it larger than previous ones?
A: No  (wrong?)

Q: Where did the race begin?
A: Olympia, Greece
Q: Is there anything notable about that 
place?
A: birthplace of Olympic Games
Q: Where did they go after?
A: Athens



Zaratiana et al.:GLiNER: Generalist Model for Named Entity Recognition 
using Bidirectional Transformer, 2023.



Multi-modal

Huang et al.: LayoutLMv3: Pre-training for Document AI with Unified Text 
and Image Masking



Detection transformer (DETR)

● Directly predict all the bounding boxes w/o NMS

● Encoder-decoder

● Transformer based decoder

● Convolutional encoder

Carion, Nicolas, et al. "End-to-end object detection with transformers." European conference on computer vision. Cham: Springer 
International Publishing, 2020.



Sequence to sequence models? Translation?

John went home through snowvery deep .

Honza šel domů skrz sníhhodně hluboký .

Honza šel domů 
hodně hlubokým 
sněhem.



Auto-regresive factorization (generative seq. models)

P(sentence | John went home through very deep snow)

Now we need a model which predicts probability of a single word 
given its history (prefix).



Language models

What is the next word in a sentence?

People like to visit  ???????
                      a library
                                  a cinema
                                  pubs
                                  restaurants

       a sauna
       Prague

                                    ….
                                  their grandma

                                                                            



Seq2seq - sentence probability

John wen home 
through very 
deep snow.

Honza

šel

domů skrz sníhhodně hluboký .

START Honza

šel

domů skrz sníhhodně hluboký

Input encoder



Seq2seq - sentence output sampling

Honza

START

sample

John wen home 
through very 
deep snow.

Input encoder



Seq2seq - sentence output sampling

Honza

START Honza

šel

sample

John wen home 
through very 
deep snow.

Input encoder



Seq2seq - sentence output sampling

Honza

šel

domů

START Honza

šel

sample

John wen home 
through very 
deep snow.

Input encoder



Seq2seq - sentence output sampling 

Honza

šel

domů velmi

START Honza

šel

domů

sample

John wen home 
through very 
deep snow.

Input encoder



Attention Is All You Need (Vaswani et al, NIPS 2017)
Tool: Tensor2tensor 

https://github.com/tensorflow/tensor2tensor


Causal attention in autoregressive models
● set future attention weights to 0/-inf





Encoder-decoder vs. decoder only 



Causal attention in autoregressive Language Models
● set future attention weights to 0/-inf



● Model does not fit on a single GPU or even single multi-GPU node
● Model parallel and data parallel training
● LLaMA:

○ 32.5B, dim. 6656, hads 52, layers 60
○ batch size 4M tokens
○ training 1.4T tokens = 350000 iterations
○ 380 tokens/sec/A100 GPU with 80GB 
○ Training on 2048 A100 GPUs
○ Training time 21 days

Technical challenge - training / inference



Model scaling laws

Jared Kaplan et al.: Scaling Laws for Neural Language Models, 2021.



Jazykové modely - učení

Učení na textech

Naučí se 
opakovat internet

Instruction fine 
tuning

Příklady 
úloh/otázek a 

vhodných 
odpovědí

Učení na reakcích 
uživatelů

Odhad 
spokojenosti 

uživatele

Učení 
maximalizace 
spokojenosti



Jazykové modely - učení

Učení na textech

Naučí se 
opakovat internet

Instruction fine 
tuning

Příklady 
úloh/otázek a 

vhodných 
odpovědí

Učení na reakcích 
uživatelů

Odhad 
spokojenosti 

uživatele

Učení 
maximalizace 
spokojenosti

Self-training

Řešení úloh a 
automatické 
hodnocení 
správnosti 
výsledku

Učí se správná 
řešení



Model Alignment

● We (sometimes) want the models to useful to humans 
○ (and NOT to provide bad press for the companies)
○ (and NOT to cause lawsuits for the the companies)

● Some people may be:
○ offended by the models for many reasons
○ offended that the model talks to someone else about some topics
○ offended that models are biased
○ angry that models “harm children”
○ angry that models provide some “harmful” information

● If we get AGI? How will we assure that it acts in the “best interest” of 
humanity?



How to work with LLM directly - Ollama

● Ollama - Simple installation - inference server
○ Install Ollama
○ Start ollama
○ Download model
○ Load model into memory
○ Send requests to the model
○ Receive responses of the model - process it



OpenAI api

● Create account, get credit
● Send requests from python, javascript, curl, …

NOTEBOOK - 
https://colab.research.google.com/drive/1B7xYG3HBEUwWAp012TA0qN4208a5o
E3E?usp=sharing

https://colab.research.google.com/drive/1B7xYG3HBEUwWAp012TA0qN4208a5oE3E?usp=sharing
https://colab.research.google.com/drive/1B7xYG3HBEUwWAp012TA0qN4208a5oE3E?usp=sharing


Machine translation

The machine learning 
summer school in Brno will 
surely be great!

Letní škola strojového učení v Brně jistě 
bude skvělá!

브르노 (Brno)의 여름 학교를 
학습하는 기계가 반드시 좋을 
것입니다!

Летняя школа машинного 
обучения в Брно, 
безусловно, будет 
отличной!

L’école d’été d’apprentissage 
automatique à Brno sera 
sûrement géniale!

Google Translate



Language Tasks

● Parsing and tagging
● Language modelling
● Translation and unsupervised translation
● Coreference
● Reading comprehension 
● Named entity
● What is the next sentence?

https://huggingface.co/coref/?text=Cats%20eat%20mice%20and%20dogs%20eat%20meet.%20They%20also%20climb%20trees.
https://demo.allennlp.org/reading-comprehension/Njc4NTQw


General Language Understanding Evaluation (GLUE) benchmark

● Is a sentence grammatically correct?

● Sentiment (positive/negative)

● Paraphrase: Are sentences semanticaly equivalent?

● Paraphrase: Are questions from Quora semanticaly equivalent?

● Paraphrase: news headlines, captions

● Inference: Does one sentece support a hypothesis, contradict it or is it neutral?

● Question aswering: question-paragraph pairs

● What does a pronoun in sentence correspond to?

● ...

https://gluebenchmark.com/


Image2Seq

https://www.captionbot.ai/

https://www.captionbot.ai/


Visual question answering

VQA Challenge 2019 

https://visualqa.org/

