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Today

• Recurrent Neural Networks
• Self-Attention
• Transformers
• Pretraining Transformers
• Large-Language Models
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Administrative Notes

• Registrations and access to ODTUclass

• Selecting papers for the projects
• Deadline: 16 October
• Form: https://forms.gle/A3taWgxoCHumfYfz9
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Sequence Labeling/Modeling: Motivation
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Why do we need them?

A. Graves, “Supervised Sequence Labelling with Recurrent Neural Networks”, 2012.
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Different types of sequence learning / 
recognition problems
• Sequence Classification

• A sequence to a label
• E.g., recognizing a single spoken word
• Length of the sequence is fixed
• Why RNNs then? Because sequential modeling provides 

robustness against translations and distortions.

• Segment Classification
• Segments in a sequence correspond to labels

• Temporal Classification
• General case: sequence (input) to sequence (label) modeling. 
• No clue about where input or label starts.

A. Graves, “Supervised Sequence Labelling with Recurrent 
Neural Networks”, 2012.
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Different types of sequence learning / 
recognition problems
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Recurrent Neural Networks
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Recurrent Neural Networks (RNNs)

• RNNs are very powerful because:
• Distributed hidden state that allows them 

to store a lot of information about the 
past efficiently.

• Non-linear dynamics that allows them to 
update their hidden state in complicated 
ways.

• With enough neurons and time, RNNs 
can compute anything that can be 
computed by your computer. 
• More formally, RNNs are Turing 

complete.
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output

input
hidden

output

Feed-forward
networks

Recurrent
networks

Adapted from Hinton
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Challenge

• Back propagation is designed for feedforward nets
• What would it mean to back propagate through a recurrent 

network?
• error signal would have to travel back in time

Slide: Michael Mozer
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Unfolding

time à
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Unfolding (another example)

Figure: Michael MozerCENG7880 12



http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Alec RadfordCENG7880 14



Alec RadfordCENG7880 15



Unfolding implications

• Entails duplication of weights => weight sharing
• Sharing weights means their gradients will be accumulated 

over time and reflected on the weights
• Unfolded network has the same dynamics of the RNN for a 

fixed number of time steps!

CENG7880 16



Back-propagation Through Time
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Feedforward through Vanilla RNN
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Feedforward through Vanilla RNN
The	Vanilla	RNN	Model

First	time-step	(𝑡 = 1):

𝐡! = 𝑡𝑎𝑛ℎ 𝑊"# ⋅ 𝐱! +𝑊## ⋅ 𝐡$

D𝐲! = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑊#% ⋅ 𝐡!
ℒ! = 𝐶𝐸(D𝐲!, 𝐲!)

In general:

𝐡& = 𝑡𝑎𝑛ℎ 𝑊"# ⋅ 𝐱' +𝑊## ⋅ 𝐡'(!

D𝐲' = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑊#% ⋅ 𝐡'

ℒ' = 𝐶𝐸(D𝐲', 𝐲&)

In total:

ℒ =O
'

ℒ'
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Backpropagation 
through Vanilla RNN

In general:

𝐡& = 𝑡𝑎𝑛ℎ 𝑊"# ⋅ 𝐱' +𝑊## ⋅ 𝐡'(!

+𝐲' = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 𝑊#% ⋅ 𝐡'
ℒ' = 𝐶𝐸(+𝐲', 𝐲&)
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Backpropagation 
through Vanilla RNN
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In general:

𝐡& = 𝑡𝑎𝑛ℎ 𝑊"# ⋅ 𝐱' +𝑊## ⋅ 𝐡'(!
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Backpropagation 
through Vanilla RNN
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In general:
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Initial hidden state

• We need to specify the initial activity state of all the hidden units. 
• We could just fix these initial states to have some default value like 0.5.
• But it is better to treat the initial states as learned parameters.
• We learn them in the same way as we learn the weights.
• Start off with an initial random guess for the initial states.
• At the end of each training sequence, backpropagate through time all the way 

to the initial states  to get the gradient of the error function with respect to 
each initial state.
• Adjust the initial states by following the negative gradient.

Slide: HintonCENG7880 23



The problem of exploding or vanishing 
gradients

• What happens to the magnitude of 
the gradients as we backpropagate
through many layers? 
– If the weights are  small, the 

gradients shrink exponentially.
– If the weights are big the gradients 

grow exponentially.
• Typical feed-forward neural nets can 

cope with these exponential effects 
because they only have a few hidden 
layers.

• In an RNN trained on long 
sequences (e.g. 100 time steps) the 
gradients can easily explode or 
vanish.
– We can avoid this by initializing the 

weights very carefully.
• Even with good initial weights, its 

very hard to detect that the current 
target output depends on an input 
from many time-steps ago.
– So RNNs have difficulty dealing with 

long-range dependencies.

Slide: Hinton
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Exploding and vanishing 
gradients problem

• Solution 1: Gradient clipping for exploding 
gradients:

• For vanishing gradients: Regularization term that 
penalizes changes in the magnitudes of back-
propagated gradients

2012
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Exploding and vanishing gradients 
problem

• Solution 2:
• Use methods like LSTM
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Long Short Term 
Memory (LSTM)
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RNN

• Basic block diagram

Image Credit: Christopher Olah (http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
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Key Problem

• Learning long-term dependencies is hard

Image Credit: Christopher Olah (http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
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Long Short Term Memory (LSTM)

• Hochreiter & Schmidhuber
(1997) solved the problem 
of getting an RNN to 
remember things for a 
long time (like hundreds of 
time steps). 
• They designed a memory 

cell using logistic and 
linear units with 
multiplicative interactions. 

• Information gets into the 
cell whenever its “write”
gate is on.
• The information stays in 

the cell so long as its 
“keep” gate is on.
• Information can be read 

from the cell by turning on 
its “read” gate.

Slide: HintonCENG7880 30



Meet LSTMs

• How about we explicitly encode memory? 

Image Credit: Christopher Olah (http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
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LSTM in detail
• We first compute an activation vector, 𝑎:

𝑎 = 𝑊"𝑥' +𝑊#ℎ'(! + 𝑏

• Split this into four vectors of the same size:
𝑎-, 𝑎., 𝑎/, 𝑎0 ← 𝑎

• We then compute the values of the gates:
𝑖 = 𝜎 𝑎- 𝑓 = 𝜎(𝑎.) 𝑜 = 𝜎 𝑎/ 𝑔 = tanh(𝑎0)
where 𝜎 is the sigmoid.

• The next cell state 𝑐' and the hidden state ℎ':
𝑐' = 𝑓 ⊙ 𝑐'(! + 𝑖 ⊙ 𝑔
ℎ' = 𝑜⊙ tanh(𝑐')

where ⊙ is the element-wise product of vectors

𝑐!"#

ℎ!"#

𝑐!

ℎ!

Eqs: Karpathy

Image: C. Olah

Alternative formulation:
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Example: Character-level Text 
Modeling
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Character-level Text Modeling

• Problem definition: Find 𝑐!"# given 𝑐#, 𝑐$, …, 𝑐!.

• Modelling: 
𝑝 𝑐!"# 𝑐!, … , 𝑐#)

• In general, we just take the last 𝑁 characters: 
𝑝 𝑐!"# 𝑐!, … , 𝑐!%('%#))

• Learn 𝑝 𝑐!"# = ′𝑎′ ′𝐴𝑛𝑘𝑎𝑟′) from data such that 
𝑝 𝑐!"# = ′𝑎′ ′𝐴𝑛𝑘𝑎𝑟′) > 𝑝 𝑐!"# = ′𝑜′ ′𝐴𝑛𝑘𝑎𝑟′)
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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A simple scenario

• Alphabet: h, e, l, o
• Text to train to predict: 

“hello”

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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What does it know?

• It knows a huge number of words and a lot about proper names, dates, and 
numbers.
• It is good at balancing quotes and brackets.
– It can count brackets: none, one, many

• It knows a lot about syntax but its very hard to pin down exactly what form this 
knowledge has.
– Its syntactic knowledge is not modular.

• It knows a lot of weak semantic associations
– E.g. it knows Plato is associated with Wittgenstein and cabbage is associated 

with vegetable.

Slide: HintonCENG7880 37



Example: Word-level Text 
Modeling
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Word-level Text Modeling

• Problem definition: Find 𝜔!"# given 𝜔#, 𝜔$, …, 𝜔!.

• Modelling: 
𝑝 𝜔!"# 𝜔!, … , 𝜔#)

• In general, we just take the last 𝑁 words: 
𝑝 𝜔!"# 𝜔!, … , 𝜔!%('%#))

• Learn 𝑝 𝜔!"# = ′𝑇𝑢𝑟𝑘𝑒𝑦′ ′𝐴𝑛𝑘𝑎𝑟𝑎 𝑖𝑠 𝑡ℎ𝑒 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑜𝑓 ′) from data such 
that: 

𝑝 𝜔!"# = ′𝑇𝑢𝑟𝑘𝑒𝑦′ ′𝐴𝑛𝑘𝑎𝑟𝑎 𝑖𝑠 𝑡ℎ𝑒 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑜𝑓 ′) > 𝑝 𝜔!"# = ′𝑈𝐾′ ′𝐴𝑛𝑘𝑎𝑟𝑎 𝑖𝑠 𝑡ℎ𝑒 𝑐𝑎𝑝𝑖𝑡𝑎𝑙 𝑜𝑓 ′)
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A handicap

• The number of characters is low enough to handle without doing anything 
extra.
• English has 26 characters.

• The situation is very different for words.
• English has ~ 170,000 different words!

• This increases dimensionality and makes it difficult to capture “semantics”.

• Solution: Map words to a lower dimensional space, a.k.a. word embedding 
(word2vec).
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Word Embedding (word2vec)
Fig: http://www.languagejones.com/blog-1/2015/11/1/word-embedding
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Two different ways to train

1.Using context to predict a target 
word (~ continuous bag-of-words)

2.Using word to predict a target 
context (skip-gram)

• If the vector for a word cannot 
predict the context, the mapping 
to the vector space is adjusted

• Since similar words should predict 
the same or similar contexts, their 
vector representations should end 
up being similar

http://deeplearning4j.org/word2vec
CENG7880

𝐰!

𝐰!

𝐰!

𝐰) ∈ ℝ*×,

𝐰)
𝐰)

𝐰)

𝐰! ∈ ℝ,×*

𝑣: vocabulary	size
𝑑: hidden dimension

𝐰) ∈ ℝ*×,

𝐰! ∈ ℝ,×*
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Note that the weight matrix is a look-up table

https://medium.com/@zafaralibagh6/a-simple-word2vec-tutorial-61e64e38a6a1
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Example: Image Captioning

Fig: https://github.com/karpathy/neuraltalk2
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Overview

Pre-trained 
word 

embedding 
is also used

Pre-trained CNN 
(e.g., on imagenet)

Image: KarpathyCENG7880 45



http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Slide: Karpathy

Training
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Slide: Karpathy
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Slide: Karpathy
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Slide: Karpathy
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Slide: Karpathy
CENG7880 51



Example: Neural Machine Translation

2014
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Neural Machine Translation

• Model

Sutskever et al. 2014

Haitham Elmarakeby

Each box is an LSTM or GRU cell.
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http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Neural Machine 
Translation

Cho: From Sequence Modeling to Translation
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Encoder-decoder

• Jointly trained to maximize
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Attention
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Attention
BLEU: Bilingual Evaluation Understudy

https://cloud.google.com/translate/automl/docs/evaluate#bleu
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Attention
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Attention

https://devblogs.nvidia.com/introduction-neural-machine-translation-gpus-part-3/

Attention mechanism: A two-layer neural network.
Input: 𝑧$ and ℎ%
Output: 𝑒%, a scalar for the importance of word 𝑗.
The scores of words are normalized: 𝑎% = softmax(e&)
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Attention

2017
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Attention Types

• Let’s rewrite Bahdanau et al.’s attention model:

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
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Attention Types

https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
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Vanilla Self-attention

𝑒Y′ = $
Z

exp 𝑒Z[𝑒Y
∑\ exp 𝑒\[ 𝑒Y

𝑒Z
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Attention: Transformer
• Vanilla self attention:

𝑒Y′ = $
Z

exp 𝑒Z[𝑒Y
∑\ exp 𝑒\[ 𝑒Y

𝑒Z

66

• Scaled-dot product attention:

𝑒Y′ = $
Z

exp 𝑘 𝑒Z[ 𝑞(𝑒Y)
∑\ exp 𝑘 𝑒\[ 𝑞(𝑒Y)

𝑣(𝑒Z)
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https://jalammar.github.io/illustrated-transformer/
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https://jalammar.github.io/illustrated-transformer/
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https://jalammar.github.io/illustrated-transformer/
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https://jalammar.github.io/illustrated-transformer/
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https://jalammar.github.io/illustrated-transformer/
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https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
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Positional Encoding
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Fig from: https://www.youtube.com/watch?v=dichIcUZfOw



Positional Encoding
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Fig from: https://www.youtube.com/watch?v=dichIcUZfOw



Positional Encoding
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Fig from: https://www.youtube.com/watch?v=dichIcUZfOw



Skip Connections & Normalization

CENG7880

https://jalammar.github.io/illustrated-transformer/
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Skip Connections & Normalization

CENG7880
https://jalammar.github.io/illustrated-transformer/
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Decoder
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Tutorial on transformers

• https://e2eml.school/transformers.html
• https://jalammar.github.io/illustrated-transformer/

80CENG7880

https://e2eml.school/transformers.html
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A Significant Issue with Self-Attention: 
Complexity

𝑒Y] =$
Z

exp 𝑘 𝑒Z[ 𝑞(𝑒Y)
∑\ exp 𝑘 𝑒\[ 𝑞(𝑒Y)

𝑣(𝑒Z)

• If	there	are	𝑛 tokens/embeddings,	
• Updating	a	single	tokens	require 𝑂(𝑛) operations.
• Overall:	𝑂 𝑛>

• What	is	the	complexity	of	an	RNN	layer	with	𝑛 time	steps?

CENG7880 81



Linear Attention

CENG7880

ICML 2020

Self-attention:

Rewrite Eq 2 for one row of the matrix:

Constraint for sim(): It should be non-negative. 
Then, we can choose any other kernel/function:

82



Linear Attention

CENG7880

ICML 2020
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Rejected at ICLR2024



Pre-training in NLP

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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Pre-training in NLP

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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Pre-training in NLP

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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Pre-training in NLP

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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GPT-1
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GPT-1

• 12 layer decoder-only 
transformer
• Unsupervised 

pretraining
• BookCorpus dataset

• Supervised finetuning
• Textual alignment
• QA & commonsense 

reasoning
• Semantic similarity
• Classification

90CENG7880



GPT-1
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GPT-1

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-1

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-1 Results
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BERT
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BERT

96CENG7880
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BERT: NLP Tasks
• MNLI: Multi-Genre Natural Language Inference

• NER: Named Entity Recognition
• SQuaD: Stanford Question Answering Dataset
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BERT: Motivation

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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BERT: Motivation

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf

Actually, this is vanilla attention that 
is not causal!
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BERT: Motivation

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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BERT: Motivation

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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BERT: Motivation

CENG7880Slide: Jacob Devlin
https://nlp.stanford.edu/seminar/details/jdevlin.pdf
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BERT
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BERT
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BERT
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BERT

106CENG7880

https://gluebenchmark.com/



BERT

107CENG7880



Other GPT Models
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-2
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GPT-2
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GPT-2

• Approach: Train a transformer 
with large amounts of web data
• Objective: Next symbol 

prediction
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GPT-2

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-2

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-2

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-3
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GPT-3

• 175B parameters!
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GPT-3

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf

118



GPT-3

CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
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123



CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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https://spectrum.ieee.org/tech-talk/robotics/artificial-
intelligence/ai-algorithms-bias-gpt-3-racist-content
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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GPT-3.5 (a.k.a., ChatGPT)
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130CENG7880https://openai.com/index/chatgpt/



RLHF
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NeurIPS2020
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf

https://openai.com/index/chatgpt/
132



CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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CENG7880Slide: Weizhi Wang
https://victorwz.github.io/additional_files/slides_gpt_cs291A.pdf
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Other LLMs
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Other LLMs

CENG7880
https://medium.com/@raniahossam/chinchilla-scaling-laws-for-large-language-models-llms-40c434e4e1c1

2023
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Limits of LLMs
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2023
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Limits of LLMs
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Risks of LLMs

• Risk area 1: Discrimination, Hate 
speech and Exclusion
• Social stereotypes and unfair 

discrimination
• Hate speech and offensive language
• Exclusionary norms
• Lower performance for some 

languages and social groups

CENG7880

2022
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Risks of LLMs

• Risk area 2: Information Hazards
• Compromising privacy by leaking 

sensitive information
• Compromising privacy or security by 

correctly inferring sensitive information

• Risk area 3: Misinformation Harms
• Disseminating false or misleading 

information
• Causing material harm by 

disseminating false or poor information 
e.g. in medicine or law

CENG7880

2022
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Risks of LLMs

• Risk area 4: Malicious Uses
• Making disinformation cheaper and 

more effective
• Anticipated risks

• Assisting code generation for cyber 
security threats

• Facilitating fraud, scams and targeted 
manipulation

• Illegitimate surveillance and 
censorship

CENG7880
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Risks of LLMs

• Risk area 5: Human-Computer 
Interaction Harms
• Promoting harmful stereotypes by 

implying gender or ethnic identity
• Anthropomorphising systems can 

lead to overreliance or unsafe use
• Avenues for exploiting user trust 

and accessing more private 
information
• Human-like interaction may amplify 

opportunities for user nudging, 
deception or manipulation

CENG7880

2022
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Risks of LLMs

• Risk area 6: Environmental and 
Socioeconomic harms
• Environmental harms from 

operating LMs
• Anticipated risks:

• Increasing inequality and negative 
effects on job quality

• Undermining creative economies
• Disparate access to benefits due to 

hardware, software, skill constraints

CENG7880
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• Environmental & financial costs
• Require vast data

• Not necessarily diverse
• Includes bias
• Accountability/liability

• Stochastic Parrots

FaccT2021
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