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Today

• About the instructor
• Overview of the course
• Overview of the fundamental concepts in TRAI
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Overview of the course
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Syllabus
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Weekly outline
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Grading
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Project

• Reproduce a conference paper without any implementation
• Reproduce their results and provide a critical analysis 
• Produce a Github Repo with a detailed Readme file 

• Papers can only be from the following top conferences:
• ICLR, AAAI, NeurIPS, ICML, CVPR, ECCV or similar

• You can work in groups of two.
• Form for submitting chosen papers
• Form: https://forms.gle/Z8SFya9hQtdzP7jG6 
• Deadline for choosing papers: 16 October.
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https://forms.gle/Z8SFya9hQtdzP7jG6


Taking the course
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Basic DL Concepts

Ensure that you know the following:

• Why does DL work now?
• End-to-end learning
• Distributed representations
• Advantages and disadvantages of DL
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Basic ML Concepts

Ensure that you know the following:

• Supervised vs. unsupervised learning
• Discriminative vs. generative learning
• Model selection, cross validation
• Overfitting, memorization, bias-variance trade-off
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Taking the course

• Background
• Programming, Python
• Data structures and algorithms
• Linear algebra, Calculus, Statistics
• Fundamental deep learning models: MLP, CNN, RNN, 

Transformers, ..

• Fill out the following form until 30 Sept, 
midnight:

https://tinyurl.com/ceng7880-2026

(long URL: https://forms.gle/AYXrcRn4yrfDdoAs6)
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https://tinyurl.com/ceng7880-2026
https://tinyurl.com/ceng7880-2026
https://tinyurl.com/ceng7880-2026


Reading of the Week
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28 September 2026



Overview of the 
fundamental 
concepts in TRAI
Social, ethical and policy implications of AI
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https://www.youtube.com/watch?v=MdN7sDrzWNE



Trust and Responsibility in AI Systems

CENG7880
https://www.kuka.com/en-us/future-production/human-robot-
collaboration

https://www.syfy.com/syfy-wire/how-will-robots-change-
household-chores-in-the-future https://www.lystloc.com/blog/how-does-the-face-

recognition-attendance-system-work/

https://researchleap.com/research-in-autonomous-driving-a-
historic-bibliometric-view-of-the-research-development-in-
autonomous-driving/ https://techcrunch.com/2021/10/14/actuator-8/

https://www.independent.co.uk/news/science/france-scottish-
government-heriotwatt-university-scotland-edinburgh-
b2487713.html



Beyond accuracy
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Slide credit: Osbert Bastani and Rajeev Alur, CIS 7000 Trustworthy ML, UPenn.



Gradient Descent

Input: Training set: !! , #! , $ = 1,… , (
            The network architecture.
Output: Network parameters, )

1.  )" ← Random	initial	values
2. Until convergence:

i. Take ! samples from the dataset randomly
ii. Calculate predictions, "#, on ! samples using the current parameters $! 
iii. Calculate loss ℒ() and take the gradient ("ℒ
iv. Update the weights
   $!#$ ← $! − +("ℒ

Sinan Kalkan 31



Fundamental Problems: 
Distribution Shift and (Non)Generalization

Sinan Kalkan 32

Visuals: https://d2l.ai/chapter_linear-classification/environment-and-distribution-shift.html

Training Set During Inference
p(x), p(y) can change



Fundamental Problems: 
Distribution Shift and (Non)Generalization

Sinan Kalkan 33
Source:
https://dcai.csail.mit.edu/2024/imbalance-outliers-shift/



Fundamental Problems:
Alignment vs. Honesty

Sinan Kalkan 34

Source: https://medium.com/data-science-collective/understanding-sycophancy-in-ai-systems-
9933a66fa9a4

Adapted from: Ouyang vd. (2022). Training language models to follow instructions with human feedback. 
NeurIPS.



Fundamental Problems: 
Trusting a Blackbox

Sinan Kalkan 35

!" = $(&; θ)
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What is trust?

“Korku, çekinme ve kuşku duymadan inanma ve bağlanma 
duygusu; emniyet, itimat”        

– TDK Sözlük

Sinan Kalkan 36

“Trust means having a firm belief or confidence in the honesty, 
reliability, and good character of a person or thing.” 

– Collins Dictionary



Trust in Artificial Intelligence

Factors affecting humans trusting autonomous systems.

=> Stability, consistency, accuracy, false positive rate, predictability, 
transparency, …

Sinan Kalkan 37
[1] Hancock vd., A meta-analysis of factors affecting trust in human-robot interaction, 2011.



Principles of Trust in AI

1. Explainability 
2. Fairness/Justice
3. Privacy
4. Robustness
5. Accountability
6. Autonomy
7. Transparency
8. Beneficience
9. Maleficience

Sinan Kalkan 38



Principles of Trust in AI (1/9) 
Explanability

Sinan Kalkan 39

Benign
Malign

Narla vd., Automated Classification of Skin Lesions: From Pixels to Practice, 2018.
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High-stake settings of AI use:
• Job applications
• Loan applications
• Face, emotion recognition
• Criminal reciviticism
• Medical applications
• …

Principles of Trust in AI (2/9) 
Fairness/Justice



Sinan Kalkan 41

Principles of Trust in AI (3/9) 
Privacy

Dataset

Deep Network

(E.g., Language Model, Vision-
Language Model)

• Predictions using 
personal info

• Output 
containing 
personal info
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Source: Guesmi vd., 2023

Principles of Trust in AI (4/9) 
Robustness



Principles of Trust in AI (4/9) 
Robustness

Example: Sahoo vd., “Unveiling Hallucination in Text, Image, Video, and Audio Foundation 
Models: A Comprehensive Survey”, 2024.

“Like students facing hard exam questions, large language 
models sometimes guess when uncertain, producing 
plausible yet incorrect statements instead of admitting 
uncertainty.”

“We argue that language models hallucinate because the 
training and evaluation procedures reward guessing over 
acknowledging uncertainty, and we analyze the statistical 
causes of hallucinations in the modern training pipeline”

Kalai vd., “Why language models hallucinate”, 2025.

Hallucination Problem

Sinan Kalkan 43



• Two fundamental practical challenges:
• Training on static training datasets and then testing/inference on unknown, 

unpredictable environments
• Malicious inputs (adversarial attacks)

Sinan Kalkan 44https://stock.adobe.com/tr/search?k=messy+sink

Principles of Trust in AI (4/9) 
Robustness



Görseller: Alex Robey, University of Pennsylvania
Sinan Kalkan 45

Principles of Trust in AI (4/9) 
Robustness
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Example: https://en.wikipedia.org/wiki/Death_of_Elaine_Herzberg

Principles of Trust in AI (5/9) 
Accountability



Sinan Kalkan 47

Principles of Trust in AI (6/9) 
Autonomy



Sinan Kalkan 48

• Information about the Data and the model bilgilendirme
• Data cards 
• Model cards

• Explicit statement on:
• The use of AI in software
• The data that is generated with AI

• Explainability

Principles of Trust in AI (7/9) 
Transparency
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Principles of Trust in AI (8/9) 
Beneficience
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Principles of Trust in AI (9/9) 
Maleficience



Regulations on Responsible/Trustworthy AI

• IEEE Ethically Aligned Design (EAD), 2019.
• UNESCO AI Ethics Recommendation, 2021.
• WHO Guidance on Ethics & Governance of AI for Health, 2021.
• EU AI Act on Regulating High-Risk Systems, 2024.
• Russian AI Ethics, 2026.
• …

Sinan Kalkan 51



Regulations on Data Privacy

• Almanya: Bilginin gizliliği yasası, 1970.
• AB: Veri Koruma Yönergesi, 1995.
• 6698 sayılı Kişisel Verilerin Korunması Kanunu (KVKK), 2016. 
• AB: General Data Protection Regulation (GDPR), 2018
• ABD: California Consumer Privacy Act (CCPA), 2018.
• Brezilya: Lei General de Protecao de Dados (LGPD), 2018.
• Çin: Personel Information Protection Law (PIPL), 2021.
• …

Sinan Kalkan 52



Challenges in Trustworthy AI

• It appears that satisfying all principles is impossible

• Addressing one principle generally leads to lower accuracy

• Even if a “perfect” AI model is developed, there will always be a trust 
issue.

• Legal regulations fall behind the advances in technology.

Sinan Kalkan 53



METU-TRAIL: 
Trustworthy and 
Responsible AI Lab

CENG7880

https://metu-trail.github.io/



My research on TRAI

Sinan Kalkan 55S. Kuzucu, J. Cheong, H. Gunes, S. Kalkan, "Uncertainty-based Fairness Measures", 
Journal of Artificial Intelligence Research, Special Issue on Fairness and Bias in AI, 2024.
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My research on TRAI

Sinan Kalkan 56
J. Cheong, A. Mogharabin, P. P. Liang, H. Gunes, S. Kalkan, "FairSSL: Fair Multimodal Self-Supervised 
Learning", 43rd Int. Conference on Machine Learning (ICML), 2026. 
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My research on TRAI

Sinan Kalkan 57

“Okay. I will be 
fair and have 

equal accuracy 
across 

gender.”

Input
Internal 

Reasoning

“Make predictions 
for the following 

images but be 
fair”

Output

AC
C

Unfair 
❌

M F

J. Cheong, S. Kalkan vd.: under review.



My research on TRAI

Sinan Kalkan 58

A. Mogharabin, J. Cheong, A. T. Kaplan, S. Kalkan, "KINDER: Kernel-based Independence for Fair Representation Learning via Prototype-space Erasure", 40th Conference on Neural Information Processing 
Systems (NeurIPS), 2026.

J. Cheong, A. Mogharabin, P. P. Liang, H. Gunes, S. Kalkan, "FairSSL: Fair Multimodal Self-Supervised Learning", 43rd Int. Conference on Machine Learning (ICML), 2026. 

B. Akgul, E. Sahin, S. Kalkan, "Investigating Bias and Fairness in Appearance-based Gaze Estimation", The 20th IEEE International Conference on Automatic Face and Gesture Recognition, 2026.

A. Kwok, J. Cheong, S. Kalkan, H. Gunes. "Machine Learning Fairness for Depression Detection Using EEG Data", International Symposium on Biomedical Imaging (ISBI), 2025.

J. Cheong, A. Bangar, S. Kalkan, H. Gunes. "U-Fair: Uncertainty-based Multimodal Multitask Learning for Fairer Depression Detection", Proceedings of Machine Learning Research 259, 1-14, Machine Learning 
for Health (ML4H) Symposium, 2024.

S. Kuzucu, J. Cheong, H. Gunes, S. Kalkan, "Uncertainty-based Fairness Measures", Journal of Artificial Intelligence Research, Special Issue on Fairness and Bias in AI, 81:307-335, 2024.

J. Cheong, S. Kalkan, H. Gunes, "FairReFuse: Referee-Guided Fusion for Multi-Modal Causal Fairness in Depression Detection", 32nd Int. Joint Conf. on Artificial Intelligence (IJCAI), 2024.

J. Cheong, S. Kuzucu, S. Kalkan, H. Gunes, "Towards Gender Fairness for Mental Health Prediction", 32nd Int. Joint Conf. on Artificial Intelligence (IJCAI), 2023.

J. Cheong, S. Kalkan, H. Gunes, "Counterfactual Fairness for Facial Expression Recogntion", ECCV 2022 Workshop and Challenge on People Analysis: From Face, Body and Fashion to 3D Virtual Avatars, 2022.

…

Prof. Hatice Güneş Dr. Jiaee Cheong, Dr. Paul Liang



Course Coverage
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Robustness

• “ML Model robustness denotes the capacity of a model to sustain 
stable predictive performance in the face of variations and changes 
in the input data”

CENG7880

https://arxiv.org/pdf/2404.00897v2

Fig: https://arxiv.org/pdf/1412.6572



Explainability
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https://www.darpa.mil/research/programs/explainable-artificial-intelligence



Bias and Fairness
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Buolamwini, J., Gebru, T.: Gender shades: Intersectional accuracy disparities in commercial gender classification. 
In: Conference on fairness, accountability and transparency. pp. 77-91 (2018).
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Overview of Recent Trends in 
Deep Learning

CENG7880



Sequence Labeling/Modeling: Motivation

CENG7880 64



Why do we need them?

A. Graves, “Supervised Sequence Labelling with Recurrent Neural Networks”, 2012.
CENG7880 65



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.

CENG7880 66



Different types of sequence learning / 
recognition problems

CENG7880

http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Recurrent Neural Networks

CENG7880 68



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.

input
hidden

output

input
hidden

output

Feed-forward
networks

Recurrent
networks

Adapted from Hinton
CENG7880 69



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
CENG7880 70



Unfolding

time à

input
hidden

output

input
hidden

output

Feed-forward
networks

Recurrent
networks

Unfolding

input
hidden

output

t=0

input
hidden

output

t=1

input
hidden

output

t=2

…
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Unfolding (another example)

Figure: Michael MozerCENG7880 72



http://karpathy.github.io/2015/05/21/rnn-effectiveness/
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Alec RadfordCENG7880 74



Alec RadfordCENG7880 75



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 76



Back-propagation Through Time

CENG7880 77



Feedforward through Vanilla RNN
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Feedforward through Vanilla RNN
The	Vanilla	RNN	Model

First	time-step	(7 = 1):
<! = 7=>ℎ @"# ⋅ B! +@## ⋅ <$
DE! = FGH7I=J @#% ⋅ <!
ℒ! = LM(DE!, E!)

In general:

<& = 7=>ℎ @"# ⋅ B' +@## ⋅ <'(!
DE' = FGH7I=J @#% ⋅ <'
ℒ' = LM(DE', E&)

In total:

ℒ =O
'
ℒ'
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Backpropagation 
through Vanilla RNN

In general:

%& = '()ℎ +"# ⋅ -' ++## ⋅ %'(!
/0' = 123'4(5 +#% ⋅ %'
ℒ' = 78(/0', 0&)

In total:

ℒ =<
'
ℒ'Th

e	V
an
illa
	RN

N	
Mo

de
l

'ℒ
'%-. =?

= Pℒ
PDE)

PDE)
P@#% +

Pℒ
PDE)(!

PDE)(!
P@#% +⋯+ Pℒ

PDE!
PDE!
P@#%

= O
'*!..)

Pℒ
PDE'

PDE'
P@#%

CENG7880 80



Backpropagation 
through Vanilla RNN
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Backpropagation 
through Vanilla RNN
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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 83



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
CENG7880 84



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

CENG7880 86



Long Short Term 
Memory (LSTM)

CENG7880 87



RNN

• Basic block diagram

Image Credit: Christopher Olah (http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
CENG7880 88



Key Problem

• Learning long-term dependencies is hard

Image Credit: Christopher Olah (http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
CENG7880 89



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 90



Meet LSTMs

• How about we explicitly encode memory? 

Image Credit: Christopher Olah (http://colah.github.io/posts/2015-08-Understanding-LSTMs/)
CENG7880 91



LSTM in detail
• We first compute an activation vector, =:

= = @"J' +@#ℎ'(! + R

• Split this into four vectors of the same size:
=-, =., =/, =0 ← =

• We then compute the values of the gates:
      T = U =-      H = U(=.)    G = U =/      V = tanh(=0)
     where U is the sigmoid.

• The next cell state W' and the hidden state ℎ':
 W' = H ⊙ W'(! + T ⊙ V
ℎ' = G⊙ tanh(W')

where ⊙ is the element-wise product of vectors

>&'"

ℎ&'"

>&

ℎ&

Eqs: Karpathy

Image: C. Olah 

Alternative formulation:

CENG7880 92



Example: Character-level Text 
Modeling

CENG7880 93



Character-level Text Modeling

• Problem definition: Find 9#$% given 9%, 9&, …, 9#.

• Modelling: 
: 9#$%	 9#, … , 9%)

• In general, we just take the last ( characters: 
: 9#$%	 9#, … , 9#'()'%))

• Learn : 9#$% = ′=′	 ′>?@=A′) from data such that 
: 9#$% = ′=′	 ′>?@=A′) > : 9#$% = ′C′ 	′>?@=A′)

CENG7880 94



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/
CENG7880 96



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 97



Example: Word-level Text 
Modeling

CENG7880 98



Word-level Text Modeling

• Problem definition: Find D#$% given D%, D&, …, D#.

• Modelling: 
: D#$%	 D#, … , D%)

• In general, we just take the last ( words: 
: D#$%	 D#, … , D#'()'%))

• Learn : D#$% = ′EFA@G#′	 ′>?@=A=	$H	IℎG	9=:$I=K	CL	′) from data such 
that: 

1 2!"# = ′56789:′	 ′<=8>7>	?@	Aℎ9	C>1?A>D	EF	′) 	 > 	 1 2!"# = ′IJ′	 ′<=8>7>	?@	Aℎ9	C>1?A>D	EF	′)

CENG7880 99



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).

CENG7880 100



Word Embedding (word2vec)
Fig: http://www.languagejones.com/blog-1/2015/11/1/word-embedding

CENG7880 101



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

=!
=!

=!

=) ∈ ℝ*×,
=)
=)

=)

=! ∈ ℝ,×*

@:	vocabulary	size
J: hidden dimension

=) ∈ ℝ*×,

=! ∈ ℝ,×*

102



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

CENG7880 104



Overview

Pre-trained 
word 

embedding 
is also used

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

Image: KarpathyCENG7880 105



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
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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: K(  and ℎ)
   Output: L), a scalar for the importance of word M.
   The scores of words are normalized: N) = 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

!Y′ = $
Z

exp !Z[!Y
∑\ exp !\[ !Y

!Z

125CENG7880



Attention: Transformer
• Vanilla self attention:

!Y′ = $
Z

exp !Z[!Y
∑\ exp !\[ !Y

!Z

126

• Scaled-dot product attention:

!Y′ = $
Z

exp ( !Z[ )(!Y)
∑\ exp ( !\[ )(!Y)

-(!Z)
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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/
CENG7880
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https://lilianweng.github.io/lil-log/2018/06/24/attention-attention.html
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Positional Encoding

CENG7880 133

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

CENG7880 135
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/

140CENG7880

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

!Y] =$
Z

exp ) !Z[ *(!Y)
∑\ exp ) !\[ *(!Y)

-(!Z)

• If	there	are	5	tokens/embeddings,	
• Updating	a	single	tokens	require	;(=)	operations.
• Overall:	; =)

• What	is	the	complexity	of	an	RNN	layer	with	5	time	steps?
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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:
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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

150CENG7880



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

156CENG7880

2018



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
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https://gluebenchmark.com/



BERT
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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

171CENG7880



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
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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
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

183



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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190CENG7880https://openai.com/index/chatgpt/



RLHF

CENG7880

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

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

CENG7880

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

2022
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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
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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

2022

205



• Environmental & financial costs
• Require vast data
• Not necessarily diverse
• Includes bias
• Accountability/liability

• Stochastic Parrots

FaccT2021
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