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OVERALL PUBLICATIONS:
200+ Peer reviewed publications
127 journal publications (WOS + SCOPUS); 
99 IF journal publications (Clarivate Analytics WOS IF)
82 conference publications

FUNDED RESEARCH
• QU High Impact Grant (HIG) 2023/2024 cycle, LPI. 600,000 QAR “Towards Robust Ethical and Pro-Social Artificial 

Intelligence Enabled Extended Reality (AI-XR) Metaverse Applications.” Collaborators from CENG, Kindi Center, and CLAW. 
• PI, "Development of Human-Centric Robust ML-Driven IoT Smart Services" [QNRF NPRP13S-0206-200273]
• LPI, “Culturally informed pro-social AI regulation and persuasion framework.”, Facebook Research AI in Ethics 2020-2021. 

THOUGHT LEADERSHIP AND COMMUNITY RECOGNITION
1. Engineering Education (Most cited paper on Generative AI in Eng. Ed. (published in EDUCON);  invited guest editorial in 

Wiley Journal of Engineering Education; paper in MIT TE’2022; papers in ASEE, FIE, TALE, Education Sciences) 
2. Islamic AI Ethics (FB Research Project; Interviews in LA Times, ABC Radio)
3. Among Top 10 Global Experts in Robust ML ; Top 25 in Trustworthy AI.
4. Among Top 2% Scientists as per Ioannidis et al. (Stanford) report
5. ACM Distinguished Speaker; ACM and IEEE Senior Member.

CITATIONS (1st August 2023)
9500+ (Google Scholar); 4850+ (SCOPUS)]; and 3300+ (WoS)
H-index: 51 (Google Scholar); 38 (SCOPUS); and 31 (WoS) 

JUNAID 
QADIR

Awards and Honors:
Pakistan’s HEC Best University Teacher Award (2012-2013)
ACM Distinguished Speaker 2020- to date.

https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:robust_machine_learning
https://scholar.google.com/citations?view_op=search_authors&hl=en&mauthors=label:trustworthy_ai&after_author=DIJAAKbY__8J&astart=20
https://scholar.google.com.pk/citations?user=EdPPQToAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=15058218600
https://www.webofscience.com/wos/author/record/847810
https://scholar.google.com.pk/citations?user=EdPPQToAAAAJ
https://www.scopus.com/authid/detail.uri?authorId=15058218600
https://www.webofscience.com/wos/author/record/847810


Credits/ Acknowledgement

1. Wharton School, USA, Ethan and Lilach Mollick, Practical AI for Instructors 
and Students (YouTube: Series of 5 Videos)

2. Introduction to Generative AI, Google, 
https://www.youtube.com/watch?v=G2fqAlgmoPo

3. MIT Course MAS.S68, Spring 2023 (Generative AI for Constructive 
Communication): https://ai4comm.media.mit.edu/;   

4. ChatGPT: What It Can and Cannot Do, Pascale Fung (Online)
5. Videos by Jim Krohn; 
6. Various Research Papers

Course material has been curated using various online/academic resources. 

The material is used as per fair use educational clause. The copyrights are retained by respective sources. We 
thank the respective personnel for sharing their educational materials. For practical purposes, the credits are 
not given on every slide, but more information about source is available on request.

https://www.youtube.com/watch?v=G2fqAlgmoPo
https://ai4comm.media.mit.edu/
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And then ChatGPT happened in November 2022 …
https://openai.com/blog/chatgpt/



Success of GPT

https://openai.com/research/gpt-4



ChatGPT Capabilities

Without	any	fine-tuning,	ChatGPT	can	be	used	for	various	downstream	tasks:
1. Classify	text	(e.g.,	sentiment,	specific	topic	categories)
2. Recognize	named	entities	(e.g.,	people,	locations,	dates)
3. Tag	parts	of	speech	(e.g.,	noun,	verb,	adjective)
4. Question-answer	(e.g.,	find	answer	within	provided	context)
5. Summarize	(short	summary	that	preserves	key	concepts)
6. Paraphrase	(rewrite	in	different	way	while	retaining	meaning)
7. Complete	(predict	likely	next	words)
8. Translate	(one	language	to	another;	human	or	code,	if	in	training	data)
9. Generate	(again,	can	be	code	if	in	training	data)
10. Chat	(engage	in	extended	conversation)	
…



A

Fundamentals of 
Artificial Intelligence



How to define AI



What is Artificial Intelligence?
Artificial intelligence is a field renowned for 
its lack of consensus on fundamental issues



Different takes on “what is intelligence”

The ability to solve problems

The ability to learn from experience

The ability to reason about things

The ability to recognize patterns

The ability to figure out causes of things (or to understand)

The ability to pursue objectives and purpose.

The ability to generalize and abstract (and make analogies)

The ability to perceive the environment



AI focuses on building “intelligent machines”

Intelligent agent is a system that 
perceives its environment and 

takes actions which maximize its 
chances of success. (Russell & Norvig)



A melting pot of ideas, techniques, and insights that 
relate to artificial (computational) intelligence

Cognitive Hexagon



Big Ideas in AI (Expanded)



Brief history … 
how we got to now …



History of AI—Knowledge Based Approaches

Computer
Data

Program
Output

Traditional Programming

1988—93: Expert systems industry busts

1970—90: Knowledge-based approaches
1969—79: Early development
1980—88: Expert systems industry booms



Problem space grew too quickly

Complexity of the world made it hard to encode all rules

AI Winter and Underwhelming Results



Credit: Introduction to Generative AI, Google, https://www.youtube.com/watch?v=G2fqAlgmoPo 

Knowledge Based Approaches
ML using Artificial Neural Networks 

(One Specific ML Technique)

https://www.youtube.com/watch?v=G2fqAlgmoPo


1990— 2012: Statistical approaches + subfield expertise 
• Resurgence of probability, focus on uncertainty
• General increase in technical depth
• Agents and learning systems… 

        “AI Spring”?

2012 onwards: Lots of Excitement
• Big data, machine learning, deep learning
• AI used in many industries

History of AI—Data Driven Approaches



What is behind modern success of AI?

Modern AI and Data-Driven Methods

Model Uncertainty

Use data to learn 
from experience

1997 
Deep Blue

2005
Stanley

2011 Watson



Machine Learning

Machine learning is a field of computer 
science that gives computers the ability to 
learn without being explicitly programmed



ML:  The Art of Learning from Data

Learning 
AlgorithmOutput

Input Program/
Model

ML

Essence of ML:

– There is a pattern in data, however it is complex and difficult to articulate
– We cannot pin it down mathematically (i.e., it is too complex for that)
– Let the computer learn a model for the concept itself using algorithms.

Labeled Data

Data

Machine Learning 
algorithm

Learned model Prediction

Training

Prediction



Three steps of ML

Arthur Samuel



How does ML learn model parameters automatically?

Arthur Samuel

How do we learn the right weights (model parameters)?

We keep on tweaking the 
weights for all data; if we do it for 
sufficiently “big data”, our model 
starts making good predictions



What can use ML for?

Regression

Classification

Clustering

Traditionally, ML models are task specific and data specific and 
perform poorly outside their specific domain

Supervised Learning:
Typically trained using a labeled 

dataset (input and correct answer)

Unsupervised Learning:
Works even when there is no labelled data

ML Input/ Output can 
be of diverse types 



Deep Learning (Multi-Layer Learning)

M. Mitchell Waldrop PNAS 2019;116:4:1074-1077



Generative vs. Discriminative Models



Hands-on Activity

https://machinelearningforkids.co.uk/

Can you train ML to recognize digits?



https://www.youtube.com/watch?v=t9gmyvf7JYo&t=1s

For Further Viewing:  Intro to AI 



Thank you!
Questions/ Discussion
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Introduction to Generative AI, Google, https://www.youtube.com/watch?v=G2fqAlgmoPo 

https://www.youtube.com/watch?v=G2fqAlgmoPo


Introduction to Generative AI, Google, https://www.youtube.com/watch?v=G2fqAlgmoPo 

https://www.youtube.com/watch?v=G2fqAlgmoPo


Foundation Models

Effort towards general-purpose multi-task AI
 that can be adapted to multiple downstream tasks



https://www.youtube.com/watch?v=kK3NmQT241w

For Further Viewing:  Foundation AI Models



Large Language Models



Introduction to Generative AI, Google, https://www.youtube.com/watch?v=G2fqAlgmoPo 

Large Language Models (LLMs)

https://www.youtube.com/watch?v=G2fqAlgmoPo


Statistical Natural Language Processing (NLP) Models

A goal of statistical language modeling is to learn the joint probability function of sequences of 
words in a language. This is intrinsically difficult because of the curse of dimensionality. … We 

propose to fight the curse of dimensionality by learning a distributed representation for words …

Distributional hypothesis: 
 words that occur in 

similar contexts tend to 
have similar meanings



Probabilistic/ Statistical NLP models

Word-word co-occurrence matrix: 



Transformer Models 
(Fundamental Breakthrough in 2017)

Transformers can work with sequences; it can use parallel computing at scale 
without recurrent connections (which means it can be trained at a large scale) 

allowing the training of  very large language models



Attention Module in Transformer Models 



Hello world!
Bonjour le 
monde!

Transformer has an encoder and decoder

Many derivative 
transformer-based 

architectures



Main Two Transformer Model Architectures

Autoregressive Models
(Decoder Only)

Predict future token, e.g.:
The joke was funny. She 

couldn’t stop ___.

NL generation (NLG)

E.g.: GPT architectures

Autoencoding Models
(Encoder Only)

Predict token based on past and 
future context, e.g.,: 

He ate the entire ___ of pizza.

NL understanding (NLU)

E.g.: BERT architectures



https://www.linkedin.com/in/jeffreyrwinter/

https://medium.com/@yulemoon/an-in-depth-look-at-the-
transformer-based-models-22e5f5d17b6b



How BERT requires pretraining and then fine-tuning

Train LM on gigantic amounts of  data 
■ Masked Language Modeling: Task of  predicting a missing 

word in a sentence. 
● Example: Large language [MASK] are super cool.

■ Next sentence prediction: 
[CLS] Sentence 1 [SEP] Sentence 2 [EOS]

Model has acquired a lot of  “knowledge” -> 
Adapt it to specific tasks

○ Classification tasks (sentiment analysis, natural 
language inference, etc)

○ Generation (translation, summarization)



Pretrained LLMs (Masked vs. Causal LM)



https://www.youtube.com/watch?v=ZRf2BfDLlIA

For Further Viewing:  Large Language Models



https://youtu.be/G2fqAlgmoPo

For Further Viewing



For In-depth Exploration [if interested]

https://stanford-cs324.github.io/winter2022/

https://d2l.ai/



Thank you!
Questions/ Discussion
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ChatGPT’s training and capabilities

Pretrained LLM + … 
—Fine Tuned for Following Instructions (InstructGPT)

—Fine Tuned Using Human Feedback (RLHF)



ChatGPT:  A Multi-task LLM with a Chat Interface



Reinforcement learning with Human Feedback (RLHF)

• Iron Age: LLMs with attention
• Transformer (Vaswani et al., 2017)
• BERT (Devlin et al., 2018), T5 (Raffel et al., 2020), 

GPT-3 (Brown et al., 2020)

• Industrial Revolution: RLHF
• InstructGPT (Ouyang et al., Mar 2022), ChatGPT 

(OpenAI, Nov 2022)
• GPT-4 (OpenAI, Mar 2023), Anthropic, Cohere

Previous LLMs had issues of 
being toxic and biased

https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://arxiv.org/abs/1810.04805v2
https://arxiv.org/abs/1810.04805v2
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2203.02155


Prompting Instead of Fine Tuning

● Larger (or instruction tuned) models give 
intelligible responses even without it – just 
prompt them!
● “The model fine-tunes us!”
● Trade-off: Fine-tuning still outperforms 
prompting, but prompting doesn’t require 
lots of training data.

Taken from GPT-3 paper: 
https://arxiv.org/pdf/2005.14165.pdf

(General purpose LLMs with in-context learning)



ChatGPT Capabilities

Without	any	fine-tuning,	ChatGPT	can	be	used	for	various	downstream	tasks:
1. Classify	text	(e.g.,	sentiment,	specific	topic	categories)
2. Recognize	named	entities	(e.g.,	people,	locations,	dates)
3. Tag	parts	of	speech	(e.g.,	noun,	verb,	adjective)
4. Question-answer	(e.g.,	find	answer	within	provided	context)
5. Summarize	(short	summary	that	preserves	key	concepts)
6. Paraphrase	(rewrite	in	different	way	while	retaining	meaning)
7. Complete	(predict	likely	next	words)
8. Translate	(one	language	to	another;	human	or	code,	if	in	training	data)
9. Generate	(again,	can	be	code	if	in	training	data)
10. Chat	(engage	in	extended	conversation)	
…



Additional LLM Capabilities (GPT4)

• Text	simplification
• Abstractive	summarization	(i.e.,	condense	+	rephrase	&	synthesize)
• Error	detection	and	correction
• Sarcasm	detection
• Intention	detection
• Sentiment-shift	analysis
• Content	moderation
• Keyword	extraction
• Extract	structured	data	(e.g.,	from	NL,	tables,	lists)
• Recommendations	(e.g.,	books,	films,	music	travel)
• Creative	writing	(e.g.,	poetry,	prose)
• Stylometry	(i.e.,	analyze	anonymous	text	and	identify	author)
• Text-based	games
• Generate	speech,	music,	image,	video	(multimodal)

• Text	simplification
• Abstractive	summarization	(i.e.,	condense	+	rephrase	&	synthesize)
• Error	detection	and	correction
• Sarcasm	detection
• Intention	detection
• Sentiment-shift	analysis
• Content	moderation
• Keyword	extraction
• Recommendations	(e.g.,	books,	films,	music	travel)
• Creative	writing	(e.g.,	poetry,	prose)
• Stylometry	(i.e.,	analyze	anonymous	text	and	identify	author)
• Text-based	games
• Generate	speech,	music,	image,	video	(multimodal)



AI Agents:  AutoGPT and BabyAGI

Multi-shot autonomous AI operations (GPT+ other tools)



ChatGPT Use Cases



CODE GENERATION

Generative AI as a Co-Pilot



VIRTUAL TUTORING & 
PERSONALIZED LEARNING

Personalized Learning

The Two-Sigma Effect of 
Individualized Tutoring

Students learn best when they 
receive formative feedback 
about specific qualities of their 
work along with concrete advice 
on what they can do to improve. 



Brainstorming, Planning, and Imagining What Ifs



LANGUAGE LEARNING, 
EDITING, AND WRITING

Services for Writers/ Researchers/ Essayists

STORY WRITING AND 
PERSUASIVE WRITING



Mathematics Questions

Such tools may impart 
“not truth but only the 
semblance of truth” 

and may appear to be 
omniscient and will 

generally know 
nothing.” 

Socratic critique 
of technology



Can Even Understand Human Humor



The implications of all this for education/ university



It’s not only about ChatGPT:  
LLMs/Gen AI will soon be everwhere

● Hey, Wall Street Journal, give me hundred-word summaries of your three most-read tech stories today.
● Hey, CNN, show me any climate change stories that happened today involving policy-making.
● Hey, New York Times, can you create a counter-argument to today’s Paul Krugman op-ed, using only news 
articles from your archives as its sources?
● Hey, USA Today, please point me toward any stories today that would be interesting to professional educators.
● Hey, Fox News, can you give me a list of reader comments that are getting the most engagement today?



Our results show that ChatGPT substantially raised productivity: The average time taken 
decreased by 40% and output quality rose by 18%. Inequality between workers decreased, and 
concern and excitement about AI temporarily rose. Workers exposed to ChatGPT during the 
experiment were 2 times as likely to report using it in their real job 2 weeks after the experiment 
and 1.6 times as likely 2 months after the experiment.



Using ChatGPT in your work



Is ChatGPT reliable and trustworthy?

It is certainly good at 
appearing intelligent 
— but can we trust 

such imitations?

Story of CleverHans

Even if ChatGPT is highly accurate (let’s say 95%). 
Can we use it for critical tasks?



Bias (Can the Gen AI model learn our biases and demonstrate them?)

Grounded (Is the Gen AI model’s output factual and accurate?)
 

Privacy (Is the Gen AI model protecting our privacy?)

IP (Is the Gen AI model complying with the IP rights of data trained on)

Open questions related to Gen AI

Trustworthiness/Reliability
(Can I trust the prediction of the Gen AI model?)



Yann Le Cun on LLMs



About ChatGPT
https://platform.openai.com/playground

● Go to OpenAI.com
● Sign up for an account, launch GPT-3 playground
● Play around and explore the following ChatGPT functionalities



Group 
Activity



Thank you!
Questions/ Discussion


