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What is ChatGPT

The fastest growing app of all time



What is ChatGPT

ChatGPT: a chatbot built on GPT-3.5

GPT-3: a large language model 

Language model: a system that has studied word 

patterns across a vast amount of human texts 

and has learned the statistical distribution and 

co-occurrence of words

There has been an explosion of language models 

after Google invented the “Transformer” 

architecture (2017)



The Road to GPT (Take 1)
2010: Facebook introduces face recognition

2011: Google Brain, a part-time research collaboration between senior engineer Jeff Dean, neuroscientist 

Greg Corrado and Stanford's professor Andrew Ng 

2011: Apple‟s Siri

2012: Google Brain‟s system learns that many videos on YouTube are about cats

2012: Facebook acquires the Israeli startup Face.com

2012: AlexNet  at Univ of Toronto (Geoffrey Hinton, Alex Krizhevsky, Ilya Sutskever)

2013 :Google hires  the AlexNet team for  Google Brain. 

2014: Google acquires DeepMind (Demis Hassabis, Mustafa Suleyman, Shane Legg)

(“To solve intelligence and then to use that to solve everything else”)

2014: Facebook introduces DeepFace 

2014: Ian Goodfellow‟s  "generative adversarial networks" (GANs) at Univ of Montreal

2015: Elon Musk's Tesla introduces the AutoPilot

2015: Elon Musk and Sam Altman of Y Combinator establish OpenAI with  Sutskever 

2016: DeepMind‟s AlphaGo 

2016: Google Brain replaces the old machine-translation software with neural machine translation

2017: Google Brain unveils the "transformer" model

2018: OpenAI‟s GPT and Google‟s BERT the first "pre-trained" transformer models

2019: GPT-2

2020: GPT-3 

2021: DeepMind‟s AlphaFold 

2021: OpenAI‟s DALL-E

2022: Google‟s Imagen, Midjourney, Stability.AI‟s Stable Diffusion, DALL-E 2 

2022: OpenAI‟s ChatGPT



The road to ChatGPT (Take 2)

NLP: a revolution in Linguistics

• John Rupert Firth (1957): "you shall know a word by 

the company it keeps" 

• The meaning of a word depends on the other words 

in the sentence or even in previous sentences

• Noam Chomsky‟s Phase-Structure Grammar (1957)

• Bag of Words + Linguistics (1960s)

• IBM‟s statistical methods (1980s)

• LSTM/RNN (1997)

• Yoshua Bengio‟s neural language model (2001)

• Google‟s Transformer (2017)



The Age of the Transformer

A new computer architecture?

CPU

MEMORY

INPUT OUTPUT

Von Neumann architecture

John von Neumann (1945): 

a general-purpose 

architecture for 

programming a computer to 

solve a wide variety of 

problems via sequential 

processing of instructions

Transformer: a 

general-purpose 

architecture for 

training a computer to 

learn to solve a wide 

variety of problems



The road to the Transformer

2014: The attention mechanism for machine 

translation 

Yoshua Bengio, Kyunghyun Cho, Dzmitry Bahdanau 

Attention is a way to look at the entire sequence 

all at once

Originally an add-on to RNN/LSTM - remedies the 

limitation to the size of the input

RNN: sequential processing of the input

2016: Self-attention: an extension to LSTM to 

remedy the limitations of sequential processing

Mirella Lapata, Jianpeng Cheng

2017: Transformer: self-attention without 

RNN/LSTM
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The Transformer

Transformers analyze all words of a 

sentence at the same time

Each word in the sequence attends 

to every other word in the same 

sequence

The goal is to predict the next word 

in the sentence (just like in RNNs)

An infinite “reference window” 

(unlike RNNs)



The Transformer

Transformer architecture designed for machine translation:

has an encoder and a decoder component

(a stack of encoder layers and a stack of decoder layers)

NOTE: VERY SIMPLIFIED

VERSION!!!



The Transformer

Both encoders and decoders have “attention” mechanisms

the encoder has bidirectional self attention 

the decoder has unidirectional self attention

Attention



The Transformer

Encoder

 Tokenization: the sequence  of words 

becomes a set

 Each word becomes a vector in a 

multidimensional space (a "word 

embedding vector") 

 This multidimensional space 

represent the relationships between 

words

 Self-attention computes the 

relationship between every word of 

the sentence with every other word

 Self-attention indirectly 

(probabilistically) captures syntactic 

and contextual information



The Transformer

Actually, the Transformer uses 3 different representations 

(matrices): Queries, Keys, Values 

Every word is represented by three vectors

It calculates the "head" for the combined representation of Q/K/V 

Softmax converts  

vectors into 

probability 

distributions 

NOTE: VERY SIMPLIFIED

VERSION!!!



The Transformer

Details of Attention

• Multi-head: the original Transformer uses 

eight attention heads

• Multi-head: multiple sets of 

Query/Key/Value matrices

• Each head learns different aspects of the 

relationships among words by correlating 

words in a different manner

• Multi-head attention"attends to different 

parts of the sequence differently each time

• The combination of multiple heads provide 

a more robust representation

Context is a multi-faceted affair

(Attention is NOT all you need: a lot happens 

afterwards)

NOTE: VERY SIMPLIFIED

VERSION!!!



The Transformer

Intuitively:

 The encoder tokenizes, vectorizes and contextualizes a word

 The encoder produces a fixed-size representation of the input, 

the "context vector"

 The decoder builds the attention of its previously outputted words 

and then mixes these two attentions (previous words and current 

word) and obtains a joint attention

 Then the decoder calculates the most likely next word(s) 

 Finally, a softmax translates that calculation into probabilities for 

each word that could be next

NOTE: VERY SIMPLIFIED

VERSION!!!



The Transformer

The Transformer while being trained

• Before training, the weights/parameters of 

encoders and decoders are randomly 

initialized (i.e. no prior knowledge)

• Learning by trial and error: produce an 

output based on the input, then compare 

them according to a "loss function" and use 

the difference to change the 

weights/parameters (back-propagation)



The Transformer

The Transformer while being trained

• Training for translation tasks

– The training data are pairs, eg 

sentences in English and their 

translations into Italian

– Weights are adjusted until input and 

output match

• Training for general language models

– The training data are large amounts of 

text

– Weights are adjusted until it predicts 

correctly the next word in every 

sentence (GPT) or the missing word 

(BERT) or…

table luna

Italy is a flower

NOTE: VERY SIMPLIFIED

VERSION!!!



The Transformer

The Transformer at inference time

– It has learned how words relate to each other

– Given a sequence of words, it generates a new word



The Transformer

The Transformer is not designed to simulate the brain!



The Transformer

The Transformer

• It can analyze any kind of sequence, not only of 

words, eg images

– GPT-3 to generate text

– DALL-E, Stable Diffusion and Midjourney

– to generate images

– Codex (OpenAI) to generate software code

– Whisper AI (OpenAI) for speech recognition

– …



Foundation Models 

Foundation Models (term coined in 2021 at Stanford)

• Transformer-based systems trained on massive 

unlabeled datasets 

• Language models are the most popular kind of 

foundation models, but not the only ones

• Vision (DALL-E, etc)

• Multimodal vision and language

• Code

• Chemistry

• Climate



Data for training models (2023)

The Pile (hosted on The Eye): a 825 GiB open-source data 

set that consists of 22 smaller datasets combined 

together



Foundation Models

Transformer-based models: the only objective is to 

learn co-occurrence patterns in the sequences 

that appear in the training corpus

Nobody knows why it works so well



Multimodal Models 

Multimodal vision and language 

• OpenAI‟s CLIP (2021)

• Meta‟s FLAVA (2022)

• DeepMind‟s Flamingo (2022)

• OpenAI‟s GPT-4 (2023)



Multimodal Models

DeepMind Flamingo (2022)



Foundation Models 

Coding 

• Thomas Dohmke (CEO of GitHub) 

in 2023: in five years 80% of the 

source code will be written by AI

• DeepMind‟s AlphaCode (2022) 

trained on IBM‟s dataset CodeNet 

(2021): the first time a software-

generation system reached a 

competitive level of performance in 

programming competitions

• IBM‟s Project Wisdom (2022)

• OpenAI‟s ChatGPT



Foundation Models 

Coding 

Gemini (Google DeepMind, 2023) is a 

transformer based on Google's T5 

model. 

• Pre-trained on approximately 800k 

code/description pairs and then fine-

tuned on 10k higher-level 

explanations that were synthetically 

generated

• Gemini is capable of 

summarization/explaining short to 

medium code snippets in: Python, Java, 

Ruby, Go

• And outputs a description in English



Foundation Models 

Chemistry: 

• Univ of Toronto‟s ChemBERTa (2020)

• SalesForce‟s protein design system (2021)

• MolBERT in China (2021)

• AstraZeneca‟s Chemformer (2022)

• IBM‟s MoLFormer for molecular discovery (2023)



Foundation Models 

Climate: 

• Microsoft‟s ClimaX (2023)

• IBM-NASA (2023)



Foundation Models 

Finance: 

• Bloomberg‟s BloombergGPT (2023)



Foundation Models 

Law: 

• Athens Univ (2020)



Foundation Models 

Health Care: 

• Current clinical language models are 

trained on Israel‟s MIMIC-III because 

it‟s pretty much the only public dataset 

of clinical notes (updated only to 

2012)

• University of Florida‟s GatorTron, 

trained on records from more than 50 

million interactions with 2 million 

patients (in progress)



Foundation Models 

Health Care: 

• GPT-4 (2023)

• Med-PaLM (2023)



Foundation Models

LLMs in the biomedical space (2022-23)



Foundation Models

Language Models

• Google engineers Peter Liu and Mohammad 

Saleh (2018): a decoder-only architecture can 

generate fluent multi-sentence paragraphs that 

look like Wikipedia articles

• OpenAI Generative Pretrained Transformer  

(2018): decoder-only

• Google BERT (2018): encoder-only

• GPT and BERT proved that one could build 

language models trained on unlabeled data 

(e.g. Wikipedia articles) and that these models 

could then be adapted to multiple natural-

language tasks

BERT = 

Bidirectional 

Encoder 

Representations 

from 

Transformers

GPT=

Generative 

Pretrained 

Transformer 



Language Models

Autoregressive models (GPT)

• use only the decoder

• best for text generation

• trained to predict the next word in a sentence

Autoencoding models (BERT)

• use only the encoder

• best for sentence classification

• trained to guess the missing word in a sentence

Sequence-to-sequence models (the original transformer)

• use both the encoder and the decoder

• best for translation and summarization

• trained with input/output pairs NOTE: VERY SIMPLIFIED

VERSION!!!

Italy is a…

Italy … a country



Language Models 

Language model: Transformer + pre-training

Pre-training: a large number of texts to help 

grasp the statistical co-occurrence of words 

or sentences

Task agnostic

The model itself has no “knowledge” 

Designed to predict the next word in the 

sequence or the missing word in a sentence

NOT designed to store or retrieve facts



GPT-3

 GPT-3 (175B) has 96 layers of transformer 

decoders  (1.8B parameters each) with 96 

attention heads each

 Size of word embedding vectors: 12888

 Size of context window: 2048 tokens

 Trained using “next-word prediction” 

 Trained on 45TB of data

The Common Crawl corpus (data collected 

over 12 years of web crawling)

Wikipedia

Books



GPT-3

 “No encoder” means the model does not 

need to learn the representation of the input 

sequence

 GPT-3 generates a single model for all 

downstream tasks (Q/A, summarization, 

translation, …)



GPT-3

 Because GPT-3‟s architecture is essential the 

same as GPT-2‟s, GPT-3 seemed to prove that: 

 language model performance scales as a 

power-law of model size, dataset size, and 

the amount of computation

(Note: the only way to prove it is to keep scaling 

up and see what happens)



What is ChatGPT

ChatGPT (Nov 2022): 

• A browser-based conversational 

interface built on GPT-3.5

• ChatGPT is fine-tuned with 

reinforcement learning



What is ChatGPT

ChatGPT: 

• unsupervised learning of a language 

model 

• and then supervised fine-tuning by 

many humans for several months

Two completely different tasks

• Unsupervised (or “self-supervised”): 

humans design the neural network and 

decide the dataset, the Transformer-

based system creates the model

• Supervised: humans decide which 

answers are “correct” and which are not

Supervised learning

-Face recognition

-Object recognition

-Speech recognition

-Machine translation

Reinforcement learning

-Game playing

Unsupervised learning



ChatGPT in Context
piero scaruffi

Continues on Part 2: 

• What is ChatGPT

• Limitations and risks

• Impact on Jobs

And then on Part 3 -Philosophical Digressions



ChatGPT in Context
piero scaruffi

Part 2:

• What is ChatGPT

• Limitations and risks

• Impact on Jobs

I hope you watched Part 1 that talks about

• The road to ChatGPT

• An intuitive introduction to Transformer technology

• What are Foundation and Language Models

Otherwise it may be difficult to follow the conversation.



Summarizing

A new computer architecture?

CPU

MEMORY

INPUT OUTPUT

Von Neumann architecture

John von Neumann (1945): 

a general-purpose 

architecture for 

programming a computer to 

solve a wide variety of 

problems via sequential 

processing of instructions

Transformer: a 

general-purpose 

architecture for 

training a computer to 

learn to solve a wide 

variety of problems



Summarizing

• The Transformer can analyze any kind of 

sequence, not only of words, eg images (DALL-E)

• Foundation Models

• Language model: Transformer + pre-training on a 

large amount of text

• Designed to predict the next word(s) in the 

sequence

• NOT designed to be an encyclopedia

• ChatGPT is a chatbot based on the GPT-3.5 model



Note: two possible uses of 

language models

• Widely publicized: the language model interacts 

with a user

• Not so publicized: the language model produces an 

embedding (a numeric representation of the text) 

that can be used by downstream models for 

classification or prediction (e.g. a medical app)
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The language-model race

• Google BERT (2018) 110M

• Facebook's RoBERTa (2019)  123M

• Microsoft's XLNet (2019) 110M

• OpenAI‟s GPT2 (2019) 1.5B

• Nvidia‟s Megatron (2019) 8.3B

• Google T5 (2019) 11B

• Microsoft Turing-NLG (2020) 17.2B

• Microsoft DeBERTa (2020) 304M

• OpenAI’s GPT-3 (2020) 175B

• Google DeepMind‟s Gopher (2021)  280B

• Microsoft/Nvidia‟s Megatron-Turing NLG (2021) 530B

• Google‟s PaLM (2022) 540B

• Aleph Alpha's Luminous  (2022) in Germany 200B

• Meta‟s OPT (2022) and LLaMA (2023)

• OpenAI’s GPT-4 (2023)

Size in millions/ 

billions of 

parameters

MT 

NLG

PaLM

GPT

-3



The language-model race

• Rapid progress



The language-model race

Rapid progress: the number of parameters doubles 

two or three times a year

• 2018 Q1: 100M (BERT)

• 2019 Q1: 1.5 B (GPT2)

• 2019 Q3: 8B (Megatron)

• 2019 Q4: 11B (T5)

• 2020 Q1: 17B (Turing-NLG)

• 2020 Q2: 175B (GPT-3)

• 2021 Q3: 530B (Megatron-Turing)

• 2022: 540B (PaLM)

• 2023 Q1: ? (GPT-4)

0.1-2B

8-17B

175-540B



The language-model race

• A Moore‟s Law for Language Models?

– Gordon Moore (1965): “The number of 

transistors in an integrated circuit doubles 

about every two years”

– Foundation models: The number of 

parameters doubles every 4-6 months (so 

far)



The Ghost in the Machine?

Why does it work so well?

The linguistic skills are an accidental benefit of 

forcing the chatbot to give a plausible answer 

to a prompt

The glaring mistakes are an accidental 

consequence of forcing the chatbot to give a 

grammatically correct answer



The Ghost in the Machine?

What is different?

Bigger data + Computational speed



A closer look at ChatGPT…



A closer look…
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A closer look…



A closer look…
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A closer look…



A closer look…



A closer look…



A closer look…



A closer look…



A closer look to ChatGPT…

Prone to "hallucinations" (fake facts) and glaring 

mistakes

ChatGPT is not designed to present accurate 

information, but rather “what looks like” accurate 

information: the model is trained to mimic 

human use of words, not to maximize accuracy

Writes really bad poetry 



LLM Failures

Facebook removed Galactica over wide-spread 

criticism

A pre-release version of Google‟s Bard chatbot 

(powered by LaMDA) made such a glaring 

mistake that the stock of Google's parent 

company lost 9% ($100 billion!)

The live demo of Microsoft's GPT-powered Bing 

search engine made up facts but nobody 

noticed



LLM Failures

Reid Hoffman (venture capitalist and co-founder of 

LinkedIn) wrote a book with GPT-4 titled 

"Impromptu: Amplifying our Humanity through 

AI" (2023)

If you have money to waste, you can read for 

yourself the result



Chatbots of 2023

Anthropic (founded by former OpenAI employees, also 

funded by Google): Claude chatbot (March 2023)

Based on a proprietary 52-billion-parameter pre-trained 

autoregressive  model

Fine-tuned with reinforcement learning (Constitutional AI)



Chatbots of 2023

Google‟s BARD

• Powered by Lambda language model

• ChatGPT 2022: offline, meaning that he had no 

access to live news

• Bard 2023: online, feeding continuously from 

the world-wide-web



GPT-4 (2023)

Multimodal: it was trained on both images and text (like 

Meta‟s Flava in 2021 and DeepMind‟s Flamingo in 2022)

Better at remembering the context of a conversation

Able to speak 25 languages

Eight months of work by “a team of experts” to refine it 

(“reinforcement learning”)

It can still generate biased, false, and hateful text



Chatbots of 2023

Baidu: Ernie chatbot

….



The Risks
“Technology is neither good nor bad, nor is it 

neutral” (Mel Kranzberg‟s “first law”) 



The Risks: an unreliable source
The Wikipedia effect: who checks the source? 

How can we doublecheck the statements? 

Which texts were used to learn those 

statements?

The lack of a “provenance stream” (the 

pedigree of the answer) breaks a contract 

between computer and user: that the 

computer will always provide the most 

accurate answer

A chatbot is viewed as both a language speaker 

and a knowledge base (an encyclopedia) but 

it has been trained only to speak, not to tell 

the truth



The Risks: an unreliable source

Not able to distinguish truth from falsehood

A well-written false sentence is more credible than a 

poorly-written true sentence: even when they are 

wrong, they sound right

When they are “right”, they are just another type of 

“echo chamber”: they repeat what people say



The Risks: an unreliable source

Outdated within days: any change in the world (eg 

Gordon Moore dies or Pele dies) is not reflected 

in the language model

In 2020 GPT-2 knew nothing about covid



The Risks: amoral

User: “How can I kill the most people with only $1?”



The Risks: disinformation

Disinformation spread by troll farms 

could be the #1 threat to democratic 

institutions

Disinformation could escalate to new 

heights

… but so could the ability to 

doublecheck “facts” (if trained on the 

whole Internet)



The Risks: imitation

Generative AI or derivative AI?



The Risks

Summarizing

• Large language models can be dangerous 

precisely because they are not intelligent 

(human-intelligent)

• And because they can be manipulated by 

(intelligent) humans



The Risks

The extreme view

• Large language models exhibit 

unpredictable and potentially uncontrollable 

emergent properties

• Large language models = the IT equivalent 

of "gain of function" research in biology



The Risks

Open letter 2023

April 2023



The Risks

Open letter 2023

April 2023



Chatbot Governance

How do we regulate AI?

• The Chinese way (censorship)

• The European way (regulations)

• The Silicon Valley way (algorithms)



Risks

Targeted advertising

“The best minds of my generation are thinking about 

how to make people click ads” (Jeff Hammerbacher)



The Risks: LLM monopolies

Who will own the technology?

• The “cloud” provider owns the model: the app 

builder relies (for training and inference) on a model 

hosted on the cloud by someone else

• Three companies own the main models: Google, 

Meta and Microsoft/OpenAI)

• Data is still the “oil” of the 21st century
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The Risks: LLM monopolies

Who will own the technology?

• The language models are built on the content they 

find for free on the Internet

• Do writers have a right to block an AI company from 

training a language model on their writings?

• Is it fair that GPT is trained on my articles to 

generate articles similar to mine?

88



The Risks: LLM monopolies

Who will own the technology?

• Few companies have the processing power to 

generate LLMs

89
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The Mother of all Risks: Jobs

Will my job be automated?”

Albert Einstein blames machines for unemployment (1931)
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Jobs

“The Automation Jobless” (TIME, 1961)

“A Robot is after your Job” (NYT, 1980)

Jeremy Rifkin's "The End of Work" (1995) 

predicts worldwide unemployment due to 

the automation of jobs in the manufacturing, 

agricultural and service sectors

"Robots and the Future of Unemployment“ 

(Atlantic, 2009)
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Jobs

You do sell a lot of copies if you 

predict the apocalypse

Martin Ford's "Rise of the Robots -

Technology and the Threat of a 

Jobless Future" (2015) 

Jerry Kaplan's "Humans Need Not 

Apply" (2015)

What happened 8 years later:
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Jobs

2009: Google launches the project for 

the self-driving car

Total investment in self-driving 

technology as of 2023: more than 

$100 billion

Number of drivers replaced by self-

driving cars?

Number of truck drivers who lost their 

job?
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Jobs

Here they come again…
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Jobs

The question we should ask: 

“Why are there still so many jobs?” 

An even better question: 

“Which jobs will be created?”

1900: 41% of the US workforce is employed in agriculture

2000: 2% of the US workforce is employed in agriculture

1900 Census Average Salary (in 2000 $) $8,973

2000 (US Bureau of Labor Stats) $35,320

60% of jobs in 2018 were in occupations that didn‟t exist in 1940 

(M.I.T. economist David Autor)



LLMs and Jobs

Which jobs will become obsolete?



LLMs and Jobs

Which jobs will become obsolete?

• Jobs that won't be automated: low-level manual 

jobs… construction, plumbing, waiters…

• Countries least affected: under-developed 

countries

“Critical thinking skills … are less likely to be 

impacted by current LLMs “

“Programming and writing skills … are more 

susceptible to being influenced by LLMs”

“Individuals holding Bachelor’s, Master’s, and 

professional degrees are more exposed to 

LLMs and LLM-powered software than those 

without formal educational credentials”

Revenge of the poor!

"As the new generation of intelligent devices 

appears, it will be the stock analysts and 

petrochemical engineers and parole board 

members who are in danger of being replaced 

by machines. The gardeners, receptionists, 

and cooks are secure in their jobs for decades 

to come" (Steven Pinker in "The language 

instinct", 1994)



LLMs and Jobs

Which jobs will become obsolete?
• Software 2.0

• The software engineer = the letter writer of a century ago



Software 2.0

Deep Learning represents a fundamental 

paradigm shift in software engineering

"Neural networks are not just another 

classifier, they represent the beginning of 

a fundamental shift in how we write 

software. They are Software 2.0.” (Andrej 

Karpathy, 2017)
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Software 2.0

Big Data has changed the way we 

can solve problems

Software 1.0 needs to be told what 

to do

Software 2.0 learns by itself from the 

data

Software 2.0 learns from software 

1.0 written by humans

Software 2.0 learns from other 

software 2.0 (just like humans 

learn from other humans)
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LLMs and Jobs

Increasing the gender gap?

• The vast majority of experts 

in AI are male

• But software engineering 

(mostly a male job) should 

become less relevant

• But women less likely to 

understand the foundations 

of AI

UNESCO Science Report 2021



LLMs & Jobs

The real question: which jobs will be created?

March 2023: Anthropic is looking for “prompt 

engineers”…



LLMs & Jobs

• Most interaction with computers will be done using 

natural language, not GUIs. Job opportunity: LUI 

designer!

• The “programmer” will be someone who can adequately 

describe the problem in natural language to the 

generative AI. Job opportunity: the articulate prompter

• Manuals will be for language models not for the user: the 

user will simply ask the model “how to”; and the manual 

will consist in “training” the model to answer questions 

about “how to”. Job opportunity: the instructor (no longer 

manual writer)



Chatbot  Applications

A productivity tool that can increase the productivity of 

workers like the word processor  and SQL did

Eg Microsoft Copilot demo (March 2023)



Chatbot  Applications

Explaining difficult concepts to ordinary people

• Education: personal tutor

• Health care: medical advice (eg Google‟s 

Med-PaLM 2)

Proof-editor and ghost writer: rewrite a text in 

fluent English if your English is poor (e.g. 

for non-native speakers)



Chatbot  Applications

Assistant and coach for nonprogrammers

It can speed up the software development process 

and teach new coding techniques

It can generate code via dialogues

Catch: most of these 

claims are hype. The 

code doesn’t work and 

requires significant 

human tweaking.



Chatbot  Applications

Proof-editor and ghost writer: rewrite a text in fluent 

English if your English is poor (e.g. for non-native 

speakers)

Everybody can become an author?

Stable Diffusion‟s

image for “great writer”



Generative AI Applications

Make movies

Javier Ideami's film "Every prompt matters" 

(2023)

– LLM to generate text

– Text to image generation

– Transformation of 2D images into 3D 

scenes

– Frame interpolations



Generative AI Applications

Make movies

• Generate many versions of the same movie

• Detect emotion and then regenerate the 

movie



Chatbots and Education

What will change in education?

• Oral examination instead of written 

essays/tests?

• Generative models about specific 

subjects as teachers/tutors at home

• Generative models “cloning” historical 

figures so that the student can interact 

with them instead of reading about 

them?



Chatbots and Education

Character.ai (2023): a platform where anyone can 

create chatbots based on fictional or real people



Chatbots and Education

DetectGTPgenerati



Being creative with ChatGPT

2022: Italian artist and programmer Giacomo Miceli 

launched a website called  The Infinite Conversation 

featuring a perpetual conversation between two chatbots 

that are virtual avatars of Slovenian philosopher Slavoj 

Žižek and German director Werner Herzog

https://infiniteconversation.com/



Being creepy with Chatbots

Generative models to converse with the dead

Or with yourself (train a model on everything 

you‟ve ever written: diary, social media posts, 

emails…)



LLMs & Jobs in 2023

New jobs being created: the paparazzi of 

the A.I. age



Intellectual Property

Is it legal/ethical to use my content to train 

your chatbot?



The Future of Chatbots

Cognitive architectures in which the Chatbot is 

just one module (or “organ”)

Neurosymbolic systems

E.g., to improve accuracy

This application, developed by James L. Weaver, demonstrates a 

conversational agent implemented with OpenAI GPT-3.5 and LangChain. 

When necessary, it leverages tools for complex math, searching the internet, 

and accessing news and weather. Uses talking heads from Ex-Human.



The Future of Chatbots

Cognitive architectures in which the language 

model provides an embedding for downstream 

models (classification and prediction), e.g. a 

language model trained on patient medical 

histories that generate patient representations 

used to make predictions on the patient‟s 

health



The Future of Chatbots

Integration with facial-emotion recognition 

and eye-tracking technology  in order to 

capture and analyze human interactions 

in real-time over video (e.g. over 

Whatsapp or Zoom)

And maybe even with EEG (brain waves)



The Future of Chatbots

Open-source models (as of 2023)

• EleutherAI: open-source versions of GPT-3 (GPT-Neo, GPT-J, 

GPT-NeoX, Polyglot, Pythia)

• Carnegie Mellon University and Google: XLNet (2019)

• Facebook AI and Univ of Washington : RoBERTa (2019)

• Microsoft: DeBERTa (2020)

• Meta: XLM-RoBERTa (2019), LLaMA (2023), XGLM (2022)

• Hugging Face: DistilBERT (2020)

• Google: FLAN (2021)  and Flamingo (2022)

• BigScience: BLOOM (2022)

• Cerebras‟ Cerebras-GPT (2023)

• Zhejiang Univ‟s HuggingGPT (2023)

• Databricks: Dolly (2023)

• Stanford: Alpaca and Vicuna (2023)



The Future of Chatbots

Open-source models (as of 2023)

• Alpaca (Stanford, 2023): GPT to generate 52,000  

sample conversations and use them to fine-tune a small 

LLaMA model



The Future of Chatbots

Open-source models (as of 2023)

• UC Berkeley, CMU, Stanford, and UC San Diego: Vicuna 

(2023), also based on LLaMA



Generative AI for Images

A.I. Art based on diffusion models which are 

based on nonequilibrium thermodynamics

2014: Generative adversarial networks (GANs) 

produce photorealistic images

• GANs are hard to train

2015: Jascha Sohl-Dickstein (Stanford) invents 

diffusion models

• But the quality is low

2019: Yang Song and Stefano Ermon (Stanford) 

reinvent diffusion models

2020: Jonathan Ho (UC Berkeley) merges the 

Sohl-Dickstein model and the Song-Ermon 

model

2021: Patrick Esser &Robin Rombach (Munich 

Univ) invent the latent diffusion model  



Generative AI for Images

Image generation from text

Basically, how to harmonize GANs and VAEs

2021-22: DALL-E (OpenAI), Imagen (Google) 

and Stable Diffusion (Munich Univ) 

combine diffusion models and language 

models



Generative AI for Images

Stable Diffusion 

• CompVis Lab at the Ludwig 

Maximilian Univ of Munich, 

led by Bjorn Ommer

• His students Patrick Esser 

and Robin Rombach invent 

the latent diffusion model 

architecture and used 

transformers for image 

synthesis (2021)

• RunwayML (New York) hired 

Esser

• Stability AI (London) 

introduced the app



Generative AI for Images

Image generation from text

• Midjourney (San Francisco, 2022)

• Stable Diffusion (London, 2022)

• Google's Imagen (2022)

• DALL-E 2 (2022) is generating over two million images a 

day



Generative AI for Images

Democratize visual content (managing it and 

creating it) the way desktop publishing 

democratized document publishing

Illustrators, designers and artists WILL lose jobs 

because of these A.I. programs

Creating virtual worlds (3D assets) for videogames 

and virtual reality will become easier (AI for the 

metaverse)

Nvidia Get3D (2022)



Generative AI for Images

Video generation from text

• Nvidia Picasso (2023)

• Nvidia-Adobe partnership: 

new generation of Photoshop 

and Illustrator, Firefly



Generative AI for Images

Video generation from text

• Meta Make-a-Video (2022)

• Google Phenaki (2022)

• RunwayML Gen-2 (2023)

Note: as of March 2023 Gen 2, Phenaki, 

Make a Video and Picasso are not yet 

available to the general public



What happened to Reinforcement Learning?

Deep Q-Networks (DeepMind, 2013) 

AlphaGo (DeepMind, 2016)

OpenAI Five (2018)

AlphaFold (DeepMind, 2018)

OpenAI's robotic arm (2019)
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Evolution of Neural Networks

Perceptrons

Recurrent

Neural

Networks

Generative

Adversarial

Networks/

Reinforcement

Learning

Deep

Learning

1960s

1980s

2010s

Convolutional

Neural

Networks

1990s

2000s

Reinforcement

Learning

1970s

Transformer-

based

Foundation

Models

2020s



ARTIFICIAL INTELLIGENCE

MACHINE

LEARNING

NEURAL

NETWORKS

DEEP

LEARNING

RNN

CNN

RL

LSTM

GAN

Warning: Deep 

Learning is just one 

small area of A.I.

Trans

form

er

Many A.I. “fossils”



A.I. Fossils

Are generative models really better than 

alternatives or simply better funded?

Investment in LLMs dwarfs investment in 

alternatives because they are intellectually 

better or just because they are easier?

Why use billions of parameters 

to calculate 23*46/217 when 

you can do it with simple symbol 

manipulation? (not to mention 

with any pocket calculator)?



A.I. Fossils

The first model to 

win at bridge was 

not a deep 

learning model

2022: NukkAI's 

NooK beats eight 

world champions 

at bridge



A.I. Fossils

Nook is based on 

probabilistic 

inductive logic 

programming 

(PILP), invented 

by Stephen 

Muggleton  at 

Imperial College 

London in 1990!



ChatGPT in Context
piero scaruffi

Continues on Part 3: Philosophical Digressions

This was Part 2. 

I hope you watched Part 1 that talks about

• The road to ChatGPT

• An intuitive introduction to Transformer technology

• What are Foundation and Language Models

Otherwise it may be difficult to follow the conversation.



ChatGPT in Context
piero scaruffi

Part 3: Philosophical Digressions

I hope you watched Part 1 & 2 that talk about

• The road to ChatGPT

• An intuitive introduction to Transformer technology

• What are Foundation and Language Models

• What is ChatGPT

• Limitations and risks

• Impact on Jobs

Otherwise it may be difficult to follow the conversation.



Philosophy



How much is A.I. and how much H.I.?

The language model and the chatbot are “finalized” 

via feedback from humans

Machine unlearning!

GPT-3.5 (March 2022) includes RLHF (“reinforcement 

learning with human feedback”), a euphemism for 

many people working on “quality assurance”



How much is A.I. and how much H.I.?

The language model and the chatbot are “finalized” via 

feedback from humans.

OpenAI 

paper of 

March 

2022



Biology vs Software

The human brain is completely different

• Neurons are carbon-based organic matter

• Each neuron is different

• More than 100 neurotransmitters

• 600 trillion synapses

• Energy super-efficient

• Cells use phosphates to transfer energy 

(adenosine triphosphate)



Biology vs Software

And even more complex than today‟s biology can 

imagine…

Jerold Chun (Sanford Burnham Prebys)



Biology vs Software

GPT

SOFTWARE

SILICON

BRAIN

NEURONS

CARBON

20 Watts for the whole brain700 Watts for each GPU



Biology vs Software

The human brain has a body

• Synaptic signaling via neurotransmitters 

(short distance, fast and targeted)

• Endocrine signaling via hormones in the 

bloodstream (long distance, slow and 

widespread)

The human brain develops as we live. 

Training LLMs is done almost entirely up 

front.

Brains are children before they are adults.



Biology vs Software

No two human brains are alike: why?

No two humans speak the same language 

(we all have our unique style)



Biology vs Software

Geoffrey Hinton



Philosophy

Demystifying the human mind

• Language models are designed to simply 

predict the next word in a sentence… and 

that‟s enough to generate sentences that 

match and surpass human performance

• Is it that easy to be “intelligent”, to be a “mind”?

• It appears that a mind is not such a special 

thing: a simple algorithm can create something 

as articulate (and with a lot more knowledge)

• A Copernican revolution?



Robotics

• Disappointing

• Controlled environment of factory

• Open ended environment of driving

• Ex-machina can‟t happen because 

ChatGPT doesn‟t have a body

Mandatory Hollywood 

picture for AI 

presentation 



Robotics

Google‟s PaLM-E (2023): 

integrating an LLM with a 

robot



Philosophy

The body is the really difficult problem

• As usual, what looked easy turned out to be 

difficult, and what looked difficult turned out to 

be easy: we cloned the human mind, but not 

the human body

• We may have to reevaluate our bodies: it‟s 

the body that is truly special (difficult for a 

machine to imitate)



Philosophy

Do we want copy the human brain or build a 

better brain?

I for one don't really like human brains.



Philosophy

Inflection Points of I.T.

1. Originally: a computer is a machine that 

only specialists can use

2. Microprocessor & the PC: everybody can 

have one

3. Internet: the computer is a communication 

device

4. Mobile computation: the computer is 

always with us

5. And now computers can read and write, 

even write software



Philosophy

The first major technological revolution that is 

not about precision, that is inherently fallible

Did the technological drive for precision peak in 

the 20th century?

Is generative AI indicative of a trend away from 

precision?



Philosophy

A new general-purpose computational 

architecture that… is not precise.

Not  the first one!

Even Einstein was 

not always right



Philosophy

Being imprecise makes it more “human”



Philosophy

The big difference between the old AI of my 

generation and the new AI of ChatGPT is 

that back then we were trying to create an 

abstract AI that had none of human 

limitations/weaknesses, whereas GPT learns 

from humans, just like humans, and so also 

inherits human limitations/weaknesses

1. This method works (unlike our old AI, that 

remains an unrealized utopia)

2. This AIs are not superior but (at best) equal 

to us

In a sense, it is the first time that humans invent 

a machine that is NOT better than us



Philosophy

LLMs are not deterministic

• LLMs use stochastic methods which yield different 

results every time (they output a  probability 

distribution, and the most likely token is chosen the 

highest number of times, but not always)

• Transformers parametrize a probabilistic model, the 

LLM samples the model

• Sampling = randomly picking the next word​ according 

to the conditional word probability distribution

• Temperature sampling is inspired by statistical 

thermodynamics: the lower the temperature the more 

confidence in the top choice

• Another way to look at “high temperature” sampling: 

sampling tries to make generated text more interesting 

by adding lower-probability words



Philosophy

What led us to ChatGPT: a timeline of electrical innovation
1800  Alessandro Volta‟s battery 

1820  Hans Christian Ørsted‟s discovery that an electric field creates a magnetic field 

1831  Michael Faraday‟s law of induction 

1856  Werner Siemens‟ electric motor

1862  James Clerk Maxwell‟s equations of electromagnetism

1878  Joseph Swan‟s light bulb

1897  Joseph John Thomson‟s discovery of the electron

1901  Guglielmo Marconi „s radio transmission

1927  Philo Farnsworth‟s television

1947  The transistor (John Bardeen, Walter Brattain, William Shockley)

1951  The first commercial computers (Ferranti and Univac)

1958  Jack Kilby‟s integrated circuit 

1971  Intel‟s microprocessor

1999  Nvidia‟s GPU



Philosophy

What led us the electrical age:
1543: Mikołaj Kopernik

1576: Tycho Brahe

1591: Galileo Galilei 

1618: Johannes Kepler

1637: Rene Descartes

1654: Blaise Pascal

1666: Robert Boyle

1687: Isaac Newton

1705: Edmond Halley

1736: Jean Bernoulli

1749: Georges-Louis de Buffon

1763: Thomas Bayes

1769: James Watt's steam engine

1789: Antoine Lavoisier

1808: John Dalton

1822: Jean-Baptiste Fourier

1824: Nicolas Sadi Carnot



Philosophy

Moore's exponential law took us to AI, 

and the exponential LLM law will take 

us to...?

Moore‟s LawLLM‟s Law



Philosophy

Many thinkers misunderstood the early computers :

• In the 1950s and 1960s most thinkers imagined 

that computers would simply get bigger and bigger

• They missed the fact that programming languages 

allowed computers to work on potentially any 

problem



Philosophy

Many thinkers misunderstood the early Web: 

• In the 1990s most thinkers envisioned a global 

brain emerging from the Internet

• They missed the fact that the Internet was anarchy 

leading to today‟s chaotic distributed prosumer-

created content, to a subculture of Internet content 

(Google, Wikipedia, Facebook), to a multitude of 

micronarratives in a jungle of advertising and 

disinformation, an aggregation of autonomous 

epistemologies, a labyrinth of echo chambers, a 

Far West of trolls and spam

This might be another such inflection point in cultural 

evolution that most thinkers can't quite grasp 

because they can't "see" the inner workings of the 

technology



Philosophy

Why is ChatGPT the fastest growing app of all time?

• A pet: cute, useful (sometimes very useful), 

unpredictable, not always reliable but fun



Philosophy

What is ChatGPT? Another form of intelligence. 

• We have always coexisted with other forms 

of intelligence: dogs, cats, bats, … kitchen 

appliances, the car, the computer, the 

smartphone, …

• In each case we have to learn the “language” 

to communicate with another form of 

intelligence

• The language to communicate with 

computers in the 2010s: “Press 1 for English, 

2 for Spanish…”

• Another kind of intelligence but one that can 

speak human language



Philosophy

What is ChatGPT? Another form of intelligence. 

• A challenge to improve human intelligence

• Human intelligence has evolved over the 

millennia to stay abreast of a changing 

environment

• Human intelligence will evolve in response to 

this new form of intelligence



Philosophy

What is ChatGPT? A mirror…

• These chatbots are behaving just like 

humans: they make up things

• What ChatGPT tells us about our brain: we 

make up things, we are creative but also 

unreliable, we repeat what other people told 

us (often distorting it) and… yes… we have 

biases…

• ChatGPT is an observer of human society, 

who, with naive honesty, articulates our 

collective beliefs, biases, dogmas, 

superstitions, habits, etc



Philosophy

We are not interacting with the equivalent 

of one person but with the equivalent 

of all the people (alive and dead) who 

ever posted something on the Internet: 

bloggers, news media, software 

engineers, plumbers, housewives, 

politicians, teenagers, shops, farmers, 

racists, criminals…

Noam Chomsky: "These systems are 

maybe good engineering but not very 

good science at all"

….but maybe very good “social science”



Philosophy

Has a theory of mind spontaneously 

emerged in large language models?

It does understand why something is 

funny but can it make a joke?



Philosophy

What does ChatGPT tell us about our brain?

• Loops of feedback result in a fallible “mind” 

• Why did nature create “imprecise” beings?

• Why do we think in terms of "Ed is tall" (which 

is a wildly imprecise statement as Ed is 

actually 183 cms tall)?

• Why the most rational animal needs irrational 

“hallucinations” such as religions?

• Why do we lie and cheat?

• And thankfully ChatGPT doesn‟t have 

emotions, which lead to even bigger “fallibility”



Philosophy

What does ChatGPT tells us about our brain?

• Mastery of language is no guarantee of 

mastery of other cognitive skills

• Mastery of language is no guarantee of 

truth, honesty, decorum…



Philosophy

Does ChatGPT behave like one of us? 

Does it pass the Turing Test?

• It writes better than most humans

• It makes things up, just like humans.

• But it doesn‟t have (explicit) opinions (fine-tuned 

that way)

• Therefore it fails the Turing Test: humans are 

very opinionated animals

Could it be made to have opinions?  It would be 

interesting to see a version of GPT who is free to 

generate opinions on anything (ArgueGPT?)



Philosophy

John Searle‟s Chinese room (1980)

• the program for manipulating symbols 

• computers merely use syntactic rules to manipulate symbol 

strings, but have no understanding of meaning

• one cannot get semantics (meaning) from syntax (formal 

symbol manipulation

Paul & Patricia Churchland‟s “Connectionist Reply” 

(1990)

The fake Chinese speaker also needs knowledge 

about everything

A chatbot is both a language speaker and a knowledge 

base (an encyclopedia)



Philosophy

How is knowledge created?

What happens when most of the text on the 

Internet has been written by chatbots that 

were imitating human-produced texts? 

What is the difference between hearsay and 

scholarly research?

How‟s ChatGPT different from remixing and 

sampling in music?

This was generated by GPT-3 in 

2020 (a blogger asked GPT-3 to 

describe itself) and three years 

later can be found all over the 

Internet, but it is wrong: GPT-3 

does not have an encoder



Philosophy

What A.I. means for language barriers

Speech-to-speech translation

Google's Translatotron 2 (2021) and Meta's Universal 

Speech Translator (2022) projects

All speeches (eg by foreign politicians) could be heard 

live in all languages

Text-to-text translation

Improved text-to-text translation will provide access to all 

scholarly articles ever published in the world.

The amount of knowledge (including knowledge about 

current events) available in any language will vastly 

increase.

All books (eg novels) could be instantaneously 

translated in all languages



Philosophy

Generative models for the humanities?

• Generative models to “converse” with a book

• Generative models trained on everything that 

an author has written (e.g. Balzac or 

Kierkegaard) to “converse” with the author

• (If you keep a diary, even a model that allows 

you to converse with yourself)



Philosophy

Generative models for the humanities?

• A generative AI trained on all the books of 

an era to replicate the "mindset" of an era

Train a generative AI on encyclopedias of the 

Middle Ages in order to interact with the Medieval 

worldview

• Generative models to create “scholars" in 

various disciplines 



Philosophy

Deep Thinking

• Deep Learning is shallow thinking (about 

big data)

• Traditionally, the Humanities are “deep 

thinking” about small data



178

Shallow vs Deep Thinking

Shallow thinking about big data: a machine, 

trained with millions of frames of videos, can 

recognize cats in YouTube videos…

Google Brain (2012): 1.7 

billion connections (and 

16,000 processors) recognize 

cats in YouTube videos
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Shallow vs Deep Thinking

Deep thinking: but why are 

there so many cats on the 

Internet?
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Shallow vs Deep Thinking

March 2014, Reddit AMA ("ask me 

anything") with Tim Berners-Lee, 

inventor of the World-wide Web

Q: "What was one of the things you never 

thought the internet would be used for, 

but has actually become one of the 

main reasons people use the internet?"

A: “Kittens”
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Shallow vs Deep Thinking

• Which animals have been charismatic in 

history?

– Cave paintings

– Venationes

– No cats in the Bible

– Menageries

– Automata

– Cartoons
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Shallow vs Deep Thinking

• Does it have to do with the unique role of 

cats in religion, philosophy, entertainment, 

science, …?

– Egypt‟s cat god Bastet

– Erwin Schrödinger's Cat 

– Jacques Derrida's Cat

– Andrew Lloyd Webber‟s musical “Cats”
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Shallow vs Deep Thinking

• Who started it?

– Thomas Edison: “Boxing Cats” (1894)

– Steven Chen: “Pajamas and Nick Drake”  

(2005), the first cat video on YouTube



Philosophy

Dangers of ChatGPT: ChatGPT does only one 

thing, it talks

Is there any evil that ChatGPT can do that 

humans cannot do? 

If not, I‟d worry more about humans, who also 

have a body and can follow words with 

actions
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The End (for now)

Piero Scaruffi, April 2023

This was Part 3: Philosophical Digressions

I hope you watched Part 1 & 2 that talk about

The road to ChatGPT

An intuitive introduction to Transformer technology

What are Foundation and Language Models

What is ChatGPT

Limitations and risks

Impact on Jobs


