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As many neurons 
as pixels in image

You are building a neural network to be able to classify 
dogs in a large dataset of images. What would you use 
as training data and what labels would you use? 

Recap question:

Likelihood it 
is a dog

Likelihood it 
is not a dog



Recap question:
For training data, we would you use both pictures 
of dogs (labelled as 100% being dogs) and 
pictures of all the other categories in the dataset 
(labelled as 100% NOT being dogs) 

As many neurons 
as pixels in image

Likelihood it 
is a dog

Likelihood it 
is not a dog
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By the end of this lecture, you will be able to: 

1. Explain how to use neural networks to 
translate text into other languages 

2. Define a recurrent neural network and 
encoder-decoders 

3. Discuss the pro and cons of large 
language model



Natural Language Processing (NLP)



Natural language processing  (NLP) is the 
field  concerned with how to program computers to 
process and analyze large amounts of  natural 
language data. The goal is a computer capable of 
"understanding" the contents of documents or 
instructions.



Rule-based techniques, 1960s - 1990s

Make the computer recognize a list of keywords 
and tell it what to respond when it sees the 
keywords



Example: SHRDLU, 1968



https://www.youtube.com/watch?v=lzz3qUawahg


Example: PARRY, 1972

Psychiatrists can only guess correctly between computer 
and human 48% of the time for PARRY.



Example: Machine translation



Making computers translate

Replace every word in a sentence with the 
translated word in the target language—easy 
to implement but the results are bad



1. translate common two-word phrases as a 
single group 

2. swap the order nouns and adjectives since 
they usually appear in reverse order in 
Spanish from how they appear in English.



The problem is that human language doesn’t 
follow a fixed set of rules. Human 
languages are full of special cases, regional 
variations, and just flat out rule-breaking. The 
way we speak English is more influenced 
by  who invaded who hundreds of years 
ago  than it is by someone sitting down and 
defining grammar rules.



After the failure of rule-based systems, new 
translation approaches were developed using 
models based on probability and statistics 
instead of grammar rules.  

Building a statistics-based translation system 
requires lots of training data where the exact 
same text is translated into at least two 
languages. This double-translated text is 
called parallel corpora.

Statistical techniques, 1990s - 2010s



In the same way that 
the Rosetta Stone was used 
by scientists in the 1800s to 
figure out Egyptian 
hieroglyphs from Greek, 
computers can use parallel 
corpora to guess how to 
convert text from one 
language to another.



The fundamental difference with statistical 
translation systems is that they don’t try to 
generate one exact translation. Instead, they 
g e n e r a t e t h o u s a n d s o f p o s s i b l e 
translations and then rank those translations 
by how likely each is to be correct. They 
estimate how “correct” something is by how 
similar it is to the training data.



Step 1: Break original sentence into chunks



Step 2: Find all possible translations 
for each chunk

We are seeing how 
actual people 
translated these same 
chunks of words in 
real-world sentences. 
This helps us capture 
all of the different ways 
they can be used in 
different contexts.



Step 3: Generate all possible sentences 
and find the most likely one

Just from the chunk translations we listed in 
Step 2, we can already generate nearly 2,500 
different variations of our sentence by 
combining the chunks in different ways.



In a real-world system, there will be even 
more possible chunk combinations because 
we’ll also try different orderings of words and 
different ways of chunking the sentence.



Now we need to scan through all of these 
generated sentences to find the one that 
sounds “most human.”  

To do this, we compare each generated 
sentence to millions of real sentences from 
books and news stories written in English. The 
more English text we can get our hands on, 
the better.



The sentence would not be very similar to any 
sentences in our data set, and we’ll give this 
possible translation a low probability score.

This sentence will be similar to something in 
our training set, so it will get a high probability 
score.



Pro: Statistical machine translation systems 
perform much better than rule-based systems 
if you give them enough training data.  

Con: They are complicated to build and 
maintain. Every new pair of languages you 
want to translate requires experts to tweak 
and tune a new multi-step translation pipeline.



Because it is so much work to build these different 
pipelines, trade-offs have to be made. In the old 
days, if you asked Google to translate Georgian to 
Telugu, it has to internally translate it into English 
as an intermediate step because there’s not 
enough Georgian-to-Telugu translations happening 
to justify investing heavily in that language pair. 
And it might do that translation using a less 
advanced translation pipeline than if you had 
asked it for the more common choice of French-to-
English.
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The ultimate goal of machine translation is a 
black box system that learns how to translate 
by itself—just by looking at training data. With 
statistical machine translation, humans are 
still needed to build and tweak the multi-step 
statistical models.

Ultimate goal?



In 2014,  researchers found a way to apply 
deep learning to build this black box system. 
Their deep learning model takes in a parallel 
corpora and uses it to learn how to translate 
between those two languages without any 
human intervention. 

This is made possible by combining two ideas
—recurrent neural networks and encodings.

Neural network techniques, 2010s -



Make things even simpler 

Input: Machine learning is fun 

Output: Machine learning is fun 

Just like cryptography!



A neural network takes in a list of numbers 
and calculates a result. Like most machine 
learning algorithms, these neural networks 
are  stateless. That is to say, they have no 
memory of past calculations.



In a recurrent neural network, the previous state of 
the neural network is one of the inputs to the next 
calculation. This means that current calculations 
change the results of future calculations!



This trick allows neural networks to learn patterns 
in a sequence of data. For example, you can use it 
to predict the next most likely word in a sentence 
based on the first few words, or translate spoken 
text word for word instead of waiting until the 
person is done speaking.



The idea of turning a face into a list of 
measurements is an example of an encoding. We 
are taking raw data (a picture of a face) and 
turning it into a list of measurements that represent 
it (the encoding).



A single “triplet” training step



It lets us represent something very complicated (a 
picture of a face) with something simple (128 
numbers). Now comparing two different faces is 
much easier because we only have to compare 
these 128 numbers for each face instead of 
comparing full images.



We can do the same thing with sentences by coming 
up with an encoding that represents every possible 
different sentence as a series of unique numbers.



To generate this encoding, we’ll feed the 
sentence into the RNN, one word at a time. The 
final result after the last word is processed will be 
the values that represent the entire sentence.



We can connect two RNNs end-to-end. The first 
RNN can generate the encoding that represents a 
sentence. Then the second RNN can take that 
encoding and just do the same logic in reverse to 
decode the original sentence again.



We train the encoder-decoder pair by ensuring 
that the output of the neural network is equal to 
the input. We then let the values of the neurons in 
the hidden layer be the encoded sentence.



“Machine”, 
“Learning”, 

“is”, 
“hard”

0.23 
0.152 
0.01

Since the output is not equal to the input, the weights chosen 
in the recurrent networks above are wrong, so we keep trying 
new weights, until
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What if we train the encoder-decoder pair to decode 
the sentence into Spanish instead of English? We 
could use our parallel corpora training data to train it 
to do that



This framework doesn’t depend on knowing any 
rules about human language. The algorithm 
figures out those rules itself. This means you 
don’t need experts to tune every step of your 
translation pipeline. The computer does that for 
you. 

Moreover, this approach works for almost any kind 
of sequence-to-sequence problem.



AI chat bot

The chat logs between employees and the tech support 
team were captured at Google. Then a sequence-to-
sequence model was trained where the employee’s 
question was the input sentence and the tech support 
team’s response was the “translation” of that sentence.



When a user interacted with the bot, they would 
“translate” each of the user’s messages with this 
system to get the bot’s response. The end result 
was a semi-intelligent bot that could (sometimes) 
answer real tech support questions. 



They also tried building a chat bot based on millions 
of movie subtitles. The idea was to use conversations 
between movie characters as a way to train a bot to 
talk like a human. The input sentence is a line of 
dialogue said by one character and the “translation” 
is what the next character said in response.



Replacing the first RNN with a convolutional neural 
network allows the input to be a picture instead of a 
sentence. We can then turn pictures into words or 
words into pictures (as long as we have lots of 
training data).



This makes it possible to 
build image search 
engines that are capable 
of finding images that 
match oddly specific 
search queries.

The idea can be used to build a system capable of 
describing images in great detail by processing 
multiple regions of an image separately. 



A new Neural Network building block, the transformer, was 
discovered in 2017. It is essentially a more powerful 
replacement of RNNs and encoder-decoders.

Revolution in NLP

It is the basis for ChatGPT  and similar tools. GPT stands for 
Generative Pre-trained Transformer.

Basically, transformer is more powerful in encoding.



ChatGPT

Developer: OpenAI

Initial release: Nov. 30 2022

Engine: GPT-3.5 and GPT-4 (Paid)

Other competing programs: Copilot, Claude,  
                                         Jasper, BERT, …





2015-2018: Non-profit beginnings
In Dec 2015, Sam Altman, Greg Brockman, Reid Hoffman, Jessica Livingston, Peter 
Thiel, Elon Musk, Amazon Web Services (AWS), Infosys, and YC 
Research announced the formation of OpenAI and pledged over $1 billion to the 
venture.

2019: Transition from non-profit
In 2019, OpenAI transitioned from non-profit to "capped" for-profit, with the profit being 
capped at 100 times any investment.

2020-2023: ChatGPT

In 2020, OpenAI announce GPT-3, a language model trained on large internet 
datasets.

Brief History of OpenAI
https://en.wikipedia.org/wiki/OpenAI



2024–present: Public/non-profit efforts, Sora 
On February 15, 2024, OpenAI announced a text-to-video model named Sora, which it 
plans to release to the public at an unspecified date

https://www.youtube.com/watch?v=HK6y8DAPN_0

Brief History of OpenAI
https://en.wikipedia.org/wiki/OpenAI



Discussion

1. Who is …? What is …?

2. What will be the next step for …?

3. Write me a paragraph about …?

4. What does the following sentence mean?

5. Any more idea?

What can be done pretty well by ChatGPT now?



Discussion

What can be done pretty well by ChatGPT now?

1. Answering questions

2. Offering suggestions

4. Language translation

3. Generating text and creative writing

5. …



What can possibly be done by future large language 
models?

Discussion



What can possibly be done by future large language 
models?

Discussion

4. Expert-level knowledge

3. Emotional intelligence 

1. Improved understanding 
2. Enhanced personalization 
 

5. Incorporate other modalities



Discussion

What can not be done by ChatGPT even in the long 
run?



Discussion

What can not be done by ChatGPT even in the long 
run?

1. Critical thinking and reasoning

2. Original thought 

3. Sensitive information

4. ….


