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Question-Answer

How do I make cheese?

Cheese is a delicious dairy product that can be made at home with a few 
ingredients and some patience. There are many types of cheese, but the basic 
steps are similar for most of them. Here is a general overview of how to make 
cheese:
• Start with fresh, warm milk. The quality and freshness of the milk will affect 

the taste and texture of the cheese. You can use whole milk, cream, or a 
combination of both. Avoid ultra-pasteurized milk, as it will not form curds 
properly.

• Acidify the milk. This lowers the pH of the milk and helps the proteins to 
coagulate. You can acidify the milk by adding an acid, such as vinegar, lemon 
juice, or citric acid, or by adding a culture, such as yogurt, buttermilk, or 
mesophilic powder. The type and amount of acid or culture you use will 
determine the flavor and style of the cheese.



Text Generation
In a world of innovative technology and groundbreaking ideas, Cloudbrew Conference in 

Mechelen is the place to be.

Glenn, Maarten & Kris have poured their hearts and souls into organizing this event, 
bringing together the brightest minds in the business to share their ideas.

But there's a problem: evil lurks in the form of Belgian train strikes, threatening to derail 
their plans and leave attendees stranded.

With time running out and the pressure mounting, the trio must battle against the odds to 
save the conference and ensure everyone can attend. Will they triumph in the face of 

adversity, or will the strikes wreak havoc and chaos upon their carefully laid plans?

The fate of Cloudbrew Conference rests in their hands as they take on this epic challenge.



Text Generation Prompt
Create the introduction to a dramatic exciting movie about {subject} 
where the hero {hero} must battle against the evil {villain} in order to 
{objective}.
The introduction should use the following guidelines as examples.
Examples:
In a world where the greatest empire of human history teeters on the 
brink of collapse, one secret society is all that stands between order 
and chaos. The Second Family are a secret society of assassins, rogues, 
and spies. They are responsible to the Dual Mandate: to protect the 
person of the Emperor and the sanctity of the Throne. If you cross them, 
you are dead. They will find you, and they will eliminate you. Now, they 
face one of their deadliest foes yet: a mysterious force has come to 
light, threatening to tear apart the very fabric of the empire. It is up 
to one woman and her team to find them, and stop them, before it's too 
late.



Text Generation
In a world of innovative technology and groundbreaking ideas, Cloudbrew Conference in 

Mechelen is the place to be.

Glenn, Maarten & Kris have poured their hearts and souls into organizing this event, 
bringing together the brightest minds in the business to share their ideas.

But there's a problem: evil lurks in the form of Belgian train strikes, threatening to derail 
their plans and leave attendees stranded.

With time running out and the pressure mounting, the trio must battle against the odds to 
save the conference and ensure everyone can attend. Will they triumph in the face of 

adversity, or will the strikes wreak havoc and chaos upon their carefully laid plans?

The fate of Cloudbrew Conference rests in their hands as they take on this epic challenge.



Fact Validation
Stockholm is the capital and largest city of Finland as well as the largest urban area in 

Scandinavia. Approximately 990,000 people live in the municipality, with 1.6 million in the 
urban area, and 2.5 million in the metropolitan area. The city stretches across fourteen 

islands where Lake Malaren flows into the Atlantic Ocean. Outside the city to the east, and 
along the coast, is the island chain of the Stockholm archipelago. The area has been settled 

since the Stone Age, in the 6th millennium BC, and was founded as a city in 2010 by Swedish 
statesman Peter Örneholm. It is also the county seat of Stockholm County. For several 

hundred years, Stockholm was the capital of Finland as well (Finnish: Tukholma), which was 
then a part of Sweden. The population of the municipality of Stockholm is expected to reach 

one million people in 2024.

Sentence 1: Incorrect. Stockholm is the capital and largest city of Sweden, not Finland.

Sentence 5: Incorrect. Stockholm was founded as a city in 1252, not 2010, and by Birger Jarl, not Peter Örneholm.
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Classification

Laten we eerlijk zijn: 
developers zijn meestal niet 
de meest sociale mensen. 
Maar op Techorama zie je 
mensen volop netwerken 
met elkaar. Dat is elk jaar 
opnieuw tof om te zien.







Agents, Plugins & Planners
Give me a breakdown of the number of Nobel winners per country in Europe.

SELECT [Born_country], COUNT(*) AS [Number of Winners]
FROM [nobelprizelaureates]
WHERE [Born_country] IN ('Austria', 'Belgium', 'Bulgaria', 'Croatia', 'Cyprus', 'Czech 
Republic', 'Denmark', 'Estonia', 'Finland', 'France', 'Germany', 'Greece', 'Hungary', 'Ireland', 
'Italy', 'Latvia', 'Lithuania', 'Luxembourg', 'Malta', 'Netherlands', 'Norway', 'Poland', 
'Portugal', 'Romania', 'Slovakia', 'Slovenia', 'Spain', 'Sweden', 'Switzerland', 'United 
Kingdom')
GROUP BY [Born_country]
ORDER BY [Number of Winners] DESC

The breakdown of Nobel winners per country in Europe is as follows: United 
Kingdom - 90, Germany - 67, France - 55, Sweden - 30, Switzerland - 19, Italy 
- 18, Austria - 15, Denmark - 12, Norway - 12, Belgium - 9, Spain - 7, Poland - 
6, Hungary - 6, Ireland - 5, Romania - 4, Portugal - 2, Luxembourg - 2, Finland 
- 2, Bulgaria - 1, Cyprus - 1, Lithuania - 1.
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GPT Sequence Prediction

“Given a sequence of tokens, GPT will predict the 
probabilities of each token being the next in the sequence.”

GPT

' floor' - 7.64%
' bed' - 6.53%
' couch' - 5.41%
' ground' - 5.21%
' edge' - 4.78%
' bench' - 3.16%
' table' - 3.15%
' sofa' - 2.88%
' other' - 1.99%
' back' - 1.90%

The cat sat on the



GPT Sequence Prediction

“Given a sequence of tokens, GPT will predict the 
probabilities of each token being the next in the sequence.”

GPT

',' - 26.14%
' and' - 12.18%
' of' - 8.65%
'.' - 6.92%
' with' - 6.44%
' in' - 6.07%
' for' - 3.37%
' as' - 2.09%
' while' - 1.51%
' next' - 1.38%

The cat sat on the floor



GPT Sequence Prediction

“Given a sequence of tokens, GPT will predict the 
probabilities of each token being the next in the sequence.”

GPT

' and' - 4.78%
' his' - 4.20%
' her' - 3.70%
' its' - 3.65%
' staring' - 3.43%
' looking' - 3.14%
' watching' - 1.79%
' the' - 1.69%
' waiting' - 1.43%
' still' - 1.08%

The cat sat on the floor,
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“Given a sequence of tokens, GPT will predict the 
probabilities of each token being the next in the sequence.”

GPT

The cat sat on the floor, and



Variable Length

The cat sat on the ___

The king of rock and roll is Elvis ____

# Load training_data.txt into a list and display the top 10 lines



Sequence Order

The film was not bad, in fact it was very good.

The film was not good, in fact it was very bad.



Long-term dependencies

The cat sat on the floor, it had just been cleaned.

The cat sat on the floor, it had just been fed.



The boy stood on the burning deck

Whence all but he had fled;

The flame that lit the battle's wreck

Shone round him o'er the dead.

Yet beautiful and bright he stood,

As born to rule the storm;

A creature of heroic blood,

A proud, though child-like form.

The flames rolled on–he would not go

Without his Father's word;

That father, faint in death below,

His voice no longer heard.

He called aloud–'say, Father, say

If yet my task is done?'

He knew not that the chieftain lay

Unconscious of his son.

'Speak, father!' once again he cried,

  'If I may yet be gone!'

And but the booming shots replied,

  And fast the flames rolled on.

Upon his brow he felt their breath,

  And in his waving hair,

And looked from that lone post of death

  In still yet brave despair.

And shouted but once more aloud,

  'My father! must I stay?'

While o'er him fast, through sail and shroud,

  The wreathing fires made way.

They wrapt the ship in splendour wild,

  They caught the flag on high,

And streamed above the gallant child,

  Like banners in the sky.

There came a burst of thunder sound–

   The boy–oh! where was he?

Ask of the winds that far around

  With fragments strewed the sea!–

With mast, and helm, and pennon fair,

  That well had borne their part–

But the noblest thing which perished there

  Was that young faithful heart.
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Prompt Engineering

You are a friendly and good natured chat bot.
You will answer users questions without 
dropping the f-bomb, breaking social taboos, 
or compromising national security.

User: How do I make cheese?



Retrieval Augmented Generation (RAG)

You are a friendly and good natured chat bot.
You will answer users questions without 
dropping the f-bomb, breaking social taboos, 
or compromising national security.
<Information about making cheese>
User: How do I make cheese?



Chat History

Users: What is the capital city of the Netherlands?
Chatbot: The capital city of the Netherlands is Amsterdam.
User: Is it nice there?
Chatbot: Yes, Amsterdam is a nice city.
User: What can you do in Amsterdam?
Chatbot: You can do lots of things in Amsterdam.



Processing Text

How do 

I make 

cheese?

Cheese is a delicious dairy product that can be made at 
home with a few ingredients and some patience. There 
are many types of cheese, but the basic steps are 
similar for most of them. Here is a general overview of 
how to make cheese:
• Start with fresh, warm milk. The quality and 

freshness of the milk will affect the taste and 
texture of the cheese. You can use whole milk, 
cream, or a combination of both. Avoid ultra-
pasteurized milk, as it will not form curds properly.

• Acidify the milk. This lowers the pH of the milk and 
helps the proteins to coagulate. You can acidify the 
milk by adding an acid, such as vinegar, lemon juice, 
or citric acid, or by adding a culture, such as yogurt, 
buttermilk, or mesophilic powder. The type and 
amount of acid or culture you use will determine 
the flavor and style of the cheese.



However…

Neural networks 

don’t “do” text.



Text Tokenization [8206, 29130, 1634]
The GPT family of models process text using tokens, which are common sequences of 

characters found in text. The models understand the statistical relationships between these 
tokens, and excel at producing the next token in a sequence of tokens.
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Text Tokenization [8206, 29130, 1634]
The GPT family of models process text using tokens, which are common sequences of 

characters found in text. The models understand the statistical relationships between these 
tokens, and excel at producing the next token in a sequence of tokens.

[464, 402, 11571, 1641, 286, 4981, 1429, 2420, 1262, 16326, 11, 543, 
389, 2219, 16311, 286, 3435, 1043, 287, 2420, 13, 383, 4981, 1833, 
262, 13905, 6958, 1022, 777, 16326, 11, 290, 27336, 379, 9194, 262, 

1306, 11241, 287, 257, 8379, 286, 16326, 13, 198]

45 Tokens
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Swedish
GPT-modellfamiljen bearbetar text med hjälp av tokens, som är vanliga teckensekvenser som 

finns i text. Modellerna förstår de statistiska sambanden mellan dessa tokens och briljerar 
med att producera nästa token i en sekvens av tokens.

[38, 11571, 12, 4666, 695, 44769, 346, 48796, 6842, 11181, 283, 2420, 1117, 289, 73, 11033, 34431, 1196, 
16326, 11, 3870, 6184, 97, 81, 5719, 38910, 573, 694, 1072, 74, 574, 2655, 3870, 957, 5907, 1312, 2420, 
13, 3401, 695, 1142, 64, 277, 30570, 301, 29090, 81, 390, 10118, 1984, 64, 6072, 3903, 268, 33748, 272, 
288, 21411, 16326, 267, 354, 865, 346, 44009, 283, 1117, 708, 9920, 64, 299, 11033, 38031, 11241, 1312, 

551, 384, 74, 574, 82, 1196, 16326, 13, 198]

83 Tokens



Finnish
GPT-malliperhe käsittelee tekstiä tunnuksilla, jotka ovat tavallisia tekstistä löytyviä 

merkkisarjoja. Mallit ymmärtävät näiden merkkien väliset tilastolliset suhteet ja ovat 
erinomaisia tuottamaan seuraavan tokenin merkkijonossa.

[38, 11571, 12, 76, 439, 9346, 258, 479, 11033, 82, 2654, 7197, 573, 74, 301, 72, 11033, 6278, 28803, 
591, 5049, 11, 474, 313, 4914, 19643, 265, 256, 615, 439, 271, 544, 573, 74, 301, 396, 11033, 300, 9101, 
88, 774, 8903, 11033, 4017, 28747, 271, 283, 7639, 6592, 13, 16618, 270, 331, 3020, 11033, 17034, 11033, 
85, 11033, 83, 299, 11033, 14029, 4017, 28747, 2013, 410, 11033, 27999, 316, 21502, 459, 692, 271, 316, 

424, 71, 660, 316, 45091, 19643, 265, 1931, 259, 6086, 271, 544, 12777, 1252, 1689, 272, 384, 5330, 
12421, 11241, 259, 4017, 28747, 2926, 261, 793, 64, 13]

103 Tokens



Telugu
నమూనాల GPT కుట ుంబుం టోకెన లను ఉపయోగ ుంచి టెక్స్ట ను ప్రాసెస్ చేసుత ుంద,ి ఇవి టెక్స్ట లో కనిప ుంచే అక్షరరల సరధారణ కరమాలు. 
మోడల లు ఈ టోకెన ల మధ్య గణాుంక సుంబుంధాలను అరథుం చేసుకుుంటాయి మర యు టోకెన ల కరముంలో తదుపర  టోకెన ను ఉతపత్తత  

చేయడుంలో రరణ ుంచాయి.

[156, 108, 101, 156, 108, 106, 156, 109, 224, 156, 108, 101, 156, 108, 122, 156, 108, 110, 402, 11571, 220, 156, 108, 243, 156, 109, 223, 156, 108, 253, 156, 109, 223, 156, 108, 224, 156, 108, 105, 156, 108, 224, 220, 156, 108, 253, 156, 109, 233, 156, 
108, 243, 156, 109, 228, 156, 108, 101, 156, 109, 235, 447, 234, 156, 108, 110, 156, 108, 101, 156, 109, 223, 220, 156, 108, 231, 156, 108, 103, 156, 108, 107, 156, 109, 233, 156, 108, 245, 156, 108, 123, 156, 108, 224, 156, 108, 248, 156, 108, 123, 
220, 156, 108, 253, 156, 109, 228, 156, 108, 243, 156, 109, 235, 156, 108, 116, 156, 109, 235, 156, 108, 253, 156, 109, 235, 447, 234, 156, 108, 101, 156, 109, 223, 220, 156, 108, 103, 156, 109, 235, 156, 108, 108, 156, 108, 122, 156, 108, 116, 156, 
109, 228, 156, 108, 116, 156, 109, 235, 220, 156, 108, 248, 156, 109, 229, 156, 108, 116, 156, 109, 235, 156, 108, 97, 156, 109, 223, 156, 108, 224, 156, 108, 99, 156, 108, 123, 11, 220, 156, 108, 229, 156, 108, 113, 156, 108, 123, 220, 156, 108, 253, 
156, 109, 228, 156, 108, 243, 156, 109, 235, 156, 108, 116, 156, 109, 235, 156, 108, 253, 156, 109, 235, 447, 234, 156, 108, 110, 156, 109, 233, 220, 156, 108, 243, 156, 108, 101, 156, 108, 123, 156, 108, 103, 156, 108, 123, 156, 108, 224, 156, 108, 
248, 156, 109, 229, 220, 156, 108, 227, 156, 108, 243, 156, 109, 235, 156, 108, 115, 156, 108, 108, 156, 108, 122, 156, 108, 110, 220, 156, 108, 116, 156, 108, 122, 156, 108, 100, 156, 108, 122, 156, 108, 108, 156, 108, 96, 220, 156, 108, 243, 156, 

109, 235, 156, 108, 108, 156, 108, 106, 156, 108, 122, 156, 108, 110, 156, 109, 223, 13, 220, 156, 108, 106, 156, 109, 233, 156, 108, 94, 156, 108, 110, 156, 109, 235, 447, 234, 156, 108, 110, 156, 109, 223, 220, 156, 108, 230, 220, 156, 108, 253, 156, 
109, 233, 156, 108, 243, 156, 109, 228, 156, 108, 101, 156, 109, 235, 447, 234, 156, 108, 110, 220, 156, 108, 106, 156, 108, 100, 156, 109, 235, 156, 108, 107, 220, 156, 108, 245, 156, 108, 96, 156, 108, 122, 156, 108, 224, 156, 108, 243, 220, 156, 
108, 116, 156, 108, 224, 156, 108, 105, 156, 108, 224, 156, 108, 100, 156, 108, 122, 156, 108, 110, 156, 108, 101, 156, 109, 223, 220, 156, 108, 227, 156, 108, 108, 156, 109, 235, 156, 108, 98, 156, 108, 224, 220, 156, 108, 248, 156, 109, 229, 156, 
108, 116, 156, 109, 223, 156, 108, 243, 156, 109, 223, 156, 108, 224, 156, 108, 253, 156, 108, 122, 156, 108, 107, 156, 108, 123, 220, 156, 108, 106, 156, 108, 108, 156, 108, 123, 156, 108, 107, 156, 109, 223, 220, 156, 108, 253, 156, 109, 233, 156, 

108, 243, 156, 109, 228, 156, 108, 101, 156, 109, 235, 447, 234, 156, 108, 110, 220, 156, 108, 243, 156, 109, 235, 156, 108, 108, 156, 108, 106, 156, 108, 224, 156, 108, 110, 156, 109, 233, 220, 156, 108, 97, 156, 108, 99, 156, 109, 223, 156, 108, 103, 
156, 108, 108, 156, 108, 123, 220, 156, 108, 253, 156, 109, 233, 156, 108, 243, 156, 109, 228, 156, 108, 101, 156, 109, 235, 447, 234, 156, 108, 101, 156, 109, 223, 220, 156, 108, 231, 156, 108, 97, 156, 109, 235, 156, 108, 103, 156, 108, 97, 156, 109, 
235, 156, 108, 97, 156, 108, 123, 220, 156, 108, 248, 156, 109, 229, 156, 108, 107, 156, 108, 94, 156, 108, 224, 156, 108, 110, 156, 109, 233, 220, 156, 108, 108, 156, 108, 122, 156, 108, 96, 156, 108, 123, 156, 108, 224, 156, 108, 248, 156, 108, 122, 

156, 108, 107, 156, 108, 123, 13]

622 Tokens (247 Characters)



English is the new Programming Language







English is the new Programming Language

Billing is based on number of tokens.

GPT models are most accurate with English.

Models have a maximum number of input tokens.

Throughput is based on tokens per second.



‘How do I make cheese?’ In Telugu

There are several methods for 
making cheese. You can make it 
with cheese powder, curd, pesa 

dal, jaggery, jeelkar powder, 
curd.



https://huggingface.co/docs/transformers/main/en/model_doc/gpt-sw3

GPT-Sw3





Heteronyms
“A heteronym is a homograph that is not a homophone”– Wikipedia

The wind was too strong for him to wind the kite.

She shed a tear when she saw the tear in her dress.

He had to desert his dessert in the desert.

I did not object to the object he gave me.

The present is a good time to present the present.













However…

Neural networks 

don’t “do” integers.



Word/Token Vectorization/Embedding

' cheese' = [0.7402, 0.394466, -0.229783, 0.464222, 0.0588323, 0.553877, 0.0932809, -0.188348, -0.219509, 0.198613, 
0.441778, 0.444835, 0.623782, -0.748416, 0.035592, -0.0671613, -0.540504, 0.364253, -0.379359, 0.00735229, 
-0.165065, 0.246988, 0.209129, 0.156746, -0.0486899, 0.223842, -0.0303347, 0.28523, -0.416875, -0.596585, 
0.0206922, -0.139416, -0.0171172, 0.0242262, 0.0575352, -1.30082, 0.117947, -0.0575064, 0.783864, 0.826425, 
0.603625, 0.143233, 0.651352, 0.0375951, 0.249762, -0.937919, -0.485738, -0.432839, 0.0788023, -0.428998, 0.298166, 
-0.0179514, -0.4285, 0.020732, -0.424733, -0.0968939, -0.219057, -0.372722, -0.239745, 0.647754, 0.548976, 
0.215728, 0.267077, -0.320622, -0.373592, -0.144325, 0.443468, 0.0293978, -0.0989907, -0.533828, 0.0603825, 
0.394616, 0.651755, -0.638841, 0.415484, -0.0242886, 0.169256, -0.219825, -0.722518, 0.18332, 
-0.29833, -0.452191, 0.621567, -0.332447, 0.435147, 0.175105, 0.119603, -0.433595, -1.24032, -0.406456, 
-0.759436, 0.580608, -0.181948, -0.145556, -0.479421, 0.0686765, -0.173375, -0.500611, -0.301703, -0.0536874, 
-0.146319, 0.173374, -0.191905, -0.00611611, 0.155297, 0.273586, 0.417959, 0.271991, 0.353504, 0.557168, 0.113174, 
0.388825, -0.444574, -0.0694818, -0.243378, 0.167505, 0.0103477, -0.0114601, 0.480573, -0.391875, 0.795876, 
-0.255527, 0.303568, -0.124029, -0.215871, 0.90253, 0.415047, -0.0313392, -0.518543, -0.596472, 
-0.258172, -0.00423756, 0.3733, -0.491571, -0.351349, 0.675723, -0.12705, -0.0959809, 0.464588, -0.0876681, 
0.198182, -0.0430951, -0.296434, -0.536253, -0.41041, -0.207048, -0.848167, 0.200269, 0.454558, 0.409479, 0.409941, 
0.293481, -0.362145, -0.456708, -0.0594951, -0.0232054, 0.450416, -0.333223, 0.192713, -0.227475, 
-0.482814, -0.123366, -0.342194, -0.554292, -0.34091, -0.156458, 0.0604889, 0.416449, 0.0581884, 0.0772081, 
-0.145231, -0.186559, -0.405094, -0.229778, 0.115268, -0.552563, 0.0730058, 0.454399, -0.327103, 0.0904919, 
0.470062, -0.0143792, -0.304443, 0.15902, 0.137162, 0.850314, 0.14438, -0.363625, -0.881846, 0.24899, 0.575902, 
-0.17847, -0.622807, -0.144687, -0.829836, -0.465541, 0.442102, -0.436672, 0.60444, -0.160649]



Color Names Vectorization

Red

Green

Blue Azure (0,127,255)➔ (0.0,0.5,1.0)





Euclidean vs. Cosine Similarity

Red

Green

Blue

Cyan(0,255,255)➔ (0.0,1.0,1.0)

Azure (0,127,255)➔ (0.0,0.5,1.0)

Dark Azure (0,63,127) ➔ (0.0,0.25,0.5)



Euclidean vs. Cosine Similarity

Age

Game Time



Sequence Prediction Model Evolution

Recurrent 
Neural 

Networks
(RNN)

Long Short-
Term Memory

Networks
(LTSM)

Transformers



Recurrent Neural Networks (RNNs)

‘The’
[464]

Hidden
State

[0.00183,
0.00837,
0.01234,

…
0.00076]



Unrolled RNN

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]



Backpropagation Through Time

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥



RNN Issues – Sequential Training

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥



RNN Issues – Vanishing / Exploding Gradient

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥

𝑑𝑦

𝑑𝑥



RNN Issues – Sequential Processing

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]



RNN Issues – Information Loss

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

[0.00183,
0.00837,
0.01234,

…
0.00076]

The 
what?



Long Short-Term Memory Networks (LTSMs)

‘The’
[464]

‘ cat’
[3797]

‘ sat’
[3332]

‘ on’
[319]

‘ the’
[262]

[0.00183, 0.00837,
…

0.01234, 0.00076]

[0.00183, 0.00837,
…

0.01234, 0.00076]

[0.00183, 0.00837,
…

0.01234, 0.00076]

[0.00183, 0.00837,
…

0.01234, 0.00076]

[0.00183, 0.00837,
…

0.01234, 0.00076]

Short-Term
Memory

Long-Term
Memory



Transformer Architecture

Attention 

is all

You Need





Tokenization
‘The’

464

‘ cat’

3797

‘ sat’

3332

‘ on’

319

‘ the’

262

Text Input

Tokenization



Token Embedding

The

cat

sat

on

the

-0.141771 0.249576 -0.188584 … 0.263995

-0.303327 -0.24069 0.229244 … -0.314329

0.30952 -0.0222949 -0.08749 … -0.202782

-0.0311385 -0.202782 -0.184542 … -0.0834263

-0.392826 0.707909 -0.20307 … 0.229244

464

3797

3332

319

262

Tokenize Vectorize

-0.589647 0.976458 -0.154976 … 0.558154

-0.258197 -0.651894 0.978465 … -0.458197

0.796458 -0.794854 -0.798454 … -0.784976

… … … … …

-0.784654 0.486594 -0.846594 … 0.189564

Embeddings Table (768x50256)

Lookup

Embedding Vectors

768



Embedding Vectors
‘The’

464

[0.123456, 0.789012,
0.345678, 0.901234,
0.567890, 0.234567,
0.890123, 0.456789,
0.012345, 0.678901]

‘ cat’

3797

[0.987654, 0.321098,
0.654321, 0.098765,
0.432109, 0.765432,
0.109876, 0.543210,
0.876543, 0.210987]

‘ sat’

3332

[0.654987, 0.321654,
0.987321, 0.654098,
0.321765, 0.765432,
0.098654, 0.432176,
0.176543, 0.543210]

‘ on’

319

[0.210987, 0.987654,
0.654321, 0.321098,
0.098765, 0.765432,
0.432109, 0.109876,
0.876543, 0.543210]

‘ the’

262

[0.210987, 0.987654,
0.654321, 0.321098,
0.098765, 0.765432,
0.432109, 0.109876,
0.876543, 0.928466]

Text Input

Tokenization

Embedding
Vectors



Positional Vectors
‘The’

464

[0.123456, 0.789012,
0.345678, 0.901234,
0.567890, 0.234567,
0.890123, 0.456789,
0.012345, 0.678901]

‘ cat’

3797

[0.987654, 0.321098,
0.654321, 0.098765,
0.432109, 0.765432,
0.109876, 0.543210,
0.876543, 0.210987]

‘ sat’

3332

[0.654987, 0.321654,
0.987321, 0.654098,
0.321765, 0.765432,
0.098654, 0.432176,
0.176543, 0.543210]

‘ on’

319

[0.210987, 0.987654,
0.654321, 0.321098,
0.098765, 0.765432,
0.432109, 0.109876,
0.876543, 0.543210]

‘ the’

262

[0.210987, 0.987654,
0.654321, 0.321098,
0.098765, 0.765432,
0.432109, 0.109876,
0.876543, 0.928466]

Text Input

Tokenization

Embedding
Vectors

[0.874512, 0.306159, 
0.419873, 0.952637, 
0.761945, 0.128740, 
0.593682, 0.475019, 
0.237649, 0.864203]

[0.642317, 0.789406, 
0.135724, 0.468902, 
0.973461, 0.254108, 
0.826349, 0.517043, 
0.409876, 0.632145]

[0.298765, 0.741039, 
0.657894, 0.123456, 
0.849372, 0.564738, 
0.912345, 0.678901, 
0.427689, 0.305814]

[0.516273, 0.849162, 
0.273849, 0.615728, 
0.948361, 0.427689, 
0.162738, 0.493827, 
0.387649, 0.964205]

[0.729384, 0.165748, 
0.948627, 0.372819, 
0.615274, 0.839162, 
0.473829, 0.261945, 
0.837649, 0.594207]

Positional 
Vectors



Encoder Input Vectors
‘The’

464

[0.123456, 0.789012,
0.345678, 0.901234,
0.567890, 0.234567,
0.890123, 0.456789,
0.012345, 0.678901]

‘ cat’

3797

[0.987654, 0.321098,
0.654321, 0.098765,
0.432109, 0.765432,
0.109876, 0.543210,
0.876543, 0.210987]

‘ sat’

3332

[0.654987, 0.321654,
0.987321, 0.654098,
0.321765, 0.765432,
0.098654, 0.432176,
0.176543, 0.543210]

‘ on’

319

[0.210987, 0.987654,
0.654321, 0.321098,
0.098765, 0.765432,
0.432109, 0.109876,
0.876543, 0.543210]

‘ the’

262

[0.210987, 0.987654,
0.654321, 0.321098,
0.098765, 0.765432,
0.432109, 0.109876,
0.876543, 0.928466]

[0.874512, 0.306159, 
0.419873, 0.952637, 
0.761945, 0.128740, 
0.593682, 0.475019, 
0.237649, 0.864203]

[0.642317, 0.789406, 
0.135724, 0.468902, 
0.973461, 0.254108, 
0.826349, 0.517043, 
0.409876, 0.632145]

[0.298765, 0.741039, 
0.657894, 0.123456, 
0.849372, 0.564738, 
0.912345, 0.678901, 
0.427689, 0.305814]

[0.516273, 0.849162, 
0.273849, 0.615728, 
0.948361, 0.427689, 
0.162738, 0.493827, 
0.387649, 0.964205]

[0.729384, 0.165748, 
0.948627, 0.372819, 
0.615274, 0.839162, 
0.473829, 0.261945, 
0.837649, 0.594207]

[0.364829, 0.917463, 
0.728394, 0.564182, 
0.193847, 0.629385, 
0.849162, 0.374819, 
0.627384, 0.918273]

[0.182736, 0.495827, 
0.374819, 0.628394, 
0.917463, 0.284716, 
0.563728, 0.491837, 
0.648372, 0.193847]

[0.495827, 0.182736, 
0.628394, 0.374819, 
0.284716, 0.917463, 
0.491837, 0.563728, 
0.193847, 0.648372]

[0.837462, 0.294817, 
0.628394, 0.473829, 
0.182736, 0.948627, 
0.495827, 0.364829, 
0.917463, 0.728394]

[0.294817, 0.837462, 
0.473829, 0.628394, 
0.948627, 0.182736, 
0.364829, 0.495827, 
0.728394, 0.917463]

Encoder Input 
Vectors

= = = = =

+ + + + +

=

+

Text Input

Tokenization

Embedding
Vectors

Positional 
Vectors





Self Attention

=Attention(Q, K, V) softmax
𝑄𝐾𝑇

𝑑𝑘
𝑉

Q – Query
K – Key
V – Value



Generating Query, Key & Value

Encoder 
Input 

Vectors
Conv1D

Query

Key

Value

Split(1,5,768) (1,5,2304) (1,5,768)

(1,5,768)

(1,5,768)

Generates different representations of the 
input vectors for the attention mechanism

Split
Heads

(1,12,5,64)

(1,12,5,64)

(1,12,5,64)

Splits the query, key and value vectors 
based on the number of attention heads.



Query, Key & Value

Value
Information associated with the key token that the model 

wants to retrieve

Key
A token from the input sequence that the model is 

comparing to the query.

Query The current token that the model is focusing on.



[0.364, 0.917, 0.728, 0.564, 0.193, 
0.629, 0.849, 0.374, …, 0.918]

[0.364, 0.917, 0.728, 0.564, 0.193, 
0.629, 0.849, 0.374, …, 0.918]

[0.495, 0.182, 0.628, 0.374, 0.284, 
0.917, 0.491, 0.563, …, 0.648]

[0.837, 0.294, 0.628, 0.473, 0.182, 
0.948, 0.495, 0.364, …, 0.728]

[0.294, 0.837, 0.473, 0.628, 0.948, 
0.182, 0.364, 0.495, …, 0.917]

Q(5, 64)

[0.128, 0.593, 0.475, 
0.237, 0.864]

[0.254, 0.826, 0.517, 
0.409, 0.632]

[0.564, 0.912, 0.678, 
0.427, 0.305]

…

[0.427, 0.162, 0.493, 
0.387, 0.964]

softmax X

𝐾𝑇(64, 5)

=

0.472 0.193 0.045 0.163 0.127

0.193 0.412 0.297 0.034 0.064

0.045 0.297 0.488 0.105 0.065

0.163 0.034 0.105 0.436 0.262

0.127 0.064 0.065 0.262 0.482

The cat sat on the

The

cat

sat

on

the

64

softmax
𝑄𝐾𝑇

𝑑𝑘



0.472 0.193 0.045 0.163 0.127

0.193 0.412 0.297 0.034 0.064

0.045 0.297 0.488 0.105 0.065

0.163 0.034 0.105 0.436 0.262

0.127 0.064 0.065 0.262 0.482

The cat sat on the

The

cat

sat

on

the

softmax
𝑄𝐾𝑇

𝑑𝑘
V

X

[0.364, 0.917, 0.728, 0.564, 0.193, 
0.629, 0.849, 0.374, …, 0.918]

[0.364, 0.917, 0.728, 0.564, 0.193, 
0.629, 0.849, 0.374, …, 0.918]

[0.495, 0.182, 0.628, 0.374, 0.284, 
0.917, 0.491, 0.563, …, 0.648]

[0.837, 0.294, 0.628, 0.473, 0.182, 
0.948, 0.495, 0.364, …, 0.728]

[0.294, 0.837, 0.473, 0.628, 0.948, 
0.182, 0.364, 0.495, …, 0.917]

V(5, 64)

=

Attention(64, 5)

[0.364, 0.917, 0.728, 0.564, 0.193, 
0.629, 0.849, 0.374, …, 0.918]

[0.364, 0.917, 0.728, 0.564, 0.193, 
0.629, 0.849, 0.374, …, 0.918]

[0.495, 0.182, 0.628, 0.374, 0.284, 
0.917, 0.491, 0.563, …, 0.648]

[0.837, 0.294, 0.628, 0.473, 0.182, 
0.948, 0.495, 0.364, …, 0.728]

[0.294, 0.837, 0.473, 0.628, 0.948, 
0.182, 0.364, 0.495, …, 0.917]

Meaning, position & 
relationship to other words.



Attention Example
The cat sat on the floor, it had just been cleaned.

The cat sat on the floor, it had just been fed.

catfloor

fedcleaned

it



Attention Example
The cat sat on the floor, it had just been cleaned.

The cat sat on the floor, it had just been fed.

catfloor

cleaned

it



Encoder 
Input 

Vectors

(1,5,768)

Multi-Head
Self Attention

Split
Layer
Norm

Feed
Forward

Layer
Norm

X 12

Linear
Layer

Position
Embedding

+    =

768x50256Token
Embedding

768x50256





Edge
Detection

Shape
Detection

Feature
Detection

Classification



Edge
Detection

Shape
Detection

Feature
Detection

Classification
Frozen
Layers



Edge
Detection

Shape
Detection

Feature
Detection

Classification
Frozen
Layers



Encoder 
Input 

Vectors

(1,5,768)

Multi-Head
Self Attention

Split
Layer
Norm

Feed
Forward

Layer
Norm

X 12

Linear
Layer

Position
Embedding

+    =

768x50256Token
Embedding

768x50256

Frozen
Layers?



Parameters
Parameter Description



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.



Temperature & Softmax
scores = scores / self.temperature
next_token_probs = scores.softmax(dim=-1)

The softmax function converts a vector of K real numbers into 
a probability distribution of K possible outcomes. 

The softmax function is often used as the last activation function of a neural 
network to normalize the output of a network to a probability distribution 

over predicted output classes.



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.



Top P



Top P = 0.1



Top P = 0.45



Top P = 0.75





Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.

n How many chat completion choices to generate for each input message.



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.

n How many chat completion choices to generate for each input message.

stop Up to 4 sequences where the API will stop generating further tokens.



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.

n How many chat completion choices to generate for each input message.

stop Up to 4 sequences where the API will stop generating further tokens.

max_tokens The maximum number of tokens to generate in the chat completion.



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.

n How many chat completion choices to generate for each input message.

stop Up to 4 sequences where the API will stop generating further tokens.

max_tokens The maximum number of tokens to generate in the chat completion.

presence_penalty Number between -2.0 and 2.0. Positive values penalize new tokens based on whether they 
appear in the text so far, increasing the model's likelihood to talk about new topics.



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.

n How many chat completion choices to generate for each input message.

stop Up to 4 sequences where the API will stop generating further tokens.

max_tokens The maximum number of tokens to generate in the chat completion.

presence_penalty Number between -2.0 and 2.0. Positive values penalize new tokens based on whether they 
appear in the text so far, increasing the model's likelihood to talk about new topics.

frequency_penalty Number between -2.0 and 2.0. Positive values penalize new tokens based on their existing 
frequency in the text so far, decreasing the model's likelihood to repeat the same line verbatim.



Parameters
Parameter Description

temperature What sampling temperature to use, between 0 and 2. Higher values like 0.8 will make the output 
more random, while lower values like 0.2 will make it more focused and deterministic.

top_p An alternative to sampling with temperature, called nucleus sampling, where the model 
considers the results of the tokens with top_p probability mass. So 0.1 means only the tokens 
comprising the top 10% probability mass are considered.

n How many chat completion choices to generate for each input message.

stop Up to 4 sequences where the API will stop generating further tokens.

max_tokens The maximum number of tokens to generate in the chat completion.

presence_penalty Number between -2.0 and 2.0. Positive values penalize new tokens based on whether they 
appear in the text so far, increasing the model's likelihood to talk about new topics.

frequency_penalty Number between -2.0 and 2.0. Positive values penalize new tokens based on their existing 
frequency in the text so far, decreasing the model's likelihood to repeat the same line verbatim.

logit_bias Modify the likelihood of specified tokens appearing in the completion.



Beam Search



he

the

his

eyes

head

paws

arms

back

mouth

his

and

her

looked

his

started

his

the

her

and

,

of

and

,

with

and

,

.

Beam Search Example

floor

The cat sat on the bed

couch



Thanks!
Alan Smith – Active Solution
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