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Language Models

Corpus

corpus

. Corpus = Data Set
| metadata ‘ text l } Instance




Raw text is a sequence of
characters (bytes), but most of
the time it is useful to group the
characters into contiguous units
called tokens. Tokens
correspond to words, parts of
words, and numerical
sequences separated by white
space or punctuation marks.
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Language Models

Token

GPT-3.5&GPT-4 GPT-3(Legacy)

f -
Probemos el tokenizado de GPT-4 con una frase en espafiol.
VAN S S AAAAAAN
Recordemos que un token puede ser en algunos casos igual a una palabra o
a una parte o fraccidén de palabra

Clear Show example

S harsiiers https://platform.openai.c
39 164 om/tokenizer

Probemos el tokenizado de GPT-4 con una frase en espafiol.
Recordemos que un token puede ser en algunos casos igual a una palabra o
a una parte o fracciodn de palabra

Text Token IDs


https://platform.openai.com/tokenizer
https://platform.openai.com/tokenizer

Language Models

Token

Simon Willison

@ Public By @ Simon Willison Edited Jun 8, 2023 16 forks < 40 Likes

GPT token encoder and decoder

For more information on this tool, read Understanding GPT tokenizers

fntertexttotokenize it https://observableha.com/@simonw/
Example text is here q Dt-tO ke n |Ze r

16281 24206 318 994

4 tokens

Or convert tokens to text:

Paste space separated tokens here



https://observablehq.com/@simonw/gpt-tokenizer
https://observablehq.com/@simonw/gpt-tokenizer

Language Models

Raw Text

Evaluation

Cleaning and
Pre-processing

4——  Modeling

|
|
| Mathematically represent :
|
|
|

Tokenization - get words
and other language units

| language units




Language Models

Text

Standardized text

Tokens

Token indices

Vector
encoding
of indices

The cat sat on the mat.

Standardization
\/

the cat sat on the mat

Tokenization

Y

"the", "Cat"’ "Sat", "On"’ Ilthe"’ "mat"

Indexing

\

3, 26, 65,9, 3, 133

One-hot encoding or embedding

https://livebook.manning.com/book/deep-learning-with-python-second-edition/chapter-11/v-6/28



Language Models

Word embedding = From tokens to vectors

One hot encoding

_LLEl el
Vocabulary:
Man, woman, boy, Each word gets
el Pt a 1x9 vector
sl P ’ representation

princess, queen,
king, monarch
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Language Models

Output Layer
The Skip-Gram Model Softmax Classifier
Hidden Layer

Probability that the word at a

Linear Neurons y ——~  randomly chosen, nearby
Input Vector position is “abandon”
o x
— v k
0 I\
? \.  ,‘ ——= ... “ability”
: )
0 >
A ‘1’ in the position 7 —— .."able”
corresponding to the :
word “ants”
0
10
: A
10,000
positions
300 neurons —  ."“zone”

10,000
neurons

http://mccormickml.com/2016/04/19/word2vec-tutorial-the-skip-gram-model/
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Language Models

chains

label chains

https://projector.tensorflow.orqg/

.:-:-:a:..'.'f‘: -—...-_1 es
. wchains
Yasxng hem ?::..—:- pbecame

o ~
Y ¢ nend eisEe ey
socident ~ ‘A__,..-,-


https://projector.tensorflow.org/

target chars:

output layer

hidden layer

input layer

input chars:

Language Models

‘e” 21 917 ‘0"
1.0 0.5 0.1 0.2
2.2 0.3 0.5 -1.5
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D we
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05/21/rnn-effectiveness/
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https://karpathy.github.io/2015/05/21/rnn-effectiveness/
https://karpathy.github.io/2015/05/21/rnn-effectiveness/

Language Models

RNNSs: recurrence to model sequence dependencies

Limitations of RNNs B B o oo | 9 output
W' Encoding bottleneck l ] I l I l
| - e LA - - feature vector
() Slow, no parallelization I I ] I I I
. Not long memory ¥ou Wby wia NMacs X s input
— —
t

https://www.youtube.com/watch?v=ySEx Bgxvvo



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

Language Models

Goal of Sequence Modeling

Desired Capabilities & 1%l 5 Doal Msal | B output
< Continuous stream I l l ] ] I
— — CRCR - -—p feature vector
v Parallelization I I I ] I I
« Long memory Xo X1 X7 Xiwa Xewi | Xé input
*>
t

https://www.youtube.com/watch?v=ySEx Bgxvvo



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

Attention Is All You Need

Language Models

Ashish Vaswani*
Google Brain

Noam Shazeer*
Google Brain

Niki Parmar”*
Google Research

Jakob Uszkoreit*
Google Research

avaswani@google.com noam@google.com nikip@google.com usz@google.com

Llion Jones* Aidan N. Gomez* Eukasz Kaiser”
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin*
illia.polosukhin@gmail.com

Abstract

The dominant sequence transduction models are based on complex recurrent or
convolutional neural networks that include an encoder and a decoder. The best
performing models also connect the encoder and decoder through an attention
mechanism. We propose a new simple network architecture, the Transformer,
based solely on attention mechanisms, dispensing with recurrence and convolutions
entirely. Experiments on two machine translation tasks show these models to
be superior in quality while being more parallelizable and requiring significantly
less time to train. Our model achieves 28.4 BLEU on the WMT 2014 English-
to-German translation task, improving over the existing best results, including
ensembles, by over 2 BLEU. On the WMT 2014 English-to-French translation task,
our model establishes a new single-model state-of-the-art BLEU score of 41.8 after
training for 3.5 days on eight GPUs, a small fraction of the training costs of the
best models from the literature. We show that the Transformer generalizes well to
other tasks by applying it successfully to English constituency parsing both with
large and limited training data.

https://arxiv.orq/pdf/1706.03762.pdf
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https://arxiv.org/pdf/1706.03762.pdf

Language Models

< Chapter: Overview > GPT-2 (small)
How o pr ed1ct Table of Contents rsMq
. o Intro
words 2436
I [ Introduction
LLM Preliminaries
e Components
( ) —~+s
Embedding
transformer 1
Layer Norm
Self Attention
Projection
If-attention
€ MLP
https://bbycroft.net/llm o
ps://bbycroft.ne i .
~~~~~~ d Output

Welcome to the walkthrough of the GPT large language model! Here we'll explore the model

nano-gpt, with a mere 85,000 parameters.

http://jalammar.qgithub.io/
illustrated-transformer/

Its goal is a simple one: take a sequence of six letters:

CFRARRCO

[ Continue

Skip

https://www.youtube.com/wat
ch?v=wjZofJX0v4M

nano-gpt

GPT-2 (XL)

GPT-3

nano-gpt

nene-85584

CEFFFFTTIY
EETIII



https://bbycroft.net/llm
https://www.youtube.com/watch?v=wjZofJX0v4M
https://www.youtube.com/watch?v=wjZofJX0v4M
http://jalammar.github.io/illustrated-transformer/
http://jalammar.github.io/illustrated-transformer/

Language Models

ENCODER
ONLY

aka

auto-encoding
models

Sentence classification
Named entity
recognition

Extractive question-
answering

Masked language
modeling

BERT, RoBERTa, distilBERT

DECODER ENCODER-
ONLY DECODER

aka aka

auto-regressive sequence-to-
models sequence models

e Text generation e Translation
e Causal language e Summarization
modeling * Generative question-
answering

GPT-2, GPT Neo, GPT-3 BART, T5, Marian

https://mlops.community/explainable-ai-visualizing-attention-in-transformers/



Language Models

Grandes Modelos de lenguaje (Large Language Model)

Parameters (in Billion)

Year Model # of Parameters Dataset Size

2019 BERT [39] 3.4E+08 16GB e
2019  DistilBERT [113] 6.60E+07 16GB

2019  ALBERT [70] 2.23E+08 16GB

2019  XLNet (Large) [150] 3.40E+08 126GB

2020 ERNIE-GEN (Large) [145] 3.40E+08 16GB

2019 RoBERTa (Large) [74] 3.55E+08 161GB

2019 MegatronLM [122] 8.30E+09 174GB

2020 T5-11B [107] 1.10E+10 745GB

2020 T-NLG [112] 1.70E+10 174GB

2020 GPT-3 [25] 1.75E+11 570GB

2020 GShard [73] 6.00E+11 2 . 17

2021 Switch-C [43] 1.57E+12 745GB 0.34 15 —= ]

2021 WuDao 2.0 1.75E+12 BERT GPT-2 NVIDIA's Microsoft's GPT-3
2021 The Megatron-Turing Natural Language Generation Megatron  Turning NGL

model (MT-NLG) 5.30 E+11

https://www.merkleinc.com/in/blog/ai-search-what-openais-gpt-3-means-google-and-seo-0

http://faculty.washington.edu/ebender/papers/Stochastic_Parrots.pdf



http://faculty.washington.edu/ebender/papers/Stochastic_Parrots.pdf
https://www.merkleinc.com/in/blog/ai-search-what-openais-gpt-3-means-google-and-seo-0

LLM
Evolution

https://magazine.sebastianraschka.
com/p/understanding-large-languag
e-models

Language Models

Evolutionary
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https://magazine.sebastianraschka.com/p/understanding-large-language-models
https://magazine.sebastianraschka.com/p/understanding-large-language-models
https://magazine.sebastianraschka.com/p/understanding-large-language-models

LLM
Evolution

https://www.researchgate.net/figure
/A-chronological-overview-of-large-I
anguage-models-LLMs-multimodal-
and-scientific_fig2_373451304

Language_Models
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https://www.researchgate.net/figure/A-chronological-overview-of-large-language-models-LLMs-multimodal-and-scientific_fig2_373451304
https://www.researchgate.net/figure/A-chronological-overview-of-large-language-models-LLMs-multimodal-and-scientific_fig2_373451304
https://www.researchgate.net/figure/A-chronological-overview-of-large-language-models-LLMs-multimodal-and-scientific_fig2_373451304
https://www.researchgate.net/figure/A-chronological-overview-of-large-language-models-LLMs-multimodal-and-scientific_fig2_373451304
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Lgyer: Attention: | All
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[SEP]
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[SEP]
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[SEP]
the
turtle
slowly
crawled
[SEP]

https://colab.research.google.com/dri
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https://colab.research.google.com/drive/1hXIQ77A4TYS4y3UthWF-Ci7V7vVUoxmQ
https://colab.research.google.com/drive/1hXIQ77A4TYS4y3UthWF-Ci7V7vVUoxmQ
https://colab.research.google.com/drive/1hXIQ77A4TYS4y3UthWF-Ci7V7vVUoxmQ
https://github.com/jessevig/bertviz
https://github.com/jessevig/bertviz

Language Models

ChatGPT: Optimizing
Language Models
for Dialogue

We've trained a model called ChatGPT which interacts in a
conversational way. The dialogue format makes it possible for
ChatGPT to answer followup questions, admit its mistakes,

challenge incorrect premises, and reject inappropriate requests.

ChatGPT is a sibling model to InstructGPT, which is trained to
follow an instruction in a prompt and provide a detailed
response.

TRY CHATGPT A

https://chatgpt.com/



https://chatgpt.com/

Language Models

Reinforcement learning from Human
Feedback

“Models trained by RLHF can provide answers
that align with human values, generate more
detailed answers, and reject questions that are
inappropriate or outside the model's knowledge
space.” Therefore, they can be used to reduce
response bias. of the LLM

Ungoper 3¢

https://i.kym-cdn.com/entries/icons/
original/000/044/025/shoggothhh_h
eader.jpg



Stage

Dataset

Algorithm

GPT Assistant training pipeline

Pretraining

Raw internet
text trillions of words

low-quality, large quantity

Language modeling
predict the next token

Base model

1000s of GPUs
months of training

ex: GPT, LLaMA, PaLM
can deploy this model

Supervised Finetuning

Demonstrations @
Ideal Assistant responses,
~10-100K (prompt, response)
written by contractors

low quantity, high quality

@

Language modeling
predict the next token

init
ige]y] 0
SFT model

1-100 GPUs

days of training

ex: Vicuna-13B

can deploy this model

Language Models

Reward Modeling

Comparisons @
100K —1M comparisons -
written by contractors

low quantity, high quality

\

Binary classification
predict rewards consistent w
preferences

init
from a
RM model

1-100 GPUs
days of training

Reinforcement Learning

Prompts ®
~10K-100K prompts »
written by contractors

low quantity, high quality

@

Reinforcement Learning
generate tokens that maximize
the reward

init from SFT
use RM

RL model

1-100 GPUs

days of training

ex: ChatGPT, Claude
can deploy this model



https://www.youtube.com/watch?v=bZQun8Y4L2A&t=16s
https://www.youtube.com/watch?v=bZQun8Y4L2A&t=16s

Edge Al and Generative Al

Hype Cycle for Artificial Intelligence, 2023

Expectations

Smart Robots Generative Al

_» Generative Al

Responsible Al
Neuromorphic Computing
Prompt Engineering

Foundation

Artificial General Intelligence Models

Synthetic Data
Decision Intelligence
Al TRiISM

Operational Al Systems

ModelOps

Composite Al

—p Edge Al

Data-Centric Al

. . () EdgeAl
Al Engineering

Al Simulation

Causal Al

Neuro-Symbolic Al Knowledge Graphs

Multiagent Systems

First-Principles Al

Automatic Systems Al Maker and Teaching Kits

Computer
Visior] )//——

Cloud Al

Sariitag Data Labeling

and Annotation

Intelligent Applications

Autonomous Vehicles

Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
L ]
Time
Plateau will be reached:
() less than 2 years @® 2to5years @ 5to10years A more than 10 years ) obsolete before plateau As of July 2023

https://www.gartner.com/en/articles/
what-s-new-in-artificial-intelligence-f
rom-the-2023-gartner-hype-cycle



Edge Al and Generative Al 2023 Gartner Emerging Technologies
and Trends Impact Radar

Edge Al
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https://www.gartner.com/en/articles/
4-emerging-technologies-you-need-

to-know-about
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https://www.gartner.com/en/articles/4-emerging-technologies-you-need-to-know-about
https://www.gartner.com/en/articles/4-emerging-technologies-you-need-to-know-about
https://www.gartner.com/en/articles/4-emerging-technologies-you-need-to-know-about

Embedded GenAl

https://www.gartner.com/en/articles/
understand-and-exploit-gen-ai-with-
gartner-s-new-impact-radar

Impact Radar for
Generative Al

GenAl Native
Applications

Embedded-
GenAl
lications .

. GenAl-
Modeling Enabled
Al Code Wirtual
Generation AesisEie
Knowledge

Graphs

ultimodal GenAl @ ®
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calable Vector Databases

nAl Engineering

Source: Gartner

Management

Light LLMs

@ Open-Source L
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s o Diffusion Al
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Al Model as a Service

User-in-the-Loop
Hallucination ®
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Prompt
Engineering Tools

© 2023 Gartner, Inc. and/or its affiliates. All rights reserved. 2683355
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https://www.gartner.com/en/articles/understand-and-exploit-gen-ai-with-gartner-s-new-impact-radar
https://www.gartner.com/en/articles/understand-and-exploit-gen-ai-with-gartner-s-new-impact-radar
https://www.gartner.com/en/articles/understand-and-exploit-gen-ai-with-gartner-s-new-impact-radar

Edge Al and Generative Al

J
® @ Quantizatiorr > 8
@

Large Language Model LLM
(Actual)

e Al models
optimizations
e Quantization
. P rU n i n g { Quantization
e Knowledge distillation
N
https://int8.io/local-large-lanqua https://www.linkedin.com/pulse/quantization-what-you-s

ge-models-beginners-quide/ hould-understand-want-run-lims-pavan-mantha



https://int8.io/local-large-language-models-beginners-guide/
https://int8.io/local-large-language-models-beginners-guide/
https://www.linkedin.com/pulse/quantization-what-you-should-understand-want-run-llms-pavan-mantha
https://www.linkedin.com/pulse/quantization-what-you-should-understand-want-run-llms-pavan-mantha

Edge Al and Generative Al

318 ® @

= Fast Stable Diffusion

e @ Takes less than 0.6 seconds for generating
VVO rl d ,S fa Ste St Al 512x512 images from text prompts

teXt-tO- i m a g e Eﬁzjcient L(,;Ne_}lar.chitecture, guidance conditioning,
generative Al and step distillation
O n a p h On e Full-stack Al optimization to achieve this

improvement

Generative Al at the edge. Joseph Soriaga Qualcomm Technologies, Inc. Nov. 8 2023



Edge Al and Generative Al

At 1125 ® ® 1124 ®
Snapdragon
Summit
2023

o Al Assistant . Trio Planner
¢« A w

<~

World’s fastest
Llama 2-/B
on a phone R,

and return on December 20th.

Up to 20 tokens per second

Here is the travel plan for your
destination

Demonstrating both chat and Trip: YTO to SAN

application interaction on Date and time: Depart December
. What is the most popular 10, 2023; Retun December 20,
device cookie? 2023
Passengers: 1 adults, O children

- Flight details: Round Trip
World'’s first demonstration of The most popular cookie is
. - - chocolate chip.
speculative decoding running
on a phone R

Generative Al at the edge. Joseph Soriaga Qualcomm Technologies, Inc. Nov. 8 2023



Edge Al and Generative Al

llama4micro ¥ AL

A "large" language model running on a microcontroller.

https://qithub.com/maxbbraun/llama4micro



https://github.com/maxbbraun/llama4micro

Edge Al and Generative Al

THIS IS EASY,

THE IMAGE |

IN PERU!

- ,/./

o & « OF MACHU Hcc_
L a0 & ,

https://www.hackster.io/mjrobot
/running-large-language-model
s-on-raspberry-pi-at-the-edge-
63bb11



https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11
https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11
https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11
https://www.hackster.io/mjrobot/running-large-language-models-on-raspberry-pi-at-the-edge-63bb11
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