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LLMS (large language models)

Generacion de modelos: Better models, more data, more computer

PRE-2015
Pequefios modelos reign supreme (Pre 2015)
Wave 1 Hace mas de 5 anos, los modelos pequefios se consideraban “State of the art” (de ultima
generacion). Se destacaron en tareas analiticas y permitieron predecir en tiempo real para la

clasificacion del fraude.

_— La carrera a escala (2015-Actual)

.,m._-. Wave 2 Ocurrieron 2 momentos historicos. Google introdujo el concepto de Transformers
(transformadores) en PNL. Stanford clasifico acertadamente estos grandes modelos
lingliisticos (LLms) como modelos fundamentales. Capacitados con datos amplios a
escala y adaptables a una amplia gama de tareas posteriores. Los LLms imitaron el
desempeiio humano en el habla, la vision, la comprension del lenguaje y la comprension.

Mejores, mas rapidos y baratos (2022+)
T Wave 3 la computaqlora se vuelve rpés_ barata, los algoritmos y los moq,elos grandes se
vuelven mejores. Nuevas técnicas, como los modelos de difusion, reducen los

COostos necesarios para entrenar y ejecutar inferencias.

Nuevas Aplicaciones revolucionarias (Actual)

Los LLms contindian volviéndose mejores, mas rapidos y mas baratos y Asi
e e e Wave 4 los dispositivos moéviles fomentaron un mercado nuevo aplicaciones

innovadoras utilizando |A generativa.




LLMs (large language models)

Modelos y apps de IA generativa

Tipo Descripcion oL oil
Marketing

Modelos de texto

Generacion
Caddigo

Iméagenes

Speech synthesis

Video y 3d models

Otros Dominios

. ] ; o feontent)
Decente en escritura corta/forma media. Necesidad de = e
resultados de mayor calidad, contenido mas extensoy un =  femai Cosa Image
. . o a_ g '] Girar &% ErEraton .
mejor ajuste especifico del dominio - Supgon Gaming
5 chatfarmail o Code Gﬂns;ﬂc?:iaﬁ e
Gran impacto sobre la produccion del desarrollo (ej. B ey
Github Copilot) e S
.. . . , .. , . Webarp 30 models Biclogy &
Advenimiento de diferentes estilos estéticos y tecnicas de B 1 g

edicion y modificacion.

por un tiempo (jhola siri!), pero las aplicaciones
empresariales y de consumo estan mejorando

Potencial para destrabar mercados creativos como cine,
juegos, VR, arquitectura y disefio de productos fisicos

MODEL LAYER

Modelos Fundamentales (LLMs) ocurren a través de
muchos campos desde la musica hasta las farmacéuticas

LatiDA



aumentan con el nivel de personalizacion requerido.

|A generativa

Enfoques para habilitar modelos de base (foundation models)
Hay 3 enfoques principales para habilitar modelos de base y su complejidad técnica y costos

= ---;ﬁﬁﬂ:ﬂ?'ﬂgi Lol P
I, .

i

Prompting only

Use a pre-trained model

. License pre-trained
. models from a vendor
to start using

i .
S T A UL B ey

Fine-tuning

Tune a pre-trained model

License a pre-trained
model from a vendor and
tune it with proprietary
data before using

Pre-training

Pre-train your own model

Further train an
open-sourced
pre-trained model
with proprietary data

Build your own model

Design, new state-of-the-
art model using deep
learning architectures,
and/or customize one
with private data corpus

Cost: $ Cost: $$ Cost: $5% Cost: $55%
Customization O Customization O Customization 0 Customization .
Technical Technical : Technical , Technical ,
Complexity Low Complexity Medium Complexity High Complexity Very High

Buy
{(Microsoft 365 Copilot)

Boost Build
(OpenAl GPT-4) (Nvidia BioNeMo)

Custom Build |~




|A generativa

Ejemplo: Enfoques de habilitacion de modelos para codificacidn asistida por IA

Se debe encontrar la combinacion correcta de enfoques para impulsar el valor empresarial y
crear su propia llm para tareas especificas

Purchasing or licensing a pre-existing
model from a vendor or service
provider.

“I need a code assistant that provides my
development team with recommendations based
on industry best practices”

GenAl-enabled Code Model Open-source
Coding Tools Providers Code Models
o=t @ml «.) StarCoder
3 tobnine GCO' gk: 00 CodeLlama
Amaron aCodow
CodeWhisperer /‘ AZure
OpenAl
@ openar

CHATGPT

Using an existing Al model as a
foundation and then customizing it to
fit specific use cases

"I need a code assistant that utilizes industry best
practices but also takes into account my
organization’s unique standards”™

GonAl-enabled Codo Modal Opeon-source
Coding Tools Providers Code Models

i tabnine @ OpenAl

GPTAS

»_ StarCoder

Gocgle 00 codeLlama
Codey

I\ Azure amm
OpenAl

Crear

Designing and developing the model
from the ground up, resulting in a
custom, private model

“I need a code assistant that is exclusively trained

on my in-house coding language or to reduce
risk”

GenAl-enabled Code Model Open-source
Code Tools Providers Code Models
- Eobnine



|A generativa
La siguiente fase agrega datos para habilitar la asistencia por copilot.
ejorar

Ejemplo: patron de generacién aumentada de recuperacion aplicado a la entrega de tecnologia.

Application Generative Al Retrieval & Processing
[
5 “ Knowlodgom
atterns Software Code &
(£ K. Retneval Magmenned Query Prep Con::lgtr:ratuon
n ‘ ““ el § A w31 ) Fi'es
Code

Documentation ';:" ' lcr:‘é?: t;:::‘::{aetea:
Tests . Application Data/ Processing + Architecture
Ticket Resolution Application . Design

- - - L L - - - -

Requirements 4 Specification
Wﬂfkflﬂws * Vendor manuals
Q/A driven insights Model (LLM) . Sy(::,rten(\> t:gs
| « Standard
ﬂ’ Operating
Procedures

* Business Process
Orchestration & GenAl ~— External Data f_} Potentially Iterative Process



A gen

erativa

Al llega a la nueva era de gen ai con transformers

1940-1956: 1956-1974:; 1974-1980: 1980-1987: 1987.1994: 1994-Present: GPT-4
The Birth of Al The Golden Years Al Winter Al Boom Second Winter Modern Age 2
=
2
s
= GET-3'released /"o | MDA 2
released and
withdrawn
by Google
BERT (The model * ChatGPT
which started it all)
Asimo. o GAN
et Generatve
G Two robotic i LM,.,;.:
Coned term ;j;:_'i"(;: cars drove robot, s
Artificial et long dstance reloased
Intelligence beated on the Attention is all you need paper by
ot Dartmouth human h’ghWﬂy w sots the mathematcal
Loliege players — T —— foundation for scalable transformer
A | ~ IBM’s Watson models
beats best
Jeopardy!
Champions Timetis
1950 1956 1958 1959 1966 1980 1994 1957 2004 20N 2014 2017 2018 2020 2022 2023
Turing Introduced Created ELIZA 160 's Doap Introduction of
Tos! Porcoption. (Artficaal Boom of Expert Biye Virtual Agents and
foundation conversational Machines in dofoated home dovices
of neural “therapist”) industry ke chess (Google, Microsoft
notworks CON champion LUIS, Aloxa), SIRI



A generativa

la nueva era de IA Generativa surge con
Transformers

Veamos su funcionamiento






|A generativa

¢Como funciona Gen Al?

Ejemplo de Token:

Parte 1- Prediccion

is a superlyawesomelycoolness IT services company.

Input Text* (aka, the prompt)

= )
= : Add predicted =
S Predict Next tokerite the E M
S Token =
= end of the text -
= == e
= N =
z % .2
= =
* Converted into tokens Repeat, with the new token added on to the end

10



¢Como funciona Gen Al?

Lookup Token
Embedding
Vectors-

input
Prompt’

Embedding Vectors
for all unique tokens

|A gene

rativa

Use Neural Networks to create intermediate vector

representations of the input

Increasing abstraction

These are “Transformers”
(12 or more, GPT-3 has 96!)

Predict the

—— next token
(one final,
Dig NN layer)

Cada Transformer:
combina todos los vectores simbdlicos en el input (entrada) entre si (esta es
llamada la “self attention layer” y este complejo mashup permite que la red

Nota:
1. Convertido a Token 1
2. Cada token unico tiene un vector, cada vector es una lista de 700 a '
13000 numeros de punto flotante(el valor del vector actual para cada
token Unico esta entrenado por el proceso de entrenamiento NN. )
3. Elvector del token se modifica segun la posicién dentro del prompt '

(mensaje).

neuronal aprenda la sintaxis)

Parte2- Transformers

next token
+

probability

This has one neuron for
every possible token in

all languages!

tiene multiples (al menos 2) capas de red neuronal en su interior ( con
millones de neuronas y billones de pesos de conexiones de red neuronal

interconectadas

11



|A generativa

¢Como funciona Gen Al?

1. Take some text from
the internet

Input
Prompt’

2. Runitthrough the neural network

Lookup Token
Embedding

Parte3- Training

the next token?

Vectors’ Use Neural Networks to Create Intermediate

Vector Representations

» 9

Jhese are “Transformers™
(12 ormore, GPT-3 has 96)

Predict the
e next token
(one final,

big NN layer)

4

Embedding Vectors

for all unique tokens

5. Repeat for months and months until it learns

neural network connections

=

3. Diditcorrectly predict

next token +
probability

. If not, then go back and tweak the weights of the

12



A generativa
Utilizacion de modelos MMLs en aplicaciones

El Flujo operacional para una aplicacion no difiere en
Diferentes tipos de aplicaciones

The Layers of Generative Al "¢ ition EXAMPLES

Application

The UX Layer

LLM Prompt

The LLM request

Data
The App Data

Foundation Model

The LLM Instance

ChatGPT

ChatBot
the UJUX for user input,
which includes instruction
and data

The LLM Prompts
managod by the Chatbot
filtors user input

* Includos usor input, chat

history, and more

Application Data

« Chatbot dotorminos if dats

noods 1o be retrieved via
Pluging (new)

Foundation Model
OpenAl GPT 3.5/ 4.0

Github CoPilot

IDE Extension & Service
the inside IDE UIJUX for code
complation and genaration
The backend service for
processing IDE requests.

The LLM Prompts
*  manageod by Github CoPilot
* Includos devoloper input, and
other code collectod from
dev wotkspace

Application Data
« Doos not apply

Foundation Model
« OpenAl GPT35

13



A generativa

3 enfoques clave para adaptar los LLms a necesidades especificas

Prompt Engineering

Tailor the prompt to a task

PROMPT
instruction

+ Data
+ Examples

-
l

oogo

OUTPUT

Fine-tuning

PROMPT
Instruction

o= |

Adopt a pre-trained model for o tosk

Data &
Examples

Pre-train / Custom
Build a new the model for o task

PROMPT
Instruction
l Data &
Examples
¢ 3 : 2 P Tram .
)
OUTPUT

La complejidad técnica y los costos escalan hacia arriba segun el nivel de customizacidon que sea requerida



A generativa

3 enfoques clave para adaptar los LLms a necesidades especificas
adaptar el mensaje a una pregunta
Prompt Engineering

Tailor the prompt to a task

PROMPT
instruction

+ Data
+ Examples

La complejidad técnica y los costos escalan hacia arriba segun el nivel de customizacidon que sea requerida



A generativa

Prompt Engineering

Tailor the prompt to a task

Prompt engineering es la forma de optimizar los resultados Gen IA

+ Data

+ Examples

Promp engineering es una técnica utilizada en LLms para guiar o dirigir su produccion proporciondndoles un mensaje 1
especifico, un conjunto de instrucciones o datos, donde el objetivo es mejorar la precision y relevancia de la salida del

modelo.

Give it content to process

Often, the machine will need

information to perform a task.

Include this in the prompt.

 Document text

E.g.. Documentation, policies,
procedures, efc.

« Tabular data (e.g.. CSV)

= Lists of things to choose from
(e.g.. APIs or data sets)

Tell it what to do

This is where you tell it what you
want to accomplish.

«  Answer question

= Create aplan

«  Summarire some content
* Process some content

« And, most importantly, what sort of
output you want

29
$sn

OUTPUT

Provide examples, if needed

If itis unable to follow instructions,
you may need to provide examples.

Content understanding
- Aspects or dimensions of interest
«  What to extract
« Qutput formatting

16



A generativa

Hay 3 técnicas de aprendizaje en contexto.

Entender las técnicas de aprendizaje en contexto provee instrucciones adicionales para ayudar la interpretacion

Técnicas de aprendizaje en contexto: definiendo los datos limitados.

Zero shot learning

Zero-shot learning aims to
correctly interpret tasks without
any specific examples of those
tasks during training, purely
relying on the ability to understand
instructions and context.

PROMPT
Instruction

One-shot learning

One-shot learning focuses on the
ability of a model to accurately
make predictions after seeing just
a single training example.

PROMPT
Instruction

+ Example

Few shot learning

Few-shot learning allows a model
to generalize or make predictions
after seeing a few examples.

PROMPT
InsStruction

+ Example ¥
+ Example &2

Prompt Engineering

Toilor the prompt to a task

PROMPT
Instruction

+ Data
+ Examples

Ll
EFFORT l
o
Pas .

s
235

l

OUTPUT

17



|A generativa

Adaptando LLms con prompt engineering.

Un modelo aprende a través de ejemplos analizando los datos de entrada (inputs), identificando patrones y realizando
predicciones o decisiones, mientras que el razonamiento en cadena de pensamiento permite que el modelo se base en
conocimientos previos, conectando diferentes conceptos para generar conocimientos integrales.

aprendizaje en contexto cadena de pensamiento
. uln-Cuntext Lealrning ) -'i Chain-of-Thought Prompting _:|
- — -
Answer the following mathematical reasoning questions: Answer the following mathematical reasoning questions:
If you have 12 candics and you give 4 candics to your fricnd, Q: Ifarectangle has a length of 6 cm and a width of 3 cm,
how many candics do you have left? what is the perimeter of the rectangle?
Nx - NX- A Forarectangle, add up the length and width and double it. |
1 5t et it S0, the perimeter of this rectangle i (6 + 3) x2 = 18cm.

what is the perimeter of the rectangle?
A: Theansweris 1S cm

Q: Sam has 12 marbles. He gives 1/4 of them to his sister. Q:  Sam has 12 marbles. He gives 1/4 of them to his sister.
How many marbles docs Sam have left? How many marbles docs Sam have left?

The answer s IScm.

A: Hegives (1/4) x 12 = 3 marbles.
A: The answer is 9 D e LM —* So Sam is lcft with 12 -~ 3 ~ 9 marbles.

The answer s 9

: Task descniption : Demonstration : Cham-of-Thought Query

Prompt Engineering
Toilor the prompt to a task

PROMPT
Instruction

+ Data
+ Examples

-
l

18



A generativa

3 enfoques clave para adaptar los LLms a necesidades especificas
adaptar el modelo pre-entrenado para una tarea

Fine-tuning

Adopt a pre-trained model for o task

PROMPT
instruction

OUTPUT

La complejidad técnica y los costos escalan hacia arriba segun el nivel de customizacidon que sea requerida

19



|A generativa

Adaptar LLms a necesidades especificas con Fine-tune

Las habilidades de los modelos se pueden adaptar aun mds (o fine-tune) para adaptarse a

casos de uso unicos después del entrenamiento.

Code Generation
w/ Pre-trained Model Only

PROMPT
“Generate data persistence code
for [LANG-XYZ]"
l Knows how to
o °° ° generate code, Dt
¢ - narn’® kisenss 8
°og Q‘_’oo doesn't know the
- proprietary nguage
LAINED [LANG-XYZ)
OUTPUT

No Code / Hallucinated Code

Code Generation
w/ Fine-tuned Model

PROMPT
“Generate data persistence code

for [LANG-XYZ]"

Exampies of
LANGXYZ code

Srary-3ata

SEpastT Ak
SEPOIT LidTary-service
XPly) .prist ™"

. * (Lot
at lisgwt . Q

Fine-tuning
Adapt a pre-trained model for o task

PROMPT
Instruction

o
:vz:": 4 Dea&

° Examples
OuUTPUT

Anows how to
generate [LANG-XYZ)

cOde, Decause Xt was

hne-tuned uung
[LANG-XYZ] code

examples

20



|A generativa

Adaptar LLms a necesidades especificas con Fine-tune

Las habilidades de los modelos se pueden adaptar aun mds (o fine-tune) para adaptarse a
casos de uso unicos después del entrenamiento.

Fine-tune LLM with source code
To be able to contextually query source code. Query examples:
Bro‘d o What 1 e Durpose of the
owveral apchCation?
o Gararate 2 wegmence
Sagram of the checkaou
groCwma
o Carerate Devers
Qe | Tra
rOQarermerts 'or Daymert
procesung module.

Standard embedding mode’s

N =

Pro tainod commercial or open-source model that porforms well generating and interprating
(legacy language: potentially fine-tuned model for better language understanding

3 Pretrsined commercial or open-source model that that can be fine-tuned with legacy source
code (1o ncrease model s knowledge of private source code)

Fine-tuning
Adapt a pre-trained model for o task

PROMPT
Instruction

- ‘: -
:v‘{,,‘: 4 Dea&
° Examples

|

OUTPUT

21
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3 enfoques clave para adaptar los LLms a necesidades especificas

Pre-train / Custom
Build a new the model for o task

PROMPT
instruction
\ Data &
Examples
o ® < v

o
~ ey Tran
003 9909 EFFORT

La complejidad técnica y los costos escalan hacia arriba segun el nivel de customizacidon que sea requerida
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Componentes arquitectonicos clave de la aplicacion Gen Al.

Una aplicacidon gen IA es una implementacion de uno o mas patrones de uso gen ia. Prompt engineering se utiliza para
construir la indicacidn con las instrucciones, datos y ejemplos necesarios para que LLms complete el objetivo o la tarea.

ion
* The interface for end.users 10 sccess
features enabled by GenAl

Patterns
* The generative Al pattern applied

Query Prep

* The preparation of query 10 entérprise
dats store,

Data

» The querying the enterprise
spplication or dats store.

Prompt

* What is sent to the LLM

* An instantiation of a pattern

* includes criginal query, the history,
the retrieved data

Large Language Model (LLM)

* Generates (infers) an answer to
question from data embedded in the

LM
* The LLM could be universal mode!
fine-tuned, or custom

Orchestration

Application Generative Al Enterprise Data Retrieval/
External Processi
Ut [ Apsplication Prompit e
! “*Retrieval Augmented
Generation""

Application

s GenAl

Patterns

i
E -
| : -i
La
Data/ Processing
.g Application
t
. E Large Language
! = Model iLLPﬂ]-
,i =
o]
—+ Enterprise Data [ * Potentially Iterative Process 23
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4 arquetipos centrales para la Gen Al

01. User Data Only 02.User Data + 03. User Data + External 04.User Data + Enterprise Data Retrieval +
Enterprise Data Retrieval Processing External Processing

Application Application Application

? ? ¢ ? ¢ ? $
EE S T

Enterprise Data Extornal Enterprise Data External
Store ' Store g5 Processing

I
|

E.g.. Generate a code snippet E.g.. Customer 360 E.g.. LLM analyzes a podcast E.g., Real-time user data & historical enterprise
in a specific language for a knowledge graph enriches where sudio to text data are used to detect fraudulent transactions
specific task product recommendations conversion is performed with the help of traditional models
for customers externally
Legends - User data @ - Query lﬂ - Response £33l - Enterprise data | Externally processed data/insights

24
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Busqueda Semantica / Vector de busqueda

La recuperacion de datos empresariales incorpora la consulta para buscar semdanticamente en la base de datos vectorial
almacenes de articulos que contienen informacion relevante, que se agregara como contexto al mensaje.

Application Generative Al Enterprise Data Retrieval Ask Bot

&t ar

o o reprcessin

1y
INPUT st > ¥~
' Add o { zed

nclude

Model ’ Unstructured
- <>

o ‘ —
LM = o
, -
TS ) e
CHATBOT e e
O Treginrs

St A sa i N | mbedding -
B Model

nler

OUTPUT

o

Enterprise

Legends Orchestration GenAl —s Enterprise Data _& Potentially Iterative Process = Parallel
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Ejemplo: Asistente de codigo (generacion y completar codigo)

Application Generative Al Retrieval
i babnine
wecoosvee SN~ T e | Ot
; . r tory:
INPUT Code « Github
o L Repository | Bubucker
) GitHub
e Ll |
} H Inl;rsr.qtrd —:-::E
- bobnine Development
IDE EXTINSA0N O )
SEore
et
OUTPUT

Nosholl - N - |
BB - | e Sl R

Legends Orchestration GenAl —» Retrieval "": Potentially Iterative Process == Parallel

5
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Ejemplo: Asesor de Cadigo (conoce tu codigo)

Application Generative Al Data Retrieval Data Pre-processing
1he Generation part of RAG Ihe Retrievol part of RAG

Embed Code
wemep . 4 =8 .,

et~ T % Embec cooe
— l ] [ et the Model e

Memory - 0 et - | Quevy VOoCtor Dased sl ity wearch -

& ' .
inchude e - ‘ Embed Documentation
-

o Embed 00Cs
Mode e

Summarize Code & Embed Summaries

B Embed ’ LM ?__
’.'OCC' . :-:‘..

INPUT
Y
QUTPUT

Legends Orchestration -~ GenAl —s Retrieval "% Potentially lterative Process = Parallel
27



A generativa

Preparacion de datos para Asesor de Codigo

Create knowledge graph of source code Q Query

Embed source code To be able 1o contextually query source code.

To be able 10 semantically search source code. Query examples: Extract Classes. Functions

NONOW « Food me 0O0e Tt W " 4 4
£ mbed Code Code Embeddings g-.’:,.g,.‘, ey Mothods Flows
Code s s Todme oot
rox wemler 10 Thaa [ code)
Embecd ng
1
Query examples: Fine-tune LLM with source code
Summarize code and embed summaries s Medmosehbuonst | yo v oyl en contextuslly Query source oode.
To be able semantically search source code summaries. snshustion sraflesnress
Narrow :

Code Surmmmary

Sumenar e Code Embed Surnmary £ mboddings

2 1

Embed application documentation
To be able 1o semantically search application documentation.

Mid? Query examples

Doc Embeddings

Embed Docs

o Find e tantls) that 1 Standard ¢ nbeddng models
Doxs o Sancrdwn Yowm ot e
[ mbeddng @l e e e oo 2 Pro trained commerc

3 Pre traned commercial O ODen st

Code Knowledoe Grapt

cOode (10 ncrease model s knowledoe of private sOurce ¢

o MOw S0mn 2 Tarastton

8!0.:’ Row v sagh the vyyters®

o ANt wedl the v ane

Comv guwwmety wwsbondd w0
Saa "ow’

* What comporerts woud

b moectead Dy a change
0 [eran !

Query

« What 2 e Derpose of the
owver ¥ apoiCation’

o Lt aia 8 WG
Sa wm of e checuaast
[

Broad

o D afe v e
" Qrew | e
regurermert ‘o Dyymenrt
Proceeang modJe

2l O Opon SOuWICe Model that porforma woll generating and iterpreting
(legacy language: potentially fine tuned model for better language understanding

» mode! that that can be Line- tuned with lgacy source

oo

28



|A generativa

Consideraciones para adoptar un LLM en la industria

Seleccion Modelo LLM

Accesibilidad y Desarrollo

Enfoque de Adaptacion

Preparacién empresarial

LLm Ops

El Modelo LLm Aplicable
1. PurolLm

2. Valor agregado al LLm
3. Open Source LLm

Opciones de desarrollo que hagan accesible al LLm para uso de negocios

Adaptacion de modelos para trabajar con datos de organizaciones para lograr objetivos de
precision y rendimiento.

Garantizar que los modelos cumplan con las exigencias de seguridad, confiabilidad,
interoperabilidad y responsabilidad de la empresa.

modelo operativo, procesos, marcos para producir y monitorear LLms para la empresa

29



A generativa

Ejemplo de creacion LLms comprimido OpenSource con RAG

Utilizacion de Modelo Open Source,
del tipo meta Llama pre-entrenado
como LLM y backend de integracion
para un asistente de investigacion
local basado en RAG.

Utilizando fuente de informacidn
web (wikipedia) y datos locales
como Pds, Txt, etc

from llama cpp import Llama

modelo = Llama.load("https://

documents = ["Documentol.txt™, "Do

web pages = ["https://en.wikipedia.or
"http ' :
"https://en.wikipedia.org

g/W

processed docs = modelo.process docs(documents)
processed web pages = modelo.process web pages(web pages)

query = "texto de busqueda”

results = modelo.search(processed docs, processed web pages,

for result in results:
print(result)

query)

30



|A generativa en la industria

Y UAI
b

Universidad Abierta
Interamericana

iiMuchas Gracias!!

¢Preguntas?

Ing. Maximiliano Bonaccorsi
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