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Contexto Historico




El Dialogo y la Inteligencia Artificial

1950 - Turing Test: ;Se puede crear

una maquina que sea indistinguible qu
ELIZA—A Computer Program
d e una pe F'sona €n una — — For the Study of Natural Language
= = Communication Between Man
conversacion? N / And Machine
C osinsun Rarsasis Dby Basligie Hiow

1964 - Eliza por Joseph Weizenbaum:
agente de conversacion que simula
un psicoterapeuta en base a reglas.




Shannon y Chomsky

1950 - Claude Shannon realiza los
primeros estudios de modelar el
lenguaje escrito de manera estadistica y
predictiva.

1957 - Noam Chomsky cuestiona la
capacidad de modelos estadisticos para
identificar la gramatica del lenguaje.

‘The notion “grammatical in English” cannot be
identified in any way with the notion “high
order of statistical approximation to English” ‘.

Prediction and Entropy of Printed English
By C. E. SHANNON

(Manuscript Received Sept. 15, 1950)




Primeros Modelos de
Lenguaje




Modelo de Lenguaje

Modelo que asigna una probabilidad a cualquier oracion:

e P(El perro ladra) = 0.01
e P(Me gusta el futbol) = 0.001
e P(gato verde duerme fuerte) = 0.000001

Idea: el modelo le asigna probabilidad mayor a oraciones
fluidas (qQue hacen sentido, que son gramaticalmente correctas)

|ldea: estimar esta funcion de probabilidad a partir
de texto (corpus)




Modelo de Lenguaje

El modelo de lenguaje ayuda a modelos que genera textos a distinguir entre
oraciones buenas y malas:

Traduccién automatica
Reconocimiento del habla

Generacion automatica de resumenes
Chatbots

P(recognize speech) vs P(wreck a nice beach)




Modelo de Lenguaje de n-gramas

- Puedo modelar una oracion como una secuencia de palabras

p(S) — p(wlaw?.a ¥4 3 awn)

- Puedo factorizar la probabilidad de una secuencia de palabra como un
producto de probabilidades condicionales

P(wl,wm e 7wn) — P(’wl) *p(w2|w1) *P(’walwl,wz) B *P(’wnlwl, REE 7wn—1)



Modelo de Lenguaje de n-gramas

e Para facilitar la estimacion, limito la memoria del contexto
p(w3|wy, we) = p(ws|ws)

e Luego la probabilidad de la oracion queda como:

p(wi,wz, ..., wy) = p(wl) * p(wz|wy) * p(ws|wz) - - - * p(wy|wn—1)



Modelo de Lenguaje de n-gramas

e La probabilidad de generar una palabra dado la anterior se estima asi:

count (w; 1, w;)

plwilw;—1) = count (w;_1)
e Ejemplo:

count (nueva,york)

ork|nueva) =
plyorkjnucya) count(nueva)
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Modelos de Lenguaje son Generativos

- Un LM puede generar oraciones haciendo un muestreo
secuencial sobre las probabilidades.

- Esto es analogo a sacar bolitas (palabras) de una urna
donde éstas tienen un tamafo proporcional a sus
frecuencias relativas.

- También podria sacar siempre la palabra mas probable.
Lo que equivale a predecir la palabra siguiente.

Limitaciones los LM de n-gramas: no capturan dependencias
largas ni aprovechan contextos similares (sindnimos).
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Modelos de Lenguaje
Neuronales




Redes Neuronales (Rosenblatt 1957, Ivakhnenko and Lapa 1965)
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Deep Learning (anos 2006

Convolution Neural Network (CNN)
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Modelo de Lenguaje Neuronal (aﬁo 2000) A Neural Probabilistic Language Model

Yoshua Bengio; Réjean Ducharme and Pascal Vincent
Département d’Informatique et Recherche Opérationnelle

i-th output = P (W’ = | context) Centre de Recherche Mathématiques

Université de Montréal
Montréal, Québec, Canada, H3C 3J7
softmax {bengioy,ducharme,vincentp}@iro.umontreal.ca
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shared parameters
across words

e Palabras parecidas reciben vectores
latentes o “embeddings” similares.
e Aun es caro modelar contextos largos.

index for w;_,+1 index for wy_» index for w;_;
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Word2Vec (ano 2013)

e Tuvieron que pasar 13 aios que que los LMs neuronales se usaran de forma
masiva con el lanzamiento de Word2Vec (cientos de parametros).
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Language Models con Redes Recurrentes 2010

Recurrent neural network based language model

Tomds Mikolov'2, Martin Karafiar, Lukds Burget', Jan “Honza” Cernocky', Sanjeev Khudanpur?

'Speech@FIT, Brno University of Technology, Czech Republic
2 Department of Electrical and Computer Engineering, Johns Hopkins University, USA

{imikolov, karafiat,burget, cernocky}@fit.vutbr.cz, khudanpur@jhu.edu

black fox

%@ predict
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Usar redes recurrentes
permite al LM incorporar
contextos mas largos.

Problema: caro de
paralelizar.
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Language Models con Redes Recurrentes producen
texto de mejor calidad (2016)

Marks live up in the club comes the handed up moved to a brief d
The man allowed that about health captain played that alleged to
If you have for the past said the police say they goting ight n
However , he ’'s have constance has been apparents are about home
The deal share is dipled that a comments in Nox said in one of t
Like a sport released not doing the opposition overal price tabl

Fuente:
https://arxiv.org/pdf/1706.01399.pdf
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Modelos de Lenguaje como
modelos universales




ELMo (2018): Embeddings from Language Models

Deep contextualized word representations

Matthew E. Peters’, Mark Neumann', Mobhit Iyyer', Matt Gardner',

_ La nguage Models basados en {matthewp, markn, mohiti,mattg}@allenai.org
d 1 O O Christopher Clark®, Kenton Lee*, Luke Zettlemoyer'*
re es recu rrentes Con {csquared, kentonl, 1sz}@cs.washington.edu
TAllen Institute for Artificial Intelligence
H *Paul G. Allen School of Computer Science & Engineering, University of Washington
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- Estos manejan mejor la
polisemia y se pueden usar
para modelos en otras tareas.

Words to embed T T T I T T T

Let's stick to improvisation in this skit 20



Transformer (2017)

Layer:| 5 3| Attention: | Input - Input 4|

2017 - Vaswani et. al. proponen el The_ The_
Transformer, un tipo de red neuronal animal_ animal_
basada en mecanismos de (auto)atencion. didn_ didn_
1 '
A diferencia de las RNNs que procesan L L
. . Cross Cross
inputs de forma secuencial, los = -
Trans lelizabl s -
ranstormers son paralelizables.
P street_ street_
because_ : because_
. it_ N i
Attention Is All You Need
was_ was_
too_ too_
) ) B ) tire tire
Ashish Vaswani*® Noam Shazeer” Niki Parmar* Jakob Uszkoreit*
Goqgle Brain Google Brain qugle Research Google Research d d
avaswani@google.com noam@google.com nikip@google.com usz@google.com Nt e
Llion Jones* Aidan N. Gomez* | FLukasz Kaiser”
Google Research University of Toronto Google Brain
1lion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com
Illia Polosukhin® *
illia.polosukhin@gmail.com 21



BERT (2019)

2019- BERT (replica idea de ELMO pero usando
un Transformer en vez de una RNN) con 335
millones de parametros

La auto-atencion de BERT se puede usar para
reemplazar la recursion de la RNN.

Se obtienen embeddings contextualizados de
forma mucho mas escalable (paralelismo) en
cantidad de parametros y datos.
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Fine-Tuning

Un Language Model pre-entrenado puede fine-tunearse para resolver cualquier
tarea de NLP con ganancias importantes.

@: Mai LM Mas'k LM \ /@ /@@D StarVEnd Spax

e a0 —
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.| PR >
BERT Ml v a ) A4 » BERT
[Sen [l & ] IENII_EE,J g |. [&] = . [EIfE=]E . [
S - — — - -
(e (o] . wen ) (1] ... (o) [ea)(mr) .. (o] (oo (] (o]
Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair / \k\ Question Answer Pair /
Pre-training Fine-Tuning
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Texto Generado por LM basado en Transformers son

muy superiores a lo anterior

SYSTEM
PROMPT
(HUMAN-
WRITTEN)

MODEL
COMPLETION
(MACHINE-
WRITTEN,

10 TRIES)

In a shocking finding, scientist discovered a herd of unicorns living

in a remote, previously unexplored valley, in the Andes Mountains.

Even more surprising to the researchers was the fact that the
unicorns spoke perfect English.

The scientist named the population, after their distinctive horn,
Ovid’s Unicorn. These four-horned, silver-white unicorns were
previously unknown to science.

Now, after almost two centuries, the mystery of what sparked
this odd phenomenon is finally solved.

Dr. Jorge Pérez, an evolutionary biologist from the University of
La Paz, and several companions, were exploring the Andes
Mountains when they found a small valley, with no other animals
or humans. Pérez noticed that the valley had what appeared to
be a natural fountain, surrounded by two peaks of rock and silver
snow.

Pérez and the others then ventured further into the valley. ...

Ejemplo generado por GPT-2
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Cambio de Fase: GPT-3 (2020)

- GPT-3: otro LM basado en el Transformer con casi
200 mil millones de parametros y entrenado sobre un
corpus gigante (casi 500 mil millones de palabras).

- In-context learning: pueden resolver otras tareas de
NLP usando zero-shot y few-shot learning.

- Toda la magia esta en el prompt.

- No es necesario hacer fine-tuning para resolver otros
problemas.

25



The three settings we explore for in-context learning

Zero-shot

1 Translate English to French:

< task description

2 cheese => < prompt
One-shot

1 Translate English to French: < task description
2 sea otter => loutre de mer < example

3 cheese => < prompt

Few-shot

Translate English to French:
sea otter => loutre de mer

peppermint => menthe poivrée

plush girafe => girafe peluche

cheese =>

<« task description
s examples

—

&

< prompt

Traditional fine-tuning (not used for GPT-3)

Fine-tuning

sea otter => loutre de mer

gradient update

< example #1

(_|<_

1

peppermint => menthe poivrée

gradient update

é|<_

1

2

plush giraffe => girafe peluche

gradient update

cheese =>

example #2

example #N

prompt

Esto es un cambio de

paradigma muy profundo.
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Prompt Engineering

Rule #1 - Instructions at beginning and ### or """ to
separate instructions or context

x Rewrite the text below in more engaging language.

{your input here}

Rewrite the text below in more engaging language.

TEXER S
{your input here}
W

Rule #2 — Be specific and detailed about the desired
context, outcome, length, format, and style.
x Write a short story for kids

Write a funny soccer story for kids that teaches the

kid that persistence is key for success in the style of

Rowling.
Rule #3 - Give examples of desired output format

x Extract house pricing data from the following text.

4L - 4 e
{your text containing pricing data}

Extract house pricing data from the following text.

Desired format: """

House 1 | $1,000,000 | 100 sqm
House 2 | $500,000 | 9@ sqm
«.. (and so on)

yaxts 77
{your text containing pricing data}

Rule #4 — First try without examples, then try giving
some examples.

Extract brand names from the text below.
Text: {your text here)

Brand names:

Extract brand names from the texts below.

Text 1: Finxter and YouTube are tech companies. Google
is too.

Brand names 2: Finxter, YouTube, Google

Hun

Text 2: If you like tech, you’ll love Finxter!
Brand names 2: Finxter
Hun

Text 3: {your text here)
Brand names 3:

Rule #5 - Fine-tune if Rule #4 doesn’t work

Fine-tuning improves model performance by training on more examples,

resulting in higher quality results, token savings, and lower latency requests,

ChatGPT can intuitively generate plausible ¢ letions from few pl
known as few-shot learning.

Fine-tuning achieves better results on various tasks without requiring
examples in the prompt, saving costs and enabling lower-latency requests.
Example Training Data

{“prompt"”:"<input>", “completion”:"<ideal output>"}
{"prompt”:“<input>", "completion":"<ideal output>")
{"prompt”:"<input>", “completion”:"<ideal output>"}

Rule #6 — Be specific. Omit needless words.
x ChatGPT, write a sales page for my company selling sand

in the desert, please write only a few sentences,
nothing long and complex

Write a S-sentence sales page, sell sand in the desert.

Rule #7 - Use leading words to nudge the model toward
a pattern
x Write a Python function that plots my net worth over 10

years for different inputs on the initial investment
and a given ROI

# Python function that plots net worth over 1@
# years for different inputs on the initial
# investment and a given ROI
import matplotlib

def plot_net_worth(initial, roi):

Chatgpt Prompting
Cheatsheet - OpenAl
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Modelos de Lenguaje para
Dialogo




LaMDA: Language Models for Dialog Applications
(2022)

LaMDA es un modelo de lenguaje #parametros #palabras con
basado en Transformer optimizado para que se entreno
el dialogo de dominio abierto. 137 mil 1.56 billones

millones

Es pre-entrenado inicialmente de la
misma forma que los modelos de
lenguaje tradicionales (predecir
palabras) con un fuerte foco en datos
de dialogo. “Hil How’s it going?” Safety: 90%

Sensible: 80%
; “ I 7" —p
“Greetings!”

Luego es ajustado (fine-tuned) para Interesting: 50%

generar respuestas respecto a varios

otros criterios. -




Crowd-sourcing: La Clave del Exito

Para poder ajustar LaMBDA a todos
esos criterios se trabajo con un alto
numero de crowd-workers.

Estas son personas que etiquetaron
manualmente conversaciones del
modelo pre-entrenado.
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ChatGPT (2022)

- Modelo similar a Lambda lanzado por -
OpenAl a fines del 2022.

x: A dog is...

» . ~\ (" Tuned Langua‘ge )
- También usa Crowdsourcing para mejorar inital Language Model | | Model (RL Policy)
Frozen* @\ \ Reinforcement Learning
Sus respuestas pero su proceso de olL e Sl o) 20
. . L) L] va$ /7 %
fine-tuning usa Reinforcement Learning M4 PO
: " N
(paradlgma dIStInto) ®00® RLHF ~®®®® Reward (Preference)
Base Text 00 ®® Tuned Text ®®®®
y: a furry mammal y: man’s best friend )
- En particular usa Reinforcement Learning = < o
from Human Feedback (RLHF). \<
4 >
—AKLDKL (7ppo (y|Z) || Thase(¥lz)) N
- Idea: Construir un modelo de preferencias KL prediction shift penalty (v]2)
Troly|T

(que le asigna puntaje a una oracion

generada) y ajustar el LM para Fuente: htips://huggingface.co/blog/rlhf
considerarlas. 3t



https://huggingface.co/blog/rlhf

Example of GPT-4 visual input:

User What is funny about this image? Describe it panel by panel.

GPT-4 (2023)

- Ultimo LM de OpenAl

- Capaz de incluir imagenes en el
prompt.

- Sigue siendo un Transformer LM.

- Capaz de aprobar examenes en
diversas disciplinas pudiendo GPT4 o imageshows  package fo Lightning Cabl” adater with thre ancls

Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin con-

H 4 ically used for computer monitors) plugged into its charging port.
rocesar las imagenes de las =
p Panel 2: The package for the "Lightning Cable" adapter with a picture of
preguntas.

a VGA connector on it.

Panel 3: A close-up of the VGA connector with a small Lightning con-
nector (used for charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large,
outdated VGA connector into a small, modern smartphone charging port.

Table 3. Example prompt demonstrating GPT-4's visual input capability. The prompt consists of a
question about an image with multiple panels which GPT-4 is able to answer.

Fuente: https://arxiv.ora/pdf/2303.08774.pdf
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Fuente: A Survey of Large Language Models (htips://arxiv.org/abs/2303.18223) 33
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Conclusiones




El crecimiento en volumen y capacidades de los modelos de lenguaje ha
tenido una aceleracion impresionante.

Es muy dificil predecir qué estaran haciendo en el futuro.

;Qué podemos predecir con certeza?
o Abundaran modelos generativos para multiples formatos (texto, cédigo, imagen, video,
realidades virtuales).
o Abundaran agentes/programas que actien y tomen decisiones mediante la interaccion
con estos modelos (citas médicas, inversiones, viajes).
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