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Introduccion

« Contexto:

e ChatGPT fue lanzado a finales de noviembre 2022. @

e Repercusion mediatica sin precedentes:
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Introduccion

« Contexto:

 Evolucion de los Modelos de Lenguaje:
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Large Language Models
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Figure 1: The Transformer - model architecture.
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Figure 1: The Transformer - model architecture. Language Understanding (2018) by Devlin, Chang, Lee, and

Toutanova https://arxiv.org/abs/1810.04805

RoBERTa: A Robustly Optimized BERT Pretraining Approach
by Liu, Ott, et al. (2019) https://arxiv.org/pdf/1907.11692
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Figure 1: The Transformer - model architecture.
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« GPT

Decoder Only:

Decoder-style GPT model (originally for predictive modeling)

Classification | Start | Text I Extract |]—-[ Transformer H Linear I
Entaiment | stat | Premise | Deim | Hypothesis | Extract |}-| Transformer [+ Linear |
[ san | Text1 | oeim [ Text2 [ Exvact |}-| Transformer
Similarity Linear
I Start I Text 2 l Delim I Text 1 IExtract |:|—-| Transformer
| Start | Context I Delim | Answer 1 I Extract ﬂ-—l Transformer H Linear
Multiple Choice | Start | Context | Delim | Answer 2 I Extract |]-‘ Transformer H Linear
l-rm&posnim Embedl I Start | Context | Delim I Answer N I Extract |}-| Transformer H Linear
. BERT is bidirectional with masked language model pretraining objective,

GPT is unidirectional, autoregressive model

Radford, Alec; Narasimhan, Karthik; Salimans, Tim; Sutskever, llya (2018). "Improving Language
Understanding by Generative Pre-Training” https://cdn.openai.com/research-covers/language-
unsupervised/language understanding paper.pdf
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Figure 1: The Transformer - model architecture.

¥~ Decoder

Encoder-Decoder:
« BART

BART combines encoder and decoder parts

ABCDE

label

44444

Pre-trained
Pre-trained E> Pre-trained —Decoder
< Encoder __Decoder B «>ABCD

y
Initialized Encoder,

afByde

FEeTs FFFEffd
ABCDE <s>ABCDE

(a) To use BART for classification problems, the same (b) For machine translation, we learn a small additional
input is fed into the encoder and decoder, and the repre- encoder that replaces the word embeddings in BART. The
sentation from the final output is used. new encoder can use a disjoint vocabulary.

BART: Denoising Sequence-to-Sequence Pre-training for Natural Language Generation,
Translation, and Comprehension (2019) by Lewis, Liu, Goyal, Ghazvininejad, Mohamed, Levy,
Stoyanov, and Zettlemoyer, https://arxiv.org/abs/1910.13461
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OpenAl Introduces InstructGPT
January: InstructGPT OpenAl introduces

| I 4
° Ev (o) lu cion I embora l- il M)
one better at following instructions and
Google PaLM
[ | less likely to hallucinate wrong answers. A csogl i

. Pathways Language
Hugging Face BLOOM Model (PaLM).
July: Machine leaning developer Hugging Face
launches BigScience Large Open-science 3
Open-access Multilingual (BLOOM) Language e
epMind
Model trained on open-source databases. ] e b
1 e — ® sparrow dialogue agent
EV 1. introduced
Google Worderaft
E November: Google Wordcraft text
G Claud . generating tool launches. OpenAl Chat GPT

Tree

November 30: OpenAl debuts
generative Al chatbot ChatGPT to
explosive interest.

23

Microsoft Invests in OpenAl

o

Anthropic January: Microsoft
n invests a rumored $10
L M_v4-s3 billion more into OpenAl s
ChatGl @ @ February: Baidu previews
Ernie Bot.

Google BARD

~ o

February: Google
2 o announces BARD.o &
ChatGPT rival.
Bing + OpenAl
Febiuary: Microsoft debuts the New Bing
b powered by OpenAi and its own
MetaInWorhioss LLAMA, Prometheus Model.

February: Meta LLaMA (Large Language Model Meta
Al) a competitive multiple sized model LLaMA 658
and LLaMA 338 on 1.4 trillion tokens. Our smallest

model, LLaMA 78, s trained on one trillion tokens.

Al21 Labs Jurassic-2

March: Al21 Labs releases
Jurassic-2, with three different
sizes. Also introduces five new

OpenAl APIs
generative Al APIs.

L March: OpenAl introduces API's.
q O Developers can now integrate ——o———————¢
|Ch1nchllla|° ChatGPT and Whisper models
directly into their apps

GPT-NeoX[®]

l

Microsoft Introduces GPT-4
March: Satya Nadella and
Microsoft debut OpenAl's GPT-4
likely a multimodal trillion
parameter version of GPT-3

InstructG

Baidu Releases ERNIE Bot
C] March: Baidu to release ERNIE chatbot based on

third-generation of the large language model and g———g
designed to be better understand Chinese culture

zozz than existing generative Al chatbots.
@ CodeX® (LGN _(Gopher) O [ERNIES. 0)| v B o g i

NLG L service with five foundation models

i

]

Amazon Lanuches Bedrock
April: Amazon Bedrock launched @4

with four foundation models

Falcon-40B Leads LLMs
May: Falcon-40B LLM trained on
1 trillion tokens vaults to top of
Open LLM Leaderboard

Jurassic-1/A2!
(A EN) O Google Launches Al Garden

May: Google Al Model Garden
Launches with PaLM, Imagen,
Codey, and Chirp Anthropic Expands Context Window
GPT-Neo O May: Anthropic launches 100k data token
context window.This is more than three
times the largest context window of GPT-4

!

3

Inflection Al Raises $1.3B
June: Inflection Al launches API
and raises $1.3 billion CoreWeave Sets MLPerf Benchmark
June: CoreWeave trained GPT-3
LLM in under 11 minutes in
MLPerf benchmark using 3,500
NVIDIA H100 Tensor Core GPUs

Anthropic releases Claude 2

July: Anthropic releases Claude 2 with
longer

responses, and can be accessed via AP
and a new public-facing beta website

!

Meta releases Llama 2

July 18th: Meta releases Llama 2
with open-source commercial
license and 40% better

Llama 2 performance than predecessor

Meta’s SeamlessM4T and Code Llama

August: Meta's SeamlessMAT offers open-source

speech recognition and translation for 96 languages, @——_
while Code Llama, introduces a new series of

Llama2 models fine-tuned for code generation.

®
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GPT-1 2
Decoder-Only @ 5

. \
N\\?J' : 3 Harnessing the Power of LLMs in Practice: A Survey on
R 4y ChatGPT and Beyond

Los - GloVe Jingfeng Yang, Hongye Jin, Ruixiang Tang, Xiaotian
R a4 : Eostiext wrn e z 2 Han, Qizhang Feng, Haoming Jiang, Bing Yin, Xia Hu
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Large Language Models

 Modelos generativos, GPT:

e Primera version GPT 2018

 |Intento de resolver varias tareas de NLU, mediante modelo
preentrenado + finetuning

e 117 Millones de parametros

* Pre “leyes de escala de los LLM” GPT Series Models
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 Modelos generativos, GPT:

 Segunda version 2019: GPT-2
1500 Millones de parametros
 Multitarea mediante entrenamiento no supervisado sin finetuning
* Salida condicionada a la tarea:
 Salida dada la entrada, pero condicionada a la tarea
e Latarea viene descrita en lenguaje natural con formato textual
 Prestaciones todavia no superiores
a modelos especificamente GPT Series Models
disenados para las tareas
concretas: Q&A, comprension,
resumen, ...
* Primeras muestras de capacidades
zero-shot o few-shot
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 Modelos generativos, GPT:
 Segunda version 2019: GPT-2

Re e ‘m”‘;”) 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.

“wcmcm*?ﬂﬁ;rﬁgxﬁi 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. "By
the time we reached the top of one peak, the water looked blue,
with some crystals on top,” said Pérez.
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Pérez and his friends were astonished to see the unicorn herd.
These creatures could be seen from the air without having to move
too much to see them — they were so close they could touch their

horns.
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Large Language Models

 Modelos generativos, GPT:

e Terceraversion 2020: GPT- 3
175000 Millones de parametros
 (Capacidad para desempenar tareas (a partir de unos pocos ejemplos)
para la que no fue entrenado:
“task-agnostic” few-shot Learning
 Competitivo frente a modelos especificamente entrenados para las
tareas
* Generacion de textos indistinguibles GPT Series Models
de los textos humanos
 (Capacidad “in-context Learning”
gue permite tareas “zero-shot” o

“few-shot”:
El modelo infiere del contexto lo que
debe hacer y responde en consecuencia
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 Modelos generativos, GPT:
 Tercera version 2020: GPT- 3

Context — Final Exam with Answer Key
Instructions: Please carefully read the following passages. For each
passage, you must identify which noun the pronoun marked in *bold* refers
to.

Passage: Mr. Moncrieff visited Chester’s luxurious New York apartment,
thinking that it belonged to his son Edward. The result was that Mr.
Moncrieff has decided to cancel Edward’s allowance on the ground that

he no longer requires *his* financial support.

Question: In the passage above, what does the pronoun "*his*" refer to?
Answer:

Target Completion — mr. moncrieff

”zero-shot”
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 Modelos generativos, GPT:
 Tercera version 2020: GPT- 3

Describe a layout.

Just describe any layout you want, and it'll try to render below!

a button for every color of the rainbow

<div style={{backgroundColor: 'red', padding: 20})>Red</div><div style= desc : a red button that says stop
{{backgroundColor: ‘'orange', padding: 20)}>Orange</div><div style= ; i S 5 e ; ot e -
I Inarkaranndtal ar . 'u..nm.," naddinas 20\\3Val lawc /AiuscAiv etvias code. ‘:()’LL‘={{L oLor: white N 5,:1‘,}'»:]‘ oundColor:
‘red'}}=Stop
Orange : 'blue', padding: 20}}
. ) r: 'S5px solid red',
b e ] ¢ 20, - , height: 100}
Yellow /ellow', borde |

r: 'Spx solid red', borderRadius: '50%', p
width: 100, height: 100}} style={{backc
'yvellow', border: '5px solid red', borderRadius:
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padding: 20, width: 100, height: 100}}
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“few-shot”: Generacion de layouts con JSX
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Large Language Models

Modelos generativos, GPT:

Refinamientos sobre GPT 3 sobre datos especificos en dos lineas:

e Modelo para generacion de cédigo: Codex (2021)
*  Fine-tuned con repositorios de cédigo (Repositorios publicos de GitHub).
e Bueno programando y Bueno también resolviendo problemas matematicos:
e GPT-3.5 (code-davinci-002):
 Bueno en tareas que requieren de capacidades “chain-of-thought”.
 Se fuerza que el modelo, al generar su respuesta, explique el
“razonamiento” que lleva a la generacion de dicha respuesta.

* Modelo ajustado a los estilos y preferencias humanas (human
ahgnment) InstructGPT (2022)

Reinforcement Learning: Aprender a partir de respuestas o “preferencias” de
humanos. (RLHF)
 Desarrollo de modelos que “predicen” las preferencias humanas: reward model
* Proteccion frente a la generacion de contenido “téxico”
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 Modelos generativos, GPT:

* Noviembre de 2022, siguiendo la linea de InstructGPT: ChatGPT
e Sistema conversacional entrenado de modo similar a InstructGPT

especializado en la tarea de dialogo

 Conversaciones generadas por humanos en las que ambos actuaban como usuario
y agente entre los datos de fine-tuning.

Mayor capacidad de comunicacion con humanos

*  Amplio conocimiento intrinseco

 Cierta capacidad de razonamiento para problemas matematicos.

@ OpenAI
GPT-1 Y. GPT-2 Y GPT-3 +code Codex BN GPT-3.5 W GPT-4
2018.06 2019.02 2020.05 2021.07 2022.03 2023.03
decoder-only architecture  unsupervised multitask learner in-context learning code pre-training E strong reasoning ability
generative pre-training scaling the model size exploring scaling limits : multi-modal ability

¥ code-davinci-002 Rutleluy text-davinci-002 Yt text-davinci-003 il gpt-3.5-turbo @
2022.03 2022.09 2023.03

capable code model instruction following human alignment excellent comprehensive ability :
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Modelos Abiertos (mas recientes):

&y

00 Meta

Mistral (Mistral Al_), (Septiembre, 2023): Llama 3
« 7By7.3B.

* Contexto 8K

LLAMA 3 (META), (Abril 2024):

* Modelo preentrenado y instruction-fine-tuned

e 8By 70B, Anuncian que habra un modelo 400B

e Contexto 8k -> hasta 1m con llama3 Gradient (Rotary Position Embedding, RoPE)

Phi 3 (Microsoft), (Mayo 2024)

| | NV
+ Modelo multimodal (lenguaje + vision): Phi-3-vision 4.2 = ot

*  Phi-3-mini (3.8B), Phi-3-small (7B) y Phi-3-médium (14B). &
* Contexto 4Ky 128K S
Gemma 2 (Google), (27 Junio 2024)
« 9By27B
* Contexto 8.2K
Google H MISTRAL
Gemma 2 AI
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Modelos Abiertos:

Llama 3

General MMLU 5-shot, top-1

Reasoning BBH 3-shot, CoT
HellaSwag 10-shot

Math GSM8K 5-shot, maj@1 62.9 (8-shot)
MATH 4-shot 23.9

Code HumanEval pass@1 | 63.2 (0O-shot)

|A y Grandes Modelos de Lenguaje

R

w\‘%’l
T Universidad MMLU (Massive Multitask Language Understanding)
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