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LatamGPT

Latam-GPT

ol Latam-GPT
La Revoluciéon Mexicana (1910-1920) fue un proceso de profundo cambio en la

estructura social y politica de México, que buscé reemplazar al régimen porfirista,

caracterizado por la concentracion de poder y riqueza en pocas manos, y la explotacion

de la poblacién indigena y campesina.

Digital & Al Summit Lima 2026

Contexto histérico: El Porfiriato, que 76 a C miento
economico, pero a costa de un régimen autc

Causas: La desigualdad s |, la falta de justicia y el descontento con el gobierno de
Porfirio Diaz fueron el caldo de cultivo para el estallido revolucionario

Liderazgo: Francisco |. Madero, Emiliano Zapata, Pancho Villa y Venustiano Carranza
fueron figuras clave en la lucha.

Reformas: La Revolucion Mexicana llevd a la promulgacion de la Constitucion de 1917,
que establecié derechos laborales, |la reforma agraria y la separacion de la Iglesia y el
Estado

Consecuencias: Aunque el conflicto armado termind, el legado de la Revolucién se
refleja en la politica y la identidad nacional mexicana, con un énfasis en la justicia social
y la democracia.

Puntos clave

Cambio de régimen: Fin del Porfiriato y corr de gobiernos mas dem

Reformas sociales: La Constitucion de 1917 y leyes laborales

Liderazgo revolucionario: Madero, Villa, Zapata, y Carranza

Constitucién de 1917: Un hito en el constitucionalismo social

Legado: La Revolucion Mexicana es un simbolo de lucha por la justicia y la democrac
en México

(s

ChatGPT

ChatGPT 5.4 Thinking

¢Cual fue la importancia de la Revolucion Mexicana en la
transformacion politica y social de México?

La Revoluciéon Mexicana fue fundamental porque cambid tanto la politica como la

estructura social de México.

En lo politico, puso fin al Porfiriato, un régimen largo y autoritario, y abrié el camino para

construir un nuevo Estado. Su resultado mas importante fue la Constitucién de 1917, que

establecié nuevas bases legales para el pais e incorpord derechos sociales que antes no

existian de forma clara.

En lo social, buscd responder a las grandes desigualdades que vivian campesinos,
obreros y sectores populares. Impulsé el reparto de tierras, fortalecio los derechos

laborales y promovié una mayor intervencion del Estado en educacion vy justicia social.

En conjunto, la Revolucién Mexicana fue importante porque no solo derrocé una
dictadura, sino que transformé a México en un pais con nuevas instituciones, mas

derechos para la poblacion y una idea distinta de nacién y ciudadania.
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LatamGPT L2

* First foundational model trained in Latin
America

Digital & Al Summit Lima 2026

® Dataset based on regional sources
Universities, national libraries,
congresses, many of which have not been
crawled yet

* Stages:
Pre-Training (PT)
Supervised Fine Tuning (SFT)
Alignment (DPO)

Large language models are biased —
localinitiatives are fighting for
change

Despiteadvances, Almodels continue to be geared towards the needs of English-
speaking peoplein high-income countries.
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LatamGPT Strategic Collaborating Entities 5 O + Partner Institutions in Latin America
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Source: "latamgpt.org" (2026)
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LatamGPT
pre-training
dataset V1
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LatamGPT Dataset V1

communication_and_media = 2:80
economy_and_finance 220
education

humanities_and_social_sciences |

hard_sciences
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Zipf Distribution of Web Tokens
Latin American Terms Fall in the Long Tail

Common Crawl (ES, PT, EN)

Zipf distribution of
web text

Natural language follows Zipf’s law.
A small number of tokens dominate
the corpus while most tokens
appear in the long tail

Digital & Al Summit Lima 2026

Regional vocabulary lives
in the tail

Names, entities, and dialect terms
from Latin America appear with very
low frequency in global web crawls
like Common Crawl

Impact on model training

Rare tokens provide little training
signal, so regional knowledge is
underrepresented unless the
dataset is intentionally rebalanced
(e.g., LatamGPT).
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Include focused data collection and synthetic data generation

LatamGPT Dataset V2

|

arts

communication_and_media

LatamGPT pre-training
dataset V1 education

hard_sciences

humanities_and_social_sciences
indigenous_peoples
medicine_and_health

politics

sports_and_recreation
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Neural Scaling Laws

*® Validation Loss vs Compute
O Performance vs Compute plot
O Bitter lesson
O Empirical Risk Minimization: increase in compute, data,
parameters decreases validation loss
O Learning doesn’t scale
infinitely, but it does predictably

Validation Loss

Compute (PetaFLOP/s-days)

Source: Al can't cross this line and we don't know why, Welch Labs (2025)
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Neural Scaling Laws

*® Validation Loss vs Compute
O Performance vs Compute plot
O Bitter lesson
O Empirical Risk Minimization: increase in compute, data,
parameters decreases validation loss
O Learning doesn’t scale
infinitely, but it does predictably

Validation Loss

Compute (PetaFLOP/s-days)

Source: Al can't cross this line and we don't know why, Welch Labs (2025).
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Compute- efficient

Neural Scaling Laws
‘ . ‘\\ "7“Less efficient
") 4 \.
Compute-Efficient Frontier 4 3
o White line represents the best achievable s EFFICIENT
validation loss (for a given amount of R ™ ;TONT'ER
compute) o R R —
10 10 (OR2a 10 10? 104

Compute (PetaFLOP/s-days)

Source: Al can't cross this line and we don't know why, Welch Labs (2025).
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Predict size of training 40M  16B ISOFLOP Prediction

params params Curves

dataset (# Tokens) \ \

3e19
e 6€19 Same compute

— 1e20

— 3020 budget
— 0 102 FLOP

— le2]l

= Fitted Line, @ = 0.537, A = 0.299

Training Tokens

— 3021 10%°

—le22

70B

params

102

10%0 101t 1042 10%° 10%
Training Tokens Compute (FLOPs)

Compute-
optimal models
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Predict model’s accuracy

on Downstream Task
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Compute-
optimal models

40M

params 108

params

Prediction on
ARC Challenge
benchmark

7oB
params

1070 107 102 102 10 10%
Compute (FLOPs)

Prediction on

ARC Challenge

benchmark
1.0
& Scaling Law Models
0.9 @ Llama 2 Models
A Scaling Law Prediction
0.8 H Llama 3 405B
0.7
g 70B
Jos
4 - params
0.4
0.3

1.40 1.35 1.30 1.25 1.20
Normalized NLL per Char.
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Pre-Trai
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LatamGPT

¢ Compute E

o Chinchilla-bas! 0 ;..’.iH..‘..;e; . e — 840 x 10° x PFLOPs ]

Predicted FLOPS ~ 6 x (r ize) x (datas es X 8H200 GPUs x 1.979 PELOPs@fp32 x 0.5 MFU x 86400 secs
size) ' —
840 Millio
Trillion toke !
|

N
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Continu
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LatamGPT

* Compute Ef =8 , N - |

O Chinchilla-based Compute (C) b
Predicted FLOPs ~ 6 x (mc
size) "
126 Millio
(300 Billio

126 x 10% x PFLOPs
:PUs x 1.979 PFLOPs@fp32 x 0.5 MFU x 86400 secs
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Comparison
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(671B with MoE)

$13M

1 epoch

® 14 months
® 256 GPUs NVIDIA H200 GPUs

Pre-Training
From scratch (70B)

Build general-purpose LM with random
initialization

Data strategy: Broad corpus

LR strategy: Standard decays with warmup
Data distribution similar to the pre-training
dataset prevents catastrophic forgetting
Prioritize non-web content and high-quality
web data

Continued
Pre-Training (70B) |:]
-
LatamGPT
$360k

1epoch

Continued Pre-Training

Enhance accuracy on specific new data
domains

General Blend -> QA Blend

High initial LR with cosine decay, no warmup
9%-16% Avg. Accuracy on tasks like MMLU,
HellaSwag
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Training computation (petaFLOP)

(3

LatamGPT-70B from scratch

840 million PFLOPSs
39 days

100,000,000,000
* GPT-4 . 3.1405b
10,000,000,000 ®PalM2 ® A8
® Claude 2
® PaLM 5408 ® Grok-1
* M -Turing NLG 5308
1,000,000,000 <) ® Llama 2 708
................................. GRT3ATSB - fe ke A Flahingo” CC eEama27Bs s e
100,000,000 © GPT-NeoX 208
© Stable Diffusion (LDM)
10,000,000 ® CLIP (ViT)
* T5-11B
® ALBERT-xxlarge

1,000,000

« BERT-Large LatamGPT-70B from scratch

100,000 126 million PFLOPs

o GPT 6 days
10,000
1,000

Sep-17 Feb-19 Jun-20 Oct-21 Mar-23 Jul-24
Publication Date

2028,

Source: Our World in Data
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Continued Pre-Training (CPT)

Continue optimization on a new
token distribution to improve
O Example: LLaMA-70B (15.6T specific capabilities or update
tokens) knowledge.
— CPT on new domain data

Digital & Al Summit Lima 2026

Reuse, Don’t Retrain:
A Recipe for Continued Pretraining of Language Models

Jupinder Parmar, Sanjeev Satheesh, Mostofa Patwary, Mohammad Shoeybi, Bryan Catanzaro

NVIDIA

Abstract

susge models have scaled both their
o

reuse rather than rtrsining.
1 Introduction

Language model tes have seen m
improvements over the past few years (Brown
1,2 ry et 2022; OpenAl,

increased computational costas pretzaning has be
come ever more expensive due to both the number
of model parameters (Team et al, 2024; DecpSeek-

‘model developers with the choice of ither pretran-

2023; Cagatay Yik 4
mended guidelines for continucd pretraining
adapting langy

iz et

o
rumeter LM tha has seen ST tokens of pretraning
data (Parmar ct ., 2024). Experimenting with
well raincd model of his scale ensures that our
findings will be transferable to most settings and
‘model sizes. We firstidentiy the type of data dis-
ribution that should be used during continucd pre-
caining and find that t s optmal o have tw ist
one ting
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What could go wrong?

" Catastrophlc

z‘@a

Digital & Al Summit Lima 2026



Accuracy on MMLU
and Hellaswag

Digital & Al Summit Lima 2026

0.75

0.70 1

v 065
=]

0.60

0.55 1

0.50 4

I
| 73% -> 63%
| Accuracy drop in MMLU

/1

hellaswag
—e— mmlu

General
knowledge

Common

f sense
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2e-044 i i -
h d 1. : ’i “7 —— Learning Rate
LR scheduling by steps 15 % 10741 = | M4y T Start CPT (GB)
g Dy P | PR e Start CPT (QA)
le-04 i i * ;
w Pre-Training ! General Blend ! High quality / QA Blend
B 15T tokens ! 240B tokens ! 60B tokens
. - 1+ cos (w- £) o le-04 4 i i
Cosine LR schedule 7® = mme x ———5—"> = | . : B
£ CeGl. | LR2= | LR3=
o | 1e-7 (moderate) ' 125% LR3
4 1/ 3e-7 (higher i
~  5e-05- | (higher) :
: LR3 E
3e-05 |
0e+00 , ,
1 1
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Accuracy on MMLU | -
and Hellaswag |
4 5
r 3 &
' t e s " =
- 3
: <

Source: "LatamGPT Team" (2026)
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Forget vs.
Adaptation

Digital & Al Summit Lima 2026

LatamGPT-8B-Base
Liama-3,1-8B-Instruct
Uama-3.1-88 (Linea Base)
Deepseek-7B-Base
WVicuna-7o-v1.5
Falcon-H1R-7B
Deepseek-math-Th-instruct

Owen2 5 To-Instruct

checkpoint baseline
PPLyniry — PPLyiLy

Forgetting % = - x 100
e PPLED

Olvido % {Forgetting)
~ Negativo = Mejor

0.4

Adaptation % =

LatamGPT-88-Base |

Uama-3.1-88nstruct

Llama-3.1-88 {Linea Base] |

Deepseck-T8-Base

Vicuna-Tbvl 5

Falcon-H1R-78

Deepseak-math-Th-instruct |

Owen? 5-Tb-instruct |

&

PPL,

baseline _ ppy checkpoint

'Choclo 'Choclo x 100

baseline
PPLChoclo

Adaptacién % (Adaptation)
Positivo = Mejor -+

O NTTDaTa

- S

+0.5%

+0.0%

=0 .
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Decoder

_ - Self-attention as the
—— main sequence operator
Multi-head attention

Encoder

Parallelizable T Masked o :
architecture FN sl Positional encoding for

order modeling
(no recurrence)

Multi-head Masked
attention multi-head
attention

Positional
encoding

Embedding Embedding

Sources Targets
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Tensor Parallelism Pipeline Parallelism IFuIIy Sharded Data Parallelism

3 Single GPU !

Parallel Computing 5 5 o

(LatamGPT 70B) i ; GPU2
i ! GPU1
GPUO
! 80GB ' g
: N\ NS WSS N WS Wy
: Me:?;x S"mw &n‘« \"‘mx \-"an \\«"m\* X‘aw X’an “‘-’mw "% ‘\\ ‘\\\ m
! -"m\ -"en -"mx (mx
: GPUO i | GPUO GPU1 GPU2 GPU3 GPUO GPU1 GPU2 GPUO GPU1 GPU2 GPU3
70B params  SPlits tensors Splits layers Split parameters,

across GPUs across GPUs radients, and

14OTB ® Incurs high all-reduce cost during @ Suffers from idle time ("pipeline g

RAM (training) FW /BW passes. bubbles") and scheduling °pt| mizer States
complexity. ® BW, gradients are reduce-scattered
to update only local shards.
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Tensor Parallelism =8 < #7/ " " ., i e 1/2
Atfention Heads 1-16 ’ 5
/ Atterition Heads 17-32,

Total GPUs

FSDP =~ PP

Micro | :

2 Pre-Training

Corpus

J‘IIicn;o 9 %

‘Batch1 -

j ' -
) '
.

v i ’ LR 2/2
GPUO© GPU 1=900G8/s 4 “ 4 (NVLink episwiechy’ ", « - "
4 (nfiniBand +RDMA) .
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LatamGPT
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Latam~GPTo yeort

7. Investigacion y Descubrimientos
a en Machu Picchu continua, y se han descubierto nuevos
portan a la comprension de la civilizacién inca. Por ejemplo, se han
identificado tumbas, ofrendas y restos humanos, lo que ha enriquecido el conocimiento

sobre la vida y la muerte en la época inca.

8. Cultura Viva

antigiedad, Machu Picchu sigue siendo un lugar vivo. Las comunidades
andinas, como los pueblos de Aguas Calientes y Ollantaytambo, mantienen tradiciones,
festivales y practicas que se remontan a la época inca, lo que hace que el legado de Machu

Picchu sea una parte integral de la identidad cultural andina.

Informacién que la gente quizas no conozca:
Machu Picchu no es un "descubrimiento", andinos ya conocian y

utilizaban el sitio.

Hiram Bingham no "descubrid" el sitio, sino que lo divulgo a nivel internacional en

1911,

Machu Picchu es Patrimonio de la Humanidad desde 1983 y una de las Siete

Maravillas del Mundo Moderno

El sitio es un centro de investigacion y se contintan descubriendo nuevos aspectos

de la civilizacién inca.

Machu Picchu es un lugar vivo con tradiciones, festivales y comunidades andinas que

nen su legado.

® ChatGPT

HIGS 1S ST AU VUS UG 18 LIV IILGUIVE GHUINIE. DU 1 GISVET LG T3 IH3WI IV, il ar,

arquitecténica, espiritual y contemporanea.

™ 1. Importancia histérica
« Fue construida en el siglo XV durante el gobierno del emperador inca

Pachaciitec.
Representa el maximo desarrollo politico, administrativo y arquitecténico del
Imperio Inca.
Es una evidencia tangible del alto nivel de organizacidn, ingenieria y
planificacién urbana alcanzado por los incas.
Fue dada a conocer internacionalmente en 1911 por el explorador Hiram

Bingham.

_ 2. Importancia arquitectonica y tecnoldgica

« Construida con piedra tallada sin uso de mortero (técnica de encaje perfecto).

« Adaptada magistralmente a la geografia montafosa andina.

* Incluye terrazas agricolas, templos, plazas y complejos residenciales.
Demuestra avanzados conocimientos en ingenieria hidraulica, antisismica y
agricola.

K 3. Importancia cultural y espiritual

* Se cree que fue un centro ceremonial, politico y posiblemente una residencia
real.
Refleja la cosmovisién andina: la armonia entre el ser humano, la naturalezay lo
sagrado. L
Estd vinculada al culto al Sol, representado en estructuras como el Templo del

s : @

Chat

@ nTTDaTa
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Choclo (Wikidata) Trueque (Human)

Build knowledge graph from Wikidata based on ® Collect questions and answers based on a live
popular Entities related to Latin America chat from Latin American users during 6 Months
(Copuchat)

o Clean and filter each Question and Answer

@ 2,000 Q&A collected

Chat Nueva Conversacien 4t}

¥ Hugging Face C + Models Datasets

[Y] t CHOCLO © @ like ollowing §7 Latam-GPT
9 Question Answering o Text ks:  open-domain
100K - 1M culture  latin-america  benchmark  knowledge % Datasets

& mit

Escribe tu mensaje y presiona Enter

Dataset card Data Studio Files stxet Community Settings
Source: Alexandra Garcia & LatamGPT team (CENIA, 2026)
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ica Dominicana

16.2%

1
erto Rico
0.2%

ombia
.2%

Venezuela
0.6%

Brasil
5.2%

Paraguay
21%

Uruguay
8.6%

®@) nTTDaTa

Source: Alexandra Garcia & LatamGPT team (CENIA, 2026)
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Latam-GPT
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Proporcién de Respuestas correctas (0-1)

Uama-31-70B  Mixtral-8x7B-v0.1 gemma-3-27b-pt  Qwen2.5-72B LatamGPT CPT

Modelo
Source: Alexandra Garcia & LatamGPT team (CENIA, 2026)
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Latam-GPT
Benchmark

* Largest model available in its
family (e.g., Gemma 3)

Digital & Al Summit Lima 2026

Proporcién de Respuestas correctas (0-1)

Llama-31-70B  Mixtral-8x7B-v0.1 gemma-3-27b-pt  Qwen2.5-72B

Modelo

LatamGPT CPT

1T

params

params

GPT-41 GPT-0SS
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Multimodal LatamGPT ; oild

Prompt on ChatGPT:

“Generate four realistic images of
women from Peru, Chile, Argentina, and
Mexico.” ik
(Generated on February, 2026)
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Latin America in 2 O 3 O “Lailtima linea de c6digo humana podria escribirse hacia

2030”, por Omar Florez

.-

@By 2030, Al will write most code,
contracts, and do most knowledge Who decides what gets fine-tuned,
work what gets censored, what gets priced

o
@ \Whoever owns the models captures out, what gELSiSuuste

the productivity surplus, the rest of
the world rents it
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Latin America in 2030

19 de abril de 2030
(100%)

@ By 2030, Al will write most code,
contracts, and do most knowledge

Index.dev (2025)%~"®
work ex.dev (20287 ShiftMiag (2026)

@ \Whoever owns the models captures °
e Microsoft (2025)
the productivity surplus, the rest of

y = 0.0411 x - 30345
the world rents it y = % de codigo generado por IA
® Tech Radar (2023) X = tiempo (dias ordinales)

New York Post (2!

<
=
[=]
Q
)
T
©
@
()
[~
[
o
o
k)
T
O
o
Q
T
N

0%

2023 2024 2025 2026 2027 2028 2030

Tiempo
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Omar Florez

Team Lead for Pre-Training of LatamGPT
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