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Machine Learningen el mundoreal:
lo que no te cuentanen clase
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[ @ Qué hacemos en MC ]
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[ & Vivir ytrabajar en ML ]
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[ $% Consejos paratu futuro ]

Javier Alonso Mencia
Machine LearningEngineer
Multiverse Computing
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uedm | Universidad Carlos Il de Madrid =

G R //_\\ D O S En la UC3M / Personas Buscar

ESTUDIOS DE GRADO | ADMISION | INFORMACION PRACTICA | UC3M+ | OFICINAS DE ESTUDIANTES DE GRADO

GRADO EN INGENIERIA INFORMATICA

Grados / Estudios de Grado / Grado en

DURACION 4 aios (240 créditos)

CENTRO Escuela Politécnica Superior

Campus de Leganés, Campus de
Colmenarejo

IDIOMA Bilingiie, espariol

Subdirector del Grado: Valentin Moreno Pelayo

La opcion bilingiie se ofrece en el campus de
Leganés.
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dmitry@dmitry-ubuntu: ~

htop
Jusr/lib/xorg/Xorg vt1 -displayfd 3 -auth /run/user/1000/gdm/Xauthority -bac
Jusr/lib/gnome-settings-daemon/gsd-color

® /usr/sbin/smbd --foreground --no-process-group
/Jusr/lib/gnome-terminal/gnome-terminal-server
nautilus-desktop

S

3

bin/nmbd --foreground --no-process-group
bin/kerneloops --test
Jusr/lib/firefox/firefox -contentproc -childID 1 -isForBrowser -prefsien 574
/sbin/init splash
/1ib/systend/systend- journald
4 /lib/systend/systend-udevd

fc_3 fc 4
Fully-Connected Fully-Connected
Neural Network Neural Network

Conv_1

Conv_2 RelU activation
Convolution Convolution | K—M

(5 X 5) ke"fe' Max-Poo]ing (5 X 5) ke":le' Max-PooIing (With
valid padding 2x2) valid padding (2x2) O dropout)

‘&O '

nl channels nl channels n2 channels n2 channels E \‘ 9
(24 x24 xn1) (12x12xnl) (8 x 8 xn2) (4x4xn2) .

O/ "~ OUTPUT

n3 units

< NVIDIA.
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'SOTHIS IS AN ENTRY
LEVEL POSITION
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The Journal of Supercomputing (2023) 79:17670-17690
https://doi.org/10.1007/s11227-023-05352-7
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Check for
updates

ADELA: a conversational virtual assistant to prevent
delirium in hospitalized older persons

Javier Alonso-Mencia'? - Marta Castro-Rodriguez® - Beatriz Herrero-Pinilla® -
Juan M. Alonso-Weber' - Leocadio Rodriguez-Manas? -
Rodrigo Pérez-Rodriguez*

Accepted: 25 April 2023 / Published online: 9 May 2023
© The Author(s) 2023

Abstract

Delirium is a sudden mental state that causes confusion and disorientation, affecting
a person’s ability to think and remember clearly. Virtual assistants are a promising
alternative for non-pharmacological interventions. This research aims to present a
prototype of ADELA, a conversational assistant to prevent delirium in hospitalized
older persons who speak Spanish. A co-creation process with medical experts to

ucodm

‘;: W FUNDACION DE INVESTIGACION
Ml BIOMEDICA

SaludMadrid Hospital Universitario de Getafe
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« Listado 6 de 1036 Siguiente >
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Piso en venta en Almagro
Chamberi, Madrid ® Ver mapa

3.780.000 €

233 m? 3 hab. Planta 4 exterior con ascensor
Lujo

Qo [H] r>

Guardar Descartar Compartir

13



Time Lire

ue3m uc3m (27 idealizta idealizta  EETEE

FUNDACION DE INVESTIGACION . . . . . . .
Bachelor ‘rﬂ BIOMEDICA e Data Science Data Scientist Data Scientist Machine Learning
intern Engineer
Masters
Researcher
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Key Highlights

TEAM
aQ

+180 people
2090 rio

IP

30% women

+40

Research
Publications

+200

Patent2

i

Source Companynformationasof September2025
1 Asof March 2024 |2Asof June 2025

+ 35 nationalities

FINANCIAL Mé

@3
17X

YoYANRR
Growth

FUNDING
$250M

Series B closed June 2025,
the largest quantumAl round in Europe

$65M+

Min 2025AnRR
Targeting $50M+ by EQOY




Ourlocations

® Canada
® USA

® UK

® Germany

® France

i
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Application Sectors
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423 Energy 4 Healthcare & Life Sciences & Chemistry
@ Cybersecurity @ Hydrogen .% Defense
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NOW WE RE TAlI(ING

makeameme.org

Todoestoestamuyo A égér)é,
;qué haceisen Multiverse?



Our Technology:

c§ %}3 CompactifAl

C ; Multiverse Computing




Al Model Compression

Harnesdhe Powerof Tensor Networks

)
)

S

A

Reduce the number of parameters
of Al models without compromising
accuracy, making them more accessible,

affordable and sustainable.

CompactifAl

Al Model Compressor

"

+
o=

Costsaving

% Slash Computational and
Infrastructure Costs
Private

Run Anywhere: on Premise, Cloud, or
Any Device

1=t Less GPU Memory and Storage

Fast

7\ Faster training and Inference

Efficient

’ Less Energy Consumption and Less
[ hi SYAaaArzy
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Using estimated cost of TPU

Skyrocketing Al Compute Costs

the largest models will cost over a billion dollars by 2027.
90% CI of mean
Gemini 1.0 Ultra\

Amortizedhardware andenergycostto train notable Almodelsovertime

The cost of training notable Al models has grown by a factor of 2.4x per year for the past eightygaesting that
GPT-4

- Regression mean
PaLM (5408)\
Inflection-2

Cost (2023 USD, log scale)
GPT-3175B (davinci)

1B
100M -
10M -
ME AlphaGo Master ~ AlPhaGo Zero
AlphaZero 7
100k - GNMT : 7
\ DALL-E
10k
2.4x/year
1000 -
100+
10 T T T T T T T T T
2016 2017 2018 2019 2020 2021 2022 2023 2024
= BenCaottier, Robi Rahman, LoredaRattori, NestorMaslejand David Owen (2024)Hbw Much Doedt Costto TrainFrontierAl Models?". Publishednline atepoch.aiRetrievedirom:
‘https:// epoch.alblog/how-muchdoesit-costto-train-frontier-ai-models [onlineresourcé. Updatedon Januaryl3th , 2025
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TOP100 ’ _
W C dzu dzZNIS

Award
)

Fastestgrowing
startups in Europe

\ sifted /

DIGITALEUROPE"
2024

2025

MultiverseComputingisaglobal leader in
compressedAl poweredby quantum-

We countwith

inspiredtensor networks universalizing
affordableand efficient Al acrosscloud,

—= MULTIVERSE
e COMPUTING
edgeor on-prem.
We offer the Y I NJ| |8adlitha
Almodelsas leadingin-housecompressed
NanoModelsto run anywhere
% Su perFly 94M parameters

We developedCompactifA] an Al model
compression technologyo enhance Al

system performance by reducing LLM size

q% %;3 CompactifAl
98%compression rates of LLMs

4x-12xspeed
50-80%cost savings

Forsomeclients thistranslatesto

@OpenAl Q) deepseek

ultralytics

YOLO

LLaMA
by 0Q Meta

L ®
o e O

YR Y2NBX

+we launchedour

CompactifAlAPI in 2025¢ffering

original andcompressednodelsat
anunbeatableprice

@ ChickBrain 3.2Bparameters
Delivertop-tier performanceon
ultra-light hardware gnablingtrue

on-deviceand edgeAl
ot

zzy Al startupMultiverse createstwo of
e smallesthigh-performing modelseveré
T|= TechCrunch

Availableon
aws marketplace
N

half-a-billion $ savings.a.

1Asof June 2025

)

W»
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https://techcrunch.com/2025/08/14/buzzy-ai-startup-multiverse-creates-two-of-the-smallest-high-performing-models-ever/
https://techcrunch.com/2025/08/14/buzzy-ai-startup-multiverse-creates-two-of-the-smallest-high-performing-models-ever/
https://techcrunch.com/2025/08/14/buzzy-ai-startup-multiverse-creates-two-of-the-smallest-high-performing-models-ever/

CompactifAl API Q Search =K <G> SAt v

DeepSeek R1 Slim is now live, replacing DeepSeek R1 0528.

Whisper v3 is live as our first speech-to-text endpoint.
Chat Completions now supports multi-modal input via Mistral 3.1 Small.

Welcome to the
CompactifAl API

Build intelligent applications with our state-of-the-art language models

API| Reference m

Get started with CompactifAl

Introduction
Learn about the CompactifAl APl and its capabilities
Pricing

See our pricing for the CompactifAl API
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7 Speed

From the first token to the full response in record time CompactifAkignificantly reduces latency and boosts throughput,
delivering faster performance for reéime applications, even on resourg®nstrained hardware.

@ Llama 3.3 70B

Timeto FirstTokert

Seconds
N w
[6)] w [6)]

=
= o0 N

o
3]

0

0.12

0.1

0.08

0.06

Seconds

0.04

- 0.02
0
Original Multiverse

g%%; CompactifAl

Reductionin TTFT
vs.originalmodel

Q Microsoft Phi 4

Timeto FirstTokert

Original Multiverse

‘g% CompactifAl

Reductionin TTFT
vs.originalmodel

@ Llama 3.3 70B

Tokens per Secorid
12

10

Original Multiverse

%%} CompactifAl

Up to

2.4X

Increasein Speed
vs.originalmodels

1 Realtime performanceevaluationfor MVC Compressed vs Originabdels Source Extemalbenchmarkdyaleadingenterprisehardwareprovider, 2025.

9 Microsoft Phi 4

Tokens per Secorid

Original Multiverse

og%: CompactifAl

Llama 3.3 70Bompressed
modelby MV Coffersanearly
145%fasterthroughput than
the original Meta LLM.
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43 CostEfficiency& Sustainability

Achieve more with lessCut your Al expenses and lower your carbon footprint using-aftreient LLMs. Our compressed models
operate on smaller hardware, consume less power, and provide enterfaisd performance.

@ Llama 3.3 70B

@ Llama 3.1 8B

Energy Consumptioh

3.0E-06
2.5E-06
2.0E-06
1.5E-06
1.0E-06
5.0E-07 -
0.0E+00

CPU

Energy (kWh) at stage: prefill

GPU energgonsump
vs.originalmodel

Llama 3.1 8B Original
B Llama 3.1 8B Slim by CompactifAl

RAM GPU

/ 2 Y LJ Odlimnfodelh@is
the energydemandof the
original Llama 3.1 8Bnakingit
iIdealfor sustainablecost
effective Aldeployments

180
160
140
120
m 100

60
40
20

RAM Usage

e Microsoft Phi 4

RAM Usage

35
30
25
20
15

MB

10
0

Original Multiverse
0(]% CompactifAl
-
Upto
~n n ~n
T Jk 2
~n A (g
AverageRAMusage

vs.originalmodels

Original Multiverse

A2, compactifar

)

MVCmodelsdeliver significantly
better speedand comparableaccuracy
T achievingasterinferenceand
strongerresultswithout compromising
performance.

27



@ Accuracy

Exceptional performance guarantee®ur Slim models consistently match or outperform the accuracy of original models on key
benchmarks demonstrating that smaller truly means smarter.

@ Llama 3.1 8B

Llama 3.18B mlLlama 3.23B

76 76 77
65
41
37
32 29 30 31
21
) I

m Llama 3.1 8B Slim by CompactifAl

(o2} ~ ©
o a1 o

Accuracy
N
a1

30
15
0
MMLU Pro MATH-500 GSM8K GPQA Diamond
pto CompactifABlimmodel

MAOT ~ " mutperformLlama 3.2 3By

rb ~ A Anorethan doublein
HigherAccuracy accuracyon keyreasoning
vs.a S i m&al taskslike MATH500.

1 Source MVCinternalbenchmark 2025
2Source Extemalbenchmarkdyaleadingenterprisehardwareprovider, 2025.

Accuracy

@ Llama 3.3 70B

70%

60%

50%

w B
:? I
S X

20%

10%

0%

Multiverse

;%Eo CompactifAl

Original

Onaverage

6%

Minimal AccuracyDrop
vs.Originalmodels

G Microsoft Phi 4

70%

60%

50%

40%

30%

Accuracy

20%

10%

0%

Multiverse

‘%g’ CompactifAl

Original

Onaverage MVCmodelsmaintain
comparableaccuracyto original
versionswith only a minimaldrop of
upto 6 percentagepointst while
deliveringsuperior performance in
Speed
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@ Compressed LLM Application in Telecommunications

Use case: Internal Customer Service Chatbot for 8000 Sales Representatives

@ HElmE .1 Bl Reduceccosts

associatedvith the use of

. . expensiveAPI services
Industry: Telecommunications (GPT, Gemini, etc.)

Client:IBEX 35 telecommunications provider with global presence

Goal:Compress LLM to use it within an internal RAG chatbot for agents Speed A
Ay Ot ASydQa aiz2NBao peedug
Reduced latency '
N/ faster responses
Cost reduction Speed -
A" A A" A
Qp /£ 3| N C3
AN AN ..
inclstoragerequirementscut by 78%, Reduced time to first token, EffICIency
energycostcut by 63%, plus extra 26% reduced-token Low power
inferencecostdown 29% latency )
consumption
Compression achieved Accuracy loss
80% 0% el
Increasediata
60% fewer parameters Vs original model when using privacy
plus quantization optimized prompts




Compressed Computer Vision Application in Defense & Military

Use case: Satellite Image Processing of 670K km2 for Object Detection

Industry: Defense

YOLO v& _ _ _ o
Client: Transnationatlefenseand security organization
Example image

i

Goal:
Accelerate inference and reduce infrastructure costs.
Keep model accuracy as high as possible.

Compression of the computer vision mod&DLOvE.
Use it to process higtesolution satellite imagery.
A 10 cmi/pixel resolution.

A 670,000 km2 surface tanalyze

A Refresh rate: 4 times per hour.

Images ir8 different spectral band®kRGB, Infrared, SAR

Tensometwork compressibilityof convolutionalmodels
https:/arxiv.org/pdf/2403.14379

32


https://arxiv.org/pdf/2403.14379

T O

Compressed Computer Vision Application in Automotive

Use case: Ofdge IaCar Virtual Assistant Using Compres3egtToSpeecAl Model

@ Style TTS

Industry: Automotive

Client:Leading European automotive manufacturer

Goal:

A Compress the model as much as possible with no
y20AO0SIo6fS t2aa Ay GKS
voice.

A Preliminary results looking promising7%
parameter reduction with no drop in audio
quality.

Next Steps

Gontinue compressing further, and combine CompactifAl
with other techniques such as quantization.

i

[

Base Model r‘%g@ CompactifAl ’
Style TTS Style TTS
Parameter
Reduction ) QoT ®HQ
lj dzl f Merioy |
J Reduction ) QH pdn g
Accuracy:
NISOAMOS 4.507 4.553
Accuracy:
NISOANise 4.275 4.134
Accuracy:
DNSMOS 4.017 4.019
Audio Sample <) <)

0
’
2 ) o
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STUDENTS THEY CANT IISE AI
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BUT YOU USE IT EVERY DAY



Ser ML Engineexn Multiverse Computing comotrabajamos

Ideacion y disefio del proyecto

!

Preparacionde datos

}

!

Evaluacioncon benchmarks

!

[ Compresion y reentrenamiento

Deployment ysoporte al cliente

i

Compresion de modelos

Proyectoscon clientes

|
J
]
|
|
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Equipo,herramientasy retos en Multiverse Computing

-

o

£8 Equipo y colaboracion
Y Estructura multidisciplinar : MLOps, DevOps,

Research,Servicios

Y Comunicacion constante entre equipos.

~

-

¢y Herramientas y lenguajes

Y Python, PyTorch frameworks de NVIDIA.
Y LangChain MindExy librerias de agentes.
Y Infraestructura y MLOpsinternos.

)

i

o

)

/
4> Retos y habilidades

o

Y Técnicos. escalabilidad, eficiencia, coordinacion.
Y Personales adaptacion, comunicacion, gestion del tiempo.
Y Claves:. curiosidad, pensamiento critico, aprendizaje continuo.

~

)
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Retosdel sectortecnologico

4 I
@RIy Hagea ¢ Gt

Y 7YYVYO W MRS Wb UE q cRI Udp 2 I HIARIA #R GtIRAJATio&ILE T Y

Y f URIDI qRIIEE A IRBAAWDWN] ¢ THRAJRRIZ 10 We Y dH2C i 6 L

Y 2c¢ UHdRW Y ardERERYO HIHGE | ¢ T RO © o RIY oG 1

Y 2 13t ¢ iR R My B 0l 1as) ey ¢Etl Y n 131 RGO 10HARB 0@ | Wt GY U0 ¢ A

>
a D

(=) Lo que me ha sorprendido /cambiado mi forma de pensar

Y Lashabilidades sociales son tanimportantes como las técnicas.
Y Adaptarse acada personay contexto es clave.
Y Lacolaboracion y laempatia marcan la diferencia enlos proyectos.

- J

1
|
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Comomantenerseactualizado

4 ) 4 )

B2 Aprender siempre WHaqezc GBRAGH ¢ ¢JUq |G 130 q 1
Latecnologia cambia cada pocos afios: Ee | miguauwt Jssiol | ¢ GIRUWUGqcC !
seguiraprendiendo es parte del trabajo. JUNnY WHXIWqRU2 G IJUM I

- / - /
4 ) 4 )
& Probar cosas nuevas Aprender de otros
Participar en proyectos, cursos o retos Eventos comunidades y networkingte
técnicos mantiene tu mente activa. mantienen al dia yconectado.

- /. J
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