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Computer vision

David Marr (1976):

“Vision’s goal is to produce a useful
description of the outside world, free of irrelevant
information”

lan Goodfellow (2016):

“Computers have long been able to defeat
even the best human chess player, but only recently
have begun matching some of the abilities of average
human beings to recognize objects or speech”

Today’s challenge:
“Scene understanding”
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Human visual perception

e David Hubel (Nobel 1981): Primary visual cortex (1953) . Simple and
complex cells respond to lines, edges, orientation, motion, etc.




Salvador
Dali (1975)
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isual perception

e Witkin (1983), Koenderink (1984). Scale space theory:
Multiscale image representation based on Gaussian blurring
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Image representation models
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ineal transformations

s Fourier

s Cosine

s Karhunen-Loeve
= Wavelets
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Wavelets - Ad\iéntages

* Good space-frequency localization
e Optimally subsampled

* No redundancy

e Successful in compression
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sion-inspired image transforms

 Gabor
* Cortex Receptive

. fields of visual
* Hermite cortex cells
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Visual perception

* Marcelja (1980) & Daugman (1985). Gabor functions, good
model of simple cells in visual cortex, but not orthogonal.
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Visual perception

 Martens (1991) Hermite transform. Image
representation based on the Gaussian
derivative model of human vision
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Hermite transform advantages

= Guassian derivatives (human vision model)

s Suited for multiresolution analysis

= Allows rotation (local orientation analysis)

s Redundant (useful for reconstruction)

= Variable subsamping ( shift invariant)

m Fast algorithm (NlogN complexity and only additions)
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ulti-scale decomposition
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Noise reduction with the HT



_Mentation analysis







Noise reduction
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Image Coding



Perceptual visual‘patterns

Light adaptation threshold Contrast masking threshold



pattern classification and coding
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Image fusion
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ults of image fusion in multimodal images

(b)

(c) (d) (e) (f)

(a) CT and (b) MR are the source images, fused images using c) TH, d) TW, e) CW
and f) CUW.



Landsat
multiespectral &
panchromatic fusion:
Pansharpening
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Optic flow estimation
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CT-heart flow est

Computed tomography heart sequence



“heart flow estimation



We segmentation



entricle motion estimation



Artificial neural networks inspired in human
neural networks
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_'/Deeplea;\mg evolution

1,000 classes, 14,197,122 images

ImageNet Classification Error (Top 5)
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Unsupervised

pre-training
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Convolutional neural networks (CNN): visual perception
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Feature extraction (convolutional NN) followed by a classifier (fully connected NN).
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Feature maps

conv2d 5
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FAlexNet filters in hidden
layers

SZZNNS
SZUNNS -
=Z NS




COVID-19 diagnosis aid tool

Automatically analyzes chest CT or X-ray images
Uses computer vision and artificial intelligence techniques
Accuracy of 98%

Outcome 1: Probability of COVID-19

Outcome 2: Detection and localization of characteristic lesions (ground glass
and consolidations) (CT only)

First free open website in the world for COVID-19 detection

First algorithm for detection of COVID-19 by CT and Rx made in Mexico

www.imagensalud.unam.mx



Computer assisted diagnosis of COVID-19




SECTEI — NEWTON FUND — BRITISH COUNCIL

NTELLIGENT SYSTEM FOR ASSISTED MEDICAL

DIAGNOSIS FOR CARDIOVASCULAR DISEASES

e Centro Médico Nacional “20 de Noviembre” ISSSTE
(Dra. Rocio Aceves).

* Gold standard: pulmonary artery catheterization via
right heart chambers

* |tis risky, costly, and requires high specialization

\Y’




Intelligent system for assisted medical diagnosis of
cardiovascular diseases”, SYSCARDIO

Automatically analyzes echocardiography images using computer
vision and artificial intelligence.



Transformers




Un antecedente:

Neural Machine Translation by Jointly Learning to Align and Translate
2014, Dzmitry Bahdanau, KyungHyun Cho, Yoshua Bengio



Neural Machine Translation by Jointly Learning to Align and Translate
2014, Dzmitry Bahdanau, KyungHyun Cho, Yoshua Bengio @

(d)



La corazon del transformer es la
ecuacion de “atencion’:

QK"
Vdy

Attention(Q, K, V) = softmax( )\



Attention Is All You Need - The Transformer architecture

2017, Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, tukasz Kaiser, lllia Polosukhin

La entrada debe ser pasar por un proceso de tokenization y creacion de un embedding

El texto de entrada se divide primero en partes. Pueden ser caracteres,
palabras o “tokens”:

El perro esta dormdo" -> [El ] [perro ] [esta] [dorm [ido ]

Los tokens se mapean a un "vocabulario", a esto se le llama “numericalizar”:

[El ] [perro_] [esta] [dorn] [ido ] ->[3 721 68 1337 42]

Cada entrada del vocabulario corresponde a un vector de dimension “d” definido por el modelo (embedding)
[3 721 68 1337 42] -> [ [0.123, -5.234, ...]1, [---1, [---1, [---1, [---1]

Se debe codificar la posicion de cada token (positional encoding)
El idioma escrito no es invariante a la permutacion.
Se necesita codificar la posicion de cada palabra; se suma un embedding de posicion

[El ] + 10 [perro_ ] + 20 [esta] + 30



1. Los vectores, k and v se derivan de la entrada de
embeddings x: k=W,-x v=W,-x

El vector de query q se puede obtener de la entrada de

embeddings x. En tal caso se llama "self attention": g =W, - x

También se puede obtener de una segunda entrada y.
Entonces se llama “cross-attention™ q=W,_ -y

2. Se le llama pesos de atencion (attention weights, a, )

=4k

Se normalizan por una funcion softmax: a; = e*/ }’e?

3. La salida z se obtiene ponderando el vector de pesos de

atencion con el vector de values v,.\: Z = Z

i

Keys k
LITT T[]
LITT T[]

Qué tan parecida es nuestra query a
cada key. La idea es extraer en la salida
el vector de value correspondiente al
vector key que es semejante a nuestra
busqueda.

HEREN
Output z
HEREEEER

Query q

Attention weights a

—HIIIIII_,%\

HEEEE
HEEEE
HEEEE
Values v
HEEEEEEN
HEEEEEEN
HEEEEEEN
HEEEEEEN
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1.
solo uno. Al agruparlos se forma la matriz de atencion

(attention matrix A4 4.) o que produce muchas salid

Z1.q = Attn(q,,x) = [Attn(qy,x) | Attn(qg,,x) | ... | Attn(qy,x)]

2. Usualmente se usa algo llamado "multi-nead"
attention. Esto quiere decir que la operacion se realiza
K veces y los resultados se concatenan a lo largo de la

dimension de caracteristicas.

3. La presentacion que resume lo anterior es:
z = softmax(QK'/Ndyq,)V

La complejidad de la ecuacion es O(N?)

Usualmente se utilizan muchos vectores de queries q.,, N0

as:

Queries q.

/ Attn,(q,x)
z; = | Attn,(q,x)

AttnK(qi,x)/

Queries q.y

Queries

qQ1:m

Attention matrix A

L,
=

Attention matrix A

- . EE N
=

- - sl
=

Attention matrix A

—

Outputs z,.,

Outputs z,.,

Outputs z,.,
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softmax(

The self-attention calculation in matrix form
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What is Self-Attention?

Self-Attention allows the model to relate words to each other.

i QK™
In this simple case we consider the sequence length seq = 6 and d, o4 = di= 512. Attention(Qi K.V} = softmax( d

Ja:

The matrices Q, K and V are just the input sentence.

Youn CAT " A vy CAT 3
youm Qe oy Y4 DALY | ge g )
CAY oI 2% )20 0038 0184 o '
Q P4 KT
SOftmaX - " 4 “in noe now? o 0.145 1 ‘a
(6, 512) (512, 6)
A ) ary NI on 1n"e o ]

/512 LOVELY 0144 218 CRR M 043 0227 DR A ]

CAY 219 0114 a2 0103 -RA Y 02y 1

* for simplicity | considered only one head, which makes d = d, (6, 6)

made
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Attention(Q, K, V) = softmax(o— v
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Each row in this matrix captures not only the
meaning (given by the embedding) or the positior
in the sentence (represented by the positional
encodings) but also each word's interaction with
other words
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Input
vy a_

= sequence length

F
Attention(Q, K, V) = softmax (&) vV

e

v
v

—

Jd,

head; = Attention(QW,°, kWX, vwY

(IS

= size of the embedding vector

= number of heads

"dmodd,h

)

MultiHead(Q,K,V) = Concat(head, ... head,)W’

Umar Jaend - ps //githul com/Skproltean



Why query, keys and values?

The Internet says that these terms come from the database terminology or the Python-like dictionaries.

aee
I
N " » ACTION DE DARK KNIOHT
Query = "love
> s INCEITION
*  wommon THE SHNNG

* this could be a Python dictionary
or a database table



Attention Is All You Need - The Transformer architecture

2017, Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, tukasz Kaiser, lllia Polosukhin



La primer victoria
Modelado de lenguaje / NLP



Decoder-only Encoder-only Enc-Dec
GPT BERT TS

El juego se acabhd.
Un grupo de personas se nmanifestd en la
avenida ..

[ladra_] . .
En Qui ntana Roo, Mexico.

[*] [*] [ladra_] [*] [el_] [*]

Transl ate EN- SPA: The gane is over.

[START] [El ] [perro_] Resumr: El dia de hoy en la capital ..

[El_1 [perro_] [MASK] [en_] [MASK] [patio_] Pregunta: ¢Donde esta Cancudn?



La segunda victoria:
Vision



An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale

2020, A Dosovitskiy, L Beyer, A Kolesnikov, D Weissenborn, X Zhai, T Unterthiner, M Dehghani, M Minderer, G Heigold, S Gelly, J Uszkoreit, N Houlsby

Hubo varios trabajos previos que
intentaron aplicar el concepto de self-
attention a nivel de pixel.

Para una imagen de 224 px?, se tendria una
secuencia de ~ 50 k tokens de longitud.

. la mayoria de trabajos restringieron aplicar
bloques de atencion a vecindarios locales de
pixeles o bien, como un mecanismo posterior a
un proceso de deteccion.

La idea clave para utilizar la arquitectura
Transformer fue "tokenizar" la imagen,
partiendola en parches de 16px? y tratar cada
parche como un token. De estos tokens se
obtiene su embedding y se introducen.

Vision Transformer
(ViT)






e Do MSAs act like Convs? We show that MSAs and Convs exhibit opposite behaviors. MSAs
aggregate feature maps, but Convs diversify them. Moreover, as shown in Fig. 2a, the Fourier analysis
of feature maps shows that MSAs reduce high-frequency signals, while Convs, conversely, amplifies
high-frequency components. In other words, MSAs are low-pass filters, but Convs are high-pass
filters. In addition, Fig. 2b indicates that Convs are vulnerable to high-frequency noise but that MSAs
are not. Therefore, MSAs and Convs are complementary.

As expected, the result in Fig. 2b reveals that ViT and ResNet are vulnerable to low-frequency
noise and high-frequency noise, respectively. Low-frequency signals and the high-frequency signals
each correspond to the shape and the texture of images. The results thus suggests that MSAs are
shape-biased (Naseer et al., 2021), whereas Convs are texture-biased (Geirhos et al., 2019).



Visualizing and Understanding Convolutional Networks

Matthew D. Zeiler ZEILERQCS.NYU.EDU
Dept. of Computer Science, Courant Institute, New York University

Rob Fergus FERGUSQCS.NYU.EDU
Dept. of Computer Science, Courant Institute, New York University

2013



2022

Objects

Figure 1: The progression for visualized features of ViT B-32. Features from early layers capture
general edges and textures. Moving into deeper layers, features evolve to capture more specialized
image components and finally concrete objects.
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Prompt: Emma Watson as a powerful mysterious sorceress, casting lightning magic,
detailed clothing




Generacion de imagenes medicas artificiales con modelos de,

Imagenes artificiales de neumonia por

COVID-19

Buscamos compensar
la falta de datos
disponibles en el area
médica® @
generando datos
artificiales.

R

Neumologia Cardiologia

Dermatologia

Imagenes artificiales de melanoma (cancer de piel)

Imagenes artificiales de tomografia y ecocardiografia
de corazdn

Queremos entrenar
redes neuronales
capaces de
identificar diferentes
afecciones ;ﬁ .



rob&oihistic Models (DDPM)
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mbooth: Fine Tuning Text-to-Image Diffusion Models for Subject-

Driven Generation

Input images w the Acropolis 1 a doghouse  tn a bucket aetting a harcut

“Personalizacion” de un modelo de difusion



e Tuning Text-to-Image Diffusion Models for Subject-
riven Generation

Fine-Tunin Inference
Input g Output
Images (~3-5) + 'Uniq'ue
subject’s class name identifier
3] K "
A [V] dog 4n
VI the beach”
"A [V] dog
saslbln - > (B
collorful carpet”
Pretraind Personalized
Text-to-Image Text-to-Image
model model

Funcionamiento de Dreambooth



Neumologia

El primer renglon son imagenes de neumonia por COVID-19,
el segundo renglén son imagenes de neumonia por causas
diferentes a COVID-19 y el tercer rengldon son imagenes de
pacientes normales

Se generaron 1,000 imagenes sintéticas por clase.



PumaMedNet

Platatorma de IA generativa para el
analisis explicable de diagnosticos
con imagenes medicas

Carlos Minutti-Martinez!, Boris Escalante-Ramirez?, Jimena Olveres?

!Centro de Investigacion e Innovacién en Tecnologias de la Informacién y Comunicacién (INFOTEC)

2Universidad Nacional Auténoma de México (UNAM)



Diagrama esquematico

Arquitectura base

Upsample and
Custom ShuffleNet Depthwise Separable Convolution
LeakyRelLU and Mish Blocks
activation functions

Latent space

b —-—
2 S g
- =N :
x Encoder S Decoder x | —
& 3 - S
g o x
S = S

N(0,1 T
Defective Image (0.7) |CIaSS|f|cat|on Vel |,,_ Reconstructed Image

(Input) (Output)

Supervised learning

Figura: Diagrama esquematico de la arquitectura del modelo propuesto.



Pre-entrenamiento

Dominio de imagenes médicas

Pre-entrenamiento supervisado y no supervisado

> 17 conjuntos de datos publicos
(microscopia de células sanguineas, radiografias de torax, ultrasonido, mamografias, histopatologia,
H&E colorrectal, dermatoscopicas, fotografias de fondo de ojo, OCT)

> 28 tareas de clasificacion
> 372.895 imagenes

Permite capturar caracteristicas y patrones visuales propios del dominio medico.

e HHI& RETNT o .
¥ INII WIH'iII




Mecanismos de contexto

Interpretabilidad con IA generativa

Disefo inspirado en arquitecturas tipo Transformer, incorporando mecanismos de contexto
y atencion.

Contexto: Aumentado extensivo de datos.
Rotaciones aleatorias, volteos, desenfoque, transformaciones de perspectiva y borrado aleatorio (analogo al

enmascaramiento de tokens en modelos de lenguaje).

Contexto mediante la prediccidon de parches faltantes o defectuosos.



Explicabilidad

Interpretabilidad con IA generativa



Deteccion y mitigacion de sesgos

Interpretabilidad con IA generativa

De manera similar, en la
presente imagen se marca toda
un area contrastada
correspondiente a la Efusion.



Radiografia de Torax

MIMIC-CXR-LT es una base de datos
publica y ampliamente utilizada que
contiene radiografias de torax, junto con
informes de radiologia en texto libre.

+ 243 mil imagenes

+ 65 mil pacientes
+ 26 categorias

AUC promedio: 0.80
Parametros: 1.89M vs 11.18M (ResNet-18)
5.9x menor complejidad con desempeino equivalente.

https://cminuttim.qgithub.io/PumaMedNet-CXR/



https://cminuttim.github.io/PumaMedNet-CXR/

PumaMedNet — Hernia

#% PumaMedNet-CXR

Dynamic Interpretability Interface for Chest X-ray Analysis -

Fanered Dy the NIMIC-(T dotosel - 26 ivadase (Iosses

Results

Input Image Dynamic Heatmap Disease Probabilities

Generated Report Impression

Cosme similarity: 08205

https://www.radiologymasterclass.co.uk/gallery/chest/mediastinum hilum/hiatus hernia



https://www.radiologymasterclass.co.uk/gallery/chest/mediastinum_hilum/hiatus_hernia

MedGemma — Cardiomegalia

Briefly report the findings in this CXR Image

Cardiomegaly: The heart appears enlarged (cardiomegaly).
Prominent Pulmonary Vasculature: The blood vessels in the

Possible Lung Disease/Fibrosis: There might be some subtlg
indicating underlying lung disease or fibrosis, although this i

comparison with previous images.

Key Findings:

Cardiomegaly: The heart sopemrs anlarged {cardiomegaly)

Prominem Pulmonary Vasculature: The blood vessels In the Wngs seem mare prominess than usual

Possible Lung DiseasefFibrosis: There might be some subtle changes or ncraased marsings in the lung fields, potertially

ndicatng underlying lung dissase or fibrosis athough his is difficult to assess definitivaly without clinical context and

CIMOATISON WEh pravicus iImages

Summary: The most notabiée finding 15 cardiomegaly (enlx ged Reart), Other observalions Include promnses

vascuature and possible subtle changes in the lung parenchyma. A definittive diagrassisTegures correlaton with the patent's

clinical Nstory and potantially further Imaging or tests
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Conclusiones
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