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The Design of an

Deep Learning

by FRANK ROSENBLATT

Introducing the perceptron — A machine which senses,
recognizes, remembers, and responds like the human mind.

https://news.cornell.edu/stories/2019/09/professors-perceptron-paved-way-ai-60-years-too-soon
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e [.ots of unstructured/semi-structured data, such as text,

images, and audio from experts
o quality & traceability
e Natural Language Processing (NLP ) tasks:
o Named entity recognition, text classification
e Image recognition
o QObject detection, Segmentation, Classification

e Multimodal analysis

(TN
™ < WHAT WEKNOW...

<« THEREST...

Schoch, Christof. "Big? Smart? Clean? Messy? Data in the
Humanities?." Journal of the Digital Humanities 2.3 (2013).

Big Data & Machine/Deep Learning

The Traditional Programming Paradigm

Inputs (observations)

il”

Programmer —» Program —> Computer —> QOutputs

(i |

Machine Learning is the field of study that gives computers
the ability to learn without being explicitly programmed
— Arthur Samuel (1959)

Machine Learning

Inputs —e
Computer —> Program

Outputs —
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Al, Machine Learning & Deep Learning

An artificial neural network is an organized set of

Artificial Intelligence interconnected neurons used to solve complex problems such as

b o araris taking dotisions computer vision or natural language processing.

Machine Learning

Programs taking decisions based on
models with parameters trained on data

output layer
input layer input layer

Deep Learning hidden layer hidden layer 1 hidden layer 2

Programs taking decisions
based on deep models

https://blog.sinatechnologie.com/presentation-des-reseaux-de-neurones
-artificiels

e = Mk
A
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Convolutional Neural Network (CNN)

e (CNNs were one of the key

. . fc_3 fc_4
innovations that led to the deep BT AT SO
: 5 Neural Network Neural Network
neural network renaissance in G i T "y
S Convolution Convolution 1 s ~
ComP uter vision (5 x 5) kernel Max-Poolin (5 x 5) kernel Max-Pooling E: :
: valid paddin R valid paddin (with
e Most well-known image pecding 2x2) padding  (2x2) dropout)
recognition and classification - N N A A @o

@@@@@
o

algorithm. - | F
e A typical CNN consists of a . -
combination of | W | [%
o convolutional, | ™ | . LT
INPUT n1 channels n1 channels n2 channels  n2 channels

O POOlmg’ (28)(28)(1) (24x24xn1) (12)(12)(01) (8"8"“2) (4’(4)(”2)
o  and dense layers

OUTPUT

n3 units

https://towardsdatascience.com/a-comprehensive-guide-to-convolutional-neural-networks-th
e-eli5>-way-3bd2bl164a53

En Mk
AT
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. A ‘ Output Multi-head attention
Probatbilities
Softfm 2 Linearl
Linear
. A
e SeqZseq tasks without recurrent . x [Concat J
: Add & Norm
units Feed
. Forward Scaled Dot-Product i
e Encoder decoder architecture r 1 T ) Attention h Scaled dot-product attention
e Multihead self attention (A Ah‘jdlfr:‘”;“
X uitl- 'ea l
e Large language models (LLMs) FoeHl] Chtesn ] 0, [f Vatitul_)
° \ A
like as ChatGPT and BERT have s 1 C / [SoftMax |
Add & Norm
. . \ : i
achieved cutting-edge outcomes : Add & Norm Vosred (ekioat)
. . . . Multi-Head Multi-Head
in a variety of NLP applications antn | Attention .
: : 1 7 S ) |
e and have since expanded into \ I )l
MatMul
other fields such as Computer Positional @_6‘9 6;)—@ Positional —
. . . . Encoding Encodin
Vision (VIT, Stable Diffusion, - - o Q KV
LayoutLM) and Audio (Whisper, E”‘b‘}dd‘”g E’“bef’d‘”g
XL S —R) ) Inputs Outputs
(shifted right)
Vaswani, Ashish, et al. "Attention is all you need." Advances in neural information
processing systems 30 (2017).
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THIS 1S YOUR MACHINE LEARNING SYSTEM?
V

YUP! YOU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

l
WHAT IF THE ANSWERS ARE LWJRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT:

Foundation models

https://xkcd.com/1838/

hédrale de d . ;. . e EN ' ”]@E”
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https://xkcd.com/1838

Foundation model

Scaling : large deep learning model (with several
hundred billion parameters) that has been pre-trained on
a massive amount of data (tens of millions of images),
using several hundred of GPUs

Without being expressly trained on them, foundation
models can accomplish a variety of functions.

= Zero shot Learning

Have demonstrated great effectiveness in a variety of
applications, including cross-modal retrieval, zero-shot
categorization, and text-to-image/video/3D production.
Multimodal foundation models are simultaneously
trained using many modalities

For example, given a short natural language prompt |,
DALLE or Midjourney, may execute tasks like answering
questions, producing essays, or generating images.

Transfer learning : process of applying "knowledge" from
one task (for example, object detection in photographs)
to another (for example, activity recognition in films).

N Trainin
Speech ! V. 9

Structured

. Data

3D Signals é

.

Foundation
Model

Adaptation

Tasks
Question 9
<7 Answering :_?%
Sentiment
L% ' Analysis
Ay, s
< /
%‘u‘. Information
A\, Extraction -

Ne Image
L. Captioning

/4 =/
. Object
B % Recognition
e&‘.’? . ‘ -

: Instruction
é%,g . Following .. -
W /b

L e —

Bommasani, Rishi, et al. "On the opportunities and risks of foundation

models." arXiv preprint arXiv:2108.07258 (2021).
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1. Transformer architecture

2. Language model pretraining
3. The alignment process

imlafraidiwe need to

\>

-
- '

Large Language Models

Three main components :

Y,

ChatGPT —_

I

) <G 1 R Add & Norm
Lt ) Mort-Head
Feed Attention
Forward 7 7 Nx
~—
Nix Add & Norm
f-" Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
— 7 _JJ
Paositional o) ¢ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

(" )

Transformers +

Pretraining

Alignment

/ Pre-Training \

¢ niy Language Model Language M
OO —— |
¥ % gy ¥ = =
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SE— S ) . = AR
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Cameron R. Wolfe, Deep (Learning) Focus
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Generative Pre-trained Transformer 3

o S t t « f 1 . t t,, The three settings we explore for in-context learning Traditional fine-tuning (not used for GPT-3)
ySteln PI omp uselul assistarl
Zero-shot Fine-tuning
The model predicts the answer given only a natural language The model is trained via repeated gradient updates using a
. el : . description of the task. No gradient updates are performed. large corpus of example tasks.
* User initial question to start dialogue
ranslate English to French: task descrintion ea otter => loutre de mer example #1

e Start prediction

One-shot peppermint => menthe poivrée example #2

¢ InteraCtiOH With AI bOtS In addition to the task description, the model sees a single

example of the task. No gradient updates are performed.

— With the proposal of GPT-3, we saw for the first time rnace EgLal o Frseth

sea otter > loutre de mer example

that In Context Learning (ICL) is an emergent ability o
of LLMs.

Few-shot

[CL = use information in the context window to e e .
generate better output

cheese => prompt

Translate English to French: task description
. sea otter => loutre de mer xample
Brown, Tom, et al. "Language models are few-shot learners." Advances in
. o . peppermint => menthe polivree
neural information processing systems 33 (2020): 1877-1901. e
plush girafe => girafe peluche
cheese => prompt

Ex A
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LLM Architecture

e Generative LLM: decoder only architecture — Probabiltes .—.ﬂl—l_
generate sequences of texts sormm 1
e Pretrained: @)= —"

o takes a model at the start that’s D51 € 3
completely random (weights) = no Lmeaﬂayer §
knowledge %%7@ 3

o  the learning objective is next token T | S :
prediction I

o0  use giant corpus data from internet — a : )
unlabeled = self supervised learning '

[ Decoder-Only Layer ]
o  general purpose model [ } | <>

° Input — Context Window Feed Forward Neural Network
® Embeddmg layer K[ Multi-Head Masked Self-Attention J /
e Processing the input: Transformer i
o Attention, Feed Forward
e Softmax — Probability distribution

Decoder-Only
Transformer

+ Positional Embeddings

Actual Next Token

Input Token Embeddings

LLM #s are cool

Cameron R. Wolfe, Deep (Learning) Focus

Ex A
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Vision Language Model

e A VLM is a type of model that is designed to process and
understand both visual and language information. VLM typically

consist of two main components: a visual encoder and a language

A Non-local algorithm for

encoder. skt o o fisgs decokine
] . . . . NeurlPS 2017) (Buades, Coll, Morel, CVPR 2005)

e The visual encoder is responsible for processing the input image

and extracting high-level visual features, such as objects,

. . . . . . o o Large body of follow-
attributes, and relationships. This is usually done using a vision Attention is all you need S up work
(Vaswani et al, NeurlPS 2017) 2:;‘; utivttlc':)rlr 193;9;’
transformer . l
: : : : IMAGE

e The language encoder is responsible for processing the input NLP AR EEEE

Non-local Neural Networks
(Wang et al, CVPR 2018)

text and extracting high-level linguistic features, such as words,
phrases, and syntax. This is usually done using a transformer . \
e The two encoders are then connected by an attention Vit COMPUTER

(Dosovitskiy et al, ICLR 2021) v I S I O N
mechanism , which allows the model to selectively focus on the

relevant visual and language features for the task at hand. Christian Wolf, 2023

e One example of a vision-language model is the Segment
Anything Model (SAM) , which is a model that can segment any
object in an image given a prompt.

. , . : R Em , MM s |,
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Vision Language Models
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Detection & Segmentation

e Object detection = techniques like bounding boxes are
used to localize objects within the image.

e Semantic segmentation =the model can assign a class
label to every pixel, resulting in a detailed segmentation
mask that precisely outlines different objects and regions
in the image.

® Deep learning can act as a powerful tool for experts to
automates tasks and opens doors to new applications.

e [earn from vast amounts of data and identify increasingly
intricate features.

e Additionally, deep learning architectures can be adapted
and fine-tuned for specific tasks and domains by
leveraging pre-trained models on massive datasets.

— automatic annotation & segmentation

Modeéles de Fondation pour I'annotation, la segmentation et la reconnaissance de formes. Kévin Réby, MAP-CNRS Une cathédrale de données numériques et connaissances pluridisciplinaires MINSTERE URe M SR e e
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Segment Anything Model (SAM)

SAM predicts multiple mask possibilities with a single click. Select an object to start.

e Foundation model for
segmentation
e The model predicts binary

masks that state the presence
or not of the object of
interest given an image.

e You can prompt multiple
points for the same image,
and predict a single mask.

e Generalization = zero shot
learning

Modéles de Fondation pour |'annotation, la segmentation et la reconnaissance de formes. Kévin Réby, MAP-CNRS
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SA-1B Dataset

e SA-1B dataset:
11 millions images

1 billion annotations
o 256 GPUs
e Generalization
e Segmentation only (no labels)

ey vk Chast Moy
2 THINH THANH
-

." - -
% B A

Kirillov, Alexander, et al. "Segment anything." Proceedings of the IEEE/CVF International
Conference on Computer Vision. 2023.

, , . : T Em =2 mhm
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SAM Architecture

Encoder :
Masked AutoEncoder (MAE)
Pre-trained Vision Transformer (ViT)

Decoder:
Transformer+MLP = classifier

image
encoder

e The model predicts binary masks
that state the presence or not of
the object of interest given an
1mage.

e  You can prompt multiple points
for the same image, and predict a
single mask.

-~ @—-

image
embeddings

lightweight
mask decoder

T T T

prompt encoder

(xI.v]).(x2yv2)

box

points

valid masks

<. confidence
score

| 2 . confidence
— < score

-

text

, confidence
= score

Kirillov, Alexander, et al. "Segment anything." Proceedings of the IEEE/CVF International
Conference on Computer Vision. 2023.
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Vision Transformer

e Vision Transformers is an architecture
that uses self-attention mechanisms
to process 1mages.

@ The Vision Transformer Architecture
consists of a series of transformer
blocks.

e FEach transformer block consists of
two sub-layers:

o amulti-head self-attention
layer
o and a feed-forward layer .

Class
Bird

Vision Transformer (ViT)

Ball [
Car

MLP
Head

Transformer Encoder

e > @5 @5 @fb

Linear Projection of Flattened Patches

* Extra learnable
[class] embedding

A

[
I I I I
-5 R A

§

Transformer Encoder

+ )t—

Multi-Head
Attention

A4 &

Norm

|

Embedded
Patches

Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers for image

recognition at scale." arXiv preprint arXiv:2010.11929 (2020).
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Masked Auto Encoder

e Strategy that works well in computer &
vision: masking a very high portion
of random patches . -~ =

e This strategy largely reduces =|===; g " — =5gg:
redundancy and creates a challenging ¥y M —*." encoder  —»  |decoder — — [ Il M
self supervisory task that requires ==== ' ====
holistic understanding beyond — " —
low-level image statistics.

e The autoencoder’s decoder, which .
maps the latent representation back
to the input, plays a different role
between reconstructing text and
. He, Kaiming, et al. "Masked autoencoders are scalable vision learners."
1mages. Proceedings of the IEEE/CVF conference on computer vision and

pattern recognition. 2022.
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Automatic mask generation

iInput = just the image, without prompt

. T = b

-9 )

IR <
«

i
1
- »

;

L]

:

)

:

d»

!
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Prompts

500 -

1000

inputs = image + point

Rl T TR I

‘ .
‘&» 10 5 2 24 478 nenetshenh Snh At SO G S e o o §

outputs
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DELACULTURE . Il
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Example
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inputs = image + multiples points
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Input:
® image
e prompt = points and/or bounding boxes

= The model predicts much better results if input 2D points and/or input bounding boxes are provided

-
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!
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e B R R

3

How to have
bounding boxes ?
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DiNO (self-distillation with no labels)

* A Student ViT learns to predict global features in an Q loss: O
P2

image from local patches supervised by the cross entropy - p2 log pi

loss from a momentum Teacher ViT’s embeddings while —— sg
doing c.:entermg and sharpening to prevent mode. collapse ——— pra—
* There is a teacher and student network both having the
same architecture, a Vision Transformer(ViT) . centering
* The teacher is a momentum teacher which means that
it’s weights are an exponentially weighted average of the student gp, cma_ -
student’s.
* The network learns through a process called
‘self-distillation X, X
* The teacher and student each predict a 1-dimensional
embedding.

* A softmax along with cross entropy loss is applied to
make student’s distribution match the teacher’s: The
Caron, Mathilde, et al. "Emerging properties in self-supervised vision

cross—.entropy loss tries to m.ak.e th.e two distributions the transformers." Proceedings of the IEEE/CVF international conference on
same just as in knowledge distillation . computer vision. 2021.
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banister 0.31

But what about labels ?
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CLIP (Contrastive Language-Image

Pretraining)

happy hippie
hamster

SE—

Language projection

matrix w
T " : }
Text
-~
encoder
Image =
encoder

Vision projection
matrix W

Text embedding (D )

Image embedding (D )

Multimodal

embedding

of text
Cosine

= similarity

score

Multimodal

embedding

of image

Both encoders and projection matrices
are jointly trained together from
scratch.

The training goal is to maximize the
similarity scores of the right (image,
text) pairings while minimizing the
similarity scores of the wrong pairings
(contrastive learning ).

Radford, Alec, et al. "Learning transferable visual models from natural language supervision.”
International conference on machine learning. PMLR, 2021.
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CLIP

labels are wrong !
= need for
controlled
vocabularies !
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Réby, Keévin, Anais Guillem, and L. de Luca. "Semantic Segmentation using Foundation Models for Cultural Heritage: an Experimental Study on
Notre-Dame de Paris." 4th ICCV Workshop on Electronic Cultural Heritage. 2023.
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Foundations models for Detection &
Semantic Segmentation

Opentheso
thesauri management platform

Aioli

2D - 3D annotation software

Notre Dame digital environment

window

y

[ Images J Database [ controlled vocabulary }

Prompt

/ /

A 4

A 4

[ bounding boxes [ segmentation masks [ labels J

Réby, Kévin, Anais Guillem, and L. de Luca.,”"Hybrid construction of Knowledge Graph and Deep
Learning experiments for Notre-Dame de Paris’ data”, REAACH Symposium 2023
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Knowledge Grap
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Stone alteration patterns

Chromatic Alteration & Deposit

Material Loss @

Detachment

Discontinuities

Biclogical Colonization @@

Degradation Dataset

hierarchy :

Bleaching

Salt Efflorescence

Lead Deposit

. Erosion
. Lacuna

Scaling

Flake

. NOBILIER

CASSEE

ECAIL

DECOR
EXTLORESCENCE
FISSURE

VITRAUX

Laura Willot 2024,

ETIS, MAP, LASTIG, FSP

g IE_ CH CA19

| @@ CA19 GENERALites
V| @ CA19 DIAGnostic

4 [/] € DIAG DECORS PEINTS
CA19 LACUNE1
CA19_LACUNE2

CA19 LACUNE3

cecocee o

CA19 LACUNE4

LACUNE15
LACUNE16
LACUNE17

CA19_LACUNE18
CA19_ECAIL10

CA19 LACUNE19
CA19_LACUNE20

CA19_ECAIL11

9]
1%}
o

/7
4]
]
4]
o
4]
4]

CA19_LACUNE21

Types de régions annotées sur I'image dans Aioli et exemple de description
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COCO format =

"date created": "2024/05/29",
'description”: "IE CH CA1l9",
o ‘url": "https://public.aioli.map.cnrs.fr/spritz2 ldl/index.html?projectId=624c06c2bc7ad",
1. Informatlons “contributor”: "MAP (CNRS, UPR 2002)",

version": 1.0

2. Images: The dataset contains a list of images, each represented as an object with
the following attributes:
o id (unique integer identifier)
o width and height (in pixels)

o file_name (the file name of the image)

O aiOli_url (ur]. to the image used in AiO].i) id": 39435100101575257789575821898628447731927249728,
file name": ‘ITERA)(L?:’\? ]1;!60157%1[)? : .
3- Categories : The dataset iIlChldeS a liSt Of ObjeCt CategOrieS, eaCh represented aS 8. (u:ﬂ)Tl““jh*t[LhCﬂ)Jl]}hiﬁirji(r,ﬂfmTrmkgnw—lr|A'L)P,;t0]~<°n24<06ut|71riumutfl/lmfwITER ca 19 04572.]

degradation phenomenon with the following attributes:

o id (unique integer identifier) f

annotations”: [

o name (the name of the category, e.g., "Bleaching", "Erosion", "Flake") \

id": 6708372542194208765605262249071277104351621160775136,
image id": 39435100101575257789575821898628447731927250984,
category id": 8,
bbox": [

4369.460506135343,

5783.439074012593,

512.2218119739473,

290.68233162931756

category": "ChromaticAlteration§

o supercategory (the name of a higher-level category, e.g.,

me": "SaltEfflorescence",

"ChromaticAlteration&Deposit" for "Bleaching") T R R

4. Annotations : The dataset contains a list of annotations, each representing an !,

segmentation”: [
[
4726.463587205419,
6074.12140564191,
4696.830920395237,
6027.555789410735,
4719.408190339847,
6017.678234452701,
4720.819269712962,
5980.99017318271,
4734.930063431494,
5976.756935341076,
4729.285745951649,
5961.235063263491,
4737.752222177724,

object instance in an image. The annotations have the following attributes:
o id (unique integer identifier)

o image_id (the id of the image this annotation refers to)

o category_id (the id of the category this object belongs to)

o bbox (a list of four floating-point numbers representing the bounding box of
the object, in the format [x, y, width, height], where x and y are the
coordinates of the top-left corner of the bounding box)

o segmentation (list of pixel-wise segmentation masks for the object, Laura Willot 2024,

represented as a list of polygons, where each polygon is a list of [x, y] ETIS, MAP, LASTIG, FSP

coordinate pairs)

, , . . e EN ol
Modéles de Fondation pour I'annotation, la segmentation et la reconnaissance de formes. Kévin Réby, MAP-CNRS Une cathédrale de données numériques et connaissances pluridisciplinaires DELACOLTURE o™ il
32 19 = 21 juin 2024, Campus CNRS Joseph Aiguier, Marseille I TR

Fraternité REBATIR NOTRE-DAME DE PARI




Ongoing research

cnrs

Le

Domain adaptation

o  Degradation phenomena

O  1nstance segmentation
Fine-tuning models
Segmentation dataset

o  COCO format
Knowledge Distillation
GPUs: Jean Zay

Image
only data:

/' Vision “,
' Foundation
.  model |
. (student) /

(from scratch)

::I:: Frozen weights -

‘ @ Trainable >
.

Teacher 1: * |
DINOv2

v

it::: r1|t Multi component
distillation loss

DINOv2

Teacher 2: *
CLIP

v

/ Student ! .
i hoad 9 Multi component

CLIP distillation loss

Teacher 3: *\

SAM
3
?\tudent Multi component
DA distillation loss
SAM
Framework

Pixel-level
visual tasks:

Text grounding:

A vintage radio
on white sandy
beach, a colorful
beach ball
nearby

Semantic

Ranzinger, Mike, et al. "AM-RADIO: Agglomerative Model--Reduce Al
Domains Into One." arXiv preprint arXiv:2312.06709 (2023).
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