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Road Map

N\

Al as a Black Box — Concepts and Foundations
Opening the Box (1) — Traditional Machine Learning

Opening the Box (2) — Deep Learning

/
‘ Modern Al and Research Directions
/
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The Core Problem in Al

“How can computers understand language, images, and

meaning?”

= Computers only understand numbers.

= So Al needs a way to convert: Cat
Dog 0.12, -0.44,
> words H 0.91,0.33
] Paris ST Ty el
° images Y.l gt
o sounds ™
into numerical representations.
Humans understand Computers only
words, images, and understand numbers
concepts naturally. (vectors).
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Embeddings: The Foundation of Modern Al

* Embeddings are numerical representatlons that capture meaning.

Example: Word Embeddings (2D projection)

A
: cat - car
¢ 4 animals O i vehicles
Bl ¢ ruc
S R iy 0
0 etiger ® bus
")
c
£
i king - e N, ¥
, paris . D
Q ¢ p— ® ; ' cities
® Qu london
O royalty o '’
o prince @ tokyo |
Dimension 1

Dimension 2

____________________________________________________________________________________________________________________________________________________________________________________

= Words with similar meanings are represented by nearby vectors.
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The “Good” Embedding?

s \
Germany — 0o = — Rome
man walked Berlin
O V. Turkey -\
iy % 3¢ Ankara
) “s.,  Woman .
"~ ‘ swam . .
king T- % o O SRS Moscow i
T walking _," Canada Ottawa
queen gt vpaD Tokyo
B O Vietnam Hanoi
swimming China Beijing
Male-Female Verb tense Country-Capital

________________________________________________________________________________________________________________________________________________________________

= vector[Queen] = vector[King] - vector[Man] + vector[Woman]

= vector[Paris] = vector[France] - vector| Italy] + vector[ Rome]
> This can be interpreted as “France is to Paris as Italy is to Rome”.
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Embeddings are used for many types of data

Text Embeddings Image Embeddings Audio Embeddings

Used in: ( = Used in: Used in:

——— « Chatbots O « Image search "I |||‘ « Speech recognition

R « Search /><\ « Classification » Speaker ID

L « Translation « Recommendations » Music recommendation
e LLMs « Retrieval » Sound understanding

“I love reading books.” @ (image) "'I 'I' ™ I‘“"'"h' (audio)

—> vector S A — vector - vector
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Embeddings aren't just for words/images!

In biology, an embedding could represent a protein sequence.
in finance, an embedding could represent a Customer or Transaction.

In Civil Engineering, an embedding could represent a structural behavior.

etc
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Embeddings aren't just for words/images!

NLP / Language : o
C ter Visi Multi
omputer vision BERT ROBERTa uitimoda
CLIP ResNet DeERTa  CLIP
DictIBERT ELECTRA BLIP-2
ViT (Vision Transformer) ISW ALBERT DeBERTa  Flamingo
Swin Transformer  ConvNeXt GPT-4 / GPT-40 XLNet VEaVA  KBsifiogs2
EfficientNet DETR GPT-3.5 / InstructGPT
icientNet DINOv2 TS / UL2 GPT-4V / GPT-40
BEIT  Segment Anything (SAM) Llama 3 (8B, 70B) Gémini
Gemma emini 1.5
YOLOv8 PaT5 Llama 2 (7B, 13B, 70B)
Speech / Audio Phi-3 Flan-T5 Time Series / Forecasting
Whisper - Scientific / Biology TimeGPT Informer
Wav2Vec 2.0 5
Autoformer N-BEATS
HuBERT  SpeechT5 ProtBERT AlphaFold 2 ESMFold iz
inear
VALL-E  AudiolM ProtT5 GearNet Galactica BioBERT
Domain Specific
(Healthcare, Finance, etc.)
Geospatial / Earth -
Prithvi Graph / Networks BioBERT  ClinicalBERT
ricnvi .
SAEARE GAT (Graph Attention Network) FInBERT BloombergGPT

—— SwinUNETR Pangu-Weather

Graphormer Med-PaLM 2
- FengWu GraghCast Dﬁ' _l iiﬁiii Cohere Command R .



How to use these models in your research?




How to use these models in your research?

FEATURE EXTRACTION
(Representation Reuse)

Use a pretrained model as-is to
convert raw data into features.

PROMPT ENGINEERING

(Behavior Control)

Use the model as a reasoning engine
controlled by well-designed prompts.

(3

Adapt the model to your domain by
training on your data.

(Domain Adaptation)

FINE-TUNING

Pipeline Pipeline Pipeline
@ = . . a —_—— ( ;
8 Your — @ —_— @ l D
W’ > 0 > | Model > = =
v (ML / Stats / | A i Pretrained Structured Fine-Tuning
l = Pretrained f Classical) Model Output / E] Pretrained | on Domain Output /
= Model ° e (LLM) Analysis / Model | Data Prediction
(FROZEN) Input / Data / \ Answer Raw |(STARTING POINT) .
Raw Data Embeddings / Question { 3 Data
Features 7 7 S ) - | [ 17 g T P
Prompt Engineering Training Data |
R 2 2 S A |
= ' (9) '
E s Vo = =] @ |
Examples ; Examples ; ; : | ‘
Instructions (F ‘:‘ 9 Role / Context Constraints Labeled Data Domain Text Experiments  Logs / Sensors |
ew- |
* Medical images — features — disease classifier e [ e ’ ‘
« Research papers — embeddings — topic clustering Examples Examples

» Extract variables from scientific text
« Classify outcomes or generate hypotheses
* Summarize literature and create reports

« Clinical notes — fine-tuned medical LLM
» Materials data — fine-tuned property predictor
+ Engineering data — failure prediction model

« Sensor signals — latent features — anomaly detection

4 Fast to use * No training needed * Works well with
#¥  limited data

? Best performance in domain ¢ Captures domain
patterns ¢ Requires data & training

* Flexible « No training needed ¢ Rapid iteration




& x 2 huggingface.co/models 1 B & @ O o

~  Hugging Face Models Datasets Spaces ® Buckets new Docs Pricing ~= @
PENs Tasks Libraries Languages Licenses Models Full-text search Inference Available Tl Sort: Trending
Other

% deepseek-ai/DeepSeek-V4-Pro

Tasks

[ Text Generation  Ji{ Any-to-Any

Image-Text-to-Text [ Image-to-Text @ openal/privacy-filter

[ Image-to-lmage [ Text-to-Image

It Text-to-Video sl Text-to-Speech  +44 @ XiaomiMiMo/MiMo-V2.5-Pro
Parameters

= 1B 6B 12B 328 1288  =500B % deepseek-ai/DeepSeek-V4-Flash
@ 9
Libraries _
i Qwen/Qwen3.6-27B
) PyTorch  F TensorFlow — o JAX

% Transformers  # Diffusers GGUF

M mistralai/Mistral-Medium-3.5-128B
MLX s Transformers.js & Safetensors
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€« > (€ 2% huggingface.co/Rostlab/prot_bert b B & @ O o

~ Hugging Face Models Datasets Spaces ® Buckets uew Docs Pricing ~= Q

o prot_bert T ©iike Follow @ Rostlab

£ Fill-Mask % Transformers 3 PyTorch # Unirefl00  protein language model protein

Model card Files and versions < xet Community i </ Deploy ~ [zl Usethis model

¢ Edit model card

Downloads last month
Frﬂtaert modEl 452’5]’5 M

Pretrained model on protein sequences using a masked language modeling (MLM)

It was introduced in this paper and first released in this repository. This Inference Providers wnew ® = HFInference AP

model is trained on uppercase amino acids: it only works with capital letter amino  Eill-Mask Eamples v

acids. )
/A No mask token found for this model.

Model description

ProtBert is based on Bert model which pretrained on a large corpus of protein
sequences in a self-supervised fashion. This means it was pretrained on the raw Generate

protein sequences only, with no humans labelling them in any way (which is why it «I> View Code Snippets 03 Maximize

DR. RIAD SONBOL - Al FOR INTERDISCIPLINARY RESEARCH




FEATURE EXTRACTION
(Representation Reuse)

Use a pretrained model as-is to
convert raw data into features.

Pipeline

(@)

(@)

(@)

(@)

X ) (ML / Stats /
— Pretrained ; Classical)
= Model ©
(FROZEN)
Raw Data L ) Embeddings /

Features

Examples

» Medical images — features — disease classifier

» Research papers — embeddings — topic clustering

« Sensor signals — latent features — anomaly detection

&

Fast to use * No training needed *« Works well with
limited data

from sentence transformers import SentenceTransformer
from sklearn.linear model import LogisticRegression

# 1. Frozen pretrained encoder
encoder = SentenceTransformer("all-MinilM-L&6-v2")

# 2. Your research dataset
texts = |
"Patient shows signs of pneumonia®,
"No evidence of lung disease”,
"Severe respiratory infection detected”

]
labels = [1, 8, 1]

# 3. Feature extraction (no training on encoder)
X = encoder.encode(texts)

# 4. Downstream model
clf = LogisticRegression()
clf.fit(X, labels)

# 5. Prediction
test = encoder.encode(["Possible lung infection™])
print{clf.predict(test))




PROMPT ENGINEERING
(Behavior Control)

Use the model as a reasoning engine
controlled by well-designed prompts.

Pipeline

E.le o

()

| : : Pretrained Structured
Model Output /
(LLm) Analysis /
Input / Data / _ Answer
Question : \&
Prompt Engineering
©) O =
@ X D Y=
Instructions Examples Role / Context  Constraints
(Few-shot) ol

Examples

« Extract variables from scientific text

« Classify outcomes or generate hypotheses
« Summarize literature and create reports

* Flexible « No training needed ¢ Rapid iteration

from openal import OpenAl

client = OpenAI()

pr"Dmpt = (I}
You are a biomedical research assistant.

Extract from the text:
- disease

- symptoms

- treatment

Return JSON only. _
Text: The patient has fever and cough, treated with antibiotics. |

response = client.chat.completions.create(
model="gpt-4.1-mini",

messages=[{"role”: "user”, "content”: prompt}]

print{response.choices[6].message.content)




# 1. Domain dataset
data = {

9 FINE-TUNING "text™: [

(Domain Adaptation) "MRI shows brain tumor”,
"Mormal CT scan”,

Adapt the model to your domain by "Abnormal cardiac rhythm detected”

training on your data. 1,
"label™: [1, 8, 1]

| (STARTING POINT) | A\
AN /

Pipeline }
@ O « dataset = Dataset.from dict({data)
W - > II|
= Fine-Tuning # 2. Model
= Pretrained on Domain Output / model = AutoModelForSequenceClassification.from_pretrained( "bert-base-uncased"”.
Model | Data Prediction
Raw
Data

# 3. Training setup
: ﬂmh&éomérd heli] i args = TPElﬂ%ﬂgﬁPgumentﬁ{
' output_dir="./model”,

@ 2‘3 () num_train_epochs=3,

per_device train_batch size=8

Labeled Data  Domain Text Experiments  Logs / Sensors

Examples

« Clinical notes — fine-tuned medical LLM

« Materials data — fine-tuned property predictor
» Engineering data — failure prediction model

trainer = Trainer{ model=model, args=args, train_dataset=dataset )

x ) # 4. Fine-tune
(!; Best performance in domain ¢ Captures domain trainer.train()
patterns  Requires data & training )

# 5. Now model is domain-specific




How to build these Embedding Vectors




Multiple hidden layers
process hierarchical feat

layer \ //
\\\\\ llll . \\\‘
/ A\ e A “

.\\’ ,'I. \‘ wVia. ' ll.

' \\\ Y "l’ \'\V LA ":' ::':7 :
‘vo ¥ ' ; ..v. '0‘0'* .o = S € Output:
" 0" "‘ Q"’ « ¥ », ‘George’
‘ ' {v, - ~/ 5% \.. } \ ' ‘
7% ‘ \\\\ JII/; S .:‘\\ d; ; :“ S ‘.- - |
Input "’6 \‘{ 55’ ‘ :\‘ / :‘ R
2HES ' r ay
\‘ﬁ’/h&.\\ 0‘ il
\ ‘ N ‘ ] enti
Identi //, ‘ ~ combinations
light/dark or features
pixel value \ Identify |dentify |dentify
edges combinations features
~——3 of edges —7

i HEP “H® mEs GAER
or L BEY NEF HEH

o i ——————t—




Example: CNN

Max Pooling
A new image

Convolution

Max Pooling

A new image

Flatten ’



Multiple hidden | The embedding depends entirely on
SIGEE eIl the task the network is trained on.

B UT. .o Input _, () !.‘
\

e, W . v,

4 fh Q}\)V SR ;\‘\\"v XA =t

\\\’,//// N :@,{ZA\\“{\\’ﬁ, 7
0

N N7 ST N r 3 o e Py
h S A v . S O - A,
I 7 7L ORI RPN, S
DTG I T NN
y E

Output

/]

W'y ;.//\\;:3& POSINT N R 09 ?/?‘
% XV KON IEHELL PN RPN Sl 5%
e ;v:.: ’f:‘:‘ SEEIT 4:.53' X %28 = , Output:
Pl 3 ANT O 4 0 B0 RX K e ST AT . ; ’ ’
RIS LD RS () Ceoree
K DN N KO 9 '
o OB o}
npu AP, N PRI DTN RFAR KON
XA 2SN ZROSK
’A\‘\\}.{@)ﬁ‘)\&}%é{é , ,}‘\ %.4 7
; ; ‘ g .
T~ NN ety
Identify R ' §®/ combinations
light/dark . a n 1 or features
pixel value Sy Identify ESlb Il They require large labeled datasets!
edges combinationg
——— of edges

e E . |
| - - |
- T
g




Solution: Self-supervised learning

= This idea—“given a word, predict the surrounding words”

she had to pay using ____instead of any digital or card-based method.

¢ SEMANTIC MEANING CLUSTER: “PHYSICAL CURRENCY

&) (Al

COINS / g2\ MONEY

The model is not learning exact word replacement. It is learning a region of meaning.



word2vec

____________________________________________________________________________

Output layer E \Input layer
: | o

[eXeXe]

Vi

= O mm

[C
[©

X

=

/

Input layer

E ol \ Hidden la}_fg;,faoutput layer
0 o} —\ _— g
: o -

& o 7 X2k :}
O

. - o
V-dim —

z  /

';J’CJ ? 71&/
Xer |

. :/

CxV-dim o/ CxV-dim




Embedding Vector

WordPiece tokens: best - selling music artists
= = = =) ¢= = = S s =

-0.11 0.01 -9.01 0.06 -9.02

0.01 0.07 -90.03 0.11 0.00

Embeddmg vectors: -9.17 -9.04 0.15 0.05 -0.05
©.13 -9.05 ©.00 0.14 0.05

-90.13 -90.11 -0.07 -90.12 -0.12

-0.069 -0.25 0.05 -90.04 0.02
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But... Contextual Embedding

; a nice by the river
i |e.e2| |e.e3 000 |00d [e.e:
i |e.02 0.2 .03 -0.03| |-0.04

______________________________________________________________________________
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Solution.. Attention

\ ’ 0.02

Attention

a || nice by the | | river

- - — - - - - - g -
e.e2 .03 -8 8;] -9.04 -g.0e1

.02 -0.02 8.83 -9.03 -9.04 .04 -9.01

— — — — — — — — — — — — — — — -

—~ - - - r— - — - r—- - — - r~ T ™ - ™~ - - - - - r—- - - - - -
0.29 .48 0.51 .30 -9.13 0.29 .29 0.32 e.39 0.37 9.38 0.60 .46 0.39

0.19| |-0.e4] |-0.03] |e.es 8.15 9.13 8.10 0.37| |e.2e| |e.34 8.02 9.19 0.24| |-0.08
= = x s = ~ = %, = v = = = = ~ = = ~ = 2 2 = =2 = ~ = ~ = 2 = 5 =
~ ~ ~ ~
‘promenade waterside goto cash-machine
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Transformers

= a Transformer architecture can
be designed in three different
ways depending on the task and

/ Qutput

Probabillities

\

objective:
= 1. Encoder-Only Transformers
BERT Ationton GPT
= 2. Decoder-Only Transformers Oct 2018 \ N> Jun 2018
Nx
= 3. Encoder-Decoder , o Toad Mot Head ;
Transformers (Seq2Seq) RepiEasantation uonnJ || | [ i Generation
S — J s —
Positional Positional
Encoding ®_(? 6{)_® Encoding
\ Em ‘1 z‘ ding E *(1-?;’1"1(; !ﬂg /
I I
Inputs Outputs
(shifted right)
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Transtormers.. The LM Era

/ Output \

Probabilities

GPT - 2018
BERT - 2018 P \ GPT-2- 2019

..
DistilBERT - 2019 == GPT-3 - 2020
RoBERTa - 2019 / ™ Forward GPT-Neo - 2021

ALBERT - 2019 GPT-3.5 (ChatGPT) - 2022
ELECTRA - 2020 (] Muti-Head F] LLaMA - 2023
DeBERTa - 2020 T5 - 2019 GPT-4- 2023

) BART - 2019
. mT5 -2021 .
Representation L Generation
— JRRN e

Fositional f; D 4 Positional
Encoding 3 Encoding
Input Crutput
\ Embadding Embedding _/

Inputs Outputs
[shifted right)
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Major challenges & research directions
in modern Al







Self-supenvised Learning
Few-Shot Len WL'WL@
Zero-Shot Learning




Transfer Learning
DOMAALIN Adap’cat’wm
Foundation Models

Meta-Learning




Agentic Al
Retnforcement Learning
Chatn-of-Thought




Retvieval-Augmented
Generation (RAG)

Fact Verifieation




Training GPT-3 burned ~1,300 MWh—enough to power 120 U.S. homes for a




T’W\M ML
Efficlent transformers
Modlel compr@sslom




Interpretable transtormers
Attention analysis




Efficlent architectures
RUANELZatlon
Dlstillation

LoRA / RLORA







Road Map

N\

Al as a Black Box — Concepts and Foundations

Opening the Box (1) — Traditional Machine Learning

Opening the Box (2) — Deep Learning

Modern Al and Research Directions
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Road Map

N\

& For researchers outside Al this shift
Is not about becoming machine
learning experts—it is about

gaining a new instrument for their
own field.

\

[
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Workshop Files

.

[=]

https://rsonbol.github.io/workshops#AI4Researchers
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