


uve it is choroid

uveitis is a form of eye ↑ retina
inflammation that affects it is -
the middle layer of tissue ->

Sciera

in the

Different e,calledtheuea mOpic

of the front of your eye ,

O- Anterior
,
affects the inside

nerve

also called in it is
.

- Intermediate
,
affects the Ciliar,a

retina and blood vessels
just behind the lens .

area= Iris ,ciliarybody ,
choroid

- Posterior
,
affects a layer on

the inside of the back of Vitreous= ges in the center
of

the eye ,
either retina or choroid

.
the eye.

- Pancueitis
,
when all layers of the

urea are inflamed
,
from the

front to the back of the eye



some inflammatorySigns :

-macular edema
,
this is defined as an

abnormal thickening of the macula associated
With accumulation of fluid in the extracellur space

of the outer plexiform layer .

- Optic disc hyperfluorescence ,
is an increased

brightness of the optic nerve head during
fluorescein angiography.

- retinal Vascular staing and/or leakage
(in posterior pole)

are key indicators of a breakdown in the bloodretinal

barrier
.

- capillary leakage (in posterior pole) ,
involves fluids , proteins,

and cells leaking fromretinal
blood resses.

Central back of the eye



Macuid

Small yellowish-oval spot at
the center of the

Retina in the back
of the eye ,

responsible for

Sharp
,
detailed and Central

Vision .

extracellular Space

the area outside of cell membranes in a
multicellular

organ is m ,
filledWith fluid ,

nutrients and signaling
molecules

outer Plexiform layer (OPL)
a crucial synaptic zone in

the retina ,
located

between the outer nuclear layer (Photoreceptors)
and the inner nuclear layer .

Optic nerve head (ONH)
structure at the back of the eye

where retinal ganglion cellaxons

exit to form the optic nerve and ret . blood Vessels enter.



Transformer

lattention is all you need

- first there were Recurrent neural networks

Y Y2 43 YN

↑ ↑ ↑ ↑
State
-> RNN--RNN--RNN- .. BNS

↑ ↑ +
XI x2x3 XN

www
Time Step 7 23 timeStepN



- worked fine but had some problems
-> Slow computations for long sequences
-> Vanishing or exploding gradients

*=xy= z) forenodes
↑

-> difficulty in accessing ! vanishinginformation from
time

a long Im 4 -

4 -

explodingago
0 . 5. +
2. 2 -



Introducing theTransformer

- macro blocks : Encoder and decoder , they are

connected to eachother.

Input matrix (sequence,duola (6 . 6)
(6 . 512)

#F



Encoder

Input embedding :

cat
Ctokens) your cat is C lovely ↓

↓ ↓ ↓ ↓ ↓

input ilD's 103
65875473357865 6587 !

(position in

vocubalary) ↓ ↓↓ ↳ ↳g
the

b
does change

along with
we define moder=512 the loss function



Positional encoding
- We want each word to carry some

information
about its position in the sentence

- We want the model to treat words that appear

close to each other as "Close" and words that are
distant as "distant"

- We want the positional encoding
to represent a pattern

that can be learned by the model



Sentence your cat is a lovely cat

enbeam
-

Vector of
+ + + t t

Size 512 t
T

Positionember EEE E
only computed -

-
- -

-
-

once and reusedF
encodefor

every sentence
during training Size 312 input
and inference



even dimensions your cat is
Sentence)

=
Pos

PE(O
,
O) PE(1

,
0 PE(2

,
0PE(pos

, zi) = Sin #0natide
PE(O

,
1) : PE (1

,
7) : PE (2

,
7):

- -
-

PE(O
.
511) PE(T

.
511) PE(2

.
511)

PE(Pos
,
(i+ 1) = cos ei
-

uneven
dimensions

&model

↓ Love you
Pos

PE(O
,
O) PE(1

,
0 PE(2

,
0

Y
PE(O

,
1) : PE (1

,
7) : PE (2

,
7):

- -
-We only need to PE(O

.
511) PE(7

.
511) PE(2

,
511)

compute the positional
encoding once and the
reuse them for query sentence ,

no matter if it is training or inference



Why trigonometric functions ?

-> trig ,
functions likeas & Sin naturally represent

a pattern that the model can recognize
as

continuous
,
so relative positions are easier for

the model.



Single-head attention

Self-attention!
-> allows the model to relate

words to eachother

-Consider seglen= 6 Attention (Q
.
K

,VI=softmax(
and &mode= 512 =dk

->The matrices Q
, K and V dot product

are just the input Sentence - cat is a lovely cat

Your

Cat

softmax 16
,
512)I Q ( cat*is

(6, 6)
,

values of all rows sum up to 1
Isoftmax



dot product

Youour cat is a lovelyto

-

Cat Attention
-

> asi2) = (6 , 512)-
A
-

-

lovely
512 Y contains

(6
, 6)

,

values of all rows sum up to
- - Position
~

Isoftmax
-

- meaning
- relation with all6 other words



multi-head attention dmodel

sea= Sequence length -
dmodel = Size of emb .

V dk
h = N of heads

M
dk = de= dmode/h

↓
ismoder XW

mode

->sea

~
input K ↓d ↓ ↓

Softmar
(sea

,

dmodel

-
Isea

, dmode) x (dW = k - : i

I
>

V

(Seg , dmodel)

↓I ↳ sta Wo
1ea , amodel) XWdr) = v - ::

Ih .dr
.

d
.)

(Seg , dmodel) 1

add
& norm

Attention (Q
.
K

,VI=softmax( positior
↓↓ ↑ MH-A

multihead(Q
,
K

, V) =Concat/heado
.... headn)Wo

encoding

rading &he (Seg
,
Am.)

headi = Attention (QW kw .VwY Y
inputs



every heads learns to know "words" as
different things. Verbs and nouns for example.

Why query , keys and values?



Linear Discriminant Analysis (LDA

LDA Works by finding directions in the feature
space that best separate the classes.
It does this by maximizing the difference between
the class mean I While minimizing

the Spread
within each class

.

assume We have I classes with d-dimensional
samples such as (

,
Kz
, ... Where :

1, samples belong to Class C
we samples belong to class C2



If (C ; represents a data point ,
its projection

on to the line represented by the unit rector
is ~T

.

Let the means of G and C before projectionbe M, and he respectively.
After projection ,

the new means are
1

- TM = uTu
,
and M - VMz.

our aim is to normalize the difference
1-El to maximize the class separation .



The scatter for samples of G is calculated

as : Si = Fe(((i - M
,)

and C2 :

S = Exec (li-Mr?
goal is to maximize the ratio of

the

between-class scatter to the within-class
scatter

,
which leads us to the following

Criteria :



-I
J(V) = s + Si
Break !

means= where each class is centered

Scatter-how spread out each class is.

J(v)= a score saying "good separation ,
divided by

bad overlap
.

eigenvectors = the directions that optimize
that

Score



What does "project Onto a directionv "mean ?

suppose each data point is a vector

CERO
Pick a director
then the projection of (C onto that direction
is z= vTx
-> turns

every d-dimensional point into a
single number 2

,

so instead of seeing two
clouds in 20 or 100

. You see two groupsof points on a line



So LDA is asking :

"Which direction o makes those projected
classes easiest to separate?

"

projection
-

X
-

->

z



· ·
-> i !: -!

↓--&

->j z

the red Vector is the projection
of ontov = Projec))



· Vector Parallel to v

!
with magnitude

i - ->

- I in the direction of

- ->-
z - is called Projection of->

->
x Ontotr

formula of

[projfred recei



Scalar projection

tells you : "How far along
the direction U

Tthe point lies ."UT"formula
-

this is just a number
example

x = ()
,

w= ()-vi = 220](z) - 4 ,

butIll = 2
,
so E = 2 scalar projection length



4 o

38 ⑤

2.I10
-
12 34

i [
.

(i) I

[i =jk][]- 2 + 2+ = 5



exercise

I E 28
A= E (1 ,

2)
,
(2 , 1)

,
(2

, 213
Y = SE U =

B= E (4 ,3)
,

(5
,
4)

,
(4

.53
Up = [] (horizontal)
Uz= (i) (diagonal
-3.52+3 .

52



Okay, now that is out of the
way,

Once you project each class on to a line ,

each class becomes just a list
of numbers

example
Class A Projects to 1 ,

2
,
2

class & Projects to 4 ,
5

,
4

then the mean is its center on that line,
and the mean of class B is its center on

that line
.



So the mean tells you :

"Where the average Shadow
of each class lands "

if those mean locations are far apart
,

that
is good.

Since the projected data are just numbers,
Scatter means :

"How spread out are theProjectedPoints around their class mean ?
"



For one class With projected Values
2
, Ze

, ...
In

,

and projected mean&
2the scatter is:(2-1)

LL [
↓

this is the total squared spread around
the Center

So : small Scatter-class shadows are tight
Large Scatter-class shadows are smeared

out



that is why scatter matters : even if
class means are far apart , very large
scatter can make the classes overlap

.

So LDA wants a direction t where:

distance between projected classmeans is large
and

Within-class scatter is small

->
so it wants separation ,

but not a
noisy one .



So now We also know why we want
T

J(u)=big as possible
L I small as possible

to be as big as possible ,
but how do we

make this happen?
-> rewrite it as an optimalization problem and solve

F
7

-
~o Sin (M, -Mc



this "sort of "

says :

"the best projection direction& is
approximately the direction of the
difference between the two class means,
corrected by the spread Within the classes

.

"

~ is the LBA-line direction
& means it is parrales to somethingM -M2 is the vector from one class center to the other



so vo M
, -M would already make

some sense
,
but LDA is smarter.

Sw is the within class scatter matrix
,
so

a description of how far the points
Within a class are Spread,& T

Sw = SatSB-
Sa=ea(x -Ma)()(i

-Malt



So first the class mean is

calculated (MA) .

After that
,
the deviatings are being

calculated Using -Ma .

but because
We can't just square a vector , we

use the outer product (v.T
then adding all of those results up
ends up being our SA



We do the same for S and

then obtain by adding up
Sa and SB

eventually we end up
with

something looking
like this :

Sw=3
interpretation :

top left : total internal spread in
1-direction

bottom right : total
internal spread in they-direction

off-diagonal : Slight relation
ship between -and

y-deviations



So here the within class Spread is

bigger in y than in ).

that already tells LDA :

"vertical differences are noisier than

horizontal ones"

Why this matters for LDA
:

When you later compute uTSnV.

You are asking : "If I project onto
direction w,

how much

within-class spread do I see along that

direction?"



so Sw is like a machine that knows the

internal spread in every possible direction .

Mence

Why it is a matrix and not just a number.

now it is time for a StatQuest Video

to help me further understand this ,
the basics

are known now.



What I Picked up from the Video :

· How IDA creates a new axis :

2 Criteria

1. maximize the distance between means.

2. minimize the scatter within each category

14-1)-c ideally big ->&

S2-52 - ideally small
its important we use both

criteria for

the best results



moving from 2 to 3 categories
first difference is how you measure
the distances among the means

C
&

6

o

Gene y &

⑳

· findthePoint
thaa

06 - -

&

8 6

the data
ed

&
&

Gene X



then measure the

& distances between
a

· 6 Point that is
central in

·

Gene y
·" so a

each category
and the

& ~ L

· main Central point .

&
&

Gene X now maximize the
distance between each

22 2

d + d + d category and
the central

Point While minimizing the
5+ 52+ 52 Scatter for each category.



- Second difference , is that LDA

creates 2 axes to separate the

data.This is because the 3 central

Points for each category define a
Plane .

C With three
&

⑳

·a
6 Points ,

we can

Gene y & draw two lines
8 6

&

·
to optimize

&

&

&

& Separation

Gene X



example

class w .: X
,
= (X

.,x2)= [ (4
,
2)

,
(2 ,4)

,

(3
.6),

(4 , 4)3

class We : Xz= (X ..X2) = E(g . 10)
,
(6

.8)
, 19 .

5)
,

(8
.
7)
,
(10

,83
We can plot these

Points into the following graph :



10

9
& & ·

7 ②

6 ⑨

S ⑧

S ⑧ ·

3
O

2 ⑨

&

L 2 3 45 o 7 8910

how can we convert this into

a new 10 axes ?



1. calculate the means

M = 10
9 ·10

& & ·

7 ②
m = (4)

6 ⑨

G

S ⑧

Y · *
·

2 ⑨

&

123 4 S o 7 8910

2. calculate covariance matrix

S
↓



][]T
↓ mat

.
mus. I

ta) · (1 - 1 .
8)= (dai)

Sc= (2.3

Su= S
,

+ Sc=(330) = So



3. calculate between Class
scatter

Matrix
T

So = (M
,

-Mz)(M
,

-Mz)

=>296 20

↑



4. find the eigen
values

↑ 7

Sw =Mw - SiSs-1l = O
-

the eigen
Values is a number that

tells you :

"IfI apply this
transformation in a special

direction
,

how much does
it stretch or

Shrink

that direction?"



for now it is somewhat clear, it might
be time to see what this would look

like in our 3840 embedding space.
Withr-bins amount of classes and using
different types of foundation models.

things I should get straight
· Final research question + primary hypothesis
· Picking metric(s)

,
Spearmann correlation?

· clear inclusion/exclusion



wi

i

-Proje (1)=We

to get the point on
# [11] = [S2 , SE]

the 10 line
,
first normalize

w to u+ u=[i] and
then cu-[u +)[ ,)= on the t line



-get random results.

- explore
recent papers on encoding.

temporal information ,
don't reinvent

the wheel,

- iterating is a good method ,
for better

control .

· validate with2 sequenced things.
· more sanity check .



Andre's idea



PCATables

RETFound-Green (384D)
overfitting,

hits ceiling
- at 0 .

78

-overage overfitn at epoch 30

Baseline-> -> AUC = 0
.

8021 (10
.0074)

AP =O .

Slod 60 .
0185



dinovz large Baseline

seed AUL Ap Auc= 0
. 798 (10 .

00
.

78
42 0 .76 FS 0

.4712

10 .
7669 0

.

4552 Ap = 0
.

0 .

471 (10
.

6127)]
20

.
7538 0

. 44g5
200 Np

42 0 .

74 82 0
. 4479

10
. 7544 0 .

453372 0 . 7640 0
. 454g 594N)



RETFound MAE Baseline

Auc= 0 .7655
Ap = 0

.

4464



I want to know in what direction in the

embedding space the different HyperE type
embeddings are pushed as of right now .

I assume they are not "Well separated". I want to see
If adding a certain time based I to the embedding
dim would help separate the examinations

! interesting idea : see where all the different
Hyper Etype embeddings reside at the beginning of an
examination

, see where they might join into each
other and where they end up and detect the
outliers to see Why they could behave like that



1. get the Mr for every class ,
EM

.
Mr, . . .

,
MsY .

based on only frames in the first minute.

2. calculate the euclidean distance between

an of the different class means.

3. See which frames differ the most from
their class4 and inspect them Visually.

4
.
find direction in which I could push the
first minute frames into a certain direction ,

to
Create a better distinguishment.

do the same for the other minutes
So it is visible where the most "separability" lies



1. then calculate the class M only based on
training data and see if it is still possible
to detect outliers

.

-this could be a useful way to decide
Which frames to use in an exam.



Linear probing
I layer

image embedding

8* - -logits
-linear

n n .
linear (in-dim

,
num-classes) = y=Wi+ b

1 = the embedding ,
RET Found Greenhas4D

W = the weights ,
matrix in the form [rum-classes

,
in-dim]

b = the bias
, simple shift

y = raw Scores (logits)



One VS
.
Rest

W is a vector (sort of arrowl
, during the training,

the model learns in what direction this "arrow" should
Point , so it goes to where the most points of the
Class lay .

The calculation that m
.

linear does
, measures for a

new image simply : to what degree does the the
Image embedding point allign with the Wrector ?

Multiclass (k=5)
W is now a collection of 5 different Vectors

,
whom

all point to different directions based on their
class

.

The n
.
linear layer measures for new image how well theyfit to each of these stectors



How to calculate how well

the points fit to a vector

direction ?
Dot product

y= (x, w ,
) + (((2 ·Wal

5D embedding
example

x = [ 2
,
1 , 1 ,

0
,
2]

W = [1
,

- 1
,
2 ,
0

,
1]

b = 0
.

5

y=Wi + b
->1 ,

because it is positive ,
the point

points to the "right direction" .



But
,
to be able to calculate metrics,

we need

a number between O and 7

With one vs.
rest (binairy) We use the Signoido

P=i
,
if y = 1

. 3 then P= 0 .

818. 0
.
82%

With multi-class we use softmax

P= · raw y score for that class
· raw y scores for all other classes summed up



Partial Derivatives

p= 3 b + 10t

p = total price, bread-E3 ,
taart= Elo

derivative With respect to amount of bread .

"If I freeze amount of taarten y buy ,
how much does my

total price change ,
if I add one extra bread (b) ?

so t becomes a constant
,
since it is frozen

.

most important rule :

everything that is not the letter that you're
looking at ,

at that moment , gets treated as a constant.

j= 3m2 + 7k -- =
6m M= 1 + 3

M=2+ 12
n=3- 27



examples

z = 4w +b+z = 4

->= = 1
2 b

2 = Sw +2= 5 3 10(2-10)
↓

c= (2+102- r(z-

10)
2 = 2(2+0 . 5

let w be 3

2 = 15

C = (15-103 -- (15-10) (15-10) = 225 - 150 - 150+ 100 =25

- 10 (15-10) =50 - so if w
,
Y

,
so we needs to go down



(R = 0
.
01

Where
: 50

3 - (0
.01 . 50) = 2

.

5

W = 2
.

5

z= 14 .

5

c= 6
.
5

= 10 (12-10



&

medisch netwerk (trained by hand)

bloede aarde 1 : = 2

bloedwaarde 2 : ( = 3

y = 12 (werkelijke gezondheidsscore.
2

W
,
= 2 x

,

W
, c= (z-y)

Wz = 1 &
b = 1

W
z 3= 2(zy)

12

b 2 ( ,W .)+ (12Wrltb

=
=



forward pass
z= (2 . 2) + (3 . 1)+=
c= (8 - 12) =1

· 2x ,
(2-y)+ Y(8- 12) =1

= = ((8 - 12) =z4

W
neu
= Wioud - (0

.
01 . - 16) = 236

Wanew =Wond - (0 .
01 : -24) = 34

forward pass

2 75 + 105+ = 185
2-

C = (188-12) -
38

,
44

...



h = x .Wh -
z = h . Wz

c= (z- yp 3
⑫ = 2(z -y)

3= We - 2wek(z-y)=
=

Wh = 3
,
Wz = 2

, y = 10 ,
x = 2

- c= 4
,
2 = 122>2 ·2 ·2 = 8(12-10)= 16

,
So Wat



convolution

From Pixels to recognizing :
1. convolution (the filter)

2. Pooling (zooming in
3. Architecture (ResNet)



1. convolution

Imagine We have a scan and we only want the
Vertical lines to be found.

For this
,
we use a small roster of 3x3 numbers,

called a Kernel .
This roster moves across the entire

scan and continuously makes calculations.

the calculation is simple ; we multiply the numbers from the
roster With the pixels that lay underneath it and sum
them up .

If the Pattern in the scan looks like the pattern in the filter ,
We get a high number.



- 10 I

-10 1 -7 example of

·

- g I such a filter

(
0253255

0 255 ess -> Pixess (piece of picture
O 255 2552. 0x - 1 = 0 0 x 255 = 0 1 x 255 = 235

0x - 1 = 0 o X 255 = 0 1 X 255 = 255

0x - 1 =8 + · x 255 =0+ 1x 255 = 255
-

+

O g 765

O + 0 + 765 = 765- Written on feature map .

Vertical boundary= found .



How to calculate this cost ?

· the network takes all numbers from the last
feature maps and squishes them flat to one long
list of numbers.

· At the end,
there are a few normal neurons ,

that say
"based on these edges en shapes that I'm seeing,
I'm giving a score of 0 .9 tobleeding' and 0

.

I for 'healthy"
· If it was a bleeding .

2y = 1

,

C = (o
.g

- 11 = 0
. 01

z = 0
.9

·Then the network uses that 0 . 01 C to calculate back to
the 3x3 filter



2. Pooling
- pooling is the summarizer of the network

,

the

goal is to comprimize ,
while maintaining the

most important information .

- most common pooling method is Max pooling
· dividing the feature map in small blocks
of i.e .

2x2 pixels
· for each blocks We're looking at the 4 numbers
↳Then throwing away the 3 smallest numbers en
only keep the biggest (Max) number

- ultimately results in smaller grids.



Rnn

- a standard neural network is "forgetful" S

once an image has been processed ,
the network

starts clean on the next image .

- the RNN does something different . It has a loop er
the outcome of the calculation at Step 1 is getting
sent back to Step 2 .

How the moth works
· let X

,, Xn , to be a sequence of embeddings.
Instead of only looking at X,

the network keeps track
of a Hidden State(h)

,
this is the "memory"



· at every step,
the network :

1
. grabs the new input (x)

2
. grabs the old memory (had
3. throws then together in a Formula to make knew

↓
new
= activation (W . X+U .Wad +b)

W and I are the weights.

W determines how heavy the new information weighs.
U determines how heavy the "history" weighs.



example : heart rate

x, = 80 h= (w() + (4m) + b
x = 100

ho = 0
W = 0.

U = 0
.
5

b = 0

first update is hi

h = (0 . 1 . 80) + 10 . 5 . 01to = &

he = (0
.

1 - 100 + 10
.

5 . 8) +o = 14

you can see that the old memory will
keep on being multiplied by 0 .

5.

If there is a 20 frame sequence,
this gradient vanishes.

&his is where the Gru comes in
,
With its gates.



GRU
Gated Recurrent Unit

· a GRU has gates ,
that decide what information is

important enough to keep , and what can go away.
= this solves the vanishing gradient problem

1.The "gatekeepers" : Reset (H and Update (2)
·In a GRU there are 2 control numbers (between O-1)

.

Which are calculated with the sigmoid function &-

- update Gate (21) : determines how much of the "old"

memory is kept Us .
how much new information is being

added.

& Reset Gate (rt) : determines how much of the "old"

memory w



2
.

the candidate-status it
· before updating the definitive memory , we make

a concept version of the memory.
· here we use the Reset Gate

.

IfIt is null ,
we ignore

the past entirely and we look at the new in put only.

3.The finale mix he
· at the end

,
the old state and the new one

are being mixed based on the update gate.

h = (1-2) · ht zih
E = tanh (Wiet Un (ht)

I
the influence of the the old memory,

new input fistered by the reset gate



explain learning process
W

.
= 0

.

4

W2 = 0
.
6

x, = & Sleep

studiedJy= 7 .

5

x = g hours
z= (x

,
· Wil+ (2· Wa2

c = (2 -y) ↑
W

,x
,

& Z

xz Wa

input hidden sum outcome

lager



Z

&
c = (7

.

5 - 8
.

62= 1
.

21

E = 2(z - y)] -> 2x
,

(z-y)
= 2 . 8 (8 . 6 -7

.

5)

16 (1
.

1) -> 17
.

6 · 0
.

01

6. 4 - (17
.

6 . 0
.

01)
0. 4-0

.

176 = Winew = 0 ,
224



computer Vision (general)
- works mostly by looking at the RGB pixel values.
- this approach doesn't work for identifying features larger
than one Pixel. So patches (parts of the picture are needed.

- Kernel that moves over a patch of pixels,
When applying this Kerna ,

we call it convolution
.

" this one could detect vertical edges . Prewitt operator is
a kind of Kernel

- different combined Kernels can detect different features
.

the convolution : the Kernel weights are the input values.

F neural networks change the
- Kerna weights to optimize them

for the task



Vision Transformer

necessary foundation:

· Layer normalization
· self attention (Q

,

K
,
V) ]· multi-head attention After these are

· positional encoding -

understood
,
I can

· Linear projection/ flattened patches move on to VIT
.

· CLS token
· Attention is all you need paper



Layer Normalization .

Layer Norm is a technique to make the training ofmn
more Stable and faster .

It is a way to keep the flow of numbers restrained
Within a model.

& the context of Vit's
,
this is happening on individual

embeddin level9

example Imagine the picture is being divided into patches ,
and

every patch is converted to a listWith numbers (vector
- Without normalization : some numbers can be really big (500) and
others small (0

.01) ,
makes it hard for the model to learn

,

because
small Changes in Weights may have dras tic effects,

- With layernorm : Per patch , you're looking at all numbers in the Vector .
You calculate

the mean and the variance Ot1 .
0



can
difference ↑

There is a big difference between Batch- and Layer normalization

&at tertically" through all the images for one specific feature
It is dependent on what else is in this batch.

2
. Lager
-

looks "horizontally" Within one patch embedding ,
so the result is

not dependent on what is in patch or a different image

why ?

Layer Norm is ideal for Transformers
,
because the order and the

content of the sequences of patches can vary per example .

Without

the model losing track by the rest of the batch.



Self-attention

description

self attention is the mechanism where a mode learns which

parts of an input are the most important in relation to each other.

Instead of looking at every piece of data (like a pixel or word
isolated

,
the model looks at the entire context

.

It brings up the question : "Which other part of this input helps me
to better understand this specific part better ?

example

Imagine looking at an image of a bird sitting on a branch .
To really

Understand the bird
,
the model should also pay attention to the

"branch" it is sitting on ,

but less to the sky .

Self-Attention calculates
these relevant connections mathematically.



intuition

With transformers
,
we are using - roles Query, key , value

very(re
you're searching for .

"

I need information about flying birds

key(k)
This is the label on the back of each book in the library.
The library scans all labels to see which ones fit to the
question

Value(v)
This is the actual content of the book

,
after you have decided

Which keys are most relevant for the query , you use the
information from those Specific values (books



LinearTransformations

let X be the "input matrix" , consisting of a sequence
of patch-embeddings.
to obtain the Q , K & V ,

we multiple X
With 3 weight matrices : Wa ,

WF
,
Wh

Q=X .Wa

k= X .WK ,
these weight matrices are being trained
by the model

.

So the model learns the best
V = X .Wh way to convert pixels in the best Q ,

K and V

On its own.



The score : dot Product

Now that we have our matrices
,
we want to know howgood

a Query matches to a key.
We do this by using the dot product .Mathematically,

this

is the Center of "attention"

Score =Q.
I

In a matrix multiplication ,
the model compares every

patch (Query) With all the other patches (keys) .

If the Vectors of a Query and a key point in the
same direction in the "Space" ,

the result in the result matrix
becomes really big -high attention



normalization

The scores from the dot-product can be really big
or small .

To make useable weights out of them ,
we use

the Softmax-function

The Result

For the final step
,
we multiply these weights with the

Value Matrix (VI.

The Patches With the most attention deliver the most
information to the final output of that layer
Positional Encoding

In a transformer
,

the final Vector that is entering the attention

layer is the sum of the content and position

Input= c + P



When we calculate the Query and the key for two
different patches (landj) ,

we do the following
· Qi = (C +P)wa
kj = (j + pj)wk
When the model calculates the attention score
Via Q.. KI, you get 4 interactions .
1. content-content : does patch i look like patch; ?

2. content - position : does the content of patch ; fit with
the position of patch; ?

3. Position - content : does the pos.. Of patch ; fit the
content of patch j ?

4
. Position - position : do they exist in a logical distance



full Architecture

Patches (196) Vectors (196) embeddings (196)
Frame
- - -> WE- embedding

I add the224x22416x16x309) 7680 vector IPositional
Patching flattening linear projection

on WE encodingeach patch to each
Patch

results in self attention Lembedding
weights (single head

T
Patch Scure ↑

other screen
↑ embedding

↑ embedding
? 0

.
05- C Position & PE

0
.

40 aware T

0
.

35

i 0
.

16

0
.

05

6 0 .
05



↳This isn't just each head has
done once - it's done

its own learned
parallel & times (or more) ->

each With different projection matrices

learned projections.

waW", wh ↳
the results from
all heads are
concatenated and

linearly transformed,

enriching the presen-
tation

.



Applying Transformers
in our project.

1.

let be our sequence of frames (e .g..

16 frames in exam

Each frameWent through RETFound Green ,

so is an embedding
of dimensionD (384)

Input matrix E Ro

2.

make positional encoding vector P

E= +p

3
.

Temporal Self attention Q = X'Wa
.

k=XW*, V=XW"

work in progress



embeddings through GRU
now that I understand how the embeddings are being
made through the Vit ,

it is now time to look at the next

step in the pipeline ; GRU .
How do we go from a sequence

of embeddings to a classification.

1. Intuition : Why aGru

2 maths : dismantling de Gates
3 Data flow : Dimensions & Tensors

Y Finale : classification Structure



1. Intuition

1.What is a sequence model ?

not justI input ,
but a row :

384

(2
,, 7 , 4 .... q , ER

a sequence model reads that embedding one for one in time order,
the goal is not only to look at each frame independently,
but to internally keep a "Summary "Of what it has seen so far.
We call this summary the hidden state he

So is what you're seeing now and he is what the system
has remembered upon till now



2. Hidden State normal Run

With a Vanilla hidden state
,

the following is happening
at every point in time :

h = tanh (W, +Wh+b)
The logic behind this is simple.

&

the new state he depends on 2 things
1. new in putt
2. previous stateht
so the model is saying : "give me What I see now
plus what I already knew ,

and I'll make a new summary.



3. What do the symbols mean ?
let Hidden State Size H= 128
then the dimensions are :
x
+
ER304

12

Mt ,
ER - . -

:128x384 :
WE R

/

128x128
·

Wh ER
128

b E R
led 1x 384384x128h

+
E R

1x55X2

But
,

this is kind of dumb
,
Since it is randomly

picked What should be forgotten



1
.

What is the oru solving ?

2 = 0 (Wz(+42h + b
,

)

E = 0 (Wrk + Urh + b. (

h= tanh (WaltUp (toh) +bal

ht = (1-2) Oh, + 20ht
The GRU wants to decide :
· how much of the history stays relevant
· how much the new information may change the memory

·ifpartoftheodmemory should be shut of to makeenter



2
. Update Gate ze

2
t
= 0 (W+H +b)

sigmoid(6) turns values between 0 and
2 ERt H = 128

close to 0 : maintain the old memory
close to 1 : replace strongly with new information.

it works per dimension .

the update gate determines how much of the new
↳ may enter



3. Jeset Gate

E = G (WrtUrWe + br)

E RH
this gate is used for building the candidate stateThe
close to O : ignore pieces of the old memory When

building the new candidate

close to 1 : mainly use the old memory
/

It says : "How much of the old memory may participate

while Imthinking of what the new candidates



4. Candidate hidden State It

= tank (Wake +Un (r0h) +ba)

here originates the proposal for a new hidden state

symbol O means element-wise multiplication.
so to We, means that the research gate will mute
or almost turn off some components in the old memory
before they end up in the candidate update,
so h says ="What would be a good new state ,given the

current in puten the allowed parts of the

past?
"



5. final hidden state he

h = (1-2) oh +20



7
. Code-wise

384

per frame ER
but GRU gets a sequence ( ,

)C
. . . .I

Tx384
So XER

BxTx384

When working in batches XER

[8 .
12 ,
384)

->The GRU reads the tensor along side the time dimension
at every new frame ,

new hidden State hu
,
ha

,I , ..., It



LoRA(Low Rank Adaptation)
As medical imaging models scale toward A lot
of parameters ,

full fine tuning all model weights for
Specific Clinical tasks has become Computationally
and financially prohibitive .

LoRA offers a paradigm Shift for the image embeddings,
reducing trainable parameters by up to 10.000 times.

Unlike previous "adapter" methods ,
LORA introduces Zero

inference latency ,
as the adaption matrices can be merged

With the original weights during deployment.



Limitations traditional FT
- storing really large fine tuned models
-updating weights that won't benefit

The LoRA Methodology
Lo&A is based on the hypothesis that the change in
weights during task adaptation has a low "intrinsic rank
Instead of updating the full-rank pre-trained Weight matrix
Wo E Ra

,
LoRa represents the Update OW through a

low-rank decomposition :

W=WotW =WotBA
Where:

Wo is the frozen Pre trained weight matrix
Be

or
and A

**

are trainable parameters .

~ is the rank,(tmin (d .k)) y



d and k are the dimensions of the originally trained
weight Matrix Wo

r stands for the rank
,

this is a hyperparameter that you chose
yourself and is substancially lower than the original dimension

example


