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Feature

A feature is a piece of information which is relevant for
solving the computational task related to a certain
application.

* Afeature must be relevant to the problem. For example:
 For object recognition, key features might include

edges, corners, or color patterns.
 For face detection, features could be eyes, nose, or
mouth positions.
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 Two types of image features:

* Local Features (e.g., corners, blobs, edges) — Useful for matching
different views of an object.
* Global Features (e.g., color histograms, texture patterns) —

Describe the entire image or large regions.

e Structural Features (e.g., lines, contours) — Help in shape analysis.
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Feature Detection:

* The process of identifying key points or regions in an
image that are unique and relevant for analysis.

* These features are often edges, corners, blobs, or other
patterns that stand out from their surroundings.

Example: Detecting corners in an image using the Harris Corner
Detector, which identifies points where there is a significant change
in intensity in multiple directions.

-
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Corner:

* Corners are the important features in the image, and they
are generally termed as interest points which are
invariant to translation, rotation, and illumination.

e~ o~ T

“flat” region: “edge”™ “corner”:
no change in all no change along the significant change in
directions edge direction all directions
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Feature Extraction

Ve

Harris Corner Detector:

Corners are detected by running a small window over an
image, as we did in for spatial filtering.

Corners are areas of significant changes in all directions.

Region 2

A $4s $4s
—Boundary FTiB EE:

Region 1 \
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Feature Description: b

 After detecting features, the next step is to describe them in a way
that allows for matching and comparison between images.

* Feature descriptors capture information about the local
neighborhood of a detected feature, typically in a vector format.

Example: Using SIFT (Scale-Invariant Feature Transform) to generate a
descriptor for each detected keypoint, ensuring that the features are

robust to changes in scale, rotation, and illumination.
1\ P




MIDOCEA||
Feature Descriptor
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Image gradients Keypoint descriptor

Feature description typically is used as a preprocessing step for higher-level tasks, such as
image registration, object recognition for automated inspection, searching for patterns in
\image databases, and autonomous applications, such as robot and vehicle navigation. y
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* SIFT (Scale-Invariant Feature Transform) is a powerful
algorithm used in computer vision for feature
extraction.

* |t was developed by David G. Lowe [2004] and is
widely used for tasks such as object recognition,
image stitching, and augmented reality.
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q- Scale Space Construction: Burand  &1/18%5 on 1
. SUDSATYo /8 Level 3
* The first stage of the SIFT UL ‘ e
algorithm is to find image T 1/4 resolution
locations that are invariant to SCEk Level -
scale change. T 1/2 resolution
subsample
9 L 10
*|t starts by constructing a Qeri‘é?neal
imag

scale space, which is a set of
Images at different scales.
This is achieved by convolvin
the original image wit
Gaussian filters (kernels) of Gaussian Image Pyramid
\ vVa rylng sizes. Source: Eric C. Stewart /
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1- Scale Space Construction:

Based on this, the scale space, L(x, y, o), of a grayscale image, f (x, y), is
produced by convolving f with a variable-scale Gaussian kernel, G(x, y, o)

L(x,y,0)=G(x,y,0) % f(x,y)

where the scale is controlled by parameter o (representing blur level),
and G is of the form

) = g P

Gaussian kernels having standard deviations o, ko, k?c, k30,
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More octaves
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Standard deviations used

in the Gaussian lowpass
kernels of each octave (the
same number of images
with the same powers of k 1s
generated in each octave)
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2- Keypoint Detection (DETECTING LOCAL EXTREMA):

*SIFT detects keypoints by identifying extrema
Difference of Gaussian (DoG) images.

in the

* These keypoints are locations where the gradient magnitude

Is significant and stable across different scales.

D(x,y, 0') = [G(X,y, kO') - G(xayv 0)]*f(xy)

\
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2- Keypoint Detection
(DETECTING LOCAL
EXTREMA):

Sample D(x.v. o)

saussian-filtered images, L(x, v, o)

(
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* Keypoint Detection (DETECTING LOCAL EXTREMA):

A

Scale

2 K
Lo i

PP F

LT F G

Corresponding sections of three
contiguous D(x,y, o) images
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3- Improving the Accuracy of Keypoint Locations:

» After detecting candidate keypoints in the Difference-of-Gaussians
(DoG) scale space, SIFT refines their positions to sub-pixel accuracy using a
3D quadratic fit. This step eliminates low-contrast points and improves
localization precision.

* The refinement is based on a second-order Taylor series expansion of the
DoG function D(x,y,0) around the detected keypoint:

Do (Y, , Ly D Do ¥
D(x)=D + (r)x)x X ax(ax)x H_Fl)//ax BZD//&)xazyjl_{Dxx ny}
0°D/dydx 9d°D/ady

- D, D
=D + (VD)'x + —i—xTHx S

—

\ Hessian Matrix




MJ'PQ,CEAHI. SIFT Components

74- Keypoint Orientation:

 SIFT assigns an orientation to each keypoint based on the dominant gradient
direction in its neighborhood.

* This allows us to represent a keypoint relative to its orientation and thus
achieve invariance to image rotation.

* For each pixel in an image sample L(x,y) (at a given scale), SIFT computes two
key properties to build descriptors:
* Gradient magnitude M(x,y) > How strong the intensity change is.

* Gradient orientation 6(x,y) - Direction of the intensity change.
1

M(x,y) = [(L(H Ly)- L(x-1,))* + (L(x,y +1)— L(x,y - 1))2]5

f(x.y) = tan™ [(L(x._,\v’ +1)— L(x,y—1))/(L(x+1,y)— L(x - 1~)‘))]
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74- Keypoint Orientation:
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i . .
4- Descriptor Generation:

* For each keypoint, a feature descriptor is generated by computing the
gradient magnitude and direction in a neighborhood around the keypoint.
This results in a 128-dimensional vector that describes the local appearance
of the keypoint.

* The idea is to be able to use these descriptors to identify matches
(similarities) between local regions in two or more images.
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* SURF is a high-performance algorithm designed for quickly
detecting and describing distinctive local features in images.

* Similarly to the SIFT method, the detection of features in
SURF relies on a scale-space representation and rapid
computation of feature descriptors using box filters. It is
significantly speeding up the process.

* This efficiency makes SURF particularly suitable for real-time
applications like object tracking and recognition.”
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* While the Gaussian scale space is obtained by convolution of
the initial images with Gaussian kernels, the discrete box-
space is also obtained by convolving the original image with
box filters at various scales.
2
<
4 A
3
Source:
Dr Darshana Mistry
\_

P




|
MIDOCEAN

" SURF

* The key innovation of using the SURF is the use of the Integral Images, h
which allow a fast computation of any size box filter is used.

/

* Integral Image (Summed-Area Table):

* Each pixel in the integral image stores the sum of all pixels from the
top-left corner (origin) to that pixel.

* This means each pixel contains information about the total intensity
up to that point.

* Once the integral image is built, you can find the sum of any
rectangular region using just four additions, no matter how large the
rectangle is.

* Instead of summing individual pixels one by one (which is slow), we
use precomputed values to get the sum instantly.
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(m,y) = I(may) +IE(m o 1)9) 23 IE(may o 1) o IE(:E = Ly — 1)

1| 2 |3
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 173’) 23 Ig(ﬂ?,y o 1) o IE(:E = Ly — 1)

@ 2| )
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 173’) 23 Ig(ﬂ?,y o 1) o IE(:E = Ly — 1)

23] @
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1)y) 23 IE(may o 1) o IE(:E = Ly — 1)

1 @) 3 0
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1)y) 23 IE(may o 1) o IE(:E = Ly — 1)

1|2 |3 1 |(3]
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1)y) 23 IE(may o 1) o IE(:E = Ly — 1)

123 3(EY[
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1)y) 23 IE(may o 1) o IE(:E = Ly — 1)

1|2 |3 1| 3 (6]
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1,'9) 23 IE(may o 1) o IE(:E = Ly — 1)

1| 2 |3 (1) 3 | 6
= (4|5 |6 ]
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1)y) 23 IE(may o 1) o IE(:E = Ly — 1)

1 2 | 3 1| 3 | 6
|= 4 | 5 | 6 @
7| 8 |9
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

12($a y) = I(:B, y) +IE(m o lay) £ Ig(fl),y o 1) o IE(z = Lty — 1)

1|2 |3 (1) (&) s
= 4|5 6 &0
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* Integral Image (Summed-Area Table):

[

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(may) = I(may) +IE(m o 1,'9) 23 IE(may o 1) o IE(:E = Ly — 1)

1| 2 |3 1| 3 | 6
|= 4 | 5 | 6 5
7 | 8 |9
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

12($a y) = I(:B, y) +IE(m o lay) £ Ig(fl),y o 1) o IE(z = Lty — 1)

1|23 1 (3] (6]
= 456 s (12 ()




MIDOCEA \

T SURF

/

* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(ma y) = I(:B, y) +IE(3: o lay) £ Ig(fB,y o 1) o IE(z = Lty — 1)

1| 2|3 1| 3|6
= 4|5 6 5 | 12 |21
7 89
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(ma y) = I(:B, y) +IE(3: o lay) £ Ig(fB,y o 1) o IE(z = Lty — 1)

3 | 6

1
|= 4 | 5 |6 @12 21
7809 [




MIDO

U N Vv

CE.

M

" SURF

/

* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

=I(z,y) + Is(z — L,y) + In(z,y — 1) — Is(z — 1,y — 1)

3

6

12

21

IE(ma y)
1 | 2
4 | 5
7 | 8
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

=I(z,y) + Is(z — L,y) + In(z,y — 1) — Is(z — 1,y — 1)

IE(ma y)

1

6

(s

21

7

(2]

(12]
U
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-

left corner (0,0) to (x,y). It is calculated as:

IE(m’ y) = I(:B, y) +IE(3: _ lay) g IE(may o 1) o IE(z o 1ay o 1)

1|23 1| 3|6
|= 4 | 5 | 6 5 112 | 21
7,89 12
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

IE(m’ y) = I(:B, y) +IE(3: _ lay) g IE(may o 1) o IE(z o 1ay o 1)

6

3
|= 4 | 5 | 6 5 @
7|8 |9 12 |(27) ]
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-

left corner (0,0) to (x,y). It is calculated as:

IE(m’ y) = I(:B, y) +IE(3: _ lay) g IE(may o 1) o IE(z o 1ay o 1)

1| 2|3 1| 3|6
|= 4 | 5 | 6 5 112 | 21
7.8 9 12 | 27
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* Integral Image (Summed-Area Table):

The integral image at each position (x,y) stores the sum of all pixels from the top-
left corner (0,0) to (x,y). It is calculated as:

Is(z,y) = I(z,y) + Is(z — Ly) + In(z,y — 1) — Is(z — 1,y — 1)
1 | 2 1| 3 | 6
|= 4 | 5 5 (12 21
7 | 8 12 | 27 | 45

Integral Image of image

lllll
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* Integral Image (Summed-Area Table):
Applying a 2x2 Box Filter at position (1,1) to (2,2).

1| 3 | 6
5 |12 | 21
12 | 27 | 45

Integral Image of image “I”
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C Integral Image (Summed-Area Table):
Applying a 2x2 Box Filter at position (1,1) to (2,2).
Sum = 5+6+8+9=
11 2 | 3 1| 3 | 6
|= 415 | 6 5 (12 21
7 /8 | 9 12 | 27 | 45
. Integral Image of image “I”
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* Integral Image (Summed-Area Table):

Applying a 2x2 Box Filter at position (1,1) to (2,2).
The fast summation formula using the integral image—> Sum =

Is(z2,y2) — In(z1 — 1,92) — Is(z2, 91 — 1) + In(z1 — 1,71 — 1)

1| 2 | 3
|= 4 | 5 | 6
7| 8 |9

1| 3 | 6
5 |12 | 21
12 | 27 | 45

Integral Image of image

lll"
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C Integral Image (Summed-Area Table):

Applying a 2x2 Box Filter at position (1,1) to (2,2).

The fast summation formula using the integral image—> Sum =
m Is(z1 — L, y2) — In(za, 91 — 1) + In(z1 — Liy1 — 1)

1 2 | 3 1 3 6

|= 4 | 5 | 6 5 (12 21

7 1 8 | 9 12 27

\_ Integral Image of image “I”
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C Integral Image (Summed-Area Table):

Applying a 2x2 Box Filter at position (1,1) to (2,2).

The fast summation formula using the integral image—> Sum =
Is(z: — Ly Is(z2, v — 1) + In(zy — 1,91 — 1)

1|2 |3 13@

|= 4 | 5 | 6 5 (12 21

7 1 8 | 9 12 27

\_ Integral Image of image “I”
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C Integral Image (Summed-Area Table):

Applying a 2x2 Box Filter at position (1,1) to (2,2).
The fast summation formula using the integral image—> Sum =

1|2 |3 13@

|= 4 | 5 | 6 5 (12 21

7 819 @27

. Integral Image of image “I”
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* Integral Image (Summed-Area Table):

Applying a 2x2 Box Filter at position (1,1) to (2,2).

the integral image—> Sum =

The fast summation formula using

3

(]

5

12

21

(12}

27

Integral Image of image

lll"
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* Integral Image (Summed-Area Table):
Applying a 2x2 Box Filter at position (1,1) to (2,2).

The fast summation formula using the integral image—> Sum =

Sum = 45-6-12+1=

Only 4 operation instead of

BElO
5 | 12 | 21
27 |(45)

summing each pixel individually

Integral Image of image

llIII
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" Key Steps in SURF

* Interest Point detection using the Hessian
. ; ; Lyz(z,0)
matrix for each pixel at location (x,y) and scale 0. H(z,0) = o
zYy\ &y

* Interest points are selected where the
determinant of H is maximized

Scale X

Scale Space Construction

Scales are grouped into octaves

N
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 Steps for Orientation Assighment in SURF

* Calculate Haar-wavelet responses in x and y directions
within a circular neighborhood of radius 6s around the
keypoint.

* The scale s is the detection scale of the keypoint.

* Scale-Dependent Sampling

* The sampling step is proportional to the scale s.

* Wavelet responses are computed at the current scale s
meaning larger wavelets for higher scales.

* Use Integral Images for Fast Filtering

* Since large wavelets are computationally expensive,
integral images are used to speed up filtering.

Source:
First Principles of Computer Vision
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 Sum Wavelet Responses in a Scanning Area
* Compute the sum of vertical and horizontal Haar-wavelet responses over a scanning region.

* Rotate the Scanning Orientation
* Change the scanning orientation by nt/3 (60 degrees) and re-calculate the response sum.

* Find the Dominant Orientation

* Repeat scanning in different orientations until the largest sum value is found.
* The orientation with the maximum sum value is assigned as the main feature orientation.
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* Descriptor Extraction in SURF

* Centered around the keypoint and aligned with its orientation.
* The window size is 20s, where s is the scale of the keypoint.

* The region is split into 16 smaller sub-regions (4x4 grid).

* At each 5x%5 regularly spaced sample point, compute Haar-wavelet
responses:

* dx: Response in the horizontal direction.
» dy: Response in the vertical direction.

* The filter size used for wavelets is 2s.

* Apply Gaussian Weighting To improve robustness to noise and distortions,
Gaussian weighting (o = 3.3s) for dx and dy.

\_
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Best Matching Points
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Object Detection

=

Bag of Features
(Bag of Virtual Words)

www.midocean.ae
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| love this movie! It's sweet,
but with satirical humor. The
dialogue is great and the
adventure scenes are fun...
It manages to be whimsical
and romantic while laughing
at the conventions of the
fairy tale genre. | would
recommend it to just about
anyone. l've seen it several
times, and I'm always happy
to see it again whenever |
have a friend who hasn't
seen it yet!

it
|
the

to

and

seen

yet

would
whimsical
times
sweet
satirical
adventure
genre
fairy
humor
have
great

-k b b ok b bk b b bk s NDDWODDEDOND

Image Source: Medium
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Image Source: Mathworks
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Bag of Visual Words

C Bag of Features (or Bag of Visual Words) is a framework to learn
descriptors based on patches of data.

* |t has the following general steps:
* extract features locally
* quantize or cluster the local features
* learn a vocabulary of visual words: dictionary

* obtain descriptors as the frequency of visual words in an image, i.e.
histogram

extract keypoints feature descriptors clustering vocabulary visual words
feature detection

feature vector

Image Source: Mathworks
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Bag of Visual Words
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Image Source: Mathworks
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Step 1 — Feature Extraction
- Detect keypoints in images and extract descriptors (e.g., SIFT, SURF).

Cat

Image Source: Mathworks




1
MIDOCEA[\]

et Bag of Visual Words

Step 2 — Building the Visual Vocabulary
- Apply k-means clustering to group similar descriptors, forming 'visual words'.

-

/
— — e -
e
~-
&

-
*=r
=

\a—’,—J—L’ 7 N

Feature Victors

The set of cluster centers constitutes the visual vocabulary.

Bag of Visual Object

\ Object Model )
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Step 3 — Image Representation as Histograms
- For each image, count the frequency of each visual word to create a histogram.

r

2=%HEF




mipoceafl Application —
Image Classification

[

120 15 unoesctcal case. just So¢ llusts ation)

* Use the histograms as feature
vectors to train classifiers (e.g.,
SVM).
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K-means Clustering Al

-

Clustering means grouping.

* K-means
* One of the most popular clustering methods
* An unsupervised learning method for clustering data points.
* Ease of understanding
* Easy implementation
* Group data into K number of groups
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4 Clustering means grouping.

e K-means

* Determine a number of centroids we want to create to start creating clusters around
those centroids

* A centroid is the center of a cluster

* Every data point is going to be assigned to
the nearest centroid

* Reduce the within group sum of squares, o T
or make the data within the groups as ]

similar as possible o °

®
® o
* Maximize the between groups sum of o* .'.° -~ %@

squares, or make the different clusters as
different as possible o X = Centrod

. Y,
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K-means Clustering Pr

* |terative process

* Randomly place the amount of centroids we have determined
among the data Assign each data point to the nearest cluster

* Recalculate the centroids of clusters using some math

Data points

* Repeat the previous two steps until the model does not ¢ o
improve

Centroid 0

(X = %)
xl‘.'Yl'i " ‘

x;: data point
W;: centroid of cluster |
d: number of features

(dimensions) Used to assign each point to the nearest centroid:

D
Distance(z;, p;) = \J Z(mid — Mjd)?

d=1
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K-means Clustering Pr

r

* Update the centroid of each cluster to be the mean of all
points in that cluster:

W;: updated centroid of cluster | 1
Cj: set of points assigned to cluster j Bj = Z T;
|C|: number of points in cluster | Ile
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K-means Clustering Pr

[

* K-Means minimizes the Within-Cluster Sum of Squares
(WCSS)

K
J=Y ) llzi—ul

j=1 miGCj

This is the total variance within all clusters.
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' . T
* Using Cosine Similarity Soains oAty

* |t is a metric used to determine how 0 S
similar two vectors are by calculating the A ;% Sim(A,B) = cos(d) =
cosine of the angle between them.

* It ranges from -1 (completely dissimilar) v ‘
to 1 (identical), with 0 indicating B
orthogonality (no similarity).

A-B
A 11 B8l

* This measure is particularly useful in s
high-dimensional spaces, where X
Euclidean distance can be misleading. B R e kaE,

+ || A]| and || B|| are the magnitudes (lengths) of vectors A and B.

k Image Source: businessanalvticy




1

Object Tracking

Tracking by Feature Detection

www.midocean.ae
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s

Object Tracking
* |t is the task of taking an initial set of object detections.

* Create a unique ID for each of the initial detections.
* Then tracking each of the objects as they move around frames in a video,

maintaining the ID assighnment.

® Background = ®
o0 Model “
@ & _:“S:% :_ ! @

e i — .

* . i .; 7 e

-, " — vy t -,

Framl Framl "
Apply SIFT Algorithm Object Model Frame 2

Bounding Box
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el Object Tracking Initialization

i At frame 1: - el

l

r

-
* Classify features within the box as object ; :
and assign them to set O;. Sk

* User selects a bounding box W1 as object/target.

 Compute SIFT (or similar) features for
the frame.

* C(Classify remaining features as

background and assign them to set B. ﬁ II E
0, B
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el Object Tracking Initialization

i At frame 1: - el

l

r

-
* Classify features within the box as object ; :
and assign them to set O;. Sk

* User selects a bounding box W1 as object/target.

 Compute SIFT (or similar) features for
the frame.

* C(Classify remaining features as

background and assign them to set B. ﬁ II E
0, B
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et Object Tracking

At frame t:

 Compute SIFT features and SIFT
descriptors {vy,...,vi} for frame I..

(

* For each feature and corresponding
descriptor v;:

a. Compute distance d, between v; and the best
match in object set O, _;,.

b. Compute distance dg between v, and the best
match in background set B.

Clvi) =

+1 ifdp/dg < 0.5 (v; may belong to object)
—1 otherwise (v; does not belong to object)




MIDOCEAN \

' Object Tracking

For each Search Window W:

a. Compute $(W)=3C(v;) for all features v, inside W.
b. Compute a heuristic T(W, W,_,) that penalizes large
deviations from previous location, size and shape W,_; .

c. Compute Match Score
H(W)=¢(W) - (W, W)

* Select window W, with the best match score as new
object location.

« Update object appearance model:
v 0,=0,_,U{v;}V v, inside W, such that C(v;)=+1
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Source: Roboflow )
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M'DOCEAN What is a Language Models?

Y NIVERSITY

-

* The ability to predict the next word in a sentence.

best star trek X §

best star trek series

best star trek episodes
best star trek tng episodes
best star trek movies

best star trek voyager episodes

PO PLOLOLOP P

best star trek games
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/

A type of artificial intelligence designed to
understand, generate, and manipulate
human-like text.

Large Language
Model (LLM)




M'E?PSEA'IH What is Large Language Models?

e 3
* Large
Refers to the massive size of the model in
terms of: - Weights
> Il I Constant| 1
Par.ar.neters (often. billions or even trillions) W -
* Training data (typically sourced from huge - Weighted
amounts of text like books, articles, websites) @ W N Al

* Computational power required for training > )_krjﬁ.

and inference inputs = | '
Inputs @,_———"" wn—l Step Function
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' What is Large Language Models?

(

* Language

Indicates that the model is designed to work with
natural language:

* Understanding text

* Generating human-like sentences

* Translating languages

* Answering questions, summarizing, and more
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' What is Large Language Models?

[
* Model

A mathematical representation trained using machine learning techniques
(especially deep learning) to learn patterns in data and make predictions based
on it.

In brief an LLM is:

A deep learning model trained on large-scale language data to perform tasks like
text generation, understanding, translation, summarization, and more—
mimicking human-like language abilities.
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" Attention Is All You Need
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Attention Is All You Need
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avaswani@google.com noam@google.com nikip@google.com usz@google.com
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(

* Main Concepts:
* Word Embedding
* Attention Mechanism
* Transformer
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(

 Word embedding represent words as numbers (vectors)

love - [0.8,-0.1, 0.9, 0.3]
hate-> [-0.8, 0.1, -0.7, -0.2]

banana-[0.1,0.9,0.2, 0.7
carrot-> [0.0,0.8,0.3, 0.6




uinoceall Word Embedding

-

 Methods for the word embedding:
* Frequency-Based Word Embedding
* Prediction-Based Embedding.

* Contextual-Based Embedding
* A word's vector changes depending on the sentence it's in — based on context.




M'.Q?S'.EAH Static Word Embedding

f

"bank" in:

"| sat by the bank of the river."

"bank" in:

"He deposited money in the bank."




M'.Q?S'.EAH Static Word Embedding

f

"bank" in:

"| sat by the bank of the river."

"bank" in:

"He deposited money in the bank."

[0.8,-0.5,0.2, ...]

]0.8,-0.5,0.2, ...]




[\’.!.'.Q?S'?A'I“. Static Word Embedding

"bank" in:

[

[0.8, -0.5, 0.2, ...] (Same vector)

"| sat by the bank of the river."

"bank" in:

[0.8, -0.5, 0.2, ...] (Same vector)
"He deposited money in the bank."




M'P?SEAN Contextual Embedding

"bank" in: [0.3,-0.9, 0.4, ...]

"| sat by the bank of the river." (Riverbank meaning)

"bank" in: |-0.2, 0.7, 0.1, ...]

"He deposited money in the bank." (Financial institution meaning)




M'P?SEAN Contextual Embedding

"bank" in: [0.3,-0.9, 0.4, ...]

"| sat by the bank of the river." (Riverbank meaning)

"bank" in: |-0.2, 0.7, 0.1, ...]

"He deposited money in the bank." (Financial institution meaning)




["!J'DQQEAI‘I. Attention Mechanism

Thanks to new technology, going to school
these days can be a pleasant experience. No
longer having to rely on ‘chalk and talk’,
teachers can give pupils the opportunity to play
a more active role in their own learning. This
makes learning a more individual experience
and students with different learming styles can
take in knowledge more easily. This can
motivate students | 53

Nowadays students can leam individually or
in groups to improve their skills. Using
technology is said to develop students’ critical
thinking, cooperative learning 54
Students can also learn at their own paoe with
the use of computers.

However, not all schools are taking full
advantage of these opportunities. Sometimes
schools cannot afford to buy the equipment

\ [55

In_other cases, schools have the resources
[56] . Schools need to decide which types
of technology can improve teaching to make
learning [57 | |. In addition, teachers need
to become familiar with new products,

software and on-line resources | 58 —: Only
in this way will schools be able to function
effectively in the future.
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e Assign weight to the inputs

The white cat ate the vyellow cheese

0.02

0.8 1.0 0.21 0.02

0.6 .56
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(
e Assign weight to the inputs

The white cat ate the vyellow cheese

Attention mechanism 0.22 1.3 1.2 028 032 0.8 .87
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/

e To improve the Text Translation

The white cat ate the yellow cheese

Cadl S gliayd) 4aal)
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e To improve the Text Translation

Computes Query (Q), Key (K), The white cat ate the yellow cheese

and Value (V) vectors for each
word. Attention(Q,K,V

Attention mechanism J Encoder - Decoder |

‘ Multi-head Attention

% P
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Transformer

Output
Probabilities

t

| Softmax |

| Linear |

4
s 1 )
| Add & Norm Je—
Feed
Forward
- ~ | Add & Norm  Je=
~—>| Add & Norm ] Mutti-Head
Feed Attention
Forward ) ) N x
1 ia
| J—
Add & Norm
N x .
~»| Add &_Norm | T
Multi-Head Multi-Head
Attention Attention
Ty , T T
\_ ) o _JJ
Positional 0sitions
0,-.| na @-69 & Px)SITI().r\ il
Encoding Encoding
Input Output
Embedding Embedding

I

Inpuls

T

Oulputs
(shifted right)
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Transformer

Input Sequence

Outputs
Probabilities

Decoder

Outputs
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Transformer

[0.8,..]

1 [0.5,..]

1 [0.2,..]

Love

Al
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Transformer

[0.8,..]

1 [0.5,..]

1 [0.2,..]

Love

Al

Initial Generated Word

Prompt (Start of the Sequence))
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Transformer

[0.8,..]

1 [0.5,..]

1 [0.2,..]

Love

Al

Initial Generated Word

Prompt (Start of the Sequence))
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Transformer

[0.8,..]

1 [0.5,..]

1 [0.2,..]

Next Word

Prompt (Start of the Sequence)
+

Initial Generated Word

7
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Transformer

Love

Al

Decoder

Start of the Sequence
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Transformer

Love

Al

Decoder

Start of the Sequence

- o)
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Transformer

Love

Al

Decoder

Start of the Sequence

- o)
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Transformer

Love

Al

Decoder

Start of the Sequence
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__ GPT-3
en
PP o7 GPT4

BERT

Google 5
PaLM
RoBERTa

Facebook Al (Meta Al
( \o—<" BART

Large Language Models (LLMs) n— T-NLG
O—__  DeBERTa
NVIDIA Megatron-Turing NLG

J
DistiBERT
O—"_ Transformer models repository

Baidu ERNIE
- - V
@iasvisuals Alibaba DAMO Academy . MT-NLG
Sl

Hugging Face

iasvisuals.com
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A Vision Transformer (ViT): A
Transformer for computer vision
tasks
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/

* A Vision Transformer (ViT) is a deep
learning model that applies the
transformer architecture, originally
used for natural language
processing, to computer vision
tasks.

Vision Transformer (ViT)

MLP
Head

Transformer Encoder

- @ 0 H5 006 D )

# Extra learnable
[class] embedding

SHE
HER—
s A

Lmear Prolectnon of Flattened Patches

1 T T ]
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