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Fun Facts about ML/AI/DM

o0 Google Brain

Yann Lecun Geoffrey Hinton

m Godfathers of Deep Learning
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Fun Facts about ML/AI/DM

Fundamental Al Research

FAIR

» Llama (Large Language Model Meta Al): FAIR released the Llama series (Llama 1,
2, and 3.1), which are among the most influential open-source, pre-trained large
language models. These allow for democratization, customization, and cost-
effective Al development compared to proprietary models.

« Segment Anything Model (SAM): A foundational computer vision model that can
"segment” (identify and distinguish) any object in a photo, which has become a
staple for visual Al tasks.

e PyTorch: FAIR open-sourced this deep learning framework, which is now one of the
most widely used libraries for Al research and development globally.
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Fun Facts about ML/AI/DM
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Fun Facts about ML/AI/DM

Llama Model Timeline

Llama 1 (Feb 2023): Initial research-only release (TB-65B parameters).

» Llama 2 (July 2023): First open-weights, commercially usable, and chat-tuned
models.

» Code Llama (Aug 2023): Specialized code-fine-tuned version of Llama 2.

[- Llama 3 (April 2024): 8B and 70B models with significantly higher performance. ]

« Llama 3.1 (July 2024): Introduced 405B parameter model and 128k context
window.

+ Llama 3.2 (Sept/Oct 2024): First multimodal (vision) models and lightweight edge
models.

« Llama 4 (April 2025): Mixture-of-Experts (MoE) architecture introduced with Scout
(17B active) and Maverick (17B active). ¢
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Question Time!
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KNN - Time Complexity

o

1-nn decision boundary is
a Voronoi Diagram
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Assuming N Training points

D Dimension

What is the time complexity
of classifying that red point?

O(ND)

compare with every
training points
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KNN — KD Tree to Optimize Time Complexity
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insert: (30,40), (5,25), (10,12), (70,70), (50,30), (35,45)

What is the time complexity
of classifying that red point?

O(DlogN)
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KNN — KD Tree and Faiss to Optimize Time Complexity
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TOOLS

Faiss FAISS

Faiss (Facebook Al Similarity Search) is a library that allows developers to quickly search for embeddings of Scalable Search With Facebook Al
multimedia documents that are similar to each other. It solves limitations of traditional query search engines
that are optimized for hash-based searches, and provides more scalable similarity search functions.

Efficient similarity search

With Faiss, developers can search multimedia documents in ways that are inefficient or impossible with
standard database engines (SQL). It includes nearest-neighbor search implementations for million-to-billion-
scale datasets that optimize the memory-speed-accuracy tradeoff. Faiss aims to offer state-of-the-art
performance for all operating points.

Faiss contains algorithms that search in sets of vectors of any size, and also contains supporting code for
evaluation and parameter tuning. Some if its most useful algorithms are implemented on the GPU. Faiss is
implemented in C++, with an optional Python interface and GPU support via CUDA.

Ap. m.seed(42)

n_samples = 100800 EH"UtE—ﬂ]rEE' Ell.lrg t_L[I'IE':
data = np.random.rand(n_samples, 28) * 188 HD—TFEE‘ El'u"g tj.lT'IE"

n_queries = 18 FAISS |: FlatL2 f davg:

gueries = np.random.rand{n_queries, 28) * 108
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KNN — K-Means Clustering to Help

search scope

Voronoi nprobe = 1

Given a query q, instead of comparing with every other
points, we only compare with points in certain regions

But how to derive regions and their point belonging relations?
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Question Time!
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K-Means Clustering

* Clustering:
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Applications
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TooLS

Faiss FAISS

Faiss (Facebook Al Similarity Search) is a library that allows developers to quickly search for embeddings of Scalable Search With Facebook Al
multimedia documents that are similar to each other. It solves limitations of traditional query search engines 60 -
that are optimized for hash-based searches, and provides more scalable similarity search functions.
40 o
20 o
Efficient similarity search
2 o4
With Faiss, developers can search multimedia documents in ways that are inefficient or impossible with
standard dat gines (SQU). tinclug search imp for
scale datasets that optimize the memory-speed-accuracy tradeoff. Faiss aims to offer state-of-the-art \ —20 4
performance for all eperating points.
Faiss contains algorithms that search in sets of vectors of any size, and also contains supporting code for —40 -
evaluation and parameter tuning. Some if its most useful algorithms are implemented on the GPU. Faiss is
implemented in C++, with an optional Python interface and GPU support via CUDA. 60 -
—80 -

Quickly Calculate KNN )

Executives

Income
Retirees

al

Fig. 3 Raw MR image 1 preprocessed image, clustered classes
with k-Means and clustered classes with FCM.
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K-Means Clustering

« K-Means: An iterative algorithm for clustering

* K-Means Algorithm:
Input: Data {xV, ..., xV) € R4}
Output: Centroids {uV, ..., u*) € R?}

Procedure:
1. Initialize with K random centroids (i.e., cluster
center),{u™, ..., u®) € R%}.
2. Repeat until convergence:
* Assign a cluster to every sample x@:
¢V = argmin, dist(x'V, u'*
* Update centroids according to clusters:

(k) — Sty HeW=k}x®
S NFTPORrs
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K-Means Clustering

* K-Means: An iterative algorithm for clustering -
» K-Means Algorithm: g ’ :' 5
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K-Means Clustering

* K-Means: An iterative algorithm for clustering ~
* K-Means Algorithm: 4 5 . ®
=) L
< o33 <
: 2 & - o . %
o % .
1. Initialize with K random centroids (i.e., cluster 4
center),{u@, ..., u® € R%}. -2
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K-Means Clustering

* K-Means: An iterative algorithm for clustering o
. . -
* K-Means Algorithm: 4 = e %
[ ] -
2 ® s @
° " '_
Q d
1 -2
: ® e *
2.  Repeat until convergence: 1 ..
P e @
* For every sample x¥, set: -4 - ’. .
" , L
¢ = argmin,, dist(xV, u) o« o
_6 d
-4 -2 0 2 4
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K-Means Clustering

* K-Means: An iterative algorithm for clustering o
* K-Means Algorithm: 4 _' .
] (L]
2 L ]
o ..'
0 ]
®
_2 -
- . o *
R Repeat until convergence: d
e @@ L
4 - ' 4
o ¥
. -6
* For each k, set: -
-4 =2 0 2 4

N 1{cD=k)x®
E{i] l{c{i:F:k]

u =
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K-Means Clustering

* K-Means: An iterative algorithm for clustering .
* K-Means Algorithm: e o .«
L ] [ ]
2 . % ..
0 ®
®
2
2. Repeat until convergence: * o
* For every sample x©, set: «{®*
¢ = argmin,, dist(x®, u %)

Yy

KIND

kindlab-fly.github.io



K-Means Clustering

* K-Means: An iterative algorithm for clustering S
. °
* K-Means Algorithm: 4 = o ®
= o
2 % ©
.. °
0
. -2 ®
®
2. Repeat until convergence: o
mple x =% 1 -
-6 -

* For each k, set:

) — Ziy 1{cO=k)x®
# Z{V=1 l{c(i)zk}
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K-Means Clustering

* K-Means: An iterative algorithm for clustering E
o = a9
* K-Means Algorithm: 44 o e S
& "D @
=
2 ) .. .‘ o
o °* .’o
0 4
-2 &
2. Repeat until convergence:
* For every sample x¥, set: 41
cD = argmin, dist(x®, u*)
. -6
-4 3 0 2 H
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K-Means Clustering

* K-Means: An iterative algorithm for clustering s
* K-Means Algorithm: 4 - . ®
e @
@ eey &
8
2 " ..... . 8
0 1
- -2 1
2.  Repeat until convergence: E3
, | i -4
* For each k, set: 6 ,
-4 -2 0 2 -

u® = I, 1{cD=k}x®
Zﬁl 1{cD=k}
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K-Means Clustering

* K-Means: An iterative algorithm for clustering =
. &
* K-Means Algorithm: 4 - s
e @ & @
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* For every sample x¥, set: -4
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K-Means Clustering

* K-Means: An iterative algorithm for clustering e
. 3
* K-Means Algorithm: 4 i k!
@ @rs °
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K-Means Clustering

* K-Means: An iterative algorithm for clustering

* K-Means Algorithm:

2.  Repeat until convergence:
* For every sample x¥, set:
¢ = argmin,, dist(x®, u®))
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K-Means Clustering %

@ A common objective function (used with Euclidean
distance measure) is Sum of Squared Error (SSE)

— For each point, the error is the distance to the nearest cluster
center

— To get SSE, we square these errors and sum them.
K
SSE = Z Zdistz(m,.,x)
i=1 xeC,

— X is a data point in cluster C,and m), is the centroid (mean) for
cluster C,

— SSE improves in each iteration of K-means until it reaches a
local or global minima.
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K-Means Clustering

Iteration 1 Iteration 2 Iteration 3 Iteration 4
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K-Means Clustering %

1. Guaranteed to Converge in a finite number of iterations

2. The converging point really depends on the initial centroids

Converge does not mean you get a good solution

Converge does not mean you get the same outcome

3. Running time

(1) Assign data points to closest centroid:
(2) Change the cluster center:
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K-Means Clustering

K-Means (Lloyd) with bad init | iter=0

K-Means (K=2) across rotations | angle=0°
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K-Means Clustering

Original Concentric Circles in 2D Space 1%, ¥, 7]
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Hierarchical Clustering

e Produces a set of nested clusters organized
as a hierarchical tree

e Can be visualized as a dendrogram

— A tree like diagram that records the sequences of
merges or splits

, \'{/1/ /

-
—— o

'|

0.05-
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K-Means Clustering

e Do not have to assume any particular number
of clusters

— Any desired number of clusters can be obtained
by ‘cutting’ the dendrogram at the proper level

e They may correspond to meaningful
taxonomies

— Example in biological sciences (e.g., animal
kingdom, phylogeny reconstruction, ...)

KIND
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K-Means Clustering

e Two main types of hierarchical clustering

— Agglomerative:

+ Start with the points as individual clusters

+ At each step, merge the closest pair of clusters until only one
cluster (or k clusters) left

— Divisive:
¢ Start with one, all-inclusive cluster

¢ At each step, split a cluster until each cluster contains an
individual point (or there are k clusters)

KIND
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K-Means Clustering

e Key Ildea: Successively merge closest clusters

@ Basic algorithm
1. Compute the proximity matrix
2 Let each data point be a cluster
3. Repeat
4. Merge the two closest clusters
5 Update the proximity matrix
6. Until only a single cluster remains

@ Key operation is the computation of the proximity of two
clusters

—  Different approaches to defining the distance between
clusters distinguish the different algorithms

KIND
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K-Means Clustering

e Start with clusters of individual points and a
proximity matrix

p1 | p2 | p3 | p4|p5
p1
O p2
O O »
O O o4
O p5
O
O ‘ . :
O . Proximity Matrix
O O O

pi p2 p3 pd p9 p10 pii pi2
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K-Means Clustering

® After some merging steps, we have some clusters

S @
e
o 6
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c1|c2| c3| ca|c5
C1
Cc2
c3
c4
c5
Proximity Matrix

B !

p1 p2 p3 p4 p9 pi0 pi11 pi2
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K-Means Clustering %

® We want to merge the two closest clusters (C2 and C5) and

update the proximity matrix. c1|c2| c3| calcs

C1

C2

CS5

@ Proximity Matrix

kindlab-fly.github.io



K-Means Clustering

® The question is “How do we update the proximity matrix?”

c2
U
c1| c5| c3| ca
c1 ?
caucs| ? | ?| ? | 7
@ c3 2
C4 ?
@ Proximity Matrix
r?"
® *® *®
I |
| | !
| !
I |
A !
p1 p2 p3 p4 p9 p10 pi1 pi2
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K-Means Clustering

Similarity?
-+ e pz

e MIN pS
e MAX -
® Group Average

e Distance Between Centroids Proximity Matrix
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K-Means Clustering

e MIN PS
e MAX -
® Group Average

e Distance Between Centroids Proximity Matrix
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K-Means Clustering

e MIN Po
e MAX -
@ Group Average

e Distance Between Centroids Proximity Matrix
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FAISS

00 Meta Our approach v Research v Product experiences v Llama Blog

TOOLS

Falss FAISS

Faiss (Facebook Al Similarity Search) is a library that allows developers to quickly search for embeddings of Scalab'e Search With Facebook Al

multimedia documents that are similar to each other. It solves limitations of traditional query search engines
that are optimized for hash-based searches, and provides more scalable similarity search functions.

Efficient similarity search

With Faiss, developers can search multimedia documents in ways that are inefficient or impossible with
standard database engines (SQL). It includes nearest-neighbor search implementations for million-to-billion-
scale datasets that optimize the memory-speed-accuracy tradeoff. Faiss aims to offer state-of-the-art
performance for all operating points.

Faiss contains algorithms that search in sets of vectors of any size, and also contains supporting code for
evaluation and parameter tuning. Some if its most useful algorithms are implemented on the GPU. Faiss is
implemented in C++, with an optional Python interface and GPU support via CUDA.

seed(42)

nigamp[{gg = loeeea EH"UtE—ﬂ]rEE' Ell.qu t_LITIE': E.. 1
data = np.ra n.rand(n_samples, 28) * 188 KD-T res avg time:

n_queries - FAISS iFlatLE} davg:

queries = np.rs: m. rand{n_queries, 28) * 100
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FAISS

search scope
nprobe = 1

Given a query q, instead of comparing with every other
points, we only compare with points in certain regions

What if N is very small but d is very large?
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FAISS 5

Oviainal 1. Sliced
vrelgg)\? sub-vectors :quf{‘lecrem 3. Centroid
’ﬁ 9 ID vector
7771
W/—\) j\ % @ =
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Question Time!
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