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PART 01

Introduction




What Is Synthetic Data?

Synthetic data (from real data)

8 /._% f tsource)

Synthetic data is not Source dt - -
Synthetic real data, but it has f/ 7 ‘:
Data the o mmm

Simulation (without real data)

It is created by using existing
models or the background
knowledge of the analysts.
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Objective-for Generate Synthetic Data with Real Data

Known methods SYNTHETIC
—
DATA
ML / DL
\ ArChetypaI /

Analy5|s
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What Is the Archetypes?

Archetype (Wikipedia): from Greek:

® arché "beginning” , “origin” .

° tupos. "pattern” , “model” , or “type” .
Original pattern from which copies are made.

Archetypes in everyday language:
®  Jack Sparrow: 40% pirate and 60% clown.
® Dr. House: 20% doctor, 30% detective, and 50% bad temper.

In Statistics, the concept of archetypes is the same as in common life. i
o



Archetypal Analysis (AA)
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AA (Cutler and Breiman, 1994) aims to find extreme cases: Zi=a 1% = 25 izl =¥ = 2jen @i 2i=a Bl

Under the constraints

1. Archetypes are convex combinations of the Observations .
Y ay=1witha;;=0fori=1,..,n

2. Observations are convex combinations of the Archetypes 2) Y By =1withp;=0forj=1,.. k
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PART 02

Proposed Approach




Dirichlet Distribution

Key Properties:
a) It generates random probability vectors a = (a4, ..., ax) witha; = 0 and Ya; = 1
b) The o = (64, ..., 6) is the vector of parameters of the Dirichlet distribution being each 6; > 0

c) Behavior depends on the 6 values:
If all 6, =1 — uniform distribution over the simplex
Larger 6; — samples are concentrated around the center
Smaller 6; — samples are clustered near the corners of the simplex

Samples from Dirichlet Distribution with Different 8 Settings

6=1(0.8,07,0.3) 6=(1,1,1) 8=(5,10,3)
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Proposed Approach

One of the constraints

Step1

Estimate Dirichlet
Parameters (9),

Output:
Dirichlet parameters
derived from 6

Minimize RSS Y, ||x; — Z?:l aijzj”z

5‘-‘=1aij = 1 with a;j >0 fori= 1,..

Step2
Draw a random
sample from the

fitted Dirichlet
distribution to
obtain convex
weights (a’).

Output:
New convex weight

Step3
Generate synthetic
data by using o'
and archetypes.
Xp= a' X Z

Output:
Synthetic data




PART 03

Results




IRIS Dataset

. A classic Dataset in statistics and machine learning
%« 150 iris flowers, 3 species: Setosa, Versicolor, Virginica
< 4 features: Sepal length, Sepal width, Petal length, Petal width

=1« Widely used for clustering, classification
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Result:

AA + Dirichlet Synthetic vs Original (with Archetypes & Hull)
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Strengths:

1:Synthetic data shows general structure.

2:Density is relatively same.

Type
¢ Original

¢  Synthetic
Limitations:

1:Many real data points lie outside the
convex hull (74.7% inside).

2:A lot of points are on the boundary.
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PART 04

Summary and Future Research Directions




Summary

s Methodology

* It has been defined using AA & Dirichlet

mmm |/Mplementation

« Preliminary application using Iris dataset

e Results

o Initial results show not that good similarity between real
and synthetic data
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Future Research Directions

Improve performance outside convex hull using
more archetypes or hybrid methods

Conduct simulation studies to validate statistical
utility and realism of synthetic data

Extend the method to Archetypoid Analysis
(ADA) framework
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