Random-projection ensemble dimension reduction
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Can many random projections recover the right low-dimensional view of the data?
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» High-dimensional regression suffers from the curse of dimensionality.
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» High-dimensional regression suffers from the curse of dimensionality.

» We do not want arbitrary compression.
EY | X =2z)=g(A"z), d<p

ATX preserves all the information in X

about the conditional mean of Y.

We want the smallest such dimension do and the corresponding directions Ao .



A single random projection can fail

many random projections

Toy example: Y = (A4, X)* + 0.3¢

n =100, p=20, X~ Ny(0,I), Ao=(1,1,0,...,0)T/v2
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A single random projection can fail

many random projections
Toy example: Y — (AJX)2 + 0.3¢

pick one at random

project data to 2-dimension ‘

n=100, p=20, X~ Ny(0,I), A¢=(1,1,0,...,0)" /v/2
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A single random projection can fail

Toy example: Y = (A4, X)* + 0.3¢

many random projections

pick one at random ‘

-
n=100, p=20, X~ Ny(0,I), A¢=(1,1,0,...,0)" /v/2
project data to 2-dimension
© - 3 o
o]
o]
L2}
o _| o °© °
o
> > o
o
[To w0 — o] o ° Oo
(o]
° 4 o e o ©
o
© o° ®P oo %p o
(o] o] [e]
& © ©® ©° % o OOO0 oo
o o - g ° OD%06> 0a® Q?%Ocicpoo QJOCDO%OOO Oo o
T T T T T T T T T
-4 -2 . 0 2 -2 -1 - 0 1 2
A0X= X1+ Xo Arandomx

A random projection is easy to get, but usually not useful!



Selecting the best projection 1n one group

one group of candidate projections

Toy example: Y = (A4, X)* + 0.3¢
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Selecting the best projection 1n one group

Toy example: Y = (A4, X)* + 0.3¢
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Selecting the best projection 1n one group

one group of candidate projections empirical error
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Selecting the best projection 1n one group

Toy example: Y = (A4, X)* + 0.3¢

n = 100,

p = 20,

X ~ Ny(0,1),

Ay = (1,1,0,...,0)T /2

keep the smallest empirical error
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Selecting the best projection 1n one group

keep the smallest empirical error

Toy example: Y = (A4, X)* + 0.3¢

candidate 1

n = 100, p=20, XNNQ()(O,I), AO = (]_,]_,O,.__,O)T/\/E candidate 2
candidate 3
—[ candidate 4 ]
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Choose the best projection in a group yields better representation.



Repeat the same selection across many groups

Toy example: Y — (Ag X )2 + 0.3¢ groupl  group2  group3
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Aggregate the selected projections by SVD

TOy example: Y = ( A(—]FX) 2 —+ 0.3¢ group 1 group 2 group 3 selected

1 1

1
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SVD recovers the signal directions

Toy example: Y = ( A(—]FX) 2 —+ 0.3¢ group 1 group 2 group 3 selected
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SVD recovers the signal directions

TOy example: Y = ( A(—]FX) 2 —+ 0.3¢ group 1 group 2 group 3 selected
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Using our method retains almost all the structure observed after oracle projection!



High-dimensional results: Figure 7

Atn =200 and p = 500, RPE-based methods are best overall; RPE2 gives an extra gain in Models 1a and 4.

Model 1 Model 2 Model 3
o — Qr—— " 9 |
— == — 8 - — s 8 -
c; g — H
| g f — B
¢ e s ; 8 8
- : < | f —t
i 8 o © |
H o o 8 L]
1 - : N | ‘
o o - H H
: ‘ ‘ ; N
o I - o B o
MAVE gKDR  drMARS RPE RPE2 MAVE gKDR  drMARS RPE RPE2 MAVE gKDR  drMARS RPE RPE2
Model 4 Model 5 Model 6
Q | 0
= e = .= ENN
4 : e ° _ i - T : : :
J : : i — o | 5 ‘ i
== : : B . :
7 ° 8 0 |
o o
— =)
o = o o
MAVE gKDR  drMARS RPE RPE2 MAVE gKDR  drMARS RPE RPE2 MAVE gKDR  drMARS RPE RPE2
Model 7 Model 8 Model 9
0 0 0
. = H i i . — —_— a H
= - e s — —
; : | : ° ° \ o o
© | : ‘ © | ' © | :
= ° <) i (=] S — —_—
8 8 o ; :
e
o o o — —
o | S i

MAVE gKDR  drMARS RPE RPE2 MAVE gKDR  drMARS RPE RPE2 MAVE gKDR  drMARS RPE RPE2



Takeaway

» Single random projections are unreliable.



Takeaway

» Single random projections are unreliable.

» Selection makes randomness useful.



Takeaway

» Single random projections are unreliable.
» Selection makes randomness useful.

» Ensembling the selected projections recovers the signal directions.



Takeaway

» Single random projections are unreliable.
» Selection makes randomness useful.
» Ensembling the selected projections recovers the signal directions.

» More groups L help in theory; more results in the paper.

Main idea: randomness alone 1s weak;
selection + ensembling makes it informative.

Scan for the latest version



