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In this talk...
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Unsupervised
Compressive Learning

* Compressive K-Means [Keriven-CKM]
* Compressive GMM estimation [Keriven-GMM]
* Compressive PCA [Gribonval-CL]

Preliminary 1:

(Unsupervised) Compressive Learning Basics
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Compressing a dataset
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Compressing a goout

¢ H H H H H HE HE H H = = = = = = = = W

We don’t care about individual realisations

., Object of interest: the distribution P!
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Compressmg a %

. . A . A A . LA =

“Signal” of interest

L —

CS-inspired!
“Sketching” Learnlng
Generalized moments Moment matchlng

Linear sensing Inverse problem

Dataset sketch (summary)
a

fcomputes m “features” of the data, to be averaged (“pooled”)

E.g. Random Fourier Features

f(x)rrr = [exp 1wTw)]m
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Geometric interpretation
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Geometric interpretation

f(@)rer = [exp(iw?m)};’;l with w; ~ A+
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Geometric interpretation
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Geometric interpretation
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Preliminary 2:

(Uncompressed) Classification Basics

Supervised ML
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Optimal classifier
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MAP (or Bayes) classifier

~MAP

Prior \ Conditional U = arg mkax pkpk (wl)

Hard to estimate in practice!
You get this:




In this talk... (finally)

Unsupervised ML Unsupervised
Compressive Learning
|
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Compressive Learning

o o Compressive Classification
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Compressive Classifier

Observation (sketching) phase

1
One sketch per class! zZx, = F E f(il?z)
k & {1, ,K} ~ k x; €EXg

ie., sketch the A(Py) = Epop, f(x)

conditionals!

4
Xl ZXl
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— . K1 coefficients to store
X2 Z X, Efficient compression when
Km < Nn
E EH B v
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Compressive Classifier

Observation (sketching) phase Classification phase
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Interpretation
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Interpretation

QMAP = arg m]?kaPk(a:’)

| (@), (@) = r(.2)
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Interpretation

™ = arg mgxpkpk(a:’)
‘ T CC approximates the MAP classifier ’.
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Pros and cons

1 §°“ = argmax Py, - (f(x), 2
= Z f(®i)  then T @), 2x)

-~ /
e, ~ argmax py - k(@' P)

Pro

* Cheap to “learn’: you only observe the
dataset (“‘compressive k-NN")

 Cheap to evaluate: f (once), +, * and max

* Easy to parallelize/update: suited to massive
datasets, distributed (sensitive?) datasets,
data streams, and data augmentation
(almost free!)

* MAP in RKHS interpretation is seducing,
but it is an asymptotical result...
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Pros and cons

1 §°° = arg max py - (f(2'), zx,)
“ Xy — N, Z f(®i)  then N k / "
ZBzEXk — arg mkaxpk ) /{(w 7Pk)
Pro Con

* Cheap to “learn’: you only observe the
dataset (“‘compressive k-NN")

* No guarantees (yet): generalization error
» Cheap to evaluate: f (once), +, * and max bounds, sample complexity bounds...

* Easy to parallelize/update: suited to massive | ° Hyperparameters: choice of f (hence K) is

datasets, distributed (sensitive?) datasets, crucial!

data streams, and data augmentation

(almost free!) * High-Dimensional data is expected to be
difficult

* MAP in RKHS interpretation is seducing,
but it is an asymptotical result...
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Proof of concept (synthetical)

Random Fourier Features sketch with Gaussian kernel
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Proof of concept (real)

Random Fourier Features sketch with Gaussian kernel

Standard learned classifier

\

Compressive classifier

A

N n SVM m = 50 m = 1000
- o |4 500 | 651181 | 551123
400 | 8224325 | 6.18 4 2.40
. 0.84 | 456 +2.34 | 2.43+0.72
Wine 178 13 1.69 | 13.75+4.09 | 8.19 4 1.29
367 | 7.00+1.40 | 3.93 +0.39
Breast cancer | 569 | 30 213 | 9224233 | 6.23+0.69
91.03 | 23.88 £ 4.37 | 23.11 + 1.05
Adult (3 attr.) | 30718 | 3 21.06 | 36.09+ 6.67 | 35.04 4 1.63

37
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In this talk...

Unsupervised ML

Unsupervised
Compressive Learning

* Compressive K-Means [Keriven-CKM]
* Compressive GMM estimation [Keriven-GMM]
* Compressive PCA [Gribonval-CL]

Supervised
Compressive Learning

Compressive Classification

(a proof of concept)

What about HD data such as images?
38



Sketching images

Up to now, the sketch function f used are Random Fourier Features

f(@)rer = [exp(iwlx)]

J =1
r &
k(x,x') = K(x — x') Depends only on signal difference

For images, a kernel based on the pixel-wise difference does not make so much sense...

|dea: capture the image structure with a (random) Convolutional NeLiraI Network architecture

f(m)CNN — CNN@(.’E) .

@} Random CNN have been shown to be!
surprisingly meaningful features for
image processing tasks :

1

1
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Sketching images

Up to now, the sketch function f used are Random Fourier Features

f(@)rer = [exp(iw] z)]

0

k(z,2') = K(x —x)

For images, a kernel based on the pixel-wise difference does not make much sense...

|dea: capture the image structure with a (random) Convolutional Neural Network architecture

@)
N n CNN m =250 m = 5000
60000 160 £0.12 | 17.73+1.43 | 16.60 £ 1.54
MNIST 1 0000 | 28228 %1 | 1634011 | 16.834+1.39 | 15.80 + 1.61
50000 30.08 + 1.48 | 71.76 £ 1.85 | 72.83 =+ 2.00
CIFARIO /6000 | 32 %32 %3 | 4098 +1.36 | 71.124+1.72 | 72.02 + 1.85

40 “Not that random” (Work In Progress)...



Some perspectives

1 §~° = argmax py - (f(z'), zx,)
Xk = N Z f(@i)  then k / '
x; € X =~ arg m]?ka ' /ﬁl(w 77Dk)

* Explore the features/kernel choice?

* Learn the kernel from a small data sample (distilled sensing)?
* (Non-asymptotical) formal guarantees!?

* Is this the best we can do with the sketch?

* Regression? Other supervised tasks!?

41
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