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What can we do with deep learning models?

Image classification

Translation, test generation,
sentiment analysis, ...

d a’ ot
ot ,r[\la%uraigg Sz
i Q davg G oot oy
sl oz nersEnd T e dssing
$8ES glanguage Machine &3
3 - “ Learning E"""“a‘g
set e different o5 post

hurnangg

[ Road Sidewalk Building I rence

. Fole B Vegetation B Vehicle I Unlabel

Semantic segmentation

Predicted pressure

1.4
1.3
1.2
1.1
1.0
0.9

D= L£Qwl e
(A~ 0G0 Ot
OO —-0l0o -
OoGlwaGDoe—
S Odt Ro|O0R
DOoO%HOoD|Lfw-

~O0=D )k BDwmw
kLT (=T

M eONO~NONe

Modeling physical systems

Exact pressure

0.0
—0.1
—0.2
—0.3
—0.4
—0.5
2 4 6 8
T

Solving

constrained

optimization

Generative models




What do we learn with deep learning models?

Image classification
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What do we learn with deep learning models?

Image classification

s ﬂﬁ
Wi < 10

vehicle —  craft —  watercraft sailing vessel —  sailboat

Convolutional neural networks

input convi pool1 conv2 pool2 hiddend output

o\




What do we learn with deep learning models?

Image classification Representations
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The importance of representations in neural networks

Representations arise automatically mmm) Need to understand their meaning

* To make NN more interpretable

| Q1: When / How do interpretable representations arise ? |

* To transfer efficiently the learned concepts
| Q2: Which information is encoded in a given representation? |

* To improve the architecture design
What is the depth required to achieve a given performance?



1) Intrinsic dimension [Ansuini et al., NeurlPS 2019]

2) Probability density [Doimo et al., NeurlPS 2020]

Colab:
https://colab.research.google.com/drive/1fTXEOGWb5BobZhL3j6G6Ra5hBj__c9X-#scrollTo=VrIL_J3FLQab
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What is a representation?

Representation = function of the input data
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What is a representation?
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What is a representation?

Input
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What is a representation?
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What is a representation in a convolutional neural network?




What is a representation in a convolutional neural network?

Input channels
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What is a representation in a convolutional neural network?

Input channels First layer weights
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What is a representation in a convolutional neural network?

Input channels First layer weights First layer channels / First layer representation
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What is a representation in a convolutional neural network?

Input channels First layer weights First layer channels / First layer representation
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What is a representation in a convolutional neural network?

Input channels First layer weights First layer channels / First layer representation
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What is a representation in a convolutional neural network?

Input channels First layer weights First layer channels / First layer representation
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What is a representation in a convolutional neural network?

Input channels First layer weights First layer channels / First layer representation
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What is a representation in a convolutional neural network?

Input channels First layer weights First layer channels / First layer representation
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What is a representation in a convolutional neural network?

Input channels
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What is a representation in a convolutional neural network?
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What is a representation in a convolutional neural network?

[ ]
1.83
O
-2.02
3.21
568 0.00
0.01
2.07 0.00 0.00
° . 0.00 0.00
1.77 —
— . N 0.42 D 0.00
1.91 = = =
o o n
> i > 3.92 175
1.88 © qv] ©
- 0.86 1 -
1.88 0.79 @) 0.00
8.17
d 1.06 0.00
0.00
1.56
0.00 0.00
1.70
0.00
1.70
0.00
1.75

XOEIR150528 X1€ IR802816 XIE IR4O96 XL EIRlOOO



What is a representation in a convolutional neural network?
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The embedding dimension of the representation is huge.

0.00

0.00

0.00

0.00

0.00

0.00

0.00

0.00

F1.75]

LD (D g D x D




What is a representation in a convolutional neural network?
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The embedding dimension of the representation is huge.
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What is a representation in a convolutional neural network?

-1.83
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The embedding dimension of the representation is huge.

a) Any density-based analysis seems hopeless when D > 100

This is not true for other classification approaches (kernels,...)

Chizat & Bach, Implicit bias of gradient descent... Conference on Learning Theory (2020)

Ghorbani et al, When do neural networks outperform kernel methods? NeurlPS (2020)

b) Neural networks take advantage of the low dimensional structure of the data.
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Intrinsic dimension estimation

Intrinsic dimension of a data representation:
minimum number of coordinates to describe the data without significant information loss

Linear case: Principal Component Analysis (PCA)
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Intrinsic dimension estimation

Intrinsic dimension of a data representation:
minimum number of coordinates to describe the data without significant information loss

Linear case: Principal Component Analysis (PCA)
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Intrinsic dimension estimation

The general (non linear) case: TwoNN (Facco et al, 2017)
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Intrinsic dimension estimation

The general (non linear) case: TwoNN (Facco et al, 2017)

1) For each data point i compute the distance to

its first and second neighbors (r;; and r,,)
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Intrinsic dimension estimation

The general (non linear) case: TWoNN (Facco et al, 2017)
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Intrinsic dimension estimation

The general (non linear) case: TWoNN (Facco et al, 2017)
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Intrinsic dimension estimation

The general (non linear) case: TWoNN (Facco et al, 2017)

1) For each data point i compute the distance to
its first and second neighbors (r;; and r,,)

2D embedding space

r.
2) For each i compute Mi:l—z

1D manifold ri,l

® The probability distribution of « is

d
u

where d is the ID.
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3) Infer d e.g via maximum likelihood
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Intrinsic dimension estimation of a noisy manifold

When the data are noisy TwoNN can overestimate the ID due to its local nature

2D embedding space

1D manifold

o'/
On this scale the
manifold looks 2D!

Activation x,

Activation x,



Intrinsic dimension estimation of a noisy manifold

When the data are noisy TwoNN can overestimate the ID due to its local nature
Enlarge the neighborhood range to find the actual ‘soft directions’ of the data
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Intrinsic dimension estimation of a noisy manifold

When the data are noisy TwoNN can overestimate the ID due to its local nature
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Intrinsic dimension estimation of a noisy manifold
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Intrinsic dimension estimation of a noisy manifold

When the data are noisy TwoNN can overestimate the ID due to its local nature

2D embedding space 1) For each data point / compute the distance to
its nth and 2*nth neighbors (r,, and r,,,)

1D manifold

r.

: __i,2n
PY 2) For each jcompute  u, ;=
e ri,n

The probability distribution of t,, is
d(,ud_ l)n—l

Activation x

P(Mn|d)oc (2n—1)d+1
u

where d is the ID.

Activation x,



Intrinsic dimension estimation of a noisy manifold

When the data are noisy TwoNN can overestimate the ID due to its local nature
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Expansion and compression of the ID
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Expansion and compression of the ID
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Discarding useless features

MNIST (original) —
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Discarding useless features
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In a trained network, the initial ID expansion reflects the pruning of low-level visual features that
carry no information about the correct labeling
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