Sy,
NEURAL INFORMATION
'f PROCESSING SYSTEMS
ole

A two-scale Complexity Measure for Deep Learning Models

Massimiliano Datres!-?, Gian Paolo Leonardi!, Alessio Figalli®, David Sutter*

TUniversity of Trento, 2Bruno Kessler Foundation, 2IBM Research Zurich, 4ETH Zurich



Introduction & Contribution

. Neural Networks (NN) achieve outstanding performances in solving complex tasks such as image
classification problems, object detection;

. Quantify expressivity pre-training =» complexity measures

. A good complexity measure for NN should:

Give useful pre-training information;

Be more efficient/scalable than full training;
Be applicable to over-parametrized regimes;
Provide insights about generalization.
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Notation

(X,Y)~p ¢

¥

D= {(x;,y)

Population Risk

- - Frf/]
R(8) = Ep[L(pe (y|x), p(y]x))]

Statistical Model L/

Mg = {pg(x,y):6 € 8}

Loss function

Generalization Error

L:[0,00)x[0,00) = [0, o)

B c R® N

Fisher Information Matrix [2] N
F(8) = Epy [V logpe(x, y) @ Vg log pe(x, y)]
= ELy A0(6) wi(8) @ w(8)

1 Pseudo-metric on 8

—

IIR(8) = Rn(8) |]e

Empirical Risk

Ro(8) = ) L(pe(yilx), B0ilx)|

i=1

Fisher Box Norm

[vre) = max, Vi(6)I(v,u(6)|




The Effective Dimension

log Vg (¢)

effdimeff,e(]\/[@) = | log . |

where Ny (¢) Is the minimum number of Fisher boxes of size £ needed to cover ©
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Easiest Case

® =[0,1]9and F = diag(14, ..., 1g):

Ny(e) < ﬁ [
i=1

where [t] = min{k € Z: max(t, 1)}
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Harder Case
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Using Lipschitz assumption \




The 2-scale Effective Dimension




Generalization Buond

Under suitable assumptions:
1. The model8 - pgisCtand3 0 < a; < a, suchthat a; < p,pg < ay;
2. The FIM F(0) and the loss function £ are bounded and Lipschitz;

3. The meso-scale exponent { € E, 1];




Markovian Models

Xo
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xp) = pOL(xleL—l) * Do, (x11x0) 0 (x0)

F1(61) O 0
F() = 0 F,(04, 92) :
0 - Fy(61, 0, 01).
where:
F; = F;(61, ... 6;)

FIM Diagonal Block

X2
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Selected Experiment

0;(-) :== act(W' -) where act is the activation function;
Stochasticity:
Oio- = Oi + Vi ~ N(Oi,O'ZId)
where v; ~ V' (0, 02);
Compare three models with similar amount of
parameters and RelLU activation functions;

MLP 54-16-7

Model Number of Parameters
MLP 54-16-7 976
MLP 54-13-11-9-7 1007
MLP 54-10-2-10-25-7 1005

CoverType Dataset [4]: Classification of pixels into 7 forest cover types based on attributes such
as elevation, aspect, slope, hillshade, soil-type, and more.
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Estimated d;(a) of three different MLP

architectures using 100 Covertype samples
and 100 different vectors of parameters for the

Monte Carlo estimation of Fy ;




Training Loss

Selected Experiment
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Training Loss

Training loss plots of MLPs on 10000 random
CoverType samples using Adam with
learning rate 1e~3 and a batch size 64;
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Training loss plots of MLPs on 100000 random
CoverType samples using Adam with learning
rate 1e 3 and a batch size 64;
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Thanks for the attention!
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