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Over-parameterization: more parameters than training data
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Challenges in deep learning: robustness

Robust, Secure, Trustworthy Machine Learning

(a) Turtle classified as rifle [AEIK18]. (b) Stop sign classified as 45 mph sign [EEF18].
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Challenges in deep learning: robustness

Robust, Secure, Trustworthy Machine Learning

(a) Turtle classified as rifle [AEIK18]. (b) Stop sign classified as 45 mph sign [EEF18].

Understanding robustness from function space theory!
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Why function space theory is needed? (lazy training regime)

m
FNN,m = § fm(x;0) = Zai max ((w;, x),0) : a; € R,w; € RY
i=1

o Gaussian initialization: w;,a; ~ N (0, var)
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Figure: Training dynamics of two-layer ReLU NNs under different initializations [JGH18, COB19, LXMZ21].
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Why function space theory is needed? (non-lazy training regime)

m m

- mean field regime T --
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Figure: Training dynamics of two-layer ReLU NNs under different initializations [JGH18, COB19, LXMZ21].
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Why function space theory is needed? (non-lazy training regime)
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Figure: Training dynamics of two-layer ReLU NNs under different initializations [JGH18, COB19, LXMZ21].
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Architecture of DNNs

Wy eR™ I~ N(0,82) Wy eR™ ™~ N(0,4%) 1=2,---,L—1 Wy, €R™™~ N(0,82)

z €RY—| Wy ReLU W, ...

Initialization Formulation

LeCun initialization | 81 = \/g, B8=8L
V3 B8=8L=1\/2

NTK initialization B=pB1= \/g Br=1

He initialization 51

[Tl Over-parameterization in NNs | Fanghui Liu, fanghui.liu@epfl.ch Slide 7/ 14 EPFL



Over-parameterization helps or hurts robustness?!

Helps! [Bs21] Hurts! [HJ22, wcCt21, HWE*21]

1Zhenyu Zhu, Fanghui Liu, Grigorios Chrysos, Volkan Cevher, Robustness in deep learning: The good (width), the bad (depth), and the ugly
(initialization). NeurlPS 2022.
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Definition (perturbation stability)
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Main results (Lazy-training regime)

Theorem: perturbation stability < Func(m, L, 3)

Assumption Initialization Our bound for Z2(f,€)/e Trend of width m ] Trend of depth L [
3 3
LeCun initialization ( 7/ %e*’“r/L + \/g) (#)L—2 SN N
initializati /L3m —m/L3 1
lxll2 = 1 He initialization e + L AN A
3
NTK initialization L3m g=m /L% 4y RV e

1 The larger perturbation stability means worse average robustness.

Takeaway messages: the good (width), the bad (depth), the ugly (initialization)
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Main results (Lazy-training regime)

Theorem: perturbation stability < Func(m, L, 3)

Assumption Initialization Our bound for Z2(f,€)/e Trend of width m ] Trend of depth L [
S 3 — 3 -
LeCun initialization ( A/ %e m/L¥ | \/g) (#)L 2 N N
initializati /L3m —m/L3 1
lxll2 = 1 He initialization e + L AN A
3
NTK initialization L3m g=m /L% 4y RV e

1 The larger perturbation stability means worse average robustness.

Takeaway messages: the good (width), the bad (depth), the ugly (initialization)

> width helps robustness in the over-parameterized regime

> depth helps robustness in LeCun initialization but hurts robustness in He/NTK initialization
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Experiments: robustness under lazy-training regime

Metrics | Ours (NTK initialization) | wcct2i) [HWET21]
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Main results (Non-lazy training regime)

sufficient condition for DNNs

for large enough m and m > d, w.h.p, DNNs fall into non-lazy
training regime if

W () -W, () || .

R I 7101 P Y

o> (m3/225

eg, L=2a=1p8=0F=8~-1 withc>15
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Main results (Non-lazy training regime)
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sufficient condition for DNNs

for large enough m and m > d, w.h.p, DNNs fall into non-lazy
training regime if

L
a> (ma/z Zﬂi)L }

i=1

eg, L=2,a=1p1=Pp=F~ -1
Under this setting with m > n? and standard assumptions, then

me

Theorem (non-lazy training regime for two-layer NNs)

with ¢ > 1.5

P (ft;€) Sa(

mc+1.5)’ liid)

> width helps robustness in the over-parameterized regime in both lazy/non-lazy training regime
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Experiment: Non-lazy training regime
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What is the role of over-parameterization in DNNs from the function space perspective?
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What is the role of over-parameterization in DNNs from the function space perspective?

Take away messages:
> initialization, function spaces
> the good (width), the bad (depth), the ugly (initialization)
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» ICASSP 2023 Tutorial - “Neural networks: the good, the bad, and the ugly”
» CVPR 2023 Tutorial - “Deep learning theory for computer vision"
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» ICASSP 2023 Tutorial - “Neural networks: the good, the bad, and the ugly”
» CVPR 2023 Tutorial - “Deep learning theory for computer vision"

Thanks for your attention!

Q&A

my homepage www.1lfhsgre.org for more information!
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