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Glasses and aging dynamics

amorphous solids, or stuck liquids

H = ZV(T’U)

1<J

Relaxation dynamics T oL (t)

New dynamical properties, i.e. aging

12 September, 2023
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A mean field model of glass transition

p-spin model (p>2) E i1 ipSit - - Siy
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A mean field model of glass transition
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A mean field model of glass transition
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A mean field model of glass transition

p-spin model (p>2)

(il,...,zp)

New dynamical properties, 1.e. aging
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Dynamical experiments to infer the landscape



Machine Learning

Estimation of a function able to classity images
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Machine lLearning

Estimation of a function able to classity images
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Machine Learning

Estimation of a function able to classity images
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Machine Learning

Estimation of a function able to classity images
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Machine Learning

Estimation of a function able to classity images

wt; X
i&% 20 ..=&i ) ,f({}idd }17 I ) airplane
EEHH‘ , | 011 o ~ automobile
Tml VES ¥ EE pira
 FEUHEEEE P -
) SEMERRERE o oI
AE<HeBrgs PR~ S
Images . — = .',/v‘\\t\‘ (“ Labels
jEEmENEERS 0 =
r " -4 A '-
ST o -

0 s B S S

% =0 (Z winJQ‘)
parameters  {w;;} !

Hparameters = 10°

12 September; 2023 Dr. Chiara Cammarota



Machine Learning ¢s glass quenches

distance between output and correct answer, i.e.

({w}; X, YY) = (Y = f({w}; X))

M
1
Loss function L{w} = i Z (({w}; X YY)
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Machine Learning ¢s glass quenches

distance between output and correct answer, i.e.

({w}; X, YY) = (Y = f({w}; X))

M
1
Loss function L{w} = i Z (({w}; XY, YY)

Learning (training): minimise the Loss function from random initial condition

B
Stochastic Gradient Descent w(t+ At) =w(t) — nVy Z (({w}; X YY)
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Machine Learning ¢s glass quenches

distance between output and correct answer, i.e.

({w}; X, YY) = (Y = f({w}; X))

M
1
Loss function L{w} = i Z (({w}; XY, YY)

Learning (training): minimise the Loss function from random initial condition

B
Stochastic Gradient Descent w(t+ At) =w(t) — nVy Z (({w}; X YY)

Quenches : rapid coolings from high temperature,
i.e. almost random initial configuration

Relaxation dynamics 7.“0472'(75) = —Vq.iH + na,i(t)

How is learning dynamics? How the loss landscape?
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Learning

Baity-Jesi, Sagun, Ge

as interrupted A
ge

1, Spiegler,

oln

BenArous,

and Diffusion

ammarota, LeCun, Wyart, Biroli PMLR 2018

Toy model: 1 hidden layer, ReLU, sigmoid in output, MSE as a loss

Fully connected: 3 hidden layers, ReLU, log likelihood

Small Net: 2 hidden convolutional layers,
2 fully connected ReLU, log likelihood

ResNet18: 18 hidden convolutional layers
MNIST, CFAR-10, CFAR-100

Slow decay of Loss function
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Flat bottom of the Loss landscape!
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Aging 1s restored for under-og)arametrised NN!

Baity-Jesi, Sagun, Geiger, Spiegler, Ben Ar Cammarota, LeCun, Wyart, Biroli PMLLR 2018

Toy model: 1 hidden layer (MUCH SMALLER), ReLU, sigmoid in output, MSE as a loss
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Much more on Machime Learning

Three intertwined elements in machine learning: o 3
. . K )
training algorithm § %
& ’Cv

data structure

network structure

agorithm  Cit. Zdeborova
How SGD works in state of the art machine learning? (path)

Many people (Franz Goldt Saad Saxe Urbani etc)

How generalisation is achieved? (outcome)

Many people (Biroli Montanari Zecchina etc)

How all this can be improved?

Milder overparametrization
Optimised algorithm (mostly SGD)
Improved use of the data
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Inference

From landscape structure to algorithmice predictions..and optimisation



An example of signal reconstruction

MATRIX PCA, TENSOR PCA, MIXED MODELS
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An example of signal reconstruction

MATRIX PCA, TENSOR PCA, MIXED MODELS v

Estimation of rank-one k-tensor from a noisy channel(s)

Observation  Corrupting noise  Signal

T- : ZW/Z i+vi...vl
1,...,k 1

Liseeosly

Maximum likelihood estimator: minimum squared distance

k
Z (T; .., ) x — Z Iy i xl—rN<Z%> + const
Ty, -5lg)

i

with J. ’

L ""ik

x W.

i.....; and r signal to noise ratio ..also MIXED matrix / tensor models
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LLandscape hints of signal reconstruction

X = =V L(x(1)) + pu(t)x(t)

Minimisation via gradient flow on the
sphere from random initial condition,

where likelihood / cost landscape is rough

Landscape matter: gradient, Hessian

e
12 September; 2023 Dr. Chiara Cammarota



Tensor PCA: the full landscape structure

Ros, Ben Arous, Biroli, Cammarota PRX 2019

Kac-Rice formula to enumerate stationary points (at any risk/likelyhood level and latitude)

NN (B @) = /1_.[dwi(g(v‘%ﬂr)| det V2 H|0(H — E)§ (Z ViT; — N§>

1

Beyond annealed computation: Replicated Kac-Rice
Subag 2015

(log Ny (E,q;7)) = lim N(E,q;r)") — 1

n—0 T

> Structure of stationary points
> Distribution of Hessians eigenvalues
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Tensor PCA: the full landscape structure

Ros, Ben Arous, Biroli, Cammarota PRX 2019

Kac-Rice formula to enumerate stationary points (at any risk/likelyhood level and latitude)

Ny (E,g;r) = / H dx;0(V H,)| det VPH|6(H — E)6 <Z VT — Na>

7

L0
Beyond annealed computation: Replicated Kac-Rice |
Subag 2015 7

<1OgNN(E,q; r)> — lim <N(E7§7 T)n> — 1

n—0 T

> Structure of stationary points
> Distribution of Hessians eigenvalues
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Tensor PCA: the full landscape structure

Ros, Ben Arous, Biroli, Cammarota PRX 2019

Kac-Rice formula to enumerate stationary points (at any risk/likelyhood level and latitude)

Nn(E,gr) = /Hdmid(vmﬂrﬂ det V°H|5(H — E)§ (Z VT — NG)

7

Lo
Beyond annealed computation: Replicated Kac-Rice |
Subag 2015 7

q(r)
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Matrix-Tensor PCA: how gradient flow escapes minima

Sarao, Biroli, Cammarota, Krzakala, Zdeborova Spotlight at NIPS 2019

Lij = Wij + viv;

Skim = Zkim + VU1V

Sarao, Krzakala, Urbani,
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Matrix-Tensor PCA: how gradient flow escapes minima

Sarao, Biroli, Cammarota, Krzakala, Zdeborova Spotlight at NIPS 2019

3.0

2.5

2.01

1/A;
=
(92}

1.0

0.5

0.0

Lij = Wi + vivy

Skim = Lkim + VkUVm

Sarao, Krzakala, Urbani,

T )
K ZdebOTO'Ua ICML 2019 - Landscape
AN ~-=- Gradient flow
Easy
s
1 2 3 4 5
Bp

12 September, 2023

2
<W7;, j> = Aw
Gradient Flow leads
to thorough

exploration of the first
layer of minima

the most frequent, but
most fragile too,
...and they develop

an instability through
a BBP transition

NS

<le,l,m> — AZ A\

5

\J

Dr. Chiara Cammarota



Matrix-Tensor PCA: how gradient flow escapes minima

Sarao, Biroli, Cammarota, Krzakala, Zdeborova Spotlight at NIPS 2019
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Matrix-Tensor PCA: how gradient flow escapes minima

Sarao, Biroli, Cammarota, Krzakala, Zdeborova Spotlight at NIPS 2019
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Matrix-Tensor PCA: how gradient flow escapes minima

Sarao, Biroli, Cammarota, Krzakala, Zdeborova Spotlight at NIPS 2019
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When less 1s better: AMP vs L.angevin

Sarao, Biroli, Cammarota, Krzakala, Urbani, Zdeborova PRX 2020
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When less 1s better: AMP vs Langevin

Sarao, Biroli, Cammarota, Krzakala, Urbani, Zdeborova PRX 2020
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However Langevin would work more
efficiently on H p=2 k=2 only
... at least in the vicinity of the equator
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When less 1s better: AMP vs Langevin

Sarao, Biroli, Cammarota, Krzakala, Urbani, Zdeborova PRX 2020
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When less 1s better: AMP vs Langevin

Sarao, Biroli, Cammarota, Krzakala, Urbani, Zdeborova PRX 2020
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However Langevin would work more
efficiently on H p=2 k=2 only
... at least in the vicinity of the equator

Given problem / algorithm used, landscape 0 100 200 300 400 500 600
info can help to chose the best strategy
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Ironing the landscape

Biroli, Cammarota, Ricci-Tersenghi J. Phys. A: Math. and Theor. 2020

Z le, inTiq o Ty —rN(

(41,
IT A ~O(1 ) y
AMP, GD Aap ~ N2
Tensor Unfolding, SOS Aar ~ N T

Idea: sample the landscape on R points

2 3
1
...R
Vx1H=g1 o 2 4T e T
R R r
Xey(E+ 1) = x0(2) 1 1 Sng
- 5 ga = 5 7ags"i_gna = 7T8s + 8n nrp ™
L R; R;( | 5 Bnr ™R
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Ironing the landscape

Biroli, Cammarota, Ricci-Tersenghi J. Phys. A: Math. and Theor. 2020
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AMP, GD Aap ~ N2
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Idea: sample the landscape on R points
2

...R
Vil =
R R r

Dr. Chiara Cammarota

12 September, 2023



Ironing the landscape

Biroli, Cammarota, Ricci-Tersenghi J. Phys. A: Math. and Theor. 2020
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Tensor Unfolding, SOS Aar ~ N T
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Biroli, Cammarota, Ricci-Tersenghi J. Phys. A: Math. and Theor. 2020

k

Z pyinTiy o Xy, — TN Z a:;\q;z
(41, )
IT A~ O(1 ) y
AMP, GD Aap ~ N2
Tensor Unfolding, SOS Aar ~ N T

Idea: sample the landscape on R points
2

q(1)

1
Vi = -
xCM(t +1) - xCM(t) 1 ER:( . ) . r -
- ga— rg 8ng) — T8 8n 8npr ™~
0 a:1 ) ) " " \/E

k=2
Averaged landscape descent: A4y ~ N % as good as it can get!
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L.earning dynamics in rough landscapes
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22|  Machine Learning as interrupted aging (slowed down
101 | =5 by glassy landscape) and diffusion
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t [steps]

Tensor PCA: detailed information on landscape structure and
accurate prediction of algorithmic transition

Tensor PCA: two strategies (one is very general!) to optimise GD @ @ ﬁ 6

To which extent are these concepts general (e.g. phase retrieval) and/or apphcable to ML?
Can we reduce overparametrization, dataset’s size, propose more efficient versions of SGD?
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L.earning dynamics in rough landscapes

Learning as rough loss/risk / cost landscapes exploration

ipted aging (slowed down
landscape) and diffusion

A(t,, t, +1) /D)

PROGETTI DI RICERCA DI
RILEVANTE 'NTERESSE NAZIONALE

10° 10! 10 10° 10* 10°
t [steps]

Tensor PCA: detailed infor

accurate prediction of algc FUTURE Al RESEARCH

Tensor PCA: two strategies (one is very general!) to optimise GD e e s o

To which extent are these concepts general (e.g. phase retrieval) and/or apphcable to ML?
Can we reduce overparametrization, dataset’s size, propose more efficient versions of SGD?
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L.earning dynamics in rough landscapes

Learning as rough loss/risk / cost landscapes exploration

ipted aging (slowed down
landscape) and diffusion

A(t,, t, +1) /D)

PROGETTI DI RICERCA DI
RILEVANTE 'NTERESSE NAZIONALE

10° 10! 10 10° 10* 10°
t [steps]

Thank you'

Tensor PCA: detailed infor

accurate prediction of algc FUTURE Al RESEARCH

Tensor PCA: two strategies (one is very general!) to optimise GD e e s o

To which extent are these concepts general (e.g. phase retrieval) and/or apphcable to ML?
Can we reduce overparametrization, dataset’s size, propose more efficient versions of SGD?
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Dynamies, data structure...and Hoptield

N P
1
Consider the Hopfield model H = — Z JiiSiS; J;; = ~ 2 &
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Dynamies ...and Hopfield

N P
1
Consider the Hopfield model H = — Z JiiSiS; Jii = I, 2 G 6

~/V o
N~

\J | N
fl.a

fl-a u and hnear combinations \j

>
ap. = 0.05 tp, = 0.14 ap = PIN

~_J
NS
\J

Apgp ~—_J ap = PI\/N
NS
\J
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Dynamies ...and Hopfield

N P
1
Consider the Hopfield model H = — Z JiiSiS; Jii = I, 2 G 6

~/V o
N~

\J | N
éia

fl-a u and hnear combinations \j

>
apslz 0.05 Qp,. ~ 0.14 ap = PIN

~_J
NS
\J

2 / Apy, w ap = P\/N
NS \\/]v
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Dynamies, data structure...and Hoptield

Negri Lauditi Perugini Lucibello Malatesta arXiv:2303.16880 (2023)

N P
. 1 aca
Consider the Hopfield model H=- Z J;isiS; Jij = N 2 Gi 6
(.)) a
D
Add correlation & = sign ( Z CEff)
k
ap = P/N

A

w
N S
\J

~—_ /)
T

and linear combinations\}

>
ap = DIN
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Negri Lauditi Perugini Lucibello Malatesta arXiv:2303.16880 (2023)
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1
Consider the Hopfield model H=—- ) Jss J;; = ~ 2 &

D
Add correlation & = sign ( Z CEff)

a=PIN ||
| NS
o\

and linear

combinations

~—_ /)
T

and linear Combinations\j

>
ap = DIN
12 September; 2023 Dr. Chiara Cammarota




Dynamies, data structure...and Hoptield

Negri Lauditi Perugini Lucibello Malatesta arXiv:2303.16880 (2023)
N 1 P
1 p— — LN . . — — a a
Consider the Hopfield model H = Jii8iS; J. = E EE;

l
(l’]) N a

D
Add correlation & = sign ( Z CEff)

a=PIN ||
| NS
o\
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\j \/ combinations
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>
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Dynamies, data structure...and Hoptield

Negri Lauditi Perugini Lucibello Malatesta arXiv:2303.16880 (2023)
N 1 P
1 p— — LN . . — — a a
Consider the Hopfield model H = Jii8iS; J. = E EE;

l
(l’]) N a

D
Add correlation & = sign ( Z CEff)

a=PIN ||
| NS
o\

\,} Thank you!

? / and liear
\j \/ combinations

\J

~—_ /)
T

and linear Combinations\j

>
ap = DIN
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