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November 5, 2025 from 16h00 to 17h20 in M3 3103

Recall: From Hanin and Nica (2019) “Products of Many Random Matrices”

Result:
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This is the law of geometric Brownian motion:
dX, =V2X.dB,

Li (this Professor Mufan Li), Nica, Roy (2022) “Neural Covariance SDEs ...”
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Geometric Brownian motion!
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Ito  dlog (®,) = (—1)dr + V2dB,

Thus,

log (07) ~ log (#0) = [ (~1)ar'+ [ VBB,

= -7 + \/§BT
~N (=7, 271)

Mutliple data points: m > 2.
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Recall:
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Subtract the mean:
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Thus,

« (e} ]‘ «
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We will flatten the Markov chain:
e @ is symmetric (PSD)

e vec : Sym (m) — R™="(m+1/2 vec: & [®>F] _, — upper-triangular entries (unique entries)
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Markov chain is always in the space R™. So,

vee (Py41) = vee (D)) + Ve\c/%l), & — [ l”ﬁ]aﬁ

Abusing notation:

1
(D = (D _—
141 1+ nfl

\/>
We nned the covariance matrix: Cov (§):

E[°6°] = | (fa b, — 207) (W bl —90°)]
=E [h*h°RR°] — 2P 970
= (E [n*h°| E [W7h°] + E[h*RY]E [hPh°] + E [h*R°| E [A7hP]) — @°P®7°  (Wick’s Isserlis)
= (2P + 9297 + p¥ PP — pF P
= 9 4 920977

where flaﬁ ER™ and a < 3, v < 6.

Thus,
1 _
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1 a B m
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inverse Riemannian metric (later)
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Nonlinear Networks

(m=1)

Most naive thing one cane do:
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q)l+1 = q)l + \/gélgl) &L~ D (]E [€l] = 0’ E [alz] = 1)

— d®; = V/5®,dB-, % — T

P, 5_ __
= o0 ~ exp <N (—ET, 57'))

In the case of m > 2,

C
la-i-l = \/;WW(}L?)
P
af l
=——c|-1;1
Py ’—éf‘“@lﬂﬂ [ ]
P?fl =f (P?B> t+...

B s1lasl— oo

I

o hi' = hf constant
e Transformers with p ~ 1

e — vanishing gradients (Noci et al., 2022)



