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The Baik—Ben Arous—Péché Transition
Spiked Matrix Model

Let us consider a spiked matrix model:
X=Buv' +ZecR"™, Z~N(@01), wveR", veRP, st |u|=|v|=1,

with a covariance matrix:
C=n'X"XeRP.

The spiked matrix model is related to the spiked covariance model by X = % 1/2 7, where = =1 + BuuT and Z = 1 + W//n, from which

C=nIXTX=n12Tsz=1+BuT + 2w+ O(B/v/n). Hence, C =1 = Buv’ + %V\/ i.e. a spiked matrix model
n NG
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The Baik—Ben Arous—Péché Transition
Spiked Matrix Model

Let us consider a spiked matrix model:
X=Buv' +ZecR"™, Z~N(@01), wveR", veRP, st |u|=|v|=1,
with a covariance matrix:
C=n"'X"XeRPP.
Data Scientist: Under what conditions can we recover the signal v from the noisy
observation X (i.e., when is the signal detectable)?

Mathematician:  Under what conditions does the largest eigenvalue of C separate from
the bulk of the spectrum?

The spiked matrix model is related to the spiked covariance model by X = % 1/2 7, where = =1 + BuuT and Z = 1 + W//n, from which
C=nIXTX=n12Tsz=1+BuT + 2w+ O(B/v/n). Hence, C — 1 = BuvT + 2-W, ie. a spiked matrix model
vn vn
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The Baik—Ben Arous—Péché Transition
Decomposing signal

Decompose into bulk + spike:

bulk
——

nC=R*w +B(vu'Z+Z7uw")+Z"Z,

spike contribution
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The Baik—Ben Arous—Péché Transition
Decomposing signal
Decompose into bulk + spike:
bulk

——

nC=R*w +B(vu'Z+Z7uw")+Z"Z,

spike contribution

and consider spectra for n, p - oo and p/n -y € (0,1]:

™ {#A oy —> e (A) = (. _221)/(7\7\ - 7\_)@(7\ —A)O(A; - A),
where
As=(1+7)°

are the edges of the Marc¢enko—Pastur bulk.
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The Baik—Ben Arous—Péché Transition
The BBP Transition Regime

The spike contribution
RPvvT + B (vu'Z+ZTuvT)
completely controls the largest eigenvalue Agjgn (i-€. the signal we want to detect):

Asignal = (1+B) (1 + l[;) >Ar = Beritical > ﬂ

Baik, Ben Arous, Péché (2005)
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The Baik—Ben Arous—Péché Transition

The BBP Transition Regime

The spike contribution

RPvvT + B (vu'Z+ZTuvT)
completely controls the largest eigenvalue Agigny (i.€. the signal we want to detect):

Asignal = (1+B) (1 + l[;) >Ar = Beritical > ﬂ

Two regimes appear:
W

I )\signal
bulk ‘
A Ay

under critical threshold

A

»
>
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over critical threshold

Baik, Ben Arous, Péché (2005)
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Failure of the BBP Transition
Extensive-rank Signals

However, let us consider:

HA

bulk ‘ L
A

>
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Failure of the BBP Transition
Extensive-rank Signals

However, let us consider:

uA

‘ low-rank
perturbations
‘ (easily recov-
ered, e.g. PCA)

bulk
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Failure of the BBP Transition
Extensive-rank Signals

However, let us consider:

uA

extensive-rank

1 osignals - _ >

i low-rank
! perturbations
! .
! ‘ (easily recov-

ered, e.g. PCA)
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Failure of the BBP Transition
Extensive-rank Signals

However, let us consider:

uA

extensive-rank

1 osignals - _ >

i low-rank
! perturbations
! .
! ‘ (easily recov-

ered, e.g. PCA)

For extensive-rank signals:
m We lose the ability to determine the largest eigenvalue of the bulk.
m We are no longer able to detect when the signal separates from bulk.
m BBP transition fails to give a separation threshold
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Extensive-rank Signals
The Challenge
Let us consider an extensive-rank model:
X=BS+ZecR™P,

where
1 « rank S < min(n, p).

Landau, Mel, Ganguli (2023)
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Extensive-rank Signals
The Challenge

Let us consider an extensive-rank model:

X=BS+ZecR"™P,

where
1 « rank S < min(n, p).

Intuitively:

n

B < Beritical

Landau, Mel, Ganguli (2023)
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Extensive-rank Signals
The Challenge

Let us consider an extensive-rank model:
X=BS+ZecR"™P,

where
1 « rank S < min(n, p).
Intuitively:
" iy o

B = Beritical

B < Beritical

pzzz22222222

Y

>
Y
>

Landau, Mel, Ganguli (2023)
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Extensive-rank Signals
The Challenge

Let us consider an extensive-rank model:
X=BS+ZecR"™P,

where
1 « rank S < min(n, p).
Intuitively:
: : a 2

B = Beritical B > Beritical

B < Beritical

pzzz22222222

Y
>

Landau, Mel, Ganguli (2023)
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Extensive-rank Signals
The Challenge

Let us consider an extensive-rank model:
X=BS+ZecR"™P,

where
1 « rank S < min(n, p).
Intuitively:
: : a 2

B < Beritical B = Beritical B > Beritical

> A\ T > A T

How to detect the extensive-rank inflection/critical point?
How to follow the flow of the extensive-rank signal?

Landau, Mel, Ganguli (2023)
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Empirical Spectrum and Maximum Entropy | N !!'
The MP Universality Class

MP Universality Class

C belongs to the MP universality class if:
1. Udata = n" {#Ai ouk a5, tnp (A) (i.e. the empirical distribution must “look like” the MP distribution),
2. [ (dpgata — dpmp) < K | poata — pup| (i.e. the two distributions must not be “too far off”),

where K > 0, and p is the set of parameters which define the spectrum.

@ Riccardo FINOTELLO ERG2026 04/09/2026 11/29



Empirical Spectrum and Maximum Entropy | N !!'
The MP Universality Class

MP Universality Class

C belongs to the MP universality class if:
1. Udata = n" {#Ai ouk a5, tnp (A) (i.e. the empirical distribution must “look like” the MP distribution),
2. [ (dpgata — dpmp) < K | poata — pup| (i.e. the two distributions must not be “too far off”),

where K > 0, and p is the set of parameters which define the spectrum.

Build field ® = (¢ ... d,)  sit.
G@ = (dDPT)=Cand C=U'AU= D =UT®:

0.8

0.6
3 max entropy

P(®) " o exp(—%CDTA_ch)

0.2

0.0
0.0 0.5 1.0 15 2.0 2.5 3.0
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Empirical Spectrum and Maximum Entropy
Gaussian Field Theory and MP Distribution

Using max entropy we have a minimally constrained distribution:

1

A= diag(?\l ..... )\p) st A= m,

for i=1,..., p,

where A; > Ay > ... >A, >0and m? =A%
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https://arxiv.org/abs/2607.27236

Empirical Spectrum and Maximum Entropy
Gaussian Field Theory and MP Distribution

Using max entropy we have a minimally constrained distribution:

. 1 .
A:dlag(kl,...,?\p) s.t. A;ZW, for /:1v.._,p,
where A; > Ay > ... >A, >0and m? =A%
- uv os e i 2
i The momentum distribution pyp(k?)
ik N T I | I defines:

UV: small eigenvalues (ghenergyic?)

1.0

0.5

0.0

IR: large eigenvalues (owenergyx?)

0.5 1.0 15 2.0 25 3.0
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Empirical Spectrum and Maximum Entropy
Gaussian Field Theory and MP Distribution

Using max entropy we have a minimally constrained distribution:

. 1 .
/\:dlag(7\1,...,7\p) s.t. }\i:m, fOI’ I:1,...,p,
where A; > Ay > ... >A, >0and m? =A%
35 — R
30 " The momentum distribution pyp(k?)
- defines:

UV: small eigenvalues (ghenergyic?)

1.0

0.5

0.0

IR: large eigenvalues (owenergyx?)

1.0 15 2.0 25 3.0

Finotello, Lahoche, Radpay, Ousmane Samary (2026)
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Small Perturbations to the Gaussian Model
Interacting Local Field Theory

The Gaussian model has a strong limitation:

(bi,diy ... diy,) = CiiiyCiaiy - - - Ciyr i, + PErMutations, and  (b;, &, ... diy,., ) = 0.
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Small Perturbations to the Gaussian Model
Interacting Local Field Theory

The Gaussian model has a strong limitation:
<¢i1 d)iz - d)i2n> = Cil ia Ciaf4 R CiZn—1i2n + permUtationsv and <¢),’1 d)l'z - ¢i2n+1> =0.
The natural extension becomes:

Hi) = ¥ @ (k) (K + m*)o(-k) + Ule],
k

where
ke Uan
U[(p] = Z m ) (k1 + k2 +...+ k2,,) (p(kl)(p(kg) A (p(an) .
n=3 ( n)p
momentum conservation local interactions
The empirical spectrum is always imposed as constraint G(k;r)) =Ajfori=1, , p. Moreover, we have the continuous limit:

k 2
i - »[“ ‘lee“emp\r\ca\({ )-
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Small Perturbations to the Gaussian Model
Self-energy and LPA

In the interacting theory:

G(K?) = —1 L s

= +
k2+m?  k2+m?

1 1
Kam? T R mE oSk

This ultimately leads to pempirical # PMP-
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Small Perturbations to the Gaussian Model
Self-energy and LPA
In the interacting theory:

1 1
Kam? T R mE oSk

Gk = — 2 L s

= +
k2+m?  k?+ m?

This ultimately leads t0 pempirical # PMP-
Using the Local Potential Approximation (LPA):

1

2 2
Zk + m

G(k?) ~

where:
Z=1-%(0)=1, mZ=m>-%(0).

This restores the Gaussian approximation m; = A .

Lahoche et al. (2020)
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Small Perturbations to the Gaussian Model
Self-energy and LPA
In the interacting theory:

1 1 1 1

G(k?) = 2 R ——————
k)= e K ) e * T o sk
Th|ls ultimately leads tq Pempirical ¢ pMp.. Data Field Theory
Using the Local Potential Approximation (LPA):
This Data Field Theory
2\ 1 (DFT) is built as a field
Gk =
Z k?+ mgy theory whose propagator
reproduces the empirical
where: ) ) ) spectrum of the covariance
Z=1-%"0)=1, mg=m"-%(0). |matrix.

This restores the Gaussian approximation m; = A .
Lahoche et al. (2020)
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RelK) ‘)NJ w )

The FRG Machinery e N
The Average Effective Action

The DFT is “inherently IR” coming from observational data:

K
[ ¢

- 1 Litim
) HI@] <= Hlo] + 5 X @(k) Re(k) 9(=k),
e i
,',“scale A, Aol

UV scale .

then:

o D
RG M) = [ J6M() - W] - AHilo],

where W[ J] is the connected generator.

Wetterich (1993) Morris (1993)
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The FRG Machinery
The Wetterich-Morris Approach

This ultimately leads to the Wetterich-Morris equation:

or,[M] ¢ aRt(k)( 821y [M]

o 2 o 5M(k)6M(—k)+Re(k)]l) (ki =k).
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The FRG Machinery
The Wetterich-Morris Approach

This ultimately leads to the Wetterich-Morris equation:

ar[M] ¢ aRg(k)( 821y [M]

-1
=2 R,(k)1 k,—k).
a2 5 ot \SM(k)SM(-k) +Re(k) ) (ki =k)
which can be used in exact LPA:

T [M] ~ % gf KCM(K)YM(=k) + Ug[M],
k

where

U (M) - ;kyfuw(kw(—k) im,pa(k kot ko) M(K)M (o) M(koy)

momentum conservation local interactions
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The FRG Machinery
The Flow Equations

From the Wetterich-Morris equation we can derive the flow equations for couplings u>, as
usual. However,

contam

us(€), us(8), ug(d),... —— L(k) = / de £p(£%) scale dependence introduced!

g Riccardo FINOTELLO ERG2026 04/09/2026 17/29



The FRG Machinery
The Flow Equations

From the Wetterich-Morris equation we can derive the flow equations for couplings u>, as
usual. However,

contam

us(€), us(8), ug(d),... —— L(k) = / de £p(£%) scale dependence introduced!

The Scale-dependent Canonical Dimensions
We need to go from the usual “time” t = In k to

d dt d L(k) d dus, (quant) _
=InL(k — =-d g, - ..
Tl = G a ke ak — ar - Jme(uan) Tan By (T T )
S—— scale-dependent

correction
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The FRG Machinery w

The Flow Equations

From the Wetterich-Morris equation we can derive the flow equations for couplings u>, as
usual. However,

contam

us(€), us(8), ug(d),... —— L(k) = / de £p(£%) scale dependence introduced!

The Scale-dependent Canonical Dimensions
We need to go from the usual “time” t = In k to

d dt d L(k) d duy, . _ (quant) ,— —
=InL(k = =-d 1 Us, -
Tl = @ ke dk  dr dime(uzn) Tan + B3y (01, T )
S—— scale-dependent
correction

For a field theory in dimension d, we have:
2 > 41 5. d
p(k%)~ (K2) 27" = L(k) ~ (K%)2.
7]

5 D=4
This can ultimately be used to define the dimensionless couplings by simple rescaling. For instance, we have T4 = uy (kﬁ) 2 = dim(uy)=4-D.
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The Scale-Dependent Canonical Dimension
The Canonical Dimensions in Practice

We finally need to work with the following scale-dependent canonical dimension:
dt

di T =2—,
im<(ug) =

d?t (de\' (dt\(1dlnp
dimc(ug) =2 — [— — (= -1,
me(u) (dT2(dT) +(d’t)(2 dt ))

dim (uam) = (2 - m) dim.(u2) + (m—1) dim(uy).
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The Scale-Dependent Canonical Dimension
The Canonical Dimensions in Practice

We finally need to work with the following scale-dependent canonical dimension:
dt

di T =2—,
im<(ug) =

d?t (de\' (dt\(1dlnp
dimc(ug) =2 — [— — (= -1,
ime () (dT2(dT) +(d’t)(2 dt ))

dim (uam) = (2 - m) dim.(u2) + (m—1) dim(uy).

momenta
distribution

eigenvalue

distribution

w

Consider

canonical dimensions
~N

ok N W A U O N

canonical dimensions

ZeR™P ~ N (0,1)

-

o

i.e.the MP Universality class X o 05 10 13 20 25 30 35
q=09, 02=1.0 8

—— dim(uz)  ---- dim(us)  —— dim(ue) — dim(uz)  ---- dim(us)  —— dim(ug)
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The Scale-Dependent Canonical Dimension
The Canonical Dimensions in Practice

We finally need to work with the following scale-dependent canonical dimension:
dt

di =2—,
im<(ug) =

dime(ug) = 2 d| uy and uy are the only relevant couplings in
T T 21 4] the deep IR. wg is asymptotically marginal.

dim (uam) = (2 - m) dim.(uz) + (m—1) dim (uy).

momenta
distribution

eigenvalue
distribution

w

Consider

N}

canonical dimensions
canonical dimensions

ZeR™P ~ N (0,1)

-

. . . : - ol v~ )
i.e.the MP Unlversallty class 0 ! ~ 3 00 05 10 15 20 25 30 35
9=09,0>=1.0 K
—— dim(u) - dim(u)  —— dim(ug) — dim(uy) - dim(us)  —— dim(ue)
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The Scale-Dependent Canonical Dimension
Extensive-rank Signals

What happens when
X=pS+Z >0,

with S an extensive-rank signal?

Riccardo FINOTELLO ERG2026 04/09/2026 20/29



The Scale-Dependent Canonical Dimension
Extensive-rank Signals

What happens when
X=pS+Z >0,

with S an extensive-rank signal?
increasing f3

0.8
15
g
2 0.6
£ «
s ]
T 04
€05
§
0.2
0.0
] 1 2 3 4 5 6 7 0 1 2 3 4 5 6 7 : 0 2 4 6
k2 x107% K2 x1071 K2 x1071
— dim(uz) --== dim(us) == dim(ug) — dim(u;) --== dim(ua) == dim(ug) — dim(u;) dim(ua) dim(ug)

decreasing dim.
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Detecting the Transition
The Fixed Point and Asymptotic Canonical Dimensions

Let us consider the canonical D =4 — ¢ expansion:

i m” >0
G
WF _
u
G \\\=
mz" m? m* <0
e>0 e<0
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Detecting the Transition
The Fixed Point and Asymptotic Canonical Dimensions

Let us consider the canonical D =4 — ¢ expansion:

_ m”>0
u
G
WF _
u
G \\\=
mz" m? m* <0
e>0 e<0

The “pure noise” (MP) regime is described by D = 3 (presence of a WF fixed point):

Increasing (3 effectively increases the spacetime dimension D of the EFT, approaching the
Gaussian fixed point.
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Detecting the Transition
The Fixed Point and Asymptotic Canonical Dimensions

Let us consider the canonical D =4 — ¢ expansion:

i m” >0
G
WF _
u
G \\\=
mZV m? m* <0
e>0 e<0

The “pure noise” (MP) regime is described by D = 3 (presence of a WF fixed point):

Increasing (3 effectively increases the spacetime dimension D of the EFT, approaching the
Gaussian fixed point.

The higher the signal, the more irrelevant u,,~ o become! We can detect the instability threshold by looking at the canonical dimensions of the couplings, then!
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Signal Thresholds

A Model-agnostic Definition of Limit of Detection

Using the character of u, and ug, we can define a model-agnostic notion of signal

thresholds:

Definition

Limit of detection. 3 > 0 | dim,(ug) # 0.
Critical threshold. 3 > 0 | dim,(uy) = 0.

canonical dimensions

Optimal threshold. 3 > 0 | dim, (uy) first minimum

00 05 10 15 20 25 3.0 35
K2

— dim(u) - dim(us) == dim(ue)
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Signal Thresholds
A Model-agnostic Definition of Limit of Detection

Using the character of u, and ug, we can define a model-agnostic notion of signal
thresholds:

L Symbol Definition

B Limit of detection. B > 0 | dim. (ug) # 0.

g Be Critical threshold. 3 > 0 | dim,(uy) = 0.

Bo  Optimal threshold. B > 0 | dim, (uy) first minimum

00 05 10 15 20 25 3.0 35
K2

— dim(u) - dim(us) == dim(ue)

In chemometrics terms, we can roughly identify 3 + with the limit of detection and 3 - with the limit of quantitation.
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The Ising Phase Transition
Grounding Signal Thresholds in Physics

Consider a Monte Carlo simulation of a 2D N x N Ising model: start random, evolve via Metropolis-Hastings)

N M4
ks g )
i=1 3{M?)

—_————

Binder cumulant

KL fit KL fit KL fit

W Empirical (cut)
-=-- Fitted MP

W Empirical (cut)
-=-- Fitted MP

m Empirical (cut)
-=-~ Fitted MP

0
0.02 0.04 0.06 0.002 0.004 0.006 0.008 0.010 0.012
A A

. 0 .
temperature
also SNR™!
Finotello, Lahoche, Radpay, Ousmane Samary (2026)
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The Ising Phase Transition
Detecting Onsager’s Critical Temperature via Anomaly Detection

Two methods to detect T, (departure from Gaussianity — Onsager solution):
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The Ising Phase Transition
Detecting Onsager’s Critical Temperature via Anomaly Detection

Two methods to detect T, (departure from Gaussianity — Onsager solution):
1. Information Theoretic (baseline): use the Ana of the KL divergence fit with a MP
distribution

Ac from KL vs temperature

0.200
0.175
0.150
0.125
< 0.100

0.075

0.050
—e— from KL at N =150
—+— from KL at N = 200
—=— from KL at N =100

0.025

0.000

02 04 | 06 08 10 12

Tc=0.53+0.07
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The Ising Phase Transition
Detecting Onsager’s Critical Temperature via Anomaly Detection

Two methods to detect T, (departure from Gaussianity — Onsager solution):

1. Information Theoretic (baseline): use the Anax Of the KL divergence fit with a MP
distribution

2. RG-based (proposed): use the critical threshold (3. of the corresponding EFT (i.e. uy
becomes marginal)

Ac from KL vs temperature First zero of dim(us) vs temperature

0.200
0.175
0.150
0.125
< 0.100

0.075

0.050
—e— from KL at N =150 0.05
—e— from KL at N =200
—e— from KL at N =100

—e— from dim(us) at N =150
—e— from dim(u,) at N =200
—e— from dim(us) at N =100

0.025

0.000

0.2 0.4 | 0.6 0.8 1.0 12 0.2 0.4 0.6 0.8 1.0 12
T T

T.=0.53+0.07 [ T (Onsagen) _ ) 57 ] T.=0.58+0.01
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The Ising Phase Transition
Detecting Onsager’s Critical Temperature via Anomaly Detection

Two methods to detect T, (departure from Gaussianity — Onsager solution):
1. Information Theoretic (baseline): use the Anax Of the KL divergence fit with a MP
distribution
2. RG-based (proposed): use the critical threshold (3. of the corresponding EFT (i.e. uy
becomes margina

Dimensional Criterion

First zero of dim(us) vs temperature
The critical temperature / departure-from-
Gaussianity can be detected by the canonical b
dimensions, which recover a known result
from physics (Onsager solution within < 2%).

7
—e— from KL at N =150 0.05 —e— from dim(ua) at N = 150
—+— from KL at N =200 —e— from dim(us) at N = 200
—e— from KL at N =100 0.00 - —e— from dim(us) at N =100

0.2 0.4 | 0.6 0.8 1.0 12 0.2 0.4 0.6 0.8 1.0 12
T T

T.=0.53+0.07 [ T (Onsagen) _ ) 57 ] T.=0.58+0.01
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Realistic Data
Detecting Signal and Anomaly Sources

Consider a realistic image:

T 8. X ~ B x image + NV'(0,1)
s b { leadsto:
ngo.s ' m 3, ~ 0.15 (limit of detection)
VAl m B ~0.32 (critical threshold)
L S S W R B (o ~ 0.37 (optimal threshold)
T dimli) o dimiu) = dim(u) against the BBP transition ggp ~ 0.97 (¢ = 0.9):

detection is still possible even below the BBP
transition!
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Realistic Data

Detecting Signal and Anomaly Sources

Consider a realistic image:
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2.00
175
1.50
125
1.00
0.75
0.50
0.25
0.00

X ~ B x image + N'(0, 1)
leads to:
m (3; ~ 0.15 (limit of detection)
m (3. ~ 0.32 (critical threshold)
m (3o ~ 0.37 (optimal threshold)
against the BBP transition 3ggp ~ 0.97 (¢ =0.9):

detection is still possible even below the BBP
transition!
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Realistic Data
Detecting Signal and Anomaly Sources

Consider a realistic image:

1.00 ) X ~ B x image + N(0,1)

0.99 leads to:

m 3 ~0.15 (limit of detection)

m (3. ~ 0.32 (critical threshold)

o ® Bo ~ 0.37 (optimal threshold)

against the BBP transition Bggp ~ 0.97 (¢ = 0.9):

0.98

ratio
x

0.96

S0 gnatiomnoise rato @) detection is still possible even below the BBP
o transition!
Porter-Thomas delocalisation of the
eigenvectors (UV / IR ratio)!

Finotello, Lahoche, Ousmane Samary (2025)
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https://arxiv.org/abs/2507.01064

Back to Random Matrix Theory
Multiple Signal/Anomaly Sources

4 The original idea was to detect when and if a
continuous extensive rank distribution starts to
emerge from the bulk.

Y
>
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Back to Random Matrix Theory

Multiple Signal/Anomaly Sources
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\/

The original idea was to detect when and if a
continuous extensive rank distribution starts to
emerge from the bulk.

We now have a relation between signal-to-noise ratio
and this phenomenon, and a way to relate this to a
dimensional phase transition of a corresponding
EFT.
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Back to Random Matrix Theory
Multiple Signal/Anomaly Sources

The original idea was to detect when and if a
main bulk continuous extensive rank distribution starts to
— Pk emerge from the bulk.

U We now have a relation between signal-to-noise ratio
2 and this phenomenon, and a way to relate this to a
N, A dimensional phase transition of a corresponding

EFT.
This works for all extensive-rank signals/anomalies

L L N
5=50+ ZS,’(M,’) = Y=BSO+(Z+BZS,'(&J,'))=|350+Z[_(f5)
i=1 i=1
———
ofher ntise Sources,
etc.
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Back to Random Matrix Theory
Multiple Signal/Anomaly Sources

H The original idea was to detect when and if a
main bulk continuous extensive rank distribution starts to
— Pk emerge from the bulk.

FE Signal Sources have a relation between 5|gnal-to-nl0|se ratio
: phenomenon, and a way to relate this to a
~-.| Looking at the progression of the canonical forresponding

dimensions, we can estimate L (the
This works for all extensive- number of extensive rank sources)!

Lo Lo .
5:50+ ZS;(w;) = Y:BSO+(Z+BZSi(wi)):BSO+ZL(B)
i=1 i=1
sensor response,

other noise sources,
etc.
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Some Conclusions and Future Directions
From Here to Real-World Applications

The FRG enables (with a strong grounding in physics):

Anomaly Detection: via a dimensional phase transition of the corresponding EFT,
we are able to detect a perturbation of the MP universality
class

Signal Characterisation: following the evolution of the SNR, we can characterise the
presence of different signal/anomaly sources, and their rel-
ative magnitude.
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Some Conclusions and Future Directions
From Here to Real-World Applications

The FRG enables (with a strong grounding in physics):

Anomaly Detection: via a dimensional phase transition of the corresponding EFT,
we are able to detect a perturbation of the MP universality
class

Signal Characterisation: following the evolution of the SNR, we can characterise the
presence of different signal/anomaly sources, and their rel-
ative magnitude.

We need to further explore its potential applications. For instance:

m The FRG defines a notion of distance to detect the anomaly: how can this be used for
uncertainty quantification?

m GenAl models are trained on high-dimensional data to retrieve/reconstruct a signal:
can we use the FRG to quantify the quality of the reconstruction?
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Thank you!

CEA SACLAY

91 191 Gif-sur-Yvette Cedex
France
riccardo.finotello@cea.fr
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