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Generalized DoS: [K. Langfeld, B. Lucini (2014)]
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The generalized density of states method

Generalized DoS: [K. Langfeld, B. Lucini (2014)]
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The generalized density of states method

Generalized DoS: [K. Langfeld, B. Lucini (2014)]
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Machine-learned density of states

Original ML-DoS; Application to 2D ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
Application to U(1) 2D: [S. Singh, L. Funcke (PoS Lattice 2026)]

P-regularize the 6-function:

pp(c) = JDQI) e_Sr(Cf’)e‘g(C—Si(cl)))z—logN
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Machine-learned density of states

Original ML-DoS; Application to 2D ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
Application to U(1) 2D: [S. Singh, L. Funcke (PoS Lattice 2026)]

P-regularize the 6-function:
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Original ML-DoS; Application to 2D ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
Application to U(1) 2D: [S. Singh, L. Funcke (PoS Lattice 2026)]

P-regularize the 6-function:
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Original ML-DoS; Application to 2D ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
Application to U(1) 2D: [S. Singh, L. Funcke (PoS Lattice 2026)]

P-regularize the 6-function:
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Original ML-DoS; Application to 2D two-component ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
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Original ML-DoS; Application to 2D two-component ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
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Original ML-DoS; Application to 2D two-component ¢*: [J. M. Pawlowski, J. M. Urban (2023)]
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Original ML-DoS; Application to 2D two-component ¢*: [J. M. Pawlowski, J. M. Urban (2023)]

Prior Neural Network
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Conditional Normalizing flow

Original ML-DoS; Application to 2D two-component ¢*: [J. M. Pawlowski, J. M. Urban (2023)]

Prior Neural Network | earned distribution
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Work in the charge basis:

1
5 = ﬁz brs” — log det(M[icp, uIM[—icp, —u])
x Y

LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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1
D = v Zx,t ¢x,t V

Work in the charge basis:
Nx ¢ Nt

1
5 = ﬁz brs” — log det(M[icp, uIM[—icp, —u])
y,

¢x,t 7 (px,t + iu

LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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Work in the charge basis: v 2t Pt VJ‘
Ny - N

1
=— ) ¢y * —log det(M[i¢, u]M[—ich, —p])
UxE,t t M “ wqut_)(pxt‘kl.u

Y,

Z(qut—cm - log det(M[ip]M[~ig]) + = (<D+15u)J

LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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1
== v
Work in the charge basis: y 2t Pt J

v

1
=— ) ¢p — logdet(M[i¢, u]M[—icp, —uu])
sz,t t u ‘u wqut_)d)xt‘kl:u

Z«pxt )7~ log det MM~ i6]) + o= (@ + 002 | Phase!

LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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D =-— 14
Work in the charge basis: v 2t Pt ]‘
N, - N;

Y,
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V

1
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LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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Nx'Nt

1
== v
Work in the charge basis: y 2t Pt J
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1
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LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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== v
Work in the charge basis: y 2t Pt J

Nx'Nt

v

b 2 _ - —id, —
S = 2(’7;(’5’“ log det(M[i¢p, u]M[—igp, —p]) w bt bys + i
v

1
S = ﬁ;((px’t — ®)? — log det(M[ip]M[—ipp]) + ﬁ(CD +idu)? =S, + S,

v

e () = 5,() + 5 (c — ®)% +log J

LLR Hubbard: [M. Kdérner, K. Langfeld, D. Smith, L. v. Smekal, PRD (2020)]
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What we keep fixed: )

* N, = 2 — proof-of-principle
demonstration

e U=1

« P=1000

* Use diagonal disc. for training/

—
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DoS results from flow
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y=%andw=y5uJ

2
w_ : Y &2
~Sr(P)—iwdP—LP

Zirue = €%V | D e~ SriP)7I0P3

- J

Y 2

Zp = eZV j dc pp(c)e "¢ 2°
N y,

28.07.26 Felicitas Freche 7



y=%andw=y5uJ

2

. _
Ziwe = e | DpemS@ o

\ / .

Y 2

Zp = eZV j dc pp(c)e 2"
N y,

28.07.26 Felicitas Freche 7



y=%andw=y5uJ
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Semi-anlytic approach for DoS: [K. Langfeld (2016)]

Fourier decomposition of the DoS:

pp(c) = ZNx ay cos(kNc)

k=0
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Fourier decomposition of the DoS:

pp(c) = ZNx Ak COS(thC)J

p(c)

k=0
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Fourier decomposition of the DoS: |
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Fourier decomposition of the DoS: |
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Numerical results

* Applied the generalised DoS
method to the Hubbard model
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Summary

Numerical results

* Applied the generalised DoS
method to the Hubbard model

e Gotthe DoS from a conditional
normalizing flow

* Use of semi-analytic approach

Match ED until
f =5 N, =20
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Summary

Numerical results
* Applied the generalised DoS

New theoretical insights

method to the Hubbard model
e Gotthe DoS from a conditional

normalizing flow

* Use of semi-analytic approach

Match ED until
f =5 N, =20
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Summary

Numerical results New theoretical insights

* Applied the generalised DoS * Introduction of the correction
method to the Hubbard model factor a

* Gotthe DoS from a conditional ¢ Analytical prediction for
normalizing flow behaviour of a; at large 8

* Use of semi-analytic approach

Match ED until
f =5 N, =20
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Summary

Numerical results New theoretical insights

* Applied the generalised DoS * Introduction of the correction
method to the Hubbard model factor a

* Gotthe DoS from a conditional ¢ Analytical prediction for
normalizing flow behaviour of a; at large 8

* Use of semi-analytic approach ¢ Improve results by
extraprolating ay,

Match ED until — Match ED until
ﬁZS,Nt—ZZO B:]‘O’Nt:40
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* Improve NN, e.g. incorporate symmetries
* Go to higher N,
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* Improve NN, e.g. incorporate symmetries
* Go to higher N,

Simran Singh Lena Funcke Janik Kreit Dominic Schuh Christian
Schmidt-Sonntag
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Back-Up Slides
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Diagonal discretisation

—100
—3x 2 —n 0 T 2n 3x
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Diagonal discretisation p=1N =1 J Exponential discretisation

—100 —100
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* Grandcanonical partition function: Z = Z etBn g with

n—_Nx

_prM (n) (n)
=Y e PP =dMePE +dMe FEL + ..

For f — o

2 2872
+In(ay) = —BES” +F +1n (df”) +1n(2) - 5

=mpf +n
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beta=10, Nt=1 (exakte p) FFT spectrum of exact rho

—— K=1 [Plateau ~ 1)
41 —— K=2 (Plateau ~ 2) 10-1
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