Solving single-particle matter above one trillion sites

with guantum many-body tensor network algorithms
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The two-dimensional materials world
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The_ flexibility of two-dimensional materials

They can be stacked They can be rotated
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Nature 499, 419425 (2013) Science 361, 6403, 690-693 (2018)

These are unique features of two-dimensional materials



The tunability of twisted van der Waals

NEICHELS

Superconductivity = Topological networks Chern insulators
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Nature 556, 43-50 (2018) ~ Nano Lett. 18, 11,  Science 365, 605-608 (2019)
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Nature 556, 80—84 (2018) Science 361, 782-786 (2018) Nature 600, 439-443 (2021)

Twisted multilayers provide a powerful platform for emergent phenomena



Artificial guantum matter in‘moire

van der Waals heterostructures

Unconventional Unconventional Heavy-fermion Fractional
magnets superconductors quantum materials topological matter
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Twisted CrBrs; Twisted trilayer 1H-1T TaS, Twisted MoTe,
graphene
Science, 374(6571), Nature 595, Nature 599, Nature 622,

1140-1144 (2021) 526-531 (2021) 582-586 (2021) 63-68 (2023)



Super-moire-materials

Moire-of-moire materials

Atomic lattice Moiré lattice Super-moiré lattice

Physics at several length scales (atomic, moire, and super-moire)
Experiments showing correlations and unconventional superconductivity
Nature 620, 762—767 (2023)

Nature 625, 494-499 (2024)
Nature 641, 896-903 (2025)

How can we compute the electronic structure of exceptionally large systems?



Why super-moire materials are hard
fortheorists

Atomic lattice Moiré lattice Super-moiré lattice

Moire systems N=10° sites, calculations taking around 1 minute
Computational cost grows as N (best case) or N3 (worst case)
Super-moire N=10°sites, calculations taking 10 days — 1000000 years

Is there a way to solve exceptionally large electronic structure problems?
(even going beyond usual memory limitations of conventional methods)



Super-moire materials,

experimentall

Coexisting correlations

Moire quasicrystal in twisted trilayer graphene UC
N and superconductivity
Atomic quasicrystal
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Behind the-scenes

Yitao Tiago Marcel Adolfo Adrien Thibaud Xavier
Sun Antao Niedermeier Fumega Moulinas Louvet Waintal

Solving the Gross-Pitaevskii equation on multiple different scales using the quantics tensor train representation,
M. Niedermeier, A. Moulinas, T. Louvet, J. L. Lado, X. Waintal, arXiv:2507.04262 (2025)

Self-consistent tensor network method for correlated super-moire matter beyond one billion sites, Y. Sun, M.
Niedermeier, T. V. C. Antao, A. O. Fumega, J. L. Lado, arXiv:2503.04373 (2025)

Tensor network method for real-space topoloqy in quasicrystal Chern mosaics, T. V. C. Antdo, Y. Sun, A. O.
Fumega, J. L. Lado, arXiv:2506.05230 (2025)




Encoding an exponentially large
quantum many-body space with
tensor networks



The problem.of.dimensionality

In a many-body problem, the size of our vectors grows as

2L where L is the number of sites
N NEANENEANE

SRR $388843

For a single-particle tight binding problem, we can reach up to 1()8 sites in a laptop

For a many-problem, we cannot even store states for systems bigger than [, = 3() sites

230 -~ 109



The quantum many-body problem

Let us take a simple many-body problem H = E Jz‘j S@ . Sj
]

A typical wavefunction is written as

‘\Ij> — Z Csi,59,...,51, ’517 S2, ---3L>

We need to determine in total 2L coefficients

Is there an efficient way of storing so many coefficients?



Dealing with very large spaces with

tensor networks
A many-body wavefunction a is a very high dimensional object ( oL coefficients)

‘\Ij> — 2681,82---,81: ‘517 S2y s 5L>

Tensor-networks allow “compressing” exponentially large information with linear resources

“True wavefunction” “Tensor-network wavefunction”



Dealing with very large spaces with

tensor networks
Typical many-body wavefunction ’\IJ> p— Z 031,32,...,5L ‘31, S9, ---3L>

Tensor networks allow parametrizing many-body wavefunctions as

= S MM M s o
{st LX parameters

Tensor networks allow to drastically reduce the memory required to store a many-body state
Annals of Physics 326, 96 (2011)



Exponentially large algebra with

tensor hetworks

Tensor network allow to (approximately) operate in exponentially large vector spaces

vector madtrix




Some paradigmatic problems

solved with matrix product states

Solving the 2D Hubbard Solving the 2D Heisenberg
model at finite doping model in frustrated lattices

H =Y tyclejs+ Y Uchenel e

ij,s i

Science, 365(6460), 1424-1428 (2019) Phys. Rev. Lett. 123, 207203 (2019)




Tensor networks

fornon quantum-many bod

Imagine that you have a function with an exponentially large humber of points

fx) =

We could store all those values with a tensor network

Coro5m..sp = MELMS2. Mo
iy = Zﬂ 2_n8?’1 f(m) — 6513821"'38L Sn — 07’1

There is an algorithm (tensor cross interpolation) that enables to systematically build the MPS
Quantum-inspired active learning algorithm



Machine learning-tensor networks

How do we learn the tensor network representation of an
exponentially large object?

With a cross interpolation algorithm with the tensor network
A~CP'R=A
T XX (o--)—l(-u}----------)
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Quantum inspired active learning to learn exponentially large spaces
Phys. Rev. Lett. 132, 056501 (2024) SciPost Phys. 18, 104 (2025)



Tensor networks for non-linear time-
dependent differential equations



Non-linear time-dependent

differential equation

The Gross-Pitaevskii equation In a complex potential

0 1 - N o i3 2 y 2 £
oF _ —— V2 + V +gl]* | v V) =4: (7)) +4 (35) +Aevis
ot 2m +A z sin®(q; - 7).

Tensor network decomposition of the solution

~ / iﬁ’.— 51?_ ?;R_- 1
q/)(OFRUR—l”'Jl) ~ A’f[aﬁ. lMJR—ll % ]\/Icrli

Discretization Quantics representation
R s
:I:(m) — _W+mhr m = Zi:1 g;2" = (O'RO'R_l...O'l)



Solving the Gross-PitaevskKii

eguation with tensor networks

Quantics representation

Tensor-network evolution

$(Nh) = [O(he)]” o)
N

arXiv:2507.04262 (2025)
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Gross-Pitaevskiievolution in highly

features microscopic potentials

max ‘ V() ‘2 min

O Two length scales
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One=dimensional harmonic-moire

notential

Tensor networks allow solving the dynamics in a potential with widely different length scales
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Two-dimensional Gross-Pitaevskii In

a quasicrystalline potential

Eight-fold symmetric potential Initial state
T=0
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(with a trillion grid points)



Two-dimensional Gross-PitaevskKil In
a quasicrystalline potential

Tensor network allow computing the evolution with exceptional real-space accuracy
T=0 T =25 T8
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arXiv:2507.04262 (2025)




Tensor networks for interacting
super-moire materials



Solving a correlated super-moire

material'with mean-field

Hamiltonian describing electrons in a super-moire material

H=Hy+ Hy = ZtQBcLCB — Z Vaﬁcz;cacgcﬁ

Mean-field treatment of the interacting Hamiltonian

FTMFE _ Z(taﬁ + XaB)c TCB — ZH B ches
af ap
Solving the system requires dealing with matrices proportional to the system size

In a super-moire system, this requires solving a billion sites

How could we solve a system whose Hamiltonian would be too large to store?
(even before considering the time required to solve it)



Tensor networks for a super-moire

tight binding problem

We can identify a many-body space with a very large single particle one

ayseyoass | 1) |11 [ 1) [T 1D (400 WD) | L)
O—0O—O—=0O—=0O—=0O—0—C

Single particle basis CJ{ |Q> C; |Q> C:]; |Q> Cll |Q> Cg ‘Q> C;ri |Q> C; |Q> C; lQ)

We can use a many-body method (tensor-networks) to solve an exponentially large problem
2D Materials 12 (1), 015018 (2025) arXiv:2503.04373 (2025)

How can we build this compressed representation for an exponentially large object?

With quantics tensor-cross interpolation: a quantum-inspired active learning algorithm

Phys. Rev. Lett. 132, 056501 (2024) SciPost Phys. 18, 104 (2025)



Self-consistent electronic

Interactions with tensorsnetworks

We represent the super-moire electronic Hamiltonian as a tensor-network

I |
HMF—F(D F(Q) F(S) F(L) HMF_ T

af $1,87" 82,85 53,53'3"' SL,S’L af3 T - T

The mean-field problem can be reformulated purely with tensor networks

Tensor Network SCF loop

= b Al ),
= b e Do b )

arXiv:2503.04373 (2025)



Self-consistent electronic

Interactions with tensorsnetworks

Super-moire interacting Hamiltonian

Mean-field decoupled Hamiltonian

I |
MF _ e = i
HME — Z(taﬁ + XaB)CLCQ = Z HMTF T % HCE)B — . I '

af af
] —_ H]'VIF ZA T HMF)
Chebyshev expansion of the correlators =(
| | | Tn( )—2$Tn 1( ) Tn 2( )
=(qyMF __
(CL%’) — (a|:(’H )|5> — B B Rev. Mod. Phys. 78, 275 (2006)

| | \ arXiv:2503.04373 (2025)



Spectral functions with tensor

networks

Local spectral function of the mean-field Hamiltonian

D(w,a) = {a] Z T, (HM* P, (w) | |o)

With a tensor network Chebyshev algorithm

P (DJ) — QTR(L:J)
" v 1—w? MF L
Ty

Tnlz) =201, il — T sia)

Rev. Mod. Phys. 78, 275 (2006) arXiv:2503.04373 (2025)




Tensor network representation of a

super-morie Hamiltonian

We can identify a many-body space with a very large single particle one

wrpsosyssss | 111 [ 111 |10 1) 14) (400 1) | 144)

Single particle basis CJ{ |Q> C; |Q> C:]; |Q> Cll |Q> Cg ‘Q> C;[S |Q> C; |Q> C; lQ)
In the tight binding basis uniform hopping takes the form

HO,NN = Zi::;l t(CTa sCxy,s -+ hC)

In the tensor-network pseudospin basis, uniform hopping takes the form

HO,NN — Zis t(O-lJ,rs ®m>l m,s + h.c. )



Tensor network representation of a

super-moire Hamiltonian

We can identify a many-body space with a very large single particle one

wrpsosyssss | 111 [ 111 |10 1) 14) (400 1) | 144)

Single particle basis CJ{ |Q> C; |Q> C:]; |Q> Cll |Q> Cg ‘Q> C;[S |Q> C; |Q> C; lQ)

The tensor-network moire hopping can be built as
Find the MPS representation fo the modulation and store in a diagonal MPO T

) =3 Vs (2)M(3) M(L) 51, S2 st) Quantics tensor
s R

cross interpolation

Modulated super-moire by constraction 7/, — {[T Zst(Jers ®m>l o‘m S)] + h.c.}



Solving-billion-size
super-moire materials

Without interactions With interactions

g min g min

—4
—5x 108 0 5% 10

Site number Site number

0 5x10

Tensor networks allow to solve selfconsistently a super-moire with one billion sites
arXiv:2503.04373 (2025)




Solving-billion-size
super-moire materials

With interactions (short scale) With interactions (large scale)
max

- " B B B B " " "

F . " " B B =" " " W "

—40 =20 0 20 40 %108 0 5 % 108 TN

Site number Site number

Tensor networks allow to solve selfconsistently a super-moire with one billion sites
arXiv:2503.04373 (2025)




Two-dimensional billion size

Interacting super-moire

Modulation fo the Hamiltonian
min U(r) max min U(r) max
B

16000 B i ! S 43
-16000 0 16000 -48 0 48
X X arXiv:2503.04373 (2025)



Two-dimensional billion size

Interacting super-moire

Selfconsistent symmetry broken order (magnetization)

min M| max min M| max
B 00




Two-dimensional billion size

Interacting super-moire

Modulation fo the Hamiltonian

t(l‘i) max min t(ri) max
S B
0 = :
: - +:128350
Y 28000 3 gassie y
56000 : B 52405
0 24000 49000 24550 24600

X X arXiv:2503.04373 (2025)



Two-dimensional billion size

Interacting super-moire

Selfconsistent symmetry broken order (magnetization)

min |MZ‘ max min |MZ| max

33 28350

:5;28405

0 24000 49000 24550 24600
X X arXiv:2503.04373 (2025)
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Tensor networks for topological
super-moire materials



Topological invariant

In.a Hamiltonian

We can classify Hamiltonians according to topological invariants

Hamiltonian Wavefunction
H (k) -| U (k))
AY = (D, U, |W,)
\J
C= ] Qd’k = 0=V x Al

BZ

Metric

Topological invariant
(Berry curvature)

(Chern number)



Real space topolegical invariants

Topological invariants are often defined in reciprocal space

Qo = O, A> — O, A

Y

C = Od’k o
/BZ Au — Z<8kqua‘\1}a>

Is it possible to define them in real space?

AAAAAAAAAA

Real-space Chern number Co = 27i{a|QXPY Q) — PXQY P|a)
€F
p:/ §(w — H)dw O=1-P

Phys. Rev. B 84, 241106® (2011)



Kernel polynomial for topological

Invariants In real-space

The density matrix of a super-moire system can be expressed as a tensor network

A EF A
o / Sw—Hydw =Y =W =@ 2@ 1o
oo 81,81 82,85 SL,S,

With a kernel polynomial tensor network algorithm

A 7. () Th(x) = 22T, 1(x) — Thh—o(x)
ZT (#) m’ To=1and Ti(z) = x

arXiv:2506.05230 (2025) Phys. Rev. B 84, 241106® (2011)



Computing Chern numbers with
tensor networks

Chern number from tensor network contraction (', = 2m'<a|f‘\a> —

arXiv:2506.05230 (2025)



Tensor network.topological marker

Real-space Chern number (Chern marker)

AAAAA

C, = 2mi{a|QXPY(Q — PXQY P|a)

Tensor-network Chern marker

/ S O A
j\}A | | | ___I j\)A | 1 | ___I
X L xl

| oD PR

arXiv:2506.05230 (2025)



Chern mosaic In a 8-fold

topoloagical guasicrystal

2506.05230 (202
arxiv:2506.05230 ( 5)_10 -05 0.0 0.5 1.0 -10 -0.5 0.0 0.5 1.0

512 128

y [a]
y [a]

-512 -128
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Domains with different topological invariants can be directly computed in real space



Topological modes in a 8-fold

topoloagical guasicrystal

arXiv:2506.05230 (2025)0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3

128
x [a]

Topological modes appear between topological domains in real space



Zero modes acCross topological

stalline domain

0.1 oo | 1456
=
o5 T 256
2]
—_

0.0 *° - - - 944
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The real space distribution of topological states can be mapped in real space



Chern mosaic and topological

modes In a quasicrystal

arXiv:2506.05230 (2025)  Chern number Topological modes
-1.0-0.5 0.0 0.5 1.0 0 max

C(r) e -DoS(r) E——

NOITINORNOY
RN TR AR
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le ole) =lole Sl
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Tensor networks allow computing topology in exceptionally large super-moire systems



Take -home

Exponentially large single-particle problems encoded in a quantum many-body
space can be solved by leveraging quantum many-body tensor networks
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