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Quantum-inspired Generative Models

— Born Machines and Tensor Networks
for Learning Probability Distributions —

Kenji Harada
Graduate School of Informatics, Kyoto University



Tensor network = a network of tensor contractions

Ex. Quantum amplitudes of a quantum state
Tensor Exponentially large

Nqubits [U) = > oo Y T iy i) T i....;. 4y #T = 27

i1=0.1  4,=0.1
N\

Tensor network : MPS (matrix product state;
also known as tensor train)

Applications to machine learning 4+ Neural-network parameter compression
4+ Data compression

Tensor decomposition
Tiliz'"in — Ailjl Bj1i2j2 T
fD =445, #T ~ O(n x D?)

Exponential compression
when D remains small

11 19 In

Compact representation of »
high-dimensional tensors

Quantum-inspired algorithms
4+ Classification (tensor-network kernel)
4+ Generative model



Born machine: a quantum-inspired generative model

Data distribution
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But performance depends strongly on the network structure.
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\ . . : Han, et al. PRX 2018
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Fixed network structure: MPS




Adaptive tensor tree algorithm (ATT)

Harada, Okubo, Kawashima,
MLST 2025



Adaptive tensor tree algorithm (ATT)
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Adaptive tensor tree algorithm (ATT)

Avoid information bottlenecks: MI( A : B) < log D
Choose the split with the smallest bond mutual information

Harada, Okubo, Kawashima,
MLST 2025



Adaptive tensor tree algorithm (ATT)

Avoid information bottlenecks: MI( A : B) < log D
Choose the split with the smallest bond mutual information

Harada, Okubo, Kawashima,
MLST 2025



Adaptive tensor tree algorithm (ATT)

Harada, Okubo, Kawashima,
MLST 2025

Mutual information across a
bond is bounded by log D

MI(A : B) <log D

Optimize the merged
tensor by minimizing
the negative log-
likelihood (NLL)

Update the connection
by selecting the split
with the smallest Ml

Joint optimization of tensor parameters and network topology



Example: S&P 500

Samples : stock price fluctuations

- Day x: AAPL=1, GOOG-=0, ...

- Day (x+1): AAPL=1, GOOG-=], ...

« Day (x+2): ...
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Example: S&P 500

Samples : stock price fluctuations

. Day x: AAPL=1, GOO(
. Day (x+1): AAPL=1, G(

- Day (x+2): ...

KMREG

VIR
WELL® —
BT e F i
i,

C
) SEMA O
(5]
IR WAT
LR
CCi
®
JoL A+=D
v

VOBESS
'Y
O
A AN
coT
EXk
PSA
D
Al
‘Uv”
SBAC
R

@
®
CSOO @
AR el
NTA @ °
@ RCRLAC »
» 3 9
T XN AMAT

. D]L'ATO —‘V"{,
EVRO e
C 9
AEP
]
' l.“

VREG
OBES
R "..'”‘
» @ Technology
cor . ® O Communication Services
‘o ol 22 0 O Consumer Cyclical
* ewa \/ 08 @ Finintial Services
aEP o @ Hcalthcare
E e * @O Consumer Defensive
B~ @ Energy
o ol e o: o (O Basic Materials
o T "o @ @ Industrials
o @M @ Utilities
@ DX @erR
o5 R O Real Estate
@ g ". 2 e
w30 e e - . LEN
. M MAS
o
® ' (X3
’ INPR : ° o
.
g e
T. & 5 @
AL @ G NTRS 4
PGR N .
MGM & ® 9 cos *H3g
aR<-8 BAG 1op DFs
YNN .
f= it
LS el u"
< ¢’ |. ® uss
| BKN ® o™ @ PNC -
[ 5 roce, @ ¢ .; xPp ' WRBACGL ° . MS K I3
TARNEN ° 9 @ o - G PP , ‘o
cn® 16 9 MTBTFC @ ®
N 2 METay 3 .‘ '_BMZ”U
= 3 AN vz ® &
@ BEN =
AR ?;:"I‘:F E '.., RO
® 0 B

!
L | II| IIII! l e MY!

Sector-wise organization em

FF
M GEN

erges in the learne

o0

CXWRO

PxD
E0G

d network structure

°. Vol



Non-negative Adaptive Tensor Tree Algorithm (NATT)

Non-negative tensor tree Learned NATT structure

- Single-layer tensor tree

« All tensor elements are
non-negative

Pantherinae

Felidae

Nandinia binotata

African palm civet! Feliformia
Arctocephalus forsteri

Nandiniidae Long-nosed fur seal

 Interpreted as a
probabilistic graphical
model

Mustelida nivalis Otariidae /
Weasel

Mustelidae

roRa(('(')o(l)\l z ~ Phocidae
Caniformia

Canidae

Vulpes vulpes 1 Ursidae

* SV D _’ n O n ) n e g a t i Ve ? : o Canis qus familiaris : av;\";asrwe‘)’(ei‘:;
matrix factorization (NMF) 4 4\ CO- N K

Ailurus fulgens
Red panda

Akamatsu, Harada, Okubo, and

Kawashima, MLST 2026 | A phylo_geny-like tree emerges |
from mitochondrial DNA sequences of 16 species



From Tensor-Network Optimization to Structure Learning

Adaptive tensor trees (ATT / NATT)
mutual information, topology, local reconnection

Graphical models
dependency structure, latent variables

Probabilistic circuits

tractable sum-product computation, structure learning
(Yang, et al. AISTATS 2023)

Common question: What network structure best represents the
dependencies in data?

This suggests a connection to structure learning in graphical models and probabilistic circuits.



Summary: From Quantum Many-Body Physics to Machine Learning

Quantum many-body physics ' Generative modeling

MPS / tensor networks Born machine

¥

Adaptive structure

l Probabilistic structure learning

ATT NATT — graphical models; links to PCs

Network structure itself can be learned from data.
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