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Tensorization of neural networks 
into matrix product states
for interpretable physical representations



Motivation

Learning functions in Tensor Train (MPS) form
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E. M. Stoudenmire and D. J. Schwab, Adv. Neural Inf. Process. Syst. 29, 4799–4807 (2016).
A. Novikov et al., Adv. Neural Inf. Process. Syst. 28, 442–450 (2015).
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Domain, embedding: Issues:

• Initialization

• Stability

• Expressivity (         )

• Network topology,

    hyperparam. opt.,

    optimizers, …
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Neural Quantum States (NQS)

RNNs
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Neural Quantum States (NQS)

RNNs

Topological…

• … order parameters

• … entanglement entropy

• … phase classification
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How to tensorize ML models into TT form?1

Applications

Next steps: Tensor Rings and PEPS
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<latexit sha1_base64="FLIj2+74LU6Exp7jVNXVUra72p8=">AAACG3icbZC9TgJBFIVn/UX8Q21MbCYSEwtDdo1BGxMDjSUmgiaC5O5wgQmzP87cNSEbfBM7W30JO2Nr4Tv4EA5IoeCpvrnnzGTu8WMlDbnupzMzOze/sJhZyi6vrK6t5zY2ayZKtMCqiFSkr30wqGSIVZKk8DrWCIGv8MrvlYf+1T1qI6PwkvoxNgLohLItBZAdNXPbJX7Kawf8gZctVG/Tegs6HdSDZi7vFtyR+DR4Y8izsSrN3Fe9FYkkwJCEAmNuPDemRgqapFA4yNYTgzGIHnTwxmIIAZpGOtpgwPfakebURT46/86mEBjTD3ybCYC6ZtIbDv/1fA09pAG32rtLIKQk+PsHap80UhnGCWEo7BPWayeKU8SHRfGW1ChI9S2A0NJuwUUXNAiydWZtPd5kGdNQOyx4xULx4ih/VhoXlWE7bJftM48dszN2ziqsygR7YE/smb04j86r8+a8/0RnnPGdLfZHzsc3nc2eyw==</latexit>

B = V, C = U †

<latexit sha1_base64="wbQKUnIC3JHV/NHI2DEoSjkx/G0="></latexit>

A = USV †

<latexit sha1_base64="CxtMOeivWbYM3UIPQX05sEDqHRs="></latexit>

A = (US)S+(SV †)

Cross Interpolation
<latexit sha1_base64="RwzR9yxzU2XcaWywoJMo+e/z0HM="></latexit>

AB = A(I,J ), CA = A(I, J)
<latexit sha1_base64="JCQ+8YnzJULiogc+ygFxD/gt06M="></latexit>

A = A(I,J )A(I,J )→1A(I, J)

Randomized SVD

<latexit sha1_base64="1x5GjbKKzyJdBgGWRCf1Cl6N1Ek="></latexit>

A = (UY SY )(!AVY )
+(!A)

<latexit sha1_base64="qxlou55usdP3eox95yUr40Ttdic="></latexit>

B = !VY , C = ”

<latexit sha1_base64="QdMfaI97f2S+zU0HFeBnN7sBhrE="></latexit>

Y = A! = UY SY V
†
Y

General form of matrix decomposition



Tensorization

General form of tensor decomposition

<latexit sha1_base64="NWt8mSVuU514v4NlswAt+KjYmWA=">AAACBnicbZC9TgJBFIVn8Q/xD7W0mUhIqMiuMWhJsLHExAUS2JDZ4S5MmP1x5q4JIfR2tvoSdsbW1/AdfAgH3ELAU52558zkzucnUmi07S8rt7G5tb2T3y3s7R8cHhWPT1o6ThUHl8cyVh2faZAiAhcFSugkCljoS2j745t53n4EpUUc3eMkAS9kw0gEgjM0I7fXEMNKv1iyq/ZCdN04mSmRTM1+8bs3iHkaQoRcMq27jp2gN2UKBZcwK/RSDQnjYzaErrERC0F708WyM1oOYkVxBHRx/tudslDrSeibTshwpFez+fDfzFdsDDijRuWHlEWYhss7YHDtTUWUpAgRN0+YLEglxZjOmdCBUMBRToxhXAnzC8pHTDGOhlzB4HFWYayb1kXVqVVrd5eleiMDlSdn5JxUiEOuSJ3ckiZxCSeCPJMX8mo9WW/Wu/XxW81Z2Z1TsiTr8wcQbZhC</latexit>( <latexit sha1_base64="NWt8mSVuU514v4NlswAt+KjYmWA=">AAACBnicbZC9TgJBFIVn8Q/xD7W0mUhIqMiuMWhJsLHExAUS2JDZ4S5MmP1x5q4JIfR2tvoSdsbW1/AdfAgH3ELAU52558zkzucnUmi07S8rt7G5tb2T3y3s7R8cHhWPT1o6ThUHl8cyVh2faZAiAhcFSugkCljoS2j745t53n4EpUUc3eMkAS9kw0gEgjM0I7fXEMNKv1iyq/ZCdN04mSmRTM1+8bs3iHkaQoRcMq27jp2gN2UKBZcwK/RSDQnjYzaErrERC0F708WyM1oOYkVxBHRx/tudslDrSeibTshwpFez+fDfzFdsDDijRuWHlEWYhss7YHDtTUWUpAgRN0+YLEglxZjOmdCBUMBRToxhXAnzC8pHTDGOhlzB4HFWYayb1kXVqVVrd5eleiMDlSdn5JxUiEOuSJ3ckiZxCSeCPJMX8mo9WW/Wu/XxW81Z2Z1TsiTr8wcQbZhC</latexit> (<latexit sha1_base64="5yvJ7VAWp8Nr/LsdYVAx4tLwkNI="></latexit>

+



Tensorization

General form of Tensor Train decomposition

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>

=

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>

=

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>

=

+ + + + + +



Tensorization

General form of Tensor Train decomposition

Tensor Train via Recursive Sketching

<latexit sha1_base64="aIpCKg1vHOoGjW1VrX/5C2Swdrk="></latexit>

= !VY

=
<latexit sha1_base64="gzCQJnl7YyQz74RnTdsQZ0T/faY="></latexit>

= !

1 1

Markov chains:

ω

Exact TTs:

Y. Hur et al., Appl. Comput. Harmon. Anal. 67, 101575 (2023).

Tensor Train via Cross Interpolation

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>=
ωω

ω ω ω

→iωk | →iωn|

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>=

ωω

ω ω ω

→iω1 | →iωk |

<latexit sha1_base64="0phW365MHsueYKxSxQqnxPPn5d4="></latexit> 




ω ε

ik

<latexit sha1_base64="KP1oH0WXL9bsfpE5XVrQATLxfG8="></latexit>

= f(Ik→1, ik,Jk)

<latexit sha1_base64="YfwOPLs4TD4jqBePxqpz1jZwRnY="></latexit>

Ik = {(iω1 , . . . , iωk )}ω=1,...,r
<latexit sha1_base64="azXzc/k3VB9Ix2snHNHqKPLFzRY="></latexit>

Ik+1 → Ik ↑ [d]
<latexit sha1_base64="SspZplAz3KW87ZbqFiQWK9EI1ws="></latexit>

Jk = {(iωk , . . . , i
ω
n)}ω=1,...,r

<latexit sha1_base64="YfFkt/gkUsha3nRSL46YrI9iwP8="></latexit>

Jk→1 → [d]↑ Jk

I. Oseledets and E. Tyrtyshnikov, Linear Algebra Appl. 432, 70–88 (2010).

S. Dolgov and D. Savostyanov, Comput. Phys. Commun. 246, 106869 (2020).

Y. Núñez Fernández et al., SciPost Phys. 18, 104 (2025).



Tensorization

General form of Tensor Train decomposition

TT-RSS:
• Efficient for empirical distributions, Markov chains, TTs

• Generally infeasible 
• A single left-to-right sweep

• Can be adapted to continuous functions

TT-CI:
• Efficient for a variety of scenarios

• Heuristic optimization (maxvol principle)

• Iterative sweeps

• Ergodicity issues



Tensorization

General form of Tensor Train decomposition

Common Deep Learning setting:
• Very high-dimensional, highly sparse 

(and non Markovian) functions

TT-RSS:
• Efficient for empirical distributions, Markov chains, TTs

• Generally infeasible 
• A single left-to-right sweep

• Can be adapted to continuous functions

TT-CI:
• Efficient for a variety of scenarios

• Heuristic optimization (maxvol principle)

• Iterative sweeps

• Ergodicity issues



Tensorization

General form of Tensor Train decomposition

What projectors to choose? 
• Generally efficient

• No strong assumptions on the 

function/model structure

• No strong assumptions on the 

domain

Common Deep Learning setting:
• Very high-dimensional, highly sparse 

(and non Markovian) functions

TT-RSS:
• Efficient for empirical distributions, Markov chains, TTs

• Generally infeasible 
• A single left-to-right sweep

• Can be adapted to continuous functions

TT-CI:
• Efficient for a variety of scenarios

• Heuristic optimization (maxvol principle)

• Iterative sweeps

• Ergodicity issues



Tensorization

General form of Tensor Train decomposition

What we do have is samples

In Deep Learning: 
• We have access to a training dataset

In Neural Quantum States (RNNs): 
• We can efficiently generate samples

Generally: 
• No guarantees

• For sufficiently delocalized / broadly 

supported functions, draw uniform 
random samples

<latexit sha1_base64="RodHZr1Q0dMGkq6ivSVTYHQKmIw="></latexit>

D = {(xj
1, . . . , x

j
n)}Nj=1

<latexit sha1_base64="C9iri8uJpD6QABLT/w6enR6tgko="></latexit>

D = {(ωj
1, . . . ,ω

j
n)}Nj=1

<latexit sha1_base64="XifdqxTEYcsalm5IE12y7zY0TKM="></latexit>

fnn(x) = pnn(x)

fnn(x, y) = pnn(y | x)

M. Hibat-Allah et al., Phys. Rev. Res. 2, 023358 (2020).



Tensorization

General form of Tensor Train decomposition

Tensor Train via Recursive Sketching from Samples

<latexit sha1_base64="czjYlw4f9ACbRTun4RtNFP79A/A="></latexit>

Ik = {(xω
1 , . . . , x

ω
k )}ω=1,...,N

<latexit sha1_base64="9PXxmgS39XI49O3ZB5o1Itp5mxQ="></latexit>

Jk = {(xω
k , . . . , x

ω
n)}ω=1,...,N

<latexit sha1_base64="azXzc/k3VB9Ix2snHNHqKPLFzRY="></latexit>

Ik+1 → Ik ↑ [d]
<latexit sha1_base64="YfFkt/gkUsha3nRSL46YrI9iwP8="></latexit>

Jk→1 → [d]↑ Jk

ω ω

=

By definition:

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>=

ωω

ω ω ω

→xω
1 | →xω

k |

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>=
ωω

ω ω ω

→xω
k | →xω

n|

ω→

<latexit sha1_base64="t6LjpsneYDxLTVwW2k9Q1etnZ0U="></latexit>

Vr

JRPM, A. Pozas-Kerstjens, and D. Pérez-García, SciPost Phys. Core 8, 095 (2025).



Tensorization

General form of Tensor Train decomposition

Tensor Train via Recursive Sketching from Samples

<latexit sha1_base64="czjYlw4f9ACbRTun4RtNFP79A/A="></latexit>

Ik = {(xω
1 , . . . , x

ω
k )}ω=1,...,N

<latexit sha1_base64="9PXxmgS39XI49O3ZB5o1Itp5mxQ="></latexit>

Jk = {(xω
k , . . . , x

ω
n)}ω=1,...,N

<latexit sha1_base64="azXzc/k3VB9Ix2snHNHqKPLFzRY="></latexit>

Ik+1 → Ik ↑ [d]
<latexit sha1_base64="YfFkt/gkUsha3nRSL46YrI9iwP8="></latexit>

Jk→1 → [d]↑ Jk

ω ω

=

By definition:

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>=

ωω

ω ω ω

→xω
1 | →xω

k |

<latexit sha1_base64="71WVL8078VnEWuXVAY5eU14eT7s="></latexit>=
ωω

ω ω ω

→xω
k | →xω

n|

ω→

<latexit sha1_base64="t6LjpsneYDxLTVwW2k9Q1etnZ0U="></latexit>

Vr

JRPM, A. Pozas-Kerstjens, and D. Pérez-García, SciPost Phys. Core 8, 095 (2025).

Sample complexity (    )<latexit sha1_base64="iG7meC0S8sjgmAlWByP6WG0tOI4="></latexit>

N

Gaussian projection (rSVD):
N. Halko, P.-G. Martinsson, and J. A. Tropp, 
SIAM Rev. 53, 217–288 (2011).

Leverage score sampling:
P. Drineas, M. W. Mahoney, and S. Muthukrishnan, 
SIAM J. Matrix Anal. Appl. 30, 844–881 (2008).

Norm-squared sampling:
M. Rudelson and R. Vershynin, J. ACM 54, 21 (2007).

<latexit sha1_base64="C3p1NCs655Rh+7ZwUgKNQwLeHiE="></latexit>

r→ : numerical rank

<latexit sha1_base64="KEPmesMK3rcUd++LPBbjG1h6YRE="></latexit>

O(r + log r)

<latexit sha1_base64="SjILXK+PItz701DdJZu6a60PSHs="></latexit>

O(r log r)
<latexit sha1_base64="BMOXtzc+z4EvVBWiTKW93Nvl0BQ="></latexit>

O(µr log r)

<latexit sha1_base64="GMUAQjLCNFVWdjtBkJOYEn+qslk="></latexit>

O(r→ log r→)



Performance

Tensorization

<latexit sha1_base64="gZqeL/K4wOKkR4FFNv7bZx1sGOE="></latexit>

r = 10<latexit sha1_base64="v5PsBlgYdsd18NWciruVnsp/ze4="></latexit>

f n
Tensorization
algorithm

Error
on test

Time
in secs.

TT-RSS (N = 20) 3.60→ 10→1 1.97→ 100

100 TT-RSS (N = 35) 4.26→ 10→15 4.25→ 100

Random TT
TT-CI 7.56→ 10→15 3.83→ 101

(4.73→ 102)

TT-RSS (N = 20) 9.23→ 10→15 7.08→ 100

200 TT-RSS (N = 35) 6.56→ 10→15 1.89→ 101

TT-CI 1.08→ 10→14 1.37→ 102

(2.53→ 103)

TT-RSS (N = 50) 8.06→ 10→1 7.70→ 100

100 TT-RSS (N = 100) 1.58→ 10→1 2.76→ 101

TT-CI 6.27→ 10→1 4.09→ 101

(4.71→ 102)

TT-RSS (N = 50) 3.69→ 10→1 1.76→ 101
Slater

functions
200 TT-RSS (N = 100) 2.12→ 10→1 5.57→ 101

TT-CI 5.63→ 10→1 1.34→ 102

(2.53→ 103)

TT-RSS (N = 50) 3.61→ 10→1 5.22→ 101

500 TT-RSS (N = 100) 2.29→ 10→1 1.94→ 102

TT-CI 6.79→ 10→1 3.30→ 102

(1.32→ 104)

<latexit sha1_base64="v/eDbb6bpONMYlbOLX2Yq27cuMU="></latexit>

f(z) =
e→↑z↑2

→z→2

<latexit sha1_base64="BNyzz5BBgDL1lCCWZkWfiNNYluk="></latexit>

f n
Tensorization
algorithm

Error
on test

Accuracy
Time
in secs.

TT-RSS (N = 50) 5.97→ 10→1 99.1% 7.03→ 100

144 TT-RSS (N = 100) 3.95→ 10→1 99.5% 2.29→ 101

TT-CI 4.07→ 10→1 97.9%
4.23→ 101

(5.65→ 102)

TT-RSS (N = 50) 4.12→ 10→1 98.8% 1.49→ 101

Bars
and

Stripes

256 TT-RSS (N = 100) 4.52→ 10→1 95% 4.96→ 101

TT-CI 4.39→ 10→1 98.5%
8.62→ 101

(1.70→ 103)

TT-RSS (N = 50) 1.17→ 101 68.8% 8.26→ 100

MNIST 144 TT-RSS (N = 100) 5.51→ 100 79.3% 2.44→ 101

TT-CI 1.20→ 100 15.9%
2.12→ 102

(7.37→ 102)



Applications



Applications

Topological order (proof of concept):1

<latexit sha1_base64="u5v3XajGq4jIaJdhEcp5WsDGCtc="></latexit>

H =
N→1∑

j=1

P
(2)
j,j+1 →

N→1∑

j=1

[
Sj ·Sj+1 +

1

3
(Sj ·Sj+1)

2
]

AKLT model:

2 4 6 8 10 12 14

°1.0

°0.5

0.0

0.5

1.0

F
16

E 1
0

Fidelity - Order parameter

2 4 6 8 10 12 14

0

5

10

15

20

Time in secs.

n = 100 n = 200 n = 500

<latexit sha1_base64="S1PSWnqECsao8/nNx3mKaJ1S37k="></latexit>

Gs =

√
1

3
ωs, s → {x, yz}

JRPM, A. Pozas-Kerstjens, and D. Pérez-García, SciPost Phys. Core 8, 095 (2025).
<latexit sha1_base64="Ig0uLJ4kSG0fQPiyX+DZZWFcOhQ="></latexit>

u→n
g |!→ = |!→

<latexit sha1_base64="6zWsLPV74I5SIvQ9U899wKLDlNs="></latexit>

H
s = V

†
g G

s
Vg

Physical symmetry induces transformation on 
virtual degrees of freedom:

J. Haegeman et al., Phys. Rev. Lett. 109, 050402 (2012).

<latexit sha1_base64="EB8hv0oJBDdfX27LZIe/Ptbbz7w=">AAACGXicbVC7TsNAEDzzDOEVQKKhOREhUUU2QkCJoKEEiRAkHEXrY5OccmebuzVS5ORL6GjhJ+gQLRX/wEdweRSEMNXszuxqd6JUSUu+/+XNzM7NLywWlorLK6tr66WNzRubZEZgVSQqMbcRWFQyxipJUnibGgQdKaxFnfOBXntEY2USX1M3xbqGViybUgC5VqO0HUYGOkh5aGVLA+/xMLWy3yiV/Yo/BJ8mwZiU2RiXjdJ3eJ+ITGNMQoG1d4GfUj0HQ1Io7BfDzGIKogMtvHM0Bo22ng/v7/O9ZmI4tZEP69/eHLS1XR05jwZq27/aoPmvNvqqzx32HjKIKdOTN1DzpJ7LOM0IY+FWOK2ZKU4JH8TE76VBQarrCAgj3RdctMGAIBdm0cUT/A1jmtwcVIKjytHVYfn0bBxUge2wXbbPAnbMTtkFu2RVJliPPbMX9uo9eW/eu/cxss5445ktNgHv8we6RKAl</latexit>

→ω|ε↑
<latexit sha1_base64="pzge3qCMi838bSIkdYapc2inrXM=">AAACDXicbVC7TsNAEDzzJrwClDQnokhUkY1QoETQUAaJPCQcofVlk5xyZ5u7NVJk5RvoaOEn6BAt38A/8BFcggteU83uzK52J0qVtOT7797c/MLi0vLKamltfWNzq7y907JJZgQ2RaIS04nAopIxNkmSwk5qEHSksB2Nzqd6+w6NlUl8ReMUuxoGsexLAeRaYRgZyEMrBxomN+WKX/Nn4H9JUJAKK9C4KX+EvURkGmMSCqy9DvyUujkYkkLhpBRmFlMQIxjgtaMxaLTdfHbzhFf7ieE0RD6rv3tz0NaOdeQ8Gmhof2vT5r+a+2WENOEO1dsMYsr0zxuof9LNZZxmhLFwK5zWzxSnhE+j4T1pUJAaOwLCSPcFF0MwIMgFWHLxBL/D+Etah7WgXqtfHlVOz4qgVtge22cHLGDH7JRdsAZrMsFS9sAe2ZN37z17L97rl3XOK2Z22Q94b5+glpvo</latexit>

→ω|
Black-box 
AKLT state 

(MPS)

TT-RSS
New representation!



Applications

Interpretability in ML:2
JRPM, J. Sinnott, R. G. Melko, and M. Kohandel, arXiv:2602.06110 (2026).

T.-G. Chang et al., Nat. Cancer 5, 1158–1175 (2024).

Clinical prediction model:
• LORIS: LR model for immunotherapy 

response prediction

• 6 features + cancer type (16).  ~67% bal. acc.

Interpretability of LR:
<latexit sha1_base64="PLN8y1I7HHPm5UU5GvF6sktbff4="></latexit>

p(y = 1 | x) = ω



ε0 +
d∑

j=1

εjxj





<latexit sha1_base64="62GEmJc3+9ZEQZI7TgYv7i5Mxbs="></latexit>

!pk = p(y = 1 | xk = 1, x→k = x̄→k)→ p(y = 1 | xk = 0, x→k = x̄→k)

TMB
Albumin

NLR
Age

PSTH
Bladder
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°0.25
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Se
ns

iti
vi

ty
sc

or
e

Feature sensitivity

LR
TT-LR
TT-NN

Black-box 
model 

(LR / NN)

Born Machine TT
(              )

Acc. loss ~1%

<latexit sha1_base64="1a20vz0egBn7Fmh9w1Ny8/sBJlU="></latexit>

r = 2, 5

TT-RSS
(                )<latexit sha1_base64="/Q8W6c2T0gKRIOBRQCNWLNaTawU="></latexit>

N = 50, 80

<latexit sha1_base64="ymTZfeu2Z+kLQCBhcRSELyMikN4="></latexit>

ω(x) = [1, x]

<latexit sha1_base64="kJEPzqA4gBPP5t9j72DplP9C7mM="></latexit>

(x, y)
<latexit sha1_base64="Io8s6iF77Ezs+nQF5Wz/K5tXxwY="></latexit>√
p(y | x)

Interpretability of TT:
<latexit sha1_base64="x0lX+aoOG2Celwk3EDhKWspyecA="></latexit>

p(y | x) = |ftt(x, y)|2
<latexit sha1_base64="hRFSPMDGVdt/byXOPpuNkb5eLws="></latexit>

p(y | xk) =
∑

x→k

|ftt(x1, . . . , xk, . . . , xn, y)|2



Applications

Interpretability in ML:2
JRPM, J. Sinnott, R. G. Melko, and M. Kohandel, arXiv:2602.06110 (2026).

T.-G. Chang et al., Nat. Cancer 5, 1158–1175 (2024).

Clinical prediction model:
• LORIS: LR model for immunotherapy 

response prediction

• 6 features + cancer type (16).  ~67% bal. acc.
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e

Feature sensitivity (conditioned TT-LR)

Colorectal (85.71%)
Endometrial (71.07%)
Esophageal (66.43%)
Pancreatic (100.00%)

Cancer-type-specific models

<latexit sha1_base64="dri9q6NSjFXUW6NW9NNN6np5lAE="></latexit> =

Black-box 
model 

(LR / NN)

Born Machine TT
(              )

Acc. loss ~1%

<latexit sha1_base64="1a20vz0egBn7Fmh9w1Ny8/sBJlU="></latexit>

r = 2, 5

TT-RSS
(                )<latexit sha1_base64="/Q8W6c2T0gKRIOBRQCNWLNaTawU="></latexit>

N = 50, 80

<latexit sha1_base64="ymTZfeu2Z+kLQCBhcRSELyMikN4="></latexit>

ω(x) = [1, x]

<latexit sha1_base64="kJEPzqA4gBPP5t9j72DplP9C7mM="></latexit>

(x, y)
<latexit sha1_base64="Io8s6iF77Ezs+nQF5Wz/K5tXxwY="></latexit>√
p(y | x)



Applications

Interpretability in ML:2
JRPM, J. Sinnott, R. G. Melko, and M. Kohandel, arXiv:2602.06110 (2026).

T.-G. Chang et al., Nat. Cancer 5, 1158–1175 (2024).

Clinical prediction model:
• LORIS: LR model for immunotherapy 

response prediction

• 6 features + cancer type (16).  ~67% bal. acc.

Exploit virtual representations? 
Weight-based interpretability

M. T. Pearce et al., Int. Conf. Learn. Represent. (2025).

Black-box 
model 

(LR / NN)

Born Machine TT
(              )

Acc. loss ~1%

<latexit sha1_base64="1a20vz0egBn7Fmh9w1Ny8/sBJlU="></latexit>

r = 2, 5

TT-RSS
(                )<latexit sha1_base64="/Q8W6c2T0gKRIOBRQCNWLNaTawU="></latexit>

N = 50, 80

<latexit sha1_base64="ymTZfeu2Z+kLQCBhcRSELyMikN4="></latexit>

ω(x) = [1, x]

<latexit sha1_base64="kJEPzqA4gBPP5t9j72DplP9C7mM="></latexit>

(x, y)
<latexit sha1_base64="Io8s6iF77Ezs+nQF5Wz/K5tXxwY="></latexit>√
p(y | x)



Applications

Interpretability of NQS (work in progress):3
Joint work with Estelle Inack, Nishan Ranabhat and Vichayuth Imchitr

Variational optimization:
Fully connected Ising model

<latexit sha1_base64="Gti++RnVoYXwjdpDGvvQ0ZO85Lc="></latexit>

qω(ω) → pT (ω) =
e→εH(ϑ)

Z

<latexit sha1_base64="vYtxjpmhv9d1eSE69BQEM+ReEws="></latexit>

H(ω) = →
∑

i<j

Jijωiωj = → 1

N

∑

i<j

ωiωj

Black-box 
wavefunction 

(RNN)

TT-RSS

<latexit sha1_base64="FPGNI41AmJswLYiL13kF30Ym/cw="></latexit>ω
<latexit sha1_base64="JeO3HTxbPyatBpbS3HqQzLprLeE="></latexit>√
qω(ω)

<latexit sha1_base64="yxa1dQ+MFv86G7bb3i8hCDeqTUQ="></latexit>

n = 20

<latexit sha1_base64="DRPashPM3WMnjtAD72SoKs/5TSQ="></latexit>

SA = →Tr (ωA log ωA)

<latexit sha1_base64="PtVyaOpZM4BrHj9GYmlcAwaX5ac="></latexit>

!S = s21 → s22

<latexit sha1_base64="4dDKbHTEpgiwAKyLczYeggWUtqI="></latexit>

max
k

Dk



Applications

Interpretability of NQS (work in progress):3
Joint work with Estelle Inack, Nishan Ranabhat and Vichayuth Imchitr

Variational neural annealing:
Portfolio optimization
N. Ranabhat et al., arXiv:2507.07159 (2025).

<latexit sha1_base64="QXDaAXI+i/ukc2lucXR2gPJcPfY="></latexit>

min
xi→{0,1}

Cm(x) = →µ↑
mx+ ωx↑!mx

<latexit sha1_base64="ThH1Rf4hc3zMNLWYrvgG8YJerQo="></latexit>

H
(m)
C =

∑

x→{0,1}N

Cm(x) |x→ ↑x|

<latexit sha1_base64="Ojf7gtGU1kgfcQj4sMb7DqzxinU="></latexit>

FT (ω) = Eqω [C(x) + T log qω(x)]

Classical Quantum
<latexit sha1_base64="dSrDAOoAZ+HbdL4urH9BeI/URUQ="></latexit>

H(!) = HC → !
∑

i

Xi

<latexit sha1_base64="LY038KsFJkdelmVuxTwu/uddYe0="></latexit>

Eω(!) =
→ωω|H(!) |ωω↑

→ωω↑ωω

For month     :<latexit sha1_base64="mh1Pe1toAUm7xXeTBb7WjTcYLCk="></latexit>m

Compression ratio ~900%



Next steps



Is it possible to tensorize into PEPS form?

Next steps

PEPS methods (optimization)

are super expensive! Black-box

<latexit sha1_base64="ajNtSYr1XL1IHO5nS407aE6MVZ8="></latexit>

(x, y)
<latexit sha1_base64="TkPupT9WvO5maRwdeshinBPW9ug="></latexit>

f(x, y)
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Next steps

Kind of…

= =

R. Huang et al., Commun. Appl. Math. Comput. (2025).



Is it possible to tensorize into PEPS form?

Next steps

Kind of…

= =

Starting from an exact PEPS of rank <latexit sha1_base64="/gzK2gxxEBKABpQ3Rv6YVISB4n8="></latexit>r

The reconstructed PEPS has rank                  !
<latexit sha1_base64="8VCYs9Vegj+76qjTORpHf1VAl6s="></latexit>

O(rn/2)

R. Huang et al., Commun. Appl. Math. Comput. (2025).



Is it possible to tensorize into PEPS form?

Next steps

Kind of…

Starting from an exact PEPS of rank <latexit sha1_base64="/gzK2gxxEBKABpQ3Rv6YVISB4n8="></latexit>r

The reconstructed PEPS has rank                  !
<latexit sha1_base64="8VCYs9Vegj+76qjTORpHf1VAl6s="></latexit>

O(rn/2)

= =
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The same happens for Tensor Rings

Next steps

SVD

= SVD =

Is is possible to open loops exactly?

Loops are problematic…

H. Chen, S. Chen, and A. R. Zhang, arXiv:2512.01016 (2025).

Theory
BLOSTR: 
• Solves exact case

• Very fragile to perturbations

• Infeasible for large tensors

Q. Zhao et al., arXiv:1606.05535 (2016).

Practice

ALS: 

• Solves exact and perturbed 
cases


• Relies on optimization 
(instabilities, initialization, etc.)


• Infeasible for large tensors

<latexit sha1_base64="fa/oocXCzvdAa2k3w3rn1aRN4W8="></latexit>

Gω
k = argmin

Gk

→X ↑ TR(G1, . . . , Gk, . . . , GN )→2F



Our approach:

Next steps

from Tensor Trains to Tensor Rings

<latexit sha1_base64="9B89DFpGegsbelJ5fR4z09bvKpw="></latexit>→
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Next steps

from Tensor Trains to Tensor Rings

<latexit sha1_base64="9B89DFpGegsbelJ5fR4z09bvKpw="></latexit>→

<latexit sha1_base64="lMTGTrrSpIGRElRoeeSpGKwT6l0="></latexit>

r = 1
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Our approach:

Next steps

from Tensor Trains to Tensor Rings

<latexit sha1_base64="9B89DFpGegsbelJ5fR4z09bvKpw="></latexit>→

<latexit sha1_base64="di9lgUBKapGcXMcBTkJmSATuKMw="></latexit>

rtt = r2tr

=

Strategy:
1 Tensorize into TT form

2 Open central loop (BLOSTR, ALS)

3 Propagate gauges

=

SVD

=

SVD

Similar ideas allow 
to define a TR 

decomposition in a 
single step:


TR-RSS



TR-RSS

Next steps

= 1 Open central loop to find 
explicit gauges / environments



TR-RSS

Next steps

1 Open central loop to find 
explicit gauges / environments=

2 Build next environments 
recursively and fix in next step

=

=



Performance

Tensorization

<latexit sha1_base64="4hkfYoRmnGrpV/eU3qgR+lvTPZA="></latexit>

n Algorithm Error Time Rank

5

BLOSTR 2.22e→11 5.73e→3 2.00

ALS 3.64e→12 1.34e→1 2.00

ALS-sampled 5.17e→12 1.00e→1 2.00

TR-SVD 2.10e→15 1.23e→2 5.60
TT-SVD+TT2TR 3.02e→15 4.12e→2 2.00

TT-RSS+TT2TR 2.22e→15 1.16e→1 2.00

TR-RSS 4.55e→15 9.19e→2 2.00

7

BLOSTR 1.65e→7 1.26e→2 2.00

ALS-sampled 4.21e→12 1.64e1 2.00

TR-SVD 4.86e→15 1.03 6.29
TT-SVD+TT2TR 9.36e→15 3.14e→1 2.00

TT-RSS+TT2TR 2.56e→15 2.41e→1 2.00

TR-RSS 5.37e→15 2.58e→1 2.00

10
TT-RSS+TT2TR 1.78e→15 4.48e→1 2.00

TR-RSS 3.02e→15 4.96e→1 2.00

50
TT-RSS+TT2TR 2.17e→15 4.41e→1 2.00

TR-RSS 1.97e→15 5.50e→1 2.00

100
TT-RSS+TT2TR 7.99e→15 1.46 2.00

TR-RSS 7.82e→15 1.73 2.00

Exact TR
<latexit sha1_base64="HjGg3G1DaJe3PjbH0JV0wCCHyic="></latexit>

n Algorithm Error Time Rank

5

BLOSTR 6.53e3 3.14e→2 2.00

ALS 2.16e→2 1.66 2.00

TR-SVD 7.62e→1 1.27e→2 2.00

TT-RSS+TT2TR 2.18e→2 2.10e→1 2.00

TR-RSS 2.54e→2 9.55e→2 2.00

6

BLOSTR 1.53e3 6.74e→3 2.00

ALS 2.33e→2 1.51e1 2.00

TR-SVD 9.72e→1 1.08e→1 2.00

TT-RSS+TT2TR 2.37e→2 3.53e→1 2.00

TR-RSS 3.00e→2 2.57e→1 2.00

Exact TR + noise

<latexit sha1_base64="QGMAPaTznsFC4v0MJCPwgH+6OVk="></latexit>

Algorithm Error Time Rank

TR-SVD 1.55e→3 3.22e→2 6.11
ALS 1.85e→3 1.49e2 6.11
TT-SVD+TT2TR 5.29e→2 2.39e→1 5.76
TR-RSS 7.94e→3 5.01e→1 5.76

<latexit sha1_base64="wXUGmSj/ejQtBZ6T4eHY/7vyk9Y="></latexit>

f(x) = (x+ 1) sin
(
100(x+ 1)2

)



So… Is it possible to tensorize into PEPS form?

Next steps



So… Is it possible to tensorize into PEPS form?

Next steps

= 1 Open central PEPS to find 
explicit environments

2 Build next environments (up, down, left, right) 
recursively and fix in next step

PEPS-RSS



Performance

Tensorization

<latexit sha1_base64="CImcKO0xftehyvXpQurpzCAB4+k="></latexit>

Grid size d algorithm Error Time Nparams

2x2

2

PEPS-RSS 9.19e→15 7.62e→2 32

PEPS-SVD-Hier 5.66e→16 2.06e→4 64

PEPS-SVD-Seq 2.74e→16 2.19e→4 40

3

PEPS-RSS 1.01e→14 1.57e→1 48

PEPS-SVD-Hier 8.84e→16 2.17e→4 144

PEPS-SVD-Seq 1.06e→15 2.50e→4 192

4

PEPS-RSS 6.73e→15 7.84e→2 64

PEPS-SVD-Hier 1.35e→15 2.45e→4 416

PEPS-SVD-Seq 8.12e→16 2.72e→4 400

3x3

2

PEPS-RSS 1.39e→14 2.43 128

PEPS-SVD-Hier 1.96e→15 6.02e→4 832

PEPS-SVD-Seq 2.71e→15 7.68e→4 1412

3

PEPS-RSS 1.13e→14 2.65 192

PEPS-SVD-Hier 3.74e→15 5.25e→3 22923

PEPS-SVD-Seq 5.19e→15 1.63e→2 53130

4

PEPS-RSS 7.38e→15 5.35 256

PEPS-SVD-Hier 6.25e→15 9.78e→2 279552

PEPS-SVD-Seq 1.67e→14 2.23e→1 499408

4x4

2

PEPS-RSS 2.01e→14 4.95e1 288

PEPS-SVD-Hier 6.89e→15 6.07e→2 187085

PEPS-SVD-Seq 9.77e→15 7.83e→2 150992

3

PEPS-RSS 2.98e→14 1.72e2 432

PEPS-SVD-Hier 9.57e→14 4.29e2 167759683

PEPS-SVD-Seq 3.12e→13 4.34e2 131813076

5x5 2

PEPS-RSS 2.03e→13 3.49e3 512

PEPS-SVD-Hier 3.97e→14 6.61e1 37601744

PEPS-SVD-Seq 1.62e→12 2.59e2 80275932



Next steps

JRPM, D. Pérez-García, arXiv:2607.????



Summary and outlook

• Access to samples enables efficient tensorization, which applies to 
many interesting scenarios, including ML models, NQS, and more 
general functions.


• TN representations provide access to interesting information, 
giving better insight into what complex models such as NNs learn.


• Understanding what is happening under the hood is key to 
designing future tensorization algorithms.

Any ideas to stabilize/speed up PEPS decomposition?



José R. Pareja Monturiol 
https://github.com/joserapa98


@joserapa98

Thank you!

https://github.com/joserapa98/tensorkrowch

https://github.com/joserapa98

