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Abstract:
We present a tensorization algorithm for constructing tensor train representations of functions, drawing on sketching and cross
interpolation ideas. The method only requires black-box access to the target function and a small set of sample points defining
the domain of interest. Thus, it is particularly well-suited for machine learning models, where the domain of interest is naturally
defined by the training dataset. We show that this approach can be used to enhance the privacy and interpretability of neural
network models. Specifically, we apply our decomposition to (i) obfuscate neural networks whose parameters encode patterns
tied to the training data distribution, and (ii) estimate topological phases of matter that are easily accessible from the tensor
train representation. Additionally, we show that this tensorization can serve as an efficient initialization method for optimizing

tensor trains in general settings, and that, for model compression, our algorithm achieves a superior trade-off between memory
and time complexity compared to conventional tensorization methods of neural networks.
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Outline:

1. Tensor Networks

TNs for Machine Learning
Privacy with TNs
Tensorization (TT-RSS)

U

Applications:
* Privacy

* Interpretability
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Tensor Networks
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Tensor Networks
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TNs for Machine Learning

Problem  Machine | -

T — e Linear Regression e Define loss function:
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TNs for Machine Learning

Embed data into bigger space e Kernel Support Vector Machine
] (w, p(x)) = Z.ai)’ik(xis X)
° @ N B l
o T e * Neural Networks
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TNs for Machine Learning

Supervised Learning with Quantum-Inspired
Tensor Networks (Stoudenmire and Schwab, 2016)

[Xps .oyl DMRG-lik
o | Nl @ 0@ =0 ® - ® dixy) e
Embed into ' | training
go‘ tensor product x.N P(x) = '(;()s (Exi),sin (fxiﬂ Al =Al, -qV, &
space 2 >

00000

Train all

sites

= \
X
v
o
=
1Y
=
=o
4
3
o
n
5
=
o
7]
Z
o
=1
~
Q
<
D
—
-
N
=
<=

A = Al -V, &

!

X P ) = hx) ® - @ plxy)
P(x) = [1. x}

o
[T, Xpsmees X X0 +ons Xy Ay

Pirsa: 25020035 Page 8/27



White-box privacy vulnerability:

» Approximate function f(x,,, x;,,) = sign(x,,,)
¢ With model NN(x,,p, X;,,) = ¢(W, 1 X, +

W. x.

+b)

arXiv:2202.12319

* Zloss function: dy, Z = X;,'0yF and 0,Z = ¢'dy L, implying that dy, £ = x;,,0,%
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Privacy with TNs

Irrelevant
feature

Attack
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Experiment: arXiv:2202.12319

® Target: Predict outcome of COVID-19 cases given demographics and
symptoms.

® Irrelevant feature: Parity of the day of registration of the record.

® Attack goal: Extract the majority value of the irrelevant feature.
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Privacy with TNs

Next step: go bigger
¢ Bigger networks (Trees, PEPS, NNs+TNs)

* Bigger datasets (more dimensions:
images, audio, text, etc.)

But... many variables in TNs:

¢ Topology of the network

Initialization of tensors

Embeddings

Optimization routines

Appropriate hyperparameters
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Privacy with TNs

Next step: go bigger
¢ Bigger networks (Trees, PEPS, NNs+TNs)

* Bigger datasets (more dimensions:
images, audio, text, etc.)

HLHD
arxiv:2306.08595

https://github.com/joserapa?8/tensorkrowch

But... many variables in TNs:

¢ Topology of the network

Initialization of tensors

Embeddings

Optimization routines

* Appropriate hyperparameters
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Obijective
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Cases of interest:

» Ground states of quantum
many-body systems:

* Entanglement structure
* Symmetries
» Topological order

* Machine Learning models:
e Efficiency
* Privacy

* Interpretability
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Singular Value
Decomposition

O(d"d" D)

Inefficient for high-
dimensional tensors

Projections /
sketches

O(dd,D)
Efficient if projection
can be made efficiently

A good set of rows/
columns can cover the
whole span
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Tensorization

Tensor Train via Recursive Sketching:
arXiv:2202.11788
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Tensorization

Tensor Train via Recursive Sketching from Samples:

Take a set of sketch samples:

* Ground state: sample configurations
e ML model: subset of training points

Project to high volume subspace: Set equations:

PR,

1 1
X1 X
N | ; ; [l
samples |[|x X r . .
P 1 k.—l oo feln oy v ke 6D
N N . o
L X1 fxge 23 - ek 2D
Xk Xok _f (ka,xék) f(xfksxék) |

Pirsa: 25020035

Page 17/27



Singular Value
Decomposition

O(d"d" D)

Inefficient for high-
dimensional tensors

Projections /
sketches

O(dd,D)
Efficient if projection
can be made efficiently

A good set of rows/
columns can cover the
whole span
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Performance
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Error on pivots

Error on test

% of diff. classifications

Time in secs.
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Applications: Privacy

Voice classification:

n = 500 variables

|
W, @II@
"\

Woman Man

TT-RSS
—

¢ Physical dim: 2
* Bond dim: 5

® ~82% accuracy
e ~25k parameters

® Sketch samples: 100

* ~78% accuracy
» ~25k parameters

J

Pirsa: 25020035

Page 21/27



Applications: Privacy

* Voices are from people with
English or Canadian accents
(irrelevant feature)

* We repeat experiments for
different proportions of
imbalance of the accent
(hidden) feature.
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Applications: Privacy

Attacks:
Black-box White-box
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Applications: Interpretability

Compute topological order parameter from TN:

AKLT model:
: (2) 3.3 1g .5 Rkt il Ayl el
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Ground state with exact MPS representation
X®X
|‘I’):ZTI[A31A32...ASNH3132...3N} 4 »-

{s} arXiv:1201.4174

AT =+ \/g o’ . . Fidelity - Order parameter Time in secs.
1.0 syt em s gl
o Te B s P 2P 3

3 —- =~ 0.5 :
B g . ® Physical dim: 2 . Pt g g el
R i * Bond dim: 2 0.0 *.-_-_--.1‘.' -7 i M T L S
. * Sketch samples: 100 . s T
& —0.51 ] e
— = s

] . . —1.0Fr - - _. = _i:': _1--.;__»»_-&- 04 S SRR SRR (A0 e g T
f Recovered the 3 4 6 & 10 12 11 2 4 6 8 10 12 14
exact MPS e =100 ®- n=200 —® =750

Pirsa: 25020035 Page 24/27



arxiv:2501.06300

EXCELENCIA

M AT % - SEVERO

NSTITUTO OF CIENCIAS MATEMATICAS OCHOA

% ok
* GOBERNO  MINISTERIO LR Bl | Dircccion General de Investigacion
-': DE ESPANA DE CIENCIA e Innovacion Tecnolégica
E INNOVACION P
) = cnmunld?d CONSEJERIA DE CIENCIA, :
de Madrid | UNIVERSIDADES E INNOVACION

Pirsa: 25020035 Page 25/27



Applications: Interpretability

Compute topological order parameter from TN:

AKLT model:
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Applications: Privacy

Attacks:
Black-box White-box
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