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Variational Learning Models

[ Data = j [Para,meters Qj
e S~

2)
)

[1ho) TIWo(6) O Uz) OW1(0) [ U(e) C -+ T Ul=) OWLO)C (O)
o U U U
How should we Strong need for
x design the data embeddings? —> informed

x parametrize the trainable layers? constructions!



he Case for Symmetry

Cute Cool



he Case for Symmetry

L abel invariance under
a symmetry group

y(Vilx]) = y(x) Vs € S

Extensively studied in classical
/ f \ \ machine learning in the field of
§ - 4 | Geometric Deep Learning




Symmetries and

—mbeddings

How do symmetries manifest when data is
embedded in a quantum circuit?
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Induced representation



—quivariant
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Original representation
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Cquivariant Layers
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Layers need to commute with
the Induced representation
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Invariant Model Recipe y(Vslx]) = y(x) Vs € S

Equivariant

embeddings
Invariant Invariant
Input state U(V,|z]) = UJU(:U)US olbservable
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—quivariant Gatesets

How to construct equivariant layers?

l

Exploit the fact that concatenations
of equivariant gates are again
equivariant

l

Motivates equivariant gatesets

Regular gateset
G={G1,Ga,...}
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Group twirl
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Equivariant gateset
TGl ={T|G1],T|G2],...}
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Ic Tac Toe

INnvariant models

Compare a regular re- Run sweeps over have similar
uploading model different depths and performance in
with a symmetrized randomized training but much
one architectures better generalization

performance

\ l /

Invariant models generically have
better generalization



-~urther Results

Analysis of different kinds of symmetries, both
continuous and discrete
Discussion of problems that can surface during the

construction

Further numerical experiments showcasing
Improved generalization

We show that our techniques can also be applied to
VQE and mitigate Barren Plateaus



Summary

We need informed choices for parametrizations of
variational guantum learning models

Label invariance under a symmetry group provides
such information

We show if and how such information can be used
to produce invariant guantum learning models

The resulting models have less parameters and
numerical experiments confirm their better
generalization
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