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Measurement-based
quantum computation




Circuit model vs MBQC

Simulate the time dimension

Time Resources
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How does MBQC work?

Resource state + single-qubit measurements

Raussendorf, Robert, and Hans J. Briegel.
“A one-way quantum computer.”
Physical review letters 86.22 (2001): 5188.
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How does MBQC work?

Resource state + single-qubit measurements
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M(a) = cos(a)X + sin(a)Y
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How does MBQC work?

Resource state + single-qubit measurements
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Raussendorf, Robert, and Hans J. Briegel.
“A one-way quantum computer." —
Physical review letters 86.22 (2001): 5188.




Qubit encodings with photons
(Very simplified)

Dual-rail encoding GKP encoding
|
10) 1)
-
- Can prepare states easily - Non-linearity needed to prepare

e . state
- Probabilistic entanglement via

KLM protocol - Deterministic entanglement via
Beam splitters



MBQC summary

Not all graph states are useful!

An MBQC circuit (G, I, O) has flow if
df: O° — I° and a partial order <
over G = (V, E) such that Vi € V-

1. (1, f(0) e E
2.1 < f(1)
3.Vj € Ng(f)Mi}, i<

Danos, Vincent, and Elham Kashefi.
“Determinism in the one-way model."
Physical Review A 74.5 (2006): 052310.
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MBQC summary

Not all graph states are useful!

An MBQC circuit (G, I, O) has flow if &
df: O° — I° and a partial order < ©
over G = (V, E) such that Vi € V- - v

1. (i, (i) € E

2.1 < i) | N
3.Yj e No(fi)NMi), i<j 3 -
G @ \@/ NO FLOW
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“Determinism in the one-way model."
Physical Review A 74.5 (2006): 052310.



Measurement-based
quantum machine learning

Mantilla Calderon, Luis, et al. "Measurement-based quantum
machine learning." arXiv preprint arXiv:2405.08319 (2024).



What is MB-QML?

Learn measurement angles

A parametrized MBQC circuit is a triplet (G, I, O) with flow
(f, <) together with a parametrized measurement pattern &,,.

Uéll//)in = (HVEOC <H‘V> ‘G>m — h//>0ut

o oM

Adaptivity

Classical Optimizer



Beware of barren plateaus
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How useful is a model?

Calculate the Lie algebra

dim(q) = 18 dim(q) =

g = s1(4) ® 3u(2)

Expressivity

g = 3u(s)

Trainability

G={ei99\6’€l

} <)) Var, [fa(p, O)] =

dim(g)

Tr

Tr

Ragone, M., et al. (2023).
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1. Define a resource state

tmport mentpy as mp

gs = mp.templates.muta(2,1, one_column=True)
gs[3] = mp.Ment('X")
gs[8] = mp.Ment('X")
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1. Define a resource state

tmport mentpy as mp

gs = mp.templates.muta(2,1, one_column=True)
gs[3] mp.Ment('X")
gs([8] mp.Ment('X")

2. Pick a backend for simulations

tmport numpy as np

model = mp.PatternSimulator(gs, backend='numpy-dm"')
params = np.random.rand(6)

output model(params)
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1. Define a resource state 3. Construct a loss function

0
0 def loss(params, inputs, targets):
outputs = []
for psi in inputs:
model.reset(input_state=psi)
rho = model(params)
outputs.append(rho)

tmport mentpy as mp

gs[3] mp.Ment('X")

gs = mp.templates.muta(2,1, one_column=True)
gs[8] = mp.Ment('X")

afidelity = 0
for rho, pht in zip(outputs, targets):

afidelity += mp.calculator.fidelity(rho, pht)
return 1-(afidelity/len(targets))

2. Pick a backend for simulations

tmport numpy as np

model = mp.PatternSimulator(gs, backend='numpy-dm"')
params = np.random.rand(6)

output model(params)




Find more at
docs.mentpy.com
[m] ¥4 [m]
o N

Coding with \: 2 VIENLT oV :

rat

1. Define a resource state 3. Construct a loss function

def loss(params, inputs, targets):
outputs = []
for psi in inputs:
model.reset(input_state=psi)
rho = model(params)

tmport mentpy as mp

outputs.append(rho)
gs[3] mp.Ment('X")

gs = mp.templates.muta(2,1, one_column=True)
gs[8] = mp.Ment('X")

afidelity = 0
for rho, pht in zip(outputs, targets):

afidelity += mp.calculator.fidelity(rho, pht)
return 1-(afidelity/len(targets))

2. Pick a backend for simulations 4. Use an optimizer

cost = lambda params: loss(params, X_train, y_train)

thpEre ey &6 opt = mp.optimizers.AdamOptimizer(step_size=0.01)

model = mp.PatternSimulator(gs, backend='numpy-dm"')
params np.random.rand(6)

output model(params)

params = np.random.rand(6)
for 1 in range(n_steps):
params = opt.step(cost, params, 1)

optimal_cost = cost(params)
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>MentPy

Welcome to MentPy's documentation

A Note

MentPy is currently in alpha and is under active development.

The mentpy library is an open-source Python package for creating and training quantum
machine learning (QML) models in the measurement-based quantum computing (MBQC)
framework. This library contains functions to automatically calculate the causal flow or
generalized flow of a graph and tools to analyze the expressivity of the MBQC ansatzes.
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Solving problems with MB-QML

Two approaches

Universality Custom Architectures
Classical |
The ‘to-go’ tool Translation invariant
0-Q~0-0-Q~0-0~0-0~0-0-0-C
Quantum 000 O—C -C O—O—CO
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Solving problems with MB-QNNs

Two main messages

Universality

Classical

The ‘to-go’ tool

J
J
J
J
J

Quantum O-+0+O—0—0-0+0—~0—~0-0+0~0~O

O-0—-0—0—C—0—0—0—0—O—~0—0—0



N
We train MuTA with { (p,,) | where o, = Up,U’
=1

| N
and the cost function is C(9) = 1 Z F(&(p)), 0;)
N3

Universal set of gates

*Minimum requirement”

Random local unitary, Upaar ®/

—— Train loss mean
————— Test loss mean

0 20 40 60 80 100

Steps

Ising XX(r1/2)

—— Train loss mean
----- Test loss mean

0 20

40 60 80 100
Steps



Fidelity

+ Noise &

Noisy data { (pi, /V(al-)) }i\;l

Ising XX(rt/2) (Brownian noise)

0.0 0.1 0.2 0.3 0.4
Noise strength

N..4p)=A+ eU) p(1 + €U)

Fidelity

Ising XX(rt/2) (Bitflip noise)

—— Train
—-]-- Test
0.0 0.1 0.2 0.3 0.4

Noise strength

N pidp) = (1 = p)p + pXpX

Universal set of gates

Noisy resource state A/ (| G))

Ising XX (r1/2) (Depolarizing channel)

.
.
.
.
.
.
.
.
.
-
.
o
.
.
.
-
-
.
B
-
-
.
.

0.8
> —— Trainihg (Noisy)
E 0.6 --F- Testing (Noisy)
i -} Testing (Noiseless)

0.0 0.2 0.4 0.6 0.8
Noise strenath

N(p)=(1—p)p + %pr + %YpY+ %sz



Learning POVMs

Classifying states with high Fisher information



Learning POVMs

Classifying states with high Fisher information

Heisenberg
Limit
Ao ~ i
N FQ( lw)) =4
i |
o Fo(ly) =2
Standard

Quantum Limit



Learning POVMs

Classifying states with high Fisher information

Heisenberg
1 Limit

Ao Fo(ly)) = 4

Useful in optical
interferometers, atomic clocks,
gravitational wave detectors

. Fo(ly)) =2

Standard
Quantum Limit



Learning POVMs

Classifying states with high Fisher information

Fy(p) =4 (Tr(pH'H) — Tr(pH)?)
Heisenberg
1 Limit

Ideal H=Z®1
- Fo(lw) =4

1®72)/2

Useful in optical
interferometers, atomic clocks,
gravitational wave detectors

oryewojul 12Ysid

Ao ~ ——

- Fo(ly) =2
Standard

Quantum Limit




Learning POVMs

Classifying states with high Fisher information

Cost function

C(é) = — 2 y, max {O,ﬁQ(pl-) + 2+ 6}
i=1 L

+(1 — y,) max {O,FQ(pl-) -2+ 6}_

Dataset

Sl — {COSH'OO) +€i¢SinH| 11> | ¢,9 = %[0,271']}
S, = {cosé’l ++)+e?sinf| —— )| p,0€ %[o,zﬂ]}

We use these two datasets to avoid a basis that
make them 1D families rather than 2D



Learning POVMs

Classifying states with high Fisher information

Fo(x) = P+ Pix; + Prx, + Bsxi + Paxixy + Psxy
Cost function Learned * True Positives
. N + True Negatives
C) = N Z y; max {O,F o(p) + 2+ 6} . > - False Positives
i=1 - ] e e False Negatives
n o* o ¢ 1.9<F<2.1
+(1 —yi)maX{O,FQ(pi)—2+€} s " - .
3 e e— S
- A . "' ¢ . . o2
5— 2 ° @ ° : .:. s * )
D 3 . o ® S .@ O L
- . - S e o ° 2
ataset —03) 1 e % s ) ?. & . . %
_ l¢ . g T . 1 " .oo * o .'. s °.. ..0' "
S, = {cos0|00) + e?sinO|11) | .0 € U, } 3 i e i
Szz{c089|++)+el¢sin6’|——)|qb,«9€°2l[o,2ﬂ]} A - -
We use these two datasets to avoid a basis that ! . T et :
make them 1D families rather than 2D 08 : ) 0.8
0o " °. 0.6
p(111))



Learning POVMs

Classifying states with high Fisher information

F o(X) = Py + prx; + Prxy + Bsxi + Paxixy + Psxy
Cost function Learned  True Positives
5 N  True Negatives
C0) = N Z y; max {O,F o(p) +2+ 6} 4 - False Positives
i=1 - ] e e False Negatives
A .* - 1.9<F<21 *
+(1 = yymax { 0.Fy(p) —2+¢ } 2 - . -, 7S 7S%% Accuracy:
=) © e e o0 0.9725 £ 0.0042
- ® o * . o o
5— 2 [ ® ° ) .:..’ : L
Dataset o ’ — - ’@ O e False positives:
arase é y B, : B S i 0.0149 = 0.0006
. o = T et ° ®
= ‘P sin@| 11 S 0 RS L
31 {COS(9|()()) +esn0l1l) [ p.0 € %[0’2”]} - i I AR X False negatives:
S, ={cos@|++)+e?sin0| ——) | .0 € Uy} B 0.0125 = 0.0006
We use these two datasets to avoid a basis that ! . T et :
make them 1D families rather than 2D 08 s ) 0.8
p(I11) '

, 0 p(]100))

*Removing 0.2 band around F=2
Without it the accuracy is 0.9479



Quantum Instruments

A teleportation device /M

Quantum instrument

Since each measurement outcome 0.6- Tt lose mean
has a different loss 05 - ---- Test loss mean
®
Cavg = (Co0..0F Cro.0t - Ci1.1) 0.4- / \ b
§ 03 ”
Controlled measurements introduce s
more noise to the generalization error |
0.1
1 om
Nsamples =0 <_2> — 0 (_2> 0.0 . . . .
2 € 0 50 100 150



Classical data
SVM with a quantum kernel %

K(x; Xj) = (¢(x;) | Qb(x]))

P(x) = U,1(x)U,(xp) U, (cos(xy)cos(x;) U1 (x1) U, o(xp)

1.2
Train accuracy: 0.99 Train accuracy: 1.00 Train accuracy: 0.87
1.0 Test accuracy: 0.97 Test accuracy: 1.00 Jest accuracy: 0.90
0.8 o0 ,° - ' :" . - :0 f.}. .':.;
' . ° . o ... .\:..‘.0.0. ° o : L
e o® 8 2o o *‘.’ ° % o
0.61 ° "‘.‘ 0.~ .o: % % o C @ '\ .. P
: ..‘.o. A o °30% o o - " 3‘ o
o « e o . 2 - o = ).
0.4- X 1 % . e gt e, & D9 -
o h ..o e o, %o . '.? .: ® a ®e :o
] ° o . . % &
0.2 ® o. .. & . L 0. e ?“ ° s‘. o..~
.80.0. @ °o® o o ‘o:.'.}.
0.01 °® o P ®
—0.2 ' ' . ' . ' . ' ,
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0

Kernel inspired from Suzuki, Y., Yano, H., Gao, Q., Uno, S., Tanaka, T., Akiyama, M., & Yamamoto, N. (2020).



Classical data
SVM with a quantum kernel %

K(x; Xj) = (¢(x;) | Qb(x]))

P(x) = U,1(x)U,(xp) U, (cos(xy)cos(x;) U1 (x1) U, o(xp)

1.2
Train accuracy: 0.99 Train accuracy: 1.00 Train accuracy: 0.87
1.0 Test accuracy: 0.97 Test accuracy: 1.00 Jest accuracy: 0.90
0.8 oo .° - v :'° . - :o ‘.I‘. ":';
' . ° . o ... .‘:.".0.0. ° o : ’s
@ 00 - [ *.0. : %o
0.6 0 Q%8 o % % o 90 8 * ®
: ..‘.o. A o °30% o o - “ 3. o
o « e o . 2 - ‘o = ).
0.4- X 1 % . o 8?3, & D9 -
o h ..o e o, %o . O‘? .: ® a ®e :.
] ° o . . % &
0.2 ® o. .. & . L 0. e ?“ ° s" o.‘~
.‘Q‘O. @ °o® . K3 .o:.'.jl
0.01 °® o P ®
—0.2 ' ' , - . ' . ' ,
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0

Kernel inspired from Suzuki, Y., Yano, H., Gao, Q., Uno, S., Tanaka, T., Akiyama, M., & Yamamoto, N. (2020).



Hardware efficient Ansatz

Pauli measurement + T magic states ~

U=(TQ®1) e s%®X
@0 0

Restrictions:
GKP encoding + Homodyne

O,

detection of p and g quadratures

|

© O

Discrete optimization is NP-hard (&




Hardware efficient Ansatz
e-Greedy layer optimization

Idea: Do a greedy random search in local neighbourhood

@ @ ®

® ©

Ordered Layers = [[0@], [5], [el, [11, [2, 71, [3, 8], [4, 9]l
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Hardware efficient Ansatz
e-Greedy layer optimization

Idea: Do a greedy random search in local neighbourhood

@ & ®

® ©
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Hardware efficient Ansatz
e-Greedy layer optimization

Idea: Do a greedy random search in local neighbourhood

HEA (Greedy Optimizer)

1.0‘ . . I
| —— Min of train runs
s ---- Min of test runs
0.8 & —-—- Worst case random search
0. =L |
0.6{ | - T !
0 , 1 j
n | l .
< 0.3 - | '.___ |
0.4 - ] 0o 4 i :\ l :
0.1 - = %—--L\ |
0.21 | 0.0 - | .|““, :
l 0 20 40 0 100 |
0.0 - - :
0 2000 4000 6000

Steps



Hardware efficient Ansatz

Deep Q-learning optimization

(Becomes more
interesting when
considering feedback)

,}‘\\\\‘ 4)

DQN tries to find argmax;(R) = Z r'F,
=0

\ 7
NS i
\Q\.‘X‘i\(‘ﬁ%

0, /4, n/2 Main problem: It is too expensive to train (requires many samples)

%,
"'ACIA A )
TN

N
I/
PRLEIORN

10 HEA (Deep Q Learning)

—— Min of train runs
---= Min of test runs
@@
| —-—- Worst case random search

0.61 |

Loss

0.44 [

0.2-

0.0

0 2000 4000 6000
Ordered Layers = [[0], [51, [el, [1], [2, 71, [3, 81, [4, 91l Steps



Hardware efficient Ansatz

Deep Q-learning optimization

(Becomes more
interesting when
considering feedback)
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Solving problems with MB-QNNs

Two main messages

Custom Architectures

Classical j ~ .

Translation invariant

Quantum




Designing a custom ansatz
Ansatz [J Gates

Given a gate U(0) = e whereP=XQYRI-- RIRZ
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Designing a custom ansatz
Ansatz [J Gates

Given a gate U(0) = e whereP=XQYRI-- RIRZ
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Designing a custom ansatz
Ansatz [J Gates
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Designing a custom ansatz
Ansatz [J Gates

Given a gate U(0) = e whereP=XQYRI-- RIRZ




Computational phases of matter

Inaring &

The transverse field cluster Hamiltonian
has two phases
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Raussendorf, R., Yang, W., & Adhikary, A. (2022).



Computational phases of matter

In aring

The transverse field cluster Hamiltonian
has two phases
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The string order parameter measures
computational power
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First-order approximation

Construct a custom Ansatz

With first-order perturbation theory

(@) = @) [cos@)1, + sin(@)x;| 1)

J

we can implement the non-unitary gate as

™€) = e™ZX,, 12,451 B)

= oYX %02 | @)

o O O O O O

and repeat over all j.



First-order approximation

Construct a custom Ansatz

With first-order perturbation theory

w(9)) = Q) |cos()1; + sin(h)X;| |6)
=L |
we can implement the non-unitary gate as
™) = e™Z X121, B)

—[o10%%:1%2) )

and repeat over all j.
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How do we make sure these
models are useful?




Have rigorous guarantees for speedups

Not “well understood” yet

Negative!
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Does provable absence of barren plateaus imply
classical simulability?
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Limitations of Variational Quantum Algorithms: A Quantum Optimal Transport
Approach
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The impressive progress in quantum hardware of the last years has raised the interest of the quantum
computing community in harvesting the computational power of such devices. However, in the absence
of error correction, these devices can only reliably implement very shallow circuits or comparatively
deeper circuits at the expense of a nontrivial density of errors. In this work, we obtain extremely tight
limitation bounds for standard noisy intermediate-scale quantum proposals in both the noisy and noise-
less regimes, with or without error-mitigation tools. The bounds limit the performance of both circuit
model algorithms, such as the quantum approximate optimization algorithm, and also continuous-time
algorithms, such as quantum annealing. In the noisy regime with local depolarizing noise p, we prove
that at depths L = O(p~!) it is exponentially unlikely that the outcome of a noisy quantum circuit out-
performs efficient classical algorithms for combinatorial optimization problems like max-cut. Although

Positive!

Article Published: 12 July 2021
Arigorous and robust quantum speed-up in supervised

machine learning

Yunchao Liu, Srinivasan Arunachalam & Kristan Temme ™

Nature Physics 17, 1013-1(

18k Accesses | 449 Cital

Abstract

Recently, several quantu
quantum speed-ups ovel
heuristic or assume that
whether a quantum adva
we construct a classificat
quantum kernel method
access to data. To prove
that no classical learner ¢
guessing, assuming they
Furthermore, we constrt
implemented on a fault-
to a quantum feature spz
achieves high accuracy a
from finite sampling stat

Generative quantum advantage for classical and quantum problems

Hsin-Yuan Huang,!'?'* Michael Broughton,! Norhan Eassa,'3
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Recent breakthroughs in generative machine learning, powered by massive computational re-
sources, have demonstrated unprecedented human-like capabilities. While beyond-classical quan-
tum experiments can generate samples from classically intractable distributions, their complexity
has thwarted all efforts toward efficient learning. This challenge has hindered demonstrations of
generative quantum advantage: the ability of quantum computers to learn and generate desired
outputs substantially better than classical computers. We resolve this challenge by introducing
families of generative quantum models that are hard to simulate classically, are efficiently trainable,
exhibit no barren plateaus or proliferating local minima, and can learn to generate distributions
beyond the reach of classical computers. Using a 68-qubit superconducting quantum processor, we
demonstrate these capabilities in two scenarios: learning classically intractable probability distribu-
tions and learning quantum circuits for accelerated physical simulation. Our results establish that
both learning and sampling can be performed efficiently in the beyond-classical regime, opening new
possibilities for quantum-enhanced generative models with provable advantage.

I. Introduction

Fueled by the overwhelming growth of computational power, recent progress in machine learning has continued
to redefine the boundaries of what was once deemed impossible. Much of this progress has focused on large
language models (LLMs) () and diffusion models (2), which represent specific types of generative machine learning
models (). The promise of quantum computers to dramatically expand our computational capabilities for certain
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Exploit long-range correlations!

- MBQC and regular circuits can be
transformed with Poly(n) overhead

« MBQC can allow shallower circuits
than the circuit model in some cases
e.g., Toric code O(1) vs O(log n)

» Going beyond variational algorithms
e.g., using Gibbs states

« Applying it in quantum chemistry?

When is MB-QML better than QML?

Thermal States as Universal Resources for Quantum Computation with Always-on
Interactions

Ying Li', Daniel E. Browne!?, Leong Chuan Kwek!3, Robert Raussendorf*, and Tzu-Chieh Wei*
1 Centre for Quantum Technologies, National University of Singapore, 2 Science Drive 3, Singapore
2Department of Physics and Astronomy, University College London,
Gower Street, London WCIE 6BT, United Kingdom
3 National Institute of Education and Institute of Advanced Studies,
Nanyang Technological University, 1 Nanyang Walk, Singapore and
“ Department of Physics and Astronomy, University of British Columbia, Vancouwver, British Columbia V6T 1Z1, Canada
(Dated: August 6, 2018)

Measurement-based quantum computation utilizes an initial entangled resource state and pro-
ceeds with subsequent single-qubit measurements. It is implicitly assumed that the interactions
between qubits can be switched off so that the dynamics of the measured qubits do not affect the
computation. By proposing a model spin Hamiltonian, we demonstrate that measurement-based
quantum computation can be achieved on a thermal state with always-on interactions. Moreover,
computational errors induced by thermal fluctuations can be corrected and thus the computation
can be executed fault-tolerantly if the temperature is below a threshold value.

PACS numbers: 03.67.Lx, 03.67.Pp, 75.10.Jm

Introduction.- A quantum computer can solve certain
problems considered hard for a classical computer with
an exponential speedup [1]. Standard quantum comput-
ing uses unitary evolution as a basic mechanism for infor-
mation processing. Another paradigm is measurement-
based quantum computing (MBQC), in which one pro-
cesses quantum information by single-particle opera-
tions and measurements only, on a nontrivial entangled
state [2]. Such entangled states serve as universal re-
sources of MBQC [3]. The first identified universal re-
source was the cluster state. It can be obtained as the
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