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Measurement-based  
quantum computation



Circuit model vs MBQC
Simulate the time dimension

Time Resources
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Resource state + single-qubit measurements
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M(α) = cos(α)X + sin(α)Y
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“A one-way quantum computer."  
Physical review letters 86.22 (2001): 5188.



Qubit encodings with photons
(Very simplified)

Dual-rail encoding GKP encoding

- Can prepare states easily 

- Probabilistic entanglement via 
KLM protocol

- Non-linearity needed to prepare 
state 

- Deterministic entanglement via 
Beam splitters



MBQC summary
Not all graph states are useful!
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Measurement-based  
quantum machine learning

Mantilla Calderón, 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  with flow 
 together with a parametrized measurement pattern .  

(G, I, O)
( f, < ) 𝒫θ

Uθ |ψ⟩in = (∏v∈Oc ⟨θ |v ) |G⟩in = |ψ⟩out
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C = 1 − ⟨Z0⟩θC = 1 − ⟨F⟩θ

Global cost functions, like the 
fidelity, cause barren plateaus
Cerezo, M., Sone, A., Volkoff, T., Cincio, L., & Coles, P. J. (2021).

For low width circuits, depth is not 
a source of barren plateaus



How useful is a model?
Calculate the Lie algebra

𝔤 = 𝔰𝔭(8)
dim(𝔤) = 36

𝔤 = 𝔰𝔲(4) ⊕ 𝔰𝔲(2)
dim(𝔤) = 18 dim(𝔤) = 63

𝔤 = 𝔰𝔲(8)
dim(𝔤) = 63

𝔤 = 𝔰𝔲(8)

𝔾 = {eiθ𝔤 ∣ θ ∈ ℝ} Varθ [ℓθ(ρ, O)] =
1

dim(𝔤)
Tr [O2

𝔤] Tr [ρ2
𝔤]

Ragone, M., et al. (2023). 

Expressivity Trainability
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👨💻👩💻

1. Define a resource state

Find more at
docs.mentpy.com

2. Pick a backend for simulations

3. Construct a loss function

4. Use an optimizer
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Universal set of gates
*Minimum requirement*

We train MuTA with  where   

and the cost function is 

{(ρi, σi)}
N

i=1
σi = UρiU†

C(θ) = 1 −
1
N

N

∑
i=1

F(ℰθ(ρi), σi)



Universal set of gates
+ Noise 🔊

Noisy data {(ρi, 𝒩(σi))}N
i=1 Noisy resource state  𝒩( |G⟩)

𝒩(ρ) = (1 − p)ρ +
p
3

XρX +
p
3

YρY +
p
3

ZρZ𝒩rand(ρ) = (1 + ϵU)†ρ(1 + ϵU) 𝒩bit(ρ) = (1 − p)ρ + pXρX
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Δσ ∼
1

N

Δσ ∼
1
N

Standard  
Quantum Limit

Heisenberg 
Limit

FQ( |ψ⟩) = 4

FQ( |ψ⟩) = 2

Ideal

p( |00⟩)p( |11⟩)

FQ(ρ) = 4 (Tr(ρH†H) − Tr(ρH)2)
H = (Z ⊗ 1 + 1 ⊗ Z)/2

Useful in optical 
interferometers, atomic clocks, 

gravitational wave detectors
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We use these two datasets to avoid a basis that 
make them 1D families rather than 2D
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Classifying states with high Fisher information
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1
N

N
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Accuracy:* 
 

False positives: 
 

False negatives: 

0.9725 ± 0.0042

0.0149 ± 0.0006

0.0125 ± 0.0006

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



Quantum Instruments
A teleportation device 🥁🎹

Controlled measurements introduce 
more noise to the generalization error

Nsamples = 𝒪 ( 1
ϵ2 ) ⟶ 𝒪 ( 2m

ϵ2 )

Cavg = ⟨C00...0 + C10...0 + ⋯C11...1⟩

Since each measurement outcome 
has a different loss



Classical data
SVM with a quantum kernel 🌽

K(xi, xj) = ⟨ϕ(xi) |ϕ(xj)⟩

ϕ(x) = Uz1(x1)Uz0(x0)Uxx(cos(x0)cos(x1))Uz1(x1)Uz0(x0)

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

αiyiK(x, xi) + b)



Hardware efficient Ansatz
Pauli measurement + T magic states 🪄

U = (T ⊗ 1) e−i π
8 X⊗X

Restrictions: 
GKP encoding + Homodyne 

detection of  and  quadraturesp q

Discrete optimization is NP-hard 🫠
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Given a gate  where  U(θ) = eiθP P = X ⊗ Y ⊗ I⋯ ⊗ I ⊗ Z

X

Z

Y

I

|ψin⟩

⋮



Computational phases of matter
In a ring 💍

The transverse field cluster Hamiltonian 
has two phases 

H(α) = − cos α
N

∑
i=1

Zi−1XiZi+1 − sin α
N

∑
i=1

Xi

Raussendorf, R., Yang, W., & Adhikary, A. (2022). 

ITensors + Arnab skills
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The string order parameter measures 
computational power 

σ = Z0 ⊗ X1 ⊗ I ⊗ ⋯ ⊗ Xm−1 ⊗ Zm



First-order approximation 
Construct a custom Ansatz

With first-order perturbation theory 

 

 

we can implement the non-unitary gate as 

 

and repeat over all . 

|ψ(ϕ)⟩ = ⨂
j

[cos(ϕ)1j + sin(ϕ)Xj] |𝒞⟩

eθXj |𝒞⟩ = eθXjZjXj+1Zj+2 |𝒞⟩

= eiθYjXj+1Zj+2 |𝒞⟩
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Minimize the energy
Comparing DMRG and MB-VQE



How do we make sure these  
models are useful?



Have rigorous guarantees for speedups
Not “well understood” yet

Positive!Negative!



When is MB-QML better than QML?
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?



Thank you!


