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Quantum State Preparation

* Prepare the initial state of the quantum device
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Quantum State Preparation

* Two ways for state preparation:
* Arithmetic decomposition based
e Shannon Decomposition
* Mottonen Decomposition

* Variational circuit based
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Cost of Variational State Preparation

* Number of 2Q gate required is O(2*N)

* Variational State preparation requires fewer number of gates

1.0- ' oo oesssgstsesesofocee M Mottonen Mottonen Qiskit Qiskit
HA" : & o 2,0 qubit=3 (no backend) (Nairobi) (no backend) (Nairobi)
: : cnot. N dubit=3 u Variational Variational
0.8 ' : = (no backend) = (Nairobi)
> ] 0 —4+— rzx, n_qubit=4 £1000 , AR
5 i ! 4 cnot. n dubit= 5 Noise-free fidelity is 1 + 1E-8 for all ansatzes 262
= I I . _qU 1t=4 Z 145 12 1211
L 0.6 . " _+_ rzx, n_CIUbit=5 100 - 66 60 5281_7 N
0 0 - o (D) 28 30 L 4040
. : ¢-- cnot, n_qubit=5 - 229% 2020
© 1218 10 11212
, 12 , 20 —+— rzx. n_alefge O 10 -gghll=66
0.4 . : ¢-- cnot, n_qubit=6 e
| | : I ]
0 10 20 30 40 N1

3-Qubit 4-Qubit 5-Qubit 6-Qubit

VW *y Torch
Q. i FIAN A=



Robust Variational State Preparation

* Noise degrades state prep fidelity

Direct Deployment — Severe Fidelity Drop
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Quantum Noise Impact

* Noise degrades state prep fidelity
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Prior Work for Robust Variational Circuit

Better Robustness
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ResilienQ: Robust State Preparation

* Gradient Proxy
* Native Pulse

* Hardware Efficient Ansatz
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Gradient Proxy: Forward on real device; backward
on simulator

* Make the parameters aware of the real noise

Real
Quantum

Density
Matrix

'
ol
2%
vo,
40 &

=
_mg
=

Quantum Illil- I'IAN I-AI:



\\

)

Gradient Proxy: Forward on real device; backward
on simulator

* Make the parameters aware of the real noise

Real Machine Provides Final Noise-impacted Output
:E: § Classical Simulator Provides Intermediate Results
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Gradient Proxy: Forward on real device; backward
on simulator

* Make the parameters aware of the real noise

Real Machine Provides Final Noise-impacted Output
3: § Classical Simulator Provides Intermediate Results

Z|  Real
=G ea
3 S Quantum
o Density
2 g Matrix
=
U8:) U(6n) Simulated
... 9L . ... 9L «. Quantum
%i ", %n_*, Density
W An— U (92) P - - U (Gn) (.:':g..... Matrix

:“ Efficient Gradient Computation
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Is the estimated gradient accurate?

* Noise-aware gradients approximated with ResilienQ are close to the accurate ones computed
with the parameter shift rule
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Hardware Efficient Ansatz

* Adapt to the hardware topology

Topology Topology-Aware Ansatz

RZX Block
(If pulse is supported)

OR

CNOT Block :
(If pulse is NOT supported) :
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Optimize on the Pulse level

* Scale the pulse magnitude according to the parameter.
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Directly modify the pulsfe amplitude/duration
to change rotation angles
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Evaluation
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Coherent Error
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Efficiency over parameter shift
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Comparison with arithmetic decomposition

Fidelity Arbitrary PDE QML Avg.
Mottonen [4], [66] 0.156 0.175 0.269 0.200
Mottonen+SABRE [4], [45], [66] 0.099  0.401 0.299 0.266
Qiskit [36] 0.176  0.277 0.481 0.311
Qiskit + SABRE [45] 0.262 0.266 0.626 0.385
Ours 0.777 0.713 0.718 0.736
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Result on real quantum hardware

* On real quantum device
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B Noise-Unaware Gradient-Free [1]
Noisy-Simulator Gradient-Free [49]
B Real Machine Gradient-Free [49]
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Effectiveness of hardware-efficient ansatz
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Extension of gradient proxy to other tasks

* Unitary synthesis

* State regression

Torch
Quantum

Task Baseline Ours
Unitary Synthesis Jakarta 0.845 0.368
Unitary Synthesis Toronto 0.858 0.940
Unitary Synthesis Perth (1) 0.817 0.834
Unitary Synthesis Perth (2) 0.798 0.821
Quantum State Regression (1) Loss 0.167 0.147
Quantum State Regression (2) Loss 0.163 0.124
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Scalability

* Comparable to arithmetic decomposition, much higher fidelity

* Preparing small to medium-sized states with high fidelity is a crucial task in quantum
computing e.g. the color code, surface code

* Block-wise unitary synthesis can benefit significantly from ResilienQ
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Take Home

* Forward on real device, backward on simulator for noisy gradients
* Pulse-level hardware-efficient ansatz design

* Applicable to other tasks such as unitary synthesis
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Thank you for listening!
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https://github.com/mit-han-lab/torchquantum gmisys.mit.edu
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https://github.com/mit-han-lab/torchquantum
http://qmlsys.mit.edu/

