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Navigating an ideal Variational Quantum

Algorithm contour
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Navigating a noisy Variational Quantum
Algorithm contour
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CAFQA: Clifford Ansatz For Quantum Accuracy

CAFQA Insight #1: Portion of the quantum space is classically simulable (Clifford space).
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CAFQA: Clifford Ansatz For Quantum Accuracy

CAFQA Insight #2: Efficiently search the discrete space classically to find the lowest objective (w/ Bayesian Optimization).
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CAFQA: Clifford Ansatz For Quantum Accuracy

6_

S M4

] )

- ”)

Q -

>0 -

=2 : ‘:

O |
—4
00 05 10 15 20 25 30 35

Tuning Parameter



CAFQA: Clifford Ansatz For Quantum Accuracy
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How VQA works
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How VQA works
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Parameterized ansatz circuit
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How VQA works

Classical
Optimizer
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Parameterized ansatz circuit \/
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Classical simulability of Clifford guantum
circuits

Parameterized ansatz circuit
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Classical simulability of Clifford guantum
circuits

Parameterized ansatz circuit

A classically intractable general circuit

Continuous angles = [0, 2*pi]
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Classical simulability of Clifford guantum

circults

Gottesman—Knill theorem [‘98] - A QC circuit can be classically simulated efficiently
if: (a) it has only Clifford gates, (b) classical qubit prep and measurement.

Parameterized ansatz circuit
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A classically intractable general circuit A classically simulable Clifford circuit

Continuous angles = [0, 2*pi] Discrete angles = {0, pi/2, pi, 3*pi/2}



Classical simulability of Clifford guantum
circuits

Parameterized ansatz circuit
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A classically intractable general circuit A classically simulable Clifford circuit

Continuous angles = [0, 2*pi] Discrete angles = {0, pi/2, pi, 3*pi/2}
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Finding the optimal Clifford point: Bayesian
Optimization

Iteration: 0 l
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https://distill.pub/2020/bayesian-optimization/
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Finding the optimal Clifford point: Bayesian
Optimization

Iteration: 1
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Finding the optimal Clifford point: Bayesian
Optimization

lteration: 2
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Finding the optimal Clifford point: Bayesian
Optimization

lteration: 3
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Finding the optimal Clifford point: Bayesian
Optimization

lteration: 4

8 -
6 -
4 -
0 1 2 3 4 5 6
=== Jnknown function === Syrrogate model @ Next query
https://distill.pub/2020/bayesian-optimization/

20



Finding the optimal Clifford point: Bayesian
Optimization

lteration: 5 l
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Finding the optimal Clifford point: Bayesian
Optimization

lteration: 6 l
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Finding the optimal Clifford point: Bayesian
Optimization
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Finding the optimal Clifford point: Bayesian
Optimization

lteration: 8 l
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Finding the optimal Clifford point: Bayesian

Optimization
I[teration: 8
0 1 2 3

HyperMapper [Nardi 2019]: A Practical Design
Space Exploration Framework.

(1) Random forests surrogate model (discrete
search space).

(2) Semi-greedy acquisition function.
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Quantitative benefits for chemistry
applications
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Quantitative benefits for chemistry
applications

Potential Energy
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Quantitative benefits for chemistry

applications
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LiH Energy (4.8 A) ——- Exactvalue
—7.01 m—= \/QE initialized with CAFQA
Objective m= \/QE initialized with HF
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Quantitative benefits for chemistry

applications

_76 ]
Potential Energy

CAFQA initialization

_78_

Potential Energy

d

Hartree-Fock initialization [~1930]:

Classically-solvable algorithm in
molecular chemistry that approximates
/ restricts the problem’s electronic

configuration.
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Quantitative benefits for chemistry
applications
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Hartree-Fock initialization [~1930]:

Classically-solvable algorithm in
molecular chemistry that approximates
/ restricts the problem’s electronic

configuration.

Tuning Iterations HF: ~1000 itns to
converge (12x worse)
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Energy (Hartree)

Quantitative benefits for chemistry

applications
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Energy (Hartree)

Quantitative benefits for chemistry
applications
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. CAFQA achieves 99% mean initialization
accuracy (systems up to 34 qubits).
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2. Recovers up to 99.99% of Hartree-Fock
inaccuracy (57x mean).
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3. BO takes ~2000 iterations (mean), few
hours in wall-clock time.

—1.0;

Run on Q device ate o< Exp(-AE/KT)

0.5 1.0 1.5 2.0 2.5 3.0
Bond length (A) >

A



Key takeaways
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Initialization is critical for VQA algorithms to
accurately converge on noisy quantum machines.

CAFQA initializes VQA by classically tuning its ansatz
in the Clifford space. CAFQA sim is noise-free.

CAFQA is classically scalable, it searches the search
space efficiently through Bayesian Optimization.

1-5 orders of magnitude accuracy + performance
benefits over prior art.

33



Thank you!

gravi@uchicago.edu

https://github.com/rgokulsm/CAFQA
(Updates with more features and

latest Qiskit integration coming soon)

CCF-1730082/1730449, NSF Phy-1818914, NSF 2110860 , DOE (Accelerated Research for Quantum Computing Program), NSF OMA-2016136, Q-NEXT DOE NQI Center, CIF (NSF 2030859) , IBM/CQE Postdoc
Fellowship, NSF (grants CCF-2119184, CNS-1956180, CNS-1952050, CCF-1823032, CNS-1764039), ARO (grant W911NF1920321), DOE Early Career Award (grant DESC0014195 0003), NSF Grant DGE-1842474.


https://github.com/rgokulsm/CAFQA

Quantitative benefits for chemistry apps
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Finding the optimal Clifford point: Bayesian Optimization
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HyperMapper: a Practical Design Space Exploration Framework [Nardi, et al., 2019]
(1) Random forests surrogate model (discrete problem space), (2) Greedy acquisition function 36




Hartree-Fock (for chemistry) vs CAFQA initialization

Hartree Fock: (best) bitstring of 1s and Os
Example: [1011>

CAFQA: (best) equal superposition of multiple strings.
Example: 0.5% ( |1011>+ |1010> + |0011> + |0010> )

Full Q space

Hartree-Fock computational basis states* < CAFQA stabilizer states* < Arbitrary quantum states
* = classical simulable in poly time
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How to find the optimal CAFQA solution?

Classical Quantum

Classical discrete search: Quantum continuous search:

* |deal evaluation * Noisy evaluation
* Tractable only in the Clifford space e Tractable across the full parameter space

« Efficient discrete search (Bayesian Optimization) * Efficient continuous search (eg. SPSA, ImFil)

Classical Optimizer:
Tuning gate rotations

Ansatz circuits w/ different measurements

Minimize:
H = [ X+ X+ XU+ 10X
+ X+ X + ZZI+ 1ZZ1]
+ ZZI + ZZI + 1ZZ + ZINZ )
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CAFQA initialization is noise-free and classically tractable in the Clifford space, which is searched efficiently
via Bayesian Optimization. Post-CAFQA traditinal VQA is performed on the quantum device. 38



Evaluation: CAFQA benefits over HF across molecules
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Number of Iterations
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