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MOTIVATION RESULTS AND CONCLUSION METHODS

* Variational Quantu.m Algorithmso(VQAs) use both * Ran RGD numerically on: * RGD is implemented numerically on Python

gg’?irr]rgrz?ti?)?\d classical computation for * Pauli ?pgfatorg with different scaling » Simulations are run on ASU Sol supercomputer
* In VQAs, the quantum part is expensive while the o Kz;?(pci)t(ltlre;égiél\z,ith different tvpes of eraphs * RGD uses cost funct.ion <¢O‘U*HU‘,}/)O>

classical part is slow (Fig 5) P yP srap * RGD calculates gradient as ell¥?¥|.H]

: Steps to Epsilon vs Number of Vertices
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Fig 5: Numerical results of Riemann Gradient Descent on maximum cut problem

Fig 1: Gradient taken on Riemann Manifold [1]

RESEARCH OBJECTIVES/PLAN

* Develop a numerical simulation of RGD algorithm Gradient Descent Convergence for . Push the max cut numerical RGD to further vertices
Pauli-Structured Hamiltonians

NEXT STEPS

Fig 3: Cost Landscape from the Pauli Complexity Hamiltonian

* Test on max cut for different graphs including S S—— » Analyze trend in scaling Hamiltonian complexity
NP-hard 3 regular graphs 0 —e— n? scaling * Compare parameter shift qguantum circuit gradient
* Note how RGD scales against Hamiltonian g e :"I"Islfa"lf_'i techniques
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* Develop quantum circuit implementation of above i — t | o - f
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Fig 4: Graph on Hamiltonians Generated by Randomly Populated Paulis ’
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