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PART 1: Research

VQE

Classical Optimization method studied: PSO
Newly developed Optimization method: HOPSO
Results & Outcome

Plans & Future Outlook



Etrial —
Parameters 0, 4
',l’ ----- - N

a)( \ 4 c) !
o — -8
|0) Ve B, »EB

Input 0 Preparation __'_ s Classical
0 circuit U(6;) scheme optimization
|0) - —
\_ Y | J

The scheme for
finding the ground state energy of a system (lowest possible value),

Variational Principle

<¢trial | -E[ | ¢trial>

> Ey
<¢trial | ¢trial>
===p Output E,
Eo < Wirial H | Wirial)

£(6) = (%(6)|H|v(8))

— by updating trial wave functions

— by updating their parameters N

0,

U

L |t U@L = )



Steps of the VQE |

1. Hamiltonian Construction

a. Hamiltonian = quantum operator representing total energy of a system

b. Molecular Hamiltonian = total energy of molecular system defined by its atomic configuration
- geometry of system gives the electronic wavefunction & electronic hamiltonian

Molecular Hamiltonian
First Order Quantization . —
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2. Operator Encoding
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Steps of the VQE I

Measurement Strategy

a. Group Pauli terms in Hamiltonian (by exploiting

commutative properties)
To reduce the number of quantum circuit

measurements (shots) (save computational

resources)

Ansatz Implementation

do

qi1
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b. Hardware Efficient Ansatz
Parameter Optimization

c. Classical Optimizer
i.  Particle Swarm Optimization
ii. Harmonic Oscillator Particle Swarm
Optimization

Error Mitigation

lw(©)) =

d
1=

Urota(0;) x Uentl X Urota(0d+1) |Winit)
1

_ 9p2y PeiX,Y,Z}
Urota(gi) = Hq,p Rp(ep) _ ’ _,
Details q is qubit
Ansatz:
Classical Optimizer:
- Hardware Efficient Ansatz - PSO, HOPSO
- 4 layers, 40 terms
- Linearly Entangled Transformation.:
Jordan Wigner mapping

Number of qubits: 8
D-dimensional parameter search

Hamiltonian: LiH space bounded by [—m,x].
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Particle Swarm Optimization Review

Update Equations:

Velocity Update:
vid(t + 1) = x (wvi a(t) + c171(pi,a — zi,a(t)) + car2(g9a — zi,a(t)))

Position Update:

Tiqg(t+1) =x;4(t) +viq(t+1)

Constrictor Factor:
_ 2 ,
X [2-6-1/2—1¢|

where

¢ =c1 + ¢

Cooperation

Memory

Inertia




Harmonic Oscillator PSO

e  HOPSO introduces harmonic oscillations to model the movement of particles

e Particle's position and velocity evolve like a damped harmonic oscillator
(each particle’s movement governed by oscillations around a central attractor point)
— dimension independent oscillators

e  Maintains energy conservation within the system — eliminating explosions

®  More fine-tunable

e  Each particle’s position is influenced by both amplitude and phase (amplitude

decays exponentially)
z(0) —a
Ao

e  After every iteration, the phase is recalculated using: 6 = arccos

e The attractor is the equilibrium position for each particle, calculated as:

p’L] Personal best position Clpij _|_ C2gj
g] Global best position a/ij —
Cc1 1+ ¢

C1, C2 Cognitive & Social Coefficients
(attraction weights)

Algorithm 1: Harmonic Oscillator based Particle
Swarm Optimization (HOPSO)

Input: Problem dimensions, Objective function,
Algorithm parameters

Output: Candidate Optimal solution

Set constants ¢, ¢, A, m for attraction weights and
damping and minimal amplitude ration;

Initialize particles with random positions x; ; and
velocities v; 4;

Set initial personal best positions p; by starting
positions for each particle;

Choose initial global best position g;

Calculate position of attractors: a; = ”u::; L.

Calculate initial amplitude:

2
Ap= \/(x(()) —a)?+ (—J———L-"‘“ (0 ‘”’) ;

Calculate initial phase: # = arccos (%),
while iteration < max_iterations do
foreach particle do
foreach dimension do
A = max(Aoe ™, 225l . m);
x(t) = Age™™ cos(wt + 0);
v(t) = —w(Age > sin(wt + 0)) — Ax(t);

foreach particle do
Calculate Cost function from positions;
if Cost_function(x; 4(t)) < Cost_function(p;)
then
Update p;, best value, time, attractors,
L amplitude, phase;

if personal best value < global best energy then
Update global best value and g;
foreach particle and dimension do
Reset time, recalculate attractors,
L amplitude, phase;

iteration « iteration + 1;




z(t) = Age™ ™M

X (m)

Introducing Initial Position, Velocity, and Parameters

Consider each particle’s position in each dimension to be a solution to a damped-harmonic oscillator.

+Aok

Jivins

cos (wt + 6)

+A82mr
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Time (s)

Taking derivative of this yields velocity:

v(t) = —w(Age M sin (wt + 0)) — A(z(t))

X(t), Ao, A,OJ V)

position of the particle
at time t

initial amplitude
damping factor
angular frequency
initial phase of the
oscillation



Visualization |
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Snapshot: plug into cost function —

“Did I find a better spot?”
Outcomes: =

1. No, Better Position Found (No Improvement)
a. no update is made, attractor stays the
same
2.  Yes, Personal Best found
a. PB changes = recalculate attractor
3.  Yes, Personal best + Global best found
a. PB =GB = attractor = g position

Parameter Space.
(theta’s = position
coordinates) =

E (Cost function
output mapping) —

Randomness in the snapshot:

@continue t(i+ 1) = t(i) + rand(0, ty)

4

|  After eacFLiteration,
we take a “snapshot”

0




continued...

1. No, Better Position Found (No Improvement) ﬂ

Continues to oscillate and damp as:

A(t) — Aoe_)\t
a. no update is made, attractor stays the same
2. Yes, Personal Best found ™\ For each dimension separately, a; = C1pj + C2g
a. PB changes = reset time The current position  The current velocity 1+ e
Current position, velocity — initial position = initial velocity
Recalculate attractor,
Recalculate amplitude, phase Ny 5
> Ay = (.’B(O) . aj)z 4+ (U(O) + /\(ZU(O) _ a’]))
3. Yes, Personal best + Global best found w
a. PB =GB = attractor = g position Recalculate (:c(O) - aj)
b. Resettime amplitude 6 = arccos A
c. Recalculate Previous ’
attractor, amplitude, phase /) amplitude

Condition: Select greatest one

(Ao)irs = max ( (), (Ao)irs,

Amplitude Threshold
4 A/ N\
Pjd — gd| | m) y

2



Visualization Il
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Visualization of Commonly-used Test Functions
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Figure 5.2: Beale Function
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Figure 5.4: Ackley Function
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Figure 5.6: Schwefel Function

Figure 5.5: Rastrigin Function
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Figure 5.7: Griewank Function

Figure 5.8: Rosenbrock Function

Drop-Wave Function
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Figure 5.9: Levy Function Figure 5.10: Drop-Wave Function

Crossin-Tray Function
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Figure 5.12: Michalewicz Function 13

Figure 5.11: Cross-Tray Function



Levy function
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Minima found
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