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2. Theory




Energy

Quantum Annealing

Quantum computation which uses quantum fluctuations(quantum tunneling),
in order to search for the ground state of a user programmed Hamiltonian.

Tunnel effect

Solution

Quantum Tunnelling

Solution

Adiabatic evolution
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QA QAOA

Aspect of Progress Continuos Discrete
: = (Analog) (Digital)

Hqa(s) = —[sH¢ + (1 — s)Hp], Hqaoa(t) = =[f(1)Ho + (1 = f(1)) HBl,
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Parameters

Device

Quantum
Simulator/Sampler

Classical
Optimizer

QAOA

CPU

pennylane?|
default.qubit device

# of samples : 100

Adagrad Optimizer

step size : 0.5
step number : 100

CPU, QPU
(D-Wave Cloud)

sample_qubo,
smaple_ising
Chainstrength : 8, 2

X
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Result Fidelity

Exceution Time

Theoretical
Approximation Ratio

(20.. optimal_params = out['x'] # This is a 1x8 array
optimal_params_vector = optimal_params.tolist() # Convert to a Python list if needed

final_bitstring = get_counts(optimal_params_vector)

binary_bit_string = "'

for bit in decimal_to_binary(final_bitstring([2]):
binary_bit_string += str(bit)

print(f'The answer to our weighted maxcut is: {final_bitstring[2]} or {binary_bit_string}')

The answer to our weighted maxcut is: 659 or 00001010010011

[22.. import matplotlib.pyplot as plt

xticks = range(@, 2%%15)
xtick_labels = list(map(lambda x: format(x, "@14b"), xticks))
bins = np.arange(®, 2#x15+1) - 0.5

pr, title(f"{num_layers} layers")
plt.%label("bitstrings")

plt.ytapel("frequency")

plt.xtickg(xticks, xtick_labels, rotation="vertical")
plt.hist(f%gal_bitstring[1], bins=bins)

plt.tight_layout()
plt.show()
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