An Overview of
Variational Quantum Algorithms
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Variational Method

Approximation method to find the exact wave functions and energies.
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Variational Method

Approximation method to find the exact wave functions and energies.

A Trial Wave function: ’(I>> — ZZ Cz’¢z>
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Assuming that states are normalized,
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Noise Intermediate-Scale Quantum (NISQ) computer?
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IDEA: classical computing + quantum computing?
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Variational Quantum Eigensolver
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Variational Quantum Algorithms (VQA)
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Example: Variational Classifier

2. Iris classification

https://pennylane.ai/gml/demos/tutorial variational classifier/
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https://pennylane.ai/qml/demos/tutorial_variational_classifier/

X =
ang

e.g.,

= get_angles(x)

Aim: Amplitude Encoding
@qml.gnode(dev)
def test(angles):

statepreparation(angles)

return gml.state()

Normalized 4-dim@
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Non ncga’cive

state = test(ang)

print("x ", x)
print("angles : ", ang)
print("amplitude vector:

1@’00>#-JH¢01>%—J@|10>#—13‘11>

Out: X
angles

amplitude vector:

dev = gml.device("default.qubit", wires=2)

, np.real(state))

[0.53896774 0.79503606 0.27826503 0.
[ 0.56397465 -0. 0.
[ 5.38967743e-01

7.95036065e-01 2.

-0.

np.array([0.53896774, 0.79503606, 0.27826503, 0.0], requires_grad=False)

]
97504604 0.97504604]

78265032e-01 -2.77555756e-17]

def get_angles(x):

beta® = 2 x np.arcsin(np.sqrt(x[1] **x 2) / np.sqrt(x[0] *x 2 + x[1] **x 2 + 1le-12))
betal = 2 * np.arcsin(np.sqrt(x[3] xx 2) / np.sqrt(x[2] xx 2 + x[3] %k 2 + le-12))
beta2 = 2 * np.arcsin(

np.sqrt(x[2] *xx 2 + x[3] *x 2)
/ np.sqrt(x[0] *xx 2 + x[1] *x 2 + x[2] *x 2 + x[3] *xx 2)

return np.array([beta2, -betal / 2, betal / 2, -beta@® / 2, beta@ / 2])

. def

statepreparation(a):

gml.

gml.
gml.
gml.
gml.

gml.
gml.
gml.
gml.
gml.
gml.

RY(al[0], wires=0)

CNOT(wires=[0, 11)
RY(al1]l, wires=1)
CNOT (wires=[0, 11)
RY(al2], wires=1)

PauliX(wires=0)
CNOT (wires=[0, 1])
RY(al[3], wires=1)
CNOT (wires=[0, 11)
RY(a[4], wires=1)
PauliX(wires=0)
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def layer(W):
gml.Rot(W[0, 01, W[0, 1], W[0, 2], wires=0)
gml.Rot(W[1, @], W[1, 1], W[1, 2], wires=1)
gml.CNOT(wires=[0, 1])

@qml.gnode(dev)
def circuit(weights, angles):
statepreparation(angles)

for W in weights:
layer(W)

return gml.expval(gml.PauliZ(0))
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Probability: (z)
3/ -Z) def cost(weights, bias, features, labels):
predictions = [variational_classifier(weights, bias, f) for f in features]

return square_loss(labels, predictions)
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Iris Dataset

(¥, =0) =1

iris setosa iris versicolor

Four Attributes:

sepal length, width, petal length, width Three Classes:

yn € {0,1,2}

Xn = (xn09 Anls Xn2o xn3)

petal sepal petal sepal petal  sepal
Original Data Preprocessed Data

sepal Iength sepal width petal Iength petal width 3.999999999999999112e-01 7.500000000000000000e-01 1.999999999999999556e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
3.000000000000002665e-01 5.000000000000000000e-01 1.999999999999999556e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
X > 2.000000000000001776e-01 6.000000000000000888e-01 1.500000000000000222e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
1 5.1 3.5 1.4 0.2 1.499999999999999112e-01 5.500000000000000444e-01 2.500000000000000000e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
3.500000000000000888e-01 8.000000000000000444e-01 1.999999999999999556e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
4.9 30 1.4 0.2 5.500000000000002665e-01 9.499999999999999556e-01 3.499999999999999778e-01 1.500000000000000222e-01 ~1.000000000000000000e+00
. . . . 1.499999999999999112e-01 6.999999999999999556e-01 1.999999999999999556e-01 9.999999999999999167e-02 ~1.000000000000000000e+00
3.500000000000000888e-01 6.999999999999999556e-01 2.500000000000000000e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
4.7 3.2 1.3 0.2 5.000000000000026645e-02 4.499999999999999556e-01 1.999999999999999556e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
: : : : 3.000000000000002665e-01 5.500000000000000444e-01 2.500000000000000000e-01 0.000000000000000000e+00 ~1.000000000000000000e+00
5.500000000000002665e~01 8.500000000000000888e-01 2.500000000000000000e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
4.6 3.1 1.5 02 2.500000000000000000e-01 6.999999999999999556e-01 3.000000000000000444e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
2.500000000000000000e-01 5.000000000000000000e-01 1.999999999999999556e-01 0.000000000000000000e+00 ~1.000000000000000000e+00
0.000000000000000000e+00 5.000000000000000000e-01 5.000000000000004441e-02 0.000000000000000000e+00 ~1.000000000000000000e+00
50 3.6 14 0.2 7.500000000000000000e-01 1.000000000000000000e+00 9.999999999999997780e-02 5.000000000000000278e-02 ~1.000000000000000000e+00
7.000000000000001776e-01 1.200000000000000178e+00 2.500000000000000000e-01 1.500000000000000222e-01 ~1.000000000000000000e+00
5.500000000000002665e-01 9.499999999999999556e-01 1.500000000000000222e-01 1.500000000000000222e-01 ~1.000000000000000000e+00
3.999999999999999112e-01 7.500000000000000000e-01 1.999999999999999556e-01 9.999999999999999167e-02 -1.000000000000000000e+00
7.000000000000001776e-01 8.999999999999999112e-01 3.499999999999999778e-01 9.999999999999999167e-02 -1.000000000000000000e+00
6.7 3.0 5.2 23 3.999999999999999112e-01 8.999999999999999112e-01 2.500000000000000000e-01 9.999999999999999167e-02 ~1.000000000000000000e+00
- : : : 5.500000000000002665e-01 6.999999999999999556e-01 3.499999999999999778e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
3.999999999999999112e-01 8.500000000000000888e-01 2.500000000000000000e-01 1.500000000000000222e-01 ~1.000000000000000000e+00
6.3 25 5.0 1.9 1.499999999999999112e-01 8.000000000000000444e-01 0.000000000000000000e+00 5.000000000000000278e-02 ~1.000000000000000000e+00
3.999999999999999112e-01 6.499999999999999112e-01 3.499999999999999778e-01 2.000000000000000111e-01 ~1.000000000000000000e+00
2.500000000000000000e-01 6.999999999999999556e-01 4.499999999999999556e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
6.5 3.0 5.2 2.0 3.500000000000000888e-01 5.000000000000000000e-01 3.000000000000000444e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
3.500000000000000888e-01 6.999999999999999556e-01 3.000000000000000444e-01 1.500000000000000222e-01 ~1.000000000000000000e+00
4.500000000000001776e-01 7.500000000000000000e-01 2.500000000000000000e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
3.4 5.4 2.3 4.500000000000001776e-01 6.999999999999999556e-01 1.999999999999999556e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
2.000000000000001776e-01 6.000000000000000888e-01 3.000000000000000444e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
X —_ 59 3.0 5.1 1.8 2.500000000000000000e-01 5.500000000000000444e-01 3.000000000000000444e-01 5.000000000000000278e-02 ~1.000000000000000000e+00
150 - . . . 5.500000000000002665e-01 2.500000000000000000e-01 1.500000000000000222e-01 ~1.000000000000000000e+00
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Visualization of Iris Dataset

data = np.loadtxt("variational_classifier/data/iris_classesland2_scaled.txt"

X = datal:, 0:2]

# pad the vectors to size 272 with constant values

padding = 0.3 * np.one
X_pad = np.c_I[np.c_I[X,

# normalize each input

normalization = np.sqrt(np.sum(X_pad *x 2, -1))

X_norm = (X_pad.T / no

s((len(X), 1))
paddingl, np.zeros((len(X), 1))]

rmalization).T )

# angles for state preparation are new features
features = np.array([get_angles(x) for x in X_norml, requires_grad=False)

# label
Y = datal:, -1]

print("First X sample
print("First X sample
print("First X sample
print("First features

Output:
First X sample (original)
First X sample (padded)

First X sample (normalized)
First features sample

0.67858523 -0. 0.

(original) :", X[0])
(padded) ", X_padl[o])
(normalized):", X_norm[0])
sample "', features[0])
[0.4 0.75]
: [0.4 0.75 0.3 0. |
: [0.44376016 0.83205029 0.33282012 0.
: 0

]
-1.080839
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Implementation
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np.random.seed(0) /,,f’a

num_data = len(Y)

num_train = int(0.75 * num_data)

index = np.random.permutation(range(num_data))
feats_train = features[index[:num_train]]
Y_train = Y[index[:num_train]]

feats_val = features[index[num_train:]]

Y_val = Y[index [num_train:]]

# We need these later for plotting
X_train = X[index[:num_train]]
X_val = X[index[num_train:]]

2 =

6 :][‘
weights_init = 0.01 * np.random.randn(num_layers, num_qubits, 3, requires_grad=True) A
bias_init = np.array(0.0, requires_grad=True)

num_qubits
num_layers

B 7

Uw)

>

opt = NesterovMomentumOptimizer(0.01)
batch_size = 5

# train the variational classifier
weights = weights_init
bias = bias_init

for it in range(60): §;?

# Update the weights by one optimizer step
batch_index = np.random.randint(®, num_train, (batch_size,))
feats_train_batch = feats_train[batch_index]
Y_train_batch = Y_train[batch_index]
weights, bias, _, _ = opt.step(cost, weights, bias, feats_train_batch, Y_train_batch)
P e N
# Compute predictions on train and validation set
predictions_train = [np.sign(variational_classifier(weights, bias, f)) for f in feats_train]

predictions_val = [np.sign(variational_classifier(weights, bias, f)) for f in feats_vall p—
# Compute accuracy on train and validation set ~
acc_train = accuracy(Y_train, predictions_train) :][-
acc_val = accuracy(Y_val, predictions_val) A

print(
"Iter: {:5d} | Cost: {:0.7f} | Acc train: {:0.7f} | Acc validation: {:0.7f} "
" format(it + 1, cost(weights, bias, features, Y), acc_train, acc_val)
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class litrain 1
class 1 validation
class -1 train
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Challenges gl CT

Quantum

Trainability
Barren Plateaus, Ansatz and Initialization

Machine Learning
Efficiency of estimating the expectation value &

Commuting sets of operators, Optimized Sampling

Noise from NISQ Devices

Classical Computer

10 — = Slope=-0.694

-
-
-
-

5 10 15 20 25
Qubits (n)
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