Quantum Ensemble Learning



Why ensembles for qguantum ML?

"

Hardware bottlenecks: circuit Ensembles trade one large model We compare classical vs quantum
count, depth, measurements for many small/shallow learners ensembling + overhead
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Variational classifiers

Each learner predicts the label of one encoded feature vector x; at a time using a
parameterized unitary

Soft Voting Ensemble

An ensemble of

parameterized circuits are
trained using batch gradient
descent (cross entropy loss) X,

One sample is embedded and
each wire (learner) makes an

independent prediction
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Bagging Ensemble

* Anensemble is composed
from multiple learners
(parameterized circuits) each
are trained on a different
subset of the data

* One learneris trained at a time
then during inference each
learner makes a prediction on
an unknown sample

« With (n) qubits per learner, (L) learners per ensemble and (p) layers in
each parameterized circuit the soft voting ensemble has a total of

(3(L + 1)n?#) trainable parameters

* With (n) qubits per learner, and (p) layers in each circuit, the bagging

3(L + 1) are trained at a time

ensemble has a total of (3(L + 1)n¥#) trainable parameters but only
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Boosted classifier
* We tested a 3™ variational classifier that used AdaBoost
 AdaBoostiteratively updates the weight of samples in the training set based on the error of the weak learner

Configurations

* Amplitude encoding of features
* A parameterized single qubit rotation decomposed as a RZ-RY-RZ gate sequence is applied to each qubit
* |If learner has 2+ qubits, a CNQOT is applied between qubits

* Another parameterize rotation is applied to each qubit A HH%H%
* Trained using mini batch with Adam

DOOE

90 configurations tested over the following parameters: : —{w HH ]_[,7(

* Adam learningratesa €[1 x10-3, 1 x10-2, 1 x 10-1] : :

+ Batchsize b €[1,2, 4, 8, 16] - —{w H&Ha HA

* Ensemblesizesn, €[1,2,3,4,5, 6, 7]



Cosine classifiers

Predicts using multiple encoded feature vectors x;, x; and known label information y;

Quantum cosine classifier (QCC) is a weak learner that calculates the cosine distance between sample vectors in
quantum state via interference using a single training sample

Quantum ensemble cosine classifier (QEC) captures independent trajectories via sampling in superposition from 2¢
transformations of x; where d is ancilla control register qubits = exponentialincrease in ensemble size with linear

increase in circuit depth Ensemble Cosine
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QEC with Random Unitaries (QECRU)

 QEC’s structure yields unitaries that are generally uncorrelated

« We tested a 3@ quantum cosine classifier that considers other forms random sampling on U(n) to make all
distribution on U(n) as a possible choice in the sampling, in this study used a uniform distribution on U(n)

Simulation configurations tested over the following parameters:
 Controlregistersd €[1,2,3]

* Training size n_train €[2,4]

* Number of random swapsn_swap€|[1,2,4]

* Number of features n_feature €[2,4,8]



Results on renal cell carcinoma + QPU experiments

Quantum ensembles comparable to strong classical baselines in simulation

Early hardware runs show trends with mitigation (PT + DD)
Key message: small ensembles + few training samples can be useful

Brier Score

Accuracy

F1 Weighted

Random Forest
B XGBoost

B Adaboost

BN Bagging

BN Soft Voting

Bl QCC

B QEC

B QECRU

B QEC (HW1 7 qubits)

N QEC (HW2 56 qubits with PT)

B QEC (HW3 56 qubits with PT & DD)
® p-value <0.05 vs Random Forest
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Other findings

Variational methods could learner
with fewer samples if the number of
learners is increased

Boosted ensembles can’t be easily
distributed because of the need to
adaptive weighting of samples

Bagged and boosted ensembles can

be simulated quite fast as a learners

are trained one at a time on disjoint
subsets

Soft voting is the slowest with the
highest memory requirements as the
gradient update step is expensive

« There can be opportunities to
better optimize the gradient
update
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