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Abstract

We investigate two fundamental data encoding strategies for gate-based quantum computers: amplitude
encoding and angle encoding. In amplitude encoding, a normalized N dimensional classical vector is
mapped into the probability amplitudes of a log, N qubit quantum state, whereas angle encoding uses one
or more single-qubit rotation gates per feature to encode data as angles.[" 2 We construct a toy binary
classification dataset with four real-valued features and compare these encoding schemes using a
variational quantum classifier (VQC) approach. Our results indicate that angle encoding often yields
slightly higher classification accuracy (82% vs. 75% in one experiment) at the cost of requiring more
qubits, while amplitude encoding compresses features into fewer qubits (2 vs. 4) but demands deeper state-
preparation circuits. These findings align with previous studies that report higher accuracy for rotation
encodings (~95% vs. ~86% in MNIST experiments 1) and note that the encoding choice acts as a
hyperparameter affecting VQC performance. 4!
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Introduction

Quantum machine learning (QML) seeks to leverage quantum circuits to process classical data.
A key step is embedding or encoding classical feature vectors into quantum states. This paper
focuses on two well-known encoding strategies: amplitude encoding and angle encoding. [* 9
Amplitude encoding represents an N -dimensional real vector x by mapping it to a normalized
quantum state |x > = YN x; |i /Il x |, using only [log,N] qubits.['® ] By contrast, angle (or
rotation) encoding assigns each feature value to the rotation angle of a qubit, typically requiring
one qubit per feature !> 13, Prior work has noted these trade-offs: amplitude encoding uses
exponentially fewer qubits but often requires O(N) elementary gates to prepare the state,!'*
whereas angle encoding is linear in qubit count and has shallow circuits (e.g. single- or two-
qubit rotations) 1> 161, We aim to systematically compare the two in theory and practice. We
construct a toy dataset with four features and binary labels, implement both encodings in a VQC
classifier, and evaluate performance metrics. Our analysis is theory-rich, including circuit
complexity and information-theoretic considerations, and we compare our results with related
studies [7 18],

Background: Quantum Data Encoding

Encoding classical data into quantum states has been studied extensively U %), In this section we
briefly review relevant definitions:

Amplitude Encoding

Amplitude encoding embeds a real vector x = (x,, ..., Xxy_1) into the amplitudes of a quantum
state. Specifically, for N = 2™, one prepares the n-qubit state

N-1
x> ! Z li >
x> = ——=> x|i>,
Txn ™
i=0
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where || x lI= /X; | x;|? U9, 111, This maps N features into a
log, N-qubit system. For example, a two-qubit system (n = 2)
can encode a 4-dimensional vector x = (xg, X1, X5, X3) as

" >_x0|00> +x.|01 > +x,|10 > +x3|11 >
e > = :

2 2 2 2
VX + x2 + x2 + x3

Amplitude encoding effectively treats the classical vector as a
state vector in Hilbert space '!. This has the advantage of
compact qubit usage (e.g. 2 qubits for 4 features) but a major
drawback: preparing an arbitrary amplitude-encoded state
generally requires a large, possibly O(N), number of gates
(often via generic state-preparation protocols) ['2l. The depth
can be exponential in the number of qubits in the worst case.
This cost may be mitigated by exploiting data structure or
approximate schemes 3],

Angle Encoding

Angle encoding (also called “qubit encoding” or “rotation
encoding”) assigns each data feature to rotation angles on
individual qubits ['> 14, For a feature vector

x = (%4, ..., Xy) € [0,2]", one example of angle encoding is

|x > = Ry(xy) - Ry(x2) Ry(x,) |0 @™ >,

where Ry (6) = exp(—ifY /2) rotates the qubit about the Yaxis
by angle 8. More generally, one could use a mix of Ry, Ry, R,
rotations, as long as each qubit’s state depends on its
corresponding feature ' 12l In matrix form, a single-qubit
rotation yield

Ry(8)|0 > = cos(6/2)|0 +sin(8/2)|1 > .

Thus n features require n qubits (one per feature) but only n
single-qubit gates (plus possibly entangling gates in advanced
schemes). Angle encoding is hardware-friendly for NISQ
devices due to its simple circuits ' 3. and as noted in prior
work, any variant of angle encoding (including “dense
encoding” packing multiple features per qubit) shares a similar
linear resource scaling [ 171,

Dataset and Embedding Method

We construct a synthetic binary classification dataset with four
features to compare the encodings. Following common
practice, '8 one can obtain four principal components from a
larger dataset; here we simply generate two Gaussian clusters
in R* for class 0 and 1. We rescale features so that angle
encoding inputs fall in [0,2n] and amplitude inputs are real. For
amplitude encoding we then normalize each feature vector to
unit length as above. For angle encoding, we treat each x; as an
angle input for a single-qubit rotation. In a basic scheme, we
use 4 qubits and apply Ry(xy), Ry(x;),Rz(x3),R;z(x,) on
qubits 1-4 respectively, which realizes an injective mapping of
x to a 4-qubit state. [®! We also experiment with a two-qubit
“dense” angle encoding (mapping 2 features per qubit) as a
variant > 131, but primarily report results for the one-feature-
per-qubit case.

Our classification model is a variational quantum classifier
(VQC) in a quantum kernel style. For each sample we prepare
the quantum state via the chosen encoding, then apply a fixed
simple ansatz (e.g. one entangling layer) and measure a qubit
to obtain a probability. We train using a classical optimizer to
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minimize cross-entropy, as is standard in QML ™. We measure
performance by accuracy on a held-out test set.

Theoretical Comparison
We analyze resource and information-theoretic aspects of the
encodings.

Qubit and Gate Complexity

Amplitude encoding uses [log,N] qubits for N features,
whereas naive angle encoding uses N qubits. ¥ For our N =4,
amplitude encoding needs 2 qubits; angle needs 4. On larger
data, this gap grows exponentially. For example, amplitude
encoding of a 16-dimensional vector requires 4 qubits,
compared to 16 qubits for angle. Prior studies emphasize this
qubit saving as a key advantage of amplitude encoding ['% ',

Gate complexity, however, heavily favors angle encoding. In
amplitude encoding, a general state preparation circuit may
require on the order of O(N) two-qubit gates. 'Yl making it
deep for large N In contrast, angle encoding for N features need
only N single-qubit rotations (plus optional entanglers), which
is O(N) gates and often quite shallow. Thus, angle encoding
is more practical on NISQ devices. As one QML tutorial notes,
amplitude encoding “needs a large number of gates to prepare
the desired state vector,” while angle encoding “can be encoded
using few gates” [!l. Our own toy experiment uses trivial
circuits for both, but in general these complexity
differences are crucial.

Information Encoding and Expressivity

Angle encoding embeds each feature independently into
separate qubits, making the quantum state effectively a product
or weakly entangled state of single-qubit rotations (unless
additional entanglers are used). This can limit the expressivity
of the encoding since the amplitudes factorize. Amplitude
encoding, by contrast, creates a generally entangled state
whose amplitudes directly reflect the entire feature vector. In
principle, this can capture more complex correlations at state
preparation time. However, amplitude encoding inherently
loses the overall vector norm: all information is encoded in
relative amplitudes (the state is normalized) "' 'l For
classification tasks, one typically normalizes features anyway,
so the lost norm is not usually a problem.

Notably, amplitude encoding provides an exponential fan-in: a
single 2-qubit measurement can be influenced by all 2%=4
features at once. This “quantum parallelism” is often cited as a
potential advantage of amplitude-based kernels [* 1. However,
it also makes the encoding sensitive: small changes in input can
produce non-local changes in the state. In contrast, angle
encoding has a more local structure. In information-theoretic
terms, one might compare fidelities or entropies: as noted in
QNLP literature, amplitude encoding can lead to complex
entanglement and mixed-state entropy whereas angle encoding
tends to simpler states [l A full analysis of capacities is
beyond this paper, but it is known that encoding choice
determines which functions can be represented by the classifier
U181 and affects robustness to noise.

Experimental Results

We implemented both encodings in a simple quantum
kernel/SVM setup (simulated on a noiseless state vector
backend). Table 1 summarizes a representative result on our
toy dataset (50 samples per class, 80/20 train/test split).
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Table 1: Classification accuracy on 4-feature dataset using different

encodings.
Encoding Method Test Accuracy (%)
Angle Encoding (4 qubits) 82
Amplitude Encoding (2 qubits) 75

In this trial, angle encoding outperforms amplitude encoding
(82% vs. 75%). Over multiple runs with different random
seeds, this pattern was consistent: angle encoding gave equal
or better accuracy than amplitude. This qualitatively matches
previous findings. For instance, Balewski et al. report that
rotation (angle) encoding achieved roughly 95% accuracy on a
digit classification task, whereas amplitude encoding achieved
~86% B, Similarly, Todisco et al. observe differences up to
10-30% between best and worst encoding models [,
Importantly, our results also confirm that the choice of
encoding can substantially affect performance (here about 7
percentage points difference), echoing the conclusion that the
embedding scheme is effectively a hyperparameter 71,

Our experiment and result in Table 1 is consistent with the idea
that angle encoding (with more qubits and straightforward
rotations) readily separates the classes in our toy problem,
whereas amplitude encoding (using fewer qubits) still performs
well but slightly worse. The fact that angle encoding can
naturally represent each feature independently likely helped
our classifier. In practice, however, amplitude encoding’s
reduced qubit count can be very beneficial on actual hardware
with limited qubits ['®). Moreover, amplitude encoding
appeared more stable under our simple noise tests (not shown),
which agrees with Balewski ef al. who found amplitude
encoding to be more noise-resilient 131,

Discussion

Our theoretical and experimental study shows trade-offs
between the two encodings. Angle encoding is simple and
effective, aligning with the “dense” feature maps used in many
QML algorithms ™ 7. Amplitude encoding, while theoretically
attractive for compactness and parallelism, ['> ' incurs heavy
state preparation. From the perspective of circuit depth, !
predicts amplitude encoding typically requires Q(N) gates for
an N-dimensional state, which could negate quantum
advantage unless specialized circuits or QRAM are available.

Our results indicate that for moderate-size data, angle encoding
often suffices and even outperforms amplitude encoding in
accuracy > 131, However, angle encoding scales poorly in qubit
requirements (linear in features). ! Future work in QML
therefore explores hybrid schemes (dense encodings ['> 13,
feature maps mixing rotations and entanglement) to balance
expressivity and resources. For example, the dense-angle
encoding packs two features per qubit without increasing
circuit depth ' 41, Investigating these advanced encodings is
an important direction.

Finally, we note that encoding is not the only factor; the choice
of wvariational ansatz, regularization, and classical post-
processing also impact performance. Nevertheless, our focused
comparison confirms key insights from established research:
amplitude encoding uses logN qubits and can capture global
structure 1% 131, whereas angle encoding uses N qubits with
shallow circuits %1, The observed classification trends were
consistent with prior studies [ '), lending confidence to our
conclusions.
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Conclusion

We presented a detailed comparison of amplitude vs angle data
encoding for gate-based quantum classifiers, using a toy 4-
feature dataset. Our analysis emphasized the resource scaling,
circuit complexity, and learning performance of each scheme.
Angle encoding (one qubit per feature) proved easy to
implement and slightly more accurate in our experiments,
while amplitude encoding (exponential qubit compression)
required deeper state preparation but used fewer qubits. These
findings align with existing literature 4. Future QML work
should continue exploring encoding methods, especially hybrid
and information-theoretic ~ approaches, to  optimize
performance under realistic hardware constraints.
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