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Abstract

Vectorized quantum block encoding provides a way to em-
bed classical data into Hilbert space, offering a pathway for
quantum models, such as Quantum Transformers (QT), that
replace classical self-attention with quantum circuit simula-
tions to operate more efficiently. Current QTs rely on deep-
parameterized quantum circuits (PQCs), rendering them vul-
nerable to QPU noise, and thus hindering their practical per-
formance. In this paper, we propose the Vectorized Quan-
tum Transformer (VQT), a model that supports ideal masked-
attention matrix computation through quantum approxima-
tion simulation and efficient training via vectorized nonlin-
ear quantum encoder, yielding shot-efficient and gradient-
free quantum circuit simulation (QCS) and reduced classi-
cal sampling overhead. In addition, we demonstrate an ac-
curacy comparison for IBM and IonQ in quantum circuit
simulation and competitive results in benchmarking natural
language processing tasks on the state-of-the-art Kingston
QPU of IBM. Our noise intermediate-scale quantum (NISQ)-
friendly VQT approach unlocks a novel architecture for end-
to-end machine learning in quantum computing.

Introduction

Quantum computing (QC) holds the promise of solving
database searching and RSA decrypting problems faster than
classical methods, as demonstrated by Grover’s and Shor’s
algorithms (Grover 1996; Shor 1994). This advantage stems
from the unique quantum mechanical features, such as su-
perposition, entanglement, and interference, which enable
rich parallelism and non-classical correlations. Recent ad-
vances in quantum data encoding and quantum arithmetic
operations (Amankwah et al. 2022; Balewski et al. 2024,
2025) further extend this capability by efficiently embed-
ding classical data into high-dimensional Hilbert spaces
and enhancing representational expressiveness. Vectorized
quantum computation dovetails with classical self-attention
(Vaswani et al. 2017), allowing high-capacity models to
capture intricate nonlinear dependencies, thereby improving
generalization, lowering perplexity, and increasing training
efficiency.

Among the techniques in quantum computing, quantum
circuit learning (QCL) (Mitarai et al. 2018) has emerged
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as a leading approach for developing data-driven quantum
models because of its capacity to PQC for learning com-
plex patterns. By leveraging controlled unitary operations,
QCL enables an efficient representation of structured data,
facilitating expressive and compact quantum models that
support downstream QT models. These benefits are am-
plified by recent advances in fault-tolerant quantum archi-
tectures (Acharya et al. 2024) and the integration of high-
performance computing with QPU (Cacheiro et al. 2025),
which collectively provide the infrastructure necessary to
scale QCL and QT beyond the limitations of the NISQ era.

The core limitation is that the hybrid QCL paradigm cur-
rently exploits the restricted usage of unique quantum phe-
nomena, notably the non-cloning theorem and quantum co-
herence. In practice, PQCs are trained by adjusting the gate
rotations to minimize the classical loss computed from re-
peated projective measurements that collapse the state and
discard full-wavefunction information. This is because neu-
ral network feedback is drawn only from classical statis-
tics, entanglement and interference are largely unexploited,
and intermediate quantum states remain unused. In addition,
crosstalk and gate noise further erode coherence, particu-
larly in deep or non-local circuits that exceed NISQ capa-
bilities (Huang and et al 2024). Although studies of quan-
tum kernel expressivity imply possible benefits (Sim, John-
son, and Aspuru-Guzik 2019), empirical evidence is incon-
clusive, and current PQC models typically resemble shallow
classical networks and have yet to demonstrate a scalable
quantum advantage.

In this study, we introduce a Vectorized Quantum Trans-
former (VQT) that integrates observable-based quantum
arithmetic approximation with nonlinear encoding for the
vectorized quantum dot product (VQDP) and a vectorized
nonlinear quantum encoder (VNQE). Specifically, our quan-
tum self-attention approach is implemented using uniformly
controlled entangling gates with single-qubit rotations and
CNOT gates, while an expressive feed-forward network sup-
ports nonlinear embedded quantum encoding. The resulting
circuit batches key—query pairs, requires no trainable quan-
tum parameters, and remains fully compatible with the cur-
rent NISQ hardware. Experiments on IBM state-of-the-art
superconducting devices demonstrated that multiple quan-
tum heads yield accurate attention scores and efficient model
training by leveraging VQDP and VNQE.



Background

The original idea of the end-to-end QT workflow stems
from the proposed AQT (Cha et al. 2021) inspired by the
original transformer work (Vaswani et al. 2017) proved by
the work demonstrating the 60 qubits Greenberger-Horne-
Zeilinger (GHZ) state (Carrasquilla et al. 2021). This was
followed by a fast simulation for an attention mechanism
study (Gao et al. 2023) using a Grover search. Such QSAN
enables quantum data encoding for natural language pro-
cessing (NLP) tasks (Zheng, Gao, and Miao 2023) using
a trainable parameterized quantum circuit (QPC) improved
by variational QT using a quantum fourier transform (QFT)
kernel (Evans et al. 2024). Such the application of quan-
tum singular value transform (QSVT) (Khatri et al. 2024)
supported quantum signal processing information theory
(Eldar and Oppenheim 2002) provides a quantizing dot-
product attention mechanism. In addition, the adaptive at-
tention method (Chen and Kuo 2025) optimizes the inner
dot-product relationship during the PQC training. Although
the theoretical protocols here are too finicky, the success
of recent NLP applications on quantum computers is likely
to make Al algorithms plausible in the future production-
scaling quantum computers (Widdows et al. 2024) with the
tool (Guo, Pan, and Balewski 2025). These approaches typ-
ically require a learnable long-distance QPC, which is not
plausible for near-term noisy quantum computers.

Nonlinear Quantum Data Encoding

Basic quantum data encoding techniques can be categorized
into basis encoding, angle encoding, and amplitude encod-
ing (Weigold et al. 2021). Note that the encoding qubit and
repetitive data feeding overhead are listed in Table 1. The en-
coding techniques stem from the transformation of the map-
ping of classical data into a quantum state x — |y(x)).
More generally, let us define a N-dimensional state vector
x = (x0,...,xv_1)". Here, x as the classical input which

maps to the multi-party quantum state m YV 61 x; |i), where

1/2
[|x]l> = ():f/:_ol |xi\2) / as the coefficients of each party de-
fined by Born’s rule. Specifically, given N features, the uni-
tary operation U (x) acts on the initial fiducial state |0)®".
Here, n is the number of qubits derived by n = (logz N f In
our model, we inherit the spirit of the expectation-value en-
coding (EVEN) scheme (Balewski et al. 2025) because of
the natural value constraint correlation between the machine
learning (ML) activation function tanh and the real value en-
coding input x; € [—1, 1] (see details in Section ). The EVEN
encoding fits the category of angle encoding because the
constructed quantum state can be subjected to single qubit
R, (6;) rotation, where 6; = arccos(x;).

Quantum State Evolution

To build the quantum circuit (Nielsen and Chuang 2010)
model for computation, in which computation is a sequence
of quantum gates including single-qubit operation, two-
qubit entanglement gate, and multi-qubit gates. In gen-
eral, we use unitary evolution to preserve the probabil-
ity of the quantum state, namely Hamiltonian # |y (z)) =

Encoding Number of Qubits Number of Passes

Basic N 1
Amplitude log,(MN) 1
Angle N M

Table 1: Resource scaling for three common data encoding
strategies when processing M samples with N features each.

e~ H1/R|\y(0)). Specifically, the quantum state evolution can
be denoted by the observable O = (y|H (¢)|y). Here, # is
a sequence of Hermitian matrices. Note that R, gate specifi-
cally introduce a real, continuous rotation of the qubit about
y-axis of the Bloch sphere by the angle 0
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By following the EVEN encoding, we consider two classi-
cal input values {xg,x;} in the range [—1, 1]. The encoding
process involves feeding each value x; to the parameterized
rotation gates Ry (8;), which are then applied to a 2-qubit
quantum state initialized in |00). Here, we denote the quan-
tum state as |¢;) input composed of tensor products of uni-
tary operations acting on the initial state.
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thereby achieving classical information embedded into the
two-qubit quantum state. The encoding scheme can be rep-
resented as a quantum circuit.

\

IR |

‘ |¢€> IAS {071}7 ei = COS()C['), (3)
‘ 1

Furthermore, the entanglement gate enables state modifica-
tion between multiple qubits. For instance, one of the best
techniques to showcase the state changes is to add a CNOT
gate after the encoded state |¢p) with an Rz gate. By doing
this, the second qubit acquires a phase that is conditioned
on the logical value of the first qubit. Consequently, the two

qubits are no longer in a simple product state. Here, the |0)
state from (2) can be evolved as
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To expand the encoding into a broader data permuta-
tion scenario, the quantum circuit can be represented by
a sequence of multiple controlled qubit gates, such as the



controlled rotation gate. Because the Pauli gates group
follows the thoery of commuting with itself based on
Baker—Campbell-Hausdorff formula. A motivation example
is to represent the classical information by using the permu-
tated controlled Y rotation gate (CRY)

T Y xi=e,+6
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Quantum Measurement
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In the decoding phase, quantum measurement provides a
definitive classical state that collapses from an uncertain
quantum state. A common strategy is to perform a Z-basis
measurement on the quantum state (Camps et al. 2022),
which leads to a projection onto the computational basis
|0),]1). The corresponding decoding quantum circuits are
depicted in (b) and (c) of Circuit 1 (Balewski et al. 2025),
where denotes measuring the EV of the correspond-
ing qubit in the Z-basis.

The expectation value is constrained by the shot error,
namely, the repetitive execution of each quantum circuit.
Note that the quantum measurement error can be largely
reduced by sufficient Monte Carlo sampling simulations.
Specifically, O is a Hermitian single—qubit observable with
spectral norm ||O|| < 1, and u = Tr(Op) is its expectation
in the state p. A single projective measurement returns a
bounded random variable X € [—1,1]; after M i.i.d. shots,
the estimator X, = ﬁ Zkle X satisfies Hoeffding’s inequal-

ity, Pr([|Xy — u| > €] < 2e~2M€.

Method

We refer to Fig. 5 in (Smaldone et al. 2025) for an overview
of the architecture of the quantum transformer learning
model. Following the spirit of the hybrid quantum trans-
former, we encode the classical input with positional and
token encoders formulated by adding together to construct
the input embedding for the feedforward network with layer
normalization and softmax for output probability. However,
the multi-head attention layer is neither classically nor quan-
tumly unique. The classical attention score is calculated us-
ing a sequence of tokens. Note that, input token embeddings
{t1,t,-- ,t;} are augmented with the positional encoding
{p1,p2, -, pi} to form composite embeddings

(©)

The remainder of the method section follows our proposed
quantum self attention method, tanh projection head, and ex-
pressive quantum head, as indicated in Figure 1.

zi =t +pi.

Quantum Attention Score

The quantum universal polynomial approximation
(EHands) and quantum data encoding (QCrank) were
introduced in (Balewski et al. 2024, 2025). The essential
quantum circuit for calculating the element-wise matrix dot
product is arithmetic multiplication, as shown in Figure. 2.
The proposed VQDP protocol receives the (non-transposed)
query and key tensors Q,K € REXT*d where B is batch
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Figure 1: Quantum multi-head attention comprises two com-
ponents: the tanh projection head employs tanh projection
matrices to map the input into a quantum-compatible rep-
resentation, whereas the expressive quantum head provides
the learnable angle-encoding multi-layer perceptron (MLP)
that encodes the data quantum-mechanically.

size, T is the sequence length, and d is the feature size. To
evaluate the N = BT? inner products Op,i*Kp j it prepares
nagdr = [log, N address qubits in a uniform superposition
together with two data qubits. QCrank A enables, for every
address ¢, the real pair (Qb,i,k,Kb,j,k) (L + (b,i,J)) onto
the data qubits. EHands B then converts the expectation
value (Z) of the second data qubit into the product xsyy
(see Eq. (4)). Executing this shallow circuit once per
feature k € {1,...,d} and averaging over S shots yields
Py = xgyyp; classically summing over k and reshaping ¢
back to (b, i, j) produces the attention matrix A € REXT*T,
Hence, the approach performs the full QKT computation
with nyg4r+2 qubits, incurring the overhead transformation
from the classical O(Nd) multiply—accumulate floating
point operations per second (FLOPSs) cost to circuit layer
operations per second (CLOPs) cost at O(logN). We denote
our method is classically equalized to matrix multiplcation
method provided by pytorch when the quantum Monte
Carlo shots suffice for attaining plausible results. This is
nontrivial, as proved in Appendix A. Note that overflow
addresses introduced by the power-of-two padding are
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Figure 2: Example quantum circuit computing vectorized product (VQDP) x; - y; for the batch size of 32 (x;,y;) pairs. It uses
four qubits for addresses and two qubits for input values of x;,y;. @Crank (A) encoding is before barrier and EHands (B)

multiplier after it. The expectation value of register c4 yields x; - y; for index i given by classical registers co, ...,

are address qubits (nq.q44,) and x,y are data qubits (ng44)-

loaded with all-zero vectors; therefore, any state beyond
the BT? valid pairs contributes nothing to the computed dot
products. We recall Eq. (2), the second qubit final measured
result |Qoupur) is measured by O; (Z-basis measurement).

10 0 0
0 -1 0 0
O::=190:= 1o ¢ 1 o @
0 0 0 —I

Hence, according to Eq. (7) and Eq. (2), we proceed the final
observable result

(0) = (yn| O; lyn) - ®)

Note that we only measure the second data qubit because the
CNOT gate does not affect the first qubit. Given Eq. (7) and
Eq. (8), the output state analytical result is |0o) = X;- ¥;
which is the simplification of (¢,). But in quantum circuit
simulation (QCS), the numerical expectation output using Z
basis which can be typically reconstructed by the quantum
Monte Carlo shots denoted by

()=

. 9
——— &)
We would like to emphasize ng and n; are the number of
shots corresponding to the |0),|1) measurements, respec-
tively, which vary based on the real quantum hardware for
each run.

Tanh Projection Head

For the classical input to the quantum attention head, we
chose tanh to narrow the input down to output within -1 to
1 because we utilize arccos to encode the data into angles
for quantum circuits. The benefits become clearer when the
model uses a vectorized quantum dot product to calculate
the attention score because of the polarized distributed mul-
tiplication. Additionally, recall that it is possible to replace
the tanh projection into the QAF (Parisi et al. 2020) but in
the case of nonlinear quantum encoding (see Section ), the
entire sequence of the data serves as the negative value con-
tributing to the probability of the classical output after ab-
solute probability calculation using Born’s rule, where the
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Figure 3: Default three-by-three expressive quantum head.
The left deep learning network is the simplified representa-
tion of AngleMLP and right quantum circuit is vectorized
nonlinear quantum encoder (expressive block shown in Fig-
ure 1 of QCrank).

QAF has suboptimal behavior. Simply, by constructing a
tanh projection head, one can typically confront the tanh
function encoding the query and key matrices through the
VQDP. The remaining architecture follows with a value and
self-attention matrix connected with another VQDP layer to
compare the similarity between the attention and value ma-
trices. Therefore, the entire quantum overhead is twice the
number of attention matrices.

Expressive Quantum Head

For the expressive layer, we first model a simple multi-layer
perceptron named AngleMLP, as shown in Figure 1 detailed
in Figure 3. Arrow 1 represents the untrained sequence of
three-dimensional tensors, which are parameterized by the
batch size and sequence length, as output from AngleMLP
and encoded into VNQE. Arrow 2 indicates an approximate
observable, depicted as a superpositioned data output, which
serves as the input for training AngleMLP. The quantum cir-
cuit is composed of the address and data qubits nq,q44r, "qdata
representing the number in which the matrix corresponding
to the column index is followed by the number of expressive
blocks consisting of permutated controlled R, gates, where
the gate enables complex phase transition that is encoded by



the input data angles (notation details referred in Eq. (5)).
Consequently, the tensor can be compressed into a vector-
ized quantum circuit with one pass nonlinearly, which saves
the classical nonlinear conversion time from O(n) passes to
O(1). Given the unfreezed AngleMLP, during the training
phase, the MLP layer enables parameter adjustment before
the quantum data encoding, thereby promising zero-gradient
transformation because the angles of each individual gate are
exactly mapped with the tuned MLP output. This leads to
QT improvement, in which quantum computing fulfills the
nonlinearity encoding combined with classical neural net-
works trained using backpropagation.

For VNQE, we use qubits to encode the quantum embed-
ded hidden dimension that is calculated with

Quim = 241" % nqgarq. (10)

To maximize the encoded dimension, Eq. (10) can be de-
noted by
Ogim =2"7", (1)
where nqaqdr = N — 1, nqdata = 1, and N is the total number of
qubits. In the ideal scenario, for a 156 IBM Marrakesh QPU,
the encoded quantum dimension is 4.56719262 x 10%: how-
ever, we save this for future research because the long-
distance qubit crosstalk error cannot be eliminated in to-
day’s QPUs. Meanwhile, we also provide the lower bound
for qubits concerning the encoded quantum dimension

Qdim }

min o
1 and is integer. The loose lower

1<k<logy Odim

Nmin(Qdim) = |:k+ (12)
where Qg — 2"9addr >
bound is defined as

Niin = [10g;(Qdim) ] + 1

because we assume the encoded quantum dimension is
slightly larger than the required dimension. In our simplest
scenario, requiring an encode quantum dimension of 32, we
set the default number of qubits to 6.

13)

Metrics

Owing to the scarcity of peer-reviewed research articles,
there is currently no standardized model evaluation for QT
models. However, drawing from classical evaluation meth-
ods, we propose the concept of quantum perplexity (QPL)
to assess the complexity of quantum models and evaluate
the quality of QT prediction. Given by the perplexity defini-
tion PP(p) = b (), H is the entropy of the distribution, the
QPL metric is defined as follows, given a sequence of tokens
X15X25 -3 XN

1 N
QPL = exp (—N )} logp<xtx<,>> S
=1

Note that p(,,|._,) is informed by QCS because the final pre-
diction is based on the measured bit string outcomes for re-
construction.
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Experiment

We show that VQT is a NISQ-friendly quantum model that
enables an end-to-end quantum gradient-free workflow on
noisy quantum hardware. By leveraging Perlmutter’s state-
of-the-art GPU node, VQT supports classical optimization
fully accelerated by running on GPU nodes at the scale
(NERSC Documentation 2025). Below, we demonstrate the
model performance for two representative cases: (1) quan-
tum attention analysis and (2) model performance evalua-
tion.

Quantum Attention Analysis

Multiplication statistical behaviour In VQDP ideally one
obtains (Z)igeas = X
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Figure 4: Accuracy of computation x; - y; using 6 qubits cir-
cuit shown in Fig. 2 from the ideal Qiskit simulator with
Ngnor=80,000. a) Correlation between true and measured
values, averaged over 30 batches of 32 randomly sampled
(x7,y:) pairs. b) distribution residuals have std dev 0.017,
which scales with 1/\/Ny,,.
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Figure 5: Results of computation of product x; - y; on IBM
Kingston using the same configuration as in Fig 4. a) Corre-
lation between the truth and raw measured data is shown in
orange. The blue data show the correlation after scaling of
the measurement by a factor of 2.22. b) The residuals for the
scaled measurement have std dev 0.059.

We observed that the noisy QPU is also able to produce
low-error multiplication results with amplitude correction,
as shown in Figure 5 compared with Figure 4. Note that
halving the error requires approximately four times as many
shots. The experimental settings and results with 30 iterated



batch num  num \ Ideal IBM Kingston TonQ Aria-17
size  qubits shots | num CX* CXdepth RMSE | num CZ CZdepth RMSE | RMSE
4 4 10K 9 5 0.017 18 14 0.022 0.057
8 5 20K 17 9 0.016 29 25 0.023 0.155
16 6 40K 33 17 0.017 78 69 0.037 0.215
32 7 80K 65 33 0.017 164 121 0.059 -
64 8 160K 129 65 0.016 348 249 0.274 -
128 9 320K 257 129 0.016 704 514 - -

Table 2: The characterization of circuits employed in simulations and experiments, along with the achieved accuracy for IBM
and TonQ quantum platforms, is presented. Note that CX* indicates that the number of CX (CNOT) gates for the corresponding
ideal simulators and transpiled IonQ Aria-1 are configured identically. IonQ" has all-to-all connectivity with sequential gate
implementation, rendering the CX gate count the primary determinant of execution efficiency, whereas IBM’s parallel architec-
ture makes the native controlled-Z (CZ) gate depth more salient. The root mean squared error (RMSE) serves as a confidence
interval for real hardware. Results denoted by — are considered to be meaningless.

batches are presented in Table 2, where IBM outperforms
IonQ’s hardware in terms of RMSE.

15019 Mean = 0.043 0
125 ] 10 = 0.010
——- 75% = 0.061 2 015
y 100 ] 5,
5 754 2 0.10
o
501 6 ||
0.05
251 8
0 ; T ; ; T T T T 0.00
0.00 005 010 0.15 0.20 00 25 50 75
K index

Absolute Difference

Figure 6: The left panel depicts the distribution of absolute
deviations between quantum and classical attention scores
computed over all query—key pairs and batches, while the
right panel visualizes the corresponding error matrix, in
which lighter shades denote smaller discrepancies.

Quantum vs. classical attention We show that, with an
input size of (10,10,10) corresponding to batches, sequence
length, and features, the error between classical attention
and VQDP is constantly below 1.2% with 3.0 million shots.
Here, although the average two-qubit gate error for the QPU
is approximately 2.5¢ 3 (note that the real-time error varies;
see , our result indicates that the VQDP method allows for
competitive results compared with the classical counterpart.

In addition, replacing the classical attention kernel with a
quantum sampler yields conceptual benefits. First, the vari-
ance in Eq. (17) acts as a data-dependent stochastic regular-
izer which stabilizes training in regimes where the classical
model tends to overfit (see Section ). Second, the quantum
mechanism provides nonlinear kernels whose functional
forms can be modified in hardware (choice of measurement
basis or additional controlled phases) without changing the
classical model architecture. Additionally, Table 3 compares
the scaling rule of the classical matrix-multiplication (Mat-
Mul) algorithm with VQDP.
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Classical matmul VQDP
Time O(BT?d) O(log(BT?)shots)
Computation cost 1 fused-FLOP s-(g11Q +21cx) +tro
Runtime <0.2ms ~0.1s
Parallel scale SIMD / GPU cores feature per circuit

Table 3: Complexity analysis for classical and quantum at-
tention (s=shots, g=circuit depth, #;gp=one-qubit gate time,
tcx=CNOT time, t,,=read-out time). The wall-clock cost of
VQDP is ultimately limited by the circuit-layer-operations-
per-second (CLOPS) rate of the QPU (Wack et al. 2021).

Model Evaluation

The Brown Corpus dataset (Ide and Macleod 2001) com-
prises 1.01 million words across 500 text samples spanning
15 genres of American English prose. We utilize Fasttext
(Bojanowski et al. 2016) to compress the inputs as batch-
processed matrices specified with three-dimensional tensors
decoded for the quantum hidden dimension Qg;,,. We refer
to block A in Figure 2 as the quantum oracle for the ex-
pressive quantum head. Note that, the default VQT quantum
hidden dimension is 32 (see Eq. (10)) with the qubits set-
tings in Table 4 (we refer hyperparameter settings table for
the VQT model evaluation in Appendix for more details).

The evidence demonstrates that VQT provides compet-
itive results as a classical benchmark model denoted by
NanoGPT (the smallest transformer). Note that we select
the smallest GPT because of the limitation of current noisy
qubits in the NISQ era. Interestingly, we observe that in-
creasing the Qy;, does not help with the perplexity of the
model but slightly improves accuracy. However, we config-
ure no dropout rate for VQT, as indicated in Appendix ,
which results in a lower loss rate than prior quantum models.
This is because VNQE allows nonlinear latent space transfor-
mation between classical and quantum layers, which enables
the model to have a lower rate of overfitting problems, as
discussed in (Kobayashi, Nakaji, and Yamamoto 2022).



Model | QPL  Loss | Param | Qubit
NanoGPT'2023 925 094 | 125K -
Q-LSTM 2022 125.3 1.18 * 6
Quixer 2024 117.1 1.61 * °
Hybrid QT 2025 127.6  1.08 * °
VQT (default) 1054 1.12 * °
VQT (large encoder) | 108.2 1.08 * 12

Table 4: Performance comparison of models on the Brown
corpus. Note that each column is averaged over ten runs af-
ter 50 epochs. More qubits indicates larger hidden quantum
dimensions as described in Eq. (10).

T Benchmark baseline for QT model evaluation.
* Quantum models inherit classical layers and embedding.
e Default qubit size of 6 was selected for noisy QPU compatibility.

Discussion

In conclusion, this study proposed a vectorized quan-
tum model that allows data-encoded heuristic self-attention
paradigm providing a end-to-end support for multi-head ex-
pansion in the future production quantum hardware. Un-
like the prior quantum transformer method using learnable
VQCs with parameter shift rule to calculate the gradients,
our approach accurately and straightforwardly simulated the
attention matrix using shot-based quantum circuit. By lever-
aging quantum data encoding techniques, the model largely
ameliorate the overfitting problems, which enables a path-
way for potential better reasoning model. We envision the
quantum tokenizer might benefit our model at the scale.

Proof of Variance of VQDP
Denote by b; € {0,1} the ancilla bit of shot i and map it to

Zi = +1—2b;. With p = Pr(b; = 0) = (1 +xy), the expec-
tation and variance of each Z; are
EZ]=HD(p)+ (=) -p)=2p—1=xy, (15
Var[Zi] = E[Z}] - E[Z)]* = 1 - (xy)?, (16)

because Z; € {+1,—1}, so Z? = 1. Since the Z; are indepen-
dent, the variance of their empirical mean is

1 X 1— (xy)?
Zl = — Y varjzy) = —2
Z Mzi; ar(Z]

M
a7
The bound for the deviation probability of the estimator
7= ﬁ Y Z; can be derived more tightly from the binomial
Chernoff inequality by applying it to the sum Y b;, which
is a binomial random variable with parameters M and g =
Pr(b; = 1) = (1 —xy). For any 0 < § < 1, the binomial
Chernoff inequality provides
%qM
g ) .as)

lM
Pr|— >8q| < 2exp( -
T Ml:l Z0q| = exp(
i) =1—2-3Yb; so the de-

Y bi—q
viation in Z from its mean xy = 1 — 2q is directly tied to

Var = Var

Note that Z = ; ¥'(1 —2b
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the deviation in the average of the b; from g. Therefore, by
change of variables, for any € > 0,

Pr[|Z—xy| > €] [

-
e’M

12 )’
where the last step uses 8 = €/(2g) and substitutes it into
(18), providing an exponentially decaying bound on the
probability that the empirical estimator Z deviates from its

expectation xy by more than €, in terms of the number of
shots M.

<2exp (— (19)

Model Settings
Hyperparameter \ Default Large
Vocabulary size (V) 100 100
Sequence length (T) 6 8
Embedding dimension (d) 32 32
Feed-forward hidden size (djr) 128 128
VQT blocks (B) 1 1
Number of QSE (H) 2 2
Address, data qubits (nqaqdr, "qdata) 3,3 6,6
Encoded dimension Qgim 24 384
Shots per nq,qqr (S) 1024 1024
AngleMLP hidden size (dpyp) 128 128
Dropout (p) 0 0
Optimizer AdamW  AdamW
Learning rate (1) 1x1073 1x1073
Batch size (Bipain) 5 5

Table 5: Main hyperparameters for the vectorized quantum
transformer (VQT) model configuration and training setup.
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