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Introduction. Loading large classical data sets into a quantum processor remains a central bottleneck for real-world
applications of quantum computers: any speedup offered by a quantum routine can be undermined if the input data
cannot be loaded in the quantum computer. Quantum random access memory (QRAM) [12] 13} 2] can be thought as a
mapping allowing coherent access to a classical dataset, performing the mapping |i) |0) — |i) |m;), there m; is the i-th
element of the memory of size N (e.g., a bistring of 64 bits, like in classical computers). Physically, we can think if it
as an external device, sharing registers with the quantum computer. It enables access to classical data in superposition,
and is a central assumption in the vast majority of quantum algorithms in machine learning [23] 21, 20} [T6], 15], quantum
simulation [4], and cryptographic applications [8, [@]. To date, we are not aware of any study on the energetic cost of
QRAM circuits. We provide the first application-level study of the energetic cost of QRAM-based data loading, focusing
on anomaly detection through the quantum version of a foundational quantum machine learning algorithm (Principal
Component Analysis). Using the metric-noise-resource (MNR) framework, for quantum computation primitive such as
gate on a superconducting platform, we can define the error (fidelity), and the energy cost as a function of controllable
physical control parameters [I0]. We use this to derive QRAM energetics and fidelity (Fig. [1) which can be used to
determine the optimal control parameters that enable feasible applications (based on fidelity), while also optimizing the
energy consumption while keeping a fixed targeted fidelity.

QRAM architectures. A baseline implementation for o
the mapping discussed above is the multiplexer archi- Lo
tecture (sometimes known as QROM): a linear sequence

of controlled unitaries that checks whether the address 105

register is in a prescribed state. In non-error corrected
computers, this circuits has an infidelity that scales as
O(eNlog N) with memory size N and gate error rate e.
A different implementation, called bucket-brigade [12] [13]
instead routes address and target qubits through a binary
tree, achieving logarithmic depth at the cost of a substan-
tial ancilla overhead. Crucially, this architecture also ex-
hibits noise resilience properties: for a very general error
channel, the query infidelity scales only as O (e log® N) [14}
[19], a consequence of the limited entanglement generated
among routing components. This makes bucket-brigade
QRAM especially appealing for high-fidelity loading of
large data sets without full quantum error correction.
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Figure 1: Heatmap of QRAM energy consumption with annotated
QRAM fidelity on blue contours; as a function of controllable physical
quantities such as temperature of the qubit and gate duration. QRAM
energetics, fidelity shown here are based on gate fidelities, energetics for
superconducting qubits available from literature. The query fidelity — a

MNR framework. To connect these architectural guar- function of QRAM fidelity — determines the feasibility of an application,

antees with experimentally controllable quantities, we
adopt the metric noise resource (MNR) framework [10]
for transmon-based superconducting qubits [I7, B]. The
framework links QRAM fidelity and energetic cost to phys-
ical parameters such as control-line attenuation A, qubit
operating temperature Ty;,, ambient temperature 7oy, and
gate timing, while incorporating the dressed cryogenic

whereas the energy consumption and the physical parameters might
impose physical constraints on the operating regime. Such heatmaps
enable minimization of energy while keeping a targeted fidelity fixed,
while also being compatible with any practical limits mentioned above.
Each shade of green spans a single order of magnitude in energy con-
sumption, thus, as an example the energy consumption of a QRAM can
be reduced by 100x while keeping fidelity fixed at 0.99. In this example,
Bucket Brigade QRAM is considered along with IBM native gate-set.

power consumption of the refrigerator. Because faster gates reduce thermal-noise exposure but generally require more
power, and larger attenuation suppresses thermal photon occupation while increasing the heat load that must be re-
moved, the resulting model naturally supports constrained optimization for efficiency (= metric/energy) while keeping
the metric fixed.

Results and applications. We use the MNR framework to study the energetic cost of performing anomaly detection
on superconducting quantum computers using a novel bucket-brigade QRAM circuit, which we decompose into native
superconducting gate-sets from Google, IBM, and Rigetti processors [T}, B, [IT], [18].

e First we obtained a superconducting-friendly BB circuit. The original circuit is based on controlled-SWAP gates,
which are not native to superconducting platforms. Our implementation is based on controlled-iSWAP gates. Then,
adapting ideas from [22], we derived a novel and efficient decomposition of the controlled-iISWAP gate into one and
two qubit gates of the aforementioned platforms.



e Then, we selected the most efficient quantum algorithm for a simple (but non-trivial) quantum machine learning
algorithm [6], for which we know the threshold for quantum advantage in terms of the number of queries to a
QRAM-based oracle [7], on anomaly detection datasets.

e For a representative configuration of 26 bits of memory, our bucket-brigade QRAM implementation requires 196, 625
total qubits with a circuit depth of 1,248. Our model of superconducting qubits obtains a very generous gate error
rate of ~ 1077 (assuming qubit frequency of 6Ghz Hz, 50 ns of gate duration, and 6 mK of qubit temperature), we
achieve a query infidelity of 0.111, which meets the target threshold of 0.206 required for running 40 QRAM queries
with a total failure probability below 0.9. The corresponding energetic footprint shows a maximum instantaneous
power consumption of 625 W and a total energy cost of 0.0693 Joules per query.

Future work. Extending the analysis to other quantum machine learning algorithms, and to other QRAM architectures,
and exploring the trade-off between fidelity, energy consumption, size and depth of different QRAM circuits, for different
applications.
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