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Practical protein-pocket hydration-site prediction for drug discovery on a quantum computer
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Demonstrating the practical utility of noisy intermediate-scale quantum hardware for recurrent tasks in
computer-aided drug discovery is of paramount importance. We tackle this challenge by performing three-
dimensional hydration-site prediction in protein pockets on a quantum computer. Formulating the water
placement problem as a quadratic unconstrained binary optimization, we use a hybrid approach coupling a
classical three-dimensional reference-interaction site model to an efficient quantum optimization solver to run
various hardware experiments up to 123 qubits. Matching the precision of classical approaches, our results
reproduced experimental predictions on real-life protein-ligand complexes. Furthermore, through a detailed
resource estimation analysis, we show that accuracy can be systematically improved with increasing number
of qubits, indicating that full quantum utility is within reach as devices scale in the near term. The method has
potential for assisting simulations of protein-ligand complexes for drug lead optimization and setup of docking
calculations.
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I. INTRODUCTION

In the past 20 years, computer-aided drug discovery
(CADD) has become an important tool for the pharmaceutical
industry to enhance drug discovery pipelines [1–3]. Accurate
numerical methods capable of modeling chemical processes,
physical interactions between complex molecular structures,
and dynamical effects occurring in biological systems are
of great value, improving experimental data interpretability,
while potentially reducing the overall costs thanks to im-
proved theoretical predictions.

Between the many challenges faced in the long and ex-
pensive process of developing a drug, there is the need to
understand the role of water. Water, as a primary component
of biological environments, profoundly influences the overall
structural stability of proteins, as well as the interactions of
proteins with small molecules, often referred to as ligands,
making the understanding of its behavior fundamental for es-
timating drug binding and optimizing drug candidates [4–6].
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Water molecules can act as an intermediate between a protein
and a ligand. These can be called interfacial waters, and they
play a fundamental role in the binding process [4,7]. However,
predicting the configuration of water molecules presents a
formidable computational challenge due to the high dimen-
sionality of the problem and the necessity to sample a vast
conformational space [5,6,8–10].

Classically, molecular dynamics and Monte Carlo strate-
gies are widely used to address the problem of configurational
sampling in an effective way [8,11–15]. These types of al-
gorithms are general enough to handle the configurational
sampling of molecules larger than water, such as biomolecules
and large aggregates. However, sampling water will always
remain difficult due to the complexity of the hydrogen-
bond networks that water can form, while either exchanging
rapidly with bulk solvent or, conversely, becoming structurally
stabilized in binding sites [16–19]. Modern enhanced sam-
pling techniques enable to precisely capture the water-protein
and water-ligand interactions in complex biological systems
[20–22] to provide predictive drug binding free-energy es-
timation [5,23,24]. This, however, comes with a significant
computational cost and state-of-the-art simulation codes heav-
ily rely on massive parallelism and GPU acceleration [25–29].
In parallel, promising machine learning approaches [30,31]
have been steadily improving and becoming able to sam-
ple molecular equilibrium structures. However, to date, these
approaches do not yet reach sufficient accuracy for CADD
applications [3,32,33].
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Alternatively, quantum computing holds the promise of
addressing these classically hard computational tasks. In-
deed, quantum speedups are expected to be substantial for
implementations of statistical physics problems related to
configuration sampling [34,35]. A number of studies have pre-
sented applications of different types of quantum algorithms
to biomolecular systems [33,36–38] and, more generally,
full drug discovery pipelines that incorporate quantum-based
computations have been proposed and reviewed in the litera-
ture [39,40].

In this context, some of us recently presented an approach
for the quantum prediction of protein pocket hydration [41].
Using a quadratic unconstrained binary optimization (QUBO)
cost function embodying the water placement problem, we
mapped the problem of identifying hydration sites onto an
Ising Hamiltonian. This mapping enabled the implementa-
tion of an adiabatic protocol on an analog quantum device
based on Rydberg cold atom physics [41]. The method used
two-dimensional (2D) slices of 3D-RISM (three-dimensional
reference interaction site model) continuous water density
functions to define a discrete optimization problem, which
was then mapped onto the Hamiltonian of the corresponding
2D Rydberg atom layer [41]. Although this work relied on
2D slices only, which poses challenges for applicability to 3D
systems, it represented a key step toward the use of quantum
computing in CADD.

In this paper, taking further steps toward developing prac-
tical quantum approaches for CADD, we present an extension
of the previous work [41], leveraging digital quantum com-
puting to predict the 3D hydration sites in protein pockets
in real-life conditions using quantum hardware. Our method-
ology integrates a classical formulation of the hydration-site
prediction problem with quantum optimization techniques,
simultaneously leveraging advanced software [42,43] and
hardware to address the problem on a quantum computer.
The presented end-to-end workflow includes the problem en-
coding, the quantum algorithm implementation, and hardware
execution using an efficient quantum solver [43], enabling us
to explore the practical utility for large-scale instances of the
problem on current noisy intermediate-scale quantum (NISQ)
devices. This strategy allowed us to describe realistic 3D
systems without additional approximations [41]. We applied
our approach to a selected list of proteins relevant to the
pharmaceutical industry, encompassing FDA (U.S. food and
drug administration) approved drugs in complex with their
target protein. Our results were obtained from experiments
performed on the latest Heron 156-qubit IBM devices and
compared to existing classical solvers. Finally, we discuss the
pathway to quantum advantage by presenting a resource esti-
mation analysis to forecast the device specifications needed to
address protein complexes at scales where classical methods
struggle to find solutions.

II. RESULTS

Our hydration-site prediction workflow consists of mul-
tiple steps that are described in detail in Sec. IV. It starts
from the calculation of 3D-RISM densities [g(r)] from the
3D molecular structure of the target protein for the hydration-
site prediction. This 3D-RISM density contains the essential

TABLE I. Selection of protein structures considered in this study.
The columns represent the protein PDB ID, the number of CW
molecules present in the crystallographic structure inside the binding
pocket, the number of protein residues (amino acids) that identify
the binding pockets, the protein MW, and the resolution of the x-ray
diffraction experiment that determined the molecular structure. PDB
IDs 3b7e and 3beq are, respectively, the IDs used to register a holo
and an apo structure of the same protein.

PDB ID No. of CW No. of residues MW (kDa) Resolution (Å)

1f9g 6 25 83.7 2.0
1x70 16 18 174.9 2.1
2f9w 15 10 59.9 1.9
3b7e 28 15 86.8 1.45
4h2f 13 27 60.8 1.85
3beq 10 15 87.0 1.64

information about the water distribution around the protein.
We then describe this density as a sum of Gaussian distri-
butions whose centers are associated with the location of
the water molecules and with variances corresponding to the
uncertainty in the water position. Therefore, the problem of
locating the positions of water molecules is mapped onto the
problem of finding the best Gaussian mixture that approxi-
mates the 3D-RISM density. In Sec. IV, we give more details
about the 3D-RISM and how to interpret high-density regions,
which are the most relevant for our task. A key element put
forward in a previous work [41] and further explored here
is framing this as a QUBO problem amenable to a quantum
optimization. Once this optimization is performed, the outputs
are the 3D spatial coordinates of the most likely sites where
water molecules can be found.

This section is divided into five subsections reflecting the
workflow described above. We first present the set of protein
complexes selected for this study, including the relevant dis-
cretization and Gaussian parameters used to define our test
cases. We then report on the results of the crucial optimiza-
tion step executed on quantum computers, up to the current
hardware limits. To understand the performance of the method
beyond this limit, we also present results for large-scale sys-
tems using classical approximate optimization approaches.
Finally, we connect these optimization results to the other
components of the workflow to obtain our final hydration-
site prediction. These results are on par with, or sometimes
better than, other hydration prediction methods available in
the literature. At the end of the section, we forecast the re-
sources needed on a quantum device to achieve such problem
scales.

A. Test systems: realistic drug-protein complexes

We start by choosing the protein 3D structures required
in the first step of our workflow, shown in Fig. 9. We tested
our approach on a set of proteins of interest for health care
applications, all of them being related to human diseases for
which a drug has already been developed and later approved
by the FDA agency [44]. Table I shows the crystal structures
used in this work, each identified by their Protein Data Bank
[45] (PDB) ID. We focus our attention only on the binding
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site of each protein and show in Table I the number of crystal
water (CW) molecules in the crystallographic structure inside
the binding pocket, the number of protein residues identifying
the pockets, the protein molecular weight (MW), and the res-
olution of the x-ray diffraction experiments used to determine
the molecular structure.

The first five structures were selected out of the 108 an-
alyzed by Samways et al. in Ref. [44], and they all include
protein structures with a ligand bound to it, which are com-
monly denoted as protein-ligand complexes or holo structures.
We kept our selection small to remain compatible with quan-
tum computing resource constraints, while ensuring sufficient
diversity across protein sizes and families. For these struc-
tures, we can decide whether to include or remove the explicit
ligand molecular structure for the hydration-site prediction.
These will correspond to two different predictions, as we will
show later. Additionally, we included in this list the example
of the apo structure of PDB ID 3b7e (PDB ID = 3beq). The
term apo refers to the protein 3D conformation where no
ligand is bound to it. Knowing the differences in the protein
hydration between holo and apo structures is an important
information for drug discovery modelers. In practice, knowing
the hydration in the apo state can help the design of new
efficient binders, mimicking the protein-water interactions ob-
served in the corresponding holo structure. This additional
example complements our test set to further show the potential
of our approach for applications to real use cases in drug
discovery.

Dimension reduction

Mapping the full 3D-RISM densities of the large selected
systems would result in QUBO instances of ∼1 000 000
binary variables, which would make the corresponding opti-
mization problem unattainable for both classical methods and
current quantum computers. Therefore, to simplify the prob-
lem, one needs to define the problem on a grid coarser than
that of the initial high-resolution 3D-RISM density. For this,
we resample g(r) using a grid spacing δ larger than the origi-
nal 3D-RISM one (δ = 0.5 Å) and remove low-density values
according to an arbitrary threshold value τg (see Sec. IV).
Such a strategy impacts the hydration-site prediction accuracy,
as discussed later in the text, but enables us to address the
problem within a reasonable time using modest classical com-
puting resources, while at the same time making the problem
suitable for execution on quantum hardware by choosing pa-
rameters compatible with current limitations on qubit number
and two-qubit gates. The QUBO instances resulting from this
resampling procedure are shown in Table II, together with
the relevant parameters used to preprocess the computed 3D-
RISM density and to map them onto each QUBO problem
instance. The structures considered are a holo structure with
ligand (L), a holo structure without ligand (NL), or the apo
structure (APO) from Table I.

B. Quantum hardware demonstration of 3D
hydration-site prediction

To assess the performance of the quantum optimiza-
tion step for our 3D hydration-site prediction workflow, we
solved the underlying QUBO problem for the instances de-

TABLE II. Test cases listed by PDB ID and labeled according
to the inclusion (L) or exclusion (NL) of the ligand. We show the
number of binary variables of the associated QUBO problem, the grid
parameters (δ and τg), and the variance of the Gaussian distributions
used for each problem instance. We label each of them with the
characters from the last column for easy of reference throughout the
text. Additional details about the parameter choice can be found in
the Supplemental Material [46].

Instances No. of variables δ τg σ 2 Label

1f9g (L) 98 1.05 0.17 0.8 a
1f9g (NL) 91 1.05 0.17 0.8 b
1×70 (L) 69 0.95 0.10 0.8 c
1×70 (NL) 116 0.95 0.10 0.8 d
2f9w (L) 41 1.05 0.10 0.8 e
2f9w (NL) 92 1.05 0.10 0.8 f
3b7e (L) 71 1.15 0.10 1.0 g
3b7e (NL) 90 1.15 0.10 1.0 h
4h2f (L) 82 0.95 0.12 0.8 i
4h2f (NL) 79 0.95 0.12 0.8 l
3beq (APO) 72 1.25 0.10 1.0 m

scribed in Table II on IBM devices using Q-CTRL’s quantum
optimization solver (see Sec. IV for details). The instances
reported in Table II represent reduced-size problems selected
to fit the QPU resources currently available. They do not rep-
resent yet a full scale application, which would require more
advanced QPUs. The scope of these simulations is to demon-
strate the feasibility of our workflow on quantum hardware.
In Secs. II D and II F, we discuss in more detail problems
relevant for drug discovery applications and the resources
needed to address them with our quantum-based approach.
Exemplary results for the largest instance considered within
the test set, for instance, “d” in Table II, which requires 116
variables corresponding to 116 qubits, are shown in Fig. 1.

FIG. 1. Cost distributions for the hydration-site prediction
QUBO problem instance d as specified in Table II, requiring 116
qubits. The Q-CTRL solver output obtained using IBM Kingston
(purple bars) is compared to the optimal solution calculated classi-
cally with CPLEX (dashed red line). For reference, the results of SA
(teal bars) as well as the results of a greedy local solver (gray bars)
are displayed. Inset: Closed-up view of the near-optimal region using
finer bins.
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FIG. 2. Probability to sample the optimal solution using the Q-
CTRL solver on IBM Kingston (purple bars), SA (teal bars), and
a greedy local solver (gray bars) for the test-set instances labeled
according to Table II, with variable numbers indicated in parentheses.

It displays the cost distribution of sampled bitstrings together
with the optimal solution calculated classically using CPLEX.
For the considered problem instance size, finding provably
optimal solutions is still possible, while it becomes increas-
ingly difficult for larger-scale instances, as we show below.
The Q-CTRL solver finds the optimal solution with a sam-
pling probability of around 9%, a significantly higher success
probability than that of simulated annealing (SA), used as a
classical reference heuristic. SA results were obtained with
the Neal library [47] using a geometric temperature schedule
and 10 000 samples to evaluate the final cost distribution. A
detailed description of the annealing schedule and the option
used for all our simulation is reported in Table S1 of the
Supplemental Material [46]. Although providing an overall
distribution favoring lower-cost solutions, SA identifies the
optimal solution with a probability of only about 2%. In
contrast, a local solver that applies greedy optimization to
randomly sampled candidate solutions is significantly outper-
formed and fails to identify the optimal solution. Details on
the implementation of the local solver that can be interpreted
as a zero-temperature version of SA can be found in Ref. [43].

The same process of analyzing the QPU output and com-
paring it to the exact CPLEX solution was repeated for the
whole test set to extract the probability of obtaining optimal
solution. These probabilities are shown in Fig. 2 for all in-
stances, demonstrating that the quantum solver executed on
real hardware is able to successfully solve the hydration-site
prediction QUBO problem for a variety of systems with a
performance that is overall comparable to SA. Notably, the
quantum solver identifies the optimal solution in all cases. In
contrast, the greedy local solver only identifies the optimal
solution with a non-negligible probability for a few smaller
instances and deviates from optimality as instance size grows
(see Sec. S5 in the Supplemental Material for additional de-
tails on the cost gaps [46]).

Since for the instances considered in this work (Table II)
exact classical solvers find provably exact solutions quickly,

in practice, we would not deploy quantum resources for these
cases. Nevertheless, as the problem size grows, exact methods
typically scale poorly, and beyond a certain point, high-quality
heuristics, classical or quantum, become preferable. We, thus,
aim to identify a point where the performance of exact
classical approaches for solving these problems deteriorates,
leaving room for heuristic approaches, such as the Q-CTRL
quantum optimization solver, to yield better performance.

To determine the hardness of the hydration-site predic-
tion QUBO problems, we benchmark how the computational
complexity increases with problem scale for the exemplary
case of the 3b7e-with-ligand structure. Using CPLEX on a
standard laptop, we consider problem instances at a range of
scales, obtained by varying the grid spacing. We observe that
for 123 variables, corresponding to a grid spacing of 1.9 Å,
it is no longer possible to find the optimal solution within
a cutoff time of 3 h. As shown in Fig. 3(a), the incumbent
solution only improves in the first few steps before plateauing.
The optimality gap indicates how far the incumbent solution
may be from the true optimum and thus acts as a proxy
for solution quality. As shown in the inset of Fig. 3(a), the
optimality gap stalls around 40%, indicating that, in principle,
there is still significant room for improvement of the solution.
In fact, the incumbent CPLEX solution after the cutoff time
(Cbest, CPLEX = −319.90) is not the optimal solution: Running
the same instance with the Q-CTRL solver yields a lower cost
(Cbest, Q-CTRL = −321.32) after a total run-time of only 25 min
on IBM Pittsburgh.

Note that the results presented in Fig. 3(a) indicate that
the instance is challenging to solve for an exact solver, and
one needs to resort to approximate methods. As we see in
the output cost distributions in Fig. 3(b), both the heuristic
SA and the Q-CTRL solver yield the same best solution
cost, with the former achieving higher probability. This can
be attributed to the fact that the quantum resources required
to run this instance reach current device limits in terms of
gate fidelities, circuit depth, and T1 times. To reliably tackle
even larger problems, quantum algorithm development and
further quantum hardware improvements toward larger and
better devices must go hand in hand. The effect of the progress
on the hardware side was evident during our study: While
we were producing our results, IBM’s newest Heron r3 pro-
cessor, the ibm_pittsburgh backend, came online. We ran a
subset of test-set instances on both Heron r2 and r3 devices
and observed significant performance differences, as shown
in Fig. 4. This highlights the potential for substantial im-
provements, including the possibility of outperforming SA,
as next-generation devices arrive in line with IBM’s quantum
development road map [48]. Expected future developments
are discussed in more detail in Sec. II F.

C. Performance evaluation of 3D hydration-site prediction

Now that we have shown that, for the systems considered
so far, the optimization step of our workflow can be success-
fully solved using Q-CTRL’s solver on a quantum computer,
we can look at how these results impact the ultimate goal of
predicting the hydration sites.

The first step is to consider how to interpret the output bit-
strings corresponding to the optimal solutions as spatial water
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FIG. 3. Results for the 3b7e-with-ligand instance with a grid spacing of 1.9 Å corresponding to 123 variables. (a) Exact classical (CPLEX)
results. Main: Incumbent solution (red line) over time compared to the best solution identified using the Q-CTRL solver on IBM Pittsburgh
(dashed purple line). Inset: Optimality gap over time. (b) Cost distributions for the Q-CTRL solver on IBM Pittsburgh (purple bars), simulated
annealing (teal bars), and a greedy local solver (gray bars) are shown together with the best CPLEX solution (dashed red line).

configurations. In our QUBO formulation (see Sec. IV), each
qubit has been mapped onto a spatial location, and the values
0 and 1 correspond, respectively, to the absence or presence
of a water molecule at the point in space associated with
that register. Thus, we read the corresponding 3D coordinates
associated with qubits in state 1 and place a water at that point
in space. In practice, we only place the oxygen atom of the
water molecule, which is sufficient to identify its location.
Repeating this operation for each element of a bitstring, we
obtain the predicted water (PW) molecules configuration.

The next step is to assess the accuracy of these predictions.
It is common practice in the field to use the crystallographic
water (CW) positions to assess the quality of a given nu-
merical method aiming at identifying hydration sites [6,8–
10,13,49]. Here, we will use the CWs available in the exper-
imental data as a reference. One metric we use to assess the
quality of our predictions is the percentage of CWs that we
are able to identify. We use the character C to refer to this

FIG. 4. Probability to sample the optimal solution using the Q-
CTRL solver on the Heron r2 backend ibm_kingston (red bars) and
the Heron r3 backend ibm_pittsburgh (blue bars) for a selection of
the test-set instances labeled according to Table II, with variable
numbers indicated in parentheses.

metric, which is computed by searching for the presence of
at least one PW in a radius of 3 Å around each CW. If more
than one PW is found, we also record how many additional
PWs are associated with each CW. We consider such a set of
PWs as belonging to the same cluster. Performing this analysis
for each CW, we use as an additional evaluation metric the
average number of PWs found per CW and call it the average
cluster size (〈CS〉). We are also interested in determining how
spatially close the PWs are from the CWs. We denote this
third metric as the precision (P), which we measure both for
the closest PW associated with each CW, namely, P∗, and for
the ensemble of the cluster associated with each CW (〈P〉).
The definitions of these metrics are reported in Sec. IV.

For this performance evaluation, different aspects need
to be considered. In the first place, it is important to note
that the crystal structures used in this work have been deter-
mined with a reasonably good experimental resolution (see
Table I). This ensures that the comparison between PW and
CW is meaningful. Furthermore, the accuracy of our QUBO-
based approach also depends on the underlying 3D-RISM
densities and on how well they actually represent the water
molecule distribution in the protein. Available benchmarks
from the literature assess this factor, proving a generally good
cost-balanced 3D-RISM’s quality for hydration free-energy
prediction [50], in line with the quality requirements of fast
virtual screening tasks and systems preparation in CADD. On
top of these factors, the discretization step and dimensionality
reduction procedure we perform to map the 3D-RISM density
into QUBO (see Fig. 9) also impact the method’s accuracy. In
particular, we can expect to obtain the best mapping between
the continuous density and the QUBO when δ is equal to or
smaller than the spacing of the g(r) grid (0.5 Å) and if the τg

threshold remains negligibly small.
Based on these considerations, we explored different map-

pings between QUBO problem instances and the underlying
g(r) density. We varied the parameters used to generate sys-
tem “g” in Table II to give a fair estimation of the impact of
these approximations on the method’s performance. To do so,
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FIG. 5. Analysis of the hydration-site prediction performance
across different QUBO instance sizes for PDB ID = 3b7e from
Table I, including the ligand in the 3D-RISM calculation. Top panel
shows the performance analysis for the quantum optimization run us-
ing the Q-CTRL solver on the IBM devices, on the QUBO instances
obtained from the following parameters: σ 2 = 1.0 Å2 and τg =
0.1 are used uniformly, and, from smaller to larger instances, δ =
1.35, 1.15, 0.95 Å, to discretize the 3D-RISM density for the map-
ping onto the QUBO problem. Bottom panel shows the same analysis
performed on the classical SA results on QUBO instances obtained
from the following parameters: σ 2 = 1.0 Å2 and, from smaller to
larger instances, τg = 0.1, 0.05, 0.002 and δ = 0.5, 0.5, 0.35 Å. For
each panel, we report as follows: on the left-side plot, P* (closest
water placement precision), 〈P〉 (cluster-averaged precision), and C
(fraction of crystal waters identified), and on the right side of the
plot 〈CS〉 (average cluster size); error bars show the 95% confidence
interval for 〈P〉 and 〈CS〉. Each metric is computed as described
in Sec. IV, extracting the PWs corresponding to the best solution
obtained from the corresponding optimization.

we reduced the δ and τg parameters used in our original set
(see Table II) to increase the size and the overall complexity
of the optimization problem. We ensure that the sizes of these
problems are still tractable on quantum hardware. The results
are displayed in the top panel of Fig. 5, where the performance
metrics are computed by extracting the best solutions obtained
for each new QUBO instance using Q-CTRL’s optimization
solver. As with the cases presented in Table II, the quantum
optimizer was also able to find the optimal solution.

Both precision metrics (P∗, 〈P〉) and the fraction of suc-
cessfully identified CWs (C) consistently increase with the
size and complexity of the QUBO. The larger QUBO instance
(123 variables) is able to recover up to ∼60% of CWs, show-
ing a notable increase with respect to the 71-variable instance.
The metric 〈CS〉 exceeds the value of 1.0, which could be
related to diffused regions of high enough density that can
be mapped by more than one variable. This is not possible, or
less likely to happen, for smaller QUBO instances.

FIG. 6. Visualization of hydration-site location corresponding to
the best solutions obtained from the 123-variable instance [panel (a)]
and 900-variable instance [panel (b)] analyzed in Fig. 5. On the left
side of each panel, we show a 3D visualization of the molecular
system, using VMD software; red spheres represent the oxygen atoms
placed as a solution of the QUBO, blue the reference CWs, while
in yellow are represented all the crystal waters available in the PDB
original file. On the right side, we have a 2D space representation
of the hydration-site location obtained through a principal compo-
nent analysis (PCA) performed for an easier visualization of the
corresponding 3D space placement. Light-red squares represent the
PW location on the principal components (PC), while the light-blue
circles represent those of the CWs, with their respective numbers
reported in the legend.

To give a better idea of the results obtained from these
predictions, we report in Fig. 6(a), the 3D geometry of
the identified hydration site from the best solution obtained
on the 123-variable QUBO displayed on Fig. 5. On the left
side of the figure, the 3D structure of the binding pocket is
represented in gray, together with the oxygens of CWs present
in the original PDB (yellow spheres). We highlight the set
of water we targeted for the hydration-site prediction task in
blue, while the red spheres represent the PW locations.

The 3D visualization being hard to interpret, we performed
a PCA as a dimensionality reduction technique to better ap-
prehend the variance (difference and spread) between the two
sets of 3D coordinates, the CW coordinates and the PW coor-
dinates, in a simple 2D plot. The PCA model is fitted to the
combined 3D data (i.e., the CW and PW coordinate sets com-
bined) to find the two directions (principal components PC1
and PC2) in the 3D space that capture the maximum amount of
variance between the two sets of coordinates. Both data points
are then projected onto the new 2D space defined by PC1
and PC2, as shown in Fig. 6. As observed from the metrics
analysis, not all CWs (light-blue dots) have been identified
by at least one PW (light-red squares). The QUBO-based
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approach places roughly 60% of the CWs and the closest PWs
are placed nearby the corresponding identified CW.

D. Problem scale-up

In the previous section, we showed that the discretization
step and dimensionality reduction procedure we performed
to map the 3D-RISM density into QUBO (see Fig. 9) have
an impact on method’s prediction accuracy. For instance, the
problem instances we solved on the IBM QPU were generated
to fit the machine’s requirements, meaning that we considered
a reduced portion of the binding pockets for the systems from
Table I. Therefore, to assess the full potential of our strategy
and to showcase the performance of our approach on problems
with size and complexity relevant for drug discovery applica-
tions, we further scaled the QUBO instances complexity and
size up to better map the underlying 3D-RISM density g(r),
and we evaluated their performances. Problems of this size
cannot be solved directly on available QPUs; therefore, we
rely only on classical heuristic methods to find the hydration
sites corresponding to these scaled-up scenarios.

We kept using the 3D-RISM density computed on PDB ID
= 3b7e with ligand as example while further reducing δ and
τg. We generated QUBO instances exceeding the hardware
limitation of 156 binary variables (each binary variable being
mapped onto one qubit). The results are reported in Fig. 5,
bottom panel, together with all the parameters used to gener-
ate the QUBO instances.

Compared to the 123-variable instance, P*, 〈P〉, and C
all show a notable increase starting from the 900-variable
instance. No remarkable improvements are observed beyond
900 variables on P* and 〈P〉, while C reaches a plateau value
∼0.9 starting at 1450 variables. 〈CS〉 shows a significant in-
crease for the 6824-variables instance. Nevertheless, the 55-7
fold increase in the number of variables with respect to the
123-variable instance only corresponds to a ∼2.5 increase in
〈CS〉.

〈P〉 and 〈CS〉 both exhibit an associated statistical variance,
which we report as the 95% confidence interval. We see how
this attribute consistently decreases with the system size. We
observe the same general trend in the additional results re-
ported in Sec. S4 and Figs. S5 and S6 of the Supplemental
Material [46], reinforcing this evidence. This trend is not that
clearly followed by 〈CS〉. To support this observation, we
also report their coefficients of variation in Table S4 of the
Supplemental Material [46], computed as the ratio between
the standard deviation and the mean value of the computed
metrics. We can conclude that the PW location with respect to
the CW reference becomes gradually more robust for larger
instances, since the variability of 〈P〉 tends to become lower
while its average value increases.

Before moving to the next section, we stress that the in-
crease in the prediction accuracy and statistical consistency
with the increase of the QUBO size is also observed in
other examples taken from Table I, varying again δ and τg

to obtain QUBO instances of increasing complexity, span-
ning up to ∼6000 binary variables. The evaluations of the
resulting hydration-site predictions are reported in Sec. S4 and
Figs. S3–S6 of the Supplemental Material [46].

FIG. 7. Comparative performance analysis of different classical
methods: the two best-performing QUBO models for PDB ID =
3b7e from Table I, with ligand included in the 3D-RISM density,
characterized by 900 variables, σ 2 = 1 Å2, τg = 0.10, δ = 0.5 Å,
and 3974 variables with σ 2 = 0.8 Å2, τg = 0.05, and δ = 0.35 Å,
Hydraprot, Watgen, Placevent, and Dowser++. The figure presents
four performance metrics as a function of the number of binary
variables in the QUBO formulation. P* (closest water placement
precision), 〈P〉 (cluster-averaged precision), C (fraction of crystal
waters identified) are presented on the left plot; 〈CS〉 (average cluster
size) are shown on the right plot. Error bars show the 95% confidence
interval for 〈P〉 and 〈CS〉.

E. Comparison to other methods for hydration-site prediction

The task of predicting hydration sites in proteins is the
focus of a variety of methods [4,6,10,49]. In this section,
we compare our QUBO-based approach to a selected set of
methods from the literature. Some of them are designed to be
computationally affordable and can be used on modest-size
hardware [4,9,10], at the cost of a lower accuracy in the
prediction. Molecular dynamics and Monte Carlo-based sim-
ulations are in comparison more demanding in computational
resources, reaching higher precision in the predictions while
offering a potentially complete view on the thermodynamics
of the system [5,8]. In Fig. 7, we compare our method’s
performances to a limited selection of popular, fast classical
methods including: Hydraprot [51], a neural network crafted
for this task, Placevent [52], Watgen [53], and Dowser++
[54]. These methods are based on different algorithms and
therefore perform different types of computations with respect
to each other. A short description of these methods is available
in Sec. S3 of the Supplemental Material [46]. They have
been classified in the literature and range from the so-called
knowledge-based to deep-learning-based approaches [10,49].
They all exhibit low computational costs, only requiring, on
average, just a few minutes of computing on a regular CPU.
The selection we propose does not represent a full benchmark
of the available classical methods, which is out of the scope
of the present work. Among these methods, only Placevent
uses 3D-RISM densities to identify the hydration sites, but
is important to note that Placevent does not use a QUBO
formulation, as the one proposed in this work.

To perform this comparison, we selected the best-
performing QUBO instances for the test case of PDB ID
= 3b7e with ligand, discussed in more detail in Fig. S5 of
the Supplemental Material [46]. The solutions for these in-
stances are obtained from simulations using SA heuristic, as
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already explained above. All parameters used to generate the
QUBO instances are reported in the caption of Fig. 7, where
we included the results from both the 900-variable and the
3974-variable instances. Again, we observe an increase in
the performance of the QUBO-based method passing from
900 to 3974 variables. Most notably, P and C considerably
increase; the variance on 〈P〉 is reduced even if 〈CS〉 is on
average ∼50% larger for the 3974 instance. In other words,
with a ∼4.5-fold increase in the number of variables, only a
∼1.5-fold average increase of PW is observed.

To produce the hydration-site predictions of the selected
methods from the literature, we used publicly available codes
to run simulations on the same PDB ID and performed compa-
rable performance analysis. We were not able to generate a set
of hydration sites using WaterKit on this system, due to atom
types definition while converting the PDB file to perform the
ensemble structure generation, which is used by the software
to estimate the best water sites. We were able to do so for
another test system, reported in Fig. S7 of the Supplemen-
tal Material [46], showing quite a good performance of the
method. From Fig. 7, we observe that our QUBO approach
and Hydraprot show the best performances for this test case:
The precision metrics are similar between these two methods,
both of which substantially outperform the others. See Sec. S9
of the Supplemental Material [46] for more details on the met-
rics. Watgen identifies all the CW positions, but the average
cluster size 〈CS〉 is more than double and presents a larger
variance compared to those of QUBO and Hydraprot. This
means that Watgen has the tendency to place a large number
of water beside those corresponding to the CW sites.

Most notably, Placevent, which also uses 3D-RISM as
input, clearly underperformed with respect to the QUBO ap-
proach and also with respect to all other methods. These
observations are reinforced by a similar analysis performed
on PDB ID = 4h2F without ligand, as reported in Fig. S7 of
the Supplemental Material [46].

We conclude that the QUBO-based approach exhibits per-
formances on par with, and in some cases superior to, other
classical methods available in the literature. We can expect
from our previous results that a quantum optimization will
deliver results in at least the same range of precision when
quantum hardware at the required scale is available.

As a final remark, it is worth noting that our QUBO
simulations are based on a rather simple modeling of
the intermolecular interactions governing protein-water and
water-water interactions. All 3D-RISM simulations do not
take into account the polarization contribution to such interac-
tions. This missing physical effect is particularly relevant for
charged protein residues or highly polarizable species, such
as the water molecule itself. Including polarization would in-
crease the cost of the classical simulations required to generate
the QUBO cost function, but could potentially improve its
performance.

F. Advantage forecasting

Projecting when quantum computing will have the poten-
tial to outperform classical approaches is nuanced. To forecast
quantum advantage for hydration-site prediction, we first need
to determine when our QUBO-based hydration-site prediction

FIG. 8. Two-qubit gate scaling with problem size. For the 3b7e-
with-ligand structure, purple dots show two-qubit gate counts after
compilation for varying numbers of variables determined by the grid
spacing. A quadratic fit (red line) is used for extrapolation.

method achieves performance that is competitive with alter-
native approaches, reliably predicting crystal water positions.
Second, we need to assess when quantum computing can be
expected to outperform classical methods in solving the corre-
sponding QUBO problem instances. As a next step, we have to
estimate the quantum resources required to reach the potential
threshold. Comparing these resource requirements with quan-
tum hardware provider road maps, we can then get an idea
of when the required resources are likely to be available. In
this work, we focused specifically on IBM hardware, as our
benchmarks were run on these devices and IBM provides a
detailed public road map [48].

For the QUBO-based approach to hydration-site predic-
tion, we have seen that it becomes practically relevant at
scales on the order of 1000 variables. For the 3b7e-with-
ligand case within the specified grid extent, a grid spacing
of 0.5 Å, corresponding to 900 variables (see Fig. 5, bottom
panel), can be taken as an indicative threshold for the onset of
competitiveness with alternative approaches (see Sec. II C).
Consequently, the ability to reliably solve instances at this
scale establishes a lower bound for the definition of a potential
quantum advantage threshold.

Achieving quantum advantage requires outperforming any
classical algorithm, whether exact or heuristic. An important
milestone on the path toward full quantum advantage is the
ability to outperform exact classical solvers, a regime referred
to as quantum utility by IBM. As we have seen in our QPU
benchmarks, an exact classical solver already struggles to
solve the QUBO problem instances at a size of 123 variables,
so the 900-variable instance lies well within this regime and
can therefore be retained as a reasonable potential quantum
utility threshold.

To estimate quantum resource requirements at this poten-
tial quantum utility threshold, we compiled instances up to
156 variables to a 156-qubit Heron device and extrapolated
the scaling (Fig. 8). The two-qubit gate count scales approxi-
mately quadratically with the number of variables; under this
scaling, a 900-variable instance would require on the order
of 100 000 two-qubit gates. Comparing with IBM’s quantum
development road map [48], qubit counts around 1000 will
likely be available by 2027. The projected two-qubit gate
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requirements, however, remain out of near-term reach and
will require early forms of error correction. According to
IBM’s road map [48], error-corrected devices capable of run-
ning 100 M gates are expected by 2029. Notably, the higher
(square) connectivity in next-generation hardware, along with
improved compilation techniques, could substantially reduce
the number of gates required [55]. Note that if the gate count
can be pushed down to 15k, then the target problem scales
could be achieved as early as 2028 using IBM’s Nighthawk
devices.

To achieve full quantum advantage, the quantum approach
must ultimately outperform not only exact but also heuristic
classical solvers. However, a quantitative comparison with
classical heuristics, such as SA, at the target scale is not
yet possible because the required quantum resources are not
available. Algorithmic considerations and empirical studies
suggest that SA will increasingly struggle to find high-quality
solutions within practical run times as problem size grows
[56–58], whereas the quantum solver may benefit from a more
structured exploration of the search space, albeit subject to po-
tential expressibility limitations in the low-depth limit [59,60].
In line with the benchmarking results presented in the QPU
benchmarks section, we therefore regard it as plausible that
the Q-CTRL solver will achieve performance at least com-
parable to SA once hardware is sufficiently stable to support
reliable circuit execution at the target scale of 900 variables.
However, ultimately, any claim of quantum advantage must be
supported by empirical evidence and comparisons with state-
of-the-art classical approximate solvers; based on the above
resource estimation and IBM’s hardware road map, we antic-
ipate that the necessary tests may become feasible by 2028.

III. DISCUSSION

We tested our QUBO-based method to identify 3D hydra-
tion sites in protein pockets, using a quantum solver to find the
corresponding optimal solution. Hardware calculations have
been run on two Heron IBM’s devices (r2 and r3) using up
to 123 qubits and have been complemented by larger classical
QUBO simulations to estimate the accuracy of the approach.
Various protein-ligand complexes of interest for health care
have been used as test cases, demonstrating the feasibility of
the simulations on NISQ devices, using Q-CTRL’s optimiza-
tion solver, including Fire Opal automated error suppression
[42,43].

Comparing the small instances attainable on quantum
hardware (∼100 variables) to larger instances that can be
approximately solved through classical QUBO simulations
(∼1000 variables), we showed how the method’s accuracy
scales toward improved solution qualities. For most cases, a
good correspondence between the predicted water placement
and the reference experimental measures is achieved. We also
compared our method to a representative set of other classical
approaches known in the literature, which are not using the
QUBO formulation we proposed. From this comparison, we
observed that our QUBO approach performs on par with the
best fast hydration-site prediction methods we could test.

Moreover, we showed that, even around ∼100 variables,
classical optimization solvers fail to provide a provably op-
timal solution within a reasonable computing time, whereas

quantum optimizations or classical heuristics outperform their
best-found approximate solution. To further estimate the
quantum resource required at the utility threshold, we per-
formed a detailed resource analysis based on number of
optimization variables and on two-qubit gate counts. A 900-
variable instance (900 qubits), which would allow us to tackle
most of the industry test cases, requires on the order of 100
000 two-qubit gates and some early forms of error correction.
This should make the target problem reachable within 5 years.

This opens to the possibility that quantum optimiza-
tion might deliver a quantum advantage by providing better
solutions, or equally good solutions but at a lower com-
putational cost. It also demonstrates how practical quantum
computing could rapidly integrate CADD pipelines to perform
meaningful computations, as in the step needed to prepare
protein-ligand complexes for MD simulations required for
drug lead optimization or docking calculations.

IV. METHODS

In this section, we explain step-by-step our hydration-site
prediction workflow: from approximating the input 3D-RISM
density as a Gaussian mixture model (GMM), to optimizing
the GMM using a QUBO formalism, to the implementation
of the method on the quantum hardware using Q-CTRL’s
optimization solver on real hardware.

A. Step-by-step workflow for the QUBO-based 3D
hydration-site prediction

In Fig. 9, we show a diagram with the workflow we
followed to integrate the QUBO formulation into a com-
putational pipeline to perform the hydration-site prediction
simulations. It represents the sequence of computational tasks
we apply to perform the simulations described in Sec. II, and
to evaluate their accuracy.

The overall procedure requires to first select the 3D molec-
ular structure that constitutes the target of the hydration-site
prediction. This structure is needed to compute the 3D-RISM
density, which bears the essential information about the water
distribution around the solvated molecule, a protein in our
case. A restricted area of the molecular structure is selected,
where our attention is focused to perform the hydration-site
prediction. A set of discrete variables is used to map the
localized area’s 3D-RISM density onto a QUBO problem,
resampling such underlying 3D-RISM density on a coarse
grid to reduce the problem size and complexity. Using this
variable grid, the problem is cast into a GMM optimization
problem, and the corresponding QUBO matrix is computed.
Q-CTRL’s Fire Opal solver is used to solve the optimization
problem on a quantum hardware, and the best solution ob-
tained is interpreted as the set of positions of the predicted
water molecules.

1. 3D-RISM density computations

The very first step consists in selecting from Table I an
x-ray structure and extracting the atomic coordinates of the
system to compute the 3D-RISM continuous water density,
as illustrated in Fig. 9. To compute the 3D-RISM continu-
ous water density g(r), we used the popular AMBERTOOLS
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FIG. 9. Workflow illustrating the full-stack conversion of the hydration prediction problem into its QUBO form, followed by the translation
to a QAOA-like hybrid quantum algorithm, from which we predict the hydration sites in a protein. An initial 3D-RISM continuous water density
g(r) within the protein of choice is converted into a binary variable placement grid. This grid is used to evaluate the QUBO matrix elements
that map the information contained in g(r) into the combinatorial optimization form that we use to find the GMM that best approximates
the target density g(r). The QUBO matrix can now be injected into the digital quantum optimization solver, including the error suppression
pipeline. The output directly reads as coordinates in 3D space of the most likely sites for stable water molecules. Example structures of an apo
(gray), holo without ligand (blue), and holo with ligand (ligand in orange) are added to the diagram. A 3D-RISM density isosurface is shown
in cyan, as well as a grid of variable generated inside a focused region (green spheres inside a red square)

package, a widely used package in the community of MD
simulations [50,61,62]. More details on the software and the
parameters used to compute the 3D-RISM densities are re-
ported in Sec. S7 of the Supplemental Material [46].

The 3D-RISM theory provides probability density of all the
solvent molecules around a solute on a set of given positions
in 3D space r. It gives as output one density function for
each atom type of the solvent molecule [50,61]. In the case
of water, this means that two different sets of density can be
computed, one describing the distribution of oxygen atoms,
and one of the hydrogen atoms. High values of g(r) corre-
spond to regions with high solvent concentration compared
to the pure bulk solvent. One can interpret those high-density
regions as locations where water molecules are more likely
to be found. Such locations can correspond to thermody-
namically favorable locations, thanks to the balance between
enthalpic and entropic contributions. Such locations can also
correspond to metastable states where water molecules are
kinetically trapped due to the surrounding environment. In
our work, the solute is always represented by proteins or
proteins in a complex with a ligand. The structure of the solute

remains fixed, without any relaxation effect accounted for in
the computation of g(r), which, as a consequence, is biased
by the imposed crystal structure.

3D-RISM requires as input the 3D coordinates of each
atom of the molecular structure of the solute that one needs
to solvate. In our case, the proteins molecular structures
are stored in the PDB files we selected. In addition to the
molecular structures, 3D-RISM also requires the force field
parameters that are needed to solve the integral equations that
are the very core of the method [50,61]. For the protein, we
used the ff14SB [63] Amber force field, while the popular
SPC/E water model was used to describe the solvent [64].
The default closure, namely, the Kovalenko-Hirata (KH) clo-
sure, was employed in all 3D-RISM calculations. The main
advantage of KH compared to the hypernetted-chain closure
is the superior numerical convergence, especially for systems
such as those we study. Both closures handle Coulom-
bic interactions well, while overestimate non-Coulombic
interactions [65].

For the five holo structures presented in Table I, we pro-
vided two sets of 3D-RISM densities, one computed with
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the effect of the ligand, and one without it. In such cases,
we used the same PDB ID, the protein structure itself being
unchanged, while the electrostatic and steric effects of the
ligand in the binding pocket were taken into account (L) or
ignored (NL), resulting in a different 3D-RISM density. This
is a pure model-related information, which can be used to
estimate the ligand effect on the computed 3D-RISM den-
sity and its impact on the hydration-site prediction. Ligand
parameters for 3D-RISM calculations were derived using the
General Amber Force Field. Partial charges were assigned via
the AM1-BCC semiempirical method using the Antechamber
module in AMBERTOOLS. Missing bonded parameters were
generated using parmchk2 to ensure a complete force field
description of the ligands. PDB ID = 3beq is the only case
for which we provide only one 3D-RISM density, since it
represents the apo structure of PDB ID = 3b7e. For each PDB
ID, and each L and NL structure, the density function g(r)
was computed on a grid with 120 × 120 × 120 points with
spacing δ = 0.5 Å. The only exception is represented by PDB
ID = 1 × 70, for which larger grids have been used, with
200 × 200 × 200 points for case L and 180 × 180 × 180
points for case NL, respectively. The computed densities were
saved in a .dx format, which contains the information on
the geometry of the grid and on the point-by-point values
of the computed functions. We ran the 3D-RISM simulations
on standard CPUs, with an average simulation time of ∼30
min. For the larger boxes presented in our tests, computing
times were considerably larger, on the order of ∼3 h. Machine
learning models that predict 3D-RISM densities have been
proposed and might improve both accuracy and computational
efficiency [66,67]. Moreover, it is always possible to rely on
high-performance computing to reduce execution time, which
was not the intention in the present work.

2. Discrete variable grid and problem size reduction

The original grids used for the computation of the 3D-
RISM densities described above encompass a number of
points on the order of ∼1 000 000. The quantum hardware
resources presently available are insufficient for this prob-
lem sizes, while classical computational strategies to solve
QUBO problems of such dimensionality become extremely
expensive. Therefore, following the workflow presented in
Fig. 9, we operated a dimension reduction of the problem.
Discretizing the g(r) function on coarse grids, we generated
QUBO problems of adequate sizes for the quantum calcula-
tions performed above. First, we focused only on the binding
site of the protein. This choice is motivated by the fact that
the binding site is often the most relevant portion of the
protein for a drug discovery project. We further reduce the
size of the problem by selecting the density to be considered
in the QUBO formulation. We define a density threshold τg

to ignore locations where the density is lower than a chosen
value. This step is not necessary to model the hydration-site
prediction problem as a QUBO, but is only required to handle
the practical constraints imposed by the quantum hardware on
the one hand and to reduce the classical simulation costs on
the other.

In practice, to operate the dimensionality reduction de-
scribed above, after having computed g(r) given a pro-
tein.pdb, we proceeded as follows:

(1) We select a cubic subdomain of the density including
the protein binding pocket.

(2) The crystal waters present in the binding pockets are
selected and their coordinates are saved, since they will be
later used to evaluate the performance of the hydration-site
prediction [44].

(3) We define a QUBO problem inside the selected region,
where the variables are arranged in a regular cubic grid G with
defined grid spacing δ.

(4) We keep only the grid points located in correspon-
dence to, or close to, a g(r) value >τg.

(5) The QUBO matrix is computed on the resulting collec-
tion of grid points, using a uniform Gaussian variance at each
point, so that σ 2

i ≡ σ 2 ∀i ∈ G.

To prepare for hardware tests, we consider cubic subdo-
mains of 15 Å sides and use a coarser grid spacing compared
to the original 3D-RISM grid setup, with QUBO grid points
spacing larger than the original 0.5 Å in the 3D-RISM density.
The main parameters of the grids used are reported in Table II.
More information about the effects of the choice of δ and σ 2

is discussed in Secs. S2 and S8 of the Supplemental Material
[46] . The grid generated in this way is used to formulate the
hydration-site prediction problem as a GMM optimization,
cast as a QUBO, as shown in Fig. 9. The QUBO matrix
elements are computed on this grid and the details of the
QUBO formulation of the hydration-site prediction problem
are described in the next section.

The choice of a density threshold τg > 0 excludes de-
hydrated regions [g(r) < 1]. We acknowledge that while
density-depleted zones are often relevant for drug-designing
purposes, their explicit characterization remains outside the
scope of the present approach, which is tailored to resolve
high-probability water localization. This choice is motivated
by the formulation of the problem and the structure of the
QUBO cost function. As described in more detail in the Sup-
plemental Material [46] (Sec. S1), we subtract the bulk water
value from the 3D-RISM density so that g(r) ← g(r) − 1, and
later we scale the amplitude of each normalized Gaussian to
match the local 3D-RISM shifted density. Therefore, when
considering negative density regions, the diagonal terms in the
QUBO matrix could still be negative, incorrectly indicating
a favorable location for placing a water molecule where the
negative density actually implies no water should be present.
Furthermore, nondiagonal terms could also be potentially neg-
ative: if the two “interacting” Gaussian functions are placed
one in a negative density area and the other in a nearby
positive density region. This is in contradiction with the fact
that the nondiagonal (quadratic) terms are meant to introduce
a penalty (increase the value of the QUBO cost function) and
avoid two water molecules to be placed too close to each other.
The potential impact of failing to distinguish between positive
and negative density areas is to place water in locations with
negative density values, overpopulating nearby areas due to
the negative off-diagonal terms.

B. QUBO formulation of the
3D hydration-site prediction problem

While methods like the 3D-RISM provide a continuous
density map of water molecule distribution on a spatial grid,
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the explicit location of stable water molecules and their
thermodynamics is complementary, valuable information. Ap-
proaches such as Placevent [52] and GaSol [68] work in this
direction, extracting an optimal water network coerced by the
continuous 3D-RISM distribution.

Some of the authors proposed an alternative approach
to transition from the continuous density to a discrete op-
timization problem, approximating the 3D-RISM density
distribution with a GMM [41]. Each Gaussian component
of the GMM represents a potential, localized hydration site,
transforming the problem from continuous sampling to the
selection of an optimal subset of discrete sites [41]. The prob-
lem then becomes to find the GMM that best fits the given
3D-RISM density.

To do so, we consider a set of N potential hydration sites:
Our aim is to associate with each site a Gaussian center in the
optimal GMM, which we need to determine. We introduce a
set of binary variables, x = (x1, x2, . . . , xN ), where each xi ∈
{0, 1} is associated with the ith Gaussian component of the
GMM [41], with

(1) xi = 1 if a water molecule is placed at the ith potential
site;

(2) xi = 0 if no water molecule is placed at the ith site.
The central challenge is to select a configuration of wa-

ter sites, x, that minimizes the total system energy, while
satisfying physical constraints, such as the minimum repul-
sive distance between two water molecules. In our approach,
all the thermodynamics information is contained in the 3D-
RISM density function g(r) : R3 → R, with r being a spatial
coordinate. This function, which can be computed at a re-
duced computational cost on a predefined grid of points, has
large positive values in correspondence of locations where
the water-water and water-protein interactions are favorable
[41,61]. Therefore, we aim at finding the GMM that mini-
mizes the following L2 norm [41]:

I2 :=
∫
C

(
g(r) −

M∑
i=1

G(qi, σ
2)(r) xi

)2

dr. (1)

Expanding the square and with minimal manipulation of
the resulting terms, it is easy to see how this can be written
as a QUBO cost function. We refer to the original work for
more details on the derivation [41]. In Eq. (1), we denote by
G(qi, σ

2) an isotropic Gaussian with mean qi ∈ R3 and vari-
ance σ 2. The set of qi defines the grid in 3D space where the
binary variables are placed. Note that this grid can correspond
to the 3D-RISM one.

The hydration-site prediction problem is solved by mini-
mizing a quadratic objective function C(x), as defined by the
standard QUBO equation

min
x∈{0,1}N

C(x) =
N∑

i=1

Qiixi + 2
N∑

i< j

Qi jxix j . (2)

In this context, the coefficients of the symmetric QUBO
matrix Q ∈ RN,N are specifically engineered to encode the
energy landscape of water placement:

(1) The linear terms Qii correspond to the linear bias
applied to the binary variable xi. This term can be seen as

a self-energy term, connected to the solvation free energy
of placing a single water molecule at site i, reflecting its
interaction with the static protein environment (e.g., protein
residues and bulk solvent). A negative Qii value indicates an
energetically favorable site.

(2) Quadratic terms Qi j explicitly encode the pairwise in-
teraction energy between two Gaussians, placed at sites i and
j. This term is critical for introducing constraints. For two
sites i and j that are too close, for example, Qi j becomes a
large positive penalty value, pushing the solver toward config-
urations that avoid too close water molecules.

By minimizing C(x), a QUBO solver identifies the optimal
configuration of water sites x∗ that achieves the lowest overall
energy, while simultaneously satisfying the necessary spatial
separation constraints via the penalty terms [41]. More details
on the parameters needed to evaluate the QUBO matrix ele-
ments are discussed in Secs. S1 and S2 of the Supplemental
Material [46].

In the next section, we describe how we use the quantum
hardware, in combination to Q-CTRL’s Fire Opal, to per-
form the optimization needed to perform the hydration-site
prediction.

C. Hardware deployment of variational quantum
optimization via Q-CTRL’s fire opal

Solving binary combinatorial optimization problems, such
as the QUBO instances defined for the hydration-site pre-
diction, is a challenging task for classical computers. Exact
methods scale poorly, motivating heuristics that seek high-
quality solutions within practical run times. While fully
fault-tolerant quantum computing remains out of reach on
today’s noisy hardware, variational quantum algorithms have
emerged as practical quantum heuristics with potential ben-
efits over classical alternatives. In particular, variational
quantum optimization partitions computation between quan-
tum and classical resources: A quantum computer is used
to sample from a parametrized quantum circuit, while
a classical routine iteratively updates the circuit parame-
ters to minimize an objective function encoding the target
problem.

The prototypical variational quantum optimization algo-
rithm is the quantum approximate optimization algorithm
(QAOA), which applies layers of alternating cost and mixer
unitaries, implementing the problem’s cost function and fa-
cilitating transitions between states, respectively, to an equal
superposition initial state [69]. While QAOA admits theo-
retical performance guarantees in the large-depth limit of
many layers for certain problem types [70–72], naive, small-
depth implementations on noisy hardware often fail to deliver
high-quality solutions at practically relevant scales due to
compilation overhead, device noise, and challenging opti-
mization landscapes [73–75]. Realizing benefits therefore
requires an end-to-end pipeline with system-level optimiza-
tion across all stages.

Thus, to be able to reliably tackle the hydration-site pre-
diction QUBO problem on IBM quantum devices, we employ
Q-CTRL’s Fire Opal Optimization Solver. As detailed in Ref.
[43], the workflow comprises the following:
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(1) Ansatz setup. The input problem is specified as a cost
polynomial

C(x) = xT Qx Q = QT ∈ RN,N , x ∈ {0, 1}N , (3)

generated from the QUBO problem matrix Q as introduced
in Eq. (2). This objective is used to set up an enhanced vari-
ational ansatz circuit compared to standard QAOA. Note that
while for the hydration-site prediction we focus on quadratic
cost functions, the solver also natively supports higher-order
cost polynomials.

(2) Circuit compilation. To minimize overhead in the hy-
brid loop, the ansatz circuit is subjected to efficient parametric
precompilation, making use of an enriched gate set with pre-
calibrated, pulse-level instructions.

(3) Error-suppressed hardware execution. Within the
solver workflow, Q-CTRL’s performance management soft-
ware applies an automated error-suppression pipeline that
deterministically reduces the impact of noise and realizes
maximum hardware performance without additional sampling
overhead [42].

(4) Classical parameter optimization. The circuit param-
eters are updated by a classical optimizer configured to
maximize the efficiency of quantum-resource utilization.

(5) Classical postprocessing. Measured bitstrings are re-
fined via efficient local search correcting for uncorrelated
bitflip errors.

Leveraging this combination of techniques, the solver
has demonstrated that nontrivial binary combinatorial op-
timization problems can be solved at full device scale,
outperforming competing approaches on published bench-
marking instances [43], and enabling record-scale solutions
to real-world optimization problems [76].

D. Performance metrics

Using the combination of the technologies described
above, we were able to extract from the optimal solution
obtained on the quantum hardware the discrete positions of
the optimal network of water molecules. We assess the quality
of the PW positions against experimentally determined CWs,
which are treated as true hydration sites [6,9,10,44].

Let n be the total number of CWs and the set {ai}n
i=1, with

ai ∈ R3, their positions in 3D space. We consider that the
QUBO-based method is able to place m PWs, with {bj}m

j=1,
with b j ∈ R3 the set of their positions. m can be greater,
smaller, or equal to n. We evaluate whether at least one of
the PWs matches one of the reference CWs. Each ai ∈ R3 is
considered as a center of a sphere of radius Rs = 3 Å and if
at least one of the bj ∈ R3 is found, the CW is considered as
successfully identified.

The number n∗ of PWs that successfully identified CWs is
used to compute the fraction of identified hydration sites

C = n∗
n

∈ [0, 1], (4)

with C close to 1 meaning that the PWs successfully cover the
set of reference crystal waters. The threshold of 3 Å has been
chosen to mimic a medium-low crystal structure resolution,
being 1.5 Å or below generally considered a good resolution.

We complement this information by quantifying how many
PWs have been found in the 3 Å radius spheres around each
CW and their position. Let Ci be the PWs cluster around the
successfully identified CW i, and Ni = |Ci| be its size. We use
the union of all the Ci clusters to evaluate

〈P〉 = 1

n

n∑
i=1

⎛
⎝∑

b j∈Ci

Si, j

Ni

⎞
⎠, with

Si, j = 1

1 + ‖ai − b j‖ ∈
[

1

1 + Rs
, 1

]
, (5)

and

〈CS〉 =
∑m

i=1 Ni

m
, (6)

the averaged precision [Eq. (5)] and the average cluster size
[Eq. (6)], respectively. 〈P〉 scores the quality of identified
hydration sites based on both the number of PWs that identify
a CW and the inverse of the Euclidean distance between them
and the CWs. Si, j by itself accounts for the distance effect, re-
warding closer placements. 〈P〉 penalizes placement methods
that provide large, diffuse clusters, overestimating the number
of PWs around a single CW position. At the same time, it
penalizes methods that are not able to successfully identify
all CWs positions. 〈CS〉 gives a quantitative information on
average size of the identified clusters Ci. Both metrics are
designed so that a value close to 1 represent a good scoring
for a hydration-site identification method. For both 〈P〉 and
〈CS〉, we evaluate the 95% confidence interval (CI95), com-
puted using the standard error of the mean from their standard
deviation.

In addition to their average and CI95, we compute the
coefficient of variation (CV) that measures relative variability
of the metrics and is defined as the ratio of standard deviation
and the mean. A robust prediction is associated with a low CV
value.

At last, we complement these metrics with the single clos-
est water precision (P∗), defined as

P∗ = 1

n

n∑
i=1

S∗
i , with S∗

i = max
b j∈Ci

(Si, j ). (7)

This metric quantifies how precise is the identification of each
hydration-sites CW based on the single closest PW position,
b∗

i , within the cluster Ci, ignoring the cluster size and the other
points of the cluster.

In Sec. S9 of the Supplemental Material [46], we show
the effect of smaller thresholds on the computed metrics, con-
sidering the PDB 3b7e, which has the best x-ray experiment
resolution between our example (1.45 Å) and has been used
as test case for a number of comparisons in this work.
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