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ABSTRACT: Free energy calculations are at the heart of physics-based analyses of biochemical
processes. They allow us to quantify molecular recognition mechanisms, which determine a wide
range of biological phenomena, from how cells send and receive signals to how pharmaceutical
compounds can be used to treat diseases. Quantitative and predictive free energy calculations
require computational models that accurately capture both the varied and intricate electronic
interactions between molecules as well as the entropic contributions from the motions of these
molecules and their aqueous environment. However, accurate quantum-mechanical energies and
forces can be obtained only for small atomistic models and not for large biomacromolecules. Here, we demonstrate how to
consistently link accurate quantum-mechanical data obtained for substructures to the overall potential energy of biomolecular
complexes using machine learning in an integrated algorithm. We do so using a two-fold quantum embedding strategy where the
innermost quantum cores are treated at a very high level of accuracy. We demonstrate the viability of this approach for the molecular
recognition of a ruthenium-based anticancer drug by its protein target by applying traditional quantum chemical methods. As such
methods scale unfavorably with system size, we analyze the requirements for quantum computers to provide highly accurate energies
that affect the resulting free energies. Once the requirements are met, our computational pipeline, FreeQuantum, is able to make
efficient use of the quantum-computed energies, thereby enabling quantum computing-enhanced modeling of biochemical processes.
This approach combines the exponential speedups of quantum computers for simulating interacting electrons with modern classical
simulation techniques that incorporate machine learning to model large molecules.

1. INTRODUCTION
Free energy calculations represent the state-of-the-art method
for predicting the affinity between biomolecules in aqueous
solution. These methods provide an atomistic understanding of
molecular recognition and ligand binding.1−3 This under-
standing is key to deciphering the mechanisms that underlie
processes in cells, with far-reaching consequences for biological
function and hence for disease and health. For these reasons,
free energy calculations are increasingly implemented as part of
strategies for discovering and improving small molecule
modulators of biological function.4,5

For biomolecular recognition driven by a change in free
energy, the prototypical example is the interaction of a ligand
(such as a small-molecule drug) with a biomacromolecular
target, typically a protein. The ability to predict such free
energy differences with high accuracy and speed�and for a
wide range of types of molecules�would enable a revolu-
tionary ability to describe biological processes at the molecular
level, engineer proteins for predefined functions, and improve
the treatment of diseases via improved drugs. The accurate
calculation of the free energy difference of such a binding
process, however, requires one to deal with the enormous size

of the configuration space that must be sampled for a proper
representation of the thermodynamical ensemble. For each
sampled atomistic structure, furthermore, an accurate estimate
of the interaction energy needs to be computed.
While the sampling is a computational problem that in

principle can be dealt with by well-established approaches,6,7

the interaction energy computation would be more accurate
when based on a quantum-mechanical description of the
electrons, in particular for complex molecular systems that are
difficult to handle with standard force fields. Machine learning-
based potentials provide a potential route to bridge the
accuracy of quantum chemical calculations with the sampling
needed for accurate biological free energy calculations.
Previous work in this area has, for example, used various
flavors of such potentials�typically trained on density
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functional theory (DFT) calculations across a broad set of
fragment molecules�to perform free energy calculations.8−12
Accurate quantum-mechanical calculations carried out by

traditional computers, however, scale highly unfavorably with
system size and are, therefore, almost always out of reach for
routine studies of ligand binding. The basic reason for this can
be found in the exponential overhead in the memory
requirement for the description of a quantum-mechanical
system on a traditional classical computer, even if only the
protein−ligand interface is treated in a fully quantum-
mechanical way. A future quantum computer, by contrast, is
in principle able to represent the entire wave function, since
the number of qubits required scales linearly with the number
of electrons, opening the potential to overcome this ‘curse of
dimensionality’.13−15

To realize this potential, energy-sampling methods must
leverage highly accurate quantum-mechanical calculations;
however, current computational pipelines are not set up to
handle such high-level methods�neither for calculations that
can be carried out with traditional quantum chemical methods
today nor for those carried out with future quantum
computers. Without this capability, the promise of quantum
computing for broad application in biochemistry remains
unclear.
We note that in different biomolecular situations, there are

different levels of importance of the energetic contributions
when compared to the entropic contributions. In Figure 1, we
sketch this ‘biomolecular quantum simulation quadrangle’ with
low versus high complexity of energy when compared to
entropy and give key examples. The situation with low entropic
complexity ranges from simple closed-shell molecules (such as
a single water molecule), which can be tackled with traditional

methods, to open-shell 3d transition-metal clusters (such as
the FeMo-cofactor of nitrogenase) for which traditional
methods struggle but quantum computing is promising.16

The situation with high entropic complexity ranges from the
case of comparatively weak electronic correlations (including
most biochemical situations) to the case where high electronic
complexity meets large configurational freedom (e.g., the FeFe
hydrogenase, which involves an iron−sulfur cluster as an active
site whose mechanism depends on the configurational
flexibility of the surrounding protein scaffold.17−19 We note
that for many systems in the top-left corner of the quadrangle,
standard force fields can, in principle, perform well, especially if
the system only has top-row elements from the periodic table.
However, in the presence of transition metals, accuracy is often
poor.
In previous work,20,21 we developed an approach exploiting

the concept of hybrid machine learning/molecular mechanics
models,22−24 including nonequilibrium switching corrections
for free energy calculations,25−28 to predict binding free
energies accurately. There, we already demonstrated that (i)
we can efficiently represent a hybrid low-cost-quantum−
classical model of a protein−guest complex by a machine
learning potential from which a free energy of binding can be
obtained20 and that (ii) this machine learning model can be
improved by transfer learning with local high-accuracy
quantum energies obtained in a second embedding by
traditional computations,21 where small quantum cores are
embedded in the large, low-cost quantum region of the hybrid
model.
In this work, we present a framework and implementation of

an end-to-end pipeline for the calculation of free energies that
makes efficient use of expensive, high-accuracy quantum-
mechanical calculations. We demonstrate the accuracy,
reliability, and plasticity of our algorithmic workflow using
the example of a ruthenium-based anticancer compound
binding to a target protein (GRP78/NKP1339), where the
quantum data are obtained by traditional quantum chemical
wave function-based methods. Our pipeline has the flexibility
to allow for the direct replacement of this traditional
computing engine with a quantum computing engine. We
provide requirements for when this replacement will impact
the free energy calculation. This is an important step toward
charting and realizing the conditions for quantum advantage in
computing free energies for large and complex biological
systems.
For a graphical representation of our FreeQuantum pipeline,

see Figure 2.
We demonstrate the FreeQuantum pipeline by calculating

the free energy of binding of the aforementioned open-shell,
transition-metal-containing anticancer drug to its protein target
using a series of traditional correlated electronic structure
methods. Based on our earlier work developing qubit-efficient
quantum algorithms for ground state energy estimation,29−31

as well as algorithms based on the qubitization frame-
work,32−34 we can exploit this example to arrive at general
conclusions for the constraints on future quantum computers
to achieve a quantum advantage in the general field of
atomistic modeling for free energy calculations in biochemis-
try.
The remainder of this paper is organized as follows. In

Section 2, we describe the scientific aspects of the computa-
tional pipeline as well as the results from a pipeline run for the
anticancer drug−host complex obtained with traditional

Figure 1. Biomolecular quantum simulation quadrangle: the
complexity of the electronic structure problem is indicated on the
horizontal axis. The importance and complexity of the sampling
problem are indicated on the vertical axis. Considering the four
paradigmatic situations where the energetic and entropic complexities
are low or high gives rise to four quadrants. In each quadrant, we
indicate a characteristic example.
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computational methods. In Section 3, we discuss the prospects
of future quantum computing methods. Emerging from an
analysis of the quantum resources required for impacting the
free energy calculation for the ruthenium-based system, we
offer general insights into quantum advantages in computa-
tional molecular biology. A conclusion is offered in Section 4.
Additional technical information is provided in the Appendix.

2. THE COMPUTATIONAL PIPELINE FREEQUANTUM
The partition function Z of a molecular system in the Born−
Oppenheimer approximation is given by

Z R H Rd tr exp( ( ))N3 nuc= (1)

where
k T

1

B
= is the inverse temperature with kB the

Boltzmann constant and T the temperature. H(R) is the
electronic Hamiltonian for given nuclear coordinates R of the
Nnuc nuclei. We include in H(R) the electrostatic interaction of
the nuclei. At ambient temperature in biological systems,
higher electronic states can be neglected, resulting in the
approximation tr exp(−βH(R)) ≈ exp(−βEg(R)), where Eg(R)
is the electronic ground state energy for a fixed nuclear
configuration; varying over R gives the potential energy surface
(PES).
Thermodynamic quantities, such as the Gibbs free energy G

can be obtained from Z and therefore involve a sampling
problem over a vast PES. We do this by traditional molecular
dynamics methods, which carve out a discretized trajectory of
nuclear positions with the help of a force field. We can restrict
to states with specific properties, e.g., bound or unbound for
our protein−ligand system, and indicate this in the subscript.

Our main goal is the computation of the difference

G G Gbinding bound unbound= (2)

to high accuracy as this is key to any design attempt that would
rely on differences of ΔGbinding obtained for different host
molecules (for instance, within a drug discovery campaign).
For each step in the trajectory, we therefore have to compute
the ground state energy, i.e., the corresponding point on the
PES with high accuracy. Ideally, we would employ a full
quantum-mechanical energy calculation. As the system consists
of thousands of atoms, this is infeasible, and we resort to a two-
fold quantum embedding strategy resulting in a three-layer
quantum-in-quantum-in-classical embedding (QM/QM/
MM).
As in refs 20 and 21, we begin by considering the initial force

field (MM) that has been used for the trajectory computation.
We then choose the quantum region, which will be treated
with DFT, giving rise to the QM/MM embedding. As the
computation of the DFT data is more expensive, we do not
compute it for every point on the trajectory but only for some,
which we then use to train an ML potential in an active
learning loop (ML1). To obtain further refinement, we identify
one or more quantum cores within the quantum region, giving
rise to the QM/QM/MM embedding. The energies of the
quantum cores can be computed with traditional quantum
chemical methods (currently) or quantum computing (in the
future). In either case, these data points are used to obtain a
refined ML potential (ML2), replacing ML1 via transfer
learning.
In the following, we describe the main aspects of the

implementation: first, regarding the free energy perturbation

Figure 2.Workflow of the FreeQuantum pipeline: after a structure preparation step for the host protein and bound guest molecule by equilibration
(gray), structural sampling with classical force fields starts in an initial alchemical free energy perturbation (FEP) step (red, top). The structures are
then forwarded to the hybrid QM/MM modeling step, which defines the quantum region that covers the parts of the protein−ligand system that
must be subjected to a quantum-mechanical description (orange). For the resulting QM/MM structures with associated energies and forces, a first
machine learning (ML) potential (ML1) is trained with an active learning loop to interlace the QM subsystem data with the MM force field data
(turquoise, top). The loop involves nonequilibrium (NEQ) switching calculations, the final result of which is output as the MM + ML1 FEP (red,
middle). In a further step, the QM/MM hybrid model is refined by introducing a second type of embedding, where quantum-in-quantum
subregions (quantum cores) are defined (blue), for which highly accurate quantum-mechanical calculations are then carried out, either by
traditional quantum chemical calculations or by future quantum computation (violet). The resulting QM/QM/MM data are fed into a refining
process of the earlier ML model (ML1) by transfer learning (turquoise, bottom). Sampling from this refined model (ML2) yields the third tier of
free energy results (red, bottom). With the active learning and the FEP calculations, we automated all parts of the pipeline, which otherwise would
require frequent manual intervention and substantial human time.
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method; second, regarding the ML potentials; and third,
regarding the quantum embedding.
2.1. Free Energy Perturbation

The calculation of the binding free energy ΔGbinding = Gbound −
Gunbound by direct computation of the free energies as outlined
above is challenging, as the molecular dynamics simulation
used in order to sample the phase space is slow and would
therefore only explore a very small part. This leads to large
uncompensated errors when computing free energy differ-
ences, since the sampling for Gbound and Gunbound is over
distributions with little overlap.
Free energy perturbation (FEP) offers a way of avoiding this

difficulty by telescoping the expression

G G G G
k

s

G

bound unbound
1

1

k k

k

1
=

=
+Ö́ÖÖÖÖÖÖÖÖÖÖÖÖ ÆÖÖÖÖÖÖÖÖÖÖÖÖÖ

(3)

with s steps along a path (e.g., a reaction coordinate)
parametrized by λ (see ref 15 and Figure 7). Here, 1 = λ1 >
... > λs = 0, where 0 and 1 correspond to the unbound and
bound situation,6 (Section 1.3), and where Gλ dk

and Gλ dk+1

involve very similar sampling when suitable paths are chosen,
giving rise to error compensation and thus to an effective
algorithm.7

An elegant alternative strategy that connects the thermody-
namically stable states with a path is to introduce an unphysical
parameter into the Hamiltonian and to change this parameter
so as to walk along the resulting ’alchemical’ path. In protein−
ligand binding, this parameter simply switches off the
interaction between protein and ligand:

H H H Hprotein ligand interaction= + + (4)

This defines Gλ with Gbound = G1 and Gunbound = G0 = Gprotein +
Gligand.
This idea is especially useful, as it can be easily adapted to

tackle the solvated situation, where it is hard to find a reaction
coordinate path due to the presence of water molecules. Here,
one first switches off the protein−ligand interaction in the
solvated complex. The result corresponds to the sum of the
solvated protein and the ligand in vacuum. Considering now
the ligand separately, one can switch on the interaction with
surrounding water molecules, resulting in

G

G G G

G G

( )

( )

G

G

solvated binding

solvated complex solvated protein ligand

ligand solvated ligand

partially solvated binding

ligand solvation

= +

+

Ö́ÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖ ÆÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖ

Ö́ÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖ ÆÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖÖ
(5)

The telescoping sum (3) can be used for each of the two free
energy differences on the right, leading to the alchemical FEP
method that we implemented.35−37 Here, the free energy
differences ΔGλdk

are determined jointly using the multistate
Bennett acceptance ratio (MBAR),38 which has low variance
and bias. We carefully choose the step sizes to ensure sufficient
overlap of the potential energy distributions along the steps
taken on the path, so that the free energies computed with
MBAR are reliable.

2.2. Machine Learning Potentials

Training a system-specific ML potential from scratch requires a
training set with a large number of representative structures. It
is common to use both energy and force information
(analytical derivatives), and this is done within an active
learning loop in order to obtain ML1. Starting with 2000 QM/
MM data points, as is done for similar ML potentials, we use
90% of the random structures for training and the rest for
validation and train the potential until the root-mean-square
error has converged. We then use this potential for
nonequilibrium switching (NEQ), a step in our FEP
computation during which new structures with high
uncertainties are encountered. At this point, the active learning
process begins, new QM/MM reference data for these
structures are generated, and the training is repeated as
described until convergence.
For the second embedding leading to ML2, active learning is

a challenge, as the forces are not directly available in our
embedding approaches (see below), and training solely on
energies requires significantly more training data, as noted in
the training of ML1.21 We address this challenge using transfer
learning, which allows us to refine ML1 directly with sparse
high precision data, a strategy that has previously shown good
results.39,20 To select the structures, we calculate the median
energy of the QM/MM energies and then calculate QM/QM/
MM energies for all structures whose QM/MM energies are
within 400 kJ/mol of the median. This eliminates artifacts from
unphysical structures. In total, we used 4570 reference
conformers for the protein−ligand complex and 5441 reference
conformers for the solvated ligand in order to refine the ML1
potential energy surface in the transfer learning step to ML2.
2.3. Quantum Embedding

In the following, we will explain the construction and choices
made in the quantum-mechanically refined PESs. To begin
with, the free energy sampling is conducted via molecular
dynamics simulations on the PES corresponding to a standard
force field, with the equilibrated structure as a starting point.
The energies and forces are expected to be inaccurate in
certain areas of the PES due to quantum-mechanical effects. It
is, therefore, desirable to switch to a quantum-mechanical
description of the protein−ligand system. Since the system is
too large, this is out of reach, even in principle, with traditional,
high-accuracy classical computation. Such systems could, in
principle, be represented on a quantum computer, but they are
expected to remain out of reach in practice for at least the
coming decades. A full quantum-mechanical representation of
the system, however, is also not needed as the relevant
quantum-mechanical effects in biochemical systems are
localized. Furthermore, the errors in some localized regions
are likely to be the same throughout all of the calculations,
therefore leading to error cancellation since we are looking at a
free energy difference. In the case of protein−ligand binding,
the most relevant region is the interface of protein and ligand,
in our case including the ligand, as it is small.
Quantum embedding methods allow us to define and

incorporate a quantum region within a larger classical
environment. The total energy is then the sum of the energy
of the outer part (EMM) and the ground state energy of an
electronic structure Hamiltonian of the quantum region in an
effective MM potential from the outer part

H H Vquantum region electronic,quantum region interaction,MM= + (6)

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.5c02088
J. Chem. Theory Comput. 2026, 22, 4329−4345

4332

pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.5c02088?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


As the required quantum region would still involve thousands
of orbitals, an exact quantum-mechanical treatment remains
out of the question for traditional methods and also for the
foreseeable future on quantum computers. An approximate
treatment with DFT is possible but leaves us with large and
uncontrolled errors, which are not systematically improvable.
As those DFT errors are expected to be further localized, we
resort to an additional quantum-in-quantum (QM/QM)
embedding. Here, we identify one or more smaller ‘quantum
cores’ inside the quantum region, which we treat with accurate
wave function methods embedded in the larger quantum
region, which we treat with DFT. The Hamiltonian for the
core consists of the electronic part plus an additional external
potential coming from the quantum-in-quantum embedding:

H H Vquantum core electronic, quantum core interaction, DFT= + (7)

Thus, we obtain a quantum-in-quantum-in-classical embedding
(QM/QM/MM).
While it is desirable to let the quantum region cover the

entire protein−ligand interface, which includes the small
ligand, we here focused the quantum region on the ligand
only in our ruthenium-compound pipeline run. We note that
this still incorporates some of the quantum-mechanical
interaction effects between host and ligand due to the external
potential on the ligand (see eq 6). We have also chosen the
quantum region and the quantum cores manually, but note
that an automated algorithm for quantum region selection is
implemented and can be used in the future.40,41

2.4. Quantum Engines

The pipeline is set up such that the size of the quantum cores,
to be treated with wave function-based methods, can be
adjusted both to the protein−ligand complex at hand and to
the computational resources available. At present, the
computational resources consist of high-performance com-
puters with which we have carried out quantum chemical
calculations, as we discuss below. We highlight again that the
curse of dimensionality will ultimately limit the ability of these
computations to capture the correlations of large quantum
cores, and at this point, it would be advantageous to replace
them with quantum computations. The development of both

quantum algorithms and quantum hardware is rapid and has
the potential to be a game changer within our approach, as we
detail below.
In the full run of our pipeline on the ruthenium drug−

protein complex, we have used a Huzinaga-type projection
embedding.21 Here, a single core is created inside the quantum
region. Since not all of its orbitals can be considered in a single
energy calculation due to its large size, we have resorted to a
complete active space (CAS) approach, which can deliver the
static correlation with the help of a full configuration
interaction (FCI) wave function in a restricted space of
orbitals.42 The choice of active orbitals has been made with the
autoCAS algorithm.43 This algorithm enables a straightforward
and fully automated selection of active spaces in a rigorous
way.44 We rely on the density matrix renormalization group
(DMRG) as a proxy for the full configuration interaction
(FCI) calculation.45 To account for the dynamic correlations
that cannot be captured within the CAS realm, we use second-
order N-electron valence state perturbation theory
(NEVPT2).45

To achieve high flexibility for the application of quantum
algorithms, FreeQuantum can employ a second, complemen-
tary embedding strategy based on bootstrap embedding.46,41

Here, several smaller overlapping quantum subsystems are
chosen within one quantum core, each of which is subjected to
an energy calculation before being embedded in a consistent
manner into the (larger) quantum core. The size of these
subsystems, however, affects the accuracy (see the Appendix
Figure 8 for results on our Ru-drug example), but this can, in
fact, be increased with future quantum computing methods.
In general, both the Huzinaga-based projection approach

and the bootstrap approach can exploit quantum computa-
tional resources in different ways. For a multiconfigurational
(strong correlation) problem, for instance, projection embed-
ding would allow FreeQuantum to choose an active orbital
space within a quantum core for an exact diagonalization
approach, with subsequent treatment of the remaining
dynamic correlation, whereas bootstrap embedding would
dissect the quantum core into smaller overlapping subsystems,
so that all orbitals per subsystem can be subjected to exact

Figure 3. (a) Host−guest complex of the chaperone BiP (binding immunoglobulin protein) (the protein host) with the ruthenium transition-metal
complex (the small-molecule guest, highlighted in the blue circle in ball−stick representation, with carbon atoms in gray, chlorine atoms in green,
nitrogen atoms in blue, hydrogen atoms in white, and Ru in orange; the Lewis structure is given in the lower left corner). The QM region in the
QM/MM model is the complete Ru-drug molecule, whereas the quantum core for the QM-in-QM embedding is highlighted in the blue hexagon of
the Lewis structure (a larger version of this figure is available in the appendix in Figure 9). (b) Overview of the binding free energies (in kJ/mol)
obtained at different stages of the FreeQuantum pipeline and with different quantum chemical methods to treat the quantum core (see Methods for
an explanation of all acronyms). Next to the results for the ruthenium drug−protein complex, we provide our previous results for another protein−
ligand system, the myeloid cell leukemia 1 (MCL-1) protein, dysregulation of which is associated with various cancers, inhibited by the small
organic closed-shell molecule 19G, for which classical force fields (MM) work very well and an experimental reference is available. The error bars
are determined as in ref 21, eq 14.
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diagonalization (rendering a dynamic-correlation treatment
unnecessary).
2.5. Example Application of the Pipeline:
Ruthenium-Based Anticancer Drug

We have run the full FreeQuantum pipeline on the binding of a
small-molecule drug to a protein. The chosen molecule
NKP1339 (synonyms are IT-139, KP-1339)47,48 causes cell
death through apoptosis via several mechanisms, one of which
is the inhibition of the Hsp70-family molecular chaperone BiP
(binding immunoglobulin protein), which regulates the
unfolded protein response.49,50 An illustration is shown in
Figure 3a.
As a case of molecular recognition of a small molecule by a

large biomacromolecule, which always requires sampling of the
configuration space accessible to the emerging host−guest

complex and comparing it to the configuration space relevant
for the separated molecules in solution, the chosen case
represents, as desired, a high-configurational situation. Metal
atoms and their coordination spheres are usually hard to
describe with classical force fields. The ruthenium transition-
metal complex, furthermore, makes the whole system open
shell. The electronic ground state is a spin doublet, further
highlighting the need for a quantum-mechanical description.
The resulting metal−drug protein complex, which belongs to
the top left in the biomolecular quantum simulation
quadrangle, is therefore an excellent example to demonstrate
the developed FreeQuantum pipeline.
The full run predicts binding with a binding free energy of

ΔGbindingMM = −19.1 ± 1.5 kJ/mol for a pure MM description and
ΔGbindingMM+ML1 = −17.0 ± 2.6 kJ/mol for the first embedding

Figure 4. (a) Maximal number of gates per circuit with target accuracy of 0.001 Hartree for active spaces of the ruthenium ligand for partially
randomized Trotter (in dependence of overlap) and qubitization. arcsin 1= , where η is the overlap. (b) Total number of gates per circuit with
target accuracy 0.0016 Hartree (4.2 kJ/mol) for active spaces of the ruthenium ligand for partially randomized Trotter (in dependence of overlap)
and qubitization. (c) Number of qubits needed in dependence of the above algorithms and overlaps. The product-formula-based methods can
avoid all ancilla qubits, at an increased cost of synthesizing single-qubit rotations. (d) Overlap with the ground state for different types of guiding
states for the ruthenium system with increasing number of orbitals in the active space. As a proxy for the ground state, we used a converged DMRG
state. In orange, the Sum-of-Slater (SOS) overlap with 4 × N Slater determinants, where N is the number of orbitals of the active space. In blue is
the overlap of a matrix product state (MPS) obtained by truncating the DMRG state to the indicated bond dimension χ, and in green is the overlap
with the Hartree−Fock state (HF). This indicates that good overlap states that can be prepared on a quantum computer exist for our system of
interest. (a−d) For details regarding the graphs, see Appendix.
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approach. The QM description in this first embedding hybrid
model was based on DFT, with all shortcomings of
approximate exchange−correlation density functionals. There-
fore, it is an excellent case for the three-layer QM/QM/MM
description, for which we obtained ΔGbindingMM+ML2 = −11.3 ± 2.9
kJ/mol for our most advanced wave function methods for the
core (NEVPT2 on top of CAS configuration interaction, CAS-
CI). Figure 3b presents these results together with the data
from a QM/MM embedding based on DFT20 (right column).
Figure 7 presents the distribution of energies of the embedded
cores for the first and second embeddings, as well as their
difference, illustrating that the embedding strategy fundamen-
tally changes the energy landscape.
In Figure 3b, we also provide in the middle column

corresponding data for a different system involving an organic
closed-shell ligand denoted MCL-1/19G.20,21 We have used
this system, for which reliable classical force field and
experimental results are available, in earlier work as a
benchmark to demonstrate that our nested embedding
approach based on accurate coupled cluster data reproduces
this reference. For the ruthenium drug, we here find a coupled
cluster result that deviates by about 6−8 kJ/mol from the DFT
and MM results, respectively. At the same time, the NEVPT2
result agrees with the coupled cluster data (−10.8 kJ/mol for
the unrestricted coupled cluster and −11.3 kJ/mol for
NEVPT2), indicating that both electron correlation methods
achieve the same high accuracy for this system. Hence, with
our best first-principles approaches, we obtain a free energy of
binding for the ruthenium drug of about −11 kJ/mol, which
we may consider as a prediction to be challenged by
experimental work in the future.
The results on MCL-1/19G also suggest that the error

inherent to any embedding approach can be kept small enough
such that our strategy allows us to take into account the impact
of high-accuracy quantum chemical calculations in a bio-
logically relevant case. However, this strategy also has intrinsic
limitations due to the curse of dimensionality. First, any wave
function-based traditional method lacks guarantees on the
energies, which may therefore compromise the accuracy of the
final free energy. Second, it will be severely limited in its
applicable size. As we will emphasize, quantum computation
has the potential to overcome both problems and thus lead to
biological quantum advantage. We will provide estimates of the
size, quality, and speed of future quantum computers to realize
this potential.

3. THE POTENTIAL OF QUANTUM COMPUTING
In the future, the energy computation of the quantum cores
may be carried out with quantum algorithms on quantum
computers. Indeed, one of the main motivations of the
FreeQuantum pipeline is to anticipate the potential of
quantum computation for electronic structure computations
and their application to biological problems. In this section, we
discuss the options and prospects and give concrete resource
estimates for the ruthenium drug−protein complex.
The number of high-accuracy energy data points required

depends on uncertainty quantification during machine
learning. For the chosen complex, this is found to be around
4000. The required energy accuracy is chemical accuracy (i.e.,
about 1 kJ/mol), but generally depends on the region where
the sampling happens and is again determined by the
uncertainty quantification of the ML potential.

The algorithmic framework for computing the ground state
energy of the quantum core Hamiltonian is quantum phase
estimation (QPE). While there exist variational alternatives for
ground state energy computation such as the variational
quantum eigensolver (VQE), for generating training data the
accuracy guarantees of QPE are valuable, and VQE suffers
from fundamental computational limitations for larger
systems.52 QPE requires the preparation of a guiding state
|ψ⟩ on the quantum computer with significant ground state
overlap and simulation of the Hamiltonian evolution on the
quantum computer. For Hamiltonians in biochemistry, finding
guiding states with high ground state overlap is possible in
many cases,31,53,54 and we also confirm this for the described
choice of quantum cores for our ruthenium system. This is
shown in Figure 4. We find that the Hartree−Fock state
(which is trivial to prepare on a quantum computer) provides
sufficient overlap even on fairly large active spaces. Higher
overlap is obtained by considering guiding states consisting of
a linear combination of a small number of Slater determinants.
Low bond-dimension matrix product states (MPS), which can
easily be prepared,53,54 achieve very high overlap.
The main computational cost is derived from the

Hamiltonian simulation, which depends on the required
precision and the number of orbitals. We consider two
regimes: the first is a regime in which the number of qubits is
limited (note that 2N qubits are required to represent a state in
an active space of N spatial orbitals), and the second is a
regime where a significant number of qubits can be used as
ancilla qubits. In the first regime, we consider single-ancilla
QPE in conjunction with partially randomized product formula
(Trotter) methods29 and qDRIFT.55,29 If there is a high-
overlap guiding state, this can be used to reduce the number of
gates per circuit (at the expense of running more circuits),
allowing for some degree of parallelization and milder noise
requirements, which may be valuable for early fault-tolerant
hardware. In this example, such states are indeed available,
making this a relevant trade-off (but we note that ideally the
classical computational cost of finding these states should also
be taken into account). In Figure 4, we show the maximal
number of gates per circuit, as well as the total cost, needed for
the ruthenium system with varying active space sizes. These
estimates require knowledge of the Trotter error and are
informed by a calculation of the Trotter error on this system
carried out on HPC and GPU clusters with exact state vector
simulations of up to 36 qubits.30 In the second regime, when a
significant amount can be used as ancilla qubits, qubitization
methods outperform product formula-based methods when
total runtime is considered; resource estimates for qubitization
are also shown in Figure 4.
The runtime resulting from the gate counts reported in

Figure 4 depends strongly on the hardware, as well as the fault-
tolerant architecture. In order to get a rough idea of the
concrete quantum resources required, let us see what is
required for a single energy computation to be performed
within 20 min (which would correspond to two months for
4000 data points of training data of the pipeline). We first
consider the case of an active space of 30 spatial orbitals, which
has previously been identified as a point where comparison to
traditional methods becomes relevant.34 In this case, the
Trotter-based algorithm requires at least 60 qubits to represent
the state and gate errors below 10−7, as shown in Figure 4. A
computation time of 20 min per energy can be reached if the
average gate time is below 1 × 10−7 s. Outperforming DMRG
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will require larger active spaces; here, we consider 60 spatial
orbitals. While product formulas have benefits in terms of the
number of logical qubits and the possibility of breaking up into
smaller circuits, at this system size the total runtime becomes
the dominating factor, and qubitization-based methods are
more relevant. With around 1000 logical qubits, gate errors
below 10−10, and an average gate time of 10−7 s, the
qubitization resource estimates reach the 20 min target.
Further optimization of qubitization-based methods is likely to
reduce this cost by one to two orders of magnitude.56,57 In
order to fully take into account dynamical correlation, we
could either increase the number of orbitals further, thereby
avoiding NEVPT2 altogether, or use quantum algorithms to
compute such perturbative corrections.58

To put these numbers in perspective at the hardware level,
current parameters for superconducting qubits are on the order
of 5 × 10−8 s gate time and 5 × 10−3 error.59 In ion-based
platforms, two-qubit gate times of around 10−4 s at gate errors
3 × 10−4 have been reported.60 Using fault-tolerant techniques
to achieve the required accuracy will lead to an increased
average time per logical gate, showing that high gate speed,
parallelization, and low time-overhead fault-tolerant operation
will be crucial for sufficiently fast operation.
While quantum computers based on superconducting qubits

and ions are currently the most mature platforms, other
architectures exist and are under constant and rapid develop-
ment. In particular, quantum computers based on neutral
atoms in optical tweezers have been shown to scale well to
many qubits and offer flexible connectivity.61 In this context, it
is important to note that our pipeline is agnostic to the exact
type of quantum computer employed, making it a future-proof
and versatile software solution.
Parallel computation of the energies is possible in our

current implemented pipeline if several quantum computers
are available, allowing us to reduce total wall-clock runtime.
We note that, to compare favorably to experimental efforts, it
would be required to execute the entire pipeline within a time
frame of 24 h, which could reasonably be achieved by
parallelization. If active learning is used in the ML2 training,
parallelization of the energy data may be limited. Additionally,
as detailed above, for each energy and sufficiently large ground
state overlap, one can parallelize the estimate (especially when
using randomized product formulas).

4. CONCLUSIONS
An accurate, quantum-mechanically informed assessment of
the interactions between molecules in molecular recognition
processes can deliver a sound basis for (i) a detailed physics-
grounded understanding, (ii) an accurate estimate of the
binding free energy, and (iii) a flexibility that guarantees the
transferability of a methodology to arbitrary molecule classes.
However, a complete computational pipeline capable of
routine application has been missing. In this work, we have
addressed the feasibility challenges in a software pipeline by
combination of various innovations: (i) a two-fold embedding
strategy allows us to carve out quantum cores of variable size
from a large quantum region so that highly accurate quantum
calculations can be carried out for them in order to obtain
high-accuracy data for those regions. (ii) These quantum
calculations can be performed with traditional methodologies
(e.g., based on coupled cluster or multiconfigurational
approaches) or with future fault-tolerant quantum computers.
(iii) To be able to deal with scarce high-accuracy data, we

exploit an efficient transfer machine learning approach that
threads the quantum data into the first level of embedding
(that is, into the quantum-classical hybrid model). (iv) An
element-agnostic machine learning strategy allows us to sample
the free energy of binding at all levels (quantum-classical and
quantum-in-quantum embedded in classical) of embedding.
(v) For the innermost quantum-in-quantum embedding, we
investigated two different embedding strategies to highlight the
modularity and flexibility of the overall approach. The first
embedding scheme is based on Huzinaga-type projection
embedding, and the other one on bootstrap embedding.
Hence, a high degree of versatility is guaranteed for the
connection of structures from classical configuration space
sampling to accurate quantum calculations for the quantum
cores of individual configurations.
The entire pipeline enables us to tailor the quantum core

size (measured in terms of atoms and/or orbitals) to the
capabilities of the available accurate quantum engines.
Moreover, our pipeline exhibits a high degree of autonomy,
and it is highly modular (i.e., different modules for specified
tasks can easily be exchanged) so that future improvements of
the technology can be easily incorporated. When the required
quantum computational resources as outlined become
available, they can be directly applied within the FreeQuantum
pipeline. We have done concrete resource estimates for the
ruthenium drug−protein complex, which is located at the top
left of the biomolecular simulation quadrangle. We chose this
complex because standard force fields struggle with open-shell
spin doublets, but it was still meaningful to demonstrate the
pipeline with traditional HPC calculations. It would have been
impossible to attempt a case in the top right of the quadrangle.
It should be noted, however, that the resource estimates for
quantum phase estimation are dominated by the Hamiltonian
simulation, which is determined by the size of the problem and
not the ground state correlation structure. Although finding
and preparing good guiding states will become more
challenging (as they involve traditional quantum chemical
methods), we expect our resource estimates for the ruthenium
drug−protein complex to be on a similar order of magnitude
for cases in the top right of the quadrangle.
From previous work on quantum algorithms for electronic

structure computations in realistic cases, one might have
concluded that applying quantum computers to free energy
computations is unrealistic for the foreseeable future due to the
extensive configurational sampling. By reducing the size of the
quantum region through a multilayer quantum embedding
strategy paired with efficient use of quantum data through
machine learning, we change this perspective. We conclude
that there is a realistic prospect of obtaining useful results not
only in strongly correlated regimes but also where the
correlations are not so strong, the vast majority of biological
cases. Furthermore, although our work dealt with molecular
recognition, the methodology is general and can be used for
any atomistic simulation problem in biochemistry, replacing
less accurate classical force fields with the ML1 and ML2
potentials in our hybrid model approach.
Our main contribution in this work is therefore to provide a

realistic and concrete way to use quantum computers for free
energy computations and thereby open a research direction
leading to future quantum advantage in biology. When this will
exactly happen, in terms of more precise estimates of free
energies, will depend on the break-even point with high-
accuracy traditional electronic structure approaches in the case
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of strongly correlated systems or other wave function-based
methods (e.g., coupled cluster) in the case of weaker
correlations. What is clear, however, is that quantum
computing has the potential to change the foundation of free
energy calculations by delivering high-quality useful training
data within the pipeline. FreeQuantum is open source and free
of charge, welcoming both development contributions and
deployment for the benefit of biochemistry and the
pharmaceutical sciences.

■ APPENDIX
In the following, we provide further information on the
workflow of the FreeQuantum computational pipeline,
computational aspects thereof, as well as the quantum
computational resource estimates.
Workflow of FreeQuantum

A schematic representation of the data flow within the
FreeQuantum pipeline is shown in Figure 5. All steps requiring
significant human time are fully automated (with the exception
of the initial structure preparation step). However, the
individual steps can also be triggered manually via simple
Python scripts. Such manual operation can allow close
monitoring of the individual steps.
All relevant data are stored in a central MongoDB

database.62 The software modules which collectively form
the pipeline communicate through this database. This

architecture allows for geographically distributed deployment
of the individual pipeline modules: literally, any module can
run on any computer in the world, as long as it is able to
communicate with the database.
After the first, purely MM-based FEP calculation, snapshots

(typically on the order of 2000) from the resulting trajectory
are extracted via one of the pipeline operation scripts and
stored in the database. Optional calculations to automatically
determine the QM region based on a few (typically about 100)
of these snapshots can be set up if no intuitive QM region
selection is available. These calculations are then also stored in
the database (i.e., all necessary input to carry out these
calculations is stored). Then, these calculations are carried out
by the QM/MM calculations module. Once the QM region
has been determined, QM/MM calculations are set up for all
snapshots stored in the database and subsequently carried out
by the QM/MM calculations module. The resulting energies
and forces are stored in the database.
These energies and forces are then read from the database

by the ML potential module and used as input data to train an
ML potential (ML1). The resulting parameters are written
back to the database so that an NEQ calculation to refine the
potential energy surface with the ML force field can be carried
out (this is done by the NEQ calculations module). During the
molecular dynamics simulation necessary to carry out the NEQ
calculation, structures might be encountered for which the ML
force field indicates large uncertainty. If this should be the case,

Figure 5. Data flow in the FreeQuantum pipeline. The database (depicted in the center) facilitates the exchange of data between the individual
modules of the pipeline, which are shown on the left- and right-hand sides. The QM/MM and QM/QM/MM modules enable the calculation of
accurate reference data. The ML potential module creates an ML potential from these reference data, which is then used by the NEQ module to
calculate the binding free energy. The pipeline is controlled by a human operator (top center).
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these structures are reported so that additional QM/MM
calculations can be carried out to provide the necessary
training data to improve the ML1 potential.
The QM/QM/MM module works along the same concept

as the QM/MM module. It retrieves calculations, which are to
be carried out, from the database and writes back the resulting
energies and, in principle, forces (which will be used to train
the ML2 potential). We note that here, for the training of
ML2, the presented calculations did not use forces, but could
easily be adapted to do so, if the corresponding high-accuracy
quantum data become available.
Moreover, we note that the QM/QM/MM module can also

interface to a quantum computer engine in order to carry out
QPE calculations on the quantum cores. This is because,
naturally, a quantum computer cannot directly communicate
with the database, but instead has to rely on a classical
computer for this. Instead of creating a separate communica-
tions module, we opted to integrate this within the QM/QM/
MM module. Besides simplifying the overall architecture, this
design has the advantage that the input needed to carry out a
QPE calculation does not have to be stored in the database. It
is worth pointing out that a second-quantized Hamiltonian
needs all corresponding one- and two-electron integrals to be
fully defined; these integrals can quickly demand a lot of
storage space.
Due to the concept of communicating exclusively through a

central database, the only requirement that a module must
fulfill to be compatible with our pipeline is that it must be able
to communicate with the database. We provide a wrapper63 to
simplify this communication. Therefore, one has a lot of
freedom when building a module, enabling one to construct it
exactly according to the specific needs of this module. For
example, the QM/MM and QM/QM/MM modules need a
large software stack to carry out their calculations, which can
significantly complicate deployment. Therefore, we realized
these modules as Apptainer (formerly Singularity) images,
which are straightforward to share among research groups and

to launch on high-performance computing environments. The
actual workflow to carry out QM/MM and QM/QM/MM
calculations is implemented in SCINE Puffin,64 which is a
framework to carry out complex computational tasks, as
recently described elsewhere.65 The complete source code of
the FreeQuantum pipeline is available free of charge and open
source on GitHub.94

Computational Aspects of FreeQuantum

The model construction for the Ru-based host−guest complex
alongside initial molecular mechanics and quantum-classical
hybrid data and the foundational machine learning approach
has been reported in ref 20. Ref 21 described the principles of
our transfer learning approach for the Huzinaga-type quantum-
in-quantum embedding, albeit for a different protein−guest
complex that is not as challenging as the Ru-based one
considered in this work.
The molecular structures of the protein−ligand complex of

the Ru-based anticancer compound NKP133947,66 bonded to
the heat shock protein GRP7867 (PDB entry 3LDO) were
taken from the MM FEP end-point trajectories and the active
learning structures in ref 20. For each structure, we calculated
the electronic energy with Huzinaga-type embedding based on
the ansatz described in ref 21. Huzinaga-type embedding68 is a
variant of projection-based embedding69 that allows the
combination of nearly arbitrary electronic structure methods
by partitioning the occupied orbital space. Huzinaga-type
embedding is formally exact within the framework of Kohn−
Sham DFT, making the approach robust even if the system
partitioning cuts covalent bonds.
In our Huzinaga-type multilevel approach, we combined

unrestricted second-order Møller−Plesset perturbation theory
(UMP2), the strongly contracted NEVPT2,70,71 or unre-
stricted CCSD(T) (UCCSD(T)) with Kohn−Sham DFT
using Perdew−Burke−Ernzerhof’s exchange−correlation func-
tional (PBE)72 with Grimme’s D3 dispersion correction73 and
Becke−Johnson damping74 using the def2-SVP basis set75 and

Figure 6. Work distribution for the first (out of six) NEQ simulations for the GRP78-NKP1339 protein−ligand complex, the solvated NKP1339
ligand, and each Huzinaga embedding variant (UMP2/PBE-D3/MM, UCCSD(T)/PBE-D3/MM, and NEVPT2/PBE-D3/MM). The distributions
were shifted by their mean μ for clarity.
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the corresponding effective core potential for Ru.76 The MM
environment was parameterized using the Amber ff99sb*-
ILDN force field.77,78

The MP2, NEVPT2, and unrestricted CCSD(T) calcu-
lations were performed with the program PySCF,79 taking the
valence orbital coefficients and one-particle Hamiltonian from
Serenity80,81 as input. The actual embedding was performed
with Serenity. In addition to the orbital partitioning from ref
21, we relaxed the orbitals in the quantum core in an
embedded self-consistent field calculation. Relaxing and
canonicalizing the orbitals was required by the UMP2 and
NEVPT2 implementations in PySCF.
NEVPT2 corrections were built on top of the DMRG

configuration interaction (DMRG-CI) calculations, which
were performed with the QCMaquis program. The active
space was selected based on the single-orbital entropies using
autoCAS,82,83 and a bond dimension of 250 was used for the
underlying DMRG-CI84,45 calculation. In order to obtain a
consistent active space among different sampled geometries,
relaxed orbitals were localized using the intrinsic bond orbital
(IBO) scheme85 within PySCF. An active space consisting of 5
ruthenium d-orbitals was found to be appropriate for this
system. The full quantum core contained 43/42 occupied and
310/311 virtual alpha/beta orbitals. The DMRG-CI calcu-
lation on the selected active space was performed without
bond dimension truncation, and the optimized wavefunction
was used to generate the n-RDMs (n = 1−4) needed for the
NEVPT2 correction. Inactive orbitals were canonicalized prior
to the NEVPT2 calculation using the generalized Fock
operator constructed with the DMRG-CI 1-RDMs.
After transfer learning of the QM/QM/MM (UMP2/PBE-

D3/MM, NEVPT2/PBE-D3/MM, or UCCSD(T)/PBE-D3/
MM) energies, six NEQ switching simulations were performed
for the solvated NKP1339 ligand and the solvated GRP78-
NKP1339 protein-ligand complex, using the protocol
described in ref 21. These NEQ simulations provided a
distribution of 36 ΔGbindingML/MM values. The final value reported in
the main article was calculated as their average. The work
distributions for the first NEQ simulations of the solvated
ligand and protein−ligand complex, based on the three
Huzinaga embedding variants UMP2/PBE-D3/MM,

UCCSD(T)/PBE-D3/MM, and NEVPT2/PBE-D3/MM, are
shown in Figure 6. The distributions are narrow and show
significant overlap between switches from the MM to the ML/
MM potential energy surface and back. There is no qualitative
difference between the distributions obtained with UMP2/
PBE-D3/MM, UCCSD(T)/PBE-D3/MM, and NEVPT2/
PBE-D3/MM. The narrow distributions and significant overlap
show that the relatively short switching times of 10 ps are
sufficient to arrive at converged free energy estimates.
The QM energy distributions for all three Huzinaga-based

embedding approaches (UMP2/PBE-D3/MM, UCCSD(T)/
PBE-D3/MM, and NEVPT2/PBE-D3/MM) and the ML1
energy model (PBE-D3/MM) are shown in Figure 7a and 7b
for the GRP78/NKP1339 protein−ligand complex and the
NKP1339 solvated ligand, respectively. Furthermore, the
differences between QM/QM/MM and PBE-D3/MM ener-
gies are shown. This difference must be effectively learned by
the transfer learning approach, elevating the ML1 to the ML2
machine learning potential. The distributions of QM/MM and
QM/QM/MM energies are bimodal because structures from
the initial MM force field (which are included in this set) have
too short Cl−H distances, leading to the right peak (indigo),
whereas the DFT computed quantum energies lead to the left
peak (red), as discussed in ref 20. The difference between
QM/QM/MM and QM/MM energies is unimodal and narrow
because QM/MM energies already capture a significant
portion of the energy.
For the alternative bootstrap embedding-based inner

quantum-in-quantum layer, QM/QM/MM calculations were
performed using QuEmb.86 The methodology has been
described in detail in previous works.87−90 Bootstrap
embedding utilizes the mean-field-level description of the full
system to generate a set of small-fragment Hamiltonians that
are subsequently evaluated using high-level wavefunction
methods. The method forms an ensemble of small fragments,
based on atomic connectivity, that overlap and span the entire
chemical system. Bootstrap embedding uniquely treats the
entire quantum region on an equal footing and converges to
the full system result with increasing fragment size. This
systematic improvability is especially important for near-term
quantum devices, since bootstrap embedding provides a fine

Figure 7. Energy distributions obtained for the Huzinaga-based QM/QM/MM embedding: (a) GRP78/NKP1339 protein−ligand complex and
(b) solvated NKP1339 ligand. The distributions were shifted by their mean μ, and the standard deviation σ is provided for clarity. The distributions
for MM and ML/MM structures are stacked, i.e., nonoverlapping.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.5c02088
J. Chem. Theory Comput. 2026, 22, 4329−4345

4339

https://pubs.acs.org/doi/10.1021/acs.jctc.5c02088?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.5c02088?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.5c02088?fig=fig7&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.jctc.5c02088?fig=fig7&ref=pdf
pubs.acs.org/JCTC?ref=pdf
https://doi.org/10.1021/acs.jctc.5c02088?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


controllable knob between the necessary number of qubits and
target accuracy. As such, it can accommodate the resource
limitations of near-term devices and also provides a clear
pathway for more accurate results with hardware improve-
ments. The method has been validated on a wide variety of
chemical systems in minimal and dense basis sets, demonstrat-
ing systematic convergence to full-system high-level method
energies at reduced cost.89,41,91 Recent extensions to perform
bootstrap embedding within the QM/MM framework allow
the QM/QM/MM-type embedding calculations necessary for
large systems in biochemical simulations.41

QuEmb interfaces with PySCF79 to perform the necessary
quantum chemistry routines. For bootstrap embedding
calculations, mean-field references were obtained with
unrestricted Hartree−Fock (UHF) calculations using the
def2-SVP basis set75 and the def2-SVP effective core potential
for ruthenium.76 Löwdin localization was used to construct the
atom-centered set of orbitals. As introduced in previous work,
we generate the entangled interacting bath for each fragment in
both the α and β densities, using unrestricted CCSD to solve
each fragment.92 We omitted chemical potential or density
matching, which may lead to further improvements in this
work. Likewise, we used BE(1) fragmentation, which assigns
each nonhydrogen atom and its attached hydrogen to separate
fragments.
Raw data generated for this work will be made available on

ERDA.93 The source code for the FreeQuantum pipeline is
available open source and free of charge on GitHub.94

Quantum Computing Resource Estimates

In the following, we give details of how the quantum
computing resource estimates shown in Figure 4 have been
obtained. They are essentially based on five different
calculations. First, the active spaces of the quantum core
located on the ruthenium drug molecule bound to the target
protein need to be set up. This defines the Hamiltonian terms,
which enter the resource estimates for quantum phase
estimation. Here, we use three methods (qDRIFT, partially
randomized, and qubitization). Finally, guiding state overlaps
need to be computed.
Active spaces were selected from the set of valence orbitals

on the basis of the largest single-orbital entropies obtained
using autoCAS.82,83 Single-orbital entropies were estimated
from a low bond dimension (χ = 250) DMRG calculation
using QCMaquis.95 For each active space, orbitals were

ordered using the Fiedler vector of the mutual information,96

and a final DMRG calculation was performed to obtain a proxy
of the ground state. A bond dimension χ = 1024 was found to
be sufficient in all cases. Subsequently, we performed a
symmetry shift for particle number symmetry, as described in
ref 29. This lowers the sum of weights λ = ∑i=1

L |hi| for the
active space Hamiltonians in Pauli representation, H =∑i=1

L hiPi
(i.e., after the fermion-to-qubit mapping).
The resource estimation for qDRIFT and the partially

randomized method essentially follows the cost analysis done
in ref 29. Hamming weight phasing is used for both methods,
which for the randomized method requires an estimate of the
expected length of commuting terms when sampling. We used
an estimated length of about six for all active spaces. Together
with the values of ϵ, λ, and ξ, this is sufficient to arrive at
resource estimates for qDRIFT. The partially randomized
method is based on the second-order Trotter formula and a
representation of the Hamiltonian as a weighted sum of Pauli
strings. The partitioning of the Hamiltonian terms into
deterministic and randomized ones was chosen such that the
total cost (in terms of Toffolis) is minimized. Additionally, the
cost of the partially randomized method depends on the
Trotter error, ϵTrotter = Cδ2, where δ is the Trotter step size.
Computing C exactly is as hard as computing the ground state
energy, so for larger system sizes, an approximation scheme is
needed. In ref 30, exact Trotter errors were computed for the
same active spaces of the ruthenium ligand for up to 16 spatial
orbitals. We performed a power-law fit of the Trotter error
estimates against the λ value of the active space Hamiltonians,
arriving at C1/2 ≈ 1.08 × 10−4λ1.25. Since λ is easy to compute
even for the largest active spaces studied here, this fit allowed
us to estimate C even for larger systems. The resource
estimates for the qubitization approach refer to the ‘double-
factorized’ variant33 and were computed using the OPENFERMION
python package.97

The overlaps were computed by first converging DMRG
calculations to have a meaningful proxy for the ground state.
This required going up to a bond dimension of 1024. MPS
thus obtained was used to construct the guiding states. Lower
bond dimension guiding states were obtained by truncating the
bond dimension using singular value decomposition of the
density matrix, which maximizes the overlap of the truncated
and initial MPS.98 Sum-of-Slater guiding states were obtained
by sampling the Slater determinants corresponding to the
largest coefficients using the sampling-reconstruction of the

Figure 8. We show the correlation between the bootstrap embedding correlation energies and the UHF energies for each ruthenium ligand−
protein complex (a) and solvated ruthenium ligand structure (b). We show that the correlation energies cannot be trivially predicted from the UHF
results for either system.
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complete active space (SR-CAS).99 Guiding states were
normalized in all cases.
Enlarged Figure of the Protein−Drug Structure
For the sake of better readability, we provide an enlarged figure
of the structure of the chaperone BiP with the ruthenium
transition-metal complex NKP1339 in Figure 9.
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Figure 9. Enlarged version of Figure 3a to highlight structural details of the protein Ru-drug complex.
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