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Quantum computers promise to impact industrial applications, for which quantum chemical cal-
culations are required, by virtue of their high accuracy. This perspective explores the challenges and
opportunities of applying quantum computers to drug design, discusses where they could transform
industrial research and elaborates on what is needed to reach this goal.

INTRODUCTION

For over fifty years, the pharmaceutical industry has
seen the cost of developing drugs increase exponentially
from tens of millions in the 1950s to billions of dollars
today, even when the data is adjusted for inflation [1].
To sustain the progress in treating unmet medical need,
it is essential to look for every source of improvement
in the methodologies employed in drug development. In
the last decades, computational approaches started to
play an increasingly large role in research and devel-
opment [2, 3]. Many computational methods are em-
ployed from machine learning [4, 5] and molecular dy-
namics [6, 7] to quantum mechanical calculations [8].
Still, simulating chemical systems, including quantum
mechanical effects, can be computationally intensive and
many of these methods face limited practical applicabil-
ity because of speed and accuracy.

By exploiting their quantum mechanical properties,
quantum computers have been proposed to simulate
quantum systems efficiently [9–13]. Inspired by this
promise, quantum computing research has proliferated
in recent years, and a community of quantum physics,
chemistry, and information theory experts has brought
improvements in quantum hardware and algorithms [14,
15]. The recent developments also attracted interest be-
yond academia to find practical applications in indus-
try, with investments from private and public sectors.
Often, one of the justifications for those investments is
the promise that quantum computers will enhance quan-
tum chemistry calculations [15–19]. Most current ef-
forts in quantum computing focus on finding quantum
algorithms for the most challenging electronic structure
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problems, for which the largest possible advantage over
classical computations can be expected. However, iden-
tifying such systems with strong electronic correlations
is difficult [20], and there only are a limited number of
indicators, such as those shown in Box I. While solving
the electronic structure problem is an important step for
many chemical applications, if the advantage of quantum
computers is limited to strongly correlated systems, they
might have limited practical significance in drug design.

In this perspective, we discuss the status quo of the ap-
plicability of future quantum computers to problems in
drug discovery; specifically, we focus on quantum chem-
istry calculations because, in our opinion, these will be
the first viable applications to impact drug design.

While we do not give an exhaustive presentation of
the status of quantum computing, we discuss problems in
quantum chemistry for which quantum computers could
offer a speed-up compared to classical computing meth-
ods and compare these problems with the actual compu-
tational needs in computer-aided drug design. Lastly, we
discuss research directions to make quantum computers
an essential tool in the pharmaceutical industry.

I. STATUS QUO: QUANTUM COMPUTERS

The field of quantum computing has seen rapid devel-
opments in the last decade [13–15]. Still, the way towards
a practical quantum advantage requires major progress
for hardware and algorithms [37, 38]. The most impor-
tant metric for the development of quantum algorithms
is the estimation of their computational cost. These es-
timates define the quantum computing resources (qubits
and run-time) required to solve a problem of interest.
They provide concrete engineering targets for quantum
hardware and shed light on what aspects of the algo-
rithms need improvements.
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Box I: Some indicators of strong electronic
correlation

Quantum computers are expected to offer an advan-
tage for solving the electronic structure problem of
strongly correlated systems. Five different indica-
tors with their graphical representations are shown.
There are two regions labelled Classical for cases solv-
able on a classical computer [21–25] and Quantum for
cases where a quantum computer might be required.

Multi-reference: system’s
wavefunction requiring
many reference states
(determinants) with compa-
rable amplitudes [26–28].

Amplitude

States

Classical
Quantum

Essential spin-symmetry
breaking: not fixed by
adding dynamical correla-
tion [29].

Classical

Quantum

Total spin

Energy

Cluster expansion have
characteristic failure points
indicating the need for a
multi-reference model [30,
31]. Interaction Strength

Classical Quantum
CC order

RMS
Amplitude

Near degenerate natural
orbitals with non-integer
occupation numbers, e.g. de-
tected from orbital occupa-
tion analysis [21, 32, 33].

Classical
Quantum

Occupation

Energy

The number of entan-
gled orbitals grows pro-
portionally to system size,
which also needs to be
large enough to be classi-
cally hard [34, 35], image
adapted from [36].

Quantum
correlation

Today, only Noisy Intermediate Scale Quantum
(NISQ) computing hardware exists, named after its noisy
nature and the limited number of qubits [39, 40]. Most
NISQ algorithms, e.g., variational quantum eigensolvers
(VQE) [41, 42], heavily rely on classical optimisation
heuristics, and the actual run-time is difficult to esti-
mate. Also, recent results suggest that in NISQ, the
number of measurements required to achieve a given er-
ror scale exponentially with the depth of the circuit [43].
For these reasons, we focus our discussion exclusively on
fault-tolerant quantum computers (FTQCs).

FTQCs exploit quantum error correction to exponen-
tially suppress errors [44], at the cost of considerable
additional qubits and run-time. For example, simu-
lating a classically challenging molecule, such as the

iron-molybdenum complex (FeMoco) [45], would require
roughly 200 logical (error-corrected) qubits which would
be implemented in 2 million physical qubits [46], well
beyond what is achievable with current quantum hard-
ware [40].

Quantum computers are expected to offer a clear ad-
vantage in finding the ground state energy of a molecular
Hamiltonian (i.e. solving the electronic structure prob-
lem) for strongly correlated systems where all tractable
classical methods fail. To identify those systems, several
conditions need to be satisfied (see Box I), and verify-
ing them can be very demanding and time-consuming
and heavily relies on chemical expertise. Over the past
twenty years, several techniques have been developed for
studying how and when various ab initio methods fail,
delivering indicators of strong correlations [35]. Typical
examples of such situations that require expensive multi-
reference treatment are multi-metal systems, where met-
als are in similar electronic environments and interac-
tions.

A quantum computer can perform such calculations
in polynomial time without making any uncontrolled ap-
proximations if the initial state is close to the ground
state [47–49]. The ground state energy is computed with
a combination of state preparation and quantum phase
estimation (QPE). QPE is a very efficient algorithm to
find the eigenstates and eigenvalues of a Hamiltonian,
and it is at the core of many quantum computing meth-
ods. In Figure 1, we give an example of how these cal-
culations can be performed on quantum computers for
a chemical system. The presented workflow starts on a
classical computer, which helps in refining the geometry
of the chemical system, identifying a good initial state for
the system and synthesising the error-corrected quantum
circuit. The quantum computation starts with internally
preparing this classically-determined initial state. The
next step in the workflow is the application of QPE to the
initial state. The cost of estimating the correct ground
state energy depends directly on the overlap of the initial
state with the ground state, and it becomes progressively
more expensive as the overlap with the correct ground
state decreases [20, 48–50]. Modifications to this work-
flow allow for the calculation of other observables [51],
e.g., molecular forces [52–54].

Even though FTQC algorithms cannot yet be exe-
cuted, many methods already exist to evaluate their com-
putational cost. For example, for the ground state energy
of the FeMoco [27, 45], through algorithmic improve-
ments, the run-time estimates have been reduced from
years to days [19, 45, 46, 55, 56]. Further improvements
will certainly come, and we will be able to perform such
calculations in the future on an FTQC. In the next sec-
tions, we discuss the state of the art of drug design and
where quantum computers could be employed to solve
the electronic structure part of the problem for relevant
pharmacological systems [19, 28, 57, 58].
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FIG. 1. The workflow of electronic structure calculations on quantum computers using the quantum phase estimation (QPE)
algorithm. The first step includes classical preprocessing to optimise the geometry and the Hamiltonian. Afterwards, the
quantum circuits are generated. The calculation on the quantum computer starts with the generation of the initial state,
which is followed by the more expensive calculation of the ground state energy with the QPE. The lower part of the quantum
computation container: The initially prepared state consists of a superposition of many eigenstates but with a high overlap
with the ground state. When the ground state (GND) energy is measured, the initial state is projected into the ground state.

II. COMPUTER-AIDED DRUG DESIGN

Chemical compounds produced in the pharmaceutical
industry result from a long process of discovery and re-
finement. The steps are summarised in Fig. 2. The drug
discovery process starts with identifying a target protein
involved in the disease pathology. Pharmacological mod-
ulation of this target is assumed beneficial for treating
the disease [59, 60] and is achieved with a molecule bind-
ing to the target. Identifying oral drug candidates, the
most preferred form of drug administration, takes a long
time, starting with very weak binders and taking sev-
eral years of optimisation towards efficacious and safe
molecules [1, 3, 5].

Millions of compounds are initially screened out of
1060 potential molecules [61]. In the initial stages of the
process, many different properties (e.g., binding affinity)
have to be optimised. Therefore, in the so-called hit-to-
lead and lead-optimisation programs, several thousands
of molecules are synthesised before suitable candidates
for the next steps towards clinical development are identi-
fied [62, 63]. Every synthesised molecule undergoes test-
ing in-vitro (biochemical, biophysical, cellular), and in
case of good properties, also in in-vivo (in an organism)
assays; therefore, the goal is to achieve clinical candi-
dates with the lowest number of optimisation cycles pos-
sible. In this phase of drug discovery, computational ap-
proaches are highly valuable by guiding the design of the
right molecules, and recently several striking successes in
computational design have been reported [2, 5].

Two major areas where computational chemistry can
support drug design have been identified: (1) the predic-
tion of pharmacokinetic properties (how the compound
is absorbed, distributed, metabolised and excreted from
the body), commonly realised by machine learning mod-
els trained on a wealth of experimental data from the
heritage of projects in a pharma company [4, 64–66]; (2)
the calculation of the binding strength or binding affinity

Registration

Drug candidate
Developement

Lead optimisation

Hit to lead

Hit identification

Discovery research
Target identification

4-5 years

6-8
years

1-2
years 1 molecule

5 molecules

200 molecules

10 000 molecules
• Docking
• Virtual screening
• Pharmacohore mapping
• De novo design
• QSAR
• Molecular dynamics
• Quantum mechanics
• Enhanced sampling

1060 of possible 
molecules
10s of parameters 
to be optimised
1000s of compounds
to be synthesised

FIG. 2. Workflow in the drug discovery process [3, 63].
Once the biological target has been identified, the process
starts with the hit finding stage in a potential space of 1060

molecules [61]. Through a repeated cycle of design, analysis,
synthesis, and in-silico and in-vitro testing, the number of
promising compounds is decreased from 10 000s to a few hun-
dred by designing and selecting those with the best predicted
and measured properties. Only very few highly optimised and
safe molecules proceed into development towards the clinical
trials, and only one is finally selected for approval by the
medicinal agencies [63]. On the right side, the computational
methods employed in the different stages of the drug design
process from [3] are listed.

of a compound to the target, which is one of the most
important properties of a drug candidate [67, 68]. The
binding affinity is equivalent to the binding free energy
between the drug and the target. It directly corresponds
to the required local drug concentration at the target, de-
termining drug efficacy. Therefore, it translates into the
projected therapeutic human dose, the most important
single parameter during drug design. Computations of
the binding strength must be accurate in compound op-
timisation [69]. However, state-of-the-art methods based
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FIG. 3. Schematic representation of a drug binding event
(pdb ID: 2RGU). The ligand exists as an ensemble of confor-
mations/geometries and orientations (left). Some approaches
of the ligand towards the target result in binding, and some
do not - as indicated by the arrows (right). Eventually, the
sampling of ensembles of unbound and bound structures in so-
lution yield the free energy of drug-target binding [74]. Equiv-
alently, energy differences of ensembles of bound, structurally
similar ligands directly relate to the difference in their binding
strength.

on molecular dynamics simulations with classical force
fields do not perform reliably [70]. The goal is to achieve
high accuracy (within 1.0 kcal/mol to experiment) be-
cause, at physiological temperatures, a 1.5 kcal/mol de-
viation already translates into a dose estimation which
is wrong by one order of magnitude. On an atomistic
scale, a system can be treated on a classical computer
with many different levels of approximations for differ-
ent sizes considered; see BOX II where some common
methods are reported. In contrast to force fields, den-
sity functional theory (DFT) or coupled cluster (CC),
which are methods based on quantum mechanics, lead to
much better descriptions of molecular interactions but at
a much higher computational cost [68].

Other difficulties in these calculations stem from the
thermodynamic nature of the compounds’ properties [74,
75]. A molecule can bind to a protein in many different
ways [76]. One has to consider different accessible system
geometries and binding pathways. One needs to identify
the configuration with minimal free energy, which is the
statistically most frequently observed one. In Figure 3,
the process of a molecule binding to a protein is picto-
rially depicted. Many different configurations and, thus,
many single-point calculations must be computed.

When evaluating many compounds with similar chem-
ical structures for their binding propensity, it is often
faster to compute the difference in binding strength be-
tween the compounds directly; this task is often accom-
plished with alchemical perturbation methods [67], where
a known compound is gradually morphed into a new one
adapting the electronic structure accordingly [77]. In this
respect, simulating the ensemble properties, by, e.g. nat-

Box II: Common electronic structure methods
employed on classical computers

Commonly used quantum chemistry methods to solve
the electronic structure problem. In the left column,
we zoom in on the Compound I intermediate of Cy-
tochrome c Peroxidase (PDB ID: 1ZBZ [71–73]). As
the method’s accuracy increases from top to bottom,
the molecules that can be calculated with classical
hardware become increasingly smaller.

Cytochrome c in
solution

Binding site

Heme group

Iron cluster

Force Fields/
Semi-empirical Methods
Methods that cannot fully
describe quantum mechani-
cal effects but can be tuned
with information from quan-
tum methods.

Hartree-Fock/
Density Functional
Theory (DFT)
Mean-field methods treat
electrons in the presence of
the average potential of the
other electrons. DFT in-
cludes electronic correlation,
while Hartree-Fock does not.

Coupled-Cluster (CC)
Cluster wavefunction meth-
ods that expand around a
single mean-field reference.

Full Configuration
Interaction (FCI)
Method that delivers the ex-
act energy of the electronic
structure problem within a
finite basis set.

ural time-evolution, of the drug-target complex is a key
step from which knowledge about thermodynamic prop-
erties can be directly derived [78, 79].

The systems, including target, drug, and solvent, are
made of several thousands of atoms (see BOX II), and
free energy calculations require billions of single point
calculations, where energy and force evaluation are per-
formed, see Figure 3. Furthermore, the necessary inclu-
sion of explicit solvent (water) in the model can con-
siderably increase the degrees of freedom and complex-
ity [75, 80], making run-time often impractical. The cal-
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culation of the binding free energy of a small molecule
to its target protein can take many hours on a classical
computer. Increasing accuracy, e.g. by exploiting DFT,
increases the calculation costs by several orders of mag-
nitude, rendering the full DFT treatment for free energy
calculations elusive. Higher levels of theory treatments,
such as CC, which require even more computational re-
sources, are, therefore, fully out of scope and can only be
applied to small systems.

Other potential use cases for quantum computing in
drug development are the calculation and optimisation
of reaction mechanisms [81] for optimising the drug syn-
thesis conditions and the calculation of molecular spec-
tra for nuclear magnetic resonance (NMR), infra-red (IR)
or vibrational circular dichroism (VCD) spectroscopy to
identify structures [82–84]. However, the impact of quan-
tum computing on these use cases for drug design would
be rather modest if compared to the potential impact
of better and faster calculations at the drug design stage
(lead optimisation). For example, usually, drug synthesis
costs are not the main driver of non-generic drug market
prices. The reason for this is the economic need to bal-
ance out a large amount of failed optimisation programs
and clinical trials, see [63]. Additionally, for the predic-
tion of NMR spectra, lower accuracy methods such as
DFT have been shown to achieve good results in many
cases [83, 85, 86]

In summary, most of the use cases of quantum mechan-
ical calculations in drug design would benefit from speed-
ups to DFT and CC methods, which are still too slow
for broader application in the drug development process
but offer good-enough accuracy for most systems. This
is because most oral drugs are small closed-shell organic
molecules (they need to pass through the gut wall to be
absorbed) which generally lack strong correlation and,
with some rare exceptions, e.g. cytochrome P450 interac-
tions in drug metabolism [28], can be treated with lower
accuracy methods due to their general elemental compo-
sitions [87]. However, few examples of drug molecules
with metal centres exist, for example, for cancer treat-
ments or contrast-enhanced imaging of tissues [88]. An
open, unexplored question is whether this scarcity of po-
tentially strong-correlated drugs is due to some intrinsic
unwanted features of metal-bearing drugs. This could lie
in their undesired pharmacokinetic behaviour or poten-
tial toxicity, which would make them unfit as drugs. A
different possibility is that they have been avoided due
to the challenges in their computational optimisation.

III. CHALLENGES AND PROSPECTS

The current limitations of quantum chemistry in drug
design either come from a lack of accuracy (for the few de-
scribed difficult systems) or the large computational costs
of the DFT calculations for ensembles of bio-molecules.
For both limitations, quantum computers do not give
an immediate remedy yet, although promising ideas are

starting to emerge.

Currently, quantum computers are expected to speed
up electronic structure calculations for strongly corre-
lated systems with already-known quantum algorithms
(e.g. QPE). This could be used, for example, to better un-
derstand the physics of cytochrome P450 [28]. However,
the largest impact will come if one can go beyond cal-
culating single-point energies of strongly correlated sys-
tems.

The last 30 years have seen dramatic improvements,
both on the hardware side, as well as on the algorithmic
one [15, 44, 45, 81, 89–95]. Even though these improve-
ments have enabled the impressive quantum computing
capabilities we have today, there is much more needed to
make quantum computing practical for drug discovery.

Concerning the run-time of algorithms, quantum er-
ror correction represents one of the dominant sources
of overhead costs in space and time for executing fault-
tolerant quantum algorithms. Error correction requires
thousands of physical qubits for each logical qubit [91],
resulting in millions of qubits for calculating the FeMoco
ground state energy [45, 46]. To reduce these overheads,
not only better hardware with lower error rates and in-
creased qubit connectivity needs to be developed but also
new further improvements to quantum error correction
should be explored [44, 89, 90].

On the algorithmic side, one of the central yet unre-
solved challenges is preparing an initial state because the
run-time of QPE directly depends on this state. Even
though the run-time has improved over time [48, 49], the
dependence on the overlap of the initial and target states
cannot be circumvented [50]. Several heuristic solutions
have been proposed [12, 57, 96], while further studies are
required to understand the extent of this problem fully.
For the case of weakly correlated systems, a potential
solution relies on decomposing the system into smaller
sub-systems and applying a series of QPEs on these to
maintain the overall overlap.

Another essential research direction is the reduction of
the overall computational cost by, for example, finding
more compact representations of the systems’ Hamilto-
nian, which directly impacts the run-time of the quantum
algorithms [46, 97, 98]. At the same time, analogously to
classical algorithms, it should be possible to find quan-
tum algorithms for specific cases based on heuristics that
scale much better than general algorithms. Yet the ab-
sence of error-corrected quantum computers prevents the
thorough benchmarking of heuristics today. However,
there might be more systematic approaches to analyse
the scaling and constant factors of heuristics for specific
input parameters.

Current quantum algorithms focus on delivering speed-
ups at the highest accuracy, which is not always rele-
vant for industrial applications. Substantial run-time im-
provements compared to approximate classical methods
would have a more considerable mid-term impact. How-
ever, speeding up approximate techniques on a quantum
computer seems quite challenging. DFT and Hartree-
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Fock already have linear scaling implementations on clas-
sical computers, and it will be difficult to outperform
them on a quantum computer. Instead, a quantum com-
puter could provide new insights into the systems’ physics
to improve the classical methods. For example, we could
use quantum computations to design better functionals
for DFT. Alternatively, it might be viable to use quantum
computers to speed up classical calculations in contract-
ing tensor networks [99, 100]. Implementing CC methods
on quantum computers could achieve a quadratic speed-
up for the optimisation phase [101]. Another possibility
is to save computational cost by exploiting perturbation
theory on quantum computers [102]. Recent results have
also shown that quantum computers can outperform clas-
sical mean field methods in simulating electron dynam-
ics [103]. In the future, one could explore new routes in
finding a trade-off between accuracy and costs, for exam-
ple, by tuning the numerical accuracy of the Hamiltonian
simulation [104] or by truncating the amount of informa-
tion in the Hamiltonian.

On the drug design side, while single-point calcula-
tions can give insights into systems’ physics, we typically
require billions of single-point calculations to determine
thermodynamic quantities, e.g. binding affinity. This
large number of calculations, combined with the quan-
tum computing run-time on the order of days for one
of them [28, 54], makes it impossible to obtain results
in a reasonable time, let alone compete with run-times
of highly optimised experiments. A potential route to
a more practical calculation of thermodynamic quanti-
ties might come from simultaneously modelling classical
nuclei and electrons in one wave function on the quan-
tum computer. One can envisage calculating thermo-
dynamic properties, e.g., the free energy, directly on a
quantum computer by generating thermal ensembles of
geometries [105]. Additionally, treating the nuclei quan-
tum mechanically would help interpret molecular spec-
tra [106].

On a more speculative side, quantum machine learning
algorithms applied to the outcome of quantum computa-
tions have the potential to predict pharmacokinetic prop-
erties [107, 108]. When large quantum computers be-
come available, we might be able to compute wave func-
tions of many ensembles of molecules and subsequently
run quantum machine learning algorithms on these wave
functions [109–112].

CONCLUSION

Current classical computing methods fail to describe
quantum systems accurately enough in relevant times
for the pharmaceutical industry, limiting the applicabil-
ity of quantum chemistry to drug design. More accurate
computations could bring significant value to the phar-
maceutical industry by replacing many labour-intensive
experiments with calculations in silico, as long as the
computational cost is lower than the experimental effort.
Quantum computations could enable key, experimentally
inaccessible insights into chemical systems, exploiting
methods that directly derive properties from wave func-
tions [111].

To have a profound impact on the pharmaceutical in-
dustry, quantum computers need to benefit a broader
set of problems than the small number inaccessible to
classical computers [13, 15]. Typical relevant systems
have thousands of atoms, e.g. large protein structures
with their surroundings, and rarely require exact accu-
racy. However, in many pharmaceutical use cases, one
must determine thermodynamic properties that rely on
large thermodynamic ensembles, thus requiring many
single-point calculations. Finding new methods that al-
low trade-off accuracy for time on quantum computers or
that avoid sampling could be beneficial. Ideally, quantum
computers should offer accuracy and robustness for both
strongly and weakly correlated systems at a speed that
is currently only accessible by lower-accuracy methods.
By getting rid of some of the current approximations,
quantum calculations in drug design would become truly
predictive and much more widely used.

Major advancements in quantum algorithms for elec-
tronic structure problems brought down computational
costs [46, 81, 113, 114] over the last years, while fur-
ther improvements are required for practical applications
in industry. Furthermore, fundamental improvements
in hardware, error correction codes and algorithms (e.g.
for state preparation) are necessary to go beyond single-
point energy calculations.

Steps are already being made towards solving some of
these challenges, and several routes exist to achieve these
goals. We are convinced that open research integrating
academia and industry will help make quantum comput-
ing an essential tool to design better drugs faster.
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