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1 DMotivation for Ab Initio Methods

1.1 The Limitations of Density Functional Theory

While density functional theory has become the most widely used electronic structure method in computational chemistry due to
its favorable computational cost, DFT struggles with several important classes of chemical systems, including strongly correlated
materials, charge transfer excitations, and transition states . The fundamental issue lies in the approximate nature of all practical
exchange-correlation functionals. Unlike wavefunction methods, which have a clear hierarchy allowing systematic improvement,
density functionals are not systematically improvable—there is no guarantee that using more sophisticated functionals will yield
better results .

Modern state-of-the-art functionals have achieved near-chemical accuracy for many applications, but principal remaining
limitations are associated with systems exhibiting significant self-interaction errors, delocalization errors, and strong correlation
effects . The root cause is straightforward: both Hartree-Fock and Kohn-Sham DFT are single-determinant methods, and
accurately describing multi-reference systems with strong correlation requires information from multiple determinants .

1.2 Strong Correlation: Where DFT Fails and Ab Initio Succeeds

The distinction between weakly and strongly correlated systems is crucial for selecting an appropriate computational method. In
weakly correlated systems, local functionals and hybrids with small exact exchange fractions perform acceptably, but addressing
strong correlation within Kohn-Sham DFT remains the least solved problem among DFT’s limitations . Strong correlation arises
in several chemically important scenarios: molecules undergoing bond dissociation, transition metal complexes with multiple
unpaired electrons, excited states, and systems with near-degenerate frontier orbitals.

For weakly correlated systems, DFT provides excellent results at modest computational cost—essentially offering Hartree-
Fock-like efficiency while capturing electron correlation that would otherwise require expensive post-HF methods. However,
this computational advantage disappears for strongly correlated systems, where the single-determinant framework becomes
fundamentally inadequate. In such cases, multi-reference wavefunction methods become necessary. Ab initio approaches like
CASSCF, MRCI, or coupled cluster variants explicitly construct multi-determinant wavefunctions that can properly describe
the physics of strong correlation.

The challenge is that one cannot always predict a priori whether a system will exhibit weak or strong correlation, particularly
for novel molecules or unexplored reaction pathways. This uncertainty motivated the development of diagnostic tools (such as the
T, diagnostic in coupled cluster theory) to assess the multi-reference character of a wavefunction. When studying new chemical
systems—such as those encountered in early characterization of novel viruses or drug candidates—the correlation regime is
unknown, necessitating the use of ab initio methods that can reliably treat both weakly and strongly correlated scenarios.

1.3 The Role of Experimental Validation

Computational predictions must ultimately be validated against experimental measurements. Traditional experimental tech-
niques like electron spin resonance (ESR) spectroscopy have provided benchmarks for comparing DFT and ab initio predictions
of hyperfine coupling constants and other magnetic properties. However, classical ESR has fundamental sensitivity limitations.

Recent advances in quantum sensing have dramatically improved measurement precision. Bienfait and colleagues demon-
strated that a Josephson junction-based quantum sensor achieved four orders of magnitude improvement in electron spin reso-
nance sensitivity compared to classical ESR techniques [4]. Such quantum-enhanced measurements may provide superior bench-
marks for validating computational predictions, potentially resolving discrepancies between different theoretical approaches that
previously fell within experimental uncertainty.

As quantum sensing technologies mature and become more widely adopted in biomedicine and chemistry!, the interplay
between high-precision ab initio calculations and quantum-enhanced experimental validation will become increasingly important
for molecular characterization and drug discovery.

1See Quantum Sensing in Biomedical Applications, Quantum Economic Development Consortium (2024), available at https://quantumconsortium.
org/publication/biomedical2024/



1.4 Computational Cost and the Quantum Computing Opportunity

The fundamental obstacle to widespread use of ab initio methods is computational cost. While DFT scales approximately as
O(N?3) for N basis functions, correlated wavefunction methods scale much more steeply: CCSD scales as O(N®), CCSD(T) as
O(NT), and full CI grows exponentially as O(2"). This severe scaling has historically confined accurate ab initio calculations
to small molecules.

Quantum computers offer a fundamentally different approach to this scaling problem. Because quantum hardware can natively
represent superpositions of exponentially many determinants, quantum algorithms promise polynomial rather than exponential
scaling for certain correlation problems. This potential motivates the industrial interest in quantum computing for chemistry—if
quantum algorithms can achieve practical advantage over classical methods, the 5% of chemical problems that truly require
multi-reference treatment could become as routine as the 95% currently handled by DFT [10].

The algorithmic developments discussed in subsequent sections represent efforts to realize this potential on near-term quantum
hardware, despite the noise and limited qubit counts of current devices.

2 Introduction to Wavefunction-based Ab Initio Chemistry

To understand wavefunction-based ab initio chemistry, one must have a basic understanding of quantum mechanics. According
to quantum physics, the exact state of any system is unknowable and undefinable, and instead is inherently probabilistic. The
complete description of any quantum system is not determined by exact scalar values but instead can only be described by a
complex-valued wavefunction.

The wavefunction can be loosely thought of as a probability distribution. If you asked someone the numerical value of a
rolling dice, it’s easy to understand the question is nonsensical. The best that one could give you as a description for the rolling
dice is the probability mass function that describes the likelihoods of each value landing upwards. In a similar way, if you
asked someone the x,y, and z coordinates of an electron within a hydrogen atom, the best you could receive as a description
of that electron’s position is the function that has assigned a probability to every possible x,y, and z coordinate possible. This
probability distribution can be thought of (or more precisely derived from) the electron’s wavefunction. It is a function that has
assigned a probability to every possible configuration of a system.

For a system of N electrons in an atom, we use a many-electron wavefunction ¥(x1, X, ...,Xx), where x;(r;, s;) denote both
spatial and spin coordinates. This wavefunction encodes the probability amplitude of finding N electrons in a specific position
and spin orientation. The probability is not the output of the wavefunction itself (since the output is a complex number), but
is instead the found by taking the square modulus of the output |¥|2. Because of this, any wavefunction must be "normalized”,
satisfying the condition

/|\I/(x1,...,XN)|2dx1~-~de:1, (1)

to ensure the probabilities of all possible electron configurations sum to 1[33].

2.1 One-Electron Basis Functions

What do these many-electron wavefunctions look like? First, we try to define a wavefunction describing a single electron in
the simplest system possible, the hydrogen atom. The exact solution for this wavefunction is found by solving the Schrodinger
equation, which takes in the electromagnetic potential density from a single proton. But these functions are complicated and
difficult to work with, so we create approximations of the true solution.

Historically, Slater-type orbitals (STOs) were introduced as analytic approximations to the hydrogenic solutions of the
Schrodinger equation,

dsro(r, 0, ¢) = Nr"~te™S"Y™(0, ), (2)

where ( is an orbital exponent, Y;” are the spherical harmonics, and IV is a normalization constant. STOs possess the correct
cusp behavior at the nucleus and decay exponentially at long distances, making them physically realistic. However, their products
over multiple centers are expensive to integrate analytically.

To address this, the Gaussian-type orbitals (GTOs) were introduced:

g(@,y,2) = NayPzce . (3)

Although less physically accurate than STOs (the Gaussian radial decay is too rapid) their advantage is the analytic integrability
of all required one- and two-electron integrals. As shown by Boys and others, the product of two Gaussians remains a shifted
Gaussian, dramatically simplifying molecular calculations.

2.2 Contractions and Basis Sets

Because individual primitive Gaussians do not reproduce the correct exponential behavior of atomic orbitals, they are often
combined into contracted Gaussian functions:

o(r) = Z dy, gu(r), (4)



where d,, are contraction coefficients and g, are primitive GTOs. A set of such contracted functions chosen to approximate
the atomic orbitals of all atoms in a molecule constitutes a basis set. There are many different kinds of basis sets, of various
complexities, but they all serve the same purpose; describe how to sum up enough primitive functions to approximate the true
orbital wavefunction solutions in an atom/molecule (most basis sets contract Gaussian functions as primitives, but sometimes
other primtives can be used as well, i.e. plane waves.) Depending on which atomic/molecular orbital we are approximating, we
solve for the best coefficient d,, and GTO exponent c, for which exist archives or pre-solved basis sets for specific atoms like the
Basis Set exchange[18].
Several widely used basis sets include [30]:

e STO-nG: minimal basis sets where each orbital is approximated by n Gaussians summed together(e.g. STO-3G).

e Pople-style split-valence sets: such as 6-21G, 6-31G, etc., offering flexibility by summing the core orbitals and valence
shell orbitals differently.

e Correlation-consistent sets: e.g. cc-pVDZ, systematically improvable basis sets introduced by Dunning.

So using a basis function, we have a way of writing out the single-electron wavefunction in a specific orbital. But how do we
add in other electrons?

2.3 Hartree—Fock Theory and the Slater Determinant

The Hartree-Fock (HF) method provides an approximate solution to the electronic Schrédinger equation by representing the
many-electron wavefunction as a single Slater determinant of spin-orbitals:
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Here, we take the orbital wavefunction ¢ defined by our basis sets and multiply by a spin function to get a spin-orbital y.

By taking this determinant, we conveniently incorporate our Pauli-exclusion requirement that no two electrons within the
same orbital share the same spin. However, all electrons are packed into the lowest possible orbitals, without any possibility of
an excited electron.

2.4 Post-Hartree—Fock Correlation Methods

Since Hartree—Fock omits correlated electronic motions, post-HF methods introduce linear combinations of excited determinants
to recover correlation energy. These methods include:

e Configuration Interaction with Doubles (CID)

e Configuration Interaction with Singles and Doubles (CISD)

Coupled Cluster Singles and Doubles (CCSD)

Coupled Cluster with perturbative Triples [CCSD(T)]
e Full Configuration Interaction (FCI), the exact solution within a finite basis

In these post-HF methods, we create excited Slater determinants by replacing 1 or more columns of occupied orbitals with a
specific higher energy orbital. If we are creating a single excitation configuration, we choose one column to replace with one higher
orbital, also known as a wvirtual orbital. If we are creating a double excitation configuration, we choose two occupied orbitals,
and replace them with two possible virtual orbitals. We then sum across all possible combinations to a linear combination of all
single excitations, double excitations, triple, and so on. Depending on the specific configuration we are using, we truncate this
linear combination at singles, doubles, triples or so on[33]. The correlated molecular wavefunction is expressed as:

U = COCI)() + ZQCI)ED + ZC”(I)Z(JZ) —+ . 5 (6)

)

where ®( is the HF determinant and @El), <I>Z(-J2-) denote singly and doubly excited determinants, respectively. This framework

underlies much of modern ab initio quantum chemistry.



3 Ab Initio Quantum Chemistry in Industry

Although Quantum Computational Chemistry theories have existed since the 80s, implementing real simulations efficiently has
been challenging due to the fact that exact quantum chemistry scales super-exponentially with system size. However, in the past
decade, there has been a surge of industrial interest in applying quantum computing to ab-initio quantum chemistry, driven by
both advances in quantum hardware and sophisticated algorithmic strategies to circumvent the prohibitive scaling of traditional
methods. While fault-tolerant quantum computers remain years away, a diverse ecosystem of quantum startups, tech giants, and
pharmaceutical companies are developing hybrid classical-quantum approaches that make near-term applications increasingly
feasible.

3.1 Industrial Landscape

The quantum chemistry space is being pursued by three distinct categories of players. Quantum-native companies like Quantin-
uum, IonQ, Xanadu, QC Ware, and Rigetti are developing both hardware platforms and specialized software stacks optimized
for chemical simulations. Tech giants including Google and IBM have leveraged their substantial R&D resources to advance
both quantum processors and open-source software ecosystems for quantum chemistry. Finally, pharmaceutical companies like
Boehringer Ingelheim (through QC Ware) and Chugai (with Deloitte) have begun direct investments in quantum chemistry
research

This industrial activity has also catalyzed development of a robust software ecosystem. Open-source packages like PySCF and
Psi4 provide classical quantum chemistry foundations that interface with quantum algorithms, while quantum-specific tools have
proliferated: Google’s OpenFermion for translating chemical problems into qubit operators, Xanadu’s PennyLane for quantum
machine learning and chemistry, Quantinuum’s InQuanto for quantum computational chemistry workflows, and QC Ware’s
proprietary Promethium platform. This layered software architecture enables researchers to combine classical and quantum
methods fluidly.

3.2 Methods for Industry Quantum Chemistry

To be able to push towards industry grade, scalable ab-intio quantum chemistry, companies have been focusing their research
efforts into improvements of specific areas of quantum chemistry calculations and utilizing certain strategies to simplify and
optimize the ab-intio chemistry workflow, shown in Figure 1.

3.2.1 Fragmentation and Active Space Methods

One way companies attempt to simply quantum chemistry simulations is by lowering the number of orbitals we are including in
calculations. Quantinuum has been particularly prominent in demonstrating density matrix embedding theory (DMET), which
fragments large molecular systems into smaller subsystems that can be treated accurately while capturing environmental effects
through embedding. This approach transforms an intractable calculation on N orbitals into multiple tractable calculations on
subsystems of size n < N, with spatial complexity reducing from exponential in IV to exponential in n. Another way to simplify
the simulated molecule is by a technique known as atomic valence active space (AVAS) methods. AVAS automatically selects a
compact active space of orbitals expected to be chemically relevant—typically those involved in bond breaking, excited states,
or other strongly correlated phenomena. By focusing quantum resources on the subset of orbitals where correlation is essential
while treating the remainder at a mean-field level, AVAS reduces both the number of qubits required and the depth of quantum
circuits needed, though it requires chemical intuition about which orbitals are likely to be important.

3.2.2 Circuit Optimization and Adaptive Algorithms

The second common approach for improving computations involve reducing the time complexity of quantum algorithms through
circuit optimization. Traditional variational quantum eigensolver (VQE) approaches use fixed ansitze that may contain many
unnecessary parameters, leading to deep circuits prone to noise and slow classical optimization. ADAPT-VQE, developed by
Grimsley and colleagues and actively explored by Quantinuum and others, instead grows the quantum circuit iteratively by
adding only operators that significantly reduce the energy. This produces problem-tailored circuits with minimal depth and
parameter count, directly addressing the time complexity bottleneck. While ADAPT-VQE requires multiple rounds of quantum-
classical communication, the resulting circuits often achieve chemical accuracy with far fewer gates than fixed ansétze, a crucial
advantage on noisy intermediate-scale quantum (NISQ) devices.

A related area of research conducted by companies like Google and Algorithmq was on devloping algorithms for efficient
state-prearation. The idea behind state-preparation is to initialize our wavefunction as close to the desired final state as possible
in order for the VQE to not need to run as many iterations. By doing so, the VQE would not need as many iterations, allowing
for faster convergence towards a desired ground state.

3.2.3 Hybrid Classical-Quantum Approaches

A very pragmatic near-term strategy that many will use instead of pure ab-intio computation are hybrid apporaches that combine
quantum and classical methods within a single calculation. Quantinuum and others have explored DF T+wavefunction schemes
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Figure 1: A diagram showcasing the general quantum chemistry workflow
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where density functional theory treats the bulk of weak electron correlation at polynomial cost, while quantum algorithms target
the strongly correlated subsystem where DFT fails. This division of labor exploits the complementary strengths of each approach:
DFT’s efficiency for weakly correlated systems and quantum computing’s ability to capture strong correlation. The spatial and
time complexities become dominated by the quantum subsystem, which can be made substantially smaller than the full system.

3.2.4 Quantum Phase Estimation

While the near-term algorithmic strategies discussed above focus on NISQ-era approaches like VQE and its variants, quantum
phase estimation represents a fundamentally different paradigm that can achieve exponential speedup in finding the eigenspectrum
of unitary operators, provided an appropriate trial state with nonzero overlap with the true solution can be prepared . Unlike
VQE, which relies on repeated classical optimization of variational parameters, QPE estimates eigenvalues through a purely
quantum process involving controlled unitary evolution and inverse quantum Fourier transforms.

The algorithmic advantage of QPE is significant. QPE can achieve exponential speedup and is likely to demonstrate quantum
advantage when the first sufficiently large fault-tolerant quantum computers are built, though it requires millions of qubits and
gates even for relatively small systems—a requirement far beyond current NISQ hardware capabilities .

Recent work has explored resource-efficient implementations of QPE for chemistry applications. Tachi and colleagues demon-
strated quantum phase estimation-based complete active space configuration interaction calculations for intermolecular interac-
tion energies, using MP2-based active space selection with Boys localized orbitals to reduce system size, achieving interaction
energy predictions with errors of only 0.02 kcal/mol relative to CASCI results using just 6 system and 6 ancilla qubits . This
work illustrates how QPE can be combined with classical dimensionality reduction techniques—active space selection, orbital
localization, and supramolecular fragmentation approaches—to make fault-tolerant chemistry calculations tractable.

The primary challenge for QPE remains circuit depth and resource requirements. The algorithm requires coherent application
of controlled-unitary operations that scale with the desired precision, along with quantum Fourier transforms across ancilla
registers. Statistical variants of QPE have emerged as promising alternatives, offering shorter circuit depths and natural resilience



to noise, particularly after error mitigation, with demonstrated accuracy comparable to or better than VQE on current hardware
. These statistical approaches sacrifice the deterministic readout of traditional QPE for probabilistic sampling strategies that
reduce circuit depth at the cost of additional measurements.

3.3 Common Research Themes

In summary, industrial efforts to improve Quantum Chemistry simulations tend to focus onto certain areas. One is state
preparation—efficiently initializing the quantum computer with a reasonable guess at the molecular wavefunction—has received
substantial attention, as poor initial states lead to slow convergence and deeper circuits. Algorithm and circuit optimization
work seeks to minimize both gate count (time complexity) and qubit requirements (space complexity) through improved anséitze,
operator ordering, and measurement strategies. Several groups have developed comprehensive frameworks for quantum chemistry
simulations that systematically explore tradeoffs between basis set size, correlation treatment, circuit design, and hardware con-
straints. Finally, there has been increasing emphasis on actual hardware demonstrations rather than purely classical simulations,
testing whether algorithmic advances translate to noisy real devices.

Table 1: Quantum Chemistry Methods by Company
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Table 2: Papers looked at in this report, from which companies and focused on which areas.

3.4 Prospects and Limitations

The industrial activity in quantum chemistry reflects a bet that logarithmic or polynomial quantum scaling will eventually
overcome exponential classical costs, even if that crossover requires more capable hardware than currently exists. The algo-
rithmic strategies surveyed here—fragmentation, active space selection, adaptive circuit construction, and classical-quantum
hybridization—represent efforts to bring that crossover point closer to NISQ-era capabilities. Whether these methods will enable
practically useful quantum advantage for chemical problems within the next decade remains an open question, but the sustained
investment from diverse industrial players suggests growing confidence in the underlying approach.
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