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We demonstrate an end-to-end workflow to model chemical reaction barriers with the quantum-classical
auxiliary field quantum Monte Carlo (QC-AFQMC) algorithm with quantum tomography using matchgate
shadows. The workflow operates within an accelerated quantum supercomputing environment with the IonQ
Forte quantum computer and NVIDIA graphic processing units (GPUs) on Amazon Web Services. We present
several algorithmic innovations and an efficient GPU-accelerated execution that achieves a several orders of
magnitude speedup over the state-of-the-art implementation of QC-AFQMC. We apply the algorithm to simulate
the oxidative addition step of the nickel-catalyzed Suzuki-Miyaura reaction using 24 qubits of IonQ Forte
with 16 qubits used to represent the trial state, plus 8 additional ancilla qubits for error mitigation, resulting
in the largest QC-AFQMC with matchgate shadow experiments ever performed on quantum hardware. We
achieve a 9× speedup in collecting matchgate circuit measurements, and our distributed-parallel postprocessing
implementation attains a 656× time-to-solution improvement over the prior state of the art. Chemical reaction
barriers for the model reaction evaluated with active-space QC-AFQMC are within the uncertainty interval of
±4 kcal/mol from the reference CCSD(T) (coupled cluster singles and doubles with perturbative triples) result
when matchgates are sampled on the ideal simulator and within 10 kcal/mol from reference when measured on
quantum processing unit. This work marks a step toward practical quantum chemistry simulations on quantum
devices while identifying several opportunities for further development.
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I. INTRODUCTION

Computationally intensive tasks have become integral to
drug discovery and development (DDD), driving advancement
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across the entire pharmaceutical R&D value chain. There is
a strong motivation to find ways to accomplish traditionally
experimental tasks faster and cheaper with the aid of computer
simulations. Quantum computing is an emerging technology
that enables the study of a certain class of problems thought
to be intractable with classical computation. The possibil-
ity of realizing these theoretical speedups in practice has
sparked research in a range of application areas, including
pharmaceutical R&D. Therefore, it is unsurprising to see the
recent development of quantum algorithms for many prob-
lems within DDD intended for near-term [1–5] and future
fault-tolerant [6,7] quantum computing devices. While the
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early drug discovery phase has been the primary target for
computational methods, in this work we focus on scenarios
arising in the drug development phase that require accurate
electronic structure modeling. Specifically, we consider find-
ing a synthetic pathway of desired purity and yield using
transition metal (TM) catalysis during the drug development
phase [8].

Some of the most significant chemical reactions in medic-
inal chemistry include amide bond formation, nucleophilic
aromatic substitution, and Suzuki-Miyaura cross-coupling
[9]. The first two reactions typically involve only organic
compounds, and density functional theory (DFT) [10] calcu-
lations have sufficient resolution to give useful mechanistic
insights. However, the Suzuki-Miyaura cross-coupling reac-
tions include catalytic TM complexes that exhibit complicated
electronic structure. In particular, unpaired d or f electrons
lead to dense low-lying electronic states, resulting in strong
electron correlation. Additionally, the open-shell character of
many transition metal complexes leads to states with different
spin symmetries, shaping their reactivity, stability, and under-
lying reaction mechanisms. As a result, multiple reaction spin
channels emerge, allowing reactions to proceed through dis-
tinct spin states with different activation barriers. Moreover,
because high-spin and low-spin states in transition metal com-
plexes often lie close in energy, the spin state can shift during
a reaction [11], a phenomenon known as spin crossover.

The intricate electronic structure of TM complexes powers
diverse catalytic mechanisms. At the same time, it makes
it difficult to model their chemistry reliably using approxi-
mate single-reference methods since the wave function often
exhibits a multireference character, and strong electron cor-
relation plays a central role [12]. Single-reference methods
such as DFT and even the coupled cluster singles and doubles
with perturbative triples [CCSD(T)] [13], which is regarded
as the gold standard in terms of accuracy, are not able to
reliably model these systems. In fact, CCSD(T) often exhibits
well-known breakdowns for strongly correlated systems, in-
cluding complexes with polynuclear transition metal cores,
systems undergoing metal to insulator phase transitions, and
multielectron excited states. (It may still yield reasonable
accuracy for mononuclear TM complexes [14].) Methods
such as the complete active space self-consistent field method
(CASSCF) [15] are capable of treating strong correlation,
but their computational cost grows exponentially with the
size of the active space. The density matrix renormaliza-
tion group method (DMRG) [16,17], originally developed for
one-dimensional and quasi-one-dimensional systems, offers
polynomial scaling in computational cost for such systems
and has demonstrated strong performance on chemically rel-
evant systems, including TM complexes [12,18,19]. While
DMRG enables significantly larger active-space computations
compared to conventional approaches and is amenable to GPU
acceleration [20–22], its performance at large scales increas-
ingly depends on available physical memory and memory
bandwidth [20,23].

This gives rise to one of the most promising applications
of quantum computers pertaining to the DDD pipeline—
modeling strongly correlated catalytic systems. In recent
years, a variety of different algorithms have been devel-
oped to solve the electronic structure problem using quantum

computers. Within these algorithms, quantum phase estima-
tion (QPE) [24,25] could in principle provide exact solutions
to quantum chemistry problems in polynomial time, but even
with recent innovations such as qubitization [26,27] and low-
rank tensor decomposition [28], it demands error rates far
beyond the capability of today’s noisy quantum computers,
and likely unachievable without robust error correction. The
variational quantum eigensolver (VQE) [29–33] has been
considered one of the most promising near-term algorithms.
However, it requires an often prohibitive number of measure-
ments on quantum computers [34], and the predicted chemical
properties are highly sensitive to device noise. Both factors
limit its ability to efficiently deliver usable results on current-
generation devices.

In this work, we focus on an alternative algorithm, the
quantum-classical auxiliary field quantum Monte Carlo (QC-
AFQMC) [35] algorithm, which builds upon the classical
AFQMC method [36–40]. AFQMC is a projector Monte
Carlo approach that solves for the ground state of the
electronic Hamiltonian with imaginary time propagation.
Although AFQMC is formally exact, it relies on an ap-
proximate trial state to control the fermionic phase problem
through the phaseless constraint introducing a bias propor-
tional to the trial state’s deviation from the true ground state.
Classical methods can generate multideterminant trial wave
functions (CASSCF and selected configuration interaction
(CI)) or high-quality single-reference states from coupled
cluster theory, but these approaches face intrinsic barriers:
Multideterminant trials scale exponentially in cost, while
single-reference methods fail in strongly correlated regimes.
QC-AFQMC overcomes both by using quantum computers to
prepare correlated trial states that capture multireference char-
acter without explicit enumeration. Early results [35,41] show
QC-AFQMC reaching chemical accuracy with polynomial
measurement cost, on both weakly and strongly correlated
systems with multiple-bond breaking, demonstrating notable
noise resilience compared to VQE and sidestepping the steep
overhead of QPE.

The core innovation in QC-AFQMC is not simply its
hybrid structure, but the way it divides tasks: the quantum
computer prepares the correlated trial state and performs
shadow tomography measurements, after which all imagi-
nary time propagation and observable estimation are carried
out on the classical computer. Unlike VQE, which requires
ongoing quantum-classical feedback for each parameter up-
date, QC-AFQMC isolates quantum measurements to the
start, avoiding the iterative quantum-classical loop. Despite
this conceptual elegance, several studies [41–44] have ar-
gued that the classical postprocessing of QC-AFQMC is
prohibitively expensive, making the method impractical for
systems of real scientific interest [41–44]. This work serves
as a demonstration to the contrary. We significantly en-
hance the practicality of QC-AFQMC by reducing its time
to solution through several key advances: tuning the perfor-
mance of quantum hardware by increasing the throughput
of job submission and execution, algorithmic improvements
(inspired by some recent developments of AFQMC [45])
leading to a computational cost reduction in postprocessing,
and GPU-accelerated implementations of routines required
for postprocessing via the NVIDIA CUDA Toolkit leveraging
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FIG. 1. Reaction mechanism and energy profile of the nickel-catalyzed deformylative Suzuki-Miyaura cross-coupling reaction. Our work
focuses on modeling the oxidative addition step denoted by B → [B-C]‡ → C . (Figure reproduced from Ref. [47] under the terms of the
Creative Commons CC BY license).

cuBLAS, cuSOLVER, and cuTENSOR. Overall, with these
improvements we have been able to reduce the computational
cost of QC-AFQMC energy evaluation and imaginary time
propagation from O(N8.5) to O(N5.5) and the cost of imagi-
nary time propagation from O(N7.5) to O(N4.5), where N is
the number of spin orbitals or qubits. Executing the steps of
QC-AFQMC via CUDA-Q on IonQ hardware hosted on Ama-
zon Braket [46] combined with postprocessing on Amazon
Web Services (AWS), we establish an efficient, end-to-end
workflow for applying QC-AFQMC to complex chemical
problems.

This paper demonstrates the QC-AFQMC workflow by
modeling a key step in the Suzuki-Miyaura cross-coupling
reaction (Fig. 1), which uses a nickel-based catalytic complex
as a cost-effective alternative to palladium [47]. Specifi-
cally, we focus on the prediction of the reaction barrier
for the first step: oxidative addition of aryl halide to nickel
bis(tripropylphosphine). This step begins with the complex
denoted by B in Fig. 1, proceeds through a transition state
[B-C]‡, and ends with the intermediate C. These complexes
exhibit an electronic structure primarily defined by weak cor-
relation with limited multiconfigurational character, which
makes it suitable for validating the QC-AFQMC workflow
against reliable single-reference classical benchmarks such as
CCSD(T).

The paper is organized as follows. Section II introduces
the classical AFQMC algorithm, outlining its strengths and
limitations, and then presents QC-AFQMC and the classical
shadow sampling technique at its core. Once the theoretical

framework is established, Sec. III describes the computational
details: the chosen chemical reaction, active space selection,
algorithmic improvements, and key aspects of implementation
and execution. Section IV reports QC-AFQMC energies for
the species in the reaction and compares them to results from
other methods. We then discuss time to solution, separating
quantum execution from classical postprocessing. The paper
concludes with a discussion of open challenges and future
directions.

II. METHODS

A. The electronic structure problem

The chemical reactivity of a molecular system can be mod-
eled by connecting reactants, products, and relevant transition
states on a potential energy surface (PES), which is the en-
ergy of the molecule as a function of its atomic geometric
configuration. Each point of the PES represents a solution to
the ground-state energy problem, which can be determined
computationally from first principles by solving the electronic
Schrödinger equation:

H |�g〉 = Eg|�g〉, (1)

in which H = H1 + H2 is the electronic Hamiltonian con-
sisting of one- and two-body contributions, |�g〉 is the
ground-state wave function, and Eg is the energy.

Solving the Schrödinger equation exactly on a classical
computer has exponential computational and memory com-
plexity with respect to system size, which is prohibitive for
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practical applications. This motivated the development of
many physics-informed approximations and heuristics that
trade approximation error (usually not controllable) for time
to solution. We have discussed some of the most widely
used approximate methods such as CCSD(T), CASSCF, and
DMRG in Sec. I. A notable class of classical electronic
structure methods relies on projector quantum Monte Carlo
(QMC). These techniques [48,49] employ stochastic walk-
ers to represent the system’s wave function, evolving them
through imaginary time propagation to generate ground-state
samples. The precise form of projector QMC is highly adapt-
able, determined by factors such as the walker’s Hilbert space,
the propagator’s mathematical structure, and the nature of
walker interactions. This flexibility gives rise to a range of
QMC variants [50–52], including the AFQMC algorithm,
which we will now explore in detail.

B. Classical AFQMC

The AFQMC method [38–40,53] is a powerful tool for
modeling the ground state of molecules and materials. In
AFQMC, the wave function is expressed as a linear combi-
nation of walkers:

|�〉 =
∑

l

wl |φl〉, (2)

where each walker |φl〉 is a Slater determinant with its cor-
responding weight wl . One can obtain the ground state by
evolving the wave function in imaginary time τ

|�(τ )〉 = e−τH
∑

l

wl |φl〉. (3)

As the system evolves, contributions from excited states decay
exponentially, and eventually only the ground state survives.
This evolution can be expressed as a product of short-time
propagators:

|�(τ )〉 = [e−�τH ]N
∑

l

wl |φl〉, �τ = τ

N
. (4)

To carry this out in practice, each propagator must be effi-
ciently approximated and applied to the set of walkers. The
electronic Hamiltonian that defines the propagator is given by

H = H1 + H2 =
∑

pq

tpqa†
paq + 1

2

∑
pqrs

gpqrsa
†
pa†

qasar, (5)

where t and g are one- and two-electron integrals, and
a†

p(ap) are the creation (annihilation) operators for the pth
orbital. Using Cholesky decomposition, the Hamiltonian can
be rewritten as

H = v0 − 1

2

∑
γ

v2
γ , (6)

where v0 is the modified one-body term and vγ = iLγ , with
Lγ denoting the Cholesky vector associated with the two-
body term:

Lγ =
∑

pq

Lγ
pqa†

paq, gpqrs =
∑

γ

Lγ
prLγ ∗

sq . (7)

In QC-AFQMC, the Cholesky decomposition is done with
a modified algorithm [52], and its cost scaling is O(N4).

Now, using the second-order Trotter-Suzuki decomposition,
the imaginary time propagator becomes

e−�τH ≈ e− �τ
2 v0

∏
γ

e
�τ
2 v2

γ e− �τ
2 v0 . (8)

The Hubbard-Stratonovich transformation [54,55] converts
the term involving v2

γ into an integral over an auxiliary field,
resulting in the exponentials of one-body operators coupled to
this auxiliary field:

e
�τ
2 v2

γ =
∫

dxγ√
2π

e− x2
γ

2 e
√

�τxγ vγ . (9)

Substituting into Eq. (8), we obtain

e−�τH ≈
∫

dxp(x)B(x), (10)

in which the operator B(x) is defined as

B(x) = e− �τ
2 v0

∏
γ

e
√

�τxγ vγ e− �τ
2 v0 , (11)

and p(x) is a multidimensional Gaussian distribution over the
auxiliary field variable x.

According to Eqs. (10) and (11), to propagate the walkers,
one could first sample x from p(x), and then construct and
apply the operator B(x) to each walker. Since B(x) is the
exponential of a one-body operator, its action on a Slater
determinant simply yields another determinant:

|φ′
l (x)〉 = B(x)|φl〉. (12)

Finally, with the propagated walkers that sample from the
ground state, AFQMC energy is a normalized weighted sum
of the local energies,

E =
∑

l wlEL(φl )∑
l wl

, (13)

in which the local energy is computed as

EL(φ) = 〈�T |H |φ〉
〈�T |φ〉 . (14)

C. The phase problem

The approach described above is usually referred to as the
“free-projection” version of AFQMC. Although it is formally
exact, in reality it suffers from the phase problem [36,37,56],
which causes instabilities in the energy evaluation. In order
to mitigate the phase problem, a trial wave function |�T 〉 is
introduced to guide the propagation. The trial wave function
should be a close approximation to the exact ground state, and
the propagator in Eq. (10) is modified with [37]∫

〈�T |φ′(x − x̄)〉p(x − x̄)B(x − x̄)
1

〈�T |φ〉dx, (15)

in which a constant shift x̄ is also introduced, which does not
affect the equality of Eq. (10). The optimal choice of x̄ will be
determined later. The above equation could be written as∫

p(x)w(x, φ)B(x − x̄)dx, (16)
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where

w(x, φ) = 〈�T |φ′(x − x̄)〉
〈�T |φ〉 ex·x̄−(x̄·x̄/2). (17)

In each step, an x̄ is first decided for each walker, and the
walker is propagated to a new walker with B(x − x̄). Here,
w(x, φ) is the importance sampling function, which could be
taken into account by allowing every walker to have a weight
factor and update it during the propagation [38,41].

The optimal choice of x̄ is determined by minimizing the
fluctuation of w(x, φ) with respect to x, and one obtains [37]

x̄γ = −
√

�τ
〈�T |vγ |φ〉
〈�T |φ〉 , (18)

which is usually referred to as force bias in AFQMC. With this
choice of x̄, one could further approximate the weight factor as
w(x, φ) ≈ exp[−�τEL(φ)][37], in which EL(φ) is the local
energy defined in Eq. (14).

If the trial wave function is exact, then one can show that
the local energy is real valued and equal to the exact energy. In
this case, all the weights also become real valued and positive,
which mitigates the phase problem. However, for approximate
trial wave functions, the local energy is a complex number.
Therefore, a common approximation is to replace it with
its real part. w(x, φ) ≈ exp[−�τRe{EL(φ)}], and the overall
weight factor is

w(x, φ) ≈ exp[−�τRe{EL(φ)}]

× max

(
0, cos

[
arg

( 〈�T|B(x − x̄)|φ〉
〈�T|φ〉

)])
,

(19)

in which an additional factor is introduced to prevent abrupt
phase changes during the random walk [38].

D. QC-AFQMC

The introduction of the weight factor in Eq. (19) is an
approximation to the imaginary time propagation, and it leads
to a bias in energy predictions. This is similar to the fixed node
approximation [48] in diffusion Monte Carlo. The quality of
the approximation depends on the quality of the trial state,
and, more specifically, on the quality of the nodal structure
of the trial state. In fact, one could show that if the trial state
is the exact ground state, then the weight factor is no longer
an approximation, and the predicted energy is also exact. On
the other hand, if the trial state is a poor approximation to
the ground state, it will introduce a significant bias to the
predicted energy [43]. It remains an area of active research
to identify the specific characteristics of an approximate trial
state that lead to bias reduction.

Unfortunately, only a few trial state options are efficient
to prepare on classical computers. The most widely used
trial state is the single-determinant Hartree-Fock (HF) state.
However, single-determinant wave functions are poor approx-
imations to the ground state for strongly correlated systems,
and using them as trial states leads to large errors in en-
ergy. In such cases, one needs to use multideterminant trial
states [57,58], but the size of the multideterminant expansion
grows exponentially with system size, and in practice further
approximations need to be introduced to make the approach

efficient, such as truncating the multideterminant expansion
to a predefined, limited number of terms, which then leads to
errors in the predicted energy.

The development of the quantum computer offers a
different perspective for AFQMC. Efficient quantum state
preparation techniques [31,59,60] for the ground state of
molecules and materials open up a possibility of using them
as the trial state for AFQMC. Huggins et al. [35] introduced
the quantum-classical AFQMC method, in which one pre-
pares the trial state on a quantum computer and uses it to
guide the imaginary time propagation in AFQMC. Further-
more, Huggins et al. demonstrated that even with a simple
perfect pairing wave function prepared on the quantum com-
puter, the QC-AFQMC method yields more accurate energy
estimates in both molecules and materials compared with
classical AFQMC using single-determinant trial states. The
QC-AFQMC approach is compatible with any quantum state
preparation technique, including ansätze used in the VQE
approach, such as those based on unitary coupled cluster the-
ory [61,62], hardware-efficient circuits [31], and Clifford+ T
ansatz [60], as well as other states that one could prepare
nonvariationally.

E. Classical shadows and the evaluation of overlaps

In order for a quantum state to be used as the trial state
in AFQMC, one needs to efficiently evaluate its overlap with
the walker states: 〈�T |φ〉. Since both the trial state and the
walker state could be prepared on the quantum computer,
the most straightforward way for evaluating the overlap is to
use the Hadamard test. However, this would require a large
number of measurements and back-and-forth communications
between the quantum and classical computers, and it also
greatly increases the number of qubits, circuit depth (con-
trolled operations), and coherent execution time. These issues
make the Hadamard test a very inefficient choice for QC-
AFQMC. To tackle this issue, the initial study by Google [35]
proposed to use classical shadow techniques. The classical
shadow method was first proposed by Huang et al. [63,64].
This method tries to store a “classical copy” of the quantum
state by measuring the quantum state in a number of random
bases. These measurement results are classical shadows of the
quantum state, and by inverting the measurement channel, one
could reconstruct the quantum state’s density matrix and use
it to compute reduced quantities such as expectation values,
fidelity, and nonlinear functions. This method is especially
advantageous if one wants to predict many properties of a
quantum state simultaneously, as it has been shown that one
could achieve so with very few measurements that only scale
logarithmically with the number of properties.

QC-AFQMC is a scenario well suited for classical shad-
ows, as one needs to evaluate the overlap between the trial
state |�〉 and many different walkers simultaneously. How-
ever, although classical shadow is efficient in terms of the
number of measurements one needs, to compute properties
one needs to invert the measurement channel classically, and
whether such an inversion can be done efficiently depends
on both the randomized basis and the properties of interest.
The initial study of QC-AFQMC used randomized Clifford
basis, which turned out to be very inefficient in the classical
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postprocessing to compute overlaps in AFQMC, with a cost
that scales exponentially with system size [42]. However, a
follow-up study shows that such an exponential bottleneck
could be reduced to polynomial by switching to a basis gener-
ated by randomized matchgate matrices [41,44,65]. The first
demonstration of the matchgate shadow-based QC-AFQMC
on quantum hardware was demonstrated in 2024 by a team
from AWS and the University of Chicago [41] on a system
with four qubits.

In order to compute the overlap 〈�T |φ〉 with matchgate
shadows, we follow the same procedure described in Wan
et al. [65]. For the full derivation of working equations,
we point the reader to the following literature regarding the
matchgate shadow technique [41,65,66] and we briefly state
the main results for completeness. The protocol consists of
two phases: we first prepare a trial state |�T 〉 via VQE and
construct a new state |�〉 = 1√

2
(|0〉⊗N + |�T 〉). In this work,

the VQE parameters have been optimized on a noiseless
quantum simulator. The reason for preparing such a state is
because overlaps 〈�T |φ〉 could be formulated as its expec-
tation values with respect to the observable |φ〉〈0|, defined by
|φ〉. Second, we perform shadow measurements by composing
the state |�〉 circuit with Gaussian circuits constructed from
orthogonal matrices Qp ∈ R2N×2N . These matrices can be de-
rived from either Haar-random orthogonal matrices or random
signed permutation matrices, with the latter ensuring unit de-
terminant by construction. In our study, signed permutation
matrices are used. For each measurement |b〉 (a single binary
string), we obtain a covariance matrix C|b〉 that contributes
to the classical shadow representation. The overlap computa-
tion exploits the mathematical structure of matchgate circuits
through efficient Pfaffian evaluation [67]. For a fermionic state
represented by determinant p, we construct an antisymmetric
matrix:

Ap|b〉(z) = C(s)
|0〉 + z · B(s)

p,|b〉. (20)

Here, C(s)
|0〉 represents the selected submatrix of the vacuum

state covariance matrix. Index (s) indicates that this is a sub-
matrix by selecting certain columns and rows of the original
full matrix. z is an auxiliary variable we will use later to
perform polynomial interpolation, and B(s)

p,|b〉 combines the
shadow measurement with the walker structure through the
transformation:

Bp,|b〉 = W∗MφQT
p C|b〉QpMT

φ W†, (21)

where W encodes the fermionic structure of the system
through carefully constructed block rotations and Mφ is the
matrix that defines the walker |φ〉. The definitions of W, C,
and Mφ could be found in the Supplemental Material [68].
The overlap between trial state and walker |φ〉 is computed by
first finding the coefficients of the polynomial defined by the
Pfaffian of Ap,|b〉(z) = ∑l

x cp,|b〉xzx, which could be calculated
by evaluating the Pfaffian at Chebyshev nodes [44]

zk = cos

(
2k + 1

2N
π

)
, (22)

and performing polynomial interpolation to obtain the coef-
ficients. The final contribution to the overlap for this shadow

takes the form

〈�T |φ〉 = 1

Nshadow

∑
p

op and

op = iη/2

2N−η/2

	∑
x=0

cp|b〉x

(
2N

2x

)/(
N

x

)
, (23)

where 	 = N − �η/2� defines the polynomial degree and η

is the number of Fermions in the system. The coefficients
cp,|b〉x are determined through polynomial interpolation at the
Chebyshev nodes. As been shown in Ref. [65], to bound the
error of the computed overlap by ε, the required number of
measurements scales as O(

√
N lnN/ε2). The overall cost for

the above algorithm for computing overlaps scales as O(N4.5)
per walker, as computing matrix Pfaffian scales as O(N3),
and one needs to do it for every grid point and shadow. The
number of grid points (Chebyshev nodes) and shadows scale
as O(N ) and O(N0.5), respectively, so the overall cost for
overlaps is O(N4.5).

F. Force bias and local energy

Despite achieving efficient overlap evaluation through
quantum measurements, QC-AFQMC still faces another com-
putational bottleneck: without algorithmic improvements,
computing the local energy and force-bias terms would scale
as O(N8.5) and O(N7.5) per walker. Each step requires evalu-
ating the local energy:

EL(φ) = 〈�T |H |φ〉
〈�T |φ〉 (24)

and the force-bias terms:

x̄γ = −
√

�τ
〈�T |vγ |φ〉
〈�T |φ〉 . (25)

The most straightforward way of evaluating the local
energy and force bias is to enumerate every term in the Hamil-
tonian and the vγ operator, apply each term to |φ〉 to obtain
a new walker, and evaluate the overlap of the new walker
with the trial state. Since the cost for computing one overlap
scales as O(N4.5), computing local energies scales as O(N8.5)
as there are O(N4) terms in the Hamiltonian. For force bias,
although there are only O(N2) terms in each vγ , one needs
to compute it for every Cholesky vector, and since there are
O(N ) Cholesky vectors, the overall cost for force bias scales
as O(N7.5).

However, a more efficient algorithm has been developed.
As noted by Jiang et al. [45], since these quantities represent
variations of the overlap under state transformations, they can
be computed through (algorithmic) differentiation of the over-
lap expressions. For example, the force bias could be written
as

〈�T |vγ |φ〉
〈�T |φ〉 = i

〈�T | ∑pq Lγ
pqa†

paq|φ〉
〈�T |φ〉

= i
∂

∂λ
ln〈�T |eλ

∑
pq Lγ

pqa†
paq |φ〉|λ=0

= i
∂

∂λ
ln〈�T |φ̃(λ)〉|λ=0, (26)
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and it becomes the derivative of the trial wave function overlap
with a modified walker, with respect to an auxiliary variable λ.

The one-body part of the energy shares the same form as
the force bias, and it could be computed in the same way. The
two-body part of the energy is

∑
γ

〈�T | ∑pqrs Lγ
pqLγ

rsa†
paqa†

r as|φ〉
〈�T |φ〉

=
∑

γ

∂2

∂λ1∂λ2
〈�T |eλ1

∑
pq Lγ

pqa†
paq eλ2

∑
rs Lγ

rsa†
r as |φ〉|λ1=0,λ2=0/

× 〈�T |φ〉

=
∑

γ

∂2

∂λ1∂λ2
〈�T |φ̃(λ1, λ2)〉|λ1=0,λ2=0/〈�T |φ〉, (27)

which becomes the second-order partial derivative of the
overlap.

These derivatives could be computed using numerical dif-
ferentiations, and it transforms the computational complexity
from O(N8.5) per walker [41,44] to O(N5.5)[45] for local
energies, and from O(N7.5) to O(N5.5)[45] for computing all
force bias. The efficiency stems from the scaling properties:
the overlap and one-body energy terms maintain O(1) scaling
relative to the base overlap computation, while the two-body
energy and the number of force-bias terms scale as O(Nγ )
relative to the overlap, where Nγ is the number of Cholesky
vectors.

We further notice that by using algorithmic differentia-
tion instead of finite difference, one could further reduce the
computational cost, especially for force bias. Notice that the
derivative of the matrix Pfaffian is

∂Pf(A(λ))

∂λ
= Pf(A(λ))

2
Tr

(
A(λ)−1 ∂A

∂λ

)∣∣∣∣
λ=0

. (28)

since we only need the derivative at λ = 0, the matrix Pfaffian
and inverse only need to be computed once for each time
step, and they could be reused later. For force bias, only the
trace needs to be recomputed for each Cholesky vector. The
cost for computing the trace of product of inverse and matrix
derivative scales as O(N2) for each Cholesky vector, so the
overall cost for computing all force bias becomes O(N4.5) +
O(Nγ )O(N2)O(N1.5) ∼ O(N4.5), one order of magnitude re-
duction from numerical differentiations.

The local energy requires the second-order derivatives of
the matrix Pfaffian,

∂2Pf(A(λ1, λ2))

∂λ1∂λ2

= Pf(A(λ1, λ2))

2

{
tr

[
A−1(λ1, λ2)

∂2A(λ1, λ2)

∂λ1∂λ2

]

− tr

[
A−1(λ1, λ2)

∂A(λ1, λ2)

∂λ1
A−1(λ1, λ2)

∂A(λ1, λ2)

∂λ2

]

+ 1

2
tr

[
A−1(λ1, λ2)

∂A(λ1, λ2)

∂λ1

]

× tr

[
A−1(λ1, λ2)

∂A(λ1, λ2)

∂λ2

]}∣∣∣∣
λ1=0,λ2=0

. (29)

again, since we only need the derivative at λ1 = λ2 = 0, the
matrix Pfaffian and inverse only need to be computed once
for each time step. Unlike force bias, the middle term now re-
quires explicit matrix-matrix multiplication, and algorithmic
differentiation provides the same big-O scaling as numeri-
cal differentiation. However, using algorithmic differentiation
converts the computational bottleneck from computing matrix
Pfaffian to matrix products, which could be easily accelerated
with GPUs. The summary of the big-O scaling improvements
and computational bottlenecks with the techniques introduced
above is shown in Table I.

G. Virtual correlation energy

In the QC-AFQMC algorithm, the trial wave function is
prepared on quantum computers, with a one-to-one mapping
from orbitals to qubits. However, for large-scale chemical
systems such as the TM complexes, even a small basis set
produces hundreds of orbitals. In contrast, most of today’s
quantum computers only have a few tens of qubits. To tackle
this issue, the most common option is to reduce the system to
an active space. Since the active space only contains a fraction
of the orbitals in the full space, it becomes feasible to prepare
its wave function on today’s quantum computers.

However, accurate modeling of electron correlations inside
the active space is not enough to obtain quantitatively accurate
predictions to chemical properties, and one also has to take
into account the electron correlations outside the active space.
This presents a distinct challenge in QC-AFQMC. Huggins
et al. [35] introduced the virtual correlation energy (VCE)
technique to address this through orbital space partitioning,
enabling quantum resources to focus on the active space while
treating remaining correlation effects with the trial state of a
single Slater determinant. The original proposal had a signif-
icant overhead in evaluating the local energy using overlaps,
resulting in costs O(N4) more expensive than the overlap eval-
uation. Building on the improvements by Jiang et al. [45], our
implementation eliminates this overhead, making the method
significantly more efficient for large basis sets.

Suppose one has already prepared the trial wave function
in the active space |�T,a〉 (with N orbitals), then we can write
the trial wave function in the full space (with NB orbitals) as

|�T 〉 = |
c〉 ⊗ |�T,a〉 ⊗ |0v〉, (30)

where |
c〉 represents frozen-core orbitals as a Slater deter-
minant and |0v〉 denotes the virtual orbital vacuum state. One
could show that for a walker |φ〉 that lives in the full space, its
overlap with |�T 〉 could be computed as

〈�T|φ〉 = det(�cR)〈�T,a|φ̃a〉/(det(U †)det(V )), (31)

where �c, det(U †), and det(V ) capture the contributions from
the core space through matrix operations and R is the renor-
malization factor. This formulation enables QC-AFQMC to
run in the full space with the trial wave function defined in
an active space, and therefore capture electron correlations
outside the active space. VCE allows for basis set convergence
while concentrating quantum resources on the strongly corre-
lated active space. A detailed derivation of Eq. (31) could be
found in the Supplemental Material [68].
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TABLE I. Big-O scaling and bottlenecks for computing AFQMC overlaps, force biases, and local energies with matchgate shadows using
different techniques.

Algorithm Overlap Force bias Local energy Bottleneck

Original (Huang et al. [41])a O(N4.5) O(N7.5) O(N8.5) Pfaffian evaluations
Finite differences (Jiang et al. [45])b O(N4.5) O(N5.5) O(N5.5) Pfaffian evaluations
Analytic Pfaffian derivatives (this work)c O(N4.5) O(N4.5) O(N5.5) Matrix products
Scalings assume Nγ = O(N ) and omit logarithmic factors.

aThis force-bias scaling is not stated explicitly in Huang et al.; it is estimated from term-by-term enumeration of the Nγ Cholesky one-body
operators vγ .
bOverlap-derivative approach of Jiang et al. evaluated here by finite differences; Jiang et al. also noted an O(Nγ ) speedup from algorithmic
differentiation.
cThe analytic Pfaffian derivatives and contraction restructuring shift the bottleneck from Pfaffian evaluations to matrix products.

III. COMPUTATIONAL DETAILS

A. Workflow

The QC-AFQMC computation proceeds in multiple steps
executed on a variety of hardware, as depicted in the chart in
Fig. 2. In this section, we discuss each step in detail.

(a) Analyze input molecule. The job begins with the spec-
ification of a molecular system and its geometry, which
then undergoes a classical simulation at the self-consistent
field level to obtain a set of molecular orbitals and the
molecular Hamiltonian. At this stage, we also determine
the size of the active space. See Secs. III B and III C for
details.

(b) Optimize trial state. With the Hamiltonian defined,
the job enters the state preparation stage. In this work, we
obtain the QC-AFQMC trial state using VQE with the uni-
tary pair coupled cluster doubles (upCCD) ansatz [69]. Using
CUDA-Q, we construct the kernel for the trial VQE state and
variationally optimize the VQE parameters, which is executed
on an ideal simulator.

(c) Collect shadows. Next, the trial state is sampled us-
ing matchgate shadows on a quantum computer. Matchgate
shadow circuits are constructed as CUDA-Q kernels and sub-
mitted for execution on the IonQ Forte quantum processing
unit (QPU) from the Amazon Braket Hybrid Job environment.
Upon collecting the measurements, the workflow aggregates
them to prepare for postprocessing.

(d) Compute properties. Finally, the workflow finishes with
performing AFQMC imaginary time propagation as a postpro-
cessing step to evaluate the energy of the molecule.

All electronic structure calculations were performed using
the PySCF [70] framework, interfaced with LibXC [71] for
density functional theory evaluations. Orbital entanglement
analysis employed the Block2 density matrix renormalization
group software [17], accessed through the open-source
ActiveSpaceFinder package [72]. Quantum Monte Carlo
calculations utilized iPie [52,73], with our matchgate
shadow implementation building upon routines from the
open-source symmetry-adjusted-classical-shadows
repository [66,74,75]. More implementation details on the

FIG. 2. Diagram of the computational workflow for QC-AFQMC. The hybrid steps indicated in orange are executed using a combination
of QPU and CPUs. White boxes indicate classical computations using a combination of CPUs and GPUs.
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FIG. 3. Three-dimensional structures of the molecular system at each reaction coordinate (B, [B-C]‡, C) and truncation level. Atoms are
colored as follows: nickel (green), phosphorus (orange), oxygen (red), carbon (gray), and hydrogen (white).

QC-AFQMC workflow can be found in the Supplemental
Material [68].

B. Model chemical reaction

For this demonstration, we selected the oxidative addition
step of the nickel-catalyzed deformylative Suzuki-Miyaura
cross-coupling reaction shown in Fig. 1. We used the
molecular geometries of the complexes B, [B-C]‡, and C
from Ref. [47]. To make the demonstration computationally
tractable, we applied two approximations that reduce the com-
putational effort while retaining relevant properties. First, we
truncated the molecular structures from 77 atoms to 41 atoms,
which reduces the computational cost of postprocessing. On
top of that, we selected an active space to reduce quantum
computing requirements.

The truncation of molecular structures was carried out fol-
lowing established protocols in computational organometallic
chemistry [76], beginning from the original, 77-atom refer-
ence system. Peripheral substituents that do not participate
in the reaction mechanism were excised via selective cleav-
age of aliphatic C–C bonds at sp3-hybridized centers, with
−CH2CH2CH3 groups replaced by −CH3 substituents. This
strategy preserves the integrity of the P coordination sphere
while avoiding the disruption of critical C–P bonds. The orig-
inal and reduced molecules are shown in Fig. 3, and atomic
cartesian coordinates could be found in the Supplemental

Material [68]. In this study, we will be using the reduced
41-atom systems in QC-AFQMC calculations.

To validate this molecular reduction, we first conducted
density functional theory calculations using four distinct func-
tionals (ωB97X [77], B3LYP [78–81], PBE0 [82–84], and
M06-2X [85]) with the Slater-type orbital approximated by
three Gaussians (STO-3G) basis set [86–90] (which is suffi-
cient for the purposes of this demonstration; we discuss the
scalability of QC-AFQMC with the basis set in Sec. IV). The
reaction energy profiles (Figs. S1–S4 in the Supplemental Ma-
terial [68]) show remarkable consistency across all truncation
levels we considered. Energetic differences (Table SI in the
Supplemental Material [68]) were on the order of the expected
statistical error margins of AFQMC (∼1–2 kcal/mol).

C. Active-space determination

Having verified that our reduced models preserve the en-
ergetics across different DFT functionals, we then used tools
from quantum information theory to analyze the electronic
structure, which provides quantitative indicators of orbital
correlation. This framework employs two complementary
measures derived from DMRG wave functions: single-orbital
entropy and orbital-orbital mutual information. Single-orbital
entropy quantifies the quantum entanglement between
individual orbitals and their environment—approaching
a theoretical maximum of ln(4) ≈ 1.4 at complete
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FIG. 4. Single-orbital entropy for the reduced model (41 atoms). The major entangled orbitals remain largely unchanged, validating the
truncation approach.

entanglement. Previous studies [91,92] have established that
orbitals
exhibiting entropy above 0.14 (10% of maximum) reliably
indicate strong static correlation effects.

Applying this analysis to the molecules in Fig. 3 revealed
striking patterns. As one could see in Fig. 4 (additional plots
available in the Supplemental Material [68]), for the reduced
systems, single-orbital entropy profiles across the reaction
coordinate (initial complex B, transition state [B-C]‡, and
product C) identified a pronounced cluster of frontier orbitals
(orbital numbers 80–87, shown in Fig. 4) maintaining high
entanglement throughout. These orbitals also exhibit strong
mutual correlation patterns in their network structure (Fig.
S7 in the Supplemental Material [68]), with the profiles re-
maining consistent across all truncation levels—providing
independent validation of our reduction strategy.

The correlation network analysis, derived from two-
electron reduced density matrix (RDM) elements (Fig. S7 in
the Supplemental Material [68]), quantifies these orbital-
orbital interactions through edge weights representing cor-
relation strengths. The resulting network topology naturally
suggests a hierarchy of active spaces based on established
metrics [91]: from a primary (12e, 11o) space capturing or-
bitals with entropy S > 0.1, through an intermediate (8, 8)
space for orbitals exceeding S > 0.2, to a minimal (6, 6) space
for the most strongly correlated orbitals (S > 0.3). From this
hierarchy, we selected the (8, 8) active space, shown in Fig. 4,
as it provides a balanced description of the key correlations
for the demonstrations in this study. Additional correlations
are captured by the virtual correlation energy procedure, as
discussed in Sec. II G.

These systematically constructed active spaces serve as
trial states for QC-AFQMC calculations, with residual dy-
namical correlation handled efficiently through the VCE
technique [35]. This balanced treatment proves particularly
valuable for nickel-catalyzed C-H activation reactions, where
accurate correlation treatment directly impacts mechanis-

tic understanding. The integration of quantum information
metrics with QC-AFQMC methodology thus establishes a
robust framework for investigating electronic structure reorga-
nization in transition metal catalysis, especially in cases where
traditional single-reference methods prove inadequate.

D. VQE trial state

In our study, we use the VQE algorithm with the upCCD
ansatz as the trial state for QC-AFQMC. The upCCD ansatz
is

|�〉 = eT −T † |�0〉, T =
∑

ia

t a
i a†

aαa†
aβaiβaiα, (32)

in which |�0〉 is the HF state. a†
pα (a†

pβ ) and apα (apβ ) are
the fermionic creation and annihilation operators in the pth
spin-up (down) orbital. For compactness, |�〉 will refer to the
active-space trial state |�T,a〉 in Eq. (30).

As we have shown before [69], the upCCD ansatz is one
of the most efficient VQE ansatz. It could be compiled with
shallow circuits that contain only O(N2) entangling gates,
and only a constant number of measurements are needed
to compute energy. In this work, we obtain the optimal pa-
rameters of the upCCD ansatz by minimizing the energy
with an ideal quantum simulator using the COBYLA opti-
mizer implemented in CUDA-Q. For such a small system,
the VQE simulation only takes a few minutes. However, we
also note here that for a large-scale system, simulating VQE
with an ideal simulator becomes infeasible, and parameter op-
timizations on quantum computers are also very challenging.
Fortunately, there are methods [93,94] to obtain the optimal or
close-to-optimal ansatz parameters classically without doing
parameter optimizations on quantum computers. For upCCD,
the most straightforward way is to use the optimal parameters
of the classical pair coupled cluster doubles (pCCD) ansatz.
Solving optimal parameters of pCCD only scales cubically
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with the system size, which makes it a scalable way of prepar-
ing upCCD trial states for QC-AFQMC.

E. Execution of matchgate circuits on QPU

(a) Quantum hardware. The experimental demonstration
was performed on the IonQ Forte QPU executed via NVIDIA
CUDA-Q [95–97] on Amazon Braket [98]. In these systems,
trapped 171Yb+ ions serve as the qubits, with quantum infor-
mation encoded in two hyperfine levels of the ground state.
Ions are generated via laser ablation and selective ionization
before being loaded into a surface linear Paul trap in a com-
pact integrated vacuum package. Qubit states are manipulated
by illuminating individual ions with pulses of 355 nm light
that drive two-photon Raman transitions, thereby enabling
the implementation of arbitrary single-qubit rotations and ZZ-
type entangling two-qubit gates.

IonQ Forte integrates acousto-optic deflectors that allow
for independent steering of each laser beam to its respec-
tive ion, substantially reducing beam alignment errors across
the ion chain. This optical architecture, combined with a
robust control system and control software suite that auto-
mates calibration and optimizes gate execution, has enabled
the realization of larger qubit registers with enhanced gate
fidelities. Consequently, IonQ Forte establishes a scalable and
high-fidelity platform for quantum information processing,
marking a notable progression in trapped ion QPU technology.

Several specific improvements were made to the control
software and firmware suite to maximize the circuit execution
rate (throughput) of circuits for this workload. This perfor-
mance tuning took advantage of shadow circuits’ specific and
somewhat uncommon structure. Notably, each shadow circuit
is pregenerated, only run for a single shot, and consists of a
common trial state, followed by classical shadows sourced
from a common pool. This allowed for aggressive caching
of waveforms and other real-time instructions that were com-
mon among the shadow circuits within the real-time control
subsystem, as well as enhanced pipelining and parallelization
efforts up and down the control stack to ensure that the now-
much-faster circuit execution was never blocked by classical
overhead. Specific results of this performance tuning are dis-
cussed in Sec. IV C.

(b) Error mitigation techniques. Classical shadow tech-
niques enjoy the benefit of responding predictably to Marko-
vian, invertible, gate-independent quantum error channels,
in the sense that expectation values are simply rescaled
[75,99,100]. For computing overlaps, as done in QC-AFQMC,
the rescaling of expectation values cancels out, making the
technique robust to these simple errors [35]. This robustness
does not hold, however, for cases where the error channels are
context dependent or noninvertible [101]. On our platform,
one particularly important such channel is a spontaneous
emission event that can happen during the Raman ZZ gates.
This error channel results in the ion entering a state where
it is insensitive to all further gates [102,103], meaning that
the placement of the gate where the error occurs drastically
changes its impact. Further, given that the error represents a
complete loss of information, the resulting shadow channel is
noninvertible.

While this type of spontaneous emission error has the
potential to inject nontrivial bias into a shadow evaluation of
overlaps, it is fairly easy to detect and remove via postselec-
tion. To that end, we use leakage error detection gadgets [104]
attached at the end of the circuit. Each gadget requires two
ZZ gates and an ancillary qubit. To reduce the overhead, we
attach the gadgets on half of the qubits, alternating even and
odd, thus requiring eight additional qubits. If any ancilla is
flagged, the corresponding measurement is discarded.

F. GPU-accelerated postprocessing

We implement key linear algebra routines in the QC-
AFQMC postprocessing with NVIDIA GPUs on AWS
ParallelCluster. The construction of the A and B matrices
defined in Eqs. (20) and (21), along with the derivative of A
used in force bias and local energy evaluations, and matrix
and vector products needed to compute Pfaffian derivatives in
Eqs. (28) and (29), are implemented with NVIDIA’s cuBLAS
and cuTENSOR linear algebra packages. cuBLAS allows
for highly efficient matrix multiplications on GPUs. cuTEN-
SOR extends those capabilities to multidimensional arrays.
The polynomial fitting needed to compute overlaps and their
derivatives is implemented with NVIDIA’s cuSOLVER pack-
age, which allows for efficient linear system solutions on
GPUs.

IV. RESULTS

A. Particle number and effect of hardware noise

We first prepared the trial states of B, [B-C]‡, and C
(Fig. 3), which represent the reactant, transition state, and
product, respectively, along the reaction coordinate for the
oxidative addition of aldehyde to Ni(0) in the nickel-catalyzed
Suzuki-Miyaura cross-coupling. For each molecule, we ob-
tained a restricted Hartree-Fock solution followed by VQE
parameter optimization with the upCCD ansatz in an active
space. We followed the procedure described in Sec. III B to
define an (8, 8) active space for all three systems, which
corresponds to selecting orbitals with single-orbital entropy
S > 0.2.

To sample the trial state, we set up matchgate shadow
tomography on the ideal simulator with 58 482 randomly gen-
erated shadows. On Forte QPU, we used 60 365, 58 375, and
61 118 matchgate shadows for system B, [B-C]‡, and C, re-
spectively, following the error mitigation procedure described
in Sec. III E. The difference in the number of shadows is due
to a slightly different rate of rejection at the error mitigation
step.

We first assessed the quality of the collected matchgate
shadow measurements by evaluating the total number of par-
ticles in the trial state by taking the trace of the one-particle
reduced density matrix, which was computed from the mea-
sured matchgates. The details of how RDMs are computed
could be found in the Supplemental Material [68]. Because
we used the (8, 8) active space in our models, the ground
truth number of electrons is known (8), making it a convenient
metric to validate the measurements. The results from the
ideal simulator and the Forte QPU for all three molecules
are shown in Table II. The particle numbers measured from
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TABLE II. Particle number of the trial state evaluated from
matchgate shadow measurements computed for the three molecular
structures. There are eight active-space electrons in the trial state,
which is the ground truth value.

Ideal simulator Forte QPU

Molecule Shadows Particle number Shadows Particle number

B 58 482 7.998 60 365 10.663
[B-C]‡ 58 482 8.086 58 375 10.598
C 58 482 7.932 61 118 10.514

the ideal simulator of all three molecules are close to 8, as
expected, with the remaining discrepancy with the integer
value due to the finite sample of matchgates. The measured
particle numbers on Forte QPU are around 10.5, which deviate
from the ideal value due to hardware noise. The amount of
difference between the particle number measured on QPU and
the ideal simulator could also serve as an indicator of the noise
level.

B. Reaction energy

We then applied QC-AFQMC to model the ground state
of the three molecules using both simulated and QPU mea-
surements. The imaginary time propagation of AFQMC, with
force bias and energies computed using the algorithm de-
scribed in Sec. II F, ran with 1280 walkers and 1500 time
steps of 0.01 a.u. for a total of 15 a.u. imaginary time. We
plot the energy as a function of the imaginary time in Fig. 5.
A comparison of the final converged QC-AFQMC energies,
including their 1σ statistical uncertainties, for both ideally

simulated matchgates and those collected on the Forte QPU,
is shown in Table III. We also compare QC-AFQMC with a
baseline of electronic structure methods such as HF, VQE, and
CCSD(T). To provide a direct comparison with its classical
counterpart, we also ran classical phaseless AFQMC (ph-
AFQMC) using a single-determinant restricted Hartree-Fock
(RHF) trial state and the same postprocessing protocol as
QC-AFQMC (50-block burn-in, outlier cleaning, reblocking).

For all three molecules, the initial energies of QC-AFQMC
closely match the VQE results, which is expected since the
initial step represents a sample of the trial state. As imagi-
nary time evolution proceeds, QC-AFQMC recovers between
1.24 and 1.31 hartree of correlation energy. This reflects the
method’s ability to capture correlation effects within the active
space through the trial state, while also accounting for electron
correlation outside the active space via VCE. As shown in
Fig. 5, we occasionally observe spikes in the measured energy
with a magnitude of almost 2 hartrees above the converged
value. We attribute these anomalies to intermittent numerical
instabilities in the VCE evaluation. Specifically, one needs to
differentiate VCE-related quantities, such as matrices U , V ,
and R, to compute force bias and local energies with VCE.
We used finite differences, which proved unstable for small
step sizes. Fortunately, the spikes quickly subside and do not
affect overall convergence. Moreover, such a problem is easy
to resolve by performing differentiation of VCE analytically,
which will be tackled in a future study. For our final energy
estimates, we discard the first 50 blocks for equilibration,
then remove any remaining outliers (outliers are defined to
be points that are at least 200 mhartree higher or lower in
energy than its adjacent points) from the next 100 blocks, and
use the rest for reblocking analysis to obtain the mean energy
and its error bars [105]. Unless noted otherwise, values in

( )

(
)

(
)

( ) ( )

( )

( )

( )

FIG. 5. Convergence of the QC-AFQMC energy vs imaginary time from matchgate shadow measurements on the ideal simulator (top) and
the Forte QPU (bottom). The dashed lines indicate the VQE/upCCD (blue) and CCSD(T) (red) reference energies, as well as the converged
QC-AFQMC energy (black).
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TABLE III. Total electronic energies computed for the three molecular structures. All energies are in hartrees.

Method B [B-C]‡ C

RHF −2737.810 245 −2737.686 838 −2737.822 695
CCSDa −2739.045 232 −2738.952 254 −2739.040 565
CCSD(T)a −2739.081 251 −2738.996 283 −2739.068 637
VQE/upCCD −2737.839 079 −2737.719 325 −2737.847 562

ph-AFQMCb

Initial −2737.809 −2737.685 −2737.821
Converged −2739.074(3) −2738.975(5) −2739.096(5)

QC-AFQMC (ideal simulator)
Initial −2737.836 −2737.710 −2737.825
Converged −2739.085(4) −2738.994(4) −2739.064(4)

QC-AFQMC (Forte QPU)
Initial −2737.829 −2737.707 −2737.839
Converged −2739.040(4) −2738.972(3) −2739.059(3)

aCCSD and CCSD(T) energies computed with 29 frozen orbitals (frozen-core approximation).
bUsing a single RHF Slater determinant as a trial state.

parentheses denote ±1σ statistical uncertainties from
AFQMC sampling estimated by reblocking. Systematic
effects (i.e., basis set incompleteness, solvation model, rela-
tivistic approximations, etc.) are not included.

Unlike the particle number via one-particle RDM, the
energy is much more resilient to hardware noise. Because
hardware noise causes an overestimate of the number of elec-
trons by more than 2, one might intuitively expect that it
could result in errors in the energy on the order of several
hartrees. However, the largest error we observed in energy
between the ideal simulator and the QPU is only a few tens of
mhartree. This disparity arises from fundamental differences
in the mathematical formalisms used to evaluate energies and
RDMs. Energy is computed as ratios of overlaps, a structure
known to be robust to noise due to error cancellation, as
pointed out by Huang et al. [41]. Conversely, individual one-
particle RDM elements share a similar formalism as single
overlaps, which do not benefit from the same error cancella-
tion mechanism.

Table IV shows the reaction barrier computed with various
methods. As a reference, we use CCSD(T), which is widely
regarded as reliable for systems with moderate correlation
and has recently demonstrated good accuracy for spin ener-

TABLE IV. Reaction barriers of the oxidative addition reaction
estimated with RHF, CCSD(T), and QC-AFQMC. All energies are
in kcal/mol.

Method B → [B-C]‡ C → [B-C]‡

DFTa 21.4 7.1
RHF 77.4 85.3
CCSD(T) 53.3 45.4
VQE/upCCD 75.1 80.5
ph-AFQMCb 62(4) 76(5)
QC-AFQMC (ideal simulator) 57(4) 44(4)
QC-AFQMC (Forte QPU) 43(3) 55(3)

aFree energies in solution [solvation model based on density (SMD)
(1,4-dioxane)] evaluated with M06/Def2-TZVPP//ωB97xD/Def2-
TZVP(Ni)/Def2-SVP(nonmetal) [47].
bUsing a single RHF Slater determinant as a trial state.

getics in mononuclear iron complexes [14]. As can be seen
in Table IV, among single-reference methods, RHF severely
overestimates the reaction barrier, while DFT (which includes
the treatment of solvent) exhibits its typical behavior of un-
derestimating the reaction barrier.

As a classical baseline, we performed ph-AFQMC with a
single-determinant RHF trial, applying the same protocol. In
total energies, ph-AFQMC is close to CCSD(T): � = +7.3
mhartree (B), +21.3 mhartree (TS), and −27.4 mhartree (C),
where � = Eph − ECCSD(T). Despite this, the barriers deviate
substantially from CCSD(T): +8.7 and +30.6 kcal/mol for
B → [B–C]‡ and C → [B–C]‡, respectively. Consequently,
the B versus C minima ordering follows HF (C < B) rather
than CCSD(T) (B < C). One explanation for such a contra-
diction is that the RHF trial state fails to provide balanced
descriptions of the three systems, which then leads to im-
balanced approximation qualities of the nodal structures. The
quality of the nodal structure determines the imaginary time
propagation and the converged energy of QC-AFQMC, which
eventually causes the difference in relative energies between
ph-AFQMC and CCSD(T). We used a single-determinant
RHF trial as a conservative classical baseline and to iso-
late trial-quality effects. While multideterminant classical
trials (e.g., selected-CI or CASSCF) can reduce phaseless-
constraint bias, their size typically grows exponentially with
active-space size, reintroducing the scaling issue discussed
previously.

QC-AFQMC based on the ideal matchgate samples pro-
duces a reaction barrier profile that closely resembles that
from CCSD(T) with barriers within 4 kcal/mol from the refer-
ence. Compared with the ph-AFQMC results, it demonstrates
the importance of using high-quality trial state in AFQMC for
more accurate predictions of chemical properties. In contrast,
QC-AFQMC based on noisy Forte QPU samples differs by
up to 10 kcal/mol compared to CCSD(T). Furthermore, in
this case the noisy matchgate shadows cause the energy bar-
riers to shift in the opposite directions, changing the picture
qualitatively: unlike CCSD(T) and ideal QC-AFQMC, which
place molecule B lower in energy than C, noisy QC-AFQMC
predicts C to be lower in energy. This result highlights the
importance of developing further error mitigation techniques

033061-13



LUNING ZHAO et al. PHYSICAL REVIEW RESEARCH 8, 033061 (2026)

( ) ( )

FIG. 6. Rates (per minute) of processing matchgate shadow circuits on Forte QPU over the entire execution timeline (left panel).
Distribution of matchgate shadow circuit execution times (seconds) before and after performance tuning of Forte QPU for the workload
(right panel).

[75] for QC-AFQMC on noisy hardware. The uncertainty
interval in QC-AFQMC reaction barriers (up to ±4 kcal/mol)
is due to the statistical sampling of AFQMC. It can be
improved by increasing the number of AFQMC walkers or
the length of imaginary time propagation (with a proportional
increase in computational effort in postprocessing), as well as
by enhancing the quality of the trial state.

Using larger basis sets, ideally approaching the complete
basis set limit, is expected to improve electron correlation
treatment and may slightly increase barrier heights. Addition-
ally, environmental effects must also be considered [14,106],
as interactions with solvents and additives can significantly
influence spin-state energetics. As the nuclear charge of TM
increases, relativistic effects, such as kinematic effects and
spin-orbit coupling, become more pronounced. These ef-
fects can be addressed with varying levels of accuracy and
approximation using, for example, Zeroth-Order Regular Ap-
proximation [107], Douglas-Kroll-Hess method [108], and
relativistic effective core potentials [109].

C. Time to solution with Forte QPU

1. Quantum processing time

In the course of collecting matchgate shadow measure-
ments on Forte QPU, we executed 300 983 circuits in total,
including a number of trial runs and results that were later
discarded in error mitigation postselection. Those circuits
were executed over a period of several weeks, during which
this workload was mixed with other shared workloads on
the system. Additionally, during certain periods of time, the
QPU was performing technical tasks such as calibration and
characterization.

Figure 6 (left panel) shows the rate of executing the cir-
cuits on Forte over the entire execution timeline. Nonpertinent
workloads are not shown in the chart. During the run, we
switched between the regular and performance-tuned process-
ing regimes, which now allows us to directly compare the rate
of execution, thus evaluating the effect of problem-specific
enhancements implemented on Forte QPU’s control software

and firmware (see Sec. III E for further details). The right
panel of Fig. 6 depicts the distribution of individual circuit
execution times with and without performance tuning. While
this execution time captures all the essential execution steps,
it does not count overheads such as circuit submission and
waiting in the queue.

It is now possible to summarize the timing results in Fig. 6
and distill them to an execution speedup achieved through the
performance tuning of Forte QPU. Table V shows the median
circuit execution time with and without performance tuning
permitting direct comparison. While a matchgate shadow cir-
cuit executes, on average, in 9.9 sec in the regular regime, this
time reduces to 1.1 sec with all the performance improvements
activated, yielding a 9× speedup. Had we run this entire work-
load without any interruption and without the performance
improvements, it would have taken us almost 35 days to com-
plete. In the performance regime, all circuit measurements
would have completed in under 4 days. This demonstrates the
importance of performance tuning (and, ultimately, codesign)
of the QPU to specific workloads.

There are many avenues for further reducing execution
time. Developing new, economical trial state ansätze and opti-
mizing matchgate circuit generation could make preparation
more efficient. Improved error mitigation strategies would
allow for faster execution rates. Advances in classical shadow
techniques tailored to electronic structure might yield more
sample-efficient shadows, lowering the total number of re-
quired circuits. Finally, faster QPU hardware and parallel
measurement scheduling across multiple devices would fur-
ther accelerate the overall workflow.

2. High performance computing (HPC) postprocessing time

The second key contributor to the time to solution of QC-
AFQMC is the classical postprocessing step, which converts
matchgate measurements to QC-AFQMC energies. We exe-
cuted the postprocessing workload on AWS ParallelCluster
equipped with NVIDIA H100 and H200 GPUs. Because of
difficulties obtaining a large allocation of GPU-enabled in-
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TABLE V. Evaluation of the speedup factor due to tuning the performance of Forte QPU for the QC-AFQMC workload.

Regime Median execution time (sec) Number of circuits Projected total time (days)a Speedup

Regular 9.9 24 101 34.5
Performance 1.1 276 882 3.8 9×
aAssuming the workload ran uninterrupted in this regime.

stances at once, postprocessing took place in stages across
various resources. Despite the fragmented execution, normal-
ized timings exhibit remarkable consistency (Table VI): using
P5-type instances with NVIDIA H100, full processing takes
0.29 GPU h per shadow (179 858 shadows in total across
the three molecules); on P5en-type instances with higher-
performance NVIDIA H200s, processing time reduces to 0.22
GPU h per shadow. This translates to about 17 400 and 13 200
GPU h per molecule on H100 and H200, respectively.

We will now compare the timings attained by the improved
postprocessing algorithm with the performance of the state-
of-the-art QC-AFQMC implementation by Huang et al. [41]
to quantify computational speedups. There are several major
differences in the implementation and problem setup between
the two demonstrations. These are shown in a side-by-side
comparison in Table VII. For example, size of the problem,
number of qubits, number of shadows and walkers, account-
ing for the active space, and hardware used are all different
between the two studies.

Huang et al. provide run-time projections for a series of
increasingly larger systems, including water, benzene, and the
chromium dimer, based on a simple performance model fitted
to observed timings. For example, the projected run-time per
step for the benzene molecule with 12 qubits on a million CPU
cores is 6 h. We will use these projections in order to compare
the performance of the two algorithms, making appropriate
adjustments for the implementation differences. Because it
is difficult to properly account for VCE, Table VIII shows
two comparisons, with and without VCE processing time.
Ignoring the VCE correction puts this work at a disadvantage,
assuming that it is free for Huang et al.’s algorithm, which
yields a lower-end estimate of the speedup at 656. Naively
correcting for VCE adds to the cost of Huang et al.’s al-
gorithm, but it is likely a significant overestimate; therefore,
we treat the resulting speedup of 4.58 × 107 as a higher-end
estimate. The time per step of our 16-qubit imaginary time
propagation is only 1.8 min, achieved with 320 NVIDIA H200
GPUs (benchmarked separately). Comparing this with a 6 h
projection for a 12-qubit system and one million CPU cores,

our work achieves several orders of magnitude improvement,
significantly enhancing the practicality of the QC-AFQMC
algorithm.

The details are shown in Table VIII, where we compare
the amount of time needed to compute one local energy with
a single shadow measurement between the two implementa-
tions. In Huang et al., it takes 1 min to process 16 000 shadow
circuits for each walker (roughly 10 unique measurement out-
comes per circuit with 1024 shots, yielding 160 000 shadow
measurements in total), so that the time per shadow measure-
ment is 3.75 × 10−4 sec. Projecting this to a 16-qubit system
(an 8-electron, 8-orbital active space) with big-O scaling as
O(N8

q ), we obtain the projected time of 24.58 sec. The O(N8
q )

scaling arises from two factors: first, there are O(N4
q ) terms

in the Hamiltonian; and second, it costs O(N4
q ) to process one

shadow measurement for each term. We then further project
it to include VCE, and the big-O scaling of VCE becomes
O(N4

BN4
q ), in which NB is the total number of orbitals in the

full orbital space. With this taken into account, for a system
with 130 spatial orbitals (the same as the systems studied in
this work), we arrive at the final projection of t1 = 1.71 × 106

sec per step per shadow. The algorithm implemented in this
work solves the problem of the same size but with 179 858
shadows with t2 = 7.5 × 10−4 sec per step per shadow on an
NVIDIA H200 GPU, which translates to t2 = 3.7 × 10−2 sec
of CPU time under the assumption of 50× GPU-over-CPU
acceleration. As shown in Fig. 7, the ratio between the classi-
cal processing duration for Ni complexes is t1/t2 � 2 × 109.
Even when adjusted for GPU acceleration, the ratio is still on
the order of 107 speedup. This dramatic computational cost
reduction is primarily driven by the reduced asymptotic al-
gorithmic cost achieved through automatic differentiation and
the use of Cholesky decomposition of Hamiltonian. As shown
in Fig. 7, the combination of the algorithmic improvement
and the usage of GPUs put the postprocessing of even larger
chemical systems in practical regime.

Finally, we analyze the scalability of QC-AFQMC with the
size of the basis set. For a fixed active space, the number of
qubits is independent of the basis set size, and so is the quan-

TABLE VI. Details of computational resources used for GPU-accelerated QC-AFQMC postprocessing on AWS for all three molecules
and 1280 walkers.

Molecule AWS instance type Instances GPUs Median time per block (min) Projected totala GPU hours per shadow

B P5 (H100) 10 80 86.6 0.29
[B-C]‡ P5 (H100) 5 40 166.6 0.29
[B-C]‡ P5 (H100) 20 160 44.1 0.30
C P5en (H200) 5 40 135.4 0.22
C P5 (H100) 20 160 44.4 0.29

aFor 150 blocks of QC-AFQMC.
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TABLE VII. Side-by-side comparison of the demonstration in this work with the current state-of-the-art result by Huang et al. [41].

Ref. [41] This work

Molecular system Nitrogen vacancy center in diamond Ni catalytic complexes
Number of basis functions 130
Number of fields 1169
Active space (4, 3) (8, 8)
Number of qubits 4 16
Frozen orbitals Included in core energy Included via VCE
Trial state VQE/UCCSD VQE/upCCD

QPU IonQ Aria IonQ Forte
Number of shadows 4000 60 365 (B)

58 375 ([B-C]‡)
61 118 (C)

Number of measurements per shadow 10 1
Number of walkers 4800 1280

Imaginary time step 0.4 hartree−1 0.01 hartree−1

Number of time steps 400 1500
(150 blocks, 10 steps each)

Total propagation time 160 hartree−1 15 hartree−1

Postprocessing resources 4800 CPU cores 40–160 NVIDIA H100
and H200 GPUs

tum part of time to solution. However, the situation is different
for classical postprocessing. As discussed in Sec. II F, the cost
of computing force bias and local energy scales as O(N4)
and O(N5) per shadow measurement. To be more specific, the
more precise scaling is O(NBN3

q ) and O(NBN4
q ), respectively,

in which NB is the size of the basis set and Nq is the number
of qubits. Therefore, the cost of postprocessing scales linearly
with the size of the basis set.

V. CONCLUSIONS

We demonstrate the operation of an end-to-end workflow
based on the QC-AFQMC method to model the reaction bar-
rier of a step of the nickel-catalyzed Suzuki-Miyaura reaction.
Operating in a high-performance hybrid quantum-classical
compute environment, the workflow includes state preparation

on a quantum circuit simulator, sampling of the trial state
on the IonQ Forte QPU via the matchgate shadow protocol,
and execution of the QC-AFQMC imaginary time propagation
on GPU-accelerated cluster on AWS. While previous studies
of QC-AFQMC concluded that the method is too computa-
tionally demanding to be of practical use, we demonstrate
that it in fact could be applied to problems as large as cat-
alytic transition metal complexes. This is achieved through the
use of the active-space approximation and virtual correlation
energy. The accuracy of estimating the reaction barriers of
the chemical reactions with QC-AFQMC + VCE based on
ideally sampled matchgates is within the uncertainty interval
of AFQMC (±4 kcal/mol) relative to the reference CCSD(T)
method. With QPU sampled matchgates, the discrepancy in-
creases to 10 kcal/mol, calling for advanced error mitigation
techniques.

TABLE VIII. Comparison of the projections of time to compute one step (force bias and local energy) with one walker and one shadow
measurement between the state of the art algorithm by Huang et al. [41] (hydrogen molecule) and this work. All time units are in seconds.

Ref. [41] This work

Baseline: 4 qubits, (2, 2) space, 160 000 shadows 60
Baseline: time per shadow measurement 3.75 × 10−4

Baseline extrapolated to 16 qubits assuming O(N8
q ) scaling 24.58

This work: 16 qubits, (8, 8) space, 179 858 shadows, 746.83
1 block, VCE, H200 GPU
This work: time per shadow 4.15 × 10−3

This work: adjust for one force bias per blocka 7.49 × 10−4

Assume that GPU provides a 50× speedup over CPUb 3.74 × 10−2

Speedup factor over baseline ignoring VCE (lower-end estimate) 656

Adjustment for VCEc assuming O(N4
BN4

q ) scaling 1.71 × 106

Speedup factor over baseline (higher-end estimate) 4.58 × 107

aIn this study, energy was evaluated every ten time steps. Energy computation alone takes 3.71 × 10−4 GPU sec per shadow.
bTypical observed speedup on a single NVIDIA H200 GPU over a single core of AMD Rome CPU in QC-AFQMC postprocessing.
cVCE assumes the full system has 130 spatial orbitals.
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(No. e, No. o)

FIG. 7. Scaling of classical postprocessing run-time in QC-
AFQMC with respect to the size of the active space, showing the
run-time per time step per shadow. The data are from QPU exper-
iments (solid circles), as well as from estimated run-time (hollow
circles). Ni complexes are the molecular systems studied in this
work. The estimated run-time for this work is calculated by scaling
the data from the QPU experiment with O(N5

q ). The estimated run-
time for the work of Huang et al. is calculated by scaling the data
from the QPU experiment with O(N4

BN4
q ). The orange dashed line

scales to a full space of 130 spatial orbitals (higher-end estimate,
HE) while the red dash-dot line scales to 8 spatial orbitals (lower-end
estimate, LE) at problem size (8e, 8o).

We show the importance of tuning the system performance
of a QPU for the workload of a specific application. By
applying performance optimizations to the control software
of the QPU, we achieve a 9× speedup in collecting match-
gate circuit measurements compared to a baseline without

application-specific tuning. In the QC-AFQMC imaginary
time propagation step, we demonstrate the use of analytic dif-
ferentiation for computing the energy and force bias, leading
to a reduction in the complexity of the algorithm from O(N8.5)
to O(N5.5), which translates into a 656× time-to-solution im-
provement over a baseline projected from the state-of-the-art
implementation of the method by Huang et al. [41].

This work represents a significant step toward practi-
cal quantum chemistry simulations on quantum computing
devices and offers opportunities for further improvements.
Although the species in the chemical reaction we studied in
this work exhibit an electronic structure primarily defined by
weak correlations, QC-AFQMC is also expected to provide
reliable modeling of strongly correlated systems, for which
several challenges will arise. For example, it is more difficult
to prepare accurate trial states, and one might need to go
beyond the simple upCCD ansatz used in this work. Possible
choices include the full unitary coupled cluster ansatz and
its approximate variants, such as the localized unitary cluster
Jastrow [110] ansatz widely used in sample-based quantum
diagonalization [93]. State preparation methods beyond uni-
tary coupled cluster, such as the Clifford + T ansatz [60], and
methods based on Lindbladians [111] in early fault-tolerant
regime could also be promising avenues to explore. Another
challenge is the possibility of vanishing overlaps, as pointed
out by Mazzola and Carleo [42]. Moreover, convergence of
energy for strongly correlated systems requires one to propa-
gate the walkers for longer imaginary time, further increasing
the postprocessing time. Future work should examine these
directions, along with advanced and efficient classical shadow
techniques, and its combination of error mitigation and
correction.
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