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ABSTRACT: The intersection of quantum computing and quantum
chemistry represents a promising frontier for achieving quantum utility in
domains of both scientific and societal relevance. Owing to the exponential
growth of classical resource requirements for simulating quantum systems,
quantum chemistry has long been recognized as a natural candidate for
quantum computation. This perspective focuses on identifying scientifically
meaningful use cases where early fault-tolerant quantum computers, which
are considered to be equipped with approximately 25—100 logical qubits,
could deliver tangible impact. While recent advances in classical computing
have pushed the boundaries of tractable simulations to unprecedented scales,
this logical-qubit regime represents the first window where quantum devices
can pursue qualitatively distinct strategies, such as polynomial-scaling phase
estimation, direct simulation of quantum dynamics, and active-space
embedding, that remain challenging for classical solvers, such as multi-
reference charge-transfer and conical-intersection states central to photochemistry and materials design. We highlight near-term
opportunities in algorithm and software design, discuss representative chemical problems suited for quantum acceleration, and
propose strategic roadmaps and collaborative pathways for advancing practical quantum utility in quantum chemistry.

Bl INTRODUCTION AND MOTIVATION particularly in the treatment of: (i) strongly correlated electronic
systems, such as catalytic sites like FeMoco, where single-
reference methods fail;" (i) complex excited states crucial for
photochemistry and materials science, such as conical
intersections and charge-transfer states that underlie ultrafast
photophysical processes;'* (iii) open quantum dynamics that
govern system—environment interactions;'* and (iv) transition-
state energetics and reaction barriers, where stretched bonds
induce strong/static correlation beyond single-reference
methods, and dispersion or environmental effects can
secondarily modulate barrier heights.'® These enduring
limitations, stemming directly from the exponential growth of
the Hilbert space with system size, motivate exploration of
fundamentally different computational paradigms. Quantum

The year 2025 marks a significant milestone—roughly a century
since the formulation of quantum mechanics fundamentally
reshaped our understanding of matter at the atomic and
molecular level.'™ The Schrodinger equation, introduced
during this transformative period, provided the theoretical
bedrock for quantum chemistry, enabling, in principle, the
prediction of chemical properties and reactivity from first
principles, famously demonstrated for the hydrogen molecule.”
Over the subsequent 100 years, the field has witnessed
impressive advances, with the development and application of
sophisticated classical computational methods, such as density
functional theory (DFT)°~" and wave function-based ap-
proaches like coupled cluster (CC) theory, "% achieving
remarkable success in explaining and predicting chemical

phenomena,n’12 Received: June 23, 2025
Despite a century of progress and the power of established Revised:  October 17, 2025
classical algorithms, substantial challenges remain. The inherent Accepted:  October 21, 2025

complexity of the quantum many-body problem, the very
challenge laid barely by quantum mechanics itself, continues to
limit the accuracy and applicability of classical methods,
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Resource « Shot budgets 105-107 e Dynamical quantum pipelines
Allocation « Error-/measurement-aware validation * Reconfigurable scheduling

Figure 1. Strategic directions for quantum chemical simulations organized by near-term (25—100 logical qubits) and long-term (>1000 logical qubits)
scales. The near-term column reflects the scope of this Perspective and is grounded in the resource estimates in Table 2. The long-term column is
included for context and is not the focus here. Strongly correlated systems are treated as near-term opportunities when approached via compact active

spaces (Opportunities in Quantum Chemical Simulations).

computational approaches, which leverage quantum phenom-
ena directly, offer a potential pathway to supplement or even
surpass classical techniques by tackling these intrinsically
quantum problems more naturally, as envisioned early on by
Feynman'  and Lloyd,'® and extensively reviewed ever

Recent advances in classical computing have impressively
extended the reach of exact and approximate electronic structure
methods, including trillion-determinant full configuration
interaction”” and massively parallel relativistic density matrix
renormalization group (DMRG), and a tailored coupled cluster
approach.”® These studies approach orbital ranges comparable
to those accessible with 25—100 logical qubits under conven-
tional mappings. Yet classical solvers remain subject to
exponential barriers for general strongly correlated and
dynamical problems. By contrast, even early fault-tolerant
devices with 25—100 logical qubits can access qualitatively
different algorithmic primitives, such as polynomial-scaling
phase estimation, efficient Hamiltonian simulation, and block-
encoded dynamics, that cannot be emulated efficiently at scale
by classical algorithms.

Here, following recent usage in the community, we use the
term quantum utility to mean reliable, validated quantum
computations on domain-relevant tasks at scales beyond brute-
force classical methods.”* ™" This notion emphasizes practical,
auditable performance on scientifically meaningful problems,
reported with stated error bars and resource annotations (a
standardized record of quantum resource requirements,
including logical-qubit counts, circuit depth/T-counts, Hamil-
tonian term norms, and shot budgets). It contrasts with quantum
advantage, which often refers to worst-case or contrived
separations, and with quantum dominance/supremacy, which
targets formal separations on specially constructed tasks.

This perspective is motivated by the opportunity to translate
these distinctive quantum capabilities into practical chemistry

workflows. Achieving utility in the 25—100 logical-qubit regime
will depend on resource-aware algorithm design,”® robust hybrid
quantum-classical workflows,”” and interdisciplinary codesign
across algorithms, chemistry, and hardware.”” Realizing this
opportunity also requires a clear-eyed view of both the
burgeoning capabilities of emerging hardware®' * and the
practical constraints of near-term fault-tolerant platforms.
Before turning to specific quantum chemistry applications and
algorithms, we briefly overview this hardware landscape (The
25—100 logical-qubit regime: A Transitional Landscape).
Throughout, the 25—100 logical-qubit regime serves as a
unifying lens for evaluating algorithmic strategies, benchmarking
protocols, and collaborative pathways, with emphasis on
resource-aware and auditable progress. The manuscript then
proceeds from opportunities in quantum chemical simulations
(opportunities in quantum chemical simulations), to algorith-
mic innovations most relevant for this regime (algorithmic
innovations), to hybrid integration pathways (hybrid integration
pathways), and finally to the conclusion and outlook on
codesign and collaboration models (Conclusion and Outlook).

B THE 25-100 LOGICAL-QUBIT REGIME: A
TRANSITIONAL LANDSCAPE

In this section, we outline the evolving quantum hardware landscape
and explain why the 25—100 logical-qubit regime marks a pivotal
transitional window for quantum chemistry applications.

Recent advances in quantum hardware have significantly
improved the prospects for achieving fault-tolerant quantum
computations. While current NISQ devices have achieved
important milestones, including small-scale quantum simula-
tions*>*® and sophisticated error mitigation,®” scalable quantum
utility requires logical qubits protected by quantum error
correction (QEC).”%*’

Implementing a single logical qubit today demands many
physical qubits, sometimes thousands, depending on error rates

https://doi.org/10.1021/acs.jctc.5c01038
J. Chem. Theory Comput. XXXX, XXX, XXX—XXX
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and the chosen code, such as the surface code.**™** Never-
theless, improvements in coherence times, gate fidelities, and
system integration across leading platforms, includin§ super-
conducting qubits,””* atom array,” trapped ions,"" and
photonic architectures, **” suggest that processors comprising
25—100 logical qubits could plausibly become available on a S—
10 year horizon (see also a recent analysis of use cases from the
NERSC workload, ref 48.). This estimate reflects the scaling
projections reported in recent national roadmaps,*”>® IBM’s
published timeline for error-corrected qubits,”" Goo%le’s logical-
qubit demonstrations,®>** and atom-array advances.”” We stress
that this horizon is a projection and not a guarantee and depends
critically on continued improvements in coherence, gate fidelity,
and decoding throughput.

In comparison with long-term strategic directions, the 25—
100 logical-qubit regime marks a pivotal near-term threshold in
the evolution of quantum computing applications in quantum
chemistry (see Figure 1). Devices in this range may be the first to
enable meaningful quantum chemistry simulations that are
intractable on classical computers, such as accurately modeling
complex molecules."”*® Figure 1 situates these opportunities
within a broader landscape, distinguishing near-term targets
from longer-term aspirations. We emphasize that the long-term
entries are illustrative and not the focus of this perspective; our
analysis centers on the 25—100 logical-qubit regime, corre-
sponding to the near-term columns. In particular, strongly
correlated systems (discussed in detail in Opportunities in
Quantum Chemical Simulations) are highlighted as compelling
near-term candidates when treated within compact active spaces
rather than being deferred exclusively to the long-term horizon.
However, the opportunity comes with substantial caveats: these
early fault-tolerant systems will still face non-negligible logical
error rates, limited coherence times relative to the computation
depth, and practical constraints on connectivity, measurement,
and classical 1/0.”"

Progress in this regime demands a re-evaluation of what
constitutes “quantum utility” in chemistry.”” It is not solely
about outperforming classical solvers in computational time or
accuracy for all problems, but rather about delivering new
scientific insights into problems that are intrinsically quantum
and difficult to treat or beyond classical methods, including
strongly correlated electrons,'” quantum coherence in dynam-
ics,”> and environmental interactions.'® By scientific insights, we
mean not just reproducing known quantities more efliciently but
accessing observables and regimes that classical simulations
cannot capture reliably. Examples include uncovering mecha-
nistic details of catalytic cycles that hinge on multireference
transition states, resolving ultrafast photochemical processes via
conical intersections, or quantifying coherence and dissipation
effects in biomolecular dynamics. In these cases, even modest
quantum devices may provide a qualitative understanding, such
as relative ordering of states, trends along reaction coordinates,
or signatures of coherence, that extend beyond the reach of
brute-force classical methods.

Development efforts are therefore increasingly centered
around hybrid algorithms,” embedding techniques,”*~** and
variational methods® that operate with shallow circuits or make
optimal use of limited logical qubit counts. These strategies aim
to optimize the use of limited quantum resources while they
interconnect seamlessly with classical simulation frameworks.

This regime is particularly well-suited for active space
quantum simulations, where a judiciously chosen set of orbitals
(often those associated with strong correlation or reactive

behavior) is treated on a quantum computer, while classical
components handle the weakly correlated environment.
Techniques such as downfolding66_76 and quantum embed-
ding™~®* provide viable pathways to construct effective
Hamiltonians for such active spaces.

In addition to ground-state energy estimation, quantum
dynamics is emerging as an area where early utilities may
arise.”>” Simulating time-dependent processes, especially in
open systems or photoinduced transformations, poses consid-
erable challenges for classical methods due to memory
bottlenecks and entanglement growth.”””® Quantum process-
ors, based on formal complexity bounds for Hamiltonian
simulation,””™®" are projected to enable polynomial-scaling
routes for handling such inherently quantum phenomena.
Resource estimates in Table 2 show that even modest active
spaces, such as Fe,S, clusters or photochemical chromophores,
map naturally to 25—40 logical qubits with depth 10*—~10° and
shot budgets 10°—107, providing concrete targets for this
regime.

Collectively, these considerations underscore the need for
focused, resource-aware, and problem-specific approaches in the
early fault-tolerant era of quantum computing. They set the
stage for exploring chemical opportunities in Opportunities in
Quantum Chemical Simulations, where we examine problem
classes and observables that align naturally with the 25—100
logical-qubit regime.

Bl OPPORTUNITIES IN QUANTUM CHEMICAL
SIMULATIONS

In this section, we highlight problem classes and observables in
quantum chemistry that align naturally with the 25—100 logical-
qubit regime, emphasizing cases where quantum solvers can credibly
complement or surpass classical approaches.

Quantum chemistry presents a set of grand challenges where
quantum computers (even at the scale of 25—100 logical qubits)
are expected to make meaningful contributions. Rather than
aiming for a wholesale replacement of classical electronic
structure methods, progress is anticipated through hybrid
approaches that integrate quantum computing with classical
techniques, high-performance computing (HPC), and artificial
intelligence (AI). This synergy enables both targeted enhance-
ment of computational workflows and exploration of scientific
regimes where classical models break down. In the following, we
highlight several directions that offer promising opportunities
for the near-term demonstrations of quantum utility in quantum
chemical simulations.

Strong Correlation and Active Space Decomposition.
Many chemically and industrially important systems, such as
open-shell transition metal complexes® ** and f-electron
materials,*> ™" exhibit strong electronic correlation. This
characteristic poses significant challenges for the standard
classical simulation methods. Density functional theory, for
instance, while widely used in catalysis,*® faces limitations in
quantitatively describing strong correlations, electron spin states
in magnetic catalysts, and noncovalent interactions (dispersion,
hydrogen bonding), which can affect barrier predictions. Single-
reference wave function approaches also struggle with strong
correlation.”””" These limitations become particularly pro-
nounced when high precision is essential, such as in modeling
intricate catalytic mechanisms where quantitative accuracy is
critical for mechanism identification and catalyst desi§n,
electronic excitations spanning valence and core levels,""”!
conical intersections governing photochemical branching,

https://doi.org/10.1021/acs.jctc.5c01038
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charge-transfer states in chromophores, and relativistic effects in
heavy elements.””””* We note that these same considerations
underlie the challenge of transition states: near the saddle point,
partial bond cleavage induces strong/static (multireference)
correlation and near-degeneracy that can render single-reference
methods unreliable, motivating active-space, downfolded, or
embedded treatments targeted along the reaction coordinate.
This exponential wall is clearly illustrated by the full
configuration interaction (FCI) determinant growth,
N, rb N, rb

(&) X O
Ny(a)) (N(B) (1)

where N,(a) and N,(f) are the numbers of a- and S-electrons,
respectively. As can be seen, the growth increases combinato-
rially with the number of orbitals N, and electrons.””** Even
modest active spaces with 20—30 orbitals already lead to billions
of determinants, underscoring the limits of brute-force classical
treatments. As mentioned in the Introduction, the orbital ranges
addressed in recent distributed FCI and relativistic DMRG-
tailored CC studies””*® are comparable to those that can be
mapped onto ~25—100 logical qubits under conventional
Jordan—Wigner or Bravyi—Kitaev Fermion-to-qubit mappings,
underscoring why this regime represents the first realistic
window for quantum utility (see Benchmarking and Exper-
imental Validation for representative systems and resource
estimates).

Although the exponential wall ultimately limits all multi-
reference methods, modern implementations have substantially
extended their practical reach. Tensor network approaches such
as DMRG (and its relativistic extensions), stochastic config-
uration interactions, and quantum Monte Carlo can now
simulate thousands of orbitals on leadership-class HPC
platforms. Their efficiency is, however, strongly system depend-
ent: tensor networks are limited by entanglement growth and
orbital ordering, quantum Monte Carlo by the Fermion sign
problem, and embedding approaches by fragment—bath
partitioning and convergence control. These bottlenecks
underscore both the remarkable reach of state-of-the-art classical
solvers—often within carefully chosen active spaces—and the
complementary potential of quantum algorithms to tackle the
remaining hard cases.

Consequently, strongly correlated systems are prime
candidates for quantum-accelerated solvers’”*"”* and for
advanced embedding strategies.”*~** Embedding itself spans a
spectrum: in some cases, the correlation is spatially localized,
motivating fragment-based treatments, while in other cases, the
correlation is delocalized across extended lattices, requiring
systematic downfolding approaches (see Downfolding and
Renormalization Techniques and Deep-Dive 2).

Electron correlation is not universally local: in strongly
delocalized systems such as frustrated magnets or high-T,
superconductors, the correlation spans extended lattices and
cannot be captured by fragment-based treatments. In such cases,
downfolding techniques provide a more appropriate route to
derive effective Hamiltonians that retain essential delocalized
physics within compact forms. By contrast, in many molecular
and bioinorganic systems, correlation effects are spatially
concentrated within active sites or fragments. This motivates
fragment-based strategies such as the localized active space
(LAS) approach, which has emerged as a promising framework
for transition-metal complexes, molecular magnets, and
bioinorganic clusters.”®”"’

Ndet =

LAS constructs the total wave function as an antisymmetrized
product of local active space wave functions defined on weakly
entangled fragments. Each fragment is treated with high-level
methods, while interfragment interactions are captured at a
mean-field level. The LAS State Interaction (LASSI) refinement
recovers spin symmetries by diagonalizing the full Hamiltonian
within a basis of LAS-configured states. Notably, the inclusion of
charge transfer (CT) configurations between fragments within
the LASSI Hamiltonian can be crucial for achieving quantitative
accuracy, for example, when calculating magnetic coupling
constants in multinuclear complexes.

The applicability and scalability of LAS/LASSI have been
demonstrated through calculations on systems like Cr(III)
dimers”'°>'°" and spin ladder in Fe; compound,” and large-
scale LASSCF calculations are being applied to systems with
over 1000 orbitals (e.g., Fe,S,, Cr,, NiFe,, and Ni,). LAS is part
of a broader family of embedding techniques; related methods
like Density Matrix Embedding Theory (DMET)'** are also
being combined with high-level solvers for large systems and
specific applications such as core-level spectroscopy.'”
Together, these strategies provide a promising foundation for
integrating classical and quantum workflows, with practical
scalability contingent on robust self-consistency.””'**'** While
DMET offers appealing locality and parallelism, we note that
single-shot and self-consistent variants can be sensitive to
numerical fluctuations in the chemical-potential/correlation-
potential update, particularly when the fragment solver is
stochastic (e.g,, on near-term quantum hardware). In practice,
robust outer-loop strategies (e.g., DIIS/Anderson mixing,
regularization of the correlation potential, and multimoment
matching beyond density) and reproducibility checks are
required to attain stable convergence across fragments. At this
point, it is natural to ask why a quantum computer is needed at
all if embedding reduces the problem to a compact active space.
While many small active spaces (~10—20 orbitals) remain
tractable for advanced classical solvers, larger chemically
relevant fragments (25—50+ orbitals) rapidly encounter
exponential or entanglement-driven bottlenecks. We return to
this point in Benchmarking and Experimental Validation, where
we connect active-space sizes to representative quantum
resource estimates.

To further reduce complexity, downfolding methods can be
employed to derive effective Hamiltonians that retain many
essential many-body physics within minimal active spaces.’®~"°
Chemically motivated diagnostics, such as orbital occupation
analysis and entanglement entropy, can provide valuable
guidance for selecting reduced spaces,"° but each comes with
limitations: occupation numbers neglect two-particle correla-
tion information, and entanglement measures are sensitive to
the choice of orbital basis. Similarly, emerging Al-assisted
strategies offer promising heuristics but remain an active area of
research rather than a solved problem. Nevertheless, these
approaches can inform the targeting of chemically significant
regions while highlighting the importance of cross-validation
and reproducibility in active-space construction.

Quantum Dynamics and Noise-Informed Simulation.
Real-time quantum dynamics, particularly for open quantum
systems (OQS), has been highlighted as a promising domain for
near-term quantum utility."”” Simulating processes such as
photoinduced charge transfer, vibrational energy redistribution,
and nonadiabatic transitions provides critical insights into
reaction mechanisms and nonequilibrium phenomena beyond
static approximations.108 However, these simulations are
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computationally intensive compared to classical methods.
Techniques like multiconfigurational time-dependent Hartree
(MCTDH)'% and hierarchical equations of motion
(HEOM)'" face the “curse of dimensionality,” scaling poorly
with system size, while tensor network approaches can be
limited by the area law in capturing highly entangled dynamics
compared to quantum circuits." "1

Quantum devices may be well-suited to this regime due to
their natural ability to implement unitary time evolution and
sample from high-dimensional entangled states. Methods such
as Trotterized real-time evolution, variational dynamics,113 and
Krylov-subspace propagation (related to quantum signal
processing, QSP, or qubitization) have been proposed as viable
quantum algorithms (see e.g,, ref 107 for a recent overview).
However, challenges remain, including the accurate preparation
of initial states (which can be nontrivial and propagate errors),
significant measurement overhead due to wave function
collapse, and the difficulty of accurate Trotterization, especially
for coupled, time-dependent systems.

Simulating the OQS presents the additional challenge that
quantum computers naturally perform unitary evolution, while
open systems exhibit nonunitary dynamics due to environ-
mental interaction. Standard quantum approaches to OQS
include embedding the system within a larger environment
simulated unitarily (ancilla-based methods), using stochastic
quantum trajectories, or implementing Kraus operators.lM_120
Intriguingly, noise, traditionally viewed as an impediment, has
been proposed as a resource.'”’ Hardware-induced decoher-
ence, if properly characterized or engineered, may serve as a
proxy for environmental interactions, thereby facilitating the
OQS simulation. This “noise-assisted” approach has been
explored in analog and digital quantum computing,'**~"*
potentially reducing overhead compared to full error mitigation
by using techniques like partial error correction'*'*” or pulse
control. From the perspective of quantum utility, the
significance of treating noise as a resource is not that noise
can be engineered (classical simulations can emulate noisy
channels) but that hardware-induced decoherence can be
harnessed in situ within quantum workflows. This enables
hybrid strategies where noise directly contributes to modeling
open-system dynamics at scales beyond tractable classical
simulation, linking the presence of hardware imperfections to
scientifically meaningful predictions.

The encoding of bosonic modes, representing vibrational,
solvent, or bath degrees of freedom, also requires careful
consideration. Strategies include truncated Fock spaces,
coherent-state encodings, and squeezed-state representa-
tions.'”® The simplified operator structure in exciton—boson
models (often O(N?) or O(N) terms, versus O(N*) for generic
electronic Hamiltonians) is advantageous for both classical and
quantum solvers. In the fault-tolerant setting, it also translates
directly into lower block-encoding and Trotter (or linear
combination of unitaries, LCU) costs (i.e., smaller term sums
and L, norms), fewer oracle calls under qubitization, and simpler
state-preparation primitives (e.g., Gaussian/coherent/squeezed
states and qumode encodings), thereby reducing the logical-
qubit and T-count budgets for dynamics simulations. We
emphasize that classical methods benefit from this structure as
well; however, long-time, finite-temperature, or non-Markovian
dynamics remain challenging in practice due to tier growth in
HEOM, the curse of dimensionality in MCTDH, and
entanglement-growth-limiting tensor networks. By contrast,
fault-tolerant quantum simulation avoids the real-time sign

problem and can exploit the reduced term count to achieve gate/
query complexities that scale with the Hamiltonian norm and
simulation time, making exciton—boson platforms promising
early targets for resource-aware quantum dynam-
ics.”7T8LIO7IO9O Byrthermore, embedding approaches and
the development of advanced Gaussian ansatzes are being
explored to reduce the resource requirements for representing
these bosonic degrees of freedom.'”” Non-Hermitian Hamil-
tonians are also relevant for modeling dissipation, although
simulating their dynamics on quantum hardware often involves
mapping back to larger unitary systems or specific simulation
techniques.'"”

Hybrid Pipelines and Al Integration. The integration of
quantum computing (QC) with artificial intelligence (AI) and
high-performance computing (HPC) is rapidly advancing, with
major initiatives developing platform-level solutions for
accelerating chemistry and materials discovery.””'*°~"** Al’s
role spans the entire quantum computing stack.* In hardware
development, it accelerates qubit characterization, architecture
exploration, and pulse control pulse optimization. During
operation, Al automates calibration and tuning, enabling
closed-loop control strategies that are adaptive to evolving
noise environments. In software, Al aids circuit synthesis and
compression, variational optimization, and hybrid workload
scheduling. It enhances QEC by improving decoder perform-
ance’” and enabling scalable, low-latency strategies. In
postprocessing, Al reduces measurement overhead and
mitigates errors in tasks like tomography,”’5 observable
estimation, and readout classification. This end-to-end integra-
tion of Al is increasingly viewed as essential for making scalable,
fault-tolerant quantum computing practical, particularly in the
near term. Al contributes by improving decoder throughput for
QEC, reducing calibration and scheduling overhead, and
lowering measurement costs, which are bottlenecks that
otherwise limit the effective utilization of hybrid quantum-—
classical resources.

Recent efforts illustrate how industry and academic platforms
are beginning to integrate QC, Al, and HPC resources in
practice. We cite several examples below only as representative
implementations, while the key role of such infrastructures is to
enable tight feedback loops, reduce measurement overheads,
and improve reproducibility in early fault-tolerant quantum
chemistry. One effort is NVIDIA’s DGX Quantum system,
which enables low-latency, tightly coupled execution between
quantum processing units (QPUs) and GPUs to support real-
time Al-assisted QEC, calibration, control, and readout.’*® To
program such heterogeneous quantum—classical systems,
NVIDIA introduced the CUDA-Q'platform,136 a single-source,
hardware-agnostic programming framework that unifies quan-
tum and classical workflows, leveraging NVIDIA’s existing
CUDA and Al ecosystems. Another effort is provided by
Microsoft’s Discovery platform (formerly, Azure Quantum
Elements), which offers a cloud-integrated platform that
provides access to multiple quantum hardware backends
alongside Azure’s HPC infrastructure and Al toolkits, enabling
users to build scalable hybrid quantum applications within a
managed cloud environment.">' Complementing these, IBM’s
Qiskit Runtime provides a cloud-native execution model with
low-latency sessions and server-side primitives (Estimator,
Sampler) that streamline hybrid quantum—classical loops and
support IBM’s roadmap toward tighter integration of quantum
and classical resources for scientific computing.'*’
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Table 1. Representative Chemical Systems in Quantum Chemical Simulations, Including Scientific Context and Simulation

Goals”

model/system

CO/CO, on a catalyst'>"~"*?

category

surface catalysis

82,84,100,160

transition metal oxides metal complexes

161—163

chromophores in solvents photochemistry

115,121,164

PCET in enzymes open quantum systems

Li[Fe/Mn/Ni/Co]yOme_lb7 battery materials

168—170 .
benzene, OLED molecules ! correlated organics

155,156

iron—sulfur clusters strong correlation

testbeds

alkali metal hydrides (NaH, KH,
RbH) ™

QM9 molecules withl(QrH9, MultiXC-

quantum computing
benchmarks

machine learning in

scientific significance and features

surface-supported reaction network; Activation
barriers

strong correlation; Oxygen atom transfer

intramolecular proton transfer; fluorescence;
vibronic and nonadiabatic effects

coupled nuclear-electronic dynamics; tunneling and
dissipation

redox-driven polymorphism; multiconfigurational
complexity

7-electron delocalization; singlet—triplet inversion
and gaps

magnetic coupling and spin frustration in
bioinorganic settings

evaluation of quantum computing performance for
electronic structure calculations

prediction of Hamiltonian matrices using supervised

simulation target
reaction barrier; Intermediate species and
energetics
spin states; Oxidation potentials

excited-state spectra; charge/exciton
recombination

vibronic coupling; Solvent decoherence

phase transitions and Jahn—Teller effect;
polaron hopping

benchmarking correlated methods; gap
prediction

multireference solver performance

ground-state energy calculations on
quantum hardware

accelerated electronic structure

QM9 data sets™>”
VQM24 data set molecules’'**

quantum chemistry learning

large-scale quantum
chemical data sets

nonequilibrium noncovalent noncovalent interactions

171
complexes

comprehensive coverage of small molecules for
benchmarking

benchmarking interaction energies in
nonequilibrium geometries

predictions

evaluation of quantum chemical methods
across diverse molecules

assessment of computational methods for
noncovalent interactions

“Reported accuracy should be interpreted relative to these simulation targets, recognizing that agreement with experiment may further depend on
conformational sampling, solvation, and other environmental effects. T denotes Class 0 (infrastructure/validation) benchmarks, which are used for
implementation verification, cross-stack reproducibility, and measurement-cost studies; not intended as computationally challenging targets. For
Class 1/2 (challenge) entries, accompanying materials should include classical convergence baselines (active-space and embedding-region sweeps,
downfolding/truncation, and tensor-factorization rank studies, and environment-ensemble sensitivity) to justify the specific instances executed on

quantum hardware and to support reproducibility.

In such hybrid ecosystems, Al models, which are often trained
on large synthetic data sets generated via HPC simulations or
augmented with quantum data, are used to accelerate discovery
by enabling rapid screening, property prediction, and system-
level optimization. For example, Al models deployed within
Azure Quantum Elements have been used to evaluate millions of
potential battery materials,'*® while NVIDIA has developed
generative Al approaches such as GQE'"” and QAOA-GPT'*’
to assist in synthesizing quantum circuits with features such as
reduced depth and enhanced expressivity. In addition to
algorithm development, NVIDIA has also demonstrated the
use of Al for QEC in collaboration with QuEra.'*'

This tiered, adaptive computational approach allocates
quantum resources to the most challenging subproblems
where classical methods struggle, such as the transition-state
barrier heights poorly captured by DFT or systems with strong
multireference character.'*”'** Al is integral across this hybrid
workflow: from hardware design and calibration to device
control, algorithm optimization, QEC decoding, and post-
processing.'“*'*> Diagnostic tools, including uncertainty
quantification in Al models, convergence analysis of classical
solvers (e.g, DMRG), and Al-driven screening and circuit
optimization, support dynamic resource allocation across the
classical-quantum-AlI stack.'**~"**

Benchmarking and Experimental Validation. Robust
benchmarking remains essential for validating quantum
methods and ensuring reproducibility. A three-way validation
framework, incorporating quantum simulations, high-level
classical reference data, and experimental observations, has
been endorsed.”"*”*° Complementary to these strategies,
stabilizer circuits, comprising Clifford-only operations, offer a
powerful route for algorithmic validation. Because they can be
simulated efficiently on classical hardware,*>*>*>'*’ they enable
cross-checking of quantum compilation, execution, and error

correction pipelines at a scale comparable to chemically relevant
circuits. Embedding stabilizer-based benchmarks within hybrid
workflows thus provides a practical way to verify algorithmic
performance in the 25—100 logical-qubit regime before
deploying more general, classically intractable simulations.
This framework allows for the iterative refinement of algorithms
and facilitates the identification of performance gaps.

Validation when Classical Ground Truth Is Unavailable.
For systems that are classically intractable, we advocate a three-
tier validation ladder:>**"*" (i) algorithmic self-checks,
enforcing symmetries and conservation laws, variational bounds
where applicable, Hellmann—Feynman consistency between
energy derivatives and forces, and sum-rule/Kramers—Kronig-
type constraints for response functions; (ii) reduced/embedded
cross-checks, validating predictions on classically tractable
fragments or limits of the model (e.g, weak-coupling, non-
interacting, or localized-fragment regimes), and bracketing
predictions with multiple physically motivated embeddings/
downfoldings; (iii) experiment-linked, environment-aware
validation, including comparison to observables measured
under well-documented conditions, emphasizing differential
quantities (e.g., isotope shifts, redox or excitation differences
within a series, spectral shifts upon functionalization) that are
less sensitive to absolute environment errors. For embedding
workflows, we recommend reporting embedding-specific
convergence diagnostics, such as chemical-potential and density
residuals, fragment—bath mismatch, and sensitivity to solver
noise, together with variance estimates if the fragment solver is
stochastic. When quantum solvers are used, stabilizer-circuit
checkpoints provide classically verifiable validation of compila-
tion and execution paths before running classically intractable
circuits.

Classical Convergence Scaffolding. Many components of
hybrid quantum—classical workflows can be benchmarked

https://doi.org/10.1021/acs.jctc.5c01038
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purely classically prior to any quantum execution and should be
used to define, justify, and bound the target instances.”>>"*"*
We recommend: (i) active-space growth along entanglement/
occupation diagnostics (e.g., natural-orbital occupations, single-
orbital entropies) with observables plotted vs active-space size;
(ii) embedding region/bath enlargement with convergence and
stability checks (e.g, DMET chemical-potential/correlation-
potential residuals, fragment—bath mismatch) under solver
noise; (iii) downfolding/renormalization controls (commutator
truncation order in SES/DUCC, and tensor-factorization ranks
swept with observables vs control parameter; and (iv) for
dynamical/open-system models, bath discretization or tier-
depth and mode truncation sweeps to establish time/frequency
window fidelity. For each sweep, stop tolerances, monotone
trends where expected, and confidence intervals; release the raw
data/plots as part of the provenance package to support
reproducibility.

To support both capability validation and scientific challenge,
we organize benchmarks into infrastructure (Class 0) and
challenge (Class 1/2) tracks. Class 0 benchmarks comprise
chemically grounded but classically tractable sets (e.g., QM9/
QHY, MultiXC-QM9, VQM24)>*"39715% that enable cross-
stack reproducibility, cost-vector calibration, and measurement-
reduction studies, often alongside stabilizer-circuit checkpoints.
Here, the cost-vector refers to the set of quantitative resource
requirements reported for a given simulation, including logical-
qubit counts, depth/T-count, postdownfolding term counts/L,;
norms, and shot budgets needed to achieve target precision.
This compact representation enables standardized comparisons
across algorithms, hardware platforms, and benchmark
instances. Class 1/2 benchmarks are also chemically relevant
and experimentally tractable, but target computationally
demanding instances with multireference character, coupled
dynamics, or environment effects (following ref 153; see also
Benchmarking, Resource Modeling, and Modular Execution).
Specifically, we categorize Class 1/2 benchmarks as follows:

e Class 1: Moderately multireference systems with
localized correlations—potentially tractable within 25—
100 lo%ical qubits (e.g., cyclobutadiene,"** Fe,S,

55,156
clusters ).

e Class 2: Strongly multiconfigurational systems with
global entanglement—requiring >1000 logical qubits
and full fault tolerance (e.g., FeMoco'?).

These systems allow simulations at different levels and
experiments to interact closely, helping guide method develop-
ment, hardware requirements, and software stacks across
multiple disciplines.

Table 1 reflects this classification, where Class O entries are
labeled with T and identify several model systems as focal points
for algorithm validation and workflow integration. These span
catalysis, photochemistry, and energy materials. For reproduci-
bility, we recommend releasing provenance-rich artifacts (input
decks, circuits/Hamiltonians, calibration snapshots, decoder
outputs, ensemble definitions, and postprocessing scripts) to
enable independent audit of environment assumptions and
uncertainty budgets. As discussed in Strong Correlation and
Active Space Decomposition, while many small active spaces
remain tractable with classical solvers, larger chemically
meaningful fragments often require quantum resources; the
benchmarks here target such cases. To illustrate this connection,
Table 2 provides resource estimates (logical qubits, circuit
depth, and shot counts) for selected exemplar systems, linking

Table 2. Representative Systems and Estimated Resource
Requirements in the 25—100 Logical-Qubit Regime®

# of circuit
active space logical depth/T-
model/system (orbitals) qubits count # of shots
Fe,S, cluster ~50 orbitals 30-50 10*-10° 10°-107
(bioinorganic (embedded)
model)
chromophore 20—-30 orbitals  25—30 10°-10* 105-10°
(photochemistry)
benzene (aromatic 30 orbitals 35—45 10* 10°
benchmark)
alkali hydrides 10—12 orbitals ~ 20-25 10° 10°
(NaH, KH)

“Estimates are order-of-magnitude, assuming conventional Jordan-
Wigner or Bravyi-Kitaev mappings and resource-aware algorithms
(downfolding, subspace methods, and iterative phase estimation).
These examples correspond to chemically motivated active spaces
(e.g, Fe—S clusters and chromophores) that are too large for brute-
force classical solvers yet fall naturally within the reach of early fault-
tolerant quantum devices.

orbital counts of practical active spaces to the 25—100 logical-
qubit regime. As seen in Table 2, systems such as Fe,S, clusters
or small chromophores map naturally onto the 30—40 logical-
qubit range when treated via embedding or downfolding, but
still demand circuit depths on the order of 10* and shot budgets
exceeding 10° These quantitative estimates highlight the
centrality of measurement-efficient ansatzes (structured an-
satzes and measurement-efficient subspaces) and error-aware
phase estimation variants (quantum phase estimation (QPE)
and Variants) to realize practical utility in this regime.

At the same time, it is important to recognize that even when a
solver achieves “chemical accuracy” on a model Hamiltonian,
this does not necessarily translate into agreement with
experiment. Discrepancies can arise from missing environmental
effects, conformational sampling, or uncertainties in the
experimental reference data. Therefore, the community should
view chemical accuracy as a baseline threshold, while setting the
bar for success in terms of whether quantum simulations can
deliver systematic, improvable accuracy for observables of
chemical interest (e.g., excitation energies, redox potentials, and
rate constants). In this context, benchmarking strategies should
emphasize not only total energies but also chemically relevant
quantities that can be cross-validated with both experiment and
high-level classical methods.

Environment-Aware Protocol. When environment effects
dominate uncertainty, the validation target should be defined as
an ensemble average over conformers/solvation states.> "8
Concretely: (a) specify how the ensemble is generated (e.g.,
molecular dynamics/Monte Carlo sampling, docking, or curated
conformer sets), how weights are assigned (e.g., Boltzmann,
reweighting), and how observables are averaged; (b) report a
sensitivity analysis to environment modeling choices (continu-
um vs explicit solvent, ionic strength, counterions, pH), and
propagate these to an uncertainty budget alongside quantum-
solver statistical/systematic errors; (c) prioritize differential
observables and provide stated error bars that reflect both
ensemble and hardware/runtime contributions. When quantum
subroutines (i.e., the quantum-executed portions of a hybrid
workflow) are used, include stabilizer-circuit checkpoints as
classically verifiable guards within the workflow. For example,
while absolute redox potentials of Fe—S clusters in solution or
protein environments are far beyond current quantum
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resources, simplified embedded fragments (e.g., Fe,S,, Fe,S,)
can serve as tractable benchmarks, with solvation and environ-
mental contributions incorporated through classical embedding
or hierarchical workflows.

In summary, identifying chemically meaningful opportunities
and establishing robust validation protocols highlight the need
for carefully chosen algorithmic strategies. We turn to these
strategies in Algorithmic Innovations, focusing on approaches
designed to operate effectively within the 25—100 logical-qubit
regime.

B ALGORITHMIC INNOVATIONS

In this section, we survey algorithmic strategies most relevant for the
25—100 logical-qubit regime, focusing on representative methods,
their theoretical kernels, resource requirements, and trade-offs with
classical approaches.

The development of quantum algorithms capable of
addressing chemically relevant problems using 25—100 logical
qubits must be guided by codesign principles that account for
fault-tolerant constraints. These include limited circuit depth,
restricted qubit connectivity, noise resilience, and modular
architecture.”>'”* The goal is to create a unified framework for
evaluating algorithms across diverse problems, establishing
robust metrics and methodologies to uniformly measure
performance.'”* Rather than converging on a single dominant
paradigm, the current landscape favors the parallel exploration of
diverse algorithmic strategies tailored to specific problem
structures and hardware capabilities.””*"'** Many algorithms
exist, balancing accuracy and efficiency as exact solutions scale
exponentially and are often impractical for large systems.

Scope and Selection Rationale. The directions high-
lighted below were selected using criteria tailored to the 25—100
logical-qubit regime: (i) ability to meet tight logical-qubit,
depth, and T-count budgets (including modest ancilla and code
distance); (ii) alignment with chemistry workflows (active-
space/embedding, downfolding, and dynamics) with observ-
able-level outputs; (iii) mitigations for noise and trainability
(e.g., shallow/subspace circuits, iterative/filtered QPE, error-
aware outer loops); (iv) transparent resource models and
benchmarkability; and (v) a clear path toward fault-tolerant
realization. Methods that currently depend on resources outside
this envelope (e.g., deep phase estimation without compression,
gqRAM-intensive routines) were deprioritized for this near-term
discussion. Given known impediments in variational quantum
algorithms (VQAs), such as the measurement overhead, barren
plateaus, gate-fidelity thresholds, and classical simulability in
plateau-free regimes,'”*~"”” we include only shallow/subspace
variational approaches paired with measurement-reduction and
noise-aware outer loops; hardware-agnostic, deep VQE
heuristics are deprioritized in this regime. As summarized in
Figure 2, these directions must be understood in light of the
contrasting scaling behaviors of classical and quantum
approaches. In contrast, resource-aware quantum algorithms
such as qubitization-based QPE or measurement-efficient VQE
variants target lower-order polynomial gate/query complexity,
albeit with explicit shot budgets. Within the 25—100 logical-
qubit band, this yields the conservative but realistic ordering that
FCI remains several orders of magnitude more costly than
Selected CI/DMRG, which in turn is about two orders higher
than resource-aware quantum approaches. This hierarchy
motivates the structured ansatzes, efficient measurement
strategies, downfolding and dimensional-reduction methods,

1016 | FCI ................. i
e 7

1012 —

1010 -

8 -
10°7 .- QPE/VQE

109 -

Asymptotic complexity proxy (log scale)

Active-space band
T

20 40 60 80 100 120
System size (active orbitals N)

Figure 2. Schematic complexity proxies vs active-space size (orbitals).
For FCI, we proxy complexity by determinant growth (exponential/
combinatorial), anchored by the trillion-determinant C;Hg/STO-3G
calculation on 256 servers.”” Selected CI/DMRG is shown with
polynomial scaling and large prefactors, especially in 4c-relativistic
DMRG-tailored CC,** where prefactors approach 2 orders of
magnitude above the nonrelativistic case. Quantum (QPE/VQE)
uses gate/query complexity after factorization (~O(N?)); the shot
budget, eq 2, is reported separately in the text. Normalizations are
chosen so that within the 25—100 logical-qubit band (shaded) FCI is
~4 orders above Selected CI/DMRG and the Selected CI/DMRG is
~2 orders above QPE/VQE. Curves are qualitative but anchored to
published points and scaling laws.

and compressed QPE techniques discussed in the following
subsections.

Structured Ansatzes and Measurement-Efficient Sub-
spaces. Why included: shallow/subspace constructions offer
multistate access within strict depth/T budgets, integrate with
downfolded or embedded active spaces, and can be paired with
measurement-reduction (e.g, shadows/overlap estimators) and
noise-aware outer loops for trainability.

Variational quantum algorithms (VQAs), including VQE,"
face several well-documented challenges. Among these, shot
noise and measurement overhead are often cited as particularly
demanding in practice, since sample requirements scale with
Hamiltonian variance and target precision. However, even in
noise-free emulators, VQE remains a heuristic constrained
optimization without guaranteed convergence, and practical
performance depends strongly on the ansatz, optimizer, and
problem structure.”” These limitations, together with barren
plateaus, spin contamination, and hardware noise, underscore
why structured ansatz and measurement-efficient strategies are
essential. At the same time, rapid progress in hardware**'”*'”
provides a dynamic backdrop in which these challenges must be
continually re-evaluated. While neural network ansatzes have
been explored, particularly for solids and lattice models,"** they
are not chemically intuitive and remain less common in
quantum chemistry. By contrast, most innovation for molecular
applications has focused on chemically inspired and hardware-
efficient ansatzes.”>"*" We have identified four major directions
below.

First, different parametrizations of the unitary Cluster Jastrow
(uCJ) ansatz'®*'® have been explored. In the original
formulation,'®” the orbital-rotation generator K is a complex
anti-Hermitian matrix, which in practice is often restricted to a
real antisymmetric form, while the Jastrow matrices J are pure
imaginary and symmetric. This “real K/imaginary J” restriction
is the most widely used, as it yields a compact, chemically
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meaningful parametrization that captures strong correlation
more effectively than generalized unitary coupled cluster with
singles and doubles (GUCCSD) '8 while significantly reducing
quantum resource requirements.183 Alternative parametriza-
tions such as the imaginary symmetric (Im-uCJ) and general
complex (g-uCJ) forms are also promising, particularly for bond
dissociation. These findings suggest that tuning the para-
metrization strategy can improve accuracy and robustness,
though care must be taken to evaluate potential drawbacks such
as spin contamination. We treat adaptive/heuristic enhance-
ments (e.g,, operator pooling, layerwise updates) as optional
refinements, contingent on reporting trainability diagnostics and
measurement budgets for target observables. The measurement
cost of VQE approaches can be quantified as

Var[H] )

€Z

M~ of
@)

where M is the number of measurements required, Var[H] is the
variance of the Hamiltonian, and € is the target precision. This
scaling highlights why measurement-reduction strategies (e.g.,
classical shadows, low-rank factorizations, grouping of commut-
ing terms) are critical for pushing VQE into the 25—100 logical-
qubit regime.

Second, optimization-free and adjustable subspace construc-
tion methods provide versatile alternatives. These include
density-matrix-based quantum subspace diagonalization ap-
proaches such as quantum subspace expansion (QSE)," " as well
as Krylov/Lanczos methods,'**~"* nonorthogonal configura-
tion interaction schemes,'”” quantum computed moment
techniques,'”’ and generator coordinate-inspired strategies.'”"
The subspace basis can range from optimized determinants (e.g.,
Hartree—Fock states) to coherent states, enabling access to
multiple eigenstates while reducing the circuit depth and
enhancing sampling efficiency. Error mitigation techniques,
such as shadow tomography'*>'** may further reduce measure-
ment overhead. Representative resource estimates and trade-offs
for these methods are illustrated in Deep-Dive 1.

Box 1. Deep-Dive 1: Subspace and Krylov Methods

e Kernel: Construct low-depth basis states (e.g., determi-
nants, Krylov vectors) and diagonalize the Hamiltonian
projected into this subspace. Quantum subspace
expansion and Krylov methods provide multistate access
with shallow circuits,'%°7'#720%293

e 25-—100 LQ resource vector:

(1) Qubits: 30—80 (depending on active space size).

(2) Circuit Depth/T-count: ~10° per basis vector.

(3) Shots: 10°—10° per observable, reducible by
shadows/grouping.

e Features:

(1) Provide multistate capability with shallow circuits.

(2) Compatible with measurement-reduction strat-
egies and error-mitigation techniques.

(3) Accuracy and cost depend on basis selection and
subspace size.

e Best vs Standard VQE when multiple excited states or
spectra are needed within tight qubit budgets.

Third, adaptive, parallel, and heuristic enhancements to the
VQE aim to address trainability and efliciency. Adaptive
strategies such as ADAPT-VQE'"*'”® and operator pooling

dynamically construct compact ansatzes tailored to the
correlation structure, minimizing depth without sacrificing
accuracy. Parallel parameter optimization has been introduced
to accelerate convergence,l%’197 and heuristic methods inspired
by quantum annealing have been apglied to improve state
preparation and guide o;t»timization.1 ¢ Comoplementary ap-
proaches like PermVQE'"” and ClusterVQE*" use entangle-
ment-informed qubit permutations or graph-based decom-
positions to reduce depth and enable scalable parallelization.

Finally, automation and user-accessible deployment of
quantum solvers are gaining traction. Recent efforts focus on
automating ansatz and subspace construction to facilitate
broader adoption of nonorthogonal quantum solvers,”’" thereby
reducing the manual complexity of circuit design, subspace
definition, and error mitigation integration. Such developments
aim to make quantum solvers accessible to a wider community
beyond quantum algorithm specialists. For clarity, the main
families discussed above are organized in Table 3, which
summarizes kernels, resource profiles, and trade-offs in the 25—
100 logical-qubit regime.

Taken together, these structured ansatzes and subspace
strategies illustrate the trade-off between expressivity and
resource efficiency. The common theme across uCJ, Krylov/
subspace, and adaptive refinements is to leverage chemically
motivated structure, shallow depth, and measurement reduction
to achieve tractable scaling under 25—100 logical-qubit budgets.
These methods serve as modular building blocks for embedding
and downfolding frameworks (downfolding and renormaliza-
tion techniques), where compact effective Hamiltonians can be
paired with such solvers.

Downfolding and Renormalization Techniques. Why
included: downfolding compresses correlated physics into compact
active Hamiltonians that fit 25—100 logical qubits and couple
naturally to shallow/subspace solvers.

Effective Hamiltonian construction via downfolding offers a
powerful way to reduce resource requirements while maintain-
ing chemical accuracy.”” By integrating external degrees of
freedom and targeting compact active spaces, these approaches
bridge high-level accuracy with qubit efficiency.

One important direction is coupled-cluster—based down-
folding, where techniques such as subsystem embedding
subalgebras (SES)°®”® and double unitary coupled-cluster
(DUCC) downfolding®”’® construct effective Hamiltonians
within reduced active spaces. The accuracy of these approaches
depends critically on the treatment of commutator terms,”* and
they have been successfully applied to ground’” and excited
states”' as well as nonequilibrium dynamics.”” In brief, SES- and
DUCC-based downfolding provide many-body algorithms that
integrate out the so-called external degrees of freedom, yielding
an active-space effective Hamiltonian H with reduced term
norms and counts, thereby reducing logical-qubit and T-gate
budgets at the cost of controllable commutator truncation.
Representative reporting fields and trade-ofts for SES/DUCC
are summarized in Deep-Dive 2.

Another family of approaches is based on renormalization
flow transformations, including quantum flow (Q-Flow)
methods, which recast the energy optimization in a large space
into coupled, energy-dependent effective models.”” Notably, the
continuous unitary/flow transforms decouple active and
external sectors and can encode energy dependence (self-
energy-like effects) needed for spectra/dynamics while keeping
the quantum register compact. Complementary progress has
been achieved through tensor factorization techniques, where
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Table 3. Representative Structured Ansatzes and Heuristic Refinements in the 25—100 Logical-Qubit Regime

method key idea/kernel
uCJ family (real/ compactly capture correlation; Robust across bond breaking
imag/ g-uCJ)

ADAPT-VQE and

automation tools structure.

heuristic
refinements

iteratively grows ansatz from an operator pool tailored to the correlation
¢ automated ansatz/ subspace generation to lower user burden®

operator pooling, parallel updates, annealing-inspired heuristics

notes for 25—100 logical-qubit regime

192,184 25-60 logical qubits; depth ~ 10°—10% compact, spin-
adaptable; trainability depends on parametrization
flexible, accessible, and compact; Overhead from quantum-
! classical loop, sensitive to solver noise
197,198 reduce depth or accelerate convergence; Stochastic noise

may destabilize

Box 2. Deep-Dive 2: SES/DUCC Downfolding

e Kernel: Construct an effective Hamiltonian on the active
space, H g = P e”°H P, where external excitations are
integrated out via a truncated BCH series (SES/DUCC).
The truncation order and excitation rank in o, are
explicit accuracy knobs that control both term counts
and the L, norm, directly impacting logical circuit depth/
T-count for subsequent solvers.*®%%7%77¢

e 25—100 LQ resource vector:

(1) Qubits: adjustable to ~25—100 logical qubits by
tuning the downfolded active space; the upper
limit is set by the feasibility of classical
preprocessing (cluster amplitudes, commutator
evaluation, diagnostics).

(2) Circuit depth/T-count: scales with the number of
terms in the downfolded Hamiltonian; reduced
relative to unreduced Hamiltonians, proportional
to postdownfolding term counts or L; norms.

(3) Reporting: (i) active-space size, (ii) postdownfold-
ing term count and/or L, norm, (iii) commutator
truncation order, and (iv) targeted observable/
precision. This makes circuit depth/T-count and
shot budgets transparent for early-FTQC demon-
strations.

e Features:

(1) Compression aligned with chemical intuition.

(2) Explicit approximation knob via the commutator
truncation order and excitation rank.

(3) Provides a framework for hybrid computing
infrastructure that integrates exascale architectures
with quantum hardware.

(4) Integrates with multicomponent and multiscale
workflows and shallow solvers.

(5) Requires explicit reporting of truncation order and
convergence criteria for reproducibility.

e Best vs Direct encodings and fragment-only approaches
when strong correlation is delocalized: downfold to a
compact active H.; and solve with subspace/QPE
variants within 25—100 logical-qubit budgets.

recursive downfolding leverages tensor decompositions to
optimize scalin§ complexity on both classical and quantum
architectures.”’ Here, factorizing two-electron tensors reduces
memory and effective term counts, lowering LCU/qubitization
or Trotter costs and easing Hamiltonian simulation or subspace-
diagonalization on small logical registers.

Finally, hybrid Green’s function and wave function embed-
ding schemes combine the strengths of both frameworks.”*%?%
In such methods, the Green’s function formalism is employed to
describe the bath (environment), while explicit wave function
solvers treat the active space, yielding an embedding that differs
conceptually from purely wave function-based approaches.

Explicitly, the bath is derived from a Green’s function that
captures dynamical environment effects, while the quantum
subroutine is confined to the active space for ground/excited
states and spectra with explicit resource savings. A primary
advantage of this approach is that Green’s functions can be
computed efficiently and yield a fairly high fidelity electronic
structure for the bath. The challenge is to find a prescription that
makes the downfolded active space Hamiltonian energy-
independent.

Together, these downfolding and renormalization techniques
enable scalable embedding schemes,”*”** remain compatible
with both classical solvers and quantum subspace diagonaliza-
tion, and, when combined with Green’s function embedding and
self-energy projection, provide access to spectral and dynamical
properties beyond ground states.””” For reporting, we
recommend annotating active-space size, postdownfolding
term counts or L, norms, commutator truncation order (if
applicable), and targeted observables.

In practice, these compact effective Hamiltonians pair
naturally with the subspace and phase-estimation strategies of
quantum phase estimation (QPE) and variants, where resource
vectors can be stated transparently against postdownfolding L,
and target precision.

Quantum Phase Estimation (QPE) and Variants. Why
included: iterative/filtered/statistical QPE variants retain gold-
standard precision while minimizing ancilla and depth, making
phase estimation viable in early fault-tolerant settings.

QPE remains the gold standard for precision energy
estimation,19 serving as a key subroutine in many quantum
algorithms,””*"** but its resource demands typically exceed
what is available on near-term fault-tolerant devices. To address
these limitations, several variants have been introduced to
reduce the depth, ancilla requirements, and error sensitivity.

Iterative and Bayesian protocols minimize the number of
ancilla qubits and circuit depth by trading these resources for
more measurements.”" '’ Bayesian approaches, in particular,
optimize parameter selection, improving efficiency and robust-
ness against noise. A related class of methods, known as
statistical phase estimation, employs lower-depth circuits and
fewer auxiliary qubits, making them more compatible with early
fault-tolerant hardware and error-mitigation strategies.”'' These
statistical approaches can achieve a higher accuracy for a given
circuit depth than earlier analyses. Representative resource
requirements and trade-offs for iterative and filtered QPE are
summarized in Deep-Dive 3.

Together, these QPE variants improve scalability, particularly
when combined with classical compression and error-mitigation
techniques such as classical shadows.””*'" Their feasibility is
underscored by recent demonstrations, including Bayesian QPE
on trapped-ion systems”'’ and statistical phase estimation on
superconducting processors,”"' as well as hybrid QPE—VQE
workflows that prepare approximate ei§enstates variationally
and refine them with phase estimation.”"” Looking ahead, fault-
tolerant algorithms based on QPE are also being extended to
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Box 3. Deep-Dive 3: Iterative and Filtered QPE

e Kernel: Given a block-encoding/qubitization of H with
scale 4, define a walk operator W whose eigenphases
satisfy cosd = E/A. Phase estimation on W recovers E =
Acos@ with precision € using a QSP polynomial of degree
d = O(4/€). Iterative and Bayesian QPE minimize
ancilla width by trading depth for repeated measure-
ments, while Gaussian/subspace filters improve preci-
sion under noise.”** ">

e 25-100 LQ resource vector:

(1) Qubits: 25—100 logical qubits postdownfolding,
typically with 1—3 ancillas.

(2) Circuit Depth/T-count: 10*—10°, depending on
target precision and filter degree.

(3) Shots: 10°—10° per observable, amortized across
iterative/Bayesian schedules.

e Features:

(1) Provides certificate-grade eigenvalues with system-
atic error bounds.

(2) Natural access to excited states through phase
registers.

(3) Filtered variants mitigate noise sensitivity and
improve robustness.

(4) Resource costs scale transparently with postdown-
folding L, norms and target precision.

e Best vs Variational/subspace methods when precision
eigenvalues or sharp spectral features are required, within
the depth budgets of early fault-tolerant devices.

new observables, such as interaction energies within symmetry-
adapted perturbation theory.”"*

Alternative Paradigms beyond Shallow VQAs. Why
included: these approaches target chemistry-relevant observables
while mitigating VQA scaling limits and offering transparent
resource models.

In a measurement-assisted classical strategy, classical
electronic-structure solvers are supplemented by overlap or
transition measurements on a quantum device to refine
subspaces or nonorthogonal expansions while keeping the
quantum footprint small.”"® Quantum-assisted Monte Carlo
takes a complementary path: quantum subroutines can unbias or
accelerate Fermionic Monte Carlo by preparing/sign-correcting
states or estimating nonclassical projectors, with resource—
accuracy trade-offs that are readily benchmarked.”'® A related
Hamiltonian-moment hybrid approach, derived from imaginary-
time evolution, leverages quantum-measured Hamiltonian
moments to construct systematic classical expansions, offering
a compact and improvable route to ground and excited
states.””*'"7** For dynamics, real-time electron-dynamics
schemes provide direct access to time-dependent observables
and spectra; the favorable Hamiltonian structure discussed in
Quantum Dynamics and Noise-Informed Simulation and qubit-
efficient encodings help reduce budgets relative to generic
electronic Hamiltonians.”*""*** Across these paradigms, resour-
ces can be stated explicitly, including shot budgets, oracle/query
counts, and logical depth/T counts, and typical instances fit
within the 25—100 logical-qubit regime while mapping cleanly
to the benchmark and validation program outlined in Bench-
mark Design and Problem Prioritization and Benchmarking and
Experimental Validation.

These approaches exemplify how non-VQA strategies can be
integrated into the broader benchmark and validation frame-
work developed in Sections Benchmark Design and Problem
Prioritization and Benchmarking and Experimental Validation.

Benchmarking, Resource Modeling, and Modular
Execution. Why included: utility claims require standardized
resource models, comparable benchmarks, and modular execution to
make progress auditable across platforms.””'"*

Realistic resource estimation and apples-to-apples compar-
isons hinge on reporting a common cost-vector for each result:
(i) logical-qubit count and logical depth/T-count (and ancilla/
code-distance assumptions); (ii) postdownfolding Hamiltonian
size (e.g., term counts or L, norms) and any tensor
factorizations; (iii) oracle/query counts where applicable; and
(iv) shot budgets per observable (or per target_error bar)
together with any measurement-reduction used.'””'***** These
costs should accompany the benchmark classes in Benchmark
Design and Problem Prioritization and the validation protocol in
Benchmarking and Experimental Validation.

To make results reproducible and analyzable, we favor
modular benchmark execution, e.g., the ground state energy
estimate staged flow (problem database — solution generation
— feature computation — performance analysis — reportin%)
with unique identifiers and provenance for each stage.'””
Packaging artifacts (inputs, circuits/Hamiltonians, calibration/
decoder outputs, feature vectors, and postprocessing scripts)
enables re-execution and independent audit."***** Difficulty—
feature maps and active-learning curation can be used to
position and evolve suites,””"*>"”* while community programs/
toolkits provide standardized harnesses for evaluation;*****°
here we focus on the minimal resource/packaging contract
needed to make cross-platform comparisons fair and durable.
We also encourage depositing these artifacts in a shared
hardware-experiment registry (Hybrid Workflows and Modular
Co-Design) to enable cross-platform reuse and Al-driven
analysis.

These choices do not preclude other promising directions;
rather, they reflect near-term feasibility under the 25—100
logical-qubit constraints and emphasize methods with meas-
urable, benchmarked progress toward chemically validated
observables. The next step is to consider how these algorithmic
ingredients interact with hardware and classical infrastructure, a
topic we explore in Hybrid Integration Pathways on hybrid
integration pathways.

B HYBRID INTEGRATION PATHWAYS

In this section, we discuss hybrid integration pathways that combine
quantum algorithms, classical resources, and Al-assisted infra-
structure, showing how these elements can be codesigned to deliver
auditable progress within the 25—100 logical-qubit window.
Realizing practical quantum simulations in the 25—100
logical-qubit regime necessitates deep integration across
quantum algorithms, classical computing resources, and
emerging hardware architectures.'”’ Quantum utility in this
intermediate scale is unlikely to be achieved by quantum
processors in isolation but is increasingly viewed as contingent
on well-orchestrated hybrid systems that enable codesigned,
end-to-end workflows.”””'** Understanding the interplay among
algorithms, software stacks, and hardware is paramount. Figure 3
provides an overview of these hybrid integration pathways,
highlighting four enabling areas that connect to the central
quantum kernel: hardware-aware design and hybrid devices,
hybrid workflows and modular codesign, benchmark design and
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Hardware-Aware Design
& Hybrid Devices

Hybrid Workflows &
Modular Co-Design

Benchmark Design &
Problem Prioritization

Strategic Roadmap &
Milestones

Figure 3. Hybrid workflow schematic aligning with Hybrid Integration
Pathways. The central Quantum Kernel connects to four enabling
areas: (i) hardware-aware design and hybrid devices, (ii) hybrid
workflows and modular codesign, (iii) benchmark design and problem
prioritization, and (iv) strategic roadmap and milestones. This structure
illustrates how execution-level workflows and codesign infrastructure
jointly enable scalable quantum chemistry simulations in the 25—100
logical-qubit regime.

problem prioritization, and strategic roadmap and milestones.
This schematic mirrors the organization of the subsections
below and emphasizes that both execution-level workflows and
supporting codesign infrastructure are required to realize
scalable quantum chemistry simulations in the 25—100 logical-
qubit regime.

Hardware-Aware Design and Hybrid Devices. Scope:
Algorithm design that accounts for hardware realities (gate
fidelities, error rates, connectivity, and QEC throughput) while
also leveraging extended resources such as qumodes and hybrid
qubit—boson architectures.

Quantum chemistry workloads place stringent demands on
hardware, both in conventional qubit-based architectures and in
emerging hybrid modalities such as qubit—qumode devices.
These demands include high-fidelity two-qubit operations,
sufficient error-correction throughput, and fast classical control
and I/O. Emerging heterogeneous platforms (e.g., tightly
coupled GPU—QPU systems with low-latency interconnects)
aim to address these requirements and to host Al-assisted
decoding and real-time calibration/control loops."****” Prac-
tical algorithm design in the 25—100 logical-qubit regime,
therefore, begins with explicit budgets for gate speeds, fidelities,
error rates, connectivity, and coherence across leading modal-
ities (superconducting, trapped-ion, atom-array, photonic),
together with transpiler flows that account for native gate sets
and differential costs (e.g, R, vs CX) in the fault-tolerant
setting.””® In parallel, heterogeneous QEC architectures that
combine surface codes with LDPC-style constructions (e.g.,
Gross code) are being explored to optimize space—time
overheads.””’

Three enablers are especially relevant for chemistry: (i)
compact Fermionic encodings (e.g.,, Bravyi—Kitaev, parity) to
minimize ancilla overhead; (ii) midcircuit measurement with
layout-aware transpilation to shorten depth under connectivity
constraints; and (iii) noise-informed scheduling with Al-based
decoders, ideally backed by high-fidelity noise models developed

with hardware providers.”

Beyond qubit-only considerations, extended resources such as
qumodes (quantum harmonic oscillators) provide complemen-
tary opportunities. Qumodes offer an effectively infinite-
dimensional Hilbert space and can act as qudits under energy
cutoffs.”*>**" In the circuit quantum electrodynamics (cQED)
platforms, microwave cavities dispersively coupled to transmons
have demonstrated high-quality, long-lived qumodes, universal
gate sets, and even break-even quantum error correction for
logical qubits and qudits.”**~>** Such hybrid qubit—qumode
architectures are difficult to mimic with shallow qubit-only
circuits and are promising for problems with strong bosonic
character, including vibronic structure and dynamics.*****°
Remaining challenges include mitigating noise from the ancillary
qubit coupled to the cavity.”*” Further details on specific cCQED
gate implementations and application domains are provided in
the Appendix.

Delivering these capabilities portably requires codesigned
software/hardware interfaces and shared infrastructure. Com-
piler stacks must coordinate QPU, GPU, and CPU tasks under
sub-ys latencies and bridge the quantum-—classical interface
using chemistry-aware abstractions and precompiled primitives
(e.g., Trotter steps, block encodings, qubitization seg-
ments).””"*" With realistic hardware budgets and transpiler
costs in hand, we turn next to the hybrid execution model that
concentrates quantum resources where they matter most.

Hybrid Workflows and Modular Co-Design. Scope:
Hybrid pipelines integrating HPC, quantum kernels, and Al,
together with reproducible codesign infrastructure, enable
scalable execution and benchmarking in the 25—100 logical-
qubit regime.

To illustrate the interplay of classical HPC, quantum
subroutines, and Al integration, Figure 3 depicts a schematic
hybrid workflow. The hybrid model, usually referring to classical
pre/post-processing wrapped around a quantum subroutine
solving a reduced subproblem, remains the most feasible near-
term strategy. In chemistry, quantum acceleration is typically
focused on compact active subsystems (multiconfigurational
fragments or correlated sites) identified by diagnostics such as
DMRG-based entropy measures and orbital entanglement, or
via automated schemes like AutoCAS.'*”***7**! Problem
partitioning relies on quantum embedding53’55_57’60’61’63’64
and downfolding,®””%7*7>2** with Green’s-function techniques
supplying high-fidelity baths for environment coupling when
spectral properties or open-system effects are central;>"*” and
when embedding loops wrap stochastic (quantum) solvers, the
outer fixed-point should be noise-aware (e.g., batched/averaged
updates, uncertainty-weighted Anderson mixing) with stopping
criteria that reflect both residuals and estimated solver variance.

Within this pipeline, classical preprocessing selects orbitals,
constructs effective Hamiltonians, and prepares states; the
quantum subroutine (variational subspace methods or resource-
aware QPE variants) targets the active-space ground or excited
states; and postprocessing refines and validates results using
high-level classical solvers such as semistochastic heat-bath
configuration interaction (SHCI) or CCSD(T), including
perturbative corrections that mirror the role of triples beyond
VQE;'****7** and runtime task delegation across heteroge-
neous resources (QPU, GPU, CPU) benefits from shared-
memory and low-latency synchronization to keep the hybrid
loop tight."**

We treat measurement cost as a first-class resource: workflows
should integrate measurement-reduction pipelines and report
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total shot budgets per observable (or per desired error bar)
alongside logical-gate/T counts.'”*

At the execution level, Al assists this loop end-to-end,
including guiding active-space scoring and circuit compilation,
accelerating decoder inference and feedback control for QEC,
and reducing measurement cost via learning-based estimators
(e.g, classical shadows), so that selection, execution, and
readout are co-optimized rather than siloed."*”"*¥'93%/

Classical assistance can also optimize the quantum subroutine
itself. Stabilizer-based bootstrapping leverages classically simu-
lable Clifford circuits to pretune parameters and verify
compilation/execution paths before running classically intract-
able circuits,”****’ and emerging protocols aim to carry fault-
tolerant design ideas into NISQ-era devices for robustness and
measurability.”*" As emphasized in Benchmarking and Exper-
imental Validation, these stabilizer-based checkpoints provide
classically verifiable validation of compilation and execution
paths before classically intractable circuits. Together, these
enable closed-loop control of the cost and accuracy.

Generative circuit synthesis (e.g, GQE) and quantum
autoencoders learn low-depth ansitze and compress states,
while decoder/scheduling models reduce QEC and latency
overheads; on the readout side, learning-based estimators (e.g.,
classical shadows) cut measurement burden and enable near
real-time observable estimation,'**'?*'*?

Chemical insight (e.g., fragment partitioning) should inform
design decisions throughout the stack, from layout-aware
transpilation to resource models, guided by community
benchmarks and shared roadmaps.”® Community infrastructure
is essential for reproducibility and collaboration: use chemistry-
aware intermediate representations and automated Hamilto-
nian-to-circuit translation for performance portability,”**
incorporate portable abstractions and standardized modular
components, pair these with provenance/FAIR data schemas™"
that link circuits, Hamiltonians, calibration snapshots, decoder
outputs, and measurement records to reported observables;
maintain public benchmark repositories with well-specified
instances and reference outputs,'**'**'”* provide cloud/HPC
simulators and emulators for large parameter sweeps and Al-in-
the-loop studies,"** and distribute workflows as containerized,
Cl-tested environments to keep results executable over time.”**
To measure progress consistently, we anchor development to
the community benchmarks and prioritize problem classes
outlined in the next section. Ultimately, realizing quantum utility
depends on full-stack codesign, tightly coupling chemistry,
compilers, runtimes, and hardware."*!

Hardware Experiment Registry. To support reproducible
benchmarking and Al training across platforms, we advocate a
shared registry of real-hardware experiments with a minimal
FAIR schema: (i) identifiers and compiled circuits/Hamilto-
nians (pre/post-transpilation) with versioned seeds and
settings;zsz’253 (ii) backend metadata and calibration snapshots
(e.g, T,/ T, gate/readout infidelities, crosstalk, code distance d
and logical error/cycle when applicable); (iii) runtime logs
(session IDs, transpiler passes, scheduling/latency traces) and
decoder outputs; (iv) raw/aggregated measurement records and
shot counts, together with any measurement-reduction used;
and (v) links to the benchmark definition, resource “cost-vector”
(Benchmarking, Resource Modeling, and Modular Execution),
and validation protocol (Benchmarking and Experimental
Validation). Artifacts should be packaged for re-execution
(inputs, circuits/Hamiltonians, telemetry, decoder outputs,

postprocessing scripts) and released under a provenance-
preserving format™* to enable audit and Al-in-the-loop studies.

Benchmark Design and Problem Prioritization. Scope:
Strategies for defining chemically grounded benchmarks and
prioritizing problem classes, with explicit resource annotations
and environment-aware protocols to guide development.

The need for chemically grounded benchmark problems will
go beyond toy or highly simplified test cases (e.g, minimal
systems mainly used for proof-of-concept studies) and instead
emphasize chemically realistic, experimentally relevant sys-
tems.’”"”* Prioritized use cases include challenging electronic-
structure problems tied to energy and materials science, as
summarized in Table 1.

In addition to chemically motivated benchmarks, stabilizer
circuits should be systematically incorporated into benchmark
suites as classically verifiable checkpoints for validating
compilation/execution paths and resource estimates (see
Benchmarking and Experimental Validation). Building on the
benchmark framework and Class 0/1/2 definitions introduced
in Benchmarking and Experimental Validation, here, we
emphasize their role in guiding resource annotation and
prioritization. Infrastructure benchmarks (Class 0) and
challenge benchmarks (Class 1/2) serve complementary
purposes within the same program: the former establish reliable
execution and comparable metrics, while the latter probe
computational difficulty and chemistry-relevant observables
beyond current classical limits. For Class 1/2 challenge
benchmarks, the protocol additionally requires classical-only
convergence baselines for the classical components of the
workflow (e.g, active-space size, embedding region/bath size,
downfolding truncations and tensor-factorization ranks, and
environment ensemble/sensitivity), together with the final
quantum cost-vector (logical-qubit count, logical depth/T-
count, postdownfolding term counts/L; norms, and shot
budgets).’>"*”"”* These baselines justify the specific instances
executed on quantum hardware and enable apples-to-apples
comparisons across stacks.

Notably, the evaluation metrics are encouraged to include
quantitative agreement with experiment, convergence behavior,
scaling trajectories, and chemical observables such as excitation
energies, spin-state gaps, and phase boundaries. Beyond these
physics-based metrics, measurement and trainability should be
reported explicitly on total shot budgets per observable (or per
desired error bar), any measurement-reduction used (e.g,
grouping, classical shadows), and trainability diagnostics
(gradient norms, optimizer stability/variance scaling) under
stated noise and transpilation settings. In addition, for
embedding and environment-sensitive studies, we recommend
that benchmarks include: (i) explicit environment metadata
(temperature, solvent or dielectric model, ionic composition,
cofactors) and an ensemble-averaging protocol; (ii) an
uncertainty budget decomposed into ensemble, solver/
statistical, and model components; and (iii) emphasis on
differential observables (e.g., shifts, gaps, isotope effects) with
stated error bars, alongside resource annotations (see Bench-
mark Design and Problem Prioritization). Benchmarks should
be paired with provenance-rich artifacts (inputs, circuits/
Hamiltonians, calibration/decoder outputs) and FAIR metadata
for re-execution and auditability (see Hybrid Workflows and
Modular Co-Design).

Strategic Roadmap and Milestones. Scope: A perform-
ance-based roadmap linking algorithmic milestones with
hardware/QEC, compiler/runtime, and validation metrics,
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Figure 4. Capability-phased roadmap keyed to performance-based milestones (not calendar dates). Each phase is summarized by indicative logical-
qubit counts and logical-gate depth and evaluated with three metric bundles: QEC/hardware (code distance, logical error rate per cycle), compiler/
runtime (T-factory/decoder throughput, end-to-end latency), and validation (resource-annotated benchmarks, stated error bars, stabilizer
checkpoints). Benchmarks are defined in Benchmarking, Resource Modeling, and Modular Execution; validation workflow is discussed in Strategic

Roadmap and Milestones.

Table 4. Capability-Phased Milestones (Illustrative Scales)”

phase QEC/hardware metrics
1 demonstrate target code distance (e.g, d=5—7)
with a logical-error-rate-per-cycle below a stated
threshold
I advance to the next code-distance point with

lower logical error per cycle

III  sustained operation at a higher code distance with
a stable logical-error budget

compiler/runtime metrics

report end-to-end latency on critical paths
and decoder throughput

provide compiler/transpiler cost model and
decoder and T-factory throughput at scale

integrated GPU—QPU orchestration targets
(latency/throughput); measurement-
reduction pipeline

validation metrics

validated observable classes for Class 0 entries (e.g., small QM9
subset, alkali hydrides, benzene) with stated error bars; include
stabilizer checkpoints

hybrid-workflow benchmarks (e.g., Fe,S,, OLED fragments, model
dynamics) with resource annotations; cross-validated vs high-level
classical baselines

chemically validated observables for Class 1 targets and/or dynamics
with stated uncertainty

“Phases are defined in Figure 4 and are keyed to measurable bundles: QEC/hardware, compiler/runtime, and validation. Benchmarks are defined
in Benchmarking, Resource Modeling, and Modular Execution; stabilizer-based validation is discussed in Hybrid Pipelines and AI Integration

emphasizing reproducibility and community-wide comparabil-
ity.

What currently limits progress? A practical question for the
capability-phase roadmap is what most constrains progress over
the next few years. In our view, the limiting factors are dual and
interdependent. On the algorithmic side, key bottlenecks
include (i) efficient and portable state preparation for strongly
correlated systems and real-time dynamics; (ii) the measure-
ment overhead that scales with Hamiltonian variance and target
precision (cf. Equation (2)), motivating measurement-reduc-
tion pipelines (grouping, low-rank factorizations, classical
shadows) as first-class resources; (iii) trainability and stability
across geometries for variational and subspace methods
(mitigated by structured/subspace ansatzes, Krylov/filtered-
QPE variants, and error-aware outer loops); and (iv) robust
downfolding/embedding with clear commutator truncation and
self-consistent outer loops that remain stable when the fragment
solver is stochastic, supported by standardized, provenance-rich
benchmarks and validation proto-
Cols, | 2952S3,72=T4107,175 177,192,195 31 b hardware side,
realizing sustained computations with ~25—100 logical qubits
depends on attaining low logical error rates at practical code
distances, adequate decoder/T-factory throughput, high-fidelity
entangling operations under connectivity constraints, midcircuit

measurement and classical control latencies compatible with
hybrid runtimes, and reliable noise models for transpiler and
QEC codesign 31 =334042:43,51

Crucially, neither front can unlock the roadmap in isolation.
Today, the availability and stability of error-corrected logical
qubits set the primary gating constraint for end-to-end
demonstrations at the 25—100 logical-qubit scale; at the same
time, resource-aware algorithms (e.g, iterative/statistical/
filtered QPE, measurement-efficient subspace methods, and
compact effective Hamiltonians via downfolding) directly
reduce hardware budgets and accelerate time-to-utility. We
therefore anticipate that near-term progress will be paced by
codesign: aligning algorithmic cost-vectors (logical depth/T
count, postdownfolding term counts/L; norms, shot budgets)
with realistic QEC and runtime throughput, integrating HPC/
Al for decoding, scheduling, and measurement reduction, and
validating against community benchmarks with stated error bars.
This interplay, rather than a single bottleneck, sets the slope of
progress toward durable quantum utility.

Rather than date-specific roadmaps, we adopt performance-
based milestones tied to hardware/QEC, compiler/runtime,
and validation metrics (Figure 4, see also refs
27,30,193,225,226). Concretely, milestones include: logical
error rate per code cycle and attainable code distance (QEC
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progress), T-factory/decoder throughput and end-to-end
latency budgets (compiler/runtime), and validated observable
classes at stated error bars on resource-annotated benchmarks
(community readiness, see the previous section for benchmark
classes).””* As shown in Figure 4 and Table 4, we organize the
roadmap by capability phases, not dates. Phase I emphasizes
short-depth exemplars (e.g., variational /subspace or short-depth
QPE) under selective fault-tolerance and reports code distance
and logical error per cycle, decoder throughput/latency, and
validated observable classes for Class 0 benchmarks. Phases II
and III extend these metrics to higher logical-gate depth and
qubit counts with hybrid-workflow benchmarks (Benchmarking,
Resource Modeling, and Modular Execution) and stabilizer-
based checkpoints for classically verifiable validation (Hybrid
Pipelines and Al Integration).

Reverse-engineering from target applications (e.g, mapping
chemical-accuracy thresholds to logical-qubit counts, code
distances, and gate fidelities) remains a useful design
loop.'*”*%7%%7 Realistic capability claims should report
measurable limits (trainability, measurement cost, depth at
fixed code distance) under stated noise and transpilation
settings. For variational circuits, stabilizer-bootstrap and
classical surrogates provide classically verifiable checkpoints to
quantify trainability and measurement overhead before deploy-
ment (see Benchmarking, Resource Modeling, and Modular
Execution).Mg

Progress toward these goals depends on structured collabo-
ration across institutions and disciplines.” In practice, this
means cultivating shared talent pipelines and organizing multi-
institutional consortia aligned with benchmark testbeds (e.g.,
DOE NQISRC, DARPA Quantum Benchmarking, NSF
NQVL/QLCI).**>*3%726° Hackathons and challenge problems
with specified resources and accuracy targets can accelerate
reproducible comparisons and lower entry barriers. Stand-
ardized terminology (e.g, logical vs physical qubits, QEC-
protected operations) and shared documentation improve
cross-domain communication. Equally crucial is the dissem-
ination of negative results and reproducible artifacts (input
decks, circuits, data schemas, calibration snapshots, decoder
outputs) via living registries that pair benchmark definitions
with reference implementations and provenance, enabling fair
cross-platform evaluation as hardware, software, and algorithms
coevolve.

These collaborative structures provide the foundation on
which the field can now chart its broader trajectory. We turn to
this outlook in the Conclusion and Outlook.

B CONCLUSION AND OUTLOOK

In this section, we synthesize the main insights from the
preceding discussions and place them in a broader perspective.
The 25—100 logical-qubit regime emerges not only as a
technical milestone but also as a proving ground for
collaborative strategies that will shape the trajectory of quantum
chemistry in the fault-tolerant era.

Pragmatic Shift toward Quantum Utility in Chemistry.
The field of quantum computing for quantum chemistry is
undergoing a significant strategic shift. Rather than awaiting the
arrival of large-scale, fault-tolerant machines, the community is
coalescing around a more pragmatic approach focused on the
emerging regime of 25—100 logical qubits.*® This scale is viewed
not as a temporary constraint but as a crucial proving ground for
demonstrating tangible quantum utility in the coming years. The
emphasis has moved toward hybrid, modular, and application-

aware strategies that maximize the utility of currently available,
limited quantum resources. These strategies often involve
techniques like embedding, downfolding, adaptive algorithm
design, and importantly, principled integration with classical
HPC and Al tools."*>'*>*°!

Building on this foundation, the central goal has been refined
toward achieving “Quantum Utility,” demonstrating that a
quantum device can provide a reliable advantage over the best
classical methods on well-chosen, domain-relevant tasks, judged
by speed, accuracy, efficiency, and resource costs.”*> Rather than
general-purpose superiority, this entails prioritizing niche but
meaningful problems such as strongly correlated systems,
quantum dynamics, and catalysis. Recent demonstrations, like
simulating H, using logical qubits with error detection,”®* signal
tangible progress toward fault tolerance, with quantum
chemistry continuing to be a cornerstone application.””*"'**
Equally important, however, is that such demonstrations yield
new scientific insights (e.g, mechanistic understanding, pre-
dictive trends, and emergent quantum behaviors) that remain
elusive for classical solvers. Such insights may come, for example,
from resolving the role of conical intersections in photo-
chemistry or tracing coherence-driven pathways in enzymatic
reactions, providing value beyond numerical accuracy alone and
underscoring the broader impact of quantum utility on
discovery.

Co-Design, Collaboration, and Building the Founda-
tion. Looking ahead, progress hinges on codesign: tight
coupling between algorithm development and hardware
capabilities, coordination across the stages of hybrid simulation
workflows, and sustained collaboration amon% chemistry,
computer science, and physics communities.””'*”"*' Continued
innovation across theory, hardware, and software remains
essential, with particular emphasis on downfolding and
renormalized embeddings, low-depth subspace methods, and
emerging fault-tolerant frameworks (e.g,, combining Fermion
and qubit codes).”** Focus should also include integrating
quantum workflows with efficient classical pre/post-processing
and optimization strategies, leveraging structural diagnostics and
fault-tolerant concepts (e.g, stabilizer bootstrapping) even
when operating in near-term regimes.

In the near term, we prioritize actions that are concrete and
measurable: design chemically relevant, resource-annotated
benchmarks that guide development and quantify progress;*”' ™
develop efficient classical preprocessing and optimization
tailored to quantum subroutines;**® construct modular, testable
hybrid workflows codesigned with hardware constraints and
portable across stacks;*"*** and integrate Al and HPC as
scalable partners for scheduling, decoding, and measurement
reduction.”””"** These efforts should be supported by open
infrastructure and community benchmarks to ensure that results
are reproducible, comparable, and auditable over time.

Ultimately, the work ahead is inherently collaborative.
Achieving production-quality quantum chemical simulations
will require a shared vision, coordinated investment, and a
commitment to open science.””"*° The present momentum
suggests that practical quantum chemistry is within reach; by
grounding progress in codesign, validated benchmarks, and
targeted applications, we can build the foundation for durable
utility in the 25—100 logical-qubit era and beyond. In closing,
the 25—100 logical-qubit regime should be viewed as the
community’s first practical window for demonstrating quantum
utility in chemistry, where resource-aware algorithms, auditable
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benchmarks, and codesigned workflows converge to establish
credible, reproducible progress beyond classical limits.
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