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Abstract 

The application of quantum computing to molecular simulation promises to 

revolutionize computational chemistry and drug discovery by providing exact 

solutions to the electronic Schrödinger equation, a task that is intractable for 

classical computers for large molecules. However, the current era of Noisy 

Intermediate-Scale Quantum (NISQ) hardware is characterized by processors 

with a limited number of qubits, high error rates, and short coherence times, 

posing significant challenges for practical quantum advantage. This study 

presents a comprehensive benchmarking framework to evaluate the 

performance of leading NISQ-era superconducting quantum processors from 

IBM and Rigetti in simulating fundamental molecular structures relevant to 

drug discovery. We focus on the variational quantum eigensolver (VQE) 

algorithm to compute the ground-state energy of a series of prototypical 

molecules—hydrogen (H₂), lithium hydride (LiH), and a prototypical drug 

fragment, formic acid (HCOOH)—each increasing in complexity and qubit 

requirement. Our benchmarking suite assesses not only the accuracy of the 

computed energy relative to the Full Configuration Interaction (FCI) baseline 

but also critical hardware-performance metrics including algorithm success 

probability, convergence stability, and required quantum volume. The results 

demonstrate that while small molecules like H₂ (4 qubits) can be simulated with 

reasonable accuracy (error < 5 kcal/mol) on current hardware, the simulation of 

LiH (12 qubits) and HCOOH (16+ qubits) is severely hampered by noise, with 
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errors exceeding chemical accuracy (1.6 kcal/mol) by an order of magnitude. 

Furthermore, we quantify the exponential growth in the number of required 

two-qubit gates and the corresponding fidelity loss, identifying this as the 

primary bottleneck. Through randomized compilation and noise-aware 

mapping, we show a 40% reduction in error for the H₂ simulation but minimal 

improvement for larger molecules, underscoring the fundamental limitations of 

NISQ devices. This work provides a rigorous, quantitative assessment of the 

current capabilities and limitations of quantum hardware for quantum 

chemistry, establishing a clear benchmark for progress and suggesting that 

fault-tolerant quantum computing, rather than NISQ-era devices, will likely be 

necessary for impactful quantum-driven drug discovery. 

Keywords: NISQ Quantum Computing, Quantum Chemistry, Variational 

Quantum Eigensolver (VQE), Molecular Simulation, Drug Discovery, 

Benchmarking, Quantum Hardware Performance, Error Mitigation, 

superconducting qubits. 

1. Introduction 
 

The discovery and development of new pharmaceuticals is a notoriously lengthy 

and expensive process, often exceeding a decade and costing billions of dollars. 

A critical bottleneck lies in the computational prediction of molecular behavior, 

particularly the accurate calculation of electronic energies and properties which 

govern binding affinity, reaction pathways, and toxicity. Classical 

computational chemistry methods, such as Density Functional Theory (DFT) 

and coupled cluster theory, provide invaluable insights but face fundamental 

scalability limits. The computational cost of exact solutions grows exponentially 

with the number of electrons, making high-accuracy calculations for 

biologically relevant molecules—often containing dozens of atoms and 

hundreds of electrons—prohibitively expensive. 

Quantum computing, first proposed for this purpose by Richard 

Feynman, offers a paradigm shift. A quantum computer can, in principle, 

 

2

https://jrist.org/index.php/JRIST/index


International Journal of AI and IoT Technologies (IJAIOT) 
Available on:  https://ijaiot.org/index.php/IJAIOT Volume: 01, Issue: 01, November 2025 

 

efficiently simulate quantum systems like molecules by mapping electrons to 

qubits and representing molecular states directly within a quantum Hilbert 

space. This has the potential to calculate molecular energies and properties with 

unprecedented accuracy, dramatically accelerating the virtual screening of drug 

candidates and the design of novel therapeutics. The Variational Quantum 

Eigensolver (VQE) algorithm, a hybrid quantum-classical approach, was 

specifically designed for the Noisy Intermediate-Scale Quantum (NISQ) era. 

VQE uses a quantum processor to prepare and measure a parameterized trial 

wavefunction (ansatz) and a classical optimizer to vary these parameters to 

minimize the expectation value of the molecular Hamiltonian, thus converging 

to the ground-state energy. 

Despite this elegant theoretical framework, the practical reality of NISQ 

hardware presents immense obstacles. Current superconducting quantum 

processors are plagued by decoherence, gate errors (particularly for two-qubit 

entangling gates), readout errors, and limited qubit connectivity. These 

imperfections corrupt the fragile quantum information necessary for the 

calculation, leading to inaccurate energy estimates. The central question for the 

field is no longer if quantum computers can simulate molecules, 

but when and how they will achieve practical, valuable results given these 

hardware constraints. 

This paper addresses this question through a systematic and realistic 

benchmarking study. Rather than presenting idealized simulations, we execute 

algorithms on real, publicly accessible quantum processors from IBM 

(ibm_kyiv, ibm_cairo) and Rigetti (Aspen-M-3). We focus on a curated set of 

molecules that form a staircase of complexity, from the well-understood H₂ 

molecule to the more pharmacologically relevant formic acid, a common 

fragment in drug molecules. Our benchmarking goes beyond a simple report of 

energy error. We develop a multi-faceted framework that measures the 

convergence behavior of the VQE algorithm under noise, the success 
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probability of the entire computation, the resource requirements in terms of gate 

depth and count, and the efficacy of modern error mitigation techniques. The 

goal is to provide a clear, data-driven snapshot of the current state-of-the-art, 

identify the most critical hardware limitations, and establish a baseline against 

which future improvements in quantum hardware, algorithms, and error 

correction can be measured. This work serves as a crucial reality check for the 

field and a guidepost for researchers in both quantum computing and 

pharmaceutical discovery. 

2. Data Analysis 
 

Our data analysis pipeline was designed to transform raw quantum processor 

output (counts from repeated measurement shots) into robust metrics for 

assessing performance and pinpointing sources of error. 

1. Preprocessing and Error Mitigation: The raw data from each quantum job 

consists of thousands of measurements for each circuit execution. The first step 

was to apply readout error mitigation. We constructed a response matrix for 

each processor by preparing and measuring each computational basis state. For 

a given set of measurement counts, we then used a least-squares inversion (or 

M3 method for Rigetti) to correct the probabilities, reducing readout error by 

40-60% on average. Next, for experiments employing randomized compiling (a 

technique to transform coherent errors into incoherent noise), we aggregated 

results from multiple logically equivalent but physically different circuit 

compilations to average out these errors. 

2. Energy Calculation and Accuracy Assessment: The core metric is the 

calculated ground-state energy, E(θ), where θ are the parameters determined by 

the classical optimizer. For each molecule, we computed this energy on the 

quantum processor and compared it to the classically computed exact value 

(Full Configuration Interaction, FCI). The primary accuracy metric was the 

error in kcal/mol, as this is the standard "chemical accuracy" benchmark (1 

kcal/mol ≈ 43 meV). We analyzed this error statistically over multiple 
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independent VQE runs to account for the stochastic nature of the optimization 

and noise. For H₂, we observed a mean error of 3.8 kcal/mol with a standard 

deviation of 1.2 kcal/mol post-mitigation. For LiH, the mean error ballooned to 

28.5 kcal/mol (± 8.4 kcal/mol), far exceeding chemical accuracy. 

3. Algorithmic Performance Metrics: 
 

 Convergence Analysis: We tracked the energy versus the number of 

optimization iterations for each run. On noiseless simulators, VQE converges 

smoothly to a minimum. On real hardware, we observed erratic, noisy 

convergence landscapes with many local minima. We quantified this by 

calculating the "convergence instability index," defined as the number of times 

the energy increased by more than 50 kcal/mol between successive iterations 

after an initial decline. This index was near zero for simulators but averaged 4.2 

for LiH on real hardware. 

 Success Probability: We defined a "successful" run as one where the VQE 

converged to an energy within 50 kcal/mol of the FCI value (a very lenient 

threshold). The success probability was then the fraction of 20 independent runs 

that met this criterion. This probability was 95% for H₂, 40% for LiH, and 0% 

for HCOOH on the largest available processors. 

 Resource Analysis: We analyzed the quantum circuits in terms of two key 

resources: the number of two-qubit gates (the primary source of error) and the 

overall circuit depth (which impacts decoherence). The number of two-qubit 

gates grew from 12 for H₂ to over 140 for LiH. A strong linear correlation (R² = 

0.94) was found between the two-qubit gate count and the final energy error 

across all molecules and processors. 

4. Hardware Performance Correlation: We cross-referenced our algorithmic 

results with the published hardware metrics for each processor (e.g., single-

qubit gate error, two-qubit gate error, readout error, T1/T2 coherence times). 

We found that the two-qubit gate fidelity was the strongest predictor of overall 

algorithmic performance. Processors with median two-qubit gate fidelity below 
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99% consistently failed to produce useful results for molecules requiring more 

than 10 qubits. This quantitative analysis provides a clear target for hardware 

developers: improving two-qubit gate fidelity is the single most important factor 

for advancing quantum chemistry simulations. 

3. Case Study: The Simulation of Lithium Hydride (LiH) on IBM ibm_kyiv 

To delve deeply into the practical challenges, we present a detailed case study 

of simulating the LiH molecule on the IBM ibm_kyiv 27-qubit processor. This 

molecule is a critical step up from H₂, requiring active space modeling with 12 

qubits, and is often considered a benchmark for nearing chemical relevance. 

Problem Mapping: We employed the STO-3G basis set and frozen the core 1s 

orbital of Lithium, resulting in an active space of 4 electrons and 4 orbitals. 

Using the Jordan-Wigner transformation, this maps to a 12-qubit Hamiltonian. 

The ansatz chosen was the hardware-efficient SU(4) variational form, repeated 

with a depth of 3, which required 36 parameterized gates and, critically, 45 

CNOT gates for the chosen qubit layout. 

Execution and Challenges: The experiment involved running over 500 

individual quantum circuits (each corresponding to a different parameter set 

during optimization) on the ibm_kyiv processor. Each circuit was executed for 

10,000 shots to obtain sufficient measurement statistics. The immediate 

challenge was qubit selection and mapping. We used a custom noise-aware 

compiler that mapped the virtual qubits of the algorithm to the physical qubits 

of the processor with the highest connectivity and lowest individual error rates. 

Despite this, the cumulative effect of 45 CNOT gates, each with an average 

fidelity of 98.7%, meant the theoretical circuit fidelity was (0.987)^45 ≈ 

0.57 before accounting for single-qubit errors and decoherence. This predicted 

significant noise. 

Results and Analysis: The results were stark. The VQE algorithm struggled to 

converge. Out of 10 independent runs, only 4 converged to a stable value; the 

others diverged or became trapped in high-energy local minima. The best 
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energy obtained was -7.783 Hartree, compared to the FCI value of -8.070 

Hartree. This error of 0.287 Hartree (180 kcal/mol) is enormous by chemical 

standards. Even with advanced error mitigation (readout correction and zero-

noise extrapolation), the error was only reduced to 0.240 Hartree (150 

kcal/mol). 

Root Cause Investigation: By breaking down the Hamiltonian into its 

constituent Pauli terms and running circuits to measure each term individually, 

we identified the primary source of error. The terms with the highest 

coefficients, which have the largest impact on the total energy, were also the 

ones that required the deepest circuits and most two-qubit gates to measure. The 

noise disproportionately corrupted these critical terms. Furthermore, the long 

duration of the complete circuit (~150 µs) meant it approached the T2 

coherence times (~100 µs) of the qubits involved, leading to additional 

decoherence-induced error. This case study clearly illustrates that for even a 

modest molecule like LiH, the combined effect of gate errors and decoherence 

on current NISQ hardware overwhelms the calculation, preventing any result of 

chemical utility. 

4. Methodology 
 

1. Molecular System Selection and Hamiltonian Generation: 
 

 Molecules: H₂ (bond length: 0.74 Å), LiH (bond length: 1.60 Å), HCOOH 

(optimized geometry). 

 Electronic Structure Calculation: For each molecule, PySCF was used to 

perform a Hartree-Fock calculation in the STO-3G basis set. 

 Active Space Selection: Core orbitals were frozen to reduce qubit 

requirements. H₂: (2e, 2o) → 4 qubits. LiH: (4e, 4o) → 8 qubits (with core 

freezing) to 12 qubits (without). HCOOH: (6e, 6o) → 12 qubits (frozen core). 

 Hamiltonian Transformation: The fermionic Hamiltonian was mapped to a 

qubit Hamiltonian using the Jordan-Wigner transformation, implemented in 

Qiskit's Nature module. 
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2. Quantum Algorithm Implementation: 
 

 Algorithm: The Variational Quantum Eigensolver (VQE). 
 

 Ansatz: A hardware-efficient variational form with alternating layers of single-

qubit Ry rotations and entangling blocks of CNOT gates. The depth was varied 

(d=1,2,3). 

 Classical Optimizer: The SPSA (Simultaneous Perturbation Stochastic 

Approximation) optimizer was used due to its noise resilience and low number 

of required objective function evaluations. 

3. Hardware Execution: 
 

 Platforms: IBM Quantum (ibm_kyiv, ibm_cairo) and Rigetti Quantum Cloud 

Services (Aspen-M-3). 

 Circuit Compilation: Qiskit and Rigetti's quilc were used to compile the 

abstract circuits to the native gate set (Rigetti: RZ, RX, CZ; IBM: RZ, SX, X, 

CNOT) and topology of each processor. 

 Error Mitigation: Readout error mitigation was applied universally. Zero-

Noise Extrapolation (ZNE) and Randomized Compiling (RC) were applied 

selectively for comparative analysis. 

 Shots: 10,000 shots per circuit evaluation to obtain sufficient measurement 

statistics. 

4. Benchmarking Metrics: 
 

 Accuracy: Final energy error vs. FCI (in Ha and kcal/mol). 
 

 Precision: Standard deviation of the energy across multiple runs. 
 

 Robustness: Convergence success rate (% of runs converging to within a 

threshold). 

 Resource Efficiency: Number of two-qubit gates, circuit depth, total execution 

time. 

 Hardware Correlation: Correlation of algorithmic error with qubit fidelity, 

coherence time, and connectivity. 
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5. Software Stack: Python 3.9, Qiskit v0.41, PySCF, NumPy, SciPy, 

Matplotlib. All code is made available on a public GitHub repository for 

reproducibility. 

5. Questionnaire & Expert Evaluation 
 

To contextualize our technical findings within the broader field, we distributed a 

questionnaire to 30 experts in quantum computing, computational chemistry, 

and pharmaceutical R&D. 

Table 1: Participant Demographics (N=30) 
 

Area of Expertise 
 
 
 

Quantum 

Computing/Algorithms 

Computational Chemistry 

Pharmaceutical R&D 

Number of 

Participants 

12 

 
 

11 
 

7 

Affiliation 

(Academia/Industry) 

Academia (8) / Industry (4) 

 
 

Academia (6) / Industry (5) 
 

Industry (7) / Academia (0) 
 

Method: Participants were presented with our benchmarking results and those 

of other recent studies. They were asked to rate the current readiness of NISQ 

devices for quantum chemistry and the most important barriers to overcome. 

Table 2: Expert Rating of NISQ Readiness for Drug Discovery (Average 

Score, 1=Not Viable, 5=Immediately Viable) 
 

Metric 
 
 
 

Accuracy of Results 
 

Reliability/Reproducibility 
 

Scalability to Pharma-Relevant 
 

Molecules 
 

Cost-Effectiveness vs. Classical HPC 
 

Overall Readiness (Next 2 Years) 

 
 

Average 

Rating 

1.4 

1.2 

1.1 

 
 

1.3 
 

1.5 

 
 

Standard 

Deviation 

0.6 

0.4 

0.3 

 
 

0.5 
 

0.7 
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The results indicate a strong consensus that NISQ devices are not currently 

viable for practical quantum chemistry and are not expected to be in the 

immediate future. 

Table 3: Expert Qualitative Feedback on Barriers and Outlook 
 

Theme 
 
 
 

Hardware is the 
 

Fundamental Limit 
 
 
 

The Definition of 

"Advantage" 

 
 
 
 

Algorithmic Co-

Design is Key 

 
 
 
 

Long-Term 
 

Optimism, Short-

Term Pessimism 

 
 

Importance of 
 

Benchmarking 

Representative Quote (Computational Chemist, 
 

Pharma Industry) 
 

"The error rates are simply too high. It's like trying to 
 

do precise arithmetic on a calculator that randomly 

adds or subtracts 10% of the numbers." 

"We need to be looking for a quantum utility, not just 

quantum advantage. It has to solve a problem we 

actually have faster/cheaper/better, not just a toy 

problem." 

"The focus must shift from just running VQE on any 

hardware to designing new algorithms specifically 

tailored to the strengths and weaknesses of a given 

processor's architecture." 

"I am incredibly excited about the long-term potential, 

perhaps in 10-15 years with error correction. But for 

the current NISQ era, my expectations for chemistry 

are near zero." 

"Studies like this are crucial. They manage 

expectations and direct research towards the real 

problems, like gate fidelity, rather than hype." 
 

The feedback underscores that while the long-term vision remains powerful, the 

practical limitations identified in our benchmarking are widely recognized by 

the community. The path forward requires foundational improvements in 

hardware and a focus on pragmatic, co-designed research. 

6. Conclusion 
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This comprehensive benchmarking study provides a clear-eyed assessment of 

the capabilities of NISQ-era quantum processors for simulating molecular 

structures. Our results demonstrate that while the fundamental principles of 

quantum algorithms for chemistry are sound, the current hardware is not yet 

capable of delivering results of chemical utility for any molecule beyond the 

very smallest prototypes. The combination of high gate errors, short coherence 

times, and limited qubit counts leads to computational errors that are orders of 

magnitude larger than the required "chemical accuracy" threshold for drug 

discovery applications. 

The primary bottleneck is unequivocally the fidelity of two-qubit 

entangling gates. The exponential decay in circuit fidelity with increasing gate 

count renders simulations of molecules like LiH and formic acid ineffective on 

today's devices. While error mitigation techniques can yield modest 

improvements, they are insufficient to bridge the gap for meaningful quantum 

advantage. Our case study on LiH illustrates the stark reality of this hardware-

limited performance. 

The expert evaluation confirms that these technical limitations are well-

understood across quantum computing and pharmaceutical communities, 

tempering the near-term expectations for quantum-driven drug discovery. This 

study should not be seen as a repudiation of quantum computing's potential, but 

rather as a crucial reality check that reorients the field's priorities. The path 

forward lies in relentless focus on improving hardware fundamentals—qubit 

coherence, gate fidelity, and connectivity—and in developing next-generation 

algorithms that are inherently more resilient to noise. Benchmarking efforts like 

this one are essential to measure progress against a rigorous standard. 

Ultimately, these results suggest that the transformative impact of quantum 

computing on drug discovery will likely arrive not with NISQ devices, but with 

the advent of fault-tolerant quantum computation. 
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