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To make Quantum AI accessible and actionable for 
AI professionals and help empower them to 

understand the value of quantum and hybrid 
approaches as the field continues to progress

1. The Quantum AI Technology Readiness Levels (QAITRLs) framework, adapting 
TRLs in aerospace and defense to the challenges of Quantum AI. QAITRLs is a 
comprehensive  maturity index enabling practitioners to situate any given quantum 
advantage claim along a transparent, evidence-based spectrum.

2. A parallel glossary between quantum and classical machine learning concepts, 
emphasizing that QAI is best understood as a continuum with, rather than a 
replacement for, modern machine learning.

Bluesky

QAITRLs are defined along three axes that reflect the core concerns of an AI 
practitioner:

Complexity-Theoretic Foundation (A1): Is there a well-defined quantum algorithm 
or architecture that targets a specific AI workload (e.g., kernel evaluation, 
combinatorial optimization, feature extraction), grounded in formal asymptotic 
analysis or complexity-class separations (BPP vs. BQP)? This axis evaluates whether 
potential quantum advantage has rigorous theoretical justification.

Physical Realization & Hardware Fidelity (A2): Has the method been instantiated 
on realistic hardware, explicitly addressing constraints of the NISQ era? This 
includes finite qubit counts, connectivity constraints, gate error rates, decoherence 
times, and measurement noise. This axis ensures physical feasibility.

Statistical Validity & Benchmarking (A3): Has the method been rigorously 
evaluated using objective metrics (accuracy, geometric difference, TEI, BPI) and 
compared to state-of-the-art classical baselines (SVMs, deep networks, specialized 
solvers) on realistic datasets with transparent reporting? This axis ensures empirical 
validation with reproducible metrics.

The Quantum–Classical Parallel Glossary

Practitioner Decision Framework

Step 1: Is your workload classically hard? If your problem is solved well by existing classical methods (neural nets, gradient boosting, specialized solvers) with reasonable 
computational budget, stop here. Quantum approaches are unlikely to help in the near term.
Step 2: What is the data source? If data is natively quantum (molecular properties, quantum state tomography, materials simulation), proceed to Step 3a. If data is classical, 
proceed to Step 3b.
Step 3a (Quantum-native data): You are in the most favorable regime. Consider quantum simulation approaches (QAITRL 5–6 maturity). Investigate whether hybrid 
classical-quantum pipelines like Robledo-Moreno et al. [102 ] apply to your domain.
Step 3b (Classical data): Is your dataset small enough (roughly ≤1,000 samples, ≤20 features) to fit on current NISQ hardware without major dimensionality reduction? If yes, 
proceed to Step 4. If no, quantum approaches are likely premature for your workload, given current hardware.
Step 4: Problem structure. Does your problem reduce to a sparse QUBO/Ising formulation? Consider quantum annealing (QAITRL 5 maturity, but classical solvers are 
competitive) or emerging methods incorporating measurement induced phase transitions into QNN-like architectures (QAITRL 3-4, but may efficiently capture complexity 
impossible for classical methods). Does your problem involve kernel evaluation where classical kernels fail? Consider QSVT and quantum kernels (QAITRL 4–5). Otherwise, 
consider promising VQC/QNN approaches (QAITRL 3–4) with the understanding that these are exploratory research investments, not production-ready tools, and be particularly 
leery of dequantization.
Step 5: Timeline and risk tolerance. If you need production-ready results within 1–2 years, classical methods are likely most appropriate. If you are investing in 3–5 year 
research capabilities and can absorb the risk of a quantum approach not panning out, targeted prototyping is reasonable and may return tangible benefits over time.


