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Executive Summary
This paper explores the convergence of quantum technology (QT) and artificial intelligence (AI), 
highlighting the opportunities, challenges, risks, and policy implications for governments, industry, 
and academia. The analysis is structured into three main sections: areas of convergence between 
the two fields, challenges and opportunities, and policy considerations. The three principal areas of 
AI and QT convergence identified:

While the integration of AI and QT presents substantial opportunities, it also comes with challenges 
and risks. Technical hurdles include the need for more advanced quantum devices and the difficulty 
of integrating AI with quantum systems. Additionally, there are concerns about the interoperability 
of different quantum platforms and the lack of expertise with knowledge in both fields. There are 
also economic risks tied to the high cost of quantum research and experiments. Ethical and security 
issues arise from the use of AI-enhanced quantum devices in sensitive areas like cybersecurity and 
surveillance. Regulators might also struggle to implement robust oversight mechanisms. 
To fully realize the potential of AI and QT convergence, the paper recommends avenues of policy 
interventions:

1.	 AI Enhancing QT: AI techniques are used to improve various aspects of quantum technology. 
This includes analyzing quantum data, fine-tuning quantum devices, and optimizing quantum 
processes. AI also plays a crucial role in developing quantum algorithms and improving the 
reliability of quantum systems.

2.	 QT Enhancing AI: Quantum technology could offer significant benefits for AI and help with 
bottlenecks, including through quantum machine learning (QML), as well as through quantum 
sensors and networks.

3.	 Hybrid Applications: Integrating quantum capabilities with AI can lead to innovative solutions 
across various industries, in healthcare with drug discovery and medical imaging for instance, 
and in high-performance computing where quantum processors can work alongside classical 
systems to tackle complex problems more efficiently. 

1.	 Strengthening research funding and incentivizing collaboration: Funding joint AI-QT research 
projects would encourage collaboration between academia and industry. While establishing 
international partnerships, streamlining immigration processes for experts, and investing in 
domestic training programs.

2.	 Improving access to quantum hardware for AI researchers: Create open-access labs and sup-
port cloud-based quantum computing to allow AI researchers to experiment with quantum 
technology.

3.	 Promoting responsible communication: Encourage balanced and realistic expectations about 
the capabilities and timelines of QT and AI to mitigate the risks of hype.
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4.	 Funding long-term research: Establish patient capital funding for high-risk, high-reward re-
search projects with longer grant cycles.

5.	 Developing security standards: Create standards for quantum-AI systems to ensure security 
and safeguard against future threats.

6.	 Facilitate knowledge exchange: Foster multi-stakeholder dialogue through open forums, 
workshops, and conferences.

7.	 Encourage international cooperation on strategy and safety: Promote responsible technology 
transfer and transparent and strategic research collaborations globally. Develop foresight ca-
pabilities. 

Introduction
Although quantum technology (QT) is still nascent, its development is increasingly intertwined 
with AI, with each field offering novel methods and tools to potentially accelerate the development 
of the other and facilitate breakthroughs. Several industry labs and research groups already use 
AI-enhanced techniques to design and develop quantum devices and software. Conversely, it is 
widely acknowledged that quantum devices could, once sufficiently advanced and scalable, signi-
ficantly accelerate the development and deployment of AI models – early experimental results and 
proofs of concept already support this claim. And while technical progress on QT and AI continues 
steadily, the policy discourse has not kept up.  As a result, Canada, as well as other countries with 
lively QT and AI ecosystems, are potentially missing the opportunity to foster and guardrail the res-
ponsible and beneficial development of integrated AI and quantum solutions. Forecasting the most 
promising applications at the intersection of QT and AI accurately, given current trends and the 
inherent uncertainty of QT, is challenging. However, delineating the current areas of convergence 
can offer valuable insight. Such an overview might be particularly useful for policymakers, industry 
leaders, and academic researchers as they endeavour to anticipate and prepare for the future. 

In this paper, we present a structured analysis of the convergence of AI and QT to investigate broa-
der policy implications and opportunities for governments, industry, and academia to act proac-
tively. We begin by identifying primary technical domains of interaction, each instantiated through 
specific examples and case studies. Next, we explore the challenges, risks, and opportunities linked 
to these areas of intersection. Finally, we present broad policy considerations relevant to different 
stakeholders within the ecosystem, including at the level of provincial and federal governments, 
academia, and industry. To keep the conciseness of this policy brief, additional context and defini-
tions are available in the short appendix that follows.
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AI for QT

Technical convergence of AI 
and QT
Broadly, the intersection of QT and AI may be categorised into three principal areas, each at varying 
levels of advancement. While most of these areas are well-established and supported by a robust 
body of experimental and theoretical work, some remain still in the initial phases. Nevertheless, 
even the more early-stage areas are part of significant research trends in Canada and worldwide. 

Within the broad landscape of “AI for Science”, AI for physics has emerged as a particularly vibrant 
area of research. AI techniques are popular in particle physics, astrophysics, astronomy, condensed 
matter physics, nuclear physics, and biophysics1. More recently, AI’s utility has become evident in 
the development of QT, at various levels of the stack, and within different areas of the field2. 
A significant application is interpreting quantum measurement data, in which Machine Learning 
(ML) models assist in the reconstruction of states from experimental outcomes 3,4. In the context 
of quantum metrology, AI and ML techniques are often employed to enhance high-sensitivity and 
high-precision external parameter estimation. AI is also used in analysis of the quantum sensor data 
once it has been collected 5,6. As quantum devices increase in size, their Hamiltonian - an equation 
that describes their behaviour - becomes correspondingly more complex. Learning Hamiltonians 
through intelligent measurement strategies in order to calibrate the device is another essential 
application 7–9. Manually tuning quantum hardware is fundamentally limited because it is difficult 
to efficiently navigate the exponentially complex, noise-sensitive, and interdependent parameter 
space inherent to quantum systems. ML and Reinforcement Learning (RL) techniques have been 
explored to enable adaptive and autonomous experimental design and control, for instance for 
calibration and qubit readout 10–12. In many-body physics, one of the most fundamental challenges is 
to discern and classify different phases of matter, a task that has historically relied on identifying or-

AI  
for  
QT

QQ  
for
AI

AI  
+ 

QT
Applications
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der parameters and mapping phase diagrams through meticulous experimentation and theoretical 
analysis. In recent literature, both supervised and unsupervised learning algorithms have been de-
ployed to classify configurations, such as those arising from the Ising model, by learning discrimina-
tive features that distinguish, for instance, thermal states below and above a critical temperature13,14. 
In addition to phase classification, neural networks are used as a memory-efficient approximation 
of quantum systems and quantum states, even as they evolve in time 15,16. AI enhanced optimization 
techniques are also handy for qubit placement, routing, and similar firmware and circuit level de-
sign17. RL and Deep Learning (DL) are employed for quantum circuit synthesis and circuit optimisa-
tion to reduce gate depth and improve circuit fidelity 18,19. Higher up the stack, researchers working 
on quantum algorithms use AI techniques in the design and discovery of quantum algorithms20 
and quantum network protocols21. A whole host of AI algorithms, including evolutionary algorithms, 
reinforcement learning, generative algorithms, and more, have been used within the domain of 
Quantum Error Correction (QEC). The box below goes into further detail.

Deep dive: AI for quantum error correction

Quantum technology is currently in the Noisy Intermediate-Scale Quantum (NISQ) 
era, characterized by quantum processors with tens to a few hundred qubits that are 
not yet fault-tolerant22. In this era, quantum systems are still highly susceptible to 
decoherence, control errors, and environmental noise, making scalable, commercial-
ly viable quantum computing an ongoing challenge. To bridge this gap, fault-tolerant 
quantum computing is essential, and a leading strategy to achieve this is through 
Quantum Error Correction (QEC).

QEC aims to protect fragile quantum information by encoding logical qubits into 
multiple physical qubits, introducing redundancy that enables the detection and 
correction of errors. This encoding is defined by a Quantum Error-Correcting Code 
(QECC), and the quality of such a code is determined by parameters like code dis-
tance and code rate. Constructing good QECCs, those with high distance and rate, 
remains a central challenge, especially since optimal codes are highly dependent on 
the physical modality of qubits.

For example, for superconducting qubits, the most widely used error-correcting 
architecture is the surface code, which arranges qubits on a 2D lattice. In recent 
advancements, researchers have leveraged RL agents to deform the lattice or alter 
stabilizer weights dynamically, enabling the discovery of customized surface code 
variants that adapt better to physical constraints and noise in the hardware12,23,24​.



8

Beyond these, autoencoders, evolutionary algorithms, recurrent neural networks 
(RNNs) have also been explored for code search24–26.

Once states are encoded using a chosen QECC, computation proceeds, and errors 
are detected via syndrome measurements. The next critical step is decoding—inter-
preting syndrome patterns to infer the most likely errors and determine appropriate 
corrections. However, decoding is computationally expensive, especially for large-
scale systems or topological codes like the surface code. Moreover, it must be per-
formed in real-time, within the coherence time of the qubits, to prevent error accu-
mulation.

To this end, DL methods, particularly Convolutional Neural Networks and Graph 
Neural Networks, have been extensively used for fast and accurate decoding. No-
tably, both Google’s Quantum AI team and IBM have reported using ML-based 
decoders in experimental quantum error correction benchmarks, such as in their im-
plementations of the surface code and demonstrations of error suppression scaling 
24,27,28​.
However, a critical challenge moving forward is the deployment of these neural 
decoders on real-time hardware. Even classical decoding algorithms like mini-
mum-weight perfect matching strain under the demands of low-latency feedback 
in large qubit arrays. Neural decoders must meet these real-time constraints while 
maintaining robustness and adaptability to fluctuating noise.

An ultimate goal might be fully automated quantum error correction, where AI 
agents can start from scratch, learn the noise landscape adaptively, and autono-
mously design and deploy QEC strategies. In such a system, neural networks would 
not only decode but also co-design error models, suggest code parameters, and 
tune hardware configurations29. AI could, in principle, design its own QECCs tailored 
to the evolving quantum environment, leading to systems that can scale to thou-
sands of qubits or simulate many-body quantum systems with millions of degrees of 
freedom, without hard-coded assumptions2.
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QT for AI
Despite the remarkable progress in recent years, AI has its share 
of substantial obstacles that limit its broader deployment and 
development. While several classical methodologies are being 
looked at to overcome these bottlenecks, there is a growing  
interest in the exploration of quantum and quantum-inspired 
solutions.

The most obvious category within QT for AI is the advancing field 
of Quantum Machine Learning (QML), which is defined broadly as 
an interdisciplinary field that combines principles of quantum in-
formation science with ML techniques to develop algorithms and 
models30. Different QML algorithms promise different benefits 
that might ultimately translate into improved scalability, efficiency, 
and sustainability for AI applications.

Classical AI already benefits from quantum-inspired algorithms 
like tensor networks, which can be used to perform linear algebra 
tasks in sublinear time as long as practically, we can ensure that 
we have low rank, low condition number, and very large dimension 
of the input matrix. Using tensor network decompositions imparts 
additional structure to the learning model, which can help with 
interpretability 31,32. There are other interesting quantum-inspired 
methods that are relevant to AI, including but not limited to the 
application of causal inference33 and dequantizing algorithms 
to AI34. A novel approach to interpretability in classical AI that is 
being explored is via category theory, where one uses composi-
tional structure to define and analyse AI models 35. QML models, 
often represented in the language of quantum circuits, naturally 
adhere to a compositional structure and might also benefit from 
these methods in category theory. Since QML is still in its early 
stages, there is a growing emphasis on designing models with 
interpretability integrated from the get-go36,37. Early implementa-
tions in quantum natural language processing on ion-trap devices 
for question answering tasks illustrate how these ideas are begin-
ning to materialize in practice38. 
Beyond quantum computing, other aspects of QT, including 
quantum sensing and quantum networks, offer further advantages 
that could complement and support AI. High precision quantum 
sensors can achieve unprecedented sensitivity and finer spatial 
and temporal resolution, which might be used to obtain richer 
datasets. High-fidelity sensing dramatically reduces noise and en-
hances the quality of data, which can then be used by AI systems 
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Recent studies in QML reveal both promi-
sing pathways and fundamental challenges. 
Classical ML models can often match the 
performance of quantum models on ave-
rage-case prediction tasks, yet when strict 
worst-case accuracy is demanded, quantum 
models demonstrate exponential advan-
tages45. Practically, quantum advantage 
might be most viable when data is limited 
or noisy. One line of research demonstrates 
both theoretically and experimentally that 
quantum algorithms can learn physical 
dynamics and perform principal component 
analysis on noisy data with exponentially 
fewer experiments than classical methods46. 
Furthermore, there is evidence that quan-
tum techniques can yield exponential be-
nefits on computationally expensive tasks 
like dimensionality reduction when dealing 
with high-dimensional, highly correlated 
data. Similarly, experimental demonstration 
on a superconducting quantum processor 
shows that  using a quantum circuit to create 
a high-dimensional feature map improves 
classification performance in a supervised 
learning algorithm47. 

Indeed, much of modern AI is built on linear 
algebra operations. Matrix multiplications, 
vector transformations, and solving systems 
of linear equations form the computatio-
nal backbone of neural networks, principal 
component analysis, support vector ma-
chines, and many other machine learning 
algorithms. Certain quantum algorithms can 
potentially deliver exponential speed-ups 
for linear algebra subroutines at the core of 

Deep dive: Quantum Machine 
Learning

as more accurate and detailed inputs 
for tasks such as diagnostic imaging and 
disease detection39. Quantum networks 
may lead to secure and high-fidelity 
data transfer pathways, paving the way 
for robust, wide-scale AI deployments 
that maintain data integrity and security. 
Quantum federated learning40,41 and blind 
quantum computing42,43, both enabled 
by large-scale quantum networks, might 
potentially enable distributed computing 
which allows distant quantum devices to 
implement subroutines of the same pro-
gram in a manner that can be inherently 
secure; multiple parties might be able 
to train a shared AI model using remote 
quantum servers without having to reveal 
their private data 44. 

Although most of these contributions 
rely on scalable, fault-tolerant quantum 
computing, communication, and sensing, 
existing research and the recent trend of 
rapid breakthroughs indicate that quan-
tum technology will play an increasingly 
important role in improving AI capabili-
ties.
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several AI models30,48. The HHL algorithm, for instance, solves linear systems of equations in 
time logarithmic in the matrix dimension, a dramatic improvement over the polynomial run-
time of classical approaches49. This reduction in runtime might translate directly into lower 
energy consumption per computation, resulting in more sustainable, efficient computation. 
Additional studies have reinforced this sustainability perspective by demonstrating that 
quantum sampling techniques can achieve quadratic speedups in tasks common to proba-
bilistic modeling and machine learning workflows. These speedups reduce the number of 
samples needed for accurate statistical estimations and thereby decrease the energy foot-
print of data processing50. 

One of the biggest applications of quantum computing is optimization. In the context of 
AI training, optimization tasks like minimizing loss functions in deep neural networks could 
benefit from quantum optimization methods if their underlying structure (for example, in the 
gradient or Hessian matrices) meets a stringent criteria51. There is also work that demons-
trates  using a quantum annealer to sample from the Boltzmann distribution of a restricted 
Boltzmann machine to obtain gradient estimates that are then used in the training process 
of a deep neural network52. 

However, the potential benefits of QML and quantum optimization are limited due to signifi-
cant hardware and algorithmic challenges.  Quadratic speedups are insufficient for practical 
applications unless they are accompanied by further enhancements to overcome constant 
overheads including input/output bottlenecks and limitations in qubit connectivity. It is 
argued that quantum computers are likely to be most practical for big compute problems 
on small data sets, rather than for tackling large-scale, big data challenges where classical 
systems already perform efficiently53. 

Moreover, the performance of near-term quantum devices, which are typically characte-
rized as noisy intermediate-scale quantum (NISQ) systems, poses additional limitations. 
Current quantum processors suffer from noise and a limited number of qubits, restricting 
both the circuit depth and fidelity of quantum operations22. To address these issues, hybrid 
quantum-classical variational quantum algorithms (VQAs) have emerged as a promising 
approach. These algorithms iteratively combine parametric quantum circuits and classical 
optimization to solve a problem. Recent work has focused on developing error mitigation 
techniques and hybrid quantum-classical frameworks to enhance the viability of VQAs on 
noisy hardware54.



12

Quantum + AI Applications
From finance to healthcare, AI has contributed immensely to advancing several industries. Integra-
ting quantum capabilities can potentially improve these existing solutions, and even create space 
for new opportunities that were previously infeasible due to classical limits.

Commercial QT + AI solutions are likely to come to life within the HPC ecosystem, where quan-
tum processing units (QPUs) are integrated into existing heterogeneous HPC systems as an ad-
ditional accelerator, not unlike the current GPUs55,56. In this “quantum-centric supercomputing” 
architecture, large-scale classical clusters orchestrate all non-quantum-critical tasks such as circuit 
compilation, error mitigation, and data pre/post-processing, while noisy QPUs execute only the 
hardest subroutines. Recent demonstrations coupling a 6,400-node classical supercomputer with 
a 77-qubit superconducting processor have tackled electronic-structure problems in N₂ dissocia-
tion and iron–sulfur clusters at scales previously unattainable by exact classical diagonalization, 
demonstrating how distributed classical computing combined with imperfect quantum hardware 
can deliver practical quantum advantage in chemistry57. To fully exploit this model, however, new 
scheduling tools must be developed to optimally distribute subroutines between QPUs and classi-
cal resources58. 

AI + QT applications, 
initially integrated within HPC environments
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Originally envisioned by Feynman, one of the core motivations for quantum computing, 
independent of AI, has been its ability to efficiently simulate quantum systems like mole-
cules. As quantum systems grow in size, the amount of information needed to describe 
them explodes, quickly overwhelming classical computers59. In contrast, analog quantum 
computers can already outperform classical algorithms on certain tasks in materials science, 
life sciences, quantum chemistry, and high energy physics. Hybrid digital-analog quantum 
simulators offer programmable quantum gates atop analog interactions to broaden expe-
rimental scope without waiting for fully fault-tolerant hardware60. In the life sciences, these 
strengths make molecular simulation and discovery an ideal first application of quantum 
technology.   
Combining these quantum approaches with AI can enable accelerated breakthroughs. 
Researchers are actively exploring QT + AI solutions to accelerate breakthroughs in pharma-
ceuticals and medicine, for instance via hybrid quantum + AI algorithms for drug discovery, 
simulation of protein-ligand binding, simulation of protein folding, and more. A recent study 
introduced a hybrid quantum-classical generative model trained on a 16-qubit IBM quantum 
computer to create new inhibitors for the KRAS oncogene​. The team generated 15 candi-
date molecules and experimentally confirmed two hits with micromolar binding affinity to 
KRAS. This marks the first time a quantum-generated drug candidate was validated in the 
lab, demonstrating quantum computing’s practical potential in medicinal chemistry61.  

QT + AI in life sciences is no longer simply a theoretical proposition, but is also attracting 
significant investment from the industry, for instance:  
•	 Novo Holdings, the controlling shareholder of the pharmaceutical giant Novo Nordisk, 

having promised large investments into quantum start-ups in 2024, finalised its first di-
rect investment in Sparrow Quantum62,63.  

•	 IBM installed the first quantum computer dedicated to healthcare research at Cleveland 
Clinic in 2023, and their partnership has published initial studies applying hybrid quan-
tum-classical algorithms to predict protein-ligand binding energies and protein folding64. 

•	 In 2023, IBM and Moderna launched a collaboration to apply quantum computing and 
generative AI to mRNA vaccine and therapy design. They demonstrated that using 
quantum hardware, they were able to make accurate predictions of minimum free ener-
gy (MFE) structures that matched the results of a classical solver, motivating continued 
research in this direction65.  

•	 Boehringer Ingelheim and Google Quantum AI examined the resources needed to simu-
late a large enzyme (cytochrome P450) on quantum hardware, even with cutting-edge 
algorithms, the estimated runtime was over three days66.  

•	 By encoding drug design as a constraint-satisfaction problem and mapping it onto a 
quantum annealer, PolarisQB, in collaboration with DWave, is attempting to accelerate 
lead discovery67​. 

Deep dive: Molecular simulation and discovery
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•	 Startups like Qubit Pharmaceuticals similarly integrate quantum computing into HPC 
pipelines for molecular modeling. Qubit Pharmaceuticals partnered with the PINQ² plat-
form to access an IBM Quantum System One68. 

•	 ProteinQure69 and Menten AI70 are exploring quantum algorithms for protein and pep-
tide design. 

•	 Aqemia uses quantum-inspired physics models and AI to rapidly generate drug candi-
dates, and has partnered with pharma companies like Sanofi on pilot studies71. 

•	 QuEra teamed with Quantum Intelligence Corp to integrate its neutral-atom quantum 
computer into an AI drug discovery platform (QUEST) for predicting drug safety and 
efficacy72​. 

Challenges, risks, and opportunities
In the previous sections, we have demonstrated how QT and AI interface with each other.  While 
each field poses unique technical and strategic challenges on its own, their integration brings a new 
set of opportunities and compounded risk that warrant careful consideration. This section briefly 
recaps the transformative opportunities, and further outlines the core challenges and risks that 
arise from the integration of AI and QT. First, we briefly outline the opportunities, and then discuss 
the structural and systemic challenges to further integrate AI-QT, viably. In the final subsection, we 
delve deeper into the risks that must be mitigated to enable successful AI-QT technologies. 

Opportunities
If we are able to work towards overcoming the challenges and mitigating the risks described in the 
sections that follow, the opportunities at the intersection of AI and QT are substantial. Early proof-
of-concept successes already provide grounds for optimism. The application of AI to quantum 
technology could accelerate the development of scalable, fault-tolerant quantum hardware, with 
AI-driven simulations significantly reducing the costs and timelines of experimental iterations invol-
ved in quantum device control and parameter optimization and, as highlighted in the deep-dive, by 
speeding up QEC breakthroughs. Conversely, leveraging QT has the potential to overcome fun-
damental limitations in current AI, potentially allowing greater energy efficiency and sustainability, 
vastly enhanced computational power, and the ability to scale AI models beyond current classical 
constraints. Additionally, quantum-enhanced AI may enable more secure computation through 
quantum cryptographic techniques, as well as foster trustworthy and transparent AI systems, parti-
cularly critical in high-stakes domains such as finance and healthcare. Collectively, these advance-
ments open numerous promising avenues across a variety of sectors, especially those highlighted 
previously.



Challenges
The main challenges identified at the intersection of QT and AI can be categorized in four  distinct 
categories:   
•	 Challenges inherited from each respective field:

→ Many AI models are black boxes, which makes it difficult to adapt these algorithms for 
tasks within the quantum domain, from designing quantum experiments to controlling quan-
tum devices.
→ The full potential of QT for AI is currently hindered by the lack of scalable, fault tolerant 
quantum devices that could accelerate AI algorithms.

•	 Case-specific challenges tied to the differences in qubit modalities:
→ For example, superconducting and semiconductor qubits, which rely on large dilution 
refrigerators and stringent cryogenic environments, pose very different challenges compared 
to neutral atom or ion-trap qubits, which have different operational requirements. 

•	 Challenges stemming from the lack of interoperability: 
→ While certain industry players like Pasqal and IBM, and technical consortiums like IEEE 
have begun working on standards, the heterogeneity of QT platforms complicates efforts to 
create universal standards and effective cross-platform solutions73,74. 
→ The lack of robust benchmarking standards for quantum slows things down further - al-
though recent progress has been made in the area of benchmarking. 

•	 Challenges tied to the lack of interdisciplinarity, silos and the transfer of technology:  
→ The intersection of AI and QT demands experts with an interdisciplinary skill set that 
is unfortunately in short supply. Universities often lack integrated programs, and industry 
competition for such talent is fierce but unmet. Without institutional support for interdisci-
plinarity, valuable insights may not transfer readily. This includes providing universities and 
startups access to quantum hardware infrastructure to experiment with AI algorithms. Cloud 
quantum services help, but are limited by queue times and internet latency.
→ Ensuring fair and equitable access to quantum hardware also poses a challenge. For exa-
mple, potential export controls or consolidated ownership of QT may  impede technology 
integration and the broader development of QT + AI expertise.
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Risks
The above challenges give rise to a range of compounded risks with significant technical, econo-
mic, ethical, and geopolitical implications. For instance, black-box AI models, when applied to auto-
mate the control and tuning of quantum devices, risk making unpredictable and costly errors. From 
an economic perspective, such mistakes can waste expensive experimental time,  require expertise 
to troubleshoot, and can be prohibitively costly given the onerous nature of building and operating 
quantum hardware with cryogenic refrigerators and/or vacuum systems components. The excite-
ment surrounding QT + AI often attracts short-term investment toward flashy projects that promise 
rapid breakthroughs; however, when these projects underdeliver, investor pullback could trigger 
a quantum winter, where funding dries up for foundational research that requires patient capital. 
Additionally, QT + AI in sensitive domains, like finance, may amplify the risks already posed by un-
supervised AI systems such as exploiting market dynamics in ways that lead to sudden crashes or 
rapid market fluctuations potentially destabilizing financial systems75.
Black-box AI models also raise ethical and national security concerns when they’re applied to 
enhance quantum devices for tasks such as breaking existing cybersecurity and cryptography 
systems (by implementing Shor’s algorithm) or surveillance (using quantum sensors). Quantum 
sensors in particular are actively being explored for military use76, and their integration with auto-
nomous AI could create scenarios where decision-making becomes ambiguous and significantly 
amplify  concerns about responsibility and oversight already present  with respect to Lethal Auto-
nomous Weapons (LAWs). 
Another risk lies in the challenge of verifying results produced by combined AI-quantum systems, 
especially since there is a possibility that quantum systems might inherit and even amplify the 
biases present in classical AI. This not only poses ethical concerns such as perpetuating discrimi-
nation, but also practical risks, like in the case of drug discovery. Traditional validation methods 
like lab experiments must be employed to verify molecules designed by quantum-AI approaches, 
yet there remains a significant risk that the outputs could be wrong. The substantial investment 
required to test and validate these outputs could result in wasted resources if the proposed break-
throughs are artifacts rather than genuine innovations in drug design.  
Regulatory uncertainty compounds these risks further. As the integration of AI and QT creates 
novel products and processes that defy existing classification, regulatory bodies may struggle to 
devise appropriate oversight frameworks. This can result in delays in deployment, legal ambigui-
ties, and even potential safety hazards if standards are not clearly defined and enforced. Similar is 
the case of IP; current patent law is still grappling with the challenges of AI inventorship, and when 
an QT + AI system produces a nonobvious innovation, legal frameworks may be ill-equipped to 
determine rightful ownership.
And lastly, the potential for winner-takes-all dynamics with quantum, and to a lesser extent AI, is 
already high. Their combined use might consolidate power in the hands of a few large corporations 
or nations, which can exacerbate the digital divide and economic inequalities, and also tip geopo-
litical balance. Countries with advanced quantum-AI systems might dictate global standards and 
exert disproportionate influence on international affairs. And conversely, reliance on foreign quan-
tum hardware or technology transfer agreements could expose countries to vulnerabilities if global 
political climates shift. Pushing for democratic access, both internationally and nationally, is not 
straightforward yet critical.  
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Policy considerations
Realizing the full potential of the convergence requires thoughtful policy interventions to foster 
collaboration, mitigate risks, and sustain long-term innovation. Below are key policy considerations 
and recommendations to support the responsible and effective integration of QT and AI.

1.	 Strengthening Research Funding and Collaboration 

a. Leveraging Existing Research Initiatives   
As an extension to the steps taken to support the development of AI, the Canadian government 
could initiate initiatives such as an NSERC grant for AIxQT and a  CIFAR Chair for QT and AI. 
These programs should be expanded to encourage interdisciplinary research, ensuring that AI 
researchers actively engage with quantum advancements. Policymakers should:  

→ Increase funding allocations for joint AI-QT research projects.  
→ Encourage academia-industry partnerships to translate theoretical breakthroughs into 
practical applications. 
→ Convene multi-stakeholder task forces for priority areas (health, energy, finance) to iden-
tify how QT + AI can address them and what risks to mitigate. 

b. Talent Attraction and Retention  
A critical challenge in QT and AI is the global competition for top talent. To maintain Canada’s 
leadership, the government should:   

→ Establish bilateral agreements with foreign research institutions and universities with strong 
QT programs to facilitate researcher exchanges and joint appointments.  
→ Enhance immigration pathways for quantum and AI experts, including fast-tracked visas 
and permanent residency options for highly skilled professionals.  
→ Invest in domestic training programs, including specialized graduate degrees and indus-
try-focused upskilling initiatives in QT and AI.

2.	 Bridging the Ecosystem: Access to Quantum Hardware for AI Researchers
Many AI researchers, particularly those in DL and RL, lack hands-on experience with quantum 
hardware. Facilitating access to experiment on real hardware under subsidized, low-risk condi-
tions lowers the barrier to entry allows for hands-on experience without massive upfront invest-
ment. To achieve this, , policymakers should: 

→ Incentivize private sector investment in open-access quantum labs where AI researchers 
can experiment with quantum processors.  
→ Fund public-private partnerships to establish exploratory Quantum-AI sandboxes and 
test-beds that serve a broader tech audience, including AI specialists who may not have tra-
ditional quantum physics backgrounds.  
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→ Support cloud-based quantum computing access through subsidies or partnerships with 
quantum hardware providers (e.g., IBM Quantum, Google Quantum AI).

3.	 Responsible Communication and Hype Mitigation
The current discourse around quantum technology often overstates near-term capabilities, 
leading to unrealistic expectations. To maintain credibility and prevent reputational risks, policy-
makers should:   

→ Encourage balanced messaging in government-funded programs, emphasizing both the 
opportunities and the technical challenges of QT + AI.  
→ Support science communication initiatives that provide accurate, accessible information 
about QT timelines and limitations.  
→ Avoid overpromising commercial applications in policy documents and funding announ-
cements, instead focusing on foundational research and incremental progress.
 

4.	 Long-term or Patient Capital for High-Risk, High-Reward Research
Many technical challenges in QT—such as error correction, qubit stability, and scalable architec-
tures—require long-term investment. Governments should:   

→ Establish dedicated funding streams for high-risk quantum-AI research, with longer grant 
cycles (e.g., 5-10 years) to allow for meaningful progress.  
→ Create public-private de-risking funds to support early-stage quantum-AI startups, redu-
cing barriers to commercialization.  
→ Encourage venture capital and institutional investors to adopt a long-term perspective on 
quantum-AI ventures, possibly through tax incentives or matching investment schemes.
 

5.	 Developing Security Standards for Quantum-AI Systems
As QT + AI advances, it will have profound implications for cybersecurity. Policymakers should: 

→ Support the development of the world’s first DevSecOps standards that harnesses 
post-quantum cryptography for QT + AI, ensuring that security is embedded in quantum-AI 
systems from inception.  
→ Fund research into post-quantum cryptographic methods to safeguard AI models against 
future quantum attacks.  
→ Establish a cross-disciplinary, multi-stakeholder task force (including government, in-
dustry, and academia) to assess emerging threats and recommend mitigation strategies in 
advance of these threats materializing.
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6.	 Facilitating Knowledge Exchange Between AI and QT Communities 
A major barrier to progress is the siloed nature of QT and AI research. To improve interdisciplina-
ry awareness, policymakers should:    

→ Create or endorse an open public forum where AI and QT researchers, industry leaders, 
and policymakers can discuss advancements, challenges, and societal implications.  
→ Develop a centralized directory or mechanism (e.g., a government-hosted portal) that 
tracks key developments in QT relevant to AI researchers, and vice versa.  
→ Sponsor interdisciplinary workshops and conferences to foster collaboration and idea   
exchange.

7.	 Knowledge Safety, Strategic Technology Management, and International Coo-
peration
Given the strategic significance of AI and QT, responsible knowledge dissemination and interna-
tional cooperation are crucial. Policymakers should consider to:   

→ Integrate research safety considerations into quantum-AI development guidelines, ensu-
ring sensitive technologies do not inadvertently exacerbate geopolitical tensions or security 
threats.
→ Pursue international agreements and multilateral initiatives, especially in highly promising 
areas, that promote responsible technology transfer, transparent research collaborations, and 
equitable access to quantum-AI advancements.
→ Develop strategic foresight capabilities to anticipate future risks, including export controls 
and technology sovereignty.
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Appendix
Definitions: 

Quantum advantage 101

Artificial Intelligence: Artificial intelligence is a broad umbrella term that encompasses all cate-
gories of data-driven learning techniques, including machine learning, deep learning, reinforce-
ment learning, evolutionary and genetic algorithms, self‑supervised, semi‑supervised, transfer, 
and meta‑learning techniques.
Quantum technology: Quantum technology refers to a broad class of hardware and software 
that harness uniquely quantum phenomena like superposition, entanglement, and interference. 
Quantum technology is typically categorized as quantum computing, quantum sensing, and 
quantum networks. 

To understand quantum advantage, we first briefly define complexity classes, which group pro-
blems based on the time it takes a computer to solve them

→ P : Problems that can be solved quickly (in polynomial time) by classical computers.
→ NP : Problems for which a solution can be quickly verified by a classical computer, even if 
finding the solution may be hard.
→ BQP (Bounded-error Quantum Polynomial time): problems that can be efficiently solved 
by a quantum computer with high probability of correctness.

Quantum information processing allows for advantage in two distinct ways: 
1.	 Solving entirely new classes of problems: BQP may contain problems that neither P nor NP 

can solve efficiently. One example is the correlation problem, which involves finding correla-
tions between a function and its Fourier transform. It’s provably solvable by quantum com-
puters using oracle constructions, but believed to be intractable classically.

2.	 Speed-ups: Many problems in NP are believed to require exponential time to solve classi-
cally. Quantum information processing can sometimes reduce this time complexity. There 
are different kinds of speed-ups depending possible -  

a.	 Exponential (Certain molecular simulation problems)
b.	 Super-polynomial (Shor’s algorithm)
c.	 Polynomial (Grover’s algorithm)
d.	 Heuristic (Advantage is not known, but expected in optimisation, hybrid variational 

algorithms)
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