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This is the forward-looking node of Module 10. The rest of the module has been about the present — what
VQAs are, how they work, what architecture to deploy. This node asks: where is the field going, and
what will the VQA of 2030 look like?

Any forecast is speculation, but the speculation is more useful than no forecast at all. The course has
covered the theoretical foundations (structure, dynamics, control, expressivity, noise, adaptation); from that
foundation, certain developments are predictable, some are possible, and some are aspirational. This node
organizes the landscape into:

1. Predictable developments — things that are almost certain given current trends.
2. Likely developments — plausible given current research directions.
3. Aspirational developments — desirable outcomes that require open research problems to be solved.
4. Wild cards — possibilities that would change the field if they happen.
5. The thesis’s specific bet — the specific direction the thesis advocates.

The year frame is roughly 2026-2032, the NISQ-to-early-FTQC transition period.

Predictable Developments (2026-2028)
These are essentially certain given current hardware and software trajectories.

Hardware improvements

• Two-qubit gate fidelity will improve from current 99.5%-99.9% to 99.9%-99.99% on the best platforms.
This gives a factor-10 increase in usable VQA depth.

• Qubit count on leading platforms will increase to 5000-10000 by 2028 (IBM roadmap, Google targets).
• Mid-circuit measurement will become standard on all major platforms.
• Native control over connectivity (reconfigurable couplings) will appear on some platforms, reducing

SWAP overhead.

Software improvements

• Mitigation libraries will mature, with standard APIs and automated technique selection.
• Closed-loop VQA frameworks (modulo 10’s architecture) will ship as standard components of major

libraries.
• Hybrid classical-quantum compilers will optimize circuits using hardware calibration data auto-

matically.
• Noise-adaptive ansatz design will be the default for production VQAs.

1



Algorithmic improvements

• Better ansatz families specialized to specific problem classes (chemistry, optimization, ML) will be
developed and standardized.

• More sample-efficient optimizers tailored to noisy quantum landscapes (HOPSO and similar) will
become standard.

• Improved error mitigation methods that combine ZNE, PEC, CDR into hybrid techniques with
lower shot overhead.

These are certain because they are straightforward extensions of current work. They do not require fundamental
breakthroughs.

Likely Developments (2028-2030)
These are probable but contingent on specific research directions working out.

Emergence of quantum advantage for specific problems

By 2030, we expect one clear quantum advantage demonstration for a real-world problem (not a contrived
one). The most likely candidates:

• Chemistry: a large molecule (100+ qubits, 500+ gates) where the VQA ground-state energy is within
chemical accuracy of experimental data and no classical method can match it within the same budget.

• Materials: simulating a strongly-correlated material’s electronic structure (high-T superconductor
candidates, topological materials).

• Optimization: a combinatorial problem where QAOA at large depth outperforms classical heuristics
on a class of instances.

• Machine learning: a quantum kernel that cannot be efficiently classically simulated and enables a
specific learning task.

Any one of these would be a landmark. It’s likely that at least one will be demonstrated by 2030.

Integration of VQA with early fault-tolerance

The first generation of early error-corrected qubits will arrive by 2028-2030, with 10-50 logical qubits.
VQAs will be among the first applications, using small numbers of logical qubits for the most error-sensitive
gates and remaining noisy qubits for the rest.

Architecture. A hybrid logical-physical VQA where critical operations (cost Hamiltonian evaluation, state
preparation) happen on logical qubits and less critical operations (the ansatz body) happen on physical
qubits with mitigation.

Maturation of adaptive architectures

Module 10’s architecture will become standard. Every production VQA will have 3-5 levels of feedback; the
non-adaptive static VQA will become a teaching example, not a deployment pattern.

RL-based meta-optimizers in production

Transfer-learned and meta-learned RL agents will reach production quality, serving as the Level 4 meta-
optimizer for many VQA applications. They’ll replace hand-tuned heuristics for architecture decisions.

Quantum-classical hybrid training datasets

VQAs trained on hybrid datasets — some classical simulation results, some hardware results — will outperform
purely classical or purely hardware-trained VQAs. This is the machine-learning paradigm applied to VQAs,
and it’s already emerging.
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Aspirational Developments (2030+)
These are desirable but require open research problems to be solved first.

A general-purpose VQA compiler

A system that takes a high-level problem specification (a molecule, an optimization instance, an ML task)
and produces a complete closed-loop VQA architecture tailored to the specific hardware available. No expert
in the loop. Equivalent to what GCC is for classical compiling.

Obstacles. Ansatz design is not yet automatable for arbitrary problems. Architecture selection requires
expert judgment.

A unified VQA theory for non-depolarizing noise

Current theory (barren plateaus, mitigation bounds, convergence rates) is mostly built on depolarizing noise.
Extending to amplitude damping, crosstalk, non-Markovian noise in a unified framework is an open research
problem.

Obstacles. The mathematical tractability of depolarizing is the reason it’s the workhorse; other noise types
are genuinely harder.

VQA beyond the NISQ era

As fault-tolerance improves, the question “do VQAs still matter?” becomes live. If you have 1000 logical
qubits, do you use Shor’s algorithm or a VQE? If you have 100 logical qubits, do you use phase estimation or
a VQE?

The answer depends on whether VQAs can maintain approximate optimality that is valuable even when
exact methods are available. For some problems, yes; for others, no.

Formal verification of closed-loop VQAs

Proving that a 5-level closed-loop VQA converges to the correct answer with bounded time and error. This
requires extending Robbins-Monro-style analysis to hierarchical adaptive systems.

Obstacles. Hierarchical control theory doesn’t yet give the bounds we’d want. This is an open mathematical
problem.

VQA for non-Hamiltonian targets

VQAs currently target ground states of Hamiltonians. Can they target arbitrary variational problems — e.g.,
shortest-path, optimal transport, PDE solutions — with quantum advantage? Some early work exists; scaling
is open.

Wild Cards
Developments that might happen and would fundamentally reshape the field.

New ansatz families that bypass the expressivity-trainability tradeoff

Module 8’s Pareto frontier assumes the current ansatz design paradigm. A new class of ansätze (e.g., based
on topological structure or symmetry groups) might evade the tradeoff entirely.
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Probability: low but non-zero. The Pareto frontier is a theorem for current families; a new family could
change the theorem’s assumptions.

Dequantization of a major VQA

Someone shows that the problems VQAs solve (chemistry, optimization, ML) can also be solved classically
with comparable complexity. This would eliminate much of the motivation for VQA research.

Probability: low for chemistry and optimization; moderate for ML (where classical methods are strong).

A fundamental new algorithm

A non-VQA quantum algorithm that solves variational problems much better. Possibilities: improved phase
estimation, quantum signal processing for eigenstates, quantum gradient estimation with better sample
complexity.

Probability: moderate. Quantum signal processing is already reshaping the field.

Hardware breakthroughs

A qubit platform with orders-of-magnitude better fidelity (e.g., topological qubits, photonic networks with
better loss rates, nuclear spin qubits with better coherence). Would directly expand the VQA depth budget.

Probability: moderate. Topological qubits have been “imminent” for a decade; photonic networks are
making real progress; nuclear spins are a serious contender.

Integration with ML foundation models

A VQA trained jointly with a classical neural network foundation model, where each component benefits
from the other. Not yet demonstrated but architecturally plausible.

Probability: moderate. This is already being explored in early work.

The Thesis’s Specific Bet
The thesis makes a specific prediction about where the field should go:

Claim. The right architectural framework for NISQ-era VQAs is a closed-loop control system, with the
separation of objective and dynamics as its core abstraction. The optimizer (dynamics) and the cost
function (objective) should be independently designed and composed. HOPSO is one instantiation of this
principle; others are possible.

Corollaries:

1. The control-theoretic view is the right mental model. Thinking of VQAs as controllers (Module
7) clarifies architectural choices that are ad-hoc in the ML view.

2. Adaptive architectures are required, not optional. Static VQAs waste the hardware.

3. Regularization and dynamical modification (thesis-specific) are important tools that the rest of
the VQA literature under-uses.

4. Mitigation belongs in the objective generator, not in the optimizer dynamics. The separation
makes mitigation swappable.

5. The long-term question is whether the adaptive architecture framework will survive
fault-tolerance. The thesis claims it will — closed-loop control is useful even with fault-tolerant gates,
because hardware drift, resource limits, and algorithmic adaptation all remain relevant.
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The prediction. By 2030, the closed-loop/control-theoretic view will be the standard framing for VQA
research. Papers will describe VQAs in control-theoretic language (plant, controller, feedback) as naturally as
they currently describe them in ML language (loss, gradient, optimizer). HOPSO or its descendants will be
the production optimizer for several classes of problems.

The bet. The thesis is specifically betting against the “VQAs are just ML” framing and for the “VQAs
are adaptive controllers” framing. Both framings lead to functional algorithms; the difference is in the
architectural questions each framing highlights.

What This Course Prepares You For
If you’ve worked through the course to this point, you should be prepared to:

1. Read and critically evaluate the VQA literature, understanding both the technical content and
the implicit architectural assumptions.

2. Design a VQA for a specific problem, choosing ansatz, optimizer, mitigation, and adaptive
architecture appropriate to the hardware.

3. Debug a failing VQA, using the taxonomy of noise (9.8) and the closed-loop architecture (10.5) to
diagnose which level is broken.

4. Contribute original research in any of the five layers of the architecture — new ansatz families,
new optimizers, new mitigation techniques, new meta-optimizers, new hardware monitors.

5. See connections across fields — quantum information, machine learning, control theory, numerical
analysis, statistical physics — and import techniques from one to another.

The goal of this course is not to make you a VQA expert in every technique — that’s years of work. It’s to
give you the structural map: what’s known, what’s open, what the field is built on, and where the frontiers
are. From this map, you can navigate.

Structural Role
This node is the forward-looking closing of Module 10 and, implicitly, of the entire VQA course. It
organizes the future of the field into predictable, likely, aspirational, and wild-card categories, states the
thesis’s specific bet, and summarizes what the course has prepared the reader for.

It is the node to return to when planning research directions or evaluating whether to work on a specific
problem.

Relations to Other Concepts
• Preskill (2018) — Quantum computing in the NISQ era and beyond, the defining NISQ-era essay.
• Cerezo et al. (2021) — Variational quantum algorithms, the canonical VQA review.
• Bharti et al. (2022) — Noisy intermediate-scale quantum algorithms, later review.
• Gambetta et al. (2023) — IBM’s fault-tolerance roadmap.
• Google’s 2029 error correction demo — the first large-scale logical qubit.
• Module 7 (Control-theoretic view) — the framing the thesis advocates.
• Module 10.5 (Closing the loop) — the deployment architecture.
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Worked Example — The 2030 VQE
Year: 2030.

Hardware: a superconducting device with 1000 physical qubits, 50 logical qubits (early error correction),
two-qubit gate fidelity 99.95%, coherence time 500 µs.

Problem: ground state of a 40-electron correlated organic molecule.

Architecture:

Level 1 (gate). Circuit uses 30 logical qubits for the ansatz body and 10 ancilla logical qubits for mid-circuit
symmetry checks and error correction. Physical qubits provide additional redundancy.

Level 2 (optimizer). HOPSO-2030 (a descendant of the current HOPSO with improved variance control).
20 particles, 1000 iterations.

Level 3 (estimator). Shot budget 100,000 per cost evaluation. Automated mitigation selection per circuit.
Hybrid PEC/ZNE.

Level 4 (meta-optimizer). Trained RL agent handles ansatz growth and optimizer hyperparameter control.
Has been trained on a library of 10,000 similar molecules.

Level 5 (hardware monitor). Continuous calibration monitoring with automatic re-routing. Logical qubit
allocation adjusted as physical qubits drift.

Runtime. 12 hours. Converges to ground state with 0.1 mHa accuracy (below chemical accuracy).

Compared to 2026. In 2026, a 40-electron molecule was out of reach for VQA — the circuit would be
too noisy. In 2030, it’s a routine production problem. The improvement comes from: (1) hardware fidelity
improvement (5x in 4 years), (2) early error correction (10-20x effective depth for critical operations), (3)
mature closed-loop architecture (2-3x improvement), (4) better optimizers and mitigation (1.5-2x).

Total improvement: ~100x usable problem size. Consistent with the NISQ-to-early-FTQC transition.

Visualization
Pending. A timeline 2026-2032 showing: hardware improvements (gate fidelity, qubit count), algorithmic
improvements (adaptive architectures, mitigation maturity), problem sizes reached (chemistry, optimization,
ML). Each curve with uncertainty bands. Caption: “Where VQAs are going.”

Exercises
1. For each of the five “predictable developments” above, identify a specific 2026 paper or project that

points toward the development. Is the development more likely in 2 years or 4?
2. The thesis’s bet is on closed-loop control as the dominant framing. Identify three arguments against

this bet, and explain why they do or do not undermine the thesis.
3. (Open-ended) Imagine a specific problem you care about. What would the 2030 VQA architecture for

this problem look like? Write a one-page proposal.

Research Extensions
• Specific benchmark problems that target the 2030 capability — concrete instances of chem-

istry/optimization problems that current methods can’t solve but 2030 methods should be able to.
• New ansatz families — topological, symmetry-adapted, hardware-co-designed.
• Hybrid logical-physical VQAs — specific architectures for the early-FTQC transition.
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• Formal theory of adaptive VQAs — convergence and stability analysis.
• Integration with ML foundation models — hybrid quantum-classical systems at scale.

Cross-links to Other Courses
• All of VQA course — this is the synthesis chapter.
• Quantum Error Correction — the long-term companion.
• Classical ML — the paradigm that inspires much VQA research.
• Control Engineering — the paradigm the thesis advocates for.
• Module 10.7 (HOPSO as controller) — the thesis’s specific instantiation.
• Module 10.8 (Measurement-optimizer co-design) — the most forward-looking direction.

Variational Quantum Algorithms · Module 10 — Vqa As Adaptive Control Systems · Node 10.6
Concepts: parameterized-circuits, quantum-noise, computational-complexity
Prerequisites: 10.5

hbar.university — own.your.cognition
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