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oo Executive summary

Every few months a headline promises that quantum computers will shatter the cost of training
artificial intelligence. The intuition is seductive — quantum machines explore many states at once, Al
training is expensive, so surely one solves the other. This paper is a reality check, and then a map.

The reality: quantum computing cannot accelerate the training of large language models today, and
the most rigorous analyses put meaningful impact “a decade or two” away — into the 2040s on the
pessimistic end, with the core matrix-multiplication workloads pushed past 2050. Three hard walls
stand in the way, and we name them plainly. Pretending otherwise is how credibility dies.

The map: a real, dated path nonetheless exists. The mathematics invented for quantum physics is already
compressing and speeding up today's models on ordinary GPUs — no quantum computer required. And
the hardware roadmaps now carry named processors and specific years, from IBM's Loon in 2025 to Blue
Jay and its 2,000+ error-corrected qubits in 2033.

+ The hype is wrong about timing. An estimated ~10' aggregate hardware handicap, the unsolved
data-loading problem, and dequantization push practical quantum LLM training well past the 2030s.

« But quantum-inspired methods already pay off — on classical hardware. Tensor-network
compression (paired with quantization) shrank a 7-billion-parameter model's memory by ~93% and
halved its post-compression recovery-retrain.

« The roadmap is concrete. Fault-tolerant milestones now have names and dates through 2033+.

« The winning posture is optionality. Don't wait for fault-tolerance and don't dismiss it. Borrow the
ideas that work now; build so you can plug in the hardware when it arrives.

o1 The intuition — and why it's so seductive

Ask a smart non-specialist why quantum computing should help Al, and you'll get a version of this: a qubit
can be in a superposition of 0 and 1; n qubits represent 2" states simultaneously; training a neural network
is a brute-force search over an astronomically large space of parameters; therefore a quantum computer
should search that space exponentially faster.

It's a clean story. It's also wrong in a specific, instructive way. Superposition does not give you 2" answers
you can simply read out. Measuring a quantum system collapses it to a single result; extracting useful
information requires carefully engineered interference that amplifies right answers and cancels wrong
ones. Only a handful of problems are known to admit that structure, and “train a transformer on ten trillion
tokens” is not yet one of them.



o2 What training a large model actually demands

Strip away the mystique and training a large language model is three computational workloads at
enormous scale:

1. Dense matrix multiplication. The forward/backward passes and attention are, at bottom, multiplying
large matrices billions of times. This dominates the cost.

2. High-dimensional optimization. Gradient descent nudges billions — soon trillions — of parameters
down an error surface, over and over.

3. Massive classical data movement. Trillions of tokens stream off disks, through memory, into the
processors. The data is irreducibly classical.

For quantum to “accelerate LLM training,” it must beat highly optimized classical hardware on at least one
of these at production scale. That last phrase is where most optimistic claims quietly fall apart.



03 The three walls

This is the section a skeptical expert will read first. These are not minor hurdles; they are why the field's
most careful voices counsel patience.

Wall 1 — The ~1013 aggregate handicap

The 2025 survey Quantum Deep Learning Still Needs a Quantum Leap estimates an aggregate handicap
on the order of 10 — not a single clock-speed ratio, but a composite: roughly ~102 in raw gate speed
versus a classical floating-point operation, x~102 in quantum-error-correction overhead, x~108 in the
classical accelerator's parallelism-per-dollar. [3]

This composite is the quiet killer of most quantum-Al optimism. Quantum matrix-multiplication routines
offer at best a sub-quadratic edge over naive classical multiplication — and a far smaller one against fast
classical algorithms like Strassen (~O(N”2.8)) or Coppersmith-Winograd-style methods (~O(N/2.37)). The
survey finds the break-even problem size for a square-root advantage exceeds ~102%; for dense matrix
multiplication, break-even is pushed past 2050. [3]

Wall 2 — Getting classical data into a quantum computer

Most quantum ML algorithms assume Quantum Random Access Memory (QRAM) to encode classical
data into quantum states. QRAM at the required scale and fidelity does not exist, and may never be
practical — the survey concludes building fault-tolerant QRAM “may be on par with building a fault-
tolerant quantum computer, or infeasible.” [3] For language models, whose entire input is classical text,
the on-ramp is the bottleneck, not the engine.

Wall 3 — Dequantization: when the advantage evaporates

A “quantum advantage” is only meaningful relative to what a classical algorithm can do. A 2025 result
shows a class of supervised quantum models — quantum neural networks and quantum-kernel
architectures for regression and classification — can, under stated conditions, be approximated classically
using random Fourier features. [2] Compounding this, many parameterized quantum circuits suffer from
barren plateaus, where the training gradient vanishes exponentially as the system scales. [6]

Dequantization results are case-by-case, not a blanket verdict — but the discipline keeps the field honest.
For the supervised-learning models studied, and for end-to-end LLM training in particular, no
demonstrated, dequantization-proof advantage exists today.

The verdict of the careful. Synthesizing across these obstacles, the most rigorous current survey

concludes that meaningful quantum impact on deep learning is “a decade or two” away — into the

2040s on the pessimistic end, with core matrix workloads past 2050 — absent breakthroughs in

hardware speed, QRAM, or entirely new algorithms. [3] It is the foundation, not the ceiling, of the
vision that follows.




0« What's already real: quantum-inspired methods

You do not need a quantum computer to benefit from quantum mathematics. The physics of entanglement
gave rise to tensor networks: a way to represent systems with astronomically many states using only the
correlations that matter — and that language describes the redundancy inside a neural network well. It
runs on the GPU you already own.

The clearest demonstration is CompactifAl (Roman Orus's group, Multiverse Computing), peer-reviewed
in the ESANN 2025 proceedings. It is a compression method applied to an already-trained model,
decomposing attention and feed-forward weight matrices into Matrix Product Operators. On LLaMA-2
7B: [4]

o ~70% fewer parameters (from the tensor-network decomposition itself)
o ~93% smaller memory footprint — achieved by combining the decomposition with quantization
o ~50% faster recovery retraining — the brief, sub-epoch “healing” pass after compression

o ~25% faster inference, with only a 2—3% accuracy drop

A crucial caveat, because it is exactly where this is usually oversold: these methods do not
make the expensive pretraining of a large model cheaper. They compress a finished model —
shrinking memory, parameter count, and inference cost, with only a short retrain to recover
accuracy. The headline is that the toolkit developed for quantum physics is, today, on ordinary
GPUs, making finished models dramatically cheaper to deploy and fine-tune.

A second near-term frontier: quantum methods are most plausibly advantaged on quantum-native data —
chemistry, materials, sensing — rather than classical text and images. [2]



os The milestone map

A vision is only credible if it is dated. The fault-tolerant era now carries named processors and specific
years: [5]

YEAR MILESTONE WHAT IT ESTABLISHES
Dec 2024 Google Willow “Below threshold” error correction — a logical qubit whose error rate falls as the
code grows
2025 IBM Loon Architectural elements for efficient gLDPC error-correcting codes
2026 IBM First fault-tolerant module — logic and memory integrated
Kookaburra
2027 IBM Cockatoo Entanglement between modules — distributed quantum computation
2028-29 IBM Starling ~200 logical qubits running 100M+ operations
2033+ IBM Blue Jay 2,000+ logical qubits at billion-gate scale

Two enabling facts make this more than a wish-list. Google's Willow result crossed a genuine “below
threshold” milestone — error correction that gets better as you scale. And IBM's shift to quantum low-
density parity-check (QLDPC) codes promises roughly an order-of-magnitude reduction — IBM cites up to
90% — in physical qubits per logical qubit. [5]

The framing that makes this a roadmap and not a fantasy: read each milestone in two columns —
what quantum capability it unlocks against what classical compute will almost certainly be doing by the
same year. Through the 2020s, the right-hand column wins decisively. The interesting question is the
2030s. The honest gap between the two columns is the roadmap.

o6 Where the narrow speedups land first

When quantum begins to contribute to ML, it arrives as targeted subroutines inserted into an otherwise
classical pipeline, in roughly this order of plausibility:

» Quantum-native scientific data. The most plausible near-term path — learning from chemistry,
materials, sensing experiments where the data is born quantum and never has to be loaded in.
Sidesteps the data wall entirely. [2]

« Specialized linear algebra with small outputs. Problems where you extract a tiny answer from a
huge computation, so measurement cost doesn't dominate. [1][3]

« Combinatorial optimization (the weakest bet). The survey is bearish: Grover-style speedups need
implausibly large instances (>102°) and degrade under noisy objectives. [3]

None of these is full-model training. All are realistic insertion points where a fault-tolerant machine could
earn its place beside the GPU cluster, rather than replacing it.



o7 The Advance Labs position

If quantum LLM training is a 2040s prospect, what should a forward-looking Al organization do in 20267
Our stance is optionality — refuse both the hype and the dismissal.

1. Harvest the quantum-inspired wins now. Tensor-network compression is real, peer-reviewed, and
runs on existing hardware. [4]

2. Architect for insertion, not replacement. The future is hybrid: classical pipelines with quantum
subroutines at a few well-chosen points.

3. Track the milestones, not the headlines. A logical-qubit count is a better forecasting instrument than
a press release.

4. Be the honest voice. In a field drowning in overclaims, the organization that can say precisely what
works, what doesn't, and when earns the trust that wins the serious work.

Advance Labs builds Al systems for organizations that need judgment as much as code — the ability to
tell a real frontier from a marketed one. We verified this thesis against our own 6-qubit benchmark (see
quantum.advancelabs.dev), and we intend to keep mapping the road as the hardware catches up to
the dream.



os Methodology & references

This paper synthesizes peer-reviewed publications, primary hardware roadmaps, and the most rigorous
available skeptical surveys, deliberately weighted toward sources that argue against easy optimism. Every

quantitative claim was checked against its primary source; a draft was handed to two adversarial

reviewers (a quantum-physics lens and an ML lens) whose only job was to find overclaims. Fourteen

findings were applied before release.
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