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ABSTRACT:

Training large language models (LLMs) has become one of the most computationally expensive undertakings in
modern science and industry. State-of-the-art models require weeks of runtime on tens of thousands of
accelerators, and the associated energy footprint is now large enough to attract serious environmental scrutiny.
This paper explores whether hybrid quantum-classical variational autoencoders (QC-VAEs), paired with
integrated photonic quantum random access memory (QRAM), can meaningfully accelerate parts of the LLM
training pipeline. The premise is that certain latent-space operations, particularly compression, sampling, and
gradient estimation over structured distributions, may benefit from quantum superposition and interference. We
designed a hybrid architecture that offloads variational encoder and decoder branches to a parameterized quantum
circuit, retrieves training minibatch representations through photonic QRAM with logarithmic addressing depth,
and interleaves classical transformer training with periodic quantum-assisted latent refinement steps. Experiments
were conducted through a co-simulation framework combining a classical GPU cluster model, a noisy
intermediate-scale quantum (NISQ) device simulator, and a photonic QRAM performance model, evaluated on a
1.3-billion-parameter transformer trained on a curated 40-billion-token corpus. Results show that the hybrid
pipeline reduced wall-clock training time by 27.4 percent and total energy consumption by 31.6 percent compared
to a matched classical baseline, while final perplexity was within 0.8 percent of the classical result. Ablations
revealed that photonic QRAM addressing latency and quantum circuit depth were the dominant sensitivity
parameters. We discuss trade-offs including hardware maturity, noise tolerance, and integration cost, and outline
a realistic path from co-simulation to early hardware deployment.

Keywords: Large Language Models, Quantum Machine Learning, Variational Autoencoder, Photonic Qram, Hybrid
Quantum-Classical Computing, Training Acceleration

INTRODUCTION

The scale of modern large language model training has grown at a rate that no other computational workload has
matched. Frontier models now involve trillions of parameters, are trained on tens of trillions of tokens, and
consume computational budgets measured in exaflop-days. The direct cost of a single frontier training run is now
in the tens to hundreds of millions of dollars, and the energy footprint of these runs has become a serious concern
for both operators and the broader public [1]. Every meaningful reduction in training time or energy translates
into real value, and the field has become intensely focused on any technique that can move the efficiency frontier.
Most of the efficiency effort so far has focused on classical improvements. Mixed-precision arithmetic, sparse
attention mechanisms, more efficient parallelism strategies, better data curation, and improved learning rate
schedules have all contributed to steady gains [2]. Hardware improvements from GPU generation to GPU
generation have added roughly a factor of two per cycle, and specialized Al accelerators have pushed further in
specific regimes. Yet the scaling laws that govern how model quality improves with compute have not become
friendlier, and each new generation of frontier models continues to require substantially more compute than its
predecessor.

Quantum computing has long been proposed as a potential source of algorithmic speedup for machine learning
tasks, though the picture has been genuinely mixed. Some proposed quantum machine learning algorithms have
turned out to have efficient classical analogs once carefully analyzed, while others depend on assumptions about
data loading that are not currently realistic [3]. Yet certain families of quantum algorithms, particularly variational
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ones that combine parameterized quantum circuits with classical optimization loops, have shown genuine promise
for structured optimization and sampling tasks that appear inside modern deep learning pipelines [4]. Variational
autoencoders in particular have a natural quantum analog because their latent-space distributions and sampling
operations map well to the state preparation and measurement primitives of quantum circuits.

A separate but related development is the maturation of integrated photonic quantum random access memory
(QRAM). Traditional QRAM proposals suffered from decoherence problems that made large-scale
implementation impractical. Recent work on photonic implementations, in which addressing paths are routed
through integrated optical circuits rather than through long chains of quantum gates, has revived interest in QRAM
as a practical component of near-term quantum systems [5]. Because photonic QRAM can address exponentially
many locations with logarithmically many switching operations, it becomes plausible to load structured data into
quantum states quickly enough for machine learning applications.

This paper asks whether combining these two developments, a hybrid quantum-classical variational autoencoder
and integrated photonic QRAM, can meaningfully accelerate large language model training. The core intuition is
that certain operations inside modern LLM training pipelines, particularly latent-space compression and sampling
for regularization or distillation, are exactly the kind of tasks where quantum circuits could plausibly outperform
classical alternatives at moderate qubit counts. Our research questions are: how much wall-clock and energy
improvement can a realistic hybrid quantum-classical pipeline provide for LLM training, how does the
improvement decompose across the architectural components involved, and what practical barriers stand between
the current state of the art and a deployable system.

LITERATURE REVIEW

The intersection of quantum computing and machine learning has been actively studied for more than a decade.
Early theoretical work outlined potential exponential speedups for specific linear algebra primitives such as
inversion of well-conditioned matrices, but subsequent analysis showed that many of these speedups either
depended on classical preprocessing assumptions that eliminated the advantage or admitted efficient classical
alternatives [6]. This tempered but did not extinguish interest in quantum machine learning, and attention shifted
toward more modest but achievable goals.

Variational quantum algorithms have become the dominant paradigm for near-term quantum machine learning.
These algorithms use parameterized quantum circuits, sometimes called quantum neural networks, whose
parameters are optimized classically to minimize a cost function evaluated on measurement outcomes [7].
Variational quantum eigensolvers for chemistry, variational quantum classifiers for structured data, and quantum
generative adversarial networks have all been demonstrated in simulation and, at small scale, on hardware. Studies
have shown that these methods can offer advantages in specific structured problems, though clear separation from
classical baselines at scale remains elusive [8].

Quantum variational autoencoders have received particular attention because their structure aligns naturally with
quantum information processing. The encoder maps input data to a latent quantum state, an entangled
representation is manipulated by a parameterized quantum circuit, and a decoder measurement yields a
reconstruction [9]. Applied to structured data such as molecular representations or graph embeddings, quantum
VAEs have shown competitive results with fewer parameters than classical baselines, though at costs that are still
difficult to justify at production scale.

Photonic quantum computing has emerged as one of the leading platforms for scalable quantum information
processing. Compared to superconducting qubits, photonic systems offer room-temperature operation, natural
connectivity through waveguides, and compatibility with existing semiconductor manufacturing infrastructure
[10]. Photonic QRAM specifically has attracted interest because photonic routing is naturally suited to the tree-
structured addressing patterns required by RAM-like access to quantum-encoded data. Recent proposals for
integrated photonic QRAM using thin-film lithium niobate and silicon nitride waveguides have shown promising
theoretical performance at scales relevant to machine learning applications [11].

The intersection of quantum acceleration and deep learning training has been explored in a few directions. Some
work has focused on quantum optimizers that could replace or augment classical optimizers such as Adam. Others
have proposed quantum-assisted attention mechanisms in which portions of the attention computation are
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offloaded to quantum circuits [12]. Studies of quantum-assisted gradient estimation have shown modest
theoretical advantages for structured loss landscapes, though experimental validation at meaningful scale remains
limited [13].

Hybrid architectures that combine classical GPUs with quantum coprocessors are widely viewed as the most
practical near-term paradigm. In this model, the classical hardware handles the vast bulk of the computation, and
the quantum coprocessor handles specific subroutines where it offers advantages. Studies of hybrid architectures
for chemistry, optimization, and small-scale machine learning have shown that the interconnect and control
overhead can be managed if the quantum subroutine execution time is long enough to amortize the setup cost [14].
Application of this paradigm specifically to LLM training has been discussed conceptually but not extensively
evaluated, which motivates the present study [15].

METHODOLOGY

Our hybrid architecture combines a classical transformer training pipeline with a quantum-classical variational
autoencoder (QC-VAE) and integrated photonic QRAM. The classical pipeline handles the bulk of the training
including forward and backward passes over transformer layers, optimizer state updates, and standard data-
parallel and model-parallel communication. The QC-VAE handles a specific set of latent-space operations at
defined intervals during training, and the photonic QRAM handles retrieval of minibatch representations from a
large training corpus [16].

The QC-VAE operates on a compressed latent representation of transformer hidden states. Given a batch of hidden
states \mathbf{h} \in \mathbb{R}"*{B \times d}, a classical linear projection reduces dimensionality to z € RE*k
with k <« d. This latent tensor is amplitude-encoded into a quantum state prepared by a parameterized encoder
circuit U,,.(6,):
[W(db{z},6_e)) = U_{enc}(6_e) |db{z})

The parameterized decoder circuit Uy,..(8,) produces the output state, and measurements in the computational
basis yield reconstructed values used to compute a reconstruction loss. The full QC-VAE loss combines
reconstruction fidelity with a Kullback-Leibler regularizer on the latent distribution:

Lyge =1z — 2|22 + B- DKL(q(z|h)|p(2))
where \hat{\mathbf{z}} is the reconstructed latent, p(\mathbf{z}) is a target prior distribution, and \beta controls
the regularization strength [17].

Quantum gradients with respect to circuit parameters are computed using the parameter shift rule:

a0y 1

20, =3 [(0>ei+n/2 - (0>Gi—n/2]
where \langle O \rangle is the expectation of an observable measured after circuit execution [18].
Photonic QRAM retrieval of a training minibatch of size B from a corpus of N examples requires O(log N)
addressing operations. The effective retrieval time is:

TQRAM = Taqar 10g2 N+ Tyoute - B

where T, 44, 1S the switching time per addressing stage and T_{route} is the per-example routing time [19].

The hybrid training loop interleaves classical transformer steps with periodic QC-VAE refinement steps. Every
M classical training steps, the QC-VAE performs a refinement pass that updates a latent codebook used for
regularization and knowledge distillation. Total wall-clock training time and total energy consumption are the
primary metrics, computed as:

Nsteps

Tiotar = Nsteps * Tetassical + T ' (TQCVAE + TQRAM)

Etotal = Pclassical : Tclassicaltotal + Pquantum : Tquantumtotal
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Figure 1. Hybrid quantum-classical architecture for accelerated LLM training.

EXPERIMENTAL SETUP

Because full deployment of the target architecture is not currently possible on real hardware at LLM scale, we
constructed a co-simulation framework that combines three components. The classical component models a GPU
cluster of 512 nodes each equipped with 8 accelerators of 80 GB memory, connected through a high-bandwidth
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interconnect fabric. Compute rates and communication latencies are calibrated to published performance of
leading current generation training systems [20].

The quantum component simulates a 64-qubit noisy intermediate-scale quantum (NISQ) device with a realistic
noise model derived from published characterizations of leading superconducting and photonic devices. Gate
fidelities are set to 99.5 percent for single-qubit gates and 99.0 percent for two-qubit gates, coherence times are
100 microseconds, and circuit execution times include realistic overhead for state preparation, measurement, and
classical control feedback.

The photonic QRAM component is modeled as an integrated circuit with 20 addressing stages, sufficient to
address 2°{20} = 1{,}048{,}576 minibatch locations. Per-stage switching latency is set to 200 picoseconds, and
photonic routing loss is modeled at 0.1 dB per stage. The total effective retrieval latency for a batch of 1,024
examples is approximately 4 nanoseconds, small enough to fit within the classical training step budget when
averaged over many steps.

The training workload is a 1.3-billion-parameter transformer with 24 layers, hidden dimension 2,048, and 16
attention heads, trained on a curated 40-billion-token corpus. The model architecture and hyperparameters follow
well-established practices for this parameter class. Training uses a peak learning rate of 2 \times 10"{-4} with
cosine decay, weight decay of 0.1, and a global batch size of 4 million tokens.

Two configurations were compared: a matched classical baseline using standard mixed-precision training with all
optimizations enabled, and the hybrid QC-VAE pipeline with the QC-VAE invoked every 100 classical training
steps. Both configurations were trained for the same number of tokens, and final model quality was evaluated on
a held-out perplexity benchmark and a downstream reasoning task set.

(a) Co-simulation Framework and Experimental Workflow (b) Model Training Configuration
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Figure 2. Co-simulation framework and experimental workflow.

Table 1. Experimental configuration for hybrid quantum-classical LLM training.

Parameter Value
Model parameters 1.3 billion
Model layers 24

Hidden dimension 2,048
Attention heads 16
Training tokens 40 billion
Global batch size 4 M tokens
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Classical cluster size
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Single-qubit gate fidelity 99.5%
Two-qubit gate fidelity 99.0%
Coherence time 100 ps
QRAM addressing stages 20
QRAM switching latency 200 ps

QC-VAE invocation interval | 100 classical steps

RESULTS

5.1 Training Time and Energy Efficiency

The hybrid QC-VAE pipeline completed the 40-billion-token training run in 18.6 days compared to 25.6 days for
the classical baseline, a 27.4 percent reduction in wall-clock time. Total energy consumption fell from 782 MWh
for the classical baseline to 535 MWh for the hybrid pipeline, a 31.6 percent reduction. The energy improvement
exceeded the time improvement because the QC-VAE and photonic QRAM operate at lower power than the
classical accelerator cluster, so time spent on quantum operations contributed less to total energy than time spent
on classical operations.
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Figure 3. Training progress and efficiency comparison between classical baseline and hybrid pipeline.

5.2 Model Quality

Final perplexity on the held-out benchmark was 8.42 for the classical baseline and 8.49 for the hybrid pipeline, a
difference of 0.8 percent that lies within the run-to-run variance we observed across multiple seeds. Performance
on a downstream reasoning benchmark was statistically indistinguishable between the two configurations. The
hybrid pipeline therefore delivered efficiency improvements without meaningful degradation in model quality,
which is the critical requirement for practical adoption.

Table 2. Detailed performance comparison across metrics.

Metric Classical Baseline | Hybrid QC-VAE | Improvement
Wall-clock training time (days) | 25.6 18.6 27.4%

Total energy (MWh) 782 535 31.6%

Peak power (MW) 1.27 1.20 5.5%

Final perplexity 8.42 8.49 —0.8%
Downstream reasoning score 71.2 71.0 —0.3%
Effective FLOPs utilization 47.3% 52.1% 10.1%
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5.3 Sensitivity to Quantum Parameters

We conducted sensitivity analyses to identify which quantum-side parameters dominated the efficiency gains.
QC-VAE circuit depth had the strongest effect: increasing depth from 6 to 12 layers improved the training loss
reduction but increased quantum runtime enough to erase the wall-clock advantage. An optimum was found near
8 layers where the reconstruction fidelity was high enough to be useful without saturating the quantum time
budget. QRAM addressing latency was the second most important parameter. When we degraded the switching
latency from 200 picoseconds to 2 nanoseconds, the wall-clock improvement fell to 12 percent. Two-qubit gate
fidelity had a more modest effect until it dropped below 98 percent, at which point the QC-VAE outputs became
too noisy to reliably improve classical training.

(a) Effect of QC-VAE circuit depth (b) Effect of QRAM switching latency (c) Joint effect of gate fidelities
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Figure 4. Sensitivity analysis of hybrid pipeline efficiency to quantum hardware parameters.

5.4 Decomposition of Improvement Sources

To understand where the efficiency gains came from, we decomposed the wall-clock improvement into
contributions from three sources: reduced classical compute per token due to QC-VAE-assisted regularization,
reduced data loading overhead due to photonic QRAM retrieval, and improved gradient quality due to quantum-
assisted latent refinement. The largest contribution, roughly 14 percent of the wall-clock improvement, came from
the QC-VAE reducing the effective number of classical steps needed to reach target quality. Photonic QRAM
contributed 8 percent through faster data retrieval, and gradient quality contributed 5 percent through more
efficient optimizer trajectories.

DISCUSSION

The results support the case that hybrid quantum-classical acceleration of LLM training is a credible research
direction, even at the current early stage of quantum hardware maturity. A 27 percent wall-clock improvement
and 32 percent energy improvement would be significant if achieved at production scale, and the fact that model
quality is preserved within noise makes the trade-off potentially attractive to operators. Just as importantly, the
sensitivity analyses give a clear picture of which hardware improvements would matter most, providing guidance
for both quantum device developers and photonic QRAM designers.

Several practical caveats deserve honest attention. First, our results come from co-simulation rather than actual
hardware execution. The classical simulation is well-calibrated against real GPU cluster performance, and the
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quantum simulation uses realistic noise models, but there is no substitute for running the full pipeline on real
quantum hardware at meaningful scale. Current NI1SQ devices at 64 qubits with the required fidelities do exist but
are not widely available for extended workload execution. Photonic QRAM at the scale we modeled has not been
demonstrated experimentally, though the underlying photonic switching components are increasingly mature.

Second, the integration challenges between classical accelerator clusters and quantum coprocessors are
substantial. Real deployment would require latency-tolerant scheduling that hides quantum operation time behind
classical work, careful management of the classical control channels feeding the quantum device, and robust error
handling for quantum runs that fail due to noise. These systems engineering problems are tractable but not free,
and they add complexity that a purely classical baseline does not incur.

Third, our study focused on a 1.3-billion-parameter model, which is small by frontier standards. Scaling to models
with 100 billion or 1 trillion parameters would require corresponding scaling of the quantum and photonic
components, and it is unclear whether the same relative efficiency gains would hold. The quantum operations we
studied benefit from the structure of the latent representations we chose, and this structure may or may not persist
favorably at frontier scale. Extrapolation across an order of magnitude of parameter count deserves caution.

Fourth, the operational model of running a quantum coprocessor alongside a large GPU cluster raises practical
questions about cost, availability, and reliability. Current quantum hardware is expensive, has limited uptime, and
requires specialized operator expertise. Building a training system that depends on quantum acceleration means
accepting operational risk that most training operators are not yet ready to absorb.

Limitations of our study include reliance on co-simulation, focus on a single model architecture and workload
class, and use of idealized photonic QRAM parameters that current devices approach but have not yet met. The
QC-VAE architecture we studied is one of several possible designs, and other formulations may offer different
trade-offs. Future work should include hardware-in-the-loop validation, exploration of alternative quantum
acceleration primitives, and evaluation of hybrid pipelines on larger models and more diverse workloads.

CONCLUSION

Training the largest language models has become one of the most expensive and energy-intensive computations
that humans do, and the pressure to make it more efficient has never been higher. Classical hardware and algorithm
improvements will continue to matter, and probably matter most in the near term. But looking further out, the
field will need to explore paradigms that go beyond incremental gains, and quantum-classical hybrid computing
is one of the most interesting candidates on the horizon. Our study shows that a specific hybrid architecture,
combining quantum-classical variational autoencoders for latent-space operations with integrated photonic
QRAM for corpus retrieval, could plausibly deliver 27 percent wall-clock and 32 percent energy improvements
to LLM training at 1.3 billion parameters, without meaningful degradation to model quality. The results are early,
and the caveats are real. The quantum hardware required to run this pipeline at scale does not yet exist in a form
that operators can rent by the hour. Photonic QRAM at the required scale has not been demonstrated
experimentally. Integration between classical and quantum systems is complex and adds operational risk. Yet the
direction of progress in quantum hardware, in photonic integration, and in hybrid algorithm design is genuinely
encouraging, and the specific parameters that most affect performance are well within the reach of the next
generation of devices. For researchers designing quantum machine learning primitives, for hardware developers
working on photonic integration, and for machine learning operators looking at the long-term trajectory of training
cost and energy, the message is that hybrid quantum-classical acceleration of LLM training deserves serious
attention now, well before the hardware reaches maturity. Building the algorithmic, software, and integration
foundations early will position the community to move quickly once the hardware is ready, and given how much
is at stake in the efficiency of frontier model training, that preparation is worth the investment.
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