“Train classical, deploy quantum” requires rethinking generalization
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Abstract

Generative models have become central across science and industry, from image and text synthesis
to the design of molecules and materials. Quantum generative models are considered one of the most
promising applications for quantum computers, since a quantum circuit naturally produces samples
from the distribution it encodes, and for suitable circuits that distribution is believed to be hard for
any classical computer to reproduce. A leading strategy trains these models on a classical computer
and reserves the quantum device for generating samples at deployment. This is possible when the
training loss can be evaluated on a classical computer. A prime example is the maximum mean
discrepancy (MMD?), a moment-matching loss that compares the model and the data through their
low-order correlations. Research so far has asked whether such models can be trained and whether
their sampling is hard; whether minimizing such an objective yields a model that generalizes, rather
than one that merely reproduces the training statistics, remains poorly understood. We benchmark a
broad set of quantum and classical generative models by direct sampling and show that models trained
with a moment-matching loss generally show worse generalization than the likelihood-trained models.
We show this on two application-inspired datasets: first a cardinality-constrained dataset at up to 30
qubits and second a dataset of genomic single-nucleotide variants, whose valid set is the observed data.
These results indicate that a moment-matching loss is not a reliable measure of generalization, and that
training quantum generative models for deployment will require approaches that target generalization
directly.

1 Introduction

The output of a quantum circuit Born machine is the measurement distribution of a quantum state [1-3],
and for suitable circuits that distribution is believed to be hard to sample classically [4,5]. Training such
models on hardware is obstructed by barren plateaus [6], so a growing line of work trains entirely on a
classical computer and uses the quantum device only to draw samples at inference [7-9]; this aligns with
the observation that the provable absence of barren plateaus tends to coincide with classical simulability
of a model’s local observables [10].

Two questions about this program have drawn most of the attention: whether the loss can be opti-
mized [11], and whether sampling is genuinely hard for a classical computer [10,/12]. A third is open:
once the loss has converged, does the model generalize? Gili et al. |13] distinguish an efficient learner
(reproducing the training distribution) from an efficient generator (producing novel valid samples, i.e.,
generalizing), diagnosed via four metrics: exploration, fidelity, rate, and coverage (EFRC). This frame-
work applies to any discrete distribution for which sample validity can be efficiently checked. Scoring
a generative model by the valid and novel samples it produces is long-standing practice in molecular
design [14]. A moment-matching objective constrains only low-order moments, which do not pin down
the full distribution. We test this on two application-inspired datasets up to 30 qubits with full stat-
evector simulation, a cardinality-constrained family and a set of genomic single-nucleotide variants. On
both datasets, the moment-matching models, in general, generalize worse than the likelihood-trained
ones. Across the model zoo, the moment-matching loss also correlates poorly with the forward Kullback-
Leibler (KL) divergence, which is the gold standard for estimating generalization given that, for the
datasets studied here, the target data distribution is known by design. In addition, we observe a better
correlation betweeen coverage and forward KL than with MMD?. Therefore, a low MMD? loss is not a
reliable sign that a model generalizes (Fig. . The companion paper explains theoretically, and verifies
numerically, why moment-matching objectives like the MMD? cannot certify generalization.

2 Methods

Datasets. We use two datasets. The first is the cardinality-constrained family [13] which arises widely in
many real-world scenarios, including portfolio optimization, feature selection, and signal processing [15].
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Figure 1: A model’s training loss does not reveal how well it generalizes. Each panel ranks the same
thirteen models by two scores, with the best model in the top-right corner, for the cardinality data (top) and the
genomic data (bottom); r is the Pearson correlation between the two rankings. Coverage and the forward KL,
which both measure generalization, rank the models in close agreement (left column). The moment-matching loss
correlates poorly with both(middle and right), so it cannot stand in for a direct test of generalization. In the labels,
TF is the transformer and S/M/L are the small, medium, and large variants.

A string of length N is wvalid if exactly k of its bits are one, the valid set is S = {x : |z| = k} with
|S| = (J,g ), and the target is uniform on S. Without loss of generality, throughout this work, we set
k = N/2 corresponding to the largest subspace of valid strings for each N. The second is a real-world
set of genomic single-nucleotide variants [16]. From the M = 5,008 observed sequences we take the first
N loci and deduplicate; the resulting distinct variants form the valid set (|.S| = 3,980 at N = 20, 2,715
at N = 16), with the target uniform over them. We train each model on a fraction ¢ of the data.

Generalization metric. A model generalizes when it produces new, valid samples: strings that lie
in the valid set .S but not in its training set 7. We measure this by free sampling, drawing ) samples
from the trained model and keeping all of them. Let Gg, be the set of distinct valid strings the model
generates that are not in 7. The coverage C = |Ggy|/|S \ T| is the fraction of the unseen valid set
that the model actually recovers, and the fidelity F is the fraction of its new samples that are valid.
Although these metrics have seen shown to track generalization, the train-classically program scores
models by their loss and correlation matrix, which reflects how well a model matches the data but not
whether it generates beyond it. Train-classical, deploy-quantum approaches have so far targeted models
that are hard to sample classically, so checking their generalization at scale is costly, unlike classical and
quantum-inspired models such as the TNBM.

Model zoo. We benchmark a wide range of classical and quantum generative models: the IQP Born
machine [7,/17], the passive (number-conserving), active, and magic fermionic Born machines (FBM) [g],



Table 1: A benchmark of quantum and classical generative models, each scored by both its training
loss and its ability to generate new, valid data. Rows group models into likelihood-trained and moment-
trained families (Section , each trained on a fraction ¢ of the data and evaluated by free sampling. Two datasets:
a cardinality task at N = 30 (¢ ~ 3 x 107*, three seeds) and genomic single-nucleotide variants at N = 20
(e = 0.20, five seeds). We report eval MMD? (0=1) for both, fidelity F' and normalized coverage C' = C'/C* for the
cardinality columns, and coverage C' for the genomic. More details on the models and labels is given in the model

700 (Section .

Cardinality (N=30) Genomic (N=20)

Model loss MMD? F C | MMD? C
Likelihood-trained

Transformer (L) cross-ent = 1.00e-3 1.00 | 1.00 1.72e-3 0.134
Transformer (M) cross-ent = 1.00e-3 1.00 = 1.00 1.39e-3 0.139
RNN (8) cross-ent =~ 1.02e-3 1.00 = 1.00 3.21e-3 0.083
TNBM NLL 1.01e-3 0.96 ' 0.96 8.00e-4 0.141
RNN (M) cross-ent = 1.02e-3 0.85 0.85 1.09e-3 0.138
RNN (L) cross-ent = 1.0le-3 0.91  0.91 1.24e-3 0.134
Transformer (S) cross-ent = 9.97e-4 0.71 0.71 2.91e-3 0.090
RBM CD 1.04e-3 0.15 | 0.15 5.67e-3 0.025
Moment-trained

FBM (passive) Z-corr 1.02e-3 1.00 | 1.00 6.59e-3 0.029
magic FBM MMD? 1.09¢-3 0.16 | 0.16 2.44e-2 0.001
GMMN (classical MMD) MMD? 1.72e-3 0.24 0.24 2.01e-3 0.129
1QP MMD? 1.43e-3 0.14 | 0.14 1.08e-2 0.012
FBM (active) Z-corr 1.39e-3 0.09 = 0.09 2.10e-2 0.000

a tensor-network Born machine (TNBM) [18], autoregressive transformers (TF) and RNNs each in small,
medium, and large variants (S/M/L), a restricted Boltzmann machine (RBM), and a generative moment-
matching network (GMMN) [19,20]. The transformers, RNNs, TNBM, and RBM are likelihood-trained;
the IQP, the active and magic FBM, and the GMMN are moment-trained. The passive FBM also uses
a moment loss, but its circuit emits only fixed-weight strings, confining it to the cardinality valid set by
construction.

3 Results

Cardinality-constrained data. We train each model with its own loss and, after training, measure
both its MMD? and its coverage. On this task loss and coverage decouple: the deploy-quantum moment-
trained models (the IQP Born machine and the active and magic FBM) show convergence of the MMD? to
a low value, yet these do not necessarily efficiently generate bitstrings from the valid set. A low loss does
not make them generators. The likelihood-trained models behave differently, reaching a comparably low
MMD? and also covering most of the valid set (Table . One moment-trained model is an exception. The
passive number-conserving fermionic Born machine reaches high coverage because its matchgate circuit
only produces Hamming-weight-preserving strings, so it is confined to the valid set by construction rather
than by its loss. Although no other model was biased, our results indicate the importance of a strong
inductive bias, when possible, for enhancing a model’s performance.

Genomic variant data. On the genomic data the deploy-quantum models are again the weakest
generators. The transformer and the RNN reach the highest coverage, with the tensor-network Born
machine close behind, while the deploy-quantum models show poor generalization. Here, those models
also fail to reach a low MMD?: with no fixed Hamming weight to exploit, they match neither the data’s
low-order statistics nor its support. Here loss and coverage seem to have a slightly better correlation than
that of the cardinality data set. Whether the MMD? tracks generalization thus depends on the dataset,
hence reflecting the importance of properly evaluating generalization (Fig. . Although the passive
fermionic born machine showed good coverage for the cardinality constrained task, for the genomic
dataset they show poor generalization similar to other moment-objective trained models.
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