Harnessing imperfect quantum data through domain adaptation
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This abstract combines the 144-qubit experiment of [1] with the UDA method and numerical results of [2].

Problem. Classical supervised learning with measurement data from quantum systems can extract useful
physical information [3H5]. However, obtaining reliable teacher labels (e.g., quantum phases for phase clas-
sification tasks) is often difficult in the target regime of interest. In addition, algorithmic and experimental
imperfections degrade the quality of input data. While unlabeled measurement data from imperfectly pre-
pared target states may still be available, labeled data may be accessible only from restricted easier regimes
and thus follow a different distribution. This raises the following question:

Can unlabeled measurement data of imperfectly prepared target quantum states be used together with dif-
ferently distributed labeled data from more accessible regime to learn a useful predictor for the target regime?

We address this question by constructing a learning pipeline [2] with unsupervised domain adaptation (UDA)
techniques (Sec. [l)) [6H9], and showing its efficacy through experimental [I] and numerical [2] demonstrations.
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Main result.[I, 2] A key contribution is a 144-qubit
real-device demonstration on the IBM Quantum pro-
cessor ibm kawasaki [I] (see Sec. . Fig. depicts the
learning problem in this experiment. The task is to
classify whether a measured state belongs to the topo-
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code. Following Refs. [3, 4], each state is generated by
applying a random circuit composed of geometrically
local layers containing non-Clifford gates, to either the
surface-code state |07,) for the topological phase or the
product state [0)%*** for the trivial phase. The learner
has no access to the labels and receives only classical
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Fig. 1. Setup for the learning task of the 144-qubit experiment.

amples by restricting the random circuits to Clifford
gates; we refer to these as the source data.

Thus, the source and target data are differently distributed because the source data are generated by
exactly simulated Clifford circuits, whereas the target data are obtained from non-Clifford circuits executed
on noisy hardware. In fact, a model trained only on the source data fails to classify the target data, yielding
a macro-F1 score of only 0.322. In contrast, our UDA approach achieves a macro-F1 score of 0.958, even
though only unlabeled classical shadows of target data are available for training. Fig.[2| visualizes the learned
latent representations using t-SNE [10, [I1] for (a) source-only training and (b) our UDA method.
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Fig. 2. 2D t-SNE visualization of the learned latent representations for (a) training with source data only and (b) UDA (proposal).



TABLE I. Macro-F1 scores on the unseen target data. Target labels are not used in training or model selection.

Task Source — target shift Source only UDA
144-qubit real-device experiment

Topological phase classification Clifford, simulation — Non-Clifford, experimental data 0.322 0.958
Numerical simulations

1D cluster model phase classification Exact, solvable lines — Noisy, approximated, broad region 0.678 0.896
1D ANNNTI model phase classification Exact, low-field region — Noisy, approximated, broad region 0.531 0.830
Multipartite separable/entangled classification Noise-free, fixed six-partition — Noisy, random tripartition 0.382 0.940

Fig. |2 (a) shows that a latent representation learned only from the source data does not separate the two
phases consistently across the source and target domains. In the source domain, samples from the trivial
phase form a separate cluster, whereas in the target domain trivial-phase samples largely overlap with the
topological-phase samples. Consequently, most of the target samples from the trivial phase are misclassified
as the topological phase. In contrast, our UDA method learns a representation in which distributions of source
and target samples are well aligned within each phase, while the two phases remain separated (Fig. [2| (b)).
This cross-domain alignment allows the source labels to guide classification of the unlabeled target data.

We also demonstrate the efficacy of our pipeline in other quantum phase classifications and multipartite-
entanglement classification through numerical simulations [2], as summarized in Table [[] (see also Sec. [[TI).

I. FORMULATION AND UDA PIPELINE

We formulate the learning problem within the UDA framework. Domains may differ in data-generation
conditions such as the physical parameter region, state-preparation procedure, system size, or device. The
target domain is the regime of interest, whereas the source domain is a related, more accessible regime with
available labels. For each domain d € {s,t}, let Q% denote the joint distribution of a quantum state and
label, with state marginal Qg and conditional label distribution le,|p. Domain shift, Q® # Q', may involve

Q) # Qz, Q;‘p % Q%p, or both. For quantum data, such shifts can reflect changes in the system regime and
target-state imperfections, including hardware noise and algorithmic errors from limited quantum resources.
In particular, a measured target state may be an imperfect realization of the ideal state that defines its label,
so training only on labeled source data need not generalize to the target domain. UDA instead uses labeled
source and unlabeled target data to learn a representation in which a source-supervised decision rule is better
aligned with the target data [6H9].

The full pipeline is detailed in the technical version [2]. As a concrete measurement data, we use Pauli clas-
sical shadows [I2HI4]: for each state, T randomized Pauli measurements produce a classical shadow St (p).
We post-process it into a task-dependent feature tensor z = ®(S7(p)) consisting of local Pauli expectation
values, following shadow-based many-body learning [3, 4]. Our model uses a convolutional neural network
feature extractor Ggf and a linear classifier Cy,, that outputs class probabilities py, g, (-[2) = Cp, (h), with

h = Gglf (z). For UDA, we use a conditional domain adversarial network [8]. A domain discriminator learns to
distinguish source from target using the label-conditioned representation h®py, g, (-|2), while the feature ex-

tractor and classifier minimize the source-label loss and adversarially confuse it. The resulting representation
is encouraged to remain class-discriminative while suppressing domain-specific spurious features.

II. REAL-DEVICE EXPERIMENT

As described above, we conduct a real-device experiment for our learning problem on the IBM Quantum
Heron R2 processor ibm_kawasaki, accessed through IBM Quantum services [I5]. The processor is composed
of 156 fixed-frequency transmon qubits arranged in a heavy-hexagonal lattice, where each qubit is connected
to two or three neighboring qubits via tunable couplers [16]. The experiment is designed to test whether
our UDA method works for measurement data of real quantum hardware at scale. We use a 12 x 12 rotated
surface-code patch with 144 physical qubits and classify the trivial and topological phases. The setup for
the learning task is described above and in Fig. [l The surface-code state |07) = 2772 [, + Bp) |0y @144,
with B, = Hiep X, is prepared using a circuit similar to Ref. [I7], while the trivial-phase initial state is the

product state \0>®144. Since finite-depth geometrically local unitary circuits preserve intrinsic topological
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order [I8],[19], target samples are generated from each initial state by applying five-layer non-Clifford random
circuits. In each layer, CNOT gates can act on either horizontal or vertical nearest-neighbor qubit pairs on
the square lattice, with the two directions alternating layer by layer. For each such pair, a CNOT gate is
applied independently with probability 0.5, and its control-target direction is chosen at random. The selected
CNOT gates within a layer need not have disjoint supports. The target dataset contains 60 states per class,
of which 40 per class are used as unlabeled target data for UDA, whereas the remaining 20 per class are
excluded from the train data and used only for evaluating the final classification score.

In the hardware implementation, we do not redesign the square-lattice circuits to follow the processor
connectivity. We simply use Qiskit [20] to map the original theoretical circuits to the device and transpiles it
to the native gate set, in which CZ is the only two-qubit gate. After transpilation, the average single- and two-
qubit gate counts and two-qubit depth are (7715,1890, 183) for trivial-phase circuits and (11097, 3108, 378)
for topological-phase circuits, where the depth counts parallel layers of mutually disjoint CZ gates. For error
mitigation, we use only dynamical decoupling and Pauli twirling.

The labeled source data are generated by classically simulating analogous five-layer Clifford circuits with
500 measurement shots per data point. Thus, the target and source data differ in both circuit family and
data generation: target non-Clifford circuits are mapped, transpiled, and executed on the processor, whereas
source Clifford circuits are simulated classically. As summarized in Table [[] and visualized in Fig. [2| the
hardware target data yield a macro-F1 score of only 0.322 for a model trained only on labeled source data,
whereas UDA reaches 0.958 without target labels.

IIT. NUMERICAL BENCHMARKS

We also test the same pipeline in numerical benchmarks, with the results summarized in Table [l First,
we consider phase classification in the 15-qubit one-dimensional cluster and ANNNI spin chains. The source
data are exact clean ground-state features from restricted Hamiltonian-parameter regions, whereas target
data cover broader regions and include approximate state preparation, depolarizing and readout noise, and
finite-shot classical shadows. Compared with training only on labeled source data, UDA improves the macro-
F1 score from 0.678 to 0.896 for the cluster model and from 0.531 to 0.830 for the ANNNI model at 103
target shots per state.

Second, we consider classifying whether a 16-qubit state is separable or entangled with respect to some
partitions of the qubits into subsystems. Among these numerical benchmarks, the largest observed gain over
training only on labeled source data occurs in the following setting. In the target domain, the partitions
are random tripartitions varying sample by sample. The target data are affected by depolarizing noise and
measurement bit-flip error. The source domain instead uses a fixed six-partition across samples and no noise
is added. Thus, the domains differ in both data quality and the partition structure defining the classes. With
500-shot classical shadows in both domains, training only on labeled source data yields a median macro-F1
of 0.382, whereas UDA reaches 0.940.

IV. DISCUSSION

Our results give a positive empirical answer to the question raised at the outset of this abstract: across our
benchmarks, combining unlabeled measurements of imperfect target states with differently distributed labeled
data from a more accessible regime can enable accurate target prediction. Our practical end-to-end pipeline
takes experimentally feasible Pauli classical shadows as input, requires no target labels or post-measurement
quantum processing, and succeeds on 144-qubit hardware data at an application-relevant scale.

These results motivate applying our UDA approach to extend the practical reach of imperfect experimental
quantum data when reliable target labels are unavailable but related labeled data are accessible. Promising
directions include data-driven quantum-device characterization and certification [21), 22] and learning phases
or properties of strongly correlated systems from quantum-simulator or experimental measurements [23], 24],
particularly when labeled data are difficult to obtain at scale or under target conditions, as in regimes
where accurate classical calculations are difficult. Future work will pursue such applications and identify
when quantum-data learning benefits from domain adaptation, given the need for transferable task-relevant
structure across domains.
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