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Abstract

Neural networks provide a powerful framework for learning quantum states directly from measure-
ment data across extended regions of parameter space. However, acquiring the data required to train
these models can represent a significant cost. In this work, we introduce an active learning strategy for
improving data acquisition for training conditional generative models. Based on a query-by-committee
protocol, the strategy iteratively acquires data in phase space regions where an ensemble of models
exhibits larger disagreement in sample distribution. The resulting trained models can identify phase
transitions through susceptibility-based analyses of the learned distributions, without requiring prior
knowledge of the relevant order parameters. We show that to achieve a comparable performance with
uniform sampling, active learning requires approximately 3× less data, representing a considerable
saving in compute cost and acquisition time.

1 Introduction

Machine learning is an increasingly important tool for the study of many-body quantum systems [1]. The
success of foundation models in natural language processing has motivated the development of analogous
architectures for quantum many-body physics [2, 3, 4]. Such models provide a unified representation of
entire families of quantum systems, though training these models often requires large datasets spanning
broad regions of parameter space. Obtaining such data can be computationally expensive, especially in
experimental settings, where measurements are limited by hardware resources and acquisition time.

Active learning provides a natural framework for mitigating this issue [5], by identifying data points for
which acquisition, labelling or inclusion in the training set is expected to improve training performance.
Prior work in active learning of quantum systems [6, 7] has approached the related task of phase diagram
discovery: efficiently identifying phase boundaries. Data acquisition in this setting consists of running
experiments to identify the categorical phase for a given set of input parameters. We tackle the more
general problem of learning the full conditional distribution of measurement outcomes from acquired
measurement samples, without the need for a priori definition of phases. This supports a broader range
of analyses, including predicting arbitrary observables and characterising their behaviour along boundary-
crossing trajectories.

We benchmark generative neural networks trained with active learning on a diverse set of quantum
systems. Across these examples, we show that active learning consistently improves the accuracy of the
learned distributions and derived observables compared to uniform data acquisition. Furthermore, we
demonstrate the ability to identify quantum phase transitions through a susceptibility-based analysis of
the learned probability distributions.

2 Methods

In this work we consider families of bitstring distributions, conditioned by a small number of parameters,
C ∈ RD. In particular, we look at the ground state or Trotterized dynamics of various spin Hamiltonians.
The conditioning parameters comprise coefficients of Hamiltonians defining their phase space, and in the
case of Trotterized dynamics, the normalised number of Trotter steps.

These parameters define a conditional probability distribution, p(x|C), namely the probability of
sampling bitstring x from the distribution parametrised by C. The neural network we consider is a
conditional autoregressive transformer decoder model [8], using a minimal token vocabulary of {0, 1} to
represent bitstring x. The conditional parameters C are each incorporated into the model by a simple
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Figure 1: (a) Overview of the active learning pipeline. The model is first trained on a small
dataset uniformly sampled across the phase space. Then, it follows an iterative active learning loop: at
each round, an acquisition function determines the most informative regions of parameter space, where
additional data are generated and included in the training set. (b) Illustrative comparison of the
learned distribution. By targeting more informative regions of phase space for data acquisition, models
trained with active learning produce more accurate predictions of physical quantities than models trained
on a uniformly sampled dataset of equal size.

feed-forward neural network to compute a continuous embedding, which is summed with a learned token
embedding etok(xi), and a learned positional embedding for position i, epos(i).

We introduce an active learning strategy, based on query by committee (QBC) [9, 10], that determines
at which values of C more data should be acquired. First, we train an ensemble of models, each initialised
with different random weights, on a small dataset sampling uniformly across the domain of interest of
C. Then, we estimate the KL-divergence across the phase space between all pairs of models with Monte
Carlo sampling, generate additional data in the regions of highest inter-model disagreement, and retrain
the models on the expanded dataset. This process is repeated until the target dataset size ST is reached.
Fig. 1 shows an overview of the procedure.

Similar frameworks for processing different Hamiltonians with a single network have been introduced
in Ref. [2, 3, 4]. A generative conditional model of this kind can be used to study the phase space of
quantum systems. Ref. [2] uses peaks in the fidelity susceptibility to determine phase transitions; we use
a “classical” version of the fidelity susceptibility, namely the largest eigenvalue of the Fisher information
metric [11] computed from the learned distributions, which we call Fisher susceptibility.

3 Results and discussion

We first apply our active learning strategy to learning the ground state distribution in the computational
basis of the periodic transverse field Ising model (TFIM) in 1D and 2D, with coupling strength fixed at
J = 1, and using h, the transverse field strength, as the conditioning parameter (i.e. C = [h]). We
consider a 1D chain of size NQ = 50 and a 7 × 7 2D square lattice (NQ = 49). We generate data using
neural quantum states (NQS) [12], employing restricted Boltzmann machines using the NetKet Python
library [13] to approximate the TFIM ground states at different values of h.

In Fig. 2, we show the improvement obtained with the QBC active learning strategy over the standard

uniform acquisition strategy. Specifically, we report the relative error ϵ =
∣∣∣1− Ê0/E

NQS
0

∣∣∣ where ENQS
0

denotes the approximate ground-state energy obtained with the NQS, and Ê0 is the corresponding estimate
produced by our transformer model.

We also tested our strategy on the axial next-nearest neighbour Ising model (ANNNI) [14], with
coupling strength J1 = 1, using κ, the frustration parameter, and h, the transverse field strength, as
conditioning parameters. To evaluate its effectiveness, we consider a system with NQ = 10 spins and
compute the KL divergence between the probability distribution learned by the transformer and the exact
ground-state distribution. In Fig. 3, we show the improvement of QBC with respect to the standard uni-
form acquisition strategy. This model features a 2D phase space defined by κ and h. The ferromagnetic,
paramagnetic and antiphase regions can be detected using ⟨m2

Z⟩ and the squared staggered magnetiza-
tion [14], ⟨s2Z⟩. In Fig. 4, we compare the order parameters obtained from the exact ground state and from
the QBC training with ST = 104. We also show the Fisher susceptibility detecting both phase transitions.

Similar results were observed for Trotterized quantum dynamics (not shown). Across quantum spin
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Figure 2: Relative error ϵ as a function of the transverse field h for the 1D-TFIM (a) and the 2D-TFIM
(b). Comparison between uniform acquisition at different values of ST and the QBC protocol. At constant
dataset size, relative error through the phase transition improves by a factor of ∼ 2.2− 3. To attain this
performance with the uniform sampling strategy would require an increase in dataset size of factor ∼ 3.
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Figure 3: KL divergence with respect to the ground truth as a function of κ and h for the ANNNI
model with NQ = 10 and ST = 104. Panel (a) and (b) show the KL divergence for the uniform baseline
training and the QBC training, respectively. Panel (c) shows the difference between the uniform and QBC
strategies.
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Figure 4: Phase-space analysis of the ANNNI model. Panel (a) shows the Fisher susceptibility as a function
of κ and h. Panels (b) and (c) report the order parameter ⟨m2

Z⟩ obtained from the exact ground state and
the transformer model, respectively, while panels (d) and (e) show the corresponding results for ⟨s2Z⟩.

models and quantum circuit dynamics, active learning consistently improves the accuracy of learned prob-
ability distributions and derived physical observables compared to uniform data acquisition. The resulting
models characterise phase diagrams and detect phase transitions through the Fisher susceptibility com-
puted from the learned distributions. Our results indicate that active learning can substantially improve
the data efficiency of generative conditional models for quantum many-body systems, reducing the amount
of training data required to achieve a given level of accuracy. This is particularly relevant in settings where
data generation is computationally expensive or where measurements are obtained from quantum hard-
ware.
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