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Abstract. Instantaneous quantum polynomial-time (IQP) circuits provide a natural framework for quantum gener-
ative modeling and are believed to be classically hard to sample from in certain regimes. We study the optimization
landscape of IQP-based quantum circuit Born machines trained with Maximum Mean Discrepancy (MMD) losses con-
structed from low-body Pauli-Z correlators. We prove that random full-range initializations exhibit barren plateaus,
while identity and unbiased data-agnostic initializations admit non-vanishing loss variance lower bounds. We further
introduce a data-dependent initialization that better aligns with the target distribution, yielding provable gradients
and faster convergence in practice, including experiments on 150-qubit genomic datasets.

This is the extended abstract of Ref. [1].

1 Introduction
Quantum machine learning seeks to leverage quantum-mechanical effects to recognize and generate complex patterns

that may be difficult for classical models to capture. Among the various learning tasks, generative modeling has
emerged as one of the most promising candidates for demonstrating a practical quantum advantage. The central idea
is simple: quantum states naturally define probability distributions, and measurements provide a direct way to sample
from complex, potentially non-classical patterns. A widely studied framework for quantum generative modeling is the
Quantum Circuit Born Machine (QCBM), where a parameterized quantum circuit is measured in the computational
basis to generate samples according to the Born rule [2–6].

However, scalability of QCBMs, and more broadly variational quantum models, remains a central challenge. A
particularly well-known obstacle are barren plateaus, also referred to as exponential concentration, in which the op-
timization landscape becomes exponentially flat as the system size grows [7, 8]. In this regime, random initialization
lands in flat regions with overwhelming probability, leading to vanishing gradients and practical untrainability. Im-
portantly, trainable regions with substantial gradients may still exist, but locating them becomes increasingly difficult
at scale. This has motivated the study of alternative initialization strategies as a potential route to mitigating barren
plateaus [9–15].

In parallel, Instantaneous Quantum Polynomial-time (IQP) based QCBMs have become increasingly attractive.
Sampling from certain instances of IQP-QCBMs is believed to be classically hard under standard complexity-theoretic
assumptions [16–19], while key quantities required for training can be estimated efficiently using classical computa-
tion. Together, these features motivate a promising “classically-train, quantum-deploy” paradigm, in which models are
trained using classical resources and subsequently deployed on quantum hardware [4, 20–23]. Recent work has demon-
strated that IQP-QCBMs can be trained at scales exceeding a thousand qubits [20], suggesting that IQP-QCBMs are
a compelling platform for studying the scalability of quantum generative models and eventually achieving a quantum
advantage.

Crucially, these recent empirical findings also suggest that IQP-QCBMs exhibit barren plateaus under standard
random initialization [20]. Nevertheless, these models have been shown to remain trainable at surprisingly large scales
when equipped with suitable warm-start strategies. This raises a central machine-learning question: when does an
initialization place the model in a trainable region of the loss landscape?

Our contribution: We provide theoretical and numerical analysis of trainability for IQP-QCBMs under three
families of initialization: (i) uniformly random initializations, (ii) small-angle data-agnostic initializations, and (iii)
data-dependent initialization strategies. In particular, we rigorously show the emergence of barren plateaus over the
whole loss landscape with all-to-all IQP topology, excluding the practicality of the full angle range initialization. For
small-angle range initialization strategies, we explicitly connect the loss variance around a small patch to the curvature
of the loss landscape at the initialization center. Consequently, we show that agnostic initialization strategies and data-
dependent strategy under reasonable physical assumptions of a target distribution results in patches with substantial
gradients, exhibiting initial trainability guarantees. More broadly, these variance lower bounds apply to a general class
of non-linear losses, providing a versatile toolset for analyzing warm-starts across quantum machine learning.

Going beyond the variance analysis, we provide empirical evidence with large scale 150 qubit simulation that
data-dependent initialization strategies consistently converge faster than an agnostic unbiased strategy where the
initial guess corresponds to the uniform distribution over all possible bit strings, and have better performance over
the (popular) identity initialization strategy. This analysis clarifies when and why data-dependent warm starts can
outperform data-agnostic ones. A summary of our results is provided in Fig. 1 and Section 3.

2 Framework
Quantum generative model aims to learn a target distribution through the principle of quantum mechan-
ics. Notably, QCBMs leverage the Born rule and parametrizes a quantum state as |ψ(θ)⟩ = U(θ)|ψ0⟩ with
a parametrized circuit U(θ) and some initial state |ψ0⟩, leading to the model distribution (in the computa-
tional basis {|z⟩}z) of the form pθ(z) = |⟨z|ψ(θ)⟩|2. In addition, an IQP-QCBM takes a circuit architecture as
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Figure 1: Illustration of our main results. Schematic MMD loss landscape L(θ) for an IQP generative model.
The insets show the corresponding computational-basis distributions at representative initialization points: the model
distribution pθ() is shown in gray, and the target distribution pdata() in green. Identity initialization (θ∗ = 0) yields
a highly biased distribution, pθ∗(0) = 1, which corresponds to a local maximum of the MMD. An unbiased data-
agnostic initialization (θ∗j = π/4) yields a uniform distribution over bit strings and usually corresponds to a region
with gradient. A data-dependent initialization yields an initial distribution that is better aligned with the target. The
green point indicates schematically the minimum corresponding to pdata().

U(θ) = exp
(
i
∑n

j=1 θjXj + i
∑

(j,k)∈E θjkXjXk

)
where θ = {θi, θjk} is are parameters to be optimized, Xj is a Pauli-

X operator on the qubit j, and E ⊆ {(j, k) : j < k} denotes the set of edges defining the interaction graph (i.e., the
qubit topology).

The ultimate goal is to train QCBMs such that the model distribution well approximates the target distribution
pθopt

(z) ≈ pdata(z) through minimizing the loss function. More specifically, we are interested in Maximum Mean
Discrepancy (MMD) loss which acts as correlator matching between two distributions

L(θ) =
∑

A⊆[n]

wA(zA(θ)− tA)
2 , (1)

where A represents a subset of qubits i.e., A ⊆ [n] with [n] = {1, 2, ..., n}, zA(θ) = ⟨ψ(θ)|ZA|ψ(θ)⟩ is a model correlator
associated with this subset expressed as the expectation value of the multi-qubit Pauli-Z operator ZA =

⊗
j∈A Zj ,

similarly tA = Ey∼pdata
[⟨y|ZA|y⟩] is a target correlator, and wA are some weights in the sum.

Exponential concentration: Variational quantum algorithms exhibit a range of scalability challenges that also
apply to generative models. Training can be hindered by limited circuit expressivity, local minima, or an unfavorable
optimization landscape. Among these issues, exponential concentration of the loss landscape—equivalently, the bar-
ren plateau phenomenon [7, 8]—is the most thoroughly studied, including in the setting of the quantum generative
modeling [24–26].

A landscape is said to exponentially concentrate if the variance of the loss over parameters vanishes exponentially
with the system size n, i.e., Varθ[L(θ)] ∈ O(exp(−n)). Crucially, the presence of barren plateaus over the landscape
does not necessarily imply that a quantum model is untrainable. Even within a predominantly flat landscape, there
may exist small regions with substantial gradients that contain favorable local minima. This observation has motivated
a range of analytical and numerical studies exploring initialization strategies to bypass barren plateaus [9–15].

3 Main Results
We investigate how different initialization strategies influence variance scaling and training for the MMD loss with

IQP circuit architectures. These initialization strategies are characterized by the patch centre point θ∗ and how
big the patch is r, including 1. full range random initialization (θ∗ = 0 and r = π/2), 2. data-agnostic small-angle
identity initialization where the initial parameters are set such that the circuit becomes identity (θ∗ = 0 and r ≪ 1),
3. data-agnostic small-angle unbiased initialization where the initial model distribution corresponds to the uniform
distribution over all possible bit-strings (θ∗j = π/4, θ∗jk = 0 and r ≪ 1), and finally 4. data-dependent initialization
where the parameters are initialized based on the training data (or empirical target statistics) through marginal
matching, focusing on a simplified version of the initialization used in Ref. [20].
Untrainability under random initialization. We rigorously relate the topology of the IQP architecture to the
flatness of the loss landscape for full-range random initialization. For all-to-all architectures, exponential concentration
emerges, thereby ruling out this strategy at scale. This is stated more formally in Theorem 1 of the manuscript .
However, for less connected models, e.g., those with constant degree connectivity, exponential concentration can be
avoided (see Appendix E2 ).

Development of a practical diagnostic framework for analyzing alternative small-angle initialization
strategies in quantum machine learning. We establish a general connection between the variance of the loss
over a local parameter patch and the curvature of the loss landscape at the initialization point for non-linear loss
functions. This leads to a practical diagnostic tool to determine whether a given initialization strategy can avoid barren
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Figure 2: Training of the low-body MMD estimator for different initializations. Training loss L(θ) as
a function of gradient-descent iterations for a n = 150 qubit model trained on the genomic dataset. Each curve
corresponds to one of the four initialization strategies: identity (red), unbiased (blue), marginal matching (green – the
data-dependent strategy considered in the theoretical analysis of this work), and the covariance-based data-dependent
initialization (light green – the data=dependent strategy in Ref. [20]). The three panels correspond to different
initialization scales s (i.e., θj ∼ θ∗j + Unif[−π

2 s,
π
2 s]): s = 1/m, s = 1/

√
m, and s = 1, where m denotes the total

number of parameters. Each model is trained five times, with most initializations leading to similar overlapping loss
curves.

plateaus. Intuitively, if the curvature (i.e., the Hessian) at the center of the patch is not exponentially vanishing (∈
O(1/poly(n))), the loss exhibit at least polynomially large variance within any patch (with width r ∈ O(1/poly(n))).
For MMD loss and IQP-QCBMs, this is shown in Theorem 2 . Furthermore, we show that the curvature decomposes
into two distinct components: a mismatch-driven term and a model-sensitivity term (see Eq. (19) of the manuscript)
where the first term scales with the discrepancy between model and target correlators and the latter term provides
the intrinsic dependence of the model architecture.

More broadly, our curvature-based diagnostic framework applies to a general class of non-linear loss functions beyond
those considered here. As such, it provides a general tool for analyzing warm-start strategies in quantum machine
learning. This general theorem is shown in Appendix G .

Theoretical guarantees to avoid barren plateaus with data-agnostic and data-dependent strategies.
We show that both data-agnostic strategies yields sufficient curvature to ensure polynomially large variances, thereby
evading barren plateaus as the system scales (see Theorem 3 ). However, their practical utility differs significantly.
While identity initialization is a popular approach, the resulting model distribution at this point is a delta distribution
concentrated on the all-zero bit string. Such a highly biased starting point is often detrimental to generative modeling
(as shown in Fig. 2). In contrast, the unbiased initialization produces a uniform distribution over all bit strings,
representing perhaps the most natural prior for a data-agnostic strategy.

On the other hand, for many real world data sets (see Assumption 1 for dominating low-body target marginals
and Assumption 2 for no peak target around single bit-string), we prove that the data-dependent strategy guarantees
inverse-polynomial local curvature, thereby ensuring non-vanishing patch variance for the MMD loss (see Theorem 4
of the manuscript). To our knowledge, this provides the first theoretical evidence that data-dependent initialization
can systematically circumvent barren plateaus. Lastly, the numerical simulation of variance scaling (shown in the
manuscript) well aligns with the theoretical prediction.

Empirical evidence of superior performance of the data-dependent initialization. Large-scale numerical
experiments, including simulations up to 150 qubits on genomic datasets (as shown in Fig. 2), further demonstrate
that the data-dependent strategy consistently achieves faster convergence and improved model fidelity compared to
data-agnostic alternatives. These results highlight an important distinction: while both agnostic and data-dependent
strategies can avoid vanishing gradients, data-dependent initialization places the model in a significantly more favorable
optimization region.

Overall impact Together, our results establish a principled route to scalable quantum generative modeling, showing
that trainability at large scale is not merely a matter of architecture, but crucially depends on how models are
initialized. This provides both theoretical insight and practical guidance, paving a way towards a quantum advantage
in generative learning as well as advancing the broader goal of quantum machine learning.
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