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Parameterized quantum circuit (PQC) based policies have emerged as a promising route toward quantum
advantage in reinforcement learning (RL), with policy classes based either on Born-rule action decoding or on
softmax post-processed quantum expectation values [1, 3]. However, recent work has shown that such policies
may suffer from Barren Plateaus (BPs), in particular under local 2-design assumptions, leading to exponentially
vanishing policy gradients with the number of qubits , hindering optimization and quantum advantage at scale
[4, 5]. In this work, we analyze the trainability of PQC-based policies beyond the 2-design setting by deriving tight
gradient and policy-variance bounds for standard PQCs used in practice by the community, building on light-cone
techniques of Ref. [2].

PQC-based Born policies are obtained from partitioned Hilbert spaces into disjoint action subspaces. Given a
n-qubit parameterized state |ψ(s, θ)⟩, the probability of action a is defined as π(a|s, θ) = ⟨ψ(s, θ)|Pa|ψ(s, θ)⟩,
where Pa =

∑
v∈Va

|v⟩⟨v| projects onto the subspace Va associated with action a. For PQCs with L gates such
that U(θ) =

∏L−1
l=0 WlRl(θl) where Rl is a parameterized rotation gate followed by potentially entangling and

Clifford operation Wl. Under uniformly initialized variational parameters θl ∼ U [−π, π], and for data encoded
through angle encoding with input scaling or basis encoding, we prove that the variance of both the policy and
its gradients decomposes into independent contributions from the basis elements of the action subspace. In par-
ticular, Varθ[π(a|s, θ)] =

∑
v∈Va

Varθ[⟨ψ(s, θ)|v⟩⟨v|ψ(s, θ)⟩] ∈ Ω( 1
poly(n)) provided that at least one basis element

in the corresponding action subspace has a polynomially vanishing contribution. For k-body projectors where
k ∈ O(log(n)) expressed in the Pauli basis |v⟩⟨v| = 1

2k

∑2k−1

i=0 αiPi, where Pi ∈ {I, Z}⊗k and αi ∈ {−1, 1}, we show
that polynomially vanishing contribution occurs whenever the backwards light-cone of a single Pauli string Pi is
O(log(n)).

These results provide a constructive recipe for designing BP-free PQC-based policies at initialization. In par-
ticular, they show that partition functions Va that realize policies composed of local and increasingly global terms
can retain trainable local contributions at initialization while still incorporating global structure in later stages of
training. We analyze a previously proposed recursive parity-based action partitioning scheme [3] and prove that,
while a standard parity function associated with the two-action base case suffers from exponential concentration
and thus cannot be trained at scale, recursive parities introduced for larger action spaces embed local terms whose
variance contributions can place the policy in a trainable regime at initialization. Numerical experiments across
several ansätze far from 2-designs confirm the predicted polynomial scaling of policy variance and support the
tightness of the subspace-variance bounds.

We further investigate the optimization dynamics induced by this mixed local-global policy structure. In proba-
bility maximization tasks, we observe that local terms drive the policy away from the initial concentration regime,
after which the gradients of more global terms start contributing later in training once the local terms update
the loss function landscape. We show that global term contribution is indeed crucial to allow the target action
probability to approach one. Furthermore, increasing the number of local and intermediate-locality terms improves
convergence speed and stability, which is obtained from global terms kicking in earlier during optimization thanks
to adding more local contributions, thus molding the loss landscape to favorable regions earlier in time. This be-
havior is also observed in RL training settings such as CartPole and in a synthetic contextual bandit environment
with 20 actions, where richer locality structure systematically improved the performance of PQC-based agents.
Our results suggest that mixed-locality quantum models offer a principled path toward trainable and potentially
classically hard PQC-based RL policies. Future work will address rigorous classical hardness guarantees and extend
the analysis to softmax-activated quantum policies with controllable greediness.
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