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Introduction. We ask how a classical agent can efficiently resolve the fundamental exploration-
exploitation trade-off over an uncharacterized quantum stochastic process. In reinforcement learn-
ing, an agent interacts sequentially with an unknown environment and chooses actions in order
to maximize a cumulative reward [14]. The difficulty is already nontrivial in classical partially
observed systems. In robotics, navigation, adaptive control, and resource allocation [4, [7, 1T, 12],
the agent often does not observe the true state of the environment directly. Instead, it receives
partial observations whose distribution depends on a hidden memory. The agent must therefore
use the history of past actions and observations to infer the latent dynamics, while at the same
time choosing actions that give high reward. This is the setting captured by partially observable
Markov decision processes (POMDPs), for which recent work has obtained sharp regret guarantees
under suitable observability assumptions [3} &].

The quantum setting adds a further physical constraint. In emerging autonomous quantum
experiments, the system to be learned and controlled may be a quantum memory evolving through
unknown and possibly noisy quantum channels. Examples include calibration, adaptive quantum
control, error correction, and resource extraction, where the experimenter repeatedly applies pulses
or measurements and receives only classical data. In these tasks, however, an intervention is not
a passive observation: each pulse or measurement both probes the system and changes the post-
intervention memory state that will generate future data. Thus, the data collection mechanism is
itself part of the dynamics to be controlled. Classical POMDP frameworks do not directly apply
when the hidden state, its transition dynamics, and the agent’s access instruments are quantum.
This raises the question: Can a classical agent efficiently learn to control an unknown gquantum
process with memory, using only the outcomes of its past interventions?

Contributions. We introduce, to our knowledge, the first reinforcement-learning framework for
quantum processes with hidden memory, modeled as input—output quantum hidden Markov model
(QHMMSs) environments, in which a classical agent adaptively probes an unknown quantum mem-
ory through quantum instruments and learns only from classical outcomes and rewards. We develop
an optimistic mazimum-likelihood learning (OMLE) algorithm that achieves O(vK) regret over K
episodes under a stable observability condition, with near-matching lower bounds. The analysis
applies not only to discrete action sets, but also to continuous families of quantum measurements,
by reducing the action dependence to a finite-dimensional linear span. In the thermodynamic ap-
plication to state-agnostic work extraction from non-i.i.d. quantum sources, this regret is exactly
the cumulative dissipation caused by incomplete knowledge of the source.

Input—output QHMM environment. We model the environment as an L-step input—output
QHMM with an S-dimensional hidden quantum memory, initialized in an unknown state p and
evolving through unknown quantum channels E; at each step [ € [L].

The agent interacts with the hidden memory and observes classical outcomes in [O] each time
it evolves. At each step [ € [L], the agent chooses an action a; that specifies a quantum instrument
P(@), This intervention yields a classical outcome o; € [O], a reward r;(a;, 0;), and an updated
memory state with the CPTNI map c1>£“) that governs future observations. The agent selects actions
adaptively from the past trajectory 7,1 = (a1,01,...,a;-1,0/-1).

We use w to denote an input—output QHMM environment specifying the unknown initial mem-
ory state, channels, and instruments. Over K independent episodes, the goal is to minimize



cumulative regret,
Regret(K) = Zszl (V* — V”k)7

where V™ is the expected cumulative reward of the executed policy 7% at episode k € [K] and
V* =sup, V7 is the optimal value.

Stable observability condition. A fundamental challenge in learning hidden-memory models
is identifiability. Recovering the exact latent CPTP channels from classical data is not the right
target: distinct physical realizations may generate the same observable statistics. Our main tech-
nical idea is therefore to work in the Observable Operator Model (OOM) representation [2]. In
this representation, a predictive state x}’ encodes trajectory probabilities P, (7;) and is updated
linearly by OOM transition maps A}’ (o;, a;, aj41) conditioned on QHMM environment w, chosen
actions a;, aj41 and observed outcomes oy, z}’(0;) = Po(7), ¥, = AP (o, ai, aiq1)zf. Rather than
identifying a unique latent quantum model, the agent learns and plans directly from experimentally
accessible trajectory probabilities.

The stable observability condition enabling this representation is the quantum analogue of the

undercomplete assumption in classical POMDPs [1l B, 8, @]. For every action a, the classical
marginal produced by the instrument must contain enough information to stably reconstruct the
corresponding post-instrument memory state through a linear recovery map R(® satisfying for a
finite constant . the following constraint: R(®) o TrgoP(@ = P@  |R@||;_,; < ky. This ob-
servability condition is a condition on the measurement devices available to the agent rather than
a hidden constraint on the unknown dynamics, which can be checked by linear algebra once the
instruments are fixed. It is satisfied by broad and experimentally natural classes of measurements,
including rank-one projective measurements, rank-one measure-and-prepare instruments, and in-
formationally complete POVMs. In the classical limit, it reduces to the standard full-rank/weakly
revealing observability condition [, [3] 8, [9].
Regret guarantees for the OMLE algorithm. On top of this OOM representation, we adapt
the OMLE algorithm [8, 9] to learn the trajectory law induced by the input-output QHMM en-
vironment w. For a trajectory 7p, its observation likelihood can be written compactly as P, (7r).
Thus the OMLE confidence region is built from the log-likelihood of the observed data 7% over k
rounds, fi(w) = Zle log P,,(7%), up to policy terms that do not depend on w. The agent then
selects the most rewarding plausible model and policy, executes the policy in the true environment,
and updates the dataset with the new trajectory.

For finite action sets with A € N actions corresponding to general quantum instruments, we
prove that OMLE achieves

Regret(K) < (5( poly(4,0, 5, L)r2VK),

where A is the number of actions, O the number of outcomes, S the memory dimension, and L
the horizon. The proof combines the OMLE machinery with a quantum-specific error-propagation
step. A central part of our proof is the quantum error-propagation argument. While the regret
analysis also requires estimation and concentration bounds, this is the step where the input-output
QHMM structure is used most directly. We telescope the true and optimistic OOM products to
isolate local one-step prediction errors at step [ given history 7;,_; and current action a;. Then
we propagate this error through the remaining instruments and channels with the contractive
property of OOM transition maps > g e [AL—10417]1 < V252%Kyc||z1, for any OOM transition
map sequence Ay 1,41 and any vector x. This contractive property is derived from the stable
observability condition.

Linear span technique for continuous actions. A discrete action set is unnatural for a fully
quantum process, where an action may be a POVM or instrument chosen from a continuous family.



Existing regret guarantees for partially observable models typically work with discrete action set,
or with discretized continuous action set [3, [8,[9]. A second technical highlight of our work is that
the regret analysis exploits the finite-dimensional linear structure of quantum measurements to
handle continuous quantum action spaces efficiently. The obstruction is that the discrete regret
proof counts the contribution of each action separately; over a continuum, this action-by-action
accounting would make the bound vacuous. In the input—output QHMM environment, this diffi-
culty can be resolved by exploiting the linearity of the OOM transition maps on a chosen basis.
Concretely, after fixing a Hilbert—Schmidt basis for the linear span of the measurement family, each
measurement effect can be expressed as a finite linear combination of basis elements. The depen-
dence on the continuous action is then carried entirely by known coefficients in this expansion, while
the unknown model-estimation error is controlled on finitely many basis directions. The infinite
action class is therefore controlled by the intrinsic linear dimension d4 < (0 —1)S 2 of the measure-
ment family, rather than by any discretization. This yields Regret(K) < O(poly(d, S, L)k2.VK),
independently of the cardinality of the action set.

Matching lower bound. Finally, we show that the (5(\/? ) scaling is statistically optimal up to
polylogarithmic factors. Rather than reducing only to a classical diagonal subcase, we use SIC-
POVMs and depolarizing channels to embed the multi-armed quantum bandit problem [I0] while
preserving the observability condition. This shows that the hardness is intrinsic to quantum state
discrimination. Classical combinatorial-lock instances [3, 6] further show that the dependence on
Kue cannot be removed.

Thermodynamic interpretation. Beyond abstract learning, the framework has a direct physical
implication in quantum thermodynamics. We apply it to state-agnostic work extraction, where an
agent seeks to harvest non-equilibrium free energy from a sequence of non-i.i.d. quantum states
generated by a hidden memory. If the agent does not know the underlying emission source, it cannot
perfectly align its extraction protocol with the incoming states. By the laws of thermodynamics,
this informational deficit inevitably results in irreversible dissipation [5] [13].

We formalize this thermodynamic process as an instance of the input-output QHMM. At each
time step, the agent chooses an extraction basis and a target purity parameter. The corresponding
physical interaction is modeled as a quantum instrument. In this thermodynamic setting, the
outcomes include the energy transferred to a work battery, and we set the reward to the realized
extracted work, r;(a;, 01) = wi(o;). The value V™ = E, [Zle wy(op)] is therefore the expected work
extracted by policy m W2, while V* is the maximum expected work extracted by an agent that
knows the source. Hence the heat dissipated by incomplete knowledge is exactly the lost extractable
work, Wiiss(K) := Zszl (W — Wg;) = Regret(K). Thus, regret minimization is equivalent to
an adaptive Maxwell’s demon learning to suppress energy waste from past battery outcomes. Our
(’)(\/E ) regret bound implies sublinear total dissipation, and hence vanishing average dissipation

per episode.

Outlook. Our results connect partially observable reinforcement learning, quantum information,
hidden-memory models, and quantum thermodynamics. They provide a learning-theoretic route
to adaptive quantum experiments where learning and control occur simultaneously. Natural next
steps include moving beyond the undercomplete regime, treating other resources such as coherence
and entanglement, extending the model to quantum combs and process tensors, and developing
adversarial or continuous-time variants.
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