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Extended Abstract
Motivation. Distinguishing apparent from true irreducible randomness reveals a stochastic process's memory structure—a feature vital for optimal prediction and control. While well-understood classically [1–4], quantum analogs remain underdeveloped due to the inherent interactive nature of quantum dynamics.

Approach and Methodology. By mapping multi-time input-output relations to temporal Choi states (see Fig. 1) representing quantum stochastic processes [5], we formulate the quantum entropy rate as a measure of irreducible randomness—expressed as the asymptotic quantum conditional entropy of such temporal states.

Results. We prove that causality ensures its non-negativity and convergence of the quantum entropy rate for stationary processes. We show that the quantum entropy rate physically lower bounds the average randomness in the future system evolution no matter how much information an experimenter collects about the process. Furthermore, it directly leads to a quantum excess entropy as the apparent memory which lower bounds the memory cost for any recurrent quantum circuit model of the process.

Conclusions and Outlook. 
Since the quantum excess entropy is one indicator of the complexity of the quantum process, we draw connections to quantum reservoir computers which leverage complex quantum many-body systems to process temporal data. We discuss how their expressivity could depend on the complexity of the underlying dynamics.
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FIG. 1. (a) A quantum stochastic process as a black-box
encoding all multi-time input-output relations of a system S
undergoing open quantum dynamics. An experimenter in-
teracts arbitrarily with the system at each time step via the
input and output arms, t* and ¢°. For example, with an input
state to t* and measurement on ¢°. (b) Choi state of process
tensor Thr.1 as the many-body state (blue output wires) that
results from feeding half a maximally entangled state into the
system at each step. The underlying dynamics may be physi-
cally realized by a recurrent quantum circuit model (shown in
orange), consisting of a memory subsystem M and a system-
memory channel 7,4 at each time.




