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We propose a general computational framework for optimizing model-dependent
parameters in quantum batteries (QB). We apply this method to two different charging
scenarios in the micromaser QB and we discover a new charging protocol for stabilizing
the battery in upper-laying Hilbert space chambers in a controlled and automatic way.
This protocol is found to be stable and robust, and it leads to an improved charging
efficiency in micromaser QBs. Moreover, our optimization framework is highly versatile
and efficient, holding great promise for the advancement of QB technologies at all scales.

1 Introduction
The world is currently immersed in the "second quantum revolution" and its associated quantum
technologies [1–4], as evidenced by the increasing investment from governments and industries
on these technologies, which promise to revolutionize our society in the near future [5]. Put in
simple terms, quantum technologies are devices that leverage inherently quantum phenomena like
coherence and entanglement to solve tasks that, in some cases, a classical device would never be
able to solve in a reasonable amount of time. The possibility of using quantum mechanical effects to
outperform classical machines has been dubbed quantum advantage, and the most famous examples
are the recently achieved milestones in quantum information processing [6–8]. Simultaneously,
the trend of miniaturization in technology, with devices operating at the nanoscale, has resulted
in an extension of the traditional thermodynamic concepts such as work and heat to account for
quantum mechanical effects, leading to the emergence of the field of quantum thermodynamics, see,
for example, [9–11] for few reviews on the topic. Intersecting between these two active research
topics, the concept of quantum battery has emerged and flourished [12, 13], both as a necessary
step to provide energy to nanodevices as well as a suitable sub-field of quantum technologies where
quantum effects can provide various sources of advantages, even at larger scales.

As their name suggests, quantum batteries are quantum mechanical systems that can be used
to store energy, which can then be released as needed. This energy is stored in a highly excited
state (with respect to its Hamiltonian) and released by driving the system to a lower energy state.
The first work on the subject was by Alicki and Fannes [14], after which subsequent research works
extended in several different directions. These include the proposal of explicit theoretical models
of quantum batteries [15–21] and the analysis of the figures of merit to address the efficiency of
such devices, such as the charging power [22, 23], the maximum amount of energy which can be
unitarily extracted [24–26], the effect of noise and imperfections [27–30], non-markovian effects
[31, 32], stability and fluctuations properties [33] or the necessary conditions to achieve a quantum
charging advantage [34–36].
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At the same time, although at a slower pace, the first experimental realizations have been
proposed and studied [37, 38]. On general grounds, a promising platform for the development of
quantum batteries is quantum electrodynamics, where the interaction between light and matter
can be currently manipulated with high precision [39]. A well-established electrodynamical setup
– studied both theoretically and experimentally – is the micromaser [40–45]. In a micromaser, a
stream of two-level systems (qubits) interacts sequentially with the electromagnetic field in a cavity,
modelled as a quantum harmonic oscillator. Indeed, this system has recently been proposed as
an excellent model of a quantum battery [46, 47] and can be described by the celebrated Jaynes-
Cummings model [48].

Optimization is a crucial aspect of many scientific and engineering problems [49–52], and Ar-
tificial Intelligence (AI) methods have shown to be particularly powerful in these regards. Within
the field of quantum technologies, AI has demonstrated remarkable versatility and efficacy through
a diverse array of methods and applications, [53–55]. However, the field of quantum batteries has
yet to benefit from them. Indeed, with the only exception of [56], the literature on using AI to
optimize aspects of QBs is still missing.

In this work, we present a general AI-based computational framework that optimizes the per-
formance of quantum batteries. To exemplify it, we choose the micromaser as a QB model and
optimize model-dependent parameters using gradient descent. However, this approach can be eas-
ily adapted to accommodate a variety of models and a variety of different figures of merit quite
straightforwardly.

In our approach, we have deliberately chosen an optimization algorithm that is as simple as
possible. By doing this, we aim to circumvent the potential obfuscation of scientific understanding
that can occur when utilizing complex, black-box AI algorithms, without compromising its per-
formance. This philosophy is inspired by recent works on digital discoveries of quantum optical
experimental setups [57, 58].

As a first practical result of our approach, we discover a new charging protocol for micromaser
QBs that allows to substantially increase its energy storage while keeping the battery stable. This
result shows concretely the power of simplicity in gaining insight into the problem at hand.

The paper is organized as follows: In Section 2, we introduce and describe our optimization
framework, including the use of computational graphs, the overview of the micromaser QB model
and the specific cases of interest we have studied for optimization and a discussion of the loss
function used in our analysis. In Section 3, we present the numerical results. Finally, in Section 4,
we provide our conclusions and outline the potential future directions of this work.

2 Optimization framework
In this section, we introduce an optimization framework — suitable for general models of quantum
batteries — that optimizes the charging process using gradient descent. The gradient descent
method is a widely-used optimization technique for finding the minimum of a differentiable function
of interest, typically called a loss function L. One of the main reasons for its popularity is its
effectiveness in finding good solutions to a wide range of optimization problems. In addition, it
is relatively simple to implement, making it a useful tool for practitioners in various fields. Given
an initial set of model parameters, ~p, the algorithm iteratively adjusts ~p in the direction of the
negative gradient of the loss function with respect to the model parameters as follows:

~p → ~p− η ∂L
∂~p

, (1)

where η is the hyperparameter known as the learning rate, which controls the step size of the
update (i.e., the fraction of the gradient to be subtracted from the original parameters). The
optimization process terminates when the loss function reaches an acceptable minimum value set
by some tolerance.

The proposed optimization approach is illustrated in Fig. 1. It has several key advantages.
First, it is versatile and can be applied to a wide range of quantum battery models (including those
involving large-scale systems) described by a set of parameters ~p, as represented by the cell C in
Fig. 1. Second, it is efficient and able to find the optimal solution to a problem in an automated
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manner given a loss function, L(~p), that depends on the model parameters ~p either implicitly or
explicitly. Overall, this optimization framework offers a promising solution for optimizing many
different aspects of quantum battery models.

ρB(0)

⃗p

Battery 
initial state Loss function

"(τ)

Parameters

ℒ( ⃗p)ρB(τ)

Battery 
final state

Abstract QB charging process

Figure 1: General representation of the optimization of the charging process for a quantum battery using a
computational graph. The battery is initialized in state ρB(0) and is charged through cell C(τ), during time
τ , which is represented, in general, by a completely-positive and trace-preserving (CPTP) map. This process
results in the final battery state ρB(τ). The loss function L(~p), which is dependent on the model parameters ~p,
is calculated at the end of the charging process and it is used for updating the parameters in the next iteration
of the algorithm.

2.1 Optimization of a micromaser QB
The micromaser [46] charging process consists of the sequential interaction of a single mode of an
electromagnetic field in a cavity with a stream of two-level systems (qubits) prepared in a state
which can be written as

ρq = q |g〉 〈g|+ (1− q) |e〉 〈e|+ c
√
q(1− q)(|g〉 〈e|+ |e〉 〈g|), (2)

where q is the degree of population inversion, c the coherency, and |g〉 and |e〉 correspond to the
ground and excited state of the qubit, respectively.

In the qubit-cavity interaction picture, the evolution of the system is described by the Hamil-
tonian [48],

ĤI = g(âσ̂+ + â†σ̂− + e2iωtâ†σ̂+ + e−2iωtâσ̂−), (3)

where g represents the coupling constant between the qubit and the field, and with units chosen
such that h̄ = 1. The lowering and raising operators for the qubit are denoted by σ̂− and σ̂+,
respectively; â and â† are the annihilation/creation operators for the field, respectively. We are
examining the resonant case, where the frequencies of the qubit and field are equal [59] and here
denoted by ω.

To optimize the charging speed of a quantum battery, the ultra-strong coupling regime, 0.1 <
g
ω < 1 is the most interesting regime to consider. As described in [60], the counter-rotating terms
(the last two terms in Eq. (3)) can be neglected by performing a simultaneous frequency modulation
of the qubit and the field, and the resulting dynamics is described by the Jaynes-Cummings unitary
operator [48],

ÛI(g) = e−iτg(âσ̂++â†σ̂−), (4)

where τ = 1 can be fixed without affecting the validity of the approach [46]. Moreover, the
coherence parameter c can be set to be real by applying a rotation along the z axis which does not
alter the time evolution operator, ÛI(g).

The battery charging process, as depicted in Fig. 2a, is initialized by the cavity in its ground
state ρB(0) = |0〉 〈0|. The joint qubit-cavity system is obtained by the tensor product

ρ(k) = ⊗[ρB(k)] ≡ ρB(k)⊗ ρq, k = 0, . . . , n, (5)
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being ρB(k) the battery state after k interactions. The time evolution can be recursively written
as

ρB(k + 1) = Φ[ρ(k)] ≡ Trq(ÛI(g)ρ(k)Û†I (g)), k = 0, . . . , n. (6)

where ρ(k) corresponds to the system state resulting from the previous Eq. (5), and Trq is the
trace over qubit degrees of freedom. This outputs the battery state ρB(k + 1).

The charging process can be represented computationally by iteratively applying the operations⊗
and Φ as shown in Fig. 2a. The system consists of an initialized battery in state ρB(0) and

a set of n identical qubits prepared in state ρq, characterized by the parameters ~p = (c, q). The
interaction between the cavity and the qubit is represented by the cell C, where the charging process
occurs. The resulting output battery state, ρB(1), is injected into the next charging cell, C, where
it interacts with a new qubit. This process is repeated for n interactions, resulting in the final
battery state ρB(n). In the optimization framework, the loss function L(~p) is evaluated after each
charging cycle of n identical qubits. This function, which depends on the qubit state parameters
~p = (c, q), is minimized by repeatedly updating the parameters after each complete charging cycle,
using a gradient-descent optimization algorithm.

This process can be generalized to a multi-qubit scheme as shown in Fig. 2b. In this scheme,
qubits prepared in different states are processed in different batches of b identical qubits. Each
batch interacts with the cavity in the same way as described in Fig. 2a. Similarly, the charging
process is repeated for n batches, resulting in the final battery state ρB(nb). In this context, the
parameters to be optimized are no longer a single pair (c, q), but n pairs of parameters (c, q) for
each batch of b identical qubits.

( . . . )ρB(0)

ρq

⃗p

ρB(1) ρB(n) ℒ( ⃗p)

Qubit state

Battery 
initial state

Parameters: 
⃗p = (c, q)

Loss function

# # ρB( j)#ρB(2) ( . . . ) #

( . . . ) ( . . . )

ρB(0) ( . . . )ρB(b) ρB(nb)!(b) ρB(2b)

ρq1 ρq2 ρqn( . . . )

⃗p1Parameters: 
⃗pi = (ci, qi)

Qubit states

Battery 
initial state

ℒ( ⃗p)
Loss function

!(b) !(b)

⃗p2 ⃗pn⊗ Φρ( j − 1) ρB( j)ρB( j − 1)

ρq

j-th  cell $

⊗ [ρB( j − 1)] = ρB( j − 1) ⊗ ρq

Φ[ρ( j − 1)] = Trq(UIρ( j − 1)U†
I )

a) Micromaser QB charging process b) Multi-qubit micromaser QB

Set of n identical qubits Set of  qubits in batches of  identical statesn ⋅ b b

Figure 2: Computational graph representing the optimization of the charging process of a micromaser QB.
Panel (a) shows the system with n identical qubits prepared in state ρq, characterized by parameters ~p; panel
(b) shows the system with n · b qubits in batches of b identical states ρq, characterized by parameters ~p. In
both cases, the battery is initialized in state ρB(0). Each charging cell C in panel (a) corresponds to a single
cavity-qubit interaction and consists of the operations

⊗
and Φ, as indicated inside the dashed box. In panel

(b), each charging cell C(τ) represents the sequential interaction of a batch of b identical qubits, as seen in
panel (a). The loss function is denoted by L(~p).

One of the most appealing features of a micromaser QB is the existence of dynamically separated
trapping chambers [40, 42–44], whose relevance for energy storage purposes has been analyzed in
details in [46, 47]. The existence of the trapping chambers is analytically demonstrated in the
literature [40, 42, 44] for the particular case of c = 1 (qubits are fully coherent, i.e. they are in a
pure state) and g being fine-tuned to

g = Q√
m
π, Q,m ∈ N, (7)

where Q and
√
m are integer which do not share any common integer divisors. When these

conditions are met, the harmonic oscillator Hilbert space dynamically separates the states |n〉 with
n < m from the remainder of the Hilbert space. By doing a simultaneous redefinition of Q̃ = 2Q
and m̃ = 4m, the same argument leads to a dynamical separation of states |n〉, m < n < 4m

4



from the rest. Repeating the same argument ad infinitum leads to a fragmentation of the Hilbert
space in dynamically separated chambers, meaning that one cannot exit the initial chamber by
time evolution [46]. This is illustrated in Fig. 3.

When g is fine-tuned according to Eq. (7), two charging protocols are known to exist with an
analytic description [47]. The first one is the coherent charging protocol, occurring when the qubits
are prepared in a coherent superposition (c = 1). In this case, after it has completely charged,
the battery reaches a steady state which is pure 1 and sustained by the inherent dynamics of the
battery. The populations of such steady state satisfy the following recursive relation

ρ
(n,n)
B = 1− q

q
cot2

(
π

2
√
m

√
n

)
ρ

(n−1,n−1)
B , ∀n < m. (8)

On the other hand, incoming qubits prepared in an incoherent mixture (c = 0) define the incoherent
charging protocol. For q = 0, the battery steady state is pure and given by the number state |m− 1〉.
However, as q becomes nonzero, its purity decreases as P ≈ 1− 2q to first order in q.

Importantly, while creating a pure steady state, the coherent charging procedure results in a
reduction on the total energy stored in the battery as compared to the incoherent charging case,
making purity an energetically costly quantity. This can be computed from Eq. (8).

For practical applications, the regime in which g is not fine-tuned must be considered, and it
was also the subject of [46, 47]. This can be achieved by introducing a parameter ε as

g = Q√
m+ ε

π, Q,m ∈ N, −0.5 < ε ≤ 0.5 . (9)

A subsequent numerical analysis showed that, by allowing small perturbations on either the fine-
tuned value of g or q 6= 0, the incoherent charging protocol just described deviates away from
the fine-tuned steady state |m− 1〉 and instead results in an indefinite energy growth and thus
a non-existent steady state. On the other hand, for all values of q and even in the presence
of non fine-tuned values of g, the coherent charging protocol allows to reach an effectively pure
steady state with the same properties as in the fine-tuned regime (the steady state just described
is, plausibly just meta-stable, but its lifetime has been tested to be very long by the extensive
numerical simulations performed in [46]).

2.2 Loss function
The selection of an appropriate loss function is perhaps the most delicate step in the context of
posing an optimization problem. This is due to the loss function serving as the basis for determining
how to modify the parameters of the model in order to improve its performance. If an inappropriate
loss function is chosen, it may be challenging or even impossible to find a satisfactory solution, as
the optimization process will be attempting to minimize a loss function that is not well-suited to
the problem at hand.

In the context of quantum batteries, a quantity of interest to be maximized is the ergotropy,
W, defined as the maximal amount of work that can be extracted from the battery with a unitary
operation. It can be computed according to [16, 61],

W ≡ E − EPassive = Tr(HF ρB)−
∑
k

rkεk, (10)

where EPassive denotes the energy of the passive state 2 associated to the battery state ρB . It is
computed with rk and εk, which are the eigenvalues of the battery density matrix ρB , and the
field Hamiltonian, HF = ωâ†â, respectively. It is easy to show that when the battery state is pure,
i.e. when it can be written as ρB = |ψ〉 〈ψ| for an appropriate state |ψ〉, the associated energy
EPassive turns out to be the Hamiltonian ground state energy ε0 (which we can always set to zero
without loss of generality). Thus, in this case it is always possible to bring the battery state to the
ground state via a unitary operation, and the ergotropy coincides with the energy of that state.

1Given an arbitrary density matrix ρ, its purity is defined as P ≡ Tr(ρ2), being equal to one for pure states.
2A quantum state is said to be passive when no further energy can be unitarily extracted from it.
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|m − 1⟩, Em−1

|m⟩, Em

|0⟩, E0

(…)

(…)

First chamber: 
Q = 1

Second chamber:  
Q = 2 |4m − 1⟩, E4m−1

Hilbert space of the 
harmonic oscillator

Chambers of the fine-tuned value :g = Q

m
π

Figure 3: Sketch of trapping chambers for the fine-tuned value g = Q√
m
π. The first chamber is defined by

Q = 1 and contains the states |n〉 such that n < m. The second chamber is defined by Q = 2 and contains
the states |n〉 satisfying m < n < 4m. For the purpose of illustration, we only depict the lowest-lying two
chambers. By unitary time evolution, the initial chamber cannot be exited, effectively trapping the system
there. Em−1 = m− 1 and E4m−1 = 4m− 1 are the energies of the highest excited states corresponding to the
first and the second chambers, respectively.

On the other hand, if the battery is in a mixed state, it obviously cannot evolve unitarily to the
Hamiltonian ground state. In such a case, the maximum amount of energy that can be extracted
is computed by W as in Eq. (10) and it satisfies W < E. It then follows that a way to increase the
ergotropy while keeping constant the energy of the battery state, E, is by increasing its degree of
purity P. When considering the micromaser battery, an essentially pure state can be reached when
the incoming qubits are fully coherent with c = 1. However, the value ofW can grow by increasing
the energy E of the battery state. As a result, maximizing the ergotropy effectively means finding
a good compromise between a high value of the battery energy and a sufficiently large value of its
purity.

A specific feature of the micromaser QB that we have reviewed in Sec. 2.1 is the existence of
very long-lived metastable steady states. These are appealing because they are a built-in feature
of the model that avoids the battery absorbing an unbounded amount of energy in an uncontrolled
way. Steering away from these unwanted states must also be incorporated in the definition of
the loss function, and this can be achieved by including a penalty term for large values of the
time-derivative of the energy of the battery state at the terminal stages of the charging process.

The final two considerations that must be taken are related to specific values of the parameters
c, q themselves. Related to the former, maintaining high values of c in qubit states is a very
challenging experimental task, while qubits carry no energy when q = 1 since they are prepared in
their ground state. Thus, the loss function must also penalize large values of both c and q.

Summarizing, our task is to construct a loss function that maximizes the ergotropy while
penalizing both large values of c and q and short-lived metastable steady-states. With these
requirements in mind, we consider the loss function for a charging process with n identical qubits
to be

L = − Wn · (1− c) · (1− q)
Wn + (1− c) + (1− q) + λ

∑
k∈η

∣∣∣∣∂Ek∂k

∣∣∣∣ , (11)

where we have introduced two hyperparameters η and λ; η is a subset of qubits, typically a fraction
of the last ones, and λ is a positive number that penalizes unstable steady-states. When the qubits
that interact with the cavity are not identical, Eq. (11) gets modified by replacing c, q by their
mean value over the set of qubits.

The first term in Eq. (11) looks counterintuitive at first, so let us elaborate further on this point.
Its structure stems from wanting to simultaneously optimize three quantities, Wn, c, and q, which
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have very different magnitudes, Wn � c, q. The first term is a convenient way to normalize these
three terms, guaranteeing that each of them has an equiparable weight during the optimization.
An alternative would be having a separate term for each of these three quantities, but this would
introduce two extra hyperparameters to be varied. As a result, the computational cost of the
optimization process would have also increased, and this is why we have discarded this path for
now.

Another point to address is the fact that large values of q are already obviously penalized when
maximizing the ergotropy W, so it may seem that including q explicitly in the loss function is
not necessary. We have experimented with such a loss function, and we have found it to have a
landscape that in some cases benefits reaching q = 1, especially in the case where not all the qubits
are identical.

Finally, we have used the energy and not the ergotropy in the second term of Eq. (11) since the
behaviour of their variation is extremely similar and the ergotropy is particularly computationally
costly since it requires performing a diagonalization.

3 Results
In this section we present the optimization results conducted for the micromaser charging process
using (i) a set of n identical qubits and (ii) a set of two batches consisting of b identical qubits
in each batch. While setup (i) serves as a sanity benchmark for our methods, in (ii) we discover
a fundamentally new charging protocol that is able to stabilize the battery to a state laying in
the second chamber. We have written the physics simulation and the implementation of the
optimization algorithm using Python’s NumPy and SciPy packages [62, 63]. More specifically,
the optimization is conducted using the ’L-BFGS-B’ solver from SciPy, which is a method that
computes gradients numerically and allows for parameters to be bounded. From now on we will
work in units ω = 1 and truncate the infinite-dimensional quantum harmonic oscillator Hilbert
space to a maximal number of modes of Nc = 120 and Nc = 150 in the numerical simulations of
the stream of identical qubits and different qubit batches with identical states within, respectively.
We have checked that the results are insensitive to this truncations, i.e. the truncations are taken
at levels which are never populated during the dynamical evolution.

3.1 Stream of identical qubits
We conduct the optimization of the micromaser charging process described in Fig. 2a, using a
stream of n = 1000 identical qubits interacting with the battery. The coupling constant is set to
a non fine-tuned value of g = π/

√
15.6 ≈ 0.795. We utilize the loss function L in Eq. (11) with η

fixed to be the last 20% of qubits and consider several values of the hyperparameter λ. For each
case, we find a set of optimal values of the pair (c, q) that minimize L. Our results show that for
λ = 1, the optimal (c, q) values are approximately (0.310, 0.145); for λ = 10, (c, q) ≈ (0.390, 0.168);
for λ = 100, (c, q) ≈ (0.470, 0.183); and for λ = 1000, (c, q) ≈ (0.553, 0.190), from which we see
that by increasing λ, which corresponds to increasing the importance of the stability of the final
state, there is a general trend in seeking an enhancement of c.

Using the optimized (c, q) parameters, we simulate the time evolution described by Eq. (4) and
calculate the ergotropyW, as given by Eq. (10), for up to k = 105 collisions to evaluate the stability
of the steady state for different values of λ. The results of this simulation were then compared to
those obtained using the closest fine-tuned (FT) value of g = π/

√
16 ≈ 0.811 using the incoherent

charging protocol.
The results of this comparison are shown in Fig. 4a. We see that the saturation to a steady

state occurs more quickly for the non-fine tuned value of g = π/
√

15.6. However, these states
are metastable. The effect of the hyperparameter λ on the system can be seen by comparing the
different solid lines in Fig. 4a: a smaller value of λ results in a shorter-lived steady state, but
an increase in ergotropy W. The fine-tuned value (dashed line in Fig. 4a) achieves a maximal
ergotropy ofW = 15 at q = 0 and a steady state (number state) that is absolutely stable (although
fragile for small perturbations of the parameters), in agreement with the results for the incoherent
charging protocol discussed in Section 2.1. Values of λ above 10 (magenta and black lines in Fig.
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Figure 4: (a) Ergotropy W (in units ω = 1) and (b) Purity P of the non fine-tuned value of g = π/
√

15.6 as a
function of the number of collisions k for some (c, q) values found by our optimizer: (c, q) ≈ (0.310, 0.145) (red),
(c, q) ≈ (0.390, 0.168) (cyan), (c, q) ≈ (0.470, 0.183) (magenta), (c, q) ≈ (0.553, 0.190) (black), compared with
the maximum ergotropy achieved in the closest fine-tuned value of g = π/

√
16 and incoherent charging (dashed).

It is observed that a loss in purity results in a gain of ergotropy.

4a, respectively) show no signs of instability for the time scales that we have simulated. The case
λ = 10 (cyan line in Fig. 4) shows an instability after roughly 104 interactions, while there is no
sign of stability for the remaining λ = 1 (red) line. Besides λ = 1, all states achieved ergotropies
ranging between 9 and 11, which amounts to approximately 65% of the closest fine-tuned maximal
ergotropy value.

From this numerical considerations, we learn the importance of the hyperparameter λ: it
allows, in realistic scenarios, to maximize the ergotropy while reaching the lifetime required by the
particular application under consideration.

An additional characterization of the charging process can be obtained by computing the purity
for the same pairs c, q of optimized parameters that we have shown in Fig. 4a. We show the time
evolution of the purity of such states in Fig. 4b, from which it becomes apparent that such gains in
ergotropy come at the expense of a loss in purity. In this situation, the mean energy of the battery
state increases, suggesting that steady states become more unstable as they approach the upper
level of the first chamber.

The charged battery steady state can be further characterized by computing the population
of each number state present in the mixture and its associated quasi-probability Wigner function
[64, 65], which describes the quantum state of the battery in phase space (represented by position,
x, and momentum, p). The analysis has been computed using QuTiP [66] and the results are
presented in Fig. 5. There, we see a crescent shape symmetric in x for the Wigner function around
the negative value p ≈ −5. Moreover, by comparing panels (a) and (b) in Fig. 5 we see that a
bump of highly excited Fock states appears for λ = 10, which is a diagnostic of the instability of
the (metastable) steady state.

It can be verified that the Wigner function of a state charged according to the fully coherent
charging protocol looks essentially like that of a squeezed coherent state. By decreasing the co-
herency parameter c, the Wigner function becomes more warped as we see in our plots. A similar
shape can be seen for nonlinear coherent states driven by a Kerr non-linearity [67, 68], which
suggests that the dynamics of the model can be reinterpreted as a cavity interacting with a bath
of qubits.

Finally, it is worth mentioning that the generic behavior described in this Section is also ob-
served when repeating the calculation with different non fine-tuned values of g. Moreover, this
scheme is robust, as a very similar time evolution is seen even when random noise is introduced to
the optimized (c, q) parameters.
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Figure 5: Population distribution of number states ρ(n,n)
B in the steady state of the battery ρB(k) after k = 105

collisions with the optimized c, q parameters shown in Fig. 4 and its associated Wigner function for (a) λ = 10
and (b) λ = 1000.

3.2 Stream of different qubit batches of identical states within
Here we conduct the more interesting optimization of the micromaser charging process described
in Fig. 2b, using a stream of n = 1000 qubits divided into two batches consisting of b = 500
identical qubits in each batch. The coupling constant is set to the same non fine-tuned value
g = π/

√
15.6 ≈ 0.795 as in the previous case of Section 3.1.

Contrary to the previous case, we now have two pairs of parameters corresponding to the first
and the second batches of identical qubits: {~p1, ~p2} = {(c, q)Batch=1, (c, q)Batch=2}, respectively,
which means that in the loss function, defined in Eq. (11), we modify c and q by their mean value,
as described previously. In this case we take η to be the last 10% qubits instead of the 20% we
took when all qubits where identical to allow a comparatively similar relaxation time between the
two cases. As before, we vary the hyperparameter λ and run the optimization algorithm several
times.

We find the optimized pairs of parameters for different values of λ to be: for λ = 1,
{(0.150, 0.079), (0.361, 0.150)}; for λ = 10, {(0.229, 0.123), (0.414, 0.165)}; for λ = 100, {(0.270, 0.152),
(0.486, 0.179)}. It is interesting to notice that as λ gets smaller, the optimized strategy is to first
charge according to the incoherent charging protocol followed by a new set of parameters that
are able to stabilize the trajectory to a state that is long-lived while maximizing W as much as
possible.

Using the optimized parameters {~p1, ~p2}, we simulate the time evolution described by Eq. (4)
and calculate the ergotropy,W as explained in Eq. (10), for up to k = 105 collisions. To make clear
this point, the first set of 500 interactions are simulated using the pair of parameters corresponding
to ~p1 = (c, q)Batch=1, whereas for the qubit k = 501 up to the 105, the parameters correspond to
the second optimized pair, ~p2 = (c, q)Batch=2. The results are shown in Fig. 6a.

The main result of this first procedure are the red, cyan and magenta lines in Fig. 6. Let’s first
focus on the red one. From this curve we see that the algorithm has been able to automatically
find a transition to the second chamber, albeit the state is not stable past after 104 interactions.
However, the fact that this is possible is already extremely valuable.

Motivated by the results of the previous section, the next natural step is increasing λ, whose
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Figure 6: (a) Ergotropy W (in units ω = 1) and (b) Purity P of the non fine-tuned value of g =
π/
√

15.6 as a function of the number of collisions k for some {~p1, ~p2} = {(c, q)Batch=1, (c, q)Batch=2} val-
ues found with our optimizer: {(0.150, 0.079), (0.361, 0.150)} (red), {(0.229, 0.123), (0.414, 0.165)} (cyan),
{(0.270, 0.152), (0.486, 0.179)} (magenta), {(0, 0), (0.449, 0.208)} (green). The effect of the hyperparameter
λ can be observed by comparing the different solid lines: a smaller value of λ leads to a gain in ergotropy. As
in the case with identical qubits, it is observed that a loss in purity results in a gain of ergotropy.

effect can be seen in the cyan and magenta curves. What we see is that a greater stability can only
be guaranteed by staying in the first chamber, which in turn suggests that by adding more qubits
one should be able to stabilize much better well inside the second chamber.

This observations lead naturally to what we call the improved strategy, which constitutes a
qualitatively novel protocol and that makes use of two ingredients: the first one consists in fixing
the parameters in the first batch to the incoherent charging protocol regime (c1, q1) = (0, 0), such
that the charging, during this first batch, becomes transparent to the presence of the chambers.
The second ingredient is increasing the number of stabilizer qubits from 500 to 1000 and choosing a
large enough value of λ to guarantee stability. Interestingly, we find that stability is obtained by a
fairly small value of λ, i.e. λ = 10. The result of this optimization is the green line in Fig. 6, where
the second pair of optimized parameters are (c2, q2) = (0.449, 0.208) and that performs notably
better than the previous cases. In panel (b) of the same Figure 6 we show the trajectories for
the purity of each of the states shown in panel (a), and we observe that the purity decreases as
ergotropy increases.

The second interesting thing that we notice from Fig. 6 is that by using this same strategy
of first driving the instability followed by new stabilizing parameters allows to reach much more
stable states in the high-end of the first chamber than with identical single copies of qubits. Again,
we have checked that all the trajectories shown in Fig. 6 are stable even in the presence of noise
in the (c, q) parameters.

As in the previous Section, we further characterize the charged battery steady state by comput-
ing the distribution of the populations in the final state and its associated Wigner function. The
results are presented in Fig. 7. In addition to the crescent shape symmetric in x for the Wigner
function around the negative value p ≈ −5, another one appears around p ≈ −10 when considering
the state from the second chamber. However, there is no appreciable sign of interference between
the two, suggesting that they participate as a semiclassical mixture more than a superposition.
Moreover, by comparing panel (a) in Fig. 7 with Fig. 5 we see that the bump of highly excited
Fock states is much suppressed in this new case, signaling the larger stability of this state.

4 Conclusions and outlook
In this paper, we have successfully developed a computational framework for optimizing parameters
in quantum battery models using gradient descent. The method is very general and, as a proof of
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Figure 7: Population distribution of number states ρ(n,n)
B in the steady state of the battery ρB(k) after k = 105

collisions with the optimized c, q parameters shown in Fig. 6 and its associated Wigner function for (a) λ = 100
and (b) λ = 10 with improved strategy as discussed in the main text.

concept, we have studied the optimization of the micromaser QB in a comprehensive and detailed
way, by studying two distinct charging scenarios. As a result, and to confirm the power of this
method, we discovered a new charging protocol that allows for automatic and controlled transitions
between different trapping chambers in Hilbert space, ultimately leading to the stabilization of the
micromaser QB and improved charging efficiency.

The potential implications and future directions prompted by this work are multiple. The
novel computational framework presented in this study is both robust and highly versatile, with
the potential for application to a wide range of QB models. Furthermore, it allows for large-scale
optimization, thus enabling the optimization of a significant number of parameters. An immediate
case of interest to consider is extending the micromaser QB charging optimization to a setup in
which dissipation and other imperfections are present [35, 47]. Similarly, it would be interesting
to test the effectiveness of this method by taking loss functions tailored towards figures of merit
other than the ergotropy, like the charging power.

Additional research opportunities that stem from our findings are to explore optimized dynamics
of QB models for many-body systems [16, 19], such as SYK [18] or spin chains [17], which would be
of particular interest from the point of view of achieving a quantum charging advantage. Another
potential direction for future research would be to investigate the design of practical QB devices
with the support of artificial intelligence tools. Specifically, the optimization framework hereby
presented allows for the optimization of parameters within the constraints of QB model-dependent
variables, which are closely aligned with real-world application requirements [69]. Also, from a more
theoretical perspective, it will be interesting to compare this approach with the reinforcement
learning methods of [56]. Such a close comparison could show in which cases one of the two
approaches is preferable.

In conclusion, this avenue of research holds great promise for the advancement of QB technology
and its potential for future developments and practical applications in the field.
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