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ABSTRACT
We develop an artificial neural network model to predict quantum heat engines working within the experimentally realized framework of
electromagnetically induced transparency. We specifically focus on Λ-type alkali-based cold atomic systems. This network allows us to analyze
the performance of all the alkali atom-based engines. High performance engines are predicted and analyzed based on three figures of merit:
output radiation temperature, work, and ergotropy. Contrary to traditional notion, the algorithm reveals the limitations of output radiation
temperature as a standalone metric for enhanced engine performance. In high-output radiation temperature regime, a Cs-based engine with a
higher output-temperature than a Rb-based engine is characterized by lower work and ergotropy. This is found to be true for different atomic
engines with common predicted states in both high- and low-output radiation temperature regimes. In addition, the ergotropy is found to
exhibit a saturating exponential dependency on the control Rabi frequency.

© 2025 Author(s). All article content, except where otherwise noted, is licensed under a Creative Commons Attribution-NonCommercial-
NoDerivs 4.0 International (CC BY-NC-ND) license (https://creativecommons.org/licenses/by-nc-nd/4.0/). https://doi.org/10.1063/5.0255830

I. INTRODUCTION

The foundational theoretical models of quantum heat engines
(QHEs), exemplified by the pioneering three-level quantum sys-
tem proposed by Scovil and Schulz-DuBois,1 heralded a trans-
formative era in quantum thermodynamics—an interdisciplinary
domain bridging quantum mechanics with classical thermodynam-
ics. This model demonstrated that the efficiency of a QHE, much
like its classical counterparts, is fundamentally constrained by the
Carnot limit2 and established the quantum analog of classical
heat engines. QHEs are typically modeled using two-,3 three-,4 or
more-level quantum systems, spin systems,5 or harmonic oscilla-
tors6 as the working medium. The working medium is coupled
to thermal reservoirs at different or same temperatures, allowing
energy exchange that drives a thermodynamic cycle, akin to classical
heat engines. Recent studies, including advancements in under-
standing efficiency fluctuations,7,8 noise-induced coherences,2,9 and
ergotropy10,11 have underscored the role of QHEs as promising
candidates for next-generation energy technologies.

Building on this foundation, modern research has shifted
toward exploiting advanced quantum phenomena to enhance the
performance and versatility of QHEs. A particularly promising
direction involves the integration of electromagnetically induced
transparency (EIT) into QHE design. EIT is a quantum optical phe-
nomenon where destructive interference between atomic excitation
pathways suppresses absorption at certain frequencies, rendering
the working medium transparent to specific photons,12,13 which
is a direct consequence of quantum coherences. EIT-based QHEs
leverage on this coherence to precisely control light–matter inter-
actions, allowing for increased efficiency in photon exchange.14,15

Fine-tuning the coherence in an EIT system enables the medium
to operate beyond the constraints of Kirchhoff’s law. EIT-based
QHEs, particularly in single-atom QHEs operated within opti-
cal cavities, have demonstrated coherent coupling mechanisms to
enhance photon generation and emission processes.15 Compos-
ite QHEs, which integrate nanomechanical mirrors and ultracold
atomic gases, have also demonstrated increased brightness under
EIT conditions due to mirror-induced modulations in output
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radiation.16 In addition, gain-assisted QHEs utilizing spontaneously
generated coherence have shown improved emission cross sections
and output brightness, showcasing the versatility of EIT in optimiz-
ing QHE.17 A landmark experimental demonstration of EIT-based
QHEs18 used a three-level Λ-configuration of cold rubidium (85Rb)
atoms confined in a two-dimensional magneto-optical trap (MOT).
Thermal reservoirs were simulated by modulating laser beams with
white noise, which introduced random phase components, effec-
tively reproducing thermal environments. Under EIT conditions,
this setup allows the atomic medium to become transparent to
a probe frequency at the line center and measurements of pho-
ton emissions revealed a brightness nearly nine times greater than
that of the ambient reservoir temperature, confirming theoretical
predictions on the enhanced performance of EIT-based QHEs.14

These advancements underscore the versatility of EIT in optimizing
QHE performance, particularly through improvements in emis-
sion brightness and quantum coherence control. One can optimize
the performance of EIT-based QHEs by exploring their parameter
space, i.e., by carefully selecting atomic states and transitions that
produce more output brightness. Such optimizations could enable
more efficient energy extraction, underscoring the need for a com-
prehensive analysis of atomic transitions and configurations. How-
ever, despite these advances, the development of practical EIT-based
QHEs remains challenging due to the extensive parameter space that
must be explored to optimize atomic transitions and configurations.
Leveraging on machine learning approaches could help identify
optimal atomic configurations of coherence, interaction strengths,
and environmental conditions. In this context, artificial neural net-
works (ANNs) offer a powerful tool for efficiently mapping the
relationships between atomic parameters and EIT characteristics,
facilitating the effective screening of potential atomic configurations
that maximize QHE performance.

In this work, ANNs are employed to analyze datasets encom-
passing atomic parameters and EIT properties across various alkali
atoms. By training the ANNs on labeled data, we enable accu-
rate predictions of EIT-based QHEs that exhibit enhanced output
performance. This approach reduces the computational burden of
parameter exploration and accelerates the identification of config-
urations with high potential for practical applications in micro-
scale power generation and cooling. EIT-like phenomena have been
experimentally demonstrated in superconducting circuits using
phase and transmon qubits coupled to microwave resonators,19,20 in
quantum dots with spin-selective optical transitions,21 in nitrogen-
vacancy (NV) centers in diamond at cryogenic temperatures,22 and
in trapped ions via EIT cooling schemes.23 These platforms support
Λ-type configurations and quantum coherence, making them viable
candidates for implementing EIT-based QHEs. While cold atoms
offer long coherence times and clean isolation, solid-state and super-
conducting systems offer integration and scalability, enabling micro-
and nano-scale heat engines with quantum control.

The structure of this paper is as follows: Sec. II introduces the
general model of a Λ-type QHE employing EIT. Section III outlines
the neural network (NN) mapping technique. Section IV accounts
for the data generation process and artificial neural network (ANN)
modeling. Section V discusses the performance of the ANN mod-
els. Section VI highlights the predictions made by the models and
explores their application in identifying optimal atomic systems for
EIT-based QHEs. Finally, conclusions are drawn in Sec. VII.

II. THE MODEL
The atomic configuration analyzed in this study, illustrated in

Fig. 1, is a three-level Λ-type system. Such systems have been exten-
sively investigated as paradigms for generating coherent radiation
without population inversion.1,13,18,24–26 The system operates as a
closed quantum configuration, where the dynamics are primarily
governed by incoherent pumping and spontaneous decay processes.
The ∣1⟩→ ∣2⟩ transition is metastable with a transition frequency
ω12. A monochromatic “coupling” laser with Rabi frequency ΩC is
applied at the line center of the ω23 transition, introducing coherence
to the system. Blackbody radiation at a temperature T13 interacts
with the ∣1⟩→ ∣3⟩ transition, while radiation at a temperature T23
interacts with the ∣2⟩→ ∣3⟩ transition. These temperatures can differ
or be identical, with either being higher than the other. The quan-

tum heat cycle can be described as ∣1⟩ T13Ð→ ∣3⟩ T23Ð→ ∣2⟩ ΩcÐ→ ∣3⟩ ωÐ→ ∣1⟩.
The overall process is as follows: initially, a photon is absorbed from
the T13 reservoir, causing an electron in the ground state ∣1⟩ to
excite to the upper state ∣3⟩. As a result, a photon is emitted into the
T23 reservoir, increasing the population of state ∣2⟩ by one unit. Sub-
sequently, a photon is absorbed from the coupling laser, exciting the
atom from the metastable state ∣2⟩ to the upper level ∣3⟩. In the final
step, a photon of energy ω is emitted during the ∣3⟩→ ∣1⟩ transition,
representing the output of the QHE. This interplay between incoher-
ent and coherent interactions forms the foundation for the enhanced
performance of the QHE.14,18 The Hamiltonian of the system is pro-
vided in supplementary material 1. We assume that the field on the
∣1⟩→ ∣3⟩ transition is sufficiently weak such that the populations are
determined by the driving rates Rij and the strong coupling field
ΩC and obtain ρ̇ii as follows:14,17,18,24

R13ρ33 − R13ρ11 = 0,
R23ρ33 − (R23 +ΩC)ρ22 = 0,

R13ρ11 + (R23 +ΩC)ρ22 − (R23 + R13)ρ33 = 0,
ρ11 + ρ22 + ρ33 = 1,

where R13 and R23 are the transition rates. The rates Rij = Rji are
related to the thermal occupation numbers n̄ij by Rij = Γijn̄ij , where
ωij are the transition frequencies and Γij are the lifetime decay rates
with i, j ∈ (∣1⟩, ∣2⟩, ∣3⟩). The output of the QHE is characterized by

FIG. 1. Energy level diagram for a three-level Λ-type QHE system with states ∣1⟩,
∣2⟩, and ∣3⟩. States ∣1⟩ and ∣3⟩ are in contact with a reservoir at temperature T13
and States ∣2⟩ and ∣3⟩ are in contact with a reservoir at temperature T23. The
double-headed arrow indicates the Rabi frequency (ΩC) between states ∣2⟩ and
∣3⟩, while the single-headed arrow denotes output spectral brightness, B(Δω),
from the highest energy state ∣3⟩ to the ground state ∣1⟩.
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the spectral brightness B(ω, z), which represents the number of pho-
tons per second generated in the z-direction for a single transverse
mode.14,18,25 The maximum brightness is given by B(ω),

B(ω) = Θσem

σabs −Θσem
, (1)

where σabs and σem are the absorption and emission cross
sections,14,25,27 respectively, and Θ is defined as the ratio of
atoms in the upper manifold to those in the ground state, i.e.,
Θ = ρ22 + ρ33/ρ11, which can be obtained by solving for the steadys-
tate population of the three states using a standard master equation
technique.14,25 Expressions of σabs, σem, and Θ are well-described in
the literature14,18,24,25 and also provided in supplementary material
1. We consider a uniform pumping temperature T13 = T23 = T0
because the absorption (σabs) and emission spectra (σem) remain
almost identical when T13 differs from T23 and do not substantially
affect the engine’s performance. The output of the system at the line
center, B(Δω = 0), is intrinsically linked to the effective output radi-
ation temperature T of the atomic system. This temperature can be
calculated as

T = h̵ω13

k ln ( 1
B(Δω=0) + 1)

, (2)

where k is the Boltzmann constant. The normalized ratio T/T0
compares the output radiation temperature T to the reservoir tem-
perature T0. Within the EIT regime, this temperature effectively
assigns an energy value to the work mode of the system. However, T
does not necessarily correspond to the maximum extractable work
from the system, highlighting the need for a more detailed exam-
ination of T/T0. To quantify the maximum extractable work, the
concept of ergotropy, ε, is employed.28,29 Ergotropy provides a pre-
cise measure of the maximum work attainable through cyclic unitary
transformations.11,28,29 Experimental measurements of ergotropy
have been performed in microscopic engines coupled to external
loads.11,29,30 This metric enables the assessment of whether higher
values of T/T0 correspond to a greater potential for extractable
work. It is interesting to note that work can only be extracted
from an active state with respect to the system Hamiltonian. The
concept is framed by considering two distinct density matrices:
the active system density matrix ρ̂(t) and a passive density matrix
ρ̂P(t). Mathematically, ergotropy is defined as difference between
the expectation value of the energy for the active density matrix and
that for the passive density matrix,

ε = ⟨Ĥ0ρ̂(t)⟩ − ⟨Ĥ0ρ̂P(t)⟩, (3)

where Ĥ0 is the system Hamiltonian arranged in ascending eigenba-
sis and ⟨Ĥ0ρ̂P(t)⟩ denotes the expectation value obtained from the
passive density matrix. This passive state is specifically constructed
to yield the minimum expectation value of the operator Ĥ0, ensur-
ing that the difference in Eq. (3) is maximal. The ergotropy, ε, for the
three-level Λ-type system with the active state diag(ρ22, ρ33, ρ11), is
mathematically defined as

ε = h̵ω23 × (ρ33 − ρ22). (4)

Through the evaluation of this quantity, we aim to identify an
approach that enhances the performance of QHEs based on both
T/T0 and ε.

III. NEURAL NETWORK MAPPING
To develop an optimization protocol aimed at identifying

high-performance engines based on the ratio T/T0, we utilized an
artificial neural network (ANN) to predict the upper states of an
EIT-based three-level QHE. Accurately estimating the excited states
is essential, as these states significantly influence the operational
characteristics of the QHE, which are intrinsically linked to engine
performance. The evaluation of engine performance involves sev-
eral tunable parameters, including energy gaps between quantum
states, ambient temperatures, laser characteristics, and Rabi fre-
quencies. These parameters exhibit complex nonlinear interdepen-
dencies, complicating the determination of optimal configurations.
Establishing a precise relationship between the ground and excited
state properties—whether regarding emission dynamics or coupling
strengths—often exceeds the capabilities of traditional analytical
methods, thus necessitating advanced computational techniques.
The physical system under study involves a complex, nonlinear
dependence of thermodynamic observables (work, ergotropy, etc.)
on atomic and radiative parameters. ANNs are particularly effective
in learning such relations efficiently. Previous work has demon-
strated the utility of ANNs in related domains, such as predicting
statistical fluctuations in quantum engines,31–33 designing opti-
mal control protocols, and modeling physical observables in open
quantum systems.

In experimental setups for QHE design, the atomic system is
first selected based on a suitable available protocol. For the chosen
system, the primary tunable parameters are the Rabi frequency ΩC
of the coupling laser and the surrounding thermal temperatures T0.
These parameters directly influence the system’s behavior, particu-
larly its capacity to leverage quantum coherences for enhanced per-
formance. However, identifying the optimal combination of these
parameters to achieve specific excited states poses significant exper-
imental challenges due to the extensive parameter space involved.
To predict states with elevated T/T0 values, we begin with a ground
state characterized by quantum numbers n1, ℓ1, j1, along with vari-
ables such as Rabi frequency (ΩC), atomic (Z) and mass number
(A), laser power (P), reservoir temperature (T13 = T23 = T0), and
effective output radiation temperature (T). Our objective is to ascer-
tain whether predicting two additional states within this three-level
system exhibiting higher T/T0 values is possible. Another key moti-
vation for this research is determining if higher T/T0 ratios correlate
with greater extractable work potential. To achieve this, we consider
laser parameters including Rabi frequency ΩC, transition frequen-
cies ω23 and ω13, and set T13 = T23 = T0 as variable parameters. We
then calculate T/T0 using Eq. (2) and aim to establish the following
mapping:

f : {n1, l1, j1, ΩC, P, T0, T/T0, Z, A}→ {n2, l2, j2, n3, l3, j3}.

To render Rabi frequency ΩC, laser power P, and system
temperature T0 dimensionless, we scale these parameters based
on an experimentally observed engine18 with reference values
of ΩC = 108 Hz, P = 130 W, and T0 = 5778 K. Here, f denotes
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FIG. 2. Schematic of the Artificial Neural Network Architecture. The input layer
consists of nine neurons with labels n1, ℓ1, j1, ΩC, P, T , T13 = T23 = T0, Z, and
A. The output layer consists of six neurons with labels n2, ℓ2, j2, n3, ℓ3, and j3.

the learned many-to-many mapping between input and output
parameters. The mapping is shown in Fig. 2. The ANN model was
trained using supervised learning technique to identify excited states
across various QHE configurations.

IV. DATA GENERATION AND MODELING
In order to generate the data, we analyzed the alkali atoms

Li, Na, K, Rb, Cs, and H and calculated the transition frequencies
(ωn,ℓ,j,n′ ,ℓ′ ,j′ in Hz), transition rates (Rn,ℓ,j,n′ ,ℓ′ ,j′ in s−1), and Rabi fre-
quencies (ΩCn,ℓ,j,n′ ,ℓ′ ,j ′

in Hz) for states characterized by the quantum
number ranges shown in Table I using the Alkali Rydberg Calcula-
tor (ARC) Python API.34 Laser polarization q was fixed at +1, and
the laser waist was set to 50 × 10−6 m. The laser power P varied from
1 to 100 W, while the system temperature T0 ranged from 100 to
6000 K. The atomic number Z and mass number A were adjustable
for defining the atom, and these parameters were used to calculate
the effective output radiation temperature (T/T0) for each alkali
atom using Eq. (2). The quantum numbers n, l, and j were randomly
generated under the constraint n1 < n2 < n3. In total, we generated
4.6 × 106 data points by varying n, l, j, ΩC, P, Z, A, and T0 within
the ranges summarized in Table I. It is important to note that we
restricted the system to quantum numbers n, l, and j to quantify the
levels of the engine, omitting the use of mj. The distribution of the
generated data is provided in supplementary material 3.

The quantum states and laser frequencies considered in
this study are chosen to align with experimentally feasible

configurations, ensuring the practical applicability of the theoret-
ical framework. The energy levels and transitions of alkali atoms
such as cesium, potassium, rubidium, sodium, lithium, and hydro-
gen are well-documented through high-resolution spectroscopy and
laser cooling techniques.35–38 Hydrogen provides access to states
including 1s, the metastable 2s, and Rydberg states (n ≥ 10).39

For cesium, experimentally accessible states include 6S1/2, 6P1/2,3/2,
and Rydberg states (n ∼ 18). Rubidium (85Rb, 87Rb) provides
similar access to 5S1/2, 5P1/2,3/2, and Rydberg states (n ∼ 50).35

Potassium (39K, 40K, 41K), sodium, and lithium similarly exhibit
ground, excited (nP1/2,3/2), and Rydberg states (n ∼ 20). These tran-
sitions correspond to wavelengths in the near-infrared to ultraviolet
range.35,40 Scalar polarizabilities of highly excited states, such as Ryd-
berg states in cesium, have been precisely measured,38 and modern
techniques such as cavity QED and magneto-optical traps enable
control over state transitions and coherence properties. Tunable
lasers and high-precision spectroscopy ensure the laboratory imple-
mentation of the modeled laser-driven dynamics.37,40 We employed
a systematic approach to determine the optimal amount of data
required to train the ANN. First, we use the 4.5 × 106 initial dataset
and shuffle it to ensure randomness. From this shuffled dataset, we
select subsets containing 1000 to 500 000 data points and observe
the performance of the neural network models based on two per-
formance indicators: loss and mean absolute error (MAE) of the
network. The loss (L) for the ANN is defined as mean squared error
between the predicted output ŷ and the true output y, given by41

L = 1
N

N

∑
i=1
(ŷ i − yi)2,

where N is the number of output data points.
MAE for the ANN is defined as average absolute difference

between the predicted output ŷ and the true output y, given by42

MAE = 1
N

N

∑
i=1
∣ŷi − yi∣.

Here, ŷi represents the predicted output for the ith input, and
yi represents the true output for the ith input. We split each sub-
set into training and validation sets, allocating 80% of the data for
training and reserving 20% for validation. Using TensorFlow’s Keras
API,43 we construct three ANN models, each featuring a single input
layer with nine neurons, progressively increasing in complexity with
two, three, and finally four hidden layers, culminating in an output
layer with six neurons. We then perform manual hyperparameter

TABLE I. Range of parameters for data generation.

n ℓ j P ΩC: Via ARC T13 = T23 = T0 Z A

n1 3–12 ℓ1–(1, 10) j1–(0.5, 10.5) (1–130)W, 7 values 300 MHz–24 GHz 100–6000 K, 59 values 1
n2 4–13 ℓ2–(1, 10) j2–(0.5, 10.5) 3 (6, 7)
n3 6–14 ℓ3–(1, 11) j3–(0.5, 11.5) 11

19 (39, 40, 41)
37 (85, 87)
55 (133, 137)
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FIG. 3. Performance metrics for ANNs with two, three, and four hidden layers
across various dataset sizes. (a) Training loss, (b) training MAE, (c) validation
loss, (d) validation MAE, (e) validation/training loss ratio, and (f) validation/training
MAE ratio. (In this context, “HL” stands for hidden layers, “k” means thousand, and
“l” refers to lakh.)

tuning, iterating over various combinations of learning rates,44 num-
ber of neurons, and activation functions45 to optimize each model’s
performance. The model’s performance is evaluated based on loss
and MAE on the training and validation set for each subset of
data. Finally, we visualize the ratio validation/training for both loss
and the MAE w.r.t. dataset size to assess the model’s performance
and identify potential overfitting or underfitting issues. All utilized
resources and codes are available in the repository.46

V. ANN RESULTS
In Figs. 3(a)–3(f), we plot the performance indicators as a

function of the dataset size. Observing the performance indicators
against varying dataset sizes up to 300 thousand samples, we note
a saturation in both metrics, indicating no further increase in the
performance of the models. We find that the ANN with two hid-
den layers (2HL) consistently outperforms its counterparts with
three hidden layers (3HL) and four hidden layers (4HL) across var-
ious dataset sizes, as depicted in Figs. 3(a)–3(f). In particular, the
2HL configuration achieves the most balanced performance in terms
of both training and validation metrics. At larger dataset sizes, the
2HL network achieves a training loss of ∼0.1250 and a training
MAE of 0.2170. These metrics indicate that the 2HL network is
highly efficient at learning the underlying patterns in the training
data while avoiding overfitting. The validation loss and MAE fur-
ther highlight the superior generalization capabilities of the 2HL
network. At larger dataset sizes, the 2HL ANN maintains a valida-
tion loss close to its training loss, and the validation MAE stabilizes
around 0.2170. This near parity between training and validation
metrics demonstrates that the 2HL configuration avoids overfitting
and generalizes well to unseen data. This corresponds to an approx-
imate prediction accuracy of 78.30%, showcasing the capability of
2HL ANN to model complex data while maintaining reliable gen-
eralization. In comparison, the 3HL and 4HL configurations show
higher validation loss and MAE, suggesting poor generalization.
The validation-to-training loss and MAE ratios provide additional
insights into the model’s performance. For the 2HL network, these
ratios remain close to unity across dataset sizes, further confirming
its balanced performance. Conversely, the 3HL and 4HL networks
exhibit ratios consistently below unity, indicating underfitting and
suboptimal performance. In Table II, we present the optimized
hyperparameters and the validation loss and MAE for the three
networks trained on the dataset containing 300 000 data points. Sub-
sequently, we use the ANN model with two hidden layers with 128
neurons each, a learning rate of 0.01, the tanh activation function,
achieving a loss of 0.1250 and a mean absolute error (MAE) of
0.2170, and use this ANN for further analysis.

VI. MODEL PREDICTIONS AND APPLICATION
Using the trained model, we start by predicting the excited

states of alkali atoms for use in a QHE setup. From the initial dataset
consisting of 45 × 106 data points, we selected a subset of 1000 points
for training and validation of the model. The predictions generated
by our model and the associated error distributions are illustrated in
Figs. 4 and 5. Overall, the ANN model appears to perform reason-
ably well in predicting the quantum numbers n, ℓ, and j, with lower

TABLE II. Optimized hyperparameters and validation loss and MAE of the three ANN models at a dataset size of 300 000.

Learning rate No. of neurons Activation function
No. of hidden layers (HL) [0.01, 0.1] [32, 64, 128] [“relu,” “tanh”] Lossvl MAEvl

2 0.01 [128, 128] “tanh” 0.1250 0.2170
3 0.01 [32, 128, 32] “relu” 0.2327 0.3092
4 0.01 [64, 128, 64, 128] “relu” 0.2026 0.2846
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FIG. 4. Actual vs predicted values for n2, ℓ2, and j2 characterizing the second
state. Panels (a), (c), and (e) show scatterplots of the actual vs predicted values
for n2, l2, and j2 quantum numbers, respectively, with larger marker sizes rep-
resenting higher data density. Panels (b), (d), and (f) present histograms of the
prediction errors for n2, l2, and j2, respectively, indicating the model’s accuracy by
the concentration of errors around the zero value.

errors observed for n compared to ℓ and j. All error distributions are
peaked around the zero value.

We filtered out certain QHEs with common states from the
predicted data for all the considered atoms. These engines oper-
ate within three distinct output temperature regimes, characterized
by T/T0 values. These regimes are categorized according to the
experimental framework outlined in Ref. 18: the low range corre-
sponds to T/T0 < 2.24, the mid range to 2.24 ≤ T/T0 ≤ 3.0, and the
high range to T/T0 > 3.0. The engines analyzed within each range
involve specific transitions between atomic energy levels. In the
low-output radiation temperature regime, the transitions are from
ground states 10P2/3 to excited states 11P2/3 and 14D5/2. For the
mid-output radiation temperature regime, the transitions occur
between ground states 10F5/2 and excited states 11F5/2 and 14G7/2. In
the high-output radiation temperature regime, the engines are char-
acterized by transitions from ground states 8H9/2 to excited states
9F5/2 and 14G7/2. In the three regimes, we inspect whether T/T0
corresponds to important thermodynamic quantities measuring the

FIG. 5. Actual vs predicted values for n3, ℓ3, and j3 characterizing the third state.
Panels (a), (c), and (e) show scatterplots of the actual vs predicted values for n3,
l3, and j3 quantum numbers, respectively, with larger marker sizes representing
higher data density. Panels (b), (d), and (f) present histograms of the predic-
tion errors for n3, l3, and j3, respectively, indicating the model’s accuracy by the
concentration of errors around zero.

performance of the engines. We chose to evaluate the work (W) and
ergotropy (ε) for all the engines in the three regimes and attempted
to draw a parallel between T/T0, W, and ε. The work done for the
transition ∣1⟩→ ∣3⟩ is given by

W = ΔE − TΔS, (5)

where the energy difference is ΔE = hω13 and the entropy
change associated with the transition is ΔS = −hω13/T0 − hω23/T0
− hω13/T.14,18

In Figs. 6(a)–6(h), we analyze the engines based on T/T0,
W, and ε in the low-output radiation temperature regime. In
Figs. 6(a)–6(c), we show the output radiation temperature T/T0,
reservoir temperature T13 = T23 = T0, and ΩC values, respectively,
which were used as input for the ANN. In Fig. 6(d), we present the
variation of ε and W for the different alkali atoms. In Figs. 6(e) and
6(f), we show the variation of hω13 and TΔS, which help explain
the observed work values. Finally, in Figs. 6(g) and 6(h), we dis-
play the variation of ρ33 − ρ22 and hω23, which dictate the ε values.
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FIG. 6. Comparison of various thermodynamic properties for alkali atoms (H, Li,
Na, K, Rb, and Cs) in a QHE setup for a low range of T/T0. (a) Ratio of the
output radiation temperature to the bath temperature T/T0. (b) Temperature of
the reservoirs T13 = T32 = T0 in K. (c) Rabi frequency ΩC between states 11P2/3
and 14D5/2 in Hz. (d) Work, W(Z) in J vs ergotropy ε(Z) in J for each atom as a
function of the atomic number. (e) Transition energy hω13 between states 10P3/2
and 14D5/2 in J. (f) Entropy change TΔS in J. (g) Population difference between
states, 14D5/2 and 11P2/3, ρ33 − ρ22. (h) Transition energy hω23 between states
11P2/3 and 14D5/2 in J.

In this regime, potassium (K) exhibits the highest T/T0 value, fol-
lowed by cesium (Cs) [Fig. 6(a)]. However, potassium (K) does not
produce the highest work (W) or ergotropy (ε) [Fig. 6(d)]. This
is because hω13, the energy gap, is relatively small for K [Fig. 6(e)],
TΔS, the entropy contribution, is relatively large [Fig. 6(f)], and the
population difference ρ33 − ρ22 is also small [Fig. 6(g)]. On the other
hand, cesium (Cs) achieves the highest work (W) due to its large
hω13 [Fig. 6(e)] and relatively small TΔS [Fig. 6(f)]. However, Cs has
lower ergotropy (ε) because the population difference ρ33 − ρ22 is
small [Fig. 6(g)], even though it has a high hω23 value [Fig. 6(h)].
Finally, rubidium (Rb) exhibits the highest ergotropy (ε) because
it has both a large population difference ρ33 − ρ22 [Fig. 6(g)] and a
high hω23 value [Fig. 6(h)]. In the mid-temperature regime, hydro-
gen (H) and cesium (Cs) exhibit elevated T/T0 values [Fig. 7(a)].

FIG. 7. Comparison of various thermodynamic properties for alkali atoms (H, Li,
Na, K, Rb, and Cs) in a QHE setup for mid-range of T/T0. (a) Ratio of the out-
put radiation temperature to the bath temperature T/T0. (b) Temperature of the
reservoirs T13 = T32 = T0 in K. (c) Rabi frequency ΩC between states 11F5/2 and
10F5/2 in Hz. (d) Work, W(Z) in J vs ergotropy ε(Z) in J for each atom as a func-
tion of the atomic number. (e) Transition energy hω13 between states 10F5/2 and
14G7/2 in J. (f) Entropy change TΔS in J. (g) Population difference between states
11F5/2 and 10F5/2, ρ33 − ρ22. (h) Transition energy hω23 between states 11F5/2 and
10F5/2 in J.

Cesium achieves high work (W) due to its large energy gap (hω13),
the highest among the elements considered [Fig. 7(e)] and rela-
tively low entropy contribution TΔS [Fig. 7(f)]. Similarly, hydrogen
produces significant work, attributed to its comparable energy gap
(hω13) [Fig. 7(e)], its high T/T0 value [Fig. 7(a)], and relatively low
entropy contribution TΔS [Fig. 7(f)]. The ergotropy (ε) values for
both H and Cs are also high, primarily due to their large popula-
tion differences (ρ33 − ρ22) [Fig. 7(e)]. In addition, cesium benefits
from high hω23 [Fig. 7(h)], which further enhances its ergotropy.
Hydrogen also has a similar hω23 [Fig. 7(h)]; its strong population
difference [Fig. 7(g)] and low entropy contribution [Fig. 7(f)] allow
it to maintain high ergotropy.

In the high-output radiation temperature regime, rubidium
(Rb) and cesium (Cs) exhibit the highest T/T0 values [Fig. 8(a)].
Rubidium achieves superior work (W) and ergotropy (ε) due to
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FIG. 8. Comparison of various thermodynamic properties for alkali atoms (H, Li,
Na, K, Rb, and Cs) in a QHE setup for high range of T/T0. (a) Ratio of the out-
put radiation temperature to the bath temperature T/T0. (b) Temperature of the
reservoirs T13 = T32 = T0 in K. (c) Rabi frequency ΩC between states 9F5/2 and
14G7/2 in Hz. (d) Work, W(Z) in J vs ergotropy ε(Z) in J for each atom as a
function of the atomic number. (e) Transition energy hω13 between states 8H9/2
and 14G7/2 in J. (f) Entropy change TΔS in J. (g) Population difference, 9F5/2 and
14G7/2, between states ρ33 − ρ22. (h) Transition energy hω23 between states 9F5/2
and 14G7/2 in J.

its large energy gap (hω13) [Fig. 8(c)], significant population differ-
ence (ρ33 − ρ22) [Fig. 8(g)], and relatively low entropy contribution
(TΔS) [Fig. 8(f)]. In contrast, cesium (Cs), despite having a compa-
rable T/T0 value [Fig. 8(a)], exhibits lower work (W) and ergotropy
(ε) [Fig. 8(d)]. This is primarily due to a slightly higher entropy
contribution (TΔS) [Fig. 8(f)] and smaller population difference
(ρ33 − ρ22) [Fig. 8(e)]. These findings demonstrate that T/T0 alone
is insufficient to determine engine performance in all regimes. While
it can serve as a reliable metric in the mid-range, it fails in the low
and high regimes.

To further quantify if Rabi frequency also plays an important
role in determining ergotropy and work, we explore the relation
between Rabi frequency and ergotropy. To do this, we analyze an
Rb-based engine with ground-state configuration 6F7/2, where

FIG. 9. Ergotropy (ε) in Hz of 87Rb based QHE as a function of Rabi frequency
(ΩC) in Hz for T/T0 = 2. The scatter points represent the actual data, and the
dotted line represents the fitted model, Eq. (6). The inset shows the change ρ33 as
a function of ΩC.

excited states 8P3/2 and 10D5/2 correspond to T/T0 = 2 and we plot
the ergotropy until 109 Hz. In Fig. 9, we show the variation of ε with
ΩC. The ergotropy as a function of ΩC exhibits nonlinear behavior,
characterized by a rapid increase, followed by saturation. At low ΩC,
the ergotropy is limited due to weak coupling. As ΩC increases, the
system achieves greater population redistribution, maximizing the
extractable work. However, the saturation of ε at high ΩC indicates
that there is an upper limit to the ergotropy, beyond which further
driving yields no additional work and hence after a certain value
of ΩC (∼109 Hz), the ergotropy saturates. The saturation behav-
ior of ergotropy arises primarily from the population dynamics of
the upper energy level, ρ33 in the Λ-type system. While the popu-
lation difference ρ33 − ρ22 formally determines the ergotropy, there
is negligible contribution from ρ22, which implies that the behavior
is effectively governed by ρ33 alone. As shown in the inset of Fig. 9,
ρ33—which directly determines the ergotropy—also saturates with
increasing ΩC. This behavior indicates that, beyond a certain drive
strength, the coherence-assisted energy transfer stabilizes, and fur-
ther increases in Rabi frequency no longer enhance the population
imbalance or extractable work. This saturation can be interpreted as
a practical upper bound to the performance gain achievable through
increasing coherence (via stronger driving). While it may not repre-
sent a fundamental quantum limit, it sets an effective optimization
ceiling for coherence-driven QHEs within a given system. Since each
of ΩC for all three cases considered is greater than ∼109 Hz, we sug-
gest that Rabi frequency has no role to play in the considered cases.
This behavior is quantified using an exponential model,

ε(ΩC) = a(1 − e−bΩC) + c, (6)

where parameters a, b, c are fitting constants. The best-fit parameters
were determined as follows: a = 1.066 × 1012, b = 4.077 × 10−9,
c = 3.547 × 1014. The dotted curve illustrates our fitted model while
scatter points reflect actual data observations. A similar trend is
consistently observed across all alkali atoms.

Figure 10 illustrates the ergotropy (ε) as a function of ΩC for
alkali atoms (H, Li, Na, K, Rb, and Cs) at an output radiation tem-
perature T/T0 ≈ 3. Each subplot corresponds to a specific atom,
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FIG. 10. Ergotropy (ε) in Hz as a function of Rabi frequency (ΩC) in Hz of alkali
atoms (H, Li, Na, K, Rb, and Cs) with output radiation temperature (T/T0) ≈ 3.
The scatter points represent the actual data, and the red line represents the fitted
model, Eq. (6).

demonstrating the fitted curve (red line) based on Eq. (6) alongside
the numerical data (black dots). The fitting parameters a, b, and c
are presented within each plot. The results again reveal the satura-
tion of ergotropy with increasing ΩC, highlighting the consistency
of the fitted model with the numerical data.

VII. CONCLUSION
In this study, we developed an artificial neural network (ANN)

model to predict the excited states of Λ-type alkali atom-based
quantum heat engines (QHEs), which are of utmost importance
to experimentalists. Such types of engines have been experimen-
tally demonstrated within the working regime of electromagnetically
induced transparency, with cold atoms serving as the platform. The
ANN algorithm successfully mapped the input domain spanning
the ground state quantum numbers, Rabi frequency, laser power,
reservoir temperature, atomic number, mass number, and the effec-
tive output radiation temperature to the desired output domain.
We defined the output domain to be the excited states of the QHE.
Following extensive hyperparameter tuning, the optimal neural net-
work architecture comprised of two hidden layers with 128 neurons
each, a learning rate of 0.01, and a “tanh” activation function. This
configuration achieved a validation loss of 0.1250 and a valida-
tion mean absolute error (MAE) of 0.2170, corresponding to an
approximate accuracy of 78.30%. The analysis of QHEs across three
distinct output radiation temperature regimes reveal that the engine

performance needs to be assessed through the macroscopic work
and ergotropy. The energy gap of states ∣1⟩ and ∣3⟩ along with the
population difference between states ∣2⟩ and ∣3⟩ dictate the over-
all performance of the QHE through the three metrics. For atomic
engines with common states but different atomic numbers, the work
was found not to increase with the increase in energy gap between
states ∣1⟩ and ∣3⟩. This is due to entropic contributions in the work
mode, which is different for different atoms and quantum num-
bers. The ergotropy, being a product of the energy difference and
the population difference between states ∣2⟩ and ∣3⟩, also does not
follow a strict trend with the increasing atomic number or quantum
numbers. In the low-output radiation temperature regime, although
K was found to have the highest output radiation temperature,
cesium demonstrated the maximum work output due to its rela-
tively large energy gap coupled with a minimal entropy contribution.
Meanwhile, rubidium possessed the highest ergotropy, primarily
attributed to its significant population difference and a substantial
energy gap. For the mid-output radiation temperature regime, both
hydrogen and cesium excelled in terms of work and ergotropy. Their
superior performance was attributed to the respective high energy
gaps and high population differences. In the high-output radia-
tion temperature regime, rubidium surpassed other alkali atoms in
both work and ergotropy due to its optimal energy gaps and low
entropy contribution. Rb’s dominance persisted despite cesium’s
comparable output radiation temperature. Our findings reveal that
the output radiation temperature alone does not serve as an only
predictor for engine performance. While the output radiation tem-
perature shows a strong correlation with work and ergotropy in the
mid-output radiation temperature regime, additional factors, such
as energy gaps, population differences, and entropy contributions,
emerge as decisive in the low- and high-output radiation tempera-
ture regimes. We also investigated the influence of Rabi frequency
(ΩC) on ergotropy in an Rb-based engine. The ergotropy (ε) was
found to exhibit a nonlinear increase with ΩC due to enhanced
population redistribution among states ∣2⟩ and ∣3⟩, followed by sat-
uration. This led us to conclude that ΩC has no significant role
in improving ergotropy beyond a certain ΩC limit characteristic to
the atom and quantum number under consideration. These results
emphasize the multifaceted nature of QHE optimization and high-
light the importance of a comprehensive parameter space analysis
for enhancing the design and operation of quantum devices under
varying thermodynamic conditions. Our study paved the way to
integrate learning recipe with quantum mechanical data during the
experimental prognosis of QHEs.

SUPPLEMENTARY MATERIAL

This supplementary material supports the main study on EIT-
based quantum heat engines by detailing the theoretical model,
neural network architecture, and dataset analysis. It presents the
Hamiltonian of a closed three-level atomic system, derives expres-
sions for spectral brightness and absorption/emission cross sec-
tions, and establishes thermodynamic bounds on photon emission
temperature. It also outlines the architecture of a predictive arti-
ficial neural network with two hidden layers (128 neurons each),
tanh activation, linear output, and training via the Adam optimizer.
Finally, histogram analyses compare quantum numbers and physical
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parameters across the used datasets, showing that the smaller subset
retains the overall statistical trends.
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electromagnetically induced transparency,” Phys. Rev. Lett. 64, 1107 (1990).
14S. E. Harris, “Electromagnetically induced transparency and quantum heat
engines,” Phys. Rev. A 94, 053859 (2016).
15J.-Y. Ma, H.-Z. Shen, X.-J. Zhang, and J.-H. Wu, “Single-atom quantum heat
engine based on electromagnetically induced transparency,” Phys. Rev. A 109,
012207 (2024).
16R. Laskar, “Proposal for composite quantum electromagnetically induced trans-
parency heat engine coupled by a nanomechanical mirror,” J. Phys. B: At., Mol.
Opt. Phys. 57, 025402 (2024).
17L. Niaz, Y.-L. Chuang, F. Badshah, and Rahmatullah, “Gain-assisted quan-
tum heat engine based on electromagnetically induced transparency,” Optik 306,
171816 (2024).
18Y. Zou, Y. Jiang, Y. Mei, X. Guo, and S. Du, “Quantum heat engine using
electromagnetically induced transparency,” Phys. Rev. Lett. 119, 050602 (2017).
19A. A. Abdumalikov, O. Astafiev, A. M. Zagoskin, Y. A. Pashkin, Y. Nakamura,
and J. S. Tsai, “Electromagnetically induced transparency on a single artificial
atom,” Phys. Rev. Lett. 104, 193601 (2010).
20I.-C. Hoi, A. F. Kockum, T. Palomaki, T. M. Stace, B. Fan, L. Tornberg, S. R.
Sathyamoorthy, G. Johansson, P. Delsing, and C. M. Wilson, “Giant cross–Kerr
effect for propagating microwaves induced by an artificial atom,” Phys. Rev. Lett.
111, 053601 (2013).
21X. Xu, B. Sun, P. R. Berman, D. G. Steel, A. S. Bracker, D. Gammon, and L. J.
Sham, “Coherent optical spectroscopy of a strongly driven quantum dot,” Science
317, 929–932 (2007).
22V. M. Acosta, K. Jensen, C. Santori, D. Budker, and R. G. Beausoleil,
“Electromagnetically induced transparency in a diamond spin ensemble enables
all-optical electromagnetic field sensing,” Phys. Rev. Lett. 110, 213605 (2013).
23C. F. Roos, D. Leibfried, A. Mundt, F. Schmidt-Kaler, J. Eschner, and R. Blatt,
“Experimental demonstration of ground state laser cooling with electromagneti-
cally induced transparency,” Phys. Rev. Lett. 85, 5547–5550 (2000).
24M. Fleischhauer, A. Imamoglu, and J. P. Marangos, “Electromagnetically
induced transparency: Optics in coherent media,” Rev. Mod. Phys. 77, 633–673
(2005).
25A. Imamolu, J. E. Field, and S. E. Harris, “Lasers without inversion: A closed
lifetime broadened system,” Phys. Rev. Lett. 66, 1154–1156 (1991).
26J. E. Geusic, E. O. Schulz-DuBios, and H. E. D. Scovil, “Quantum equivalent of
the Carnot cycle,” Phys. Rev. 156, 343–351 (1967).
27D. Mihalas and B. W. Mihalas, Foundations of Radiation Hydrodynamics
(Oxford University Press, New York, 1984), p. xv+718.
28B. Çakmak, “Ergotropy from coherences in an open quantum system,” Phys.
Rev. E 102, 042111 (2020).
29T. Biswas, M. Łobejko, P. Mazurek, K. Jałowiecki, and M. Horodecki,
“Extraction of ergotropy: Free energy bound and application to open cycle
engines,” Quantum 6, 841 (2022).
30C. Elouard and C. Lombard Latune, “Extending the laws of thermodynamics for
arbitrary autonomous quantum systems,” PRX Quantum 4, 020309 (2023).
31S. K. Giri and H. P. Goswami, “Nonequilibrium fluctuations of a driven
quantum heat engine via machine learning,” Phys. Rev. E 99, 022104 (2019).
32G.-x. Deng, H. Ai, B. Wang, W. Shao, Y. Liu, and Z. Cui, “Exploring the optimal
cycle for a quantum heat engine using reinforcement learning,” Phys. Rev. A 109,
022246 (2024).
33P. A. Erdman and F. Noé, “Identifying optimal cycles in quantum thermal
machines with reinforcement-learning,” npj Quantum Inf. 8, 1 (2022).
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