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Unraveling quantum environments: Transformer-assisted learning in Lindblad dynamics
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Understanding dissipation in open quantum systems is crucial for the development of robust quantum tech-
nologies. In this work, we introduce a transformer-based machine learning framework to infer time-dependent
dissipation rates in systems governed by the Lindblad master equation. Our method requires only time series
of observable quantities, such as 〈σx (t )〉, 〈σy(t )〉, and 〈σz(t )〉, and does not require prior knowledge of the
initial quantum state or the system Hamiltonian during inference. We demonstrate the effectiveness of our
approach across a hierarchy of open quantum models, including single-qubit systems with time-independent and
time-dependent jump rates, two-qubit interacting systems (e.g., Heisenberg and transverse Ising models), and the
Jaynes-Cummings model with cavity loss and time-dependent decay. Our method accurately reconstructs both
fixed and time-varying dissipation profiles from observable trajectories. We further show that under reasonable
assumptions, the jump rates in these models are uniquely determined by a small set of measurable observables.
The results suggest that transformer-based learning provides a scalable and data-driven route for identifying
environmental effects in open quantum systems.
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I. INTRODUCTION

Open quantum systems play a fundamental role in quantum
information, condensed matter physics, and quantum thermo-
dynamics [1,2]. Unlike closed systems, which evolve unitarily
under the Schrödinger equation, open quantum systems in-
teract with external environments, resulting in nonunitary
dynamics. Environmental coupling introduces dissipation and
decoherence, making the analysis of such systems essential
for understanding real-world quantum technologies [3].

In the weak-coupling regime, the dynamics of an open
system’s density matrix ρ are often modeled by the Lindblad
master equation [1],

ρ̇ = −i[H, ρ] +
∑

i

γi

(
LiρL†

i − 1

2
{L†

i Li, ρ}
)

, (1)

where H governs the unitary evolution, Li are jump operators
that encode system-environment interactions, and γi � 0 are
decay rates that quantify the coupling strength.

In many experimental settings, both the jump operators and
the dissipation rates γi can be complex or time dependent
[4–7]. This uncertainty motivates a sensing-based approach:
embed a known quantum system (e.g., a qubit or photonic
state) into an unknown environment and infer the dissipation
parameters from observable dynamics. This concept underlies
quantum sensing protocols [8], which have been demonstrated
on platforms including superconducting flux qubits [9], pho-
tonic systems [10], and trapped ions [11].

Published by the American Physical Society under the terms of the
Creative Commons Attribution 4.0 International license. Further
distribution of this work must maintain attribution to the author(s)
and the published article’s title, journal citation, and DOI.

In this work, we explore whether such observable time-
series data can be used to infer environmental properties,
and propose using modern sequence modeling architectures—
specifically the transformer [12–15]—to learn time-dependent
dissipation rates in open quantum systems.

We begin with the single-qubit case, where the jump op-
erators are fixed but the dissipation rate γ (t ) is unknown.
The model input consists of local observable trajecto-
ries: 〈σx(t )〉, 〈σy(t )〉, and 〈σz(t )〉. We demonstrate that a
transformer-based regression model can accurately recon-
struct the time-dependent γ (t ) from these observables.

We then extend our analysis to two-qubit systems with
interacting Hamiltonians. In particular, we consider the
anisotropic Heisenberg model (realized in quantum dot arrays
[16–20]) and the transverse-field Ising model (implemented
in ion-trap and Rydberg platforms). In both cases, the
transformer model successfully predicts the dissipation rates
associated with each qubit, showing strong generalization
across coupling regimes.

To further test the method in hybrid quantum systems, we
apply it to the open Jaynes-Cummings model [21], which de-
scribes light-matter interaction between a qubit and a photon
mode. Here, the model predicts six time-dependent coeffi-
cients parametrizing the dissipation rates κ (t ) and γ (t ), based
on the observable sequences 〈σs(t )〉, s ∈ {x, y, z}, 〈a†a(t )〉,
and 〈X ⊗ σz(t )〉.

In all cases, the transformer model achieves high predic-
tive accuracy. We summarize full architectural and training
details in Appendixes B–D. Moreover, we provide the-
oretical results justifying the identifiability of dissipation
rates from observable trajectories under mild assumptions.
Analytical derivations for both the single-qubit Lindblad
case and the Jaynes-Cummings model are presented in
Appendix E.
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Our results suggest that data-driven sequence models can
serve as effective and scalable tools for extracting physical
parameters in open quantum systems, offering a robust alter-
native to analytic inversion or system identification methods.

We note that our current model is restricted to time-local
Lindblad dynamics with non-negative rates. In particular, we
assume that the Lindblad structure and jump operators are
known a priori (e.g., amplitude damping via σ−, or cavity
loss via a). This is consistent with many realistic scenarios
in quantum hardware, where dominant decoherence channels
are experimentally well characterized. Under this assump-
tion, our method learns the effective dissipation rates γi(t )
within a fixed operator representation and does not attempt
to reconstruct microscopic bath parameters such as spectral
density or temperature. When the true dynamics exhibits non-
Markovian features, such as temporarily negative γ (t ), the
inferred rates may not correspond to a physically consistent
generator. Extending the present framework to capture such
memory effects—e.g., via learning nonlocal memory kernels
or non-Lindbladian propagators—is an interesting direction
for future work.

Related work. Recent efforts have applied machine learn-
ing to characterize quantum dynamics, including noise
classification [22,23], effective Lindbladian recovery from
unitary simulations [24], and dynamical inference using ten-
sor networks [25] or dynamical maps [26]. While powerful,
these methods often require full density matrices, high-fidelity
state tomography, or are restricted to classification tasks.
Closer in spirit, Bairey et al. [27] reconstruct Lindbladi-
ans from steady states, though such approaches may fail in
systems with trivial attractors (e.g., vacuum under bosonic
loss). Our method instead focuses on regressing time-varying
dissipation rates from limited observables, under known op-
erator structure, and requires no access to initial states or
full tomography. This positions our framework as a scalable,
data-driven tool for dissipation identification in realistic NISQ
platforms.

Machine learning method basics

In recent years, machine learning has emerged as a power-
ful tool across various domains of physics [28]. Applications
include phase classification in condensed matter systems
[29–32], modeling nonequilibrium dynamics [33,34], explor-
ing the string theory landscape and holographic dualities
[35,36], simulating quantum many-body systems [37], quan-
tum state tomography [38,39], enhancing quantum hardware
performance [40], and quantum machine learning [41,42]. In
molecular physics and chemistry, machine learning has also
been applied to accelerate molecular dynamics simulations
[43,44].

When specialized in time-series prediction or natural lan-
guage processing (NLP), a wide array of architectures have
been developed to capture temporal correlations, starting with
recurrent neural networks (RNNs) [45], gated recurrent units
(GRUs) [46], and several gated variants such as long short-
term memory (LSTM) networks [47]. More recently, the
transformer architecture [12] has revolutionized the field by
replacing recurrence with self-attention mechanisms, enabling
scalable modeling of long-range dependencies. Its success in

NLP has inspired applications across fields, including physics
[48,49].

II. MODEL AND QUANTITIES OF INTEREST

We now describe the learning task and modeling setup.
As discussed in Eq. (1), the dynamics of open quantum sys-
tems are governed by the Lindblad master equation [50,51],
where H is the system Hamiltonian, Li are jump operators,
and γi(t ) � 0 are time-dependent dissipation rates. This form
ensures the dynamics remains completely positive and trace
preserving (CPTP) [52]. Conversely, any divisible CPTP map
admits a representation of this structure.

We assume that both the Hamiltonian H and jump op-
erators {Li} are known during data generation, as they are
required to simulate time-series observables for training.
However, the inference model itself does not receive H or
the coupling constants as input. Our goal is to learn the
time-dependent dissipation rates {γi(t )} from observable tra-
jectories alone.

For example, consider a single-qubit system with Hamil-
tonian H = σz and a single jump operator σ− with time-
dependent dissipation γ (t ),

ρ̇ = −i[H, ρ] + γ (t )
(
σ−ρσ+ − 1

2 {σ+σ−, ρ}). (2)

If the system is initialized in multiple states and we record
observables such as 〈σx(t )〉, 〈σy(t )〉, and 〈σz(t )〉 over time,
then, in principle, γ (t ) can be reconstructed, as the Pauli
observables span the full space of Hermitian operators on a
qubit. However, the exact inversion formulas are analytically
involved; see Appendix E for explicit derivations. This reflects
a realistic scenario in experiments, where the form of the
Hamiltonian is engineered and known, but the dissipation
profile remains uncertain.

To proceed, we cast the reconstruction of γ (t ) as a regres-
sion problem. The input consists of observable trajectories
generated from random initial states and the output is a
finite-dimensional parametrization of γ (t ). To represent the
time-dependent dissipation profile, we adopt the Bernstein
polynomial basis of fixed degree n. This basis offers a simple
yet expressive representation for non-negative functions on
[0,1]. Specifically, the Bernstein basis of degree n consists of

b j,n(t ) =
(

n

j

)
t j (1 − t )n− j, j = 0, 1, . . . , n, (3)

and any non-negative linear combination γ (t ) =∑n
j=0 a jb j,n(t ) with a j � 0 guarantees γ (t ) � 0 on [0,1].

This avoids the sign indefiniteness inherent in monomial
bases (e.g., {1, t, t2}) and enables random sampling or
learning over the coefficient space. A detailed discussion
of the Bernstein basis and its approximation properties is
provided in Appendix A.

The learning task is thus reduced to predicting the coef-
ficient vector {a0, . . . , an} from time-series input features. In
our implementation, we use a transformer model trained on
multiple trajectories to output these coefficients. The model
is trained using a supervised loss over many initial states and
dissipation profiles.

An overview of the entire pipeline is depicted in Fig. 1.
Observable time series such as 〈σx(t )〉, 〈σy(t )〉, and 〈σz(t )〉
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FIG. 1. Schematic illustration of the machine learning pipeline. Time-series data of local observables 〈σx,y,z(t )〉 are used as input features
to a transformer model trained to regress the time-dependent dissipation rate γ (t ). The dissipation profile is parameterized using a Bernstein
polynomial expansion. This approach is applied to single- and two-qubit systems, as well as light-matter interaction models.

are encoded as fixed-length feature vectors. The transformer
learns to regress the dissipation profile by predicting the cor-
responding Bernstein coefficients. This framework will be
applied in the next sections to various systems, including
single-qubit models, two-qubit interactions, and the Jaynes-
Cummings model.

III. EXAMPLES

In this section, we apply our framework to several concrete
systems and summarize the setup of each in Table I.

A. Single-qubit dissipative systems

We begin with four representative examples involving
single-qubit open dynamics. The first case considers a simple
Hamiltonian H = σz with a constant but unknown dissipation
rate γ− associated with the jump operator σ−. The goal is to

predict the scalar value of γ− from the observable trajectory
〈σz(t )〉.

The second case extends this setup to time-dependent dis-
sipation: γ−(t ) is parameterized by a second-order Bernstein
polynomial. In both the first and second examples, the system
is initialized in the ground state |0〉.

In the third and fourth examples, the initial state is drawn
randomly from the Haar measure over pure qubit states. This
is achieved by sampling the components α j from independent
complex Gaussian distributions CN (0, 1) and normalizing
the resulting vector. These random initializations provide a
more general testing ground for the model’s robustness across
input variability.

In all four cases, we generate 1000 simulation trajectories
using the q ut ip package [53], each with randomly sampled
dissipation rates. The input features consist of observable time
series, either 〈σz(t )〉 or 〈σx,y,z(t )〉, depending on the initial

TABLE I. Details of examples shown in the single-qubit space C2. For the first and third examples, we pick γ+, γ− uniformly at random
in (0,2). For the third and fourth examples, we pick γ±(t ) = ∑2

j=0 γ±, jb j,2(t ), where bj,2(t ) is the jth Bernstein polynomial of degree 2, with
all γ±, j ∈ (0.1, 2). We denote Hp to be the Hilbert space of a single photon.

Hilbert Space Hamiltonian Initial Jump operator L, rate γ Input

C2 σz |0〉 (σ−, γ−) 〈σz(t )〉
C2 σz Haar random (σ−, γ−), (σ+, γ+) 〈σi(t )〉, i ∈ {x, y, z}
C2 σz |0〉 [σ−, γ−(t )] 〈σz(t )〉
C2 σz Haar random [σ−, γ−(t )], (σ+, γ+(t ) 〈σi(t )〉, i ∈ {x, y, z}
C2 ⊗ C2 J (σ (1)

x σ (2)
x + σ (1)

y σ (2)
y + σ (1)

z σ (2)
z ) Haar random (σ−, j, γ−, j), (σ+, j, γ+, j) 〈σ j

i (t )〉, i ∈ {x, y, z}, j ∈ {1, 2}
C2 ⊗ C2 Jσ (1)

z σ (2)
z + h(σ (1)

x + σ (2)
x ) Haar random (σ−, j, γ−, j), (σ+, j, γ+, j) 〈σ j

i (t )〉, i ∈ {x, y, z}, j ∈ {1, 2}
C2 ⊗ Hp ωca†a + ωq

2 σz + g(σ+a + σ−a†) Haar random ⊗|n〉 [σ−, γ−(t )], [a, κ (t )] 〈σi(t )〉, i ∈ {x, y, z}, 〈n(t )〉, 〈σz ⊗ Xphoton(t )〉
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(a) Single-qubit dissipation system

(b) Two-qubit dissipation system (Heisenberg model)

FIG. 2. Predictions of dissipation rates for single- and two-qubit
systems. (a) Results from the first three single-qubit examples in Ta-
ble I. The top row illustrates prediction of time-dependent dissipation
rates. The first panel corresponds to Example 1, with a single channel
γ−(t ) and jump operator σ−. The second and third panels correspond
to Example 2, which includes both γ+(t ) and γ−(t ) associated with
jump operators σ+ and σ−. The bottom row shows the predicted
Bernstein coefficients a0, a1, and a2 for Example 3, where γ−(t ) =∑2

k=0 akbk,2(t ) is expanded in the Bernstein basis. (b) The predicted
dissipation rates for the Heisenberg two-qubit model, involving four
constant rates γ±, j acting on each qubit j = 1, 2.

state. The model is trained to regress either the constant γ

or the Bernstein coefficients if γ (t ) is time dependent. The
dataset is split into 80% training and 20% testing.

Model architecture, feature extraction techniques, and ad-
ditional training details are provided in Appendix B. Results
for the first three examples are shown in Fig. 2(a). The top
panel corresponds to the first example (constant γ−); the
second and third panels illustrate the performance on time-
dependent γ−(t ) with deterministic and random initial states,
respectively. The R2 scores in all three cases exceed 0.99,
indicating excellent predictive performance.

The fourth example introduces two time-dependent dis-
sipation channels γ+(t ) and γ−(t ), corresponding to jump
operators σ+ and σ−. Each is represented using a second-
order Bernstein basis. This results in a six-dimensional output
space. Due to space constraints, results for this case are in-
cluded in Appendix B.

B. Two-qubit dissipative systems

After validating our approach on single-qubit systems,
we extend the framework to two-qubit dissipative systems
with constant pumping and loss channels. We consider
two widely studied Hamiltonians: The Heisenberg exchange
Hamiltonian, H = J (σ (1)

x σ (2)
x + σ (1)

y σ (2)
y + σ (1)

z σ (2)
z ), relevant

to quantum dot architectures [16–20], and the transverse-field
Ising model, H = Jσ (1)

z σ (2)
z + h(σ (1)

x + σ (2)
x ), commonly real-

ized in superconducting circuits, trapped ions, and cold-atom
platforms [54–56].

Both models serve as minimal testbeds for studying dis-
sipation, entanglement, and open-system dynamics under
tunable interactions. For the Heisenberg model, we sample
J ∈ (0, 2) uniformly. For the transverse-field Ising model,
we sample (J, h) ∈ (0.1, 2)2 and assign four dissipation rates
γ±, j ∈ (0.1, 2) for j = 1, 2, corresponding to jump operators
σ±, j acting on each qubit.

The model input consists of local observables 〈σ (1)
x,y,z(t )〉

and 〈σ (2)
x,y,z(t )〉 and the regression target is the set of unknown

rates {γ±,1, γ±,2}. Results for the Heisenberg model are shown
in Fig. 2(b), where the transformer accurately predicts all four
rates with R2 � 0.95.

Each trajectory is generated from a product of Haar-
random pure states and evolved under the Lindblad master
equation. We simulate 3000 examples for each model. The
dataset is split into 80% training and 20% testing. Feature
extraction techniques are applied to improve performance, and
full implementation details are provided in Appendix C.

These two-qubit models are summarized in columns 5
and 6 of Table I. The dataset offers a testbed for learning
dissipative dynamics with tunable interactions and multi-
qubit decoherence. Notably, our model achieves this inference
without access to the coupling constants or the underlying
Hamiltonian parameters, relying solely on observable tra-
jectories. Theoretical justification for identifiability of the
dissipation rates in this setting is given in Appendix E.

While the two-qubit benchmarks already demonstrate the
ability of our framework to infer multiple dissipation channels
in interacting systems, such small-scale examples leave open
the question of scalability. To further assess performance in
larger settings, we now turn to Heisenberg spin chains with
up to nine qubits, where the number of degrees of freedom
and dissipation parameters grow systematically with n. These
benchmarks allow us to test whether the method remains
effective as the system size increases.

C. Scaling tests on multiqubit Heisenberg chains

To further examine scalability beyond the one- and two-
qubit cases, we benchmark our framework on Heisenberg
spin chains of up to nine qubits. We consider two scenarios:
a sparse test, involving a single dissipation channel, and a
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FIG. 3. Sparse scaling results. Prediction performance for Heisenberg chains of size n = 2–9 with a single dissipation channel. The
transformer maintains R2 > 0.97 across all sizes, demonstrating robust scalability under simple dissipation.

dense test, where each qubit is subject to independent loss and
excitation processes.

Sparse test. In this setting, an n-qubit Heisenberg chain
with nearest-neighbor coupling,

H = J
n−1∑
j=1

(
σ ( j)

x σ ( j+1)
x + σ ( j)

y σ ( j+1)
y + σ ( j)

z σ ( j+1)
z

)
, J = 1,

is initialized in Haar-random product states. A single dissipa-
tion channel acts on the first qubit with jump operator L =
σ

(1)
− and random rate γ ∈ (0.1, 2.0). For each n = 2, . . . , 9,

we generate 1000 trajectories, each consisting of local mag-
netizations 〈σ ( j)

z (t )〉 sampled at 100 time steps over t ∈ [0, 5].
The regression task is to infer γ directly from this (n ×
100) matrix of observables. Across all sizes, the transformer
achieves R2 > 0.97, showing that the difficulty of the learning
task grows only mildly with n. Figure 3 illustrates the pre-
dicted versus true values of γ , confirming robustness even at
n = 9.

Dense test. We next consider a more challenging regime in
which each qubit j carries two independent Lindblad channels
{σ ( j)

+ , σ
( j)
− } with random rates γ j,± ∈ (0.1, 2.0). The system

evolves under the same Heisenberg Hamiltonian, with trajec-
tories recorded for local observables 〈σ ( j)

x,y,z(t )〉 over 100 time
steps. Each training example thus consists of 3n time series,
and the regression target is the full set of 2n rates. We generate
1000 trajectories for each system size n = 2, . . . , 7. As shown
in Fig. 4, the average R2 score per rate degrades only linearly
with n, remaining above 0.85 even for n = 7. This indicates
that meaningful inference remains possible even in densely
parameterized, strongly dissipative regimes.

These benchmarks demonstrate that the proposed frame-
work scales favorably with system size, even though the
Hilbert space dimension grows exponentially. The accuracy of

inference is governed primarily by the number of dissipation
parameters (linear in n under local noise assumptions), not
by the full state space dimension. We emphasize that the
same transformer architecture and hyperparameters were used
throughout, without task-specific tuning. Full details of the
network design, feature extraction, and training protocol are
provided in Appendix F.

D. Photon-spin coupling systems

We now apply our framework to hybrid light-matter sys-
tems, focusing on the Jaynes-Cummings model [21]. The

FIG. 4. Dense scaling results. Prediction accuracy for Heisen-
berg chains of size n = 2–7 with two dissipation channels per
qubit. Colored curves show R2 scores for individual rates, while
the dashed line indicates the average over all 2n parameters. Per-
formance decreases only mildly with n, confirming robustness in
high-dimensional dissipation models.
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FIG. 5. Prediction of time-dependent dissipation rates in the
open Jaynes-Cummings model. The decay rates γ (t ) and κ (t ) are
each parameterized by a second-order Bernstein polynomial with
three unknown coefficients. The model accurately reconstructs all
six coefficients from time series of observables 〈σz(t )〉, 〈a†a(t )〉,
and 〈X ⊗ σz(t )〉. See Table I, column 7, for full input-output
specifications.

system is governed by the Hamiltonian

H = ωca†a + ωq

2
σz + g(σ+a + σ−a†), (4)

where ωc and ωq denote the cavity and qubit frequencies,
respectively, and g is the light-matter coupling strength.

To reflect realistic parameter regimes, we sample (ωc, ωq )
uniformly from (0.8, 1.2) and g from (0.01, 0.1). The system
is initialized in a product state |n〉 ⊗ |g〉, where 1 � n � 10 is
drawn randomly. The open-system dynamics is governed by a
time-dependent Lindblad master equation,

ρ̇ = −i[H, ρ] + κ (t )D[a]ρ + γ (t )D[σ−]ρ, (5)

where κ (t ) and γ (t ) represent photon and qubit decay rates,
respectively. Both are parameterized as second-order Bern-
stein polynomials,

κ (t ) =
2∑

j=0

a j,κb j,2(t ), γ (t ) =
2∑

j=0

a j,γ b j,2(t ),

with coefficients a j,κ , a j,γ sampled uniformly from
(0.01, 0.2).

The model input consists of time-series observables
〈σs(t )〉s ∈ {x, y, z}, 〈a†a(t )〉, and 〈X ⊗ σz(t )〉, recorded at 100
points over t ∈ [0, 10]. The physical parameters (ωc, ωq, g)
are excluded from the input. The regression target is the six
Bernstein coefficients {aj,γ , a j,κ}2

j=0 encoding the dissipation
rates.

We generate 5000 training examples and train the model
in a supervised setting with the dataset split into 80% train-
ing and 20% testing. Results are shown in Fig. 5, where
all predicted coefficients achieve R2 scores above 0.9. Full
model specifications and training procedures are described in
Appendix D. The identifiability of γ (t ) and κ (t ) from these

observables is formally justified in Appendix E. The setup for
this case is summarized in column 7 of Table I.

IV. DISCUSSION

We have introduced a transformer-based framework for
learning time-dependent dissipation rates in open quan-
tum systems from observable trajectories such as 〈σx(t )〉,
〈σy(t )〉, and 〈σz(t )〉. The model achieves accurate recon-
struction across diverse settings—including two-qubit and
Jaynes-Cummings models—without requiring knowledge of
the initial quantum state, thus enhancing robustness to state
preparation noise [57]. While Bernstein polynomials were
introduced to encode non-negativity, their primary role is to
generate smooth, physically consistent training data that sup-
port efficient learning.

Our study focuses on a practically motivated and ex-
perimentally realistic regime: time-local Lindblad dynamics
under weak coupling, with known Hamiltonians and jump
operators. This setting reflects common assumptions in NISQ-
era platforms, where the system Hamiltonian is programmable
and can be independently calibrated, while time-varying dis-
sipation remains harder to characterize and fluctuates across
hardware implementations. Our method addresses this gap by
inferring dissipation profiles directly from local observable
data.

Although the Hilbert space dimension grows exponentially,
we show that a linearly scaling set of local observables—
namely, single-qubit 〈σ ( j)

x,y,z(t )〉—is sufficient to reconstruct
dense dissipation profiles with high fidelity. In contrast, even
full knowledge of all 4n Pauli expectation values would still
require solving exponentially large inverse problems (see Ap-
pendix E). Learning from partial yet physically meaningful
data is therefore both necessary and advantageous.

We emphasize that our framework is not designed for
arbitrarily complex or highly nonlocal dissipative dynamics.
While the Lindblad operator structure could, in principle, in-
volve nonlocal couplings, such settings rarely arise in current
experiments. Most practical systems are governed by local,
Markovian noise processes with known coupling structure
but unknown time dependence. Our results suggest that in
this regime, transformer architectures can offer a scalable and
interpretable route for dissipation inference.

Extending this approach to more general settings—such
as multisite dissipation, strongly correlated environments,
or non-Markovianity—will likely require new architectures,
structured priors, or hybrid data-theory approaches. Identi-
fying the minimal observable sets, quantifying identifiability
thresholds, and scaling to entangled many-body dynamics
remain compelling directions for future research.
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APPENDIX A: BERNSTEIN POLYNOMIAL
APPROXIMATION

Let {bν,n(t )}n
ν=0 denote the Bernstein basis polynomials of

degree n, defined on [0, 1] by

bν,n(t ) =
(

n

ν

)
tν (1 − t )n−ν, ν = 0, 1, . . . , n. (A1)

These polynomials form a non-negative partition of unity and
span the space 	n of real polynomials of degree at most n.
Given a continuous function f : [0, 1] → R, the Bernstein
approximation of f is

Bn[ f ](t ) =
n∑

ν=0

f
(ν

n

)
bν,n(t ). (A2)

By the classical Weierstrass approximation theorem, Bn[ f ] →
f uniformly as n → ∞ for any continuous f [59].

Compared to Taylor expansions, Bernstein polynomials
have two advantages: (i) they preserve non-negativity if all
coefficients are non-negative, and (ii) they are globally defined
over the entire interval. For example, the quadratic polyno-
mial f (t ) = t2 − 2t + 2 is strictly positive on [0, 1], but has
negative Taylor coefficients. In contrast, any non-negative
quadratic function on [0, 1] can be expressed as a positive lin-
ear combination of the Bernstein basis {(1 − t )2, t (1 − t ), t2}.

This positivity makes the Bernstein basis particularly use-
ful for generating random non-negative decay functions γ (t )
in open quantum systems. In our work, we represent unknown
time-dependent dissipation rates using degree-2 Bernstein
polynomials,

γ (t ) =
2∑

ν=0

aνbν,2(t ), aν � 0. (A3)

We show in Appendixes B–D that these coefficients can be
effectively learned from time-series observables via trans-
former regression. The robustness of this parametrization is
demonstrated across all examples.

APPENDIX B: SINGLE-QUBIT MODEL DETAILS
AND ADDITIONAL EXAMPLE WITH TWO

TIME-DEPENDENT γ±(t )

1. Training architecture and feature design

Our core model is based on the transformer encoder
architecture [12], which learns temporal dependencies via
self-attention. Given an input matrix X ∈ Rn×d , where n is
the sequence length and d is the feature dimension, the self-
attention mechanism computes,

Attention(Q, K,V ) = softmax

(
QK�
√

dk

)
V, (B1)

where the query, key, and value matrices are defined as

Q = XW Q, K = XW K , V = XW V ,

with W Q,W K ,W V ∈ Rd×dk being learned projection matri-
ces. The dot product QK� measures the similarity between
time steps, and the softmax weights modulate which values V
to attend to at each position.

For richer representation learning, we use multihead atten-
tion,

Multi Head(X ) = Concat(head1, . . . , headh)W O, (B2)

headi = Attention
(
XW Q

i , XW K
i , XW V

i

)
, (B3)

where W O ∈ Rhdk×d is an output projection and h is the num-
ber of attention heads (we use h = 8). This allows the model
to jointly learn from multiple subspaces of the input.

Each encoder layer consists of multihead self-attention,
followed by a feedforward block, layer normalization, and
residual connections. The final representation is passed to a
multilayer perceptron (MLP) to predict the target coefficients.

Our regression pipeline is based on a transformer encoder
model designed to predict dissipation profiles from Pauli
observable trajectories. Each single-qubit dataset consists of
three input time series σx(t ), σy(t ), and σz(t ), evaluated at 100
uniform time points over [0,10].

We extract 18 handcrafted features per observable, includ-
ing the following:

(a) Basic statistics: mean, std, max, min, median,
25th/75th percentiles

(b) Temporal variation: range, interquartile range (IQR),
slope, mean/std of 
x and 
2x

(c) Distributional shape: skewness and kurtosis
(d) Spectral: max and average fast Fourier transform

(FFT) magnitude (excluding DC component).
These yield a 54-dimensional feature vector per sample.

All features and targets are standardized using z-score nor-
malization. The model architecture includes the following:

(a) Linear projection → LayerNorm → ReLU → Dropout
(b) 4-layer transformer encoder with 8 attention heads,

feedforward dimension 512
(c) MLP head with layer sizes 256–128–64 and linear

output layer.
We train using AdamW optimizer (lr=10−3, weight

decay=0.01), with mean squared error (MSE) loss, Re-
duceLROnPlateau scheduler (patience 20), and early stopping
(patience 30). Each model is trained up to 300 epochs with
batch size 32. Final predictions are inverse transformed, and
evaluated using R2 and MSE on the test set.

2. Example-specific configurations (examples 1–4
in the main text)

Example 1: Constant γ . A minimal transformer (2 encoder
layers, 4 heads) predicts a single scalar γ from the time-
averaged σx,y,z. This baseline achieves R2 � 0.99.

Example 2: Constant γ±. Predicts two values γ+, γ− using
30 input features (10 per Pauli observable). A 3-layer trans-
former encoder with 8 heads is used. The model learns both
rates jointly with high accuracy.
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FIG. 6. Prediction results for Example 4 (main text) involving
a single-qubit system with two quadratic time-dependent loss chan-
nels. The dissipation rates are represented by second-order Bernstein
polynomials γ±(t ) = ∑2

j=0 aj,±bj,2(t ), and six coefficients are pre-
dicted from local observables.

Examples 3 and 4: Time-dependent γ (t ). We represent each
dissipation rate using the degree-2 Bernstein polynomial,

γ (t ) =
2∑

j=0

a jb j,2(t ), b j,2(t ) =
(

2

j

)
t j (1 − t )2− j .

The model predicts the coefficient vector (a0, a1, a2) per chan-
nel. In Example 3, only one time-dependent γ (t ) is present; in
Example 4, both γ+(t ) and γ−(t ) are time dependent, requir-
ing six total coefficients. Both models use the same 4-layer
transformer encoder as described above.

3. Additional results for example 4 (two time-dependent
dissipation channels)

We provide a detailed prediction plot for Example 4 (see
Table I in the main text) in Fig. 6. This task involves learning
six Bernstein coefficients from σx,y,z time series. The trans-
former accurately recovers all coefficients, demonstrating
a strong generalization in the time-dependent multichannel
setting.

APPENDIX C: TWO-QUBIT MODELS WITH CONSTANT
DISSIPATION RATES

This appendix provides the training details for both two-
qubit models: the Heisenberg model presented in the main
text and the transverse-field Ising model included here as
additional results (see Fig. 7). While their Hamiltonians differ,
the dissipation structure and model training pipeline remain
identical.

Heisenberg model (main text). The Hamiltonian is given by

H = J
(
σ (1)

x σ (2)
x + σ (1)

y σ (2)
y + σ (1)

z σ (2)
z

)
, (C1)

where J ∼ Uniform(0, 2) is the exchange coupling strength.
Each qubit is coupled to a local environment with constant
dissipation and gain rates γ±, j for j = 1, 2.

FIG. 7. Prediction results for the transverse-field Ising model
with four constant dissipation rates γ±, j ( j = 1, 2). Each dissipation
rate is inferred from local observables 〈σ ( j)

x,y,z(t )〉 using a transformer-
based regression model. This confirms the method’s generalizability
beyond the Heisenberg model shown in the main text.

Transverse-field Ising model (supplemental result). The
Hamiltonian reads

H = Jσ (1)
z σ (2)

z + h
(
σ (1)

x + σ (2)
x

)
, (C2)

with (J, h) ∼ Uniform(0.1, 2)2. The jump operators and dis-
sipation structure are the same as in the Heisenberg case.

Training method (shared by both models)

For both models, we simulate 3000 trajectories. Each initial
state is prepared as a tensor product of two Haar-random pure
states. The systems evolve under the Lindblad equation with
fixed dissipation rates γ±, j . Time series of 〈σ ( j)

x,y,z(t )〉 for j =
1, 2 are recorded at 100 time steps over t ∈ [0, 1].

From each observable component, 10 statistical fea-
tures are extracted—mean, standard deviation, extrema,
percentiles, slope, and interquartile range—resulting in 60-
dimensional input vectors. These vectors are standardized and
projected into a 128-dimensional embedding space. We use a
4-layer transformer encoder (8 heads, feedforward size 512),
followed by an MLP decoder that predicts the four dissipation
rates.

Training employs the AdamW optimizer (lr = 10−3,
weight decay 0.01), with ReduceLROnPlateau scheduling and
early stopping (patience 30). Batch size is 32 and the model
is trained for up to 300 epochs. The final models achieve
R2 � 0.95 on all outputs for both systems.

APPENDIX D: TRAINING DETAILS FOR THE
PHOTON-SPIN COUPLING SYSTEM

This Appendix describes the training procedure for the
transformer model used in the Jaynes-Cummings light-matter
interaction setting. The goal is to predict six coefficients
(a0,κ , a1,κ , a2,κ , a0,γ , a1,γ , a2,γ ) that parametrize the time-
dependent decay functions κ (t ) and γ (t ) as quadratic
Bernstein polynomials.
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Each data sample contains five observables recorded
over 100 time steps: 〈σx(t )〉, 〈σy(t )〉, 〈σz(t )〉, 〈a†a(t )〉, and
〈Xphoton ⊗ σz(t )〉. From each signal, 18 time-series features are
extracted—including statistical descriptors (mean, std, min,
max, median, percentiles), shape (skewness, kurtosis), vari-
ation (range, IQR), temporal differences (mean/std of 
x,

2x), slope, and spectral features (mean/max non-DC discrete
Fourier transform amplitude). This results in a 90-dimensional
input vector per sample.

All inputs and targets are standardized using z-score nor-
malization. The 90-dimensional feature vector is projected
into a 128-dimensional latent space via a feedforward block
(Linear → LayerNorm → ReLU → Dropout). This is fol-
lowed by a 4-layer transformer encoder (8 heads per layer,
feedforward dimension 512). The encoded representation is
passed through an MLP with layers of size 256, 128, and
64, followed by a final output layer producing six regression
values.

Training uses the AdamW optimizer (initial learning rate
10−3, weight decay 0.01) and mean squared error (MSE) loss.
A ReduceLROnPlateau scheduler lowers the learning rate by
a factor of 0.5 when validation loss stalls for 20 epochs. Early
stopping is triggered after 30 epochs without improvement.
We train with a batch size of 64 for up to 300 epochs. Gradient
clipping (max norm 1.0) is applied for numerical stability.

Model performance is evaluated using the R2 score and
MSE on both training and held-out test sets. Predictions are
inverse transformed to physical units and scatterplots are
generated for each output coefficient. All models, logs, and
output results are stored in time-stamped directories for full
reproducibility.

APPENDIX E: LEARNING IDENTIFIABILITY
IN LINDBLADIAN DYNAMICS

We begin with a basic identifiability result showing that
the time-dependent decay rate γ (t ) can be uniquely recovered
from local observables in a single-qubit open quantum system
governed by the Lindblad equation.

Theorem E1. Consider a single qubit in Hilbert space C2

with a time-independent Hamiltonian H = σz and a single
jump operator L = σ−. Then the dissipation rate γ (t ) is
uniquely determined by the observable 〈σz(t )〉 alone, without
knowledge of the initial state.

Proof. The Lindblad equation is given by

ρ̇ = −i[σz, ρ] + γ (t )
(
σ−ρσ+ − 1

2 {σ+σ−, ρ}).
We parametrize the density matrix as

ρ(t ) =
[

p0(t ) ρ01(t )
ρ∗

01(t ) p1(t )

]
, p0(t ) + p1(t ) = 1.

Compute each term in the equation:
(i) The unitary part:

−i[σz, ρ] =
[

0 −2iρ01

2iρ∗
01 0

]
.

(ii) The dissipative part:

σ−ρσ+ =
[

0 0
p0 0

]
,

1

2
{σ+σ−, ρ} =

[
p0 ρ01

ρ∗
01 p1

]
,

so the dissipator becomes

D[σ−](ρ) =
[ −p0 −ρ01

p0 − ρ∗
01 −p1

]
.

Combining both terms, we obtain the differential equa-
tions:

ṗ0 = −γ (t )p0, (E1)

ṗ1 = γ (t )p0, (E2)

ρ̇01 = −2iρ01 − γ (t )ρ01. (E3)

Now, 〈σz〉 = p0 − p1 = 2p0 − 1, and hence

p0(t ) = 1 + 〈σz(t )〉
2

.

Solving ṗ0 = −γ (t )p0 gives

p0(t ) = p0(0)e− ∫ t
0 γ (s) ds,

Therefore,

〈σz(t )〉 = −1 + 2p0(0)e− ∫ t
0 γ (s) ds.

By differentiating, we get

d

dt
〈σz(t )〉 = −2p0(0)γ (t )e− ∫ t

0 γ (s) ds.

By rewriting, we get

γ (t ) = − 1

1 + 〈σz(t )〉
d

dt
〈σz(t )〉. (E4)

This expression shows that γ (t ) can be reconstructed from
〈σz(t )〉 alone, regardless of the initial state. This validates the
ability of our model to infer γ (t ) directly from observable
trajectories. �

Theorem E2. Consider a single qubit in C2 with time-
independent Hamiltonian H = σz, and jump operators L1 =
σ− and L2 = σ+ associated with time-dependent dissipation
rates γ−(t ) and γ+(t ), respectively. Then, the functions γ+(t )
and γ−(t ) can be uniquely determined from the observables
〈σx(t )〉, 〈σy(t )〉, and 〈σz(t )〉.

Proof. Following the single-jump case, we now consider a
more general dissipative setting with two jump channels. The
master equation becomes

ρ̇ = −i[σz, ρ] + γ−(t )
(
σ−ρσ+ − 1

2 {σ+σ−, ρ})
+ γ+(t )

(
σ+ρσ− − 1

2 {σ−σ+, ρ}). (E5)

Let ρ(t ) be written in the standard basis:

ρ(t ) =
[

p0(t ) ρ01(t )
ρ∗

01(t ) p1(t )

]
, p0(t ) + p1(t ) = 1.

Computing each Lindblad term yields

σ−ρσ+ =
[

0 0
p0 0

]
, σ+ρσ− =

[
0 p1

0 0

]
, (E6)

{σ+σ−, ρ}/2 =
[

p0 ρ01

ρ∗
01 p1

]
, {σ−σ+, ρ}/2 =

[
p0 ρ01

ρ∗
01 p1

]
.

(E7)
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Therefore, the two dissipative contributions are

γ−(t )(· · · ) = γ−(t )

[ −p0 −ρ01

p0 − ρ∗
01 −p1

]
, (E8)

γ+(t )(· · · ) = γ+(t )

[−p0 p1 − ρ01

−ρ∗
01 −p1

]
. (E9)

Combining all terms, the equations of motion for each
element of ρ are

ṗ0 = −γ−(t ) p0 + γ+(t ) p1, (E10)

ṗ1 = −ṗ0, (E11)

ρ̇01 = −2iρ01 − 1
2 (γ−(t ) + γ+(t ))ρ01. (E12)

The Pauli expectation values are

〈σx〉 = 2 Re(ρ01), 〈σy〉 = −2 Im(ρ01), (E13)

〈σz〉 = p0 − p1 = 2p0 − 1. (E14)

Define the complex observable:

〈σx〉 − i〈σy〉
2

= ρ01.

Taking time derivatives, we obtain two equations involving
γ±(t ):

1

2

d

dt
〈σz(t )〉 = γ+(t ) − γ−(t ) · 1 + 〈σz(t )〉

2
, (E15)

d

dt

( 〈σx〉 − i〈σy〉
2

)
=

{
−2i − 1

2
[γ+(t ) + γ−(t )]

}
· ρ01.

(E16)

Solving these equations algebraically yields explicit ex-
pressions for γ+(t ) and γ−(t ) in terms of the observables and
their time derivatives. We denote time derivatives as ˙〈O〉 :=
d
dt 〈O(t )〉 for any observable O. One can solve for γ−(t ) as

γ−(t ) = 4〈σx〉〈σz〉 − i〈σx〉 ˙〈σz〉 − 4i〈σy〉〈σz〉 − 〈σy〉 ˙〈σz〉 − 2i〈σz〉 ˙〈σx〉 − 2〈σz〉 ˙〈σy〉 − 6i ˙〈σx〉 − 6 ˙〈σy〉
2i〈σx〉〈σz〉 + 4i〈σx〉 + 2〈σy〉〈σz〉 + 4〈σy〉 . (E17)

Once γ−(t ) is obtained, γ+(t ) can be recovered by substi-
tution into the differential equations above. These expressions
are exact and can be validated numerically against simulation
data generated using qutip. �

We now generalize our theoretical analysis to multiqubit
open quantum systems. While exact analytical formulas such
as those in the single-qubit case become intractable, we can
still express the system evolution in a linear operator basis and
outline the principle of identifiability. This justifies the feasi-
bility of using machine learning to approximate the inversion
from observable trajectories to underlying dissipation rates.

1. Pauli basis representation

Let ρ be the n-qubit density matrix, which can be expanded
in the Pauli basis as

ρ(t ) =
∑
μ∈Gn

aμ(t )μ,

where Gn denotes the n-qubit Pauli group and {aμ(t )} are real
coefficients due to the Hermiticity of ρ. The set Gn spans a
basis of dimension 4n and the orthogonality relation Tr(μν) =
δμ,ν holds for μ, ν ∈ Gn.

Assume the Hamiltonian and Lindblad operators admit the
following Pauli expansions:

H =
∑
μ∈Gn

hμμ, Lj =
∑
μ∈Gn

Lμ
j μ.

We define the structure constants of the Pauli algebra via

[μ, ν] =
∑
λ∈Gn

Cλ
μ,νλ.

2. Time evolution of coefficients

Substituting the Pauli expansions into the Lindblad master
equation, the derivative of the density matrix is
∑

ξ

ȧξ ξ = − i
∑
μ,ν,ξ

hμaνCξ
μ,ν ξ +

∑
j

γ j

∑
μ,ν,λ,ω,ξ

×
{

Lμ
j aν

(
Lλ

j

)∗ − 1

2

[(
Lμ

j

)∗
aλLν

j + (
Lν

j

)∗
aμLλ

j

]}

× Cω
μ,νCξ

ω,λ ξ . (E18)

Here, ȧξ represents the time derivative daξ (t )
dt . By orthogo-

nality, this yields a linear system for the coefficients,

ȧξ = − i
∑
μ,ν

hμCξ
μ,νaν +

∑
j

γ j

∑
μ,ν,λ,ω

×
{

Lμ
j aν

(
Lλ

j

)∗ − 1

2

[(
Lμ

j

)∗
aλLν

j + (
Lν

j

)∗
aμLλ

j

]}

× Cω
μ,νCξ

ω,λ. (E19)

This equation expresses ȧξ as a linear combination of γ j

with coefficients that depend polynomially on {aμ(t )}μ∈Gn .
Therefore, if the set {Lj} is linearly independent as operators
on C2n

, then for any ξ , the corresponding differential equa-
tions can be inverted to recover γ j (t ), in principle.

3. Discussion and practical implications

Although this linear system is exact, the inversion is pro-
hibitively complex even for moderate n, involving O(4n)
terms and tensor contractions over multiple indices. More-
over, estimating {aμ(t )} from experiment requires full quan-
tum state tomography. The sample complexity for estimating
a rank-r n-qubit state to Frobenius error ε is O(2n/ε) [60].
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Several efficient numerical methods exist, including Rieman-
nian gradient descent over the quantum state manifold [61].

This analysis supports our learning framework: instead of
symbolically inverting this high-dimensional linear system,
we use time-series observables as proxy input and train a
transformer to approximate the underlying mapping to γ j (t ).
The supervised data are generated by simulating the Lindblad
evolution using tools such as qutip [53].

In principle, a universal estimator can learn the function
class {γ j (t )} through such indirect supervision, even when
exact formulas are intractable.

4. Photonic system learning ability

Theorem E3. Consider the open Jaynes-Cummings model
with master equation

ρ̇(t ) = −i[H, ρ(t )] + κ (t )D[a]ρ(t ) + γ (t )D[σ−]ρ(t ),
(E20)

where H = ωca†a + ωq

2 σz + g(a†σ− + aσ+) is the Jaynes-
Cummings Hamiltonian and D[L]ρ = LρL† − 1

2 {L†L, ρ} is
the Lindblad dissipator. Then, given a fixed initial state ρ(0),
the dissipation rates γ (t ) and κ (t ) are uniquely determined
over [0, T ] by the time series of five observables:

{〈σx(t )〉, 〈σy(t )〉, 〈σz(t )〉, 〈a†a(t )〉, 〈X ⊗ σz(t )〉}.
Proof. Under the Heisenberg evolution, the observables

satisfy the following coupled ordinary differential equations:
d

dt
〈σx〉 = ωq〈σy〉 + ig〈(a† − a)σz〉 − γ (t )

2
〈σx〉, (E21)

d

dt
〈σy〉 = −ωq〈σx〉 − g〈(a + a†)σz〉 − γ (t )

2
〈σy〉, (E22)

d

dt
〈σz〉 = −2ig(〈aσ+〉 − 〈a†σ−〉) − γ (t )(1 + 〈σz〉), (E23)

d

dt
〈a†a〉 = −ig(〈a†σ−〉 − 〈aσ+〉) − κ (t )〈a†a〉. (E24)

The terms involving 〈aσ+〉 and 〈a†σ−〉 are internal to the
dynamics and fully determined by the state ρ(t ). Therefore,
γ (t ) and κ (t ) can be algebraically inferred from observable
trajectories, provided the system is fully observed.

In practice, we found that using only 〈σx,y,z(t )〉 and 〈a†a(t )〉
leads to degraded performance in learning. To address this,
we include the Hermitian cross observable 〈Xphoton ⊗ σz〉,
which empirically improves identifiability and allows the
transformer to accurately recover the dissipation profiles. This
confirms that under appropriate observability conditions, the
decay rates are theoretically and practically identifiable. �

APPENDIX F: IMPLEMENTATION DETAILS
FOR SCALING TESTS

Here we summarize the architecture and training setup
used in the scaling benchmarks presented in Sec. III.

1. Architectures of sparse test

While the two-qubit benchmarks already demonstrate the
ability of our framework to infer multiple dissipation channels
in interacting systems, such small-scale examples leave open

the question of scalability. To further assess performance in
larger settings, we now turn to Heisenberg spin chains with
up to nine qubits, where the number of degrees of freedom
and dissipation parameters grow systematically with n. These
benchmarks allow us to test whether the method remains
effective as the system size increases.

2. Scaling tests on multiqubit Heisenberg chains

For an N–qubit chain (N = 2, . . . , 9) evolving under ho-
mogeneous Heisenberg dynamics, we design a size-agnostic
transformer [12] HN that infers the uniform exchange cou-
pling J from local spin-projection traces alone. From every
time series 〈σ (k)

z (t )〉, we extract the same 18-dimensional
descriptor used in the Lindblad study, basic statistics, linear
trend, first- and second-order differentials, shape factors, and
spectral extrema, yielding an input vector x ∈ R18N that grows
linearly from 36 (N = 2) to 162 (N = 9).

A linear + LayerNorm + ReLU front end embeds x into
a dmodel = 128 latent space processed by four transformer-
encoder blocks with h = 8 heads and 512-unit feedforward
layers (drop-out 0.2). The context token is funnelled through
a three-stage LayerNorm MLP (256 → 128 → 64) that
outputs a single scalar, providing J in one forward pass.
All hyperparameters are kept fixed across N , giving ∼105

weights and enabling parameter-efficient scaling from two
to nine qubits. Training on synthetic data generated from
exact Heisenberg time evolutions employs AdamW, a cosine-
annealed learning-rate schedule, early stopping, and an �2 loss
over 400 epochs, achieving subpercent test MSE throughout.
These results show that global self-attention acting on care-
fully engineered one-dimensional Pauli signatures suffices to
reconstruct collective exchange interactions, underscoring the
suitability of attention mechanisms for efficient Hamiltonian
learning.

3. Architectures of dense test

We construct a scalable family of transformer [12] re-
gressors TN (N = 2, . . . , 7) that predicts the 2N dissipative
rates {γ±k}N

k=1 of an N-qubit dense–Lindblad master equa-
tion directly from single-qubit Pauli expectation traces. From
every time series 〈σ (k)

α (t )〉 (α = x, y, z), we extract an 18-
dimensional descriptor comprising basic statistics (mean,
standard deviation, extrema, quartiles, interquartile range),
linear trend, first- and second-order finite differences, shape
factors (skewness, kurtosis), and spectral fingerprints (mean
and peak FFT amplitude). Concatenating the descriptors of
the 3N traces yields a fixed-length input x ∈ R18·3N (108–378
features for N = 2–7).

A linear–LayerNorm–ReLU projection embeds x into a
128-dimensional latent space that is processed by L = 4
stacked transformer encoder blocks with h = 8 attention
heads and 512-unit positionwise feedforward layers (drop-
out 0.2). The context vector is mapped by a three-stage
LayerNorm MLP to the target dimension 2N , yielding the
Lindblad-rate estimates in a single forward pass. All hyperpa-
rameters are held fixed across N , resulting in ∼105 trainable
weights and enabling parameter-efficient scalability.

Training on synthetic trajectories generated from exact
dense-Lindblad dynamics employs AdamW, cosine-decayed
learning rate, early stopping, and mean squared error loss over
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400 epochs. The models achieve subpercent test MSE across
all N , demonstrating that carefully engineered local Pauli
signatures, when coupled with global self-attention, suffice to

reconstruct the full dissipative kernel—underscoring the po-
tential of attention mechanisms for efficient quantum-process
tomography.
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