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To characterize the dynamical behavior of many-body quantum systems, one is usually interested
in the evolution of so-called order-parameters rather than in characterizing the full quantum state.
In many situations, these quantities coincide with the expectation value of local observables, such
as the magnetization or the particle density. In experiment, however, these expectation values can
only be obtained with a finite degree of accuracy due to the effects of the projection noise. Here,
we utilize a machine-learning approach to infer the dynamical generator governing the evolution of
local observables in a many-body system from noisy data. To benchmark our method, we consider
a variant of the quantum Ising model and generate synthetic experimental data, containing the
results of N projective measurements at M sampling points in time, using the time-evolving block-
decimation algorithm. As we show, across a wide range of parameters the dynamical generator of
local observables can be approximated by a Markovian quantum master equation. Our method is
not only useful for extracting effective dynamical generators from many-body systems, but may also
be applied for inferring decoherence mechanisms of quantum simulation and computing platforms.

Introduction.— Reconstructing Hamiltonian operators
or dynamical generators from physical properties of a
quantum system is a problem of current interest. For in-
stance, inverse methods can be applied to identify quan-
tum Hamiltonians associated with a given ground state
[1] and interacting many-body theories can be obtained
from the knowledge of correlation functions [2, 3]. In
many settings, one is merely interested in reconstructing
effective equations of motion for a subsystem S embed-
ded in a larger “environment” E, as it happens, for open
quantum systems [4–8]. Furthermore, in the framework
of quantum simulation [9–17], it is very important to un-
derstand the (effective) dynamical equations under which
artificial quantum systems actually evolve and by how
much these differ from the desired ones [18, 19]. This is
relevant for improving state-of-the-art hardware [20, 21]
and the identification of noise models. Another interest-
ing instance concerns the evolution of order parameters,
often constructed from local observables, such as the par-
ticle density or the magnetization.

Machine learning (ML) approaches appear to be par-
ticularly suited for this task [22]. For instance, quantum
process tomography with generative adversarial methods
[23], neural networks [24], and recurrent neural networks
[25, 26] have been developed. These approaches are very
promising but have two main drawbacks: they require a
great number of measurements, and they treat ML algo-
rithms as black boxes, thus lacking in physical interpreta-
tion. Simpler methods are capable of learning Hamiltoni-

ans from fewer local measurements [27–33], yet they typ-
ically rely on a a priori ansatz for the functional form of
the Hamiltonian or of the dissipation. A more general ap-
proach is to fit an open quantum system (OQS) dynam-
ics by learning the Nakajima-Zwanzig equation [34, 35]
through transfer tensor techniques [36–38] or by learning
convolutionless master equations [39]. However, these
approaches require a full state tomography at different
time steps, which is prohibitive to achieve in experiments.
Ultimately, current methods thus either rely on an ad
hoc ansatz, or demand data which is not experimentally
accessible, or lack in physical interpretability (which is
actually becoming highly desirable [40]).
In this work, we show how to use ML methods to

infer the effective dynamical generator of a subsystem
from a finite set of local measurements at randomly
selected times, which inevitably produce noisy data
due to projection noise. To illustrate our approach,
we consider a many-body spin system [cf. Fig. 1(a)],
which is ubiquitous in the context of experiments with
trapped ion or Rydberg atom quantum simulators
[21, 41, 42]. By using synthetic (experimental) data
generated by tensor-network based algorithms we infer
a physically consistent Markovian dynamical generator
[43, 44] governing the evolution of a small subsystem.
Our method, which works reliably across a wide range
of parameters – even in some instances outside the weak
coupling limit – yields interpretable results which may
be used to infer noise models on quantum simulators or
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FIG. 1. System and measurement protocol. (a) The system is composed of the two-spin subsystem S, which is embedded in
the environment E consisting of L−2 spins. The Hamiltonian describing the system [cf. Eq. (1)] features a driving field with Rabi
frequency Ω and nearest-neighbor interactions with coupling strength V . (b) Synthetic data generation using the time-evolving
block-decimation algorithm. The time evolution operator is approximated using Trotterization: Ut = e−iHt ≈

∏
e−iHδt. The

time evolution is then obtained by repeatedly applying e−iHδt. (c) Sketch of the measurement protocol. The gray dashed line
represents the exact dynamics of the observable. For each trajectory, M random points are selected in the time window [0,ΩT ]
(here ΩT = 10). For each point in time, we measure N times in a suitable basis; here z/y-basis for the first/second spin. The
inset shows an example histogram of measurement outcomes: |10⟩ means the measurement on the first spin along z-basis has
outcome 1, and the measurement on the second spin along y-basis has outcome 0. From the histogram, the expectation value
depicted as orange dots are obtained. (d) The synthetic data is fed to the ML algorithm, namely a single layer perceptron,
that learns the dynamical generator L. The algorithm is validated by comparison to the exact data, where the error ϵ(N,M)
is calculated for different values of N and M . The ML method is interpretable and can be used to “read out” the underlying
dynamical processes.

to study thermalization dynamics in many-body systems.

Setting.— The system we consider is a 1D quantum
spin chain consisting of L spins arranged on a circular
lattice, as depicted in Fig. 1(a). The chain is partitioned
into a subsystem S, here formed by two adjacent spins,
and the environment E, that is, the remainder of the spin
chain. We assume the whole system to evolve unitarily,
through the many-body Hamiltonian

HS+E =
Ω

2

L∑
i=1

σx
i + V

( L−1∑
i=1

nini+1 + nLn1

)
. (1)

The first term in the equation above describes a trans-
verse “laser” field, while the second one accounts for
nearest-neighbor interactions. Here, σα

i denotes the α
Pauli matrix for the ith spin and we have defined the pro-
jector n = 1+σz

2 . The above Hamiltonian is of practical
interest for experiments with Rydberg atoms [42] and es-
sentially encodes an Ising model in the presence of trans-
verse and longitudinal fields. We simulate the time evo-
lution of the whole system by means of the time-evolving
block-decimation (TEBD) algorithm [see Fig. 1(b)].

In our setting, the information on the state of S is
obtained by a finite number, N , of projective measure-
ments, taken at randomly selected times t1, ... tM [see
Fig. 1(c)]. From this noisy data we want to infer the
open quantum dynamics of the reduced state ρS(t) of
subsystem S. Formally, this dynamics is obtained as the
partial trace of the evolution of the full many-body state,

i.e., ρS(t) = TrE

(
UtρS+EU

†
t

)
, where Ut = e−iHt, ρS+E

is the initial state of the system and TrE denotes the
trace over the environment degrees of freedom. In gen-
eral, such a dynamics is rather involved and may show
non-Markovian effects or it may be nonlinear for generic
initial states ρS+E [45]. Here, we restrict ourselves to
learning a Markovian dynamics for ρS(t), but more gen-
eral approaches are certainly possible [43]. The goal is
then to identify the time-independent generator L, yield-
ing the Markovian quantum master equation evolution
[45–47],

ρ̇S(t) = L[ρS(t)] (2)

that optimally describes the dynamics of S. This simple
form has the advantage that it is straightforwardly
interpretable, i.e., it allows to read off the Hamiltonian
and decoherence processes (see further below).

Data generation.— We simulate the time evolution
of the system for times t ∈ [0,ΩT ] by means of matrix
product states and the time-evolving block-decimation
algorithm [48–50] [see Fig. 1(b)], which allows us to
study systems of up to 50 spins. We generate 30
trajectories obtained by initializing the system in state
ψ =

⊗L
k=1 |0⟩, with σz |0⟩ = − |0⟩ and perturbing the

subsystem S through a random two-spin unitary Ûrand

distributed with the Haar measure. As the system
evolves in time, after each time-step Ωdt = 0.01, we
calculate the expectation value of all the 15 independent
observables {11 ⊗ σx

2 ,11 ⊗ σy
2 , ..., σ

x
1 ⊗ σy

2 , ..., σ
z
1 ⊗ σz

2}/2
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of the subsystem S, which uniquely identify the reduced
subsystem state. With the reduced state at hand, we can
emulate experimental measurements of the above local
observables. For each trajectory, we select M random
times in the time-window [0,ΩT ] and, for each of these
points in time, we perform N measurements in all the
relevant basis in order to produce a noisy estimate of the
reduced state. Such a procedure is sketched in Fig. 1(c),
in which the histogram depicts the counting of N = 10
measurement outcomes for a single time-point, whereas
the orange dots represent the experimental expectation
value.

ML architecture and training.— The generator
L defining the quantum master equation (2) can be
parametrized as L = H+D, where

H[·] = −i[H, ·] , with H =

d2∑
i=2

θHi Fi ,

D[·] = 1

2

d2∑
i,j=2

cij([Fi, ·F †
j ] + [Fi·, F †

j ]) .

(3)

Here, we have introduced the Hermitian orthonormal ba-
sis {Fi}16i=1, for the operators of the subsystem S. Note
that we choose F1 to be proportional to the identity op-
erator, specifically F1 = 1/

√
d. Moreover, we write the

Hamiltonian in terms of the “fields” θHi , and the dissipa-
tive contribution D in a non-diagonal form, fully specified
by the so-called Kossakowski matrix cij . The latter must
be positive semi-definite in order for the open quantum
dynamics to be completely positive. This constraint can
be “hard coded” by setting c = Z†Z, for a complex ma-
trix Z = θX + iθY , with θX and θY being real-valued.

In the same spirit, we decompose the reduced state ρS
on the basis {Fi}16i=1 as [51]

ρS =
1

d
+

16∑
i=2

Fivi , (4)

which defines the coherence vector vi = Tr(FiρS). No-
tice the condition Tr(ρS) = 1 implies v1 = 1√

d
, that we

take outside the sum. The coherence vector encodes the
full information about the density matrix and provides a
representation of it as a vector. This is quite convenient,
from a numerical point of view, as it allows us to write
the action of the generator on states as the action of the
matrix L on coherence vectors. Therefore, in this repre-
sentation, the quantum master equation (2) becomes

dv(t)

dt
= Lv(t) = (H+D)v(t) , (5)

where Hij = −Tr(H[Fi]Fj) and Dij = Tr(D[Fi]Fj) are
real-valued matrices. As explicitly shown in the Supple-
mental Material (see Ref. [52]), the matrix H = H(θHi )

depends linearly on the parameters θHi , while the matrix
D = D(θXij , θ

Y
ij) depends quadratically on θXij and θYij .

We build a simple neural network [53], here called
Lindblad dynamics approximator (LDA), as the exponen-
tial of the matrices H and D,

M(θ, t) = et[H(θH
i )+D(θX

ij ,θ
Y
ij)] , (6)

that is the structure of the Lindblad time propagator.
We train the LDA to learn the Lindblad representa-

tion L from (synthetic) experimental data. In the train-
ing procedure, we feed the LDA with the initial condi-
tions vin = v(0) and the time of the measurement t,
and optimize the parameters θ = {θHi , θXij , θYij} such that
vout ≃ v(t) = M(θ, t)vin. Training over a finite time t
is crucial when working with experimental data. Indeed,
training the LDA to propagate the coherence vector only
over an infinitesimal time-step dt [43, 44], i.e., vin = v(t)
and vout = v(t+dt), is bound to fail as soon as the noise
is larger than the variation of the coherence vector.
The loss used for the optimization of the LDA param-

eters is the mean-squared error function (ED indicates
average over the dataset)

MSE(θ) = ED

[
||M(θ, τ)v(0)− v(τ)||2

]
. (7)

We additionally consider a regularization term on the pa-
rameters penalizing nonzero elements of θ. The rationale
behind this term is twofold: first, it yields a more stable
training procedure, especially for small training datasets;
second, it keeps the learned generator as simple as possi-
ble for enhanced interpretability. The total loss function
is thus

Loss(θ) = MSE(θ) + α11(||θX ||1 + ||θY ||1) + α12||θH ||1 ,
(8)

where ∥O∥1 =
∑

i,j |Oij |. The LDA parameters θ are op-
timized by means of Adam optimization algorithm [54],
with a scheduled learning rate, where it decays by a fac-
tor of 0.05 at 100th and 50th epochs from the final one.
After the training is completed, to test the correct-

ness of the learned generator, we produce r new exact
trajectories and compare them with our prediction. To
have a quantitative measure of the performance of the
ML algorithm, we compute the following error function

ϵ(N,M) :=
1

r

r∑
i=1

1

T

∫ T

0

∥∥ρiML(t)− ρiS(t)
∥∥2
2∥∥ρiS(t)∥∥22 dt , (9)

where ρiML(t) is the prediction for the state of the
subsystem obtained from our ML algorithm, ρiS(t)
represents the synthetic data for a given choice of N and
M , and ∥O∥22 = Tr

(
O†O

)
[55].

Benchmarking the algorithm.— Before training the
algorithm on data for the many-body model in Eq. (1),
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FIG. 2. Benchmark. (a) Open system used to benchmark
the ML algorithm, described in terms of a Hamiltonian and
jump operators [cf. Eq. (10)]. The Hamiltonian consists of a
driving (Ω) and an interaction (V ). Jump operators describe
decay (with rate γ) and dephasing (with rate κ). (b) The er-
ror ϵ(N,M) as in Eq. (9) plotted for different values of N and
M . The error is averaged over r = 10 out-of-sample trajecto-
ries with a doubled time-window [0, 2ΩT ] (see main text for
details). (c) Dynamical curves for two selected observables
and different combinations of N and M . From the plot one
can appreciate how the predicted dynamics is already quite
reliable for smaller values of N and M . The parameters are
V = 0.5Ω, γ = 0.01Ω and κ = 0.05Ω.

we benchmark its ability to learn a Lindblad generator
within a well-controlled setting. To this end we consider a
two-spin Lindblad generator, which in its diagonal form,
is specified by the following Hamiltonian and jump oper-
ators [cf. Fig. 2(a)]

H =
Ω

2
(σx

1 + σx
2 ) + V n1n2 ,

J1 =
√
γσ−

1 , J2 =
√
γσ−

2 , (10)

J3 =
√
κn1 , J4 =

√
κn2 .

The jump operators effectively describe the effects of the
environment on the subsystem. In particular, J1, J2 en-
code decay from |1⟩ to |0⟩ while J3, J4 encode dephasing.
The data generation procedure follows the protocol de-
scribed above, with two exceptions: the initial conditions
are given by a random density matrix ρrand, and the
data for testing have a doubled time-window [0, 2ΩT ].
In this way, we can also test the ability of the algorithm
to extrapolate to unseen times. Since the network is, in
principle, able to perfectly learn a Markovian Lindblad
generator, we expect the extrapolation to be accurate.
The results are reported in Fig. 2 (b-c). The color map
[panel (b)] shows the error, ϵ(N,M), averaged over
r = 10 test trajectories, for 100 different combinations

FIG. 3. Learning the subsystem dynamics. Error
ϵ(N,M) as in Eq. (9) for different values of N and M , for two
different combinations of the parameters. The error is calcu-
lated over r = 10 trajectories with t ∈ [0,ΩT ]. (a) Data for
the case V = 0.1Ω. Here, the dynamics is slow and the ML al-
gorithm learns an effective L already for small values of N and
M . (b) Data for V = 2Ω. In this case, two different regimes
can be distinguished neatly: either the model does not learn
the dynamics (blue squares) or it learns it (yellow squares).
In both cases, the errors are due to the non-Markovianity as-
sumed for the learned model. The plots beneath the color
maps reports the time evolution of an observable for the two
different models and different sets of (N,M).

of N and M . First, we observe the overall trend of the
error to decrease as N × M increases. However, the
plot is not symmetric with respect to the line M = N .
In fact, for higher values of M (and fixed N ×M), the
ML algorithm has a more stable training, and hence a
better performance. This is due to the fact that the
choice of the M time-points is random, and a small
value of M has a high probability of yielding data which
is not representative of the dynamics. On the other
hand, higher values of M yields more representative
data of the trajectory, despite relatively small values of
N . For high values of N and M , as expected, the error
becomes small. The ML algorithm can thus successfully
learn a Lindbladian, with a precision that approximately
depends on the product N ×M .

Many-body setting.— Having established the capabil-
ity of the ML algorithm to exactly learn Lindblad gener-
ators from experimental data, we now address the many-
body scenario described by Eq. (1). In this case, the
reduced dynamics of the state ρS(t) can feature non-
Markovian effects. The ML algorithm will thus, by con-
struction, learn the “optimal” Markovian description of
the system. Whether this description will accurately de-
scribe the subsystem or not depends on the relevance of
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non-Markovian effects.
In Fig. 3(a), we show results for weak interactions

V = 0.1Ω. In this case, the ML algorithm learns a dy-
namical generator which faithfully reproduces the time
evolution of the coherence vector. This suggests that the
subsystem dynamics is, in this weak-coupling regime, es-
sentially Markovian. Notably, the Lindblad generator
can be inferred even when N and M are small. As al-
ready observed during the benchmarking, the training
procedure is less stable for the models in the bottom-right
corner of Fig. 3(a), compared to the top left, confirming
that larger M values are better than larger N values at
fixed N ×M .

In Fig. 3(b) we show instead results for strong inter-
actions, V = 2Ω. Quite surprisingly, also in this case,
the ML algorithm learns an effective Lindbladian which
reproduces very well the subsystem dynamics. Also
in this case, the latter has a Markovian character. A
possible explanation for this is that strong interactions
lead to a faster decay of time correlations in the envi-
ronment, which thus renders the subsystem dynamics
Markovian. Due to the faster oscillations in this regime,
more sampling points in time are needed than the weakly
interacting case, Fig. 3(a), for a same accuracy. In both
cases, for small N ×M , while the model cannot recover
the exact dynamics, it nonetheless provides an average
over the fast oscillations [cf. Figs. 3(a)-3(b)]. The data
for the whole coherence vector are reported in the sup-
plemental material [52], where we also show additional
results on the case V = 0.5Ω. In the latter case, the
error is higher, due to non-Markovian effects which ap-
pear to be non-negligible [56] in this intermediate regime.

Conclusions.— We have presented a simple ML algo-
rithm able to learn a physically consistent and inter-
pretable dynamical generator starting from (synthetic)
experimental data. We have shown that it can yield
faithful results for both weak and strong interactions.
A wider range of systems could be included by relax-
ing the assumed Markovianity of the learned generator,
namely by allowing it to be time-dependent L(t). Some
approaches already exist (see, e.g., Refs. [36, 39]), but
they require an enormous amount of data and lack phys-
ical interpretability.

In this work, we restricted the study to 1D systems
with NN interactions. However, our ML method
yields physically consistent generators regardless of the
dimensionality and the range of the interactions, to
which the model is completely agnostic. Moreover, it
is interpretable, hence it can be used to “read out”
the underlying dynamical processes (see Supplemental
Material [52]). In fact, the learned matrix L gives direct
access to the parameters θHi , θ

X
ij , θ

Y
ij , which represent the

Hamiltonian and the jump operators of the subsystem
S. In the future, it would be interesting to understand
whether feeding the ML algorithm with a sampling of

the full coherence vector is necessary or whether a bona
fide dynamics can still be learned when leaving out
information about certain observables.
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I. MATRIX REPRESENTATION OF L

We here report a brief derivation of the explicit matrix elements appearing in eq. (5). The stating point is the
coherence vector vi = Tr(FiρS). The time derivative is simply given by

d

dt
vi(t) = Tr

(
Fi
d

dt
ρS(t)

)
= Tr(FiL[ρS(t)]) = Tr(L∗[Fi]ρS(t)) (S1)

where in the second equality we used eq. (2). In the last equality L∗ is the dual map of L, i.e. the one evolving

observables instead of states. By expanding the dual map L∗[Fi] =
∑d2

j=1 Tr(L∗[Fi]Fj)Fj , and substituting into eq.
(S1), one obtains

d

dt
vi(t) =

d2∑
j=1

Tr(L∗[Fi]Fj) Tr(FjρS) = [Lv(t)]i , (S2)

where we defined the matrix L as Lij ≡ Tr(L∗[Fi]Fj). By exploiting the cyclic property of the trace, one can explicitly
calculate L∗[Fi] starting from the known action of L[ρ]. Explicitly we obtain

Tr(L∗[Fk]Fl) = Tr

(
i[H,Fk]Fl +

1

2

d2∑
i,j=2

cij(F
†
j [Fk, Fi]Fl + [F †

j , Fk]FiFl)

)
. (S3)

Comparing this result to eq. (5) we obtain

Hkl = iTr([H,Fk]Fl) , Dkl =
1

2

d2∑
i,j=2

cij Tr
(
F †
j [Fk, Fi]Fl + [F †

j , Fk]FiFl

)
. (S4)

To simplify this expressions we use the structure constants dijk and fijk, defined from the commutation and
anticommutaton relations as

dijk =
1

4
Tr({Fi, Fj}Fk) , (S5)

fijk = − i

4
Tr([Fi, Fj ]Fk) . (S6)
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By substituting those definitions into eq. (S4), we obtain the following expressions for the matrix elements of H

Hij = −4

d2∑
k=2

fijkθ
H
k , i, j ∈ {2, ..., d2}

Hi1 = H1i = 0 , i ∈ {1, ..., d2}

(S7)

where θHk provides the expansion of the Hamiltonian over the basis Fi, namely H =
∑i=d2

i=2 Fiθ
H
i . The matrix elements

of D reads

Dmn = −8

d2∑
i,j,k=2

fmik(fnjk Re(c)ij + dnjk Im(c)ij) , m, n ∈ {2, ..., d2}

Dm1 = 2

d2∑
i,j=2

fimj Im(c)ij , D1m = 0 , m ∈ {1, ..., d2}

(S8)

where cij is the so-called Kossakowski matrix, which we parametrized as c = Z†Z with Z = θX + iθY and θX ,θY real
matrices.

Equations (S7) and (S8) are the matrix representation of the Lindblad operator L in terms of the vector ωi and
the Kossakowski matrix cij .

II. FURTHER RESULTS

In the main text, we investigate the behavior of the ML framework applied to spin chains having V = 0.1Ω, 2Ω.
Here we report the case of a spin chain having V = 0.5Ω. The results are shownin Figure S1. The graph exhibits a
similar behavior to the cases analyzed in the main text. However, there is a notable distinction: the model saturates
at a higher error. This discrepancy arises from the stronger coupling between the system and the bath, rendering
non-Markovian effects non-negligible.

FIG. S1. ML algorithm’s performance on open system dynamics. The figure reports the error ϵ(N,M) as in (9) plotted
for different values of N and M , and for the V = 0.5Ω spin chain.

III. ADDITIONAL PLOTS AND PHYSICAL “READ OUT”

For completeness, we report here the plots of all 15 non-trivial components of the coherence vector vi. The plots
represent the exact time evolution (black solid line) and the dynamics predicted by the ML algorithm (red dashed
line). In Figure S2 and S3 we report the performance of the model trained on data that refers to a spin chain
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FIG. S2. Full plot of the ML algorithm’s performance. In figure the 15 non-trivial components of the coherence vector
vi. The data refers to a spin chain with V = 0.1Ω, and N = 20,M = 20. The plots represent the exact time evolution (black
solid line) and the dynamics predicted by the ML algorithm (red dashed line). In this case, the overall dynamics is roughly
captured.

FIG. S3. Full plot of the ML algorithm’s performance. In figure the 15 non-trivial components of the coherence vector
vi. The data refers to a spin chain with the same parameters as in Fig. S2, but N = 2,M = 2. The plots represent the exact
time evolution (black solid line) and the dynamics predicted by the ML algorithm (red dashed line). In this case, the overall
dynamics is well captured.

with V = 0.1Ω. In Fig. S2 the synthetic experimental data is generated with N = 20,M = 20. In this case, the
ML prediction is almost perfectly overlapped on the exact line, indicating the correctness of the learned Lindbladian.
In Fig. S3 the synthetic experimental data is generated with N = 2,M = 2. In this case, the dynamics is roughly
captured, made exception for some observables e.g., σy

1σ
y
2 , σ

y
1σ

z
2 , σ

z
1σ

y
2 and σz

1σ
z
2 ,.

In addition to the complete plots, we here report the learned expressions for the Hamiltonian and jump operators.
In this case, we take into consideration the model trained over N = 20 and M = 20. For the Hamiltonian, we round
up to two decimal places to improve readability; it reads

H = 0.5(σx
1 + σx

2 ) + 0.055(σz
1 + σz

2) + 0.025σz
1σ

z
2 − 0.03(σy

1 + σy
2 ) + 0.005(−σz

1σ
x
2 − σy

1σ
x
2 + σz

1σ
y
2 − σx

1σ
z
2 + σx

1σ
y
2 ) .

Regarding dissipation part, there is only one non-zero eigenvalue (rounded to three decimal places) of the Kossakowski
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FIG. S4. Full plot of the ML algorithm’s performance. In figure the 15 non-trivial components of the coherence vector
vi. The data refers to a spin chain with V = 2Ω, and N = 20,M = 20. The plots represent the exact time evolution (black solid
line) and the dynamics predicted by the ML algorithm (red dashed line).In this case, the overall dynamics is well captured.

FIG. S5. Full plot of the ML algorithm’s performance. In figure the 15 non-trivial components of the coherence vector
vi. The data refers to a spin chain with the same parameters as in Fig. S4, but N = 3,M = 2. The plots represent the exact
time evolution (black solid line) and the dynamics predicted by the ML algorithm (red dashed line). In this case, the overall
dynamics is porly captured.

matrix γ = 0.013. Regarding the jump operator, rounded up to two decimal places, it reads

J =0.245σx
1σ

z
2 + (0.19− 0.1i)σy

2 + (−0.16 + 0.07i)σx
1σ

y
2 + (0.055 + 0.145i)σy

1σ
y
2 + (0.095− 0.075i)σy

1+

+ (−0.09− 0.08i)σy
1σ

x
2 − (0.05 + 0.105i)σx

1 + (0.09− 0.065i)σx
1σ

x
2 + (0.03− 0.1i)σz

1σ
x
2 + (−0.09 + 0.02i)σz

1+

+ (0.005 + 0.08i)σz
1σ

x
2 + (−0.03 + 0.06i)σz

1σ
z
2 + (0.02 + 0.035i)σy

1σ
z
2 + 0.005σz

2

In Figure S4 and S5 we report the performance of the model trained on data that refers to a spin chain with V = 2Ω.
In Fig. S4 the synthetic experimental data is generated with N = 20,M = 20. In this case, the ML prediction is
almost perfectly overlapped on the exact line, indicating the correctness of the learned Lindbladian. In Fig. S5 the
synthetic experimental data is generated with N = 3,M = 2. In this case, the overall dynamics is poorly captured.
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