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We introduce a physics-informed Generative Adversarial Network framework that recasts quantum
resource-state generation as an inverse-design task. By embedding task-specific utility functions
into training, the model learns to generate valid two-qubit states optimized for teleportation and
entanglement broadcasting. Comparing decomposition-based and direct-generation architectures
reveals that structural enforcement of Hermiticity, trace-one, and positivity yields higher fidelity
and training stability than loss-only approaches. The framework reproduces theoretical resource
boundaries for Werner-like and Bell-diagonal states with fidelities exceeding 98%, establishing
adversarial learning as a lightweight yet effective method for constraint-driven quantum-state discovery.
This approach provides a scalable foundation for automated design of tailored quantum resources
for information-processing applications, herein exemplified with teleportation and broadcasting of
entanglement, and also opens up the possibility of using them in efficient quantum network design.

I. INTRODUCTION

Resource generation is a central challenge across the phys-
ical sciences. In classical contexts, it appears as the de-
sign of systems with prescribed responses—from photonic

crystals that mold the flow o f1light [ 1] t o metamateri-

als exhibiting negative refractive index [2]. Traditional

parametric and variational methods become rapidly in-
tractable as the number of degrees of freedom grows [3].
Machine Making (MK) has therefore emerged as a nat-
ural paradigm for inverse design, with neural networks
(NNs) enabling automated discovery of structures in op-
tics [4], acoustics [5], and materials science [6]. More

generally, NNs are being widely employed across various

areas of physics [6-11] for classification tasks [12], where

the objective is to assign labels to data samples, and for

generative modeling [13, 14], where new data are pro-
duced after learning underlying data distributions [15].
Generative Adversarial Networks (GANs) [16] offer an

appealing framework for the latter purpose.

In quantum information science, many general challenges
in characterizing and controlling quantum systems can
be reformulated as machine-learning tasks. For instance,
NN-based methods have been successfully applied to ad-
dress foundational questions [17], phase transition detec-
tion [18], entanglement [19, 20] and nonclassicality [21, 22]
identification, quantum experiment design [23], error cor-
rection [24, 25], and device calibration [26]. In particular,
the inverse-design viewpoint (mentioned above) applies
to quantum states themselves, which act as operational
resources for information-processing tasks [27]. A valid
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quantum state must satisfy Hermiticity, unit trace, and
positive semidefiniteness [ 28], and its r esourcefulness is
often defined by protocol-dependent criteria such as tele-
portation fidelity [29] or broadcasting capability [ 30]. The
analytical characterization of all states fulfilling a given
criterion is rarely feasible, especially beyond the two-qubit
regime [31]. This makes the systematic discovery of use-
ful resource states a natural candidate for data-driven
approaches that can explore and learn such constrained
manifolds directly [15].

Quantum information processing often does not rely
critically on entanglement as a resource. However, this
resource can at times be task specific [32, 33] and
sometimes be-yond states and channel, i.e., in network
where it can be topology specific [34]. It can be
activated under global unitary operation [35] and can be
conserved or de-stroyed under the action of channels [36,
37]. Maximally entangled Bell states enable perfect
teleportation [29, 38]. However, there can be other
entangled states that can act as a resource in offering
the quantum advantage in teleportation (i.e., surpassing
its classical limits) [29]. On the other hand, broadcasting
of quantum correlation is a method to quantify the
range of input parameters of a shared state under
which it can act as a resource by broadcasting its
quantum correlation into multiple weaker correlated
states [30]. However, a more general resource theoretic
framework was lately used to understand dif-ferent
types of resources including distributed quantum
computation [39], superdense coding [40], distillation [41]
and many more [33, 42]. The ability to identify and
generate these resource states is hence essential.

Originally developed to learn complex data distribu-
tions, GANs have since been applied across physics, from
phase-transition discovery [43] to particle-collision model-
ing [44]. Quantum variants (qGANSs) [45, 46] and classical-
quantum hybrids [15, 47] have demonstrated their ability
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to reproduce valid quantum states, yet targeted gener-
ation of resource states optimized for specific tasks re-
mains largely unexplored. Compared with likelihood-
based or diffusion models [48], adversarial learning pro-
vides a lightweight mechanism in which the discriminator
naturally enforces physical validity, making GANs partic-
ularly suited for low-dimensional, constraint-dominated
problems such as synthesis of density matrices represent-
ing quantum states [28].

In summary, resource-state generation is a unifying
inverse-design problem across physics, from creating meta-
materials [] with target electromagnetic responses [3, 49]
to engineering molecular structures for catalysis []. In
quantum information science, this challenge is amplified:
entangled states enable core protocols such as teleporta-
tion and broadcasting, yet analytical characterization of
useful non-maximally entangled states remains elusive [27].
In this work, we present a GAN framework that treats
quantum resource-state generation as an inverse-design
problem. By embedding protocol-specific utility functions
directly into training, our model learns distributions of
valid two-qubit states acting as a resource for telepor-
tation and broadcasting. We compare three generator
architectures—two enforcing physical constraints through
decomposition and one unconstrained model trained via
loss penalties—and show that structural enforcement
yields higher fidelity and training stability. Our results
demonstrate adversarial learning as a practical and exten-
sible method for generating tailored quantum resources.
Generated quantum resources advantageous for commu-
nication can be used for large scale quantum network
design [34, 50].

Our manuscript is organised as follows. In Section II, we
provide a brief overview of the process of broadcasting
entanglement and executing teleportation. Therein, we
also define the resource states involved in these processes.
In Section III, we describe the structure of GAN and
the evaluation metrics associated with it. In Section IV,
we generate resource states through GAN and compare
them with the existing theoretical results. Thereafter, in
Section V, we provide the concluding remarks, and finally
in Section VI, we discuss the future research efforts that
can be further explored in this direction.

II. QUANTUM RESOURCE STATES

Quantum resource states underpin numerous tasks in
quantum information processing. In this section, we
outline two pivotal protocols—broadcasting of quantum
correlations and quantum teleportation—and clarify the
criteria that render a quantum state a useful resource for
each. The identification and synthesis of such states is
central to the GAN-based framework developed in this
work.

A. Resource States for Broadcasting

Broadcasting of quantum correlations is designed
to increase the availability of entanglement across
a network, effectively d ecomposing e ntanglement to
generate more entangled pairs from an initial quantum
resource [30, 51, 52]. Although typically demonstrated
for two-qubit systems, the concept generalizes to
higher-dimensional and multipartite settings, and has
been extended to resources beyond entanglement, such
as quantum discord and coherence [53-55]. Quantum
operations for broadcasting are unusually implemented
via cloning but not always restricted to cloning [56]. In
this we consider broadcasting with the help of both local
and nonlocal cloning.

a. Local Cloning. Consider an entangled state pis
shared between Alice and Bob. Local broadcasting intro-
duces ancilla qubits |X3), |24), followed by local cloning
operations (U; at Alice’s site and Uy at Bob’s). The
output state is constructed as shown in Eq. (1):

Prozs = (U1 ® Ua)(p12 ® [X3) @ [E4)). (1)

Tracing out the corresponding qubits, one obtains the lo-
cal marginals in Eq. (2) and nonlocal marginals in Eq. (3):

p2s = Triz (Plosa) . (2)
Pz = Tria (P1azs) - (3)
Entanglement is considered broadcast non-optimally if
the nonlocal pairs p,, p53 remain entangled [51]. For

optimal broadcasting, it is additionally required that the
local pairs pl5, ph, are separable [30, 52].

P113 = Trog (P11234) )
P,14 = Tro3 (P,1234) )

b. Nonlocal Cloning. When both qubits are co-located
(are in the same lab), a global unitary U;s can be applied,
as shown in Eq. (4):

Prazs = Ur2(p12 ® [E3) ® [X4)). (4)

Local and nonlocal marginals are similarly defined by
partial traces. The same entanglement criteria apply for
optimal vs. non-optimal broadcasting.

c.  FEntanglement Detection. In 2 x 2 and 2 X 3 systems,
the Peres-Horodecki criterion provides a necessary and
sufficient test: if the partial transpose of p yields a nega-
tive eigenvalue, the state is entangled [57, 58]. Here we
use this criteria to detect whether the output states are
entangled or not.

Broadcasting has also been generalized to resources
beyond entanglement—such as NPT states, coherence,
and Bell nonlocality—and performed using asymmetric
cloning, higher-dimensional operations, and continuous-
variable systems [53, 54, 56, 59, 60]. Not every mixed
state is broadcastable [61]; quantum mechanics fundamen-
tally limits perfect cloning and broadcasting as compared
to classical information theory [61, 62].
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B. Resource States for Teleportation

Quantum teleportation exploits entanglement to transfer
quantum information between parties. If Alice and Bob
share a maximally entangled Bell state, such as the one

in Eq. (5),
RS
V2

then an unknown qubit can be teleported with fidelity
F =1 [29, 38]. More generally, the teleportation fidelity
depends on the entanglement quality of the shared re-
source. For example, in the absence of entanglement, the
maximal achievable fidelity is F' = 2/3 [29]. Thus, any
state giving F' > 2/3 constitutes a resource for quantum
teleportation.

W) = —=(100) + [11)), (5)

Given a two-qubit density matrix of the general form in
Eq. (6),

,OZE I4+Zai®j+zl®0'j+ztijai®0'j ,
i J 0,J

(6)
(where o; are Pauli matrices and T' = [t;;] is the cor-
relation matrix), the teleportation criterion is given by
Eq. (7):

Frnax(p) = % [1 + ;N(p)} ;. Np)=Tr (\/TTT)
(7)

States with N(p) > 1 or equivalently Fuax(p) > 2 pro-
vide quantum advantage [29, 63-65].Note that not every
entangled state is useful for teleportation; counterexam-
ples are documented [63, 64, 66]. The idea of a resource
state in context is also being extended for a quantum net-
work, by quantifying networks ability to do distributed
teleportation [34, 67].

III. OVERVIEW OF GAN

A GAN consists of two neural networks in competition:
a generator G(z) that maps latent noise z to candidate
states, and a discriminator D(z) that distinguishes gen-
erated states from training samples [16, 68]. Training is
framed as the minimax game shown in Eq. (8):

m(%n max V(D,G) = Eyp,,..[log D(2)]
+E.p [logll - DGE))]. (8)

Intuitively, training proceeds as a two-player game: the
discriminator improves at distinguishing training from
generated samples, while the generator adapts to produce
outputs that the discriminator cannot reject. At equi-
librium, the generator’s output distribution matches the
training distribution, enabling synthesis of new samples

with the same statistical properties. For density-matrix
generation, this dynamic is particularly advantageous:
the discriminator implicitly learns the manifold of valid
quantum states, providing a learned enforcement of phys-
icality that complements explicit constraint terms in the
loss function.

A schematic overview of our physics-informed training
pipeline is shown in Figure 1. During training, the gener-
ator maps latent samples z to candidate density matrices
Pgen = G(z). The discriminator compares pgen with train-
ing samples pirain to produce the adversarial signal, while
a separate physics module computes differentiable penal-
ties for trace-one normalization, positive semidefiniteness,
and task utility (broadcasting or teleportation). The
generator is updated using the resulting weighted objec-
tive (Eq. (9)). After training, the generator is used as a
sampler: drawing z yields presource = G*(2), a candidate
resource state.

A. Conditional GANs and Quantum Constraints

For quantum state generation, validity requires Hermitic-
ity, trace-one normalization, and positive semidefiniteness.
A conditional GAN (CGAN) [69] extends the standard
GAN by incorporating auxiliary information into both
generator and discriminator, enabling targeted generation
conditioned on external signals. In our setting, these
signals take the form of physics-informed losses: trace
loss, positive semi-definite (PSD) loss, and utility-specific
losses (broadcasting vs. teleportation), which enforce both
physical validity and task relevance. Figure 1 provides a
schematic representation of the physics-informed CGAN
framework used throughout this work.

1.  Generator Architectures

We compare three generator designs that differ in how
they enforce physicality. Models 1-2 impose Hermiticity
and positive semidefiniteness by construction via matrix
factorizations, and enforce the trace-one constraint via
normalization. Model 3 outputs a Hermitian matrix di-
rectly and relies on loss penalties to learn physical validity.

o Cholesky Decomposition (Model 1): the network out-
puts the entries of a lower-triangular factor L (imple-
mented by filling the lower triangle from a real-valued
parameter vector). We assemble 5 = LL', which is Her-
mitian and PSD by construction, and enforce trace-one

by p = p/Tr(p).

e Enhanced LDL Decomposition (Model 2): the network
outputs a unit-lower-triangular L and a diagonal D
with strictly positive entries (implemented with a small
e floor for numerical stability), and constructs p =
LDL', followed by trace normalization.



o Direct Matriz Generator (Model 3): the network out-
puts an unconstrained real vector that is reshaped into
the real and imaginary parts of a 4 x 4 matrix, which is
then symmetrized to obtain a Hermitian p. Trace-one
and PSD are not guaranteed by construction and are
instead encouraged purely through the explicit loss
terms.

Full architectural specifications and training hyperparam-
eters are provided in Appendix A.

2. Adversarial Training

The generator and discriminator are trained in competi-
tion. The discriminator is a multilayer perceptron (MLP)
with Leaky Rectified Linear Unit (ReLU) activations and
dropout regularization. The generator is optimized using
the composite loss in Eq. (9):

Gloss = Ladv + )\lLtrace + )\QLde + /\SLtask7 (9)

where Li,gx represents teleportation fidelity loss or broad-
casting separability /entanglement loss.

8. Loss Functions and Evaluation Metrics

a. Loss Functions: 'To ensure the generator produces
physically valid and task-specific quantum states, we
employ a composite loss function, Gjoss. This function
combines the standard adversarial loss with several
penalty terms designed to enforce the required quantum
properties.  Key components include penalties for
deviations from positive semi-definiteness (Lpsq) and the
trace-one condition (Liyace). Furthermore, we introduce
a utility-based loss, Liqsk, which for the teleportation
task specifically penalizes states that do not meet the
required fidelity threshold for a quantum advantage. The
full mathematical formulation of each loss component
and the final weighted-sum equation are detailed in
Appendix B.

b. FEwaluation Metrics: To assess performance, we use
three primary metrics to compare the set of generated
states, G, against the set of training states, 7.

b1. Accuracy: We define accuracy as the fraction of gen-
erated states that satisfy the predefined utility criteria for
the target resource class (e.g., Fnax > 2/3). This metric
directly evaluates the generator’s success in producing
useful states.

b2. Awverage Cross-Set Fidelity: To measure state-level
similarity, we compute the average fidelity between the
set of generated states G and the set of training states 7

IQIITI 2 2T

pPg€G pt€T

(g T ngpt (10)

where F'(pg, pt) is the Uhlmann fidelity between two den-
sity matrices. A score closer to the average pairwise

fidelity of the training data with itself indicates a perfect
match in both quality and variety. This intra-dataset
fidelity serves as an ideal benchmark, and we plot it as a
horizontal baseline in our results to provide a clear target
for the generator’s performance.

b3. Fréchet Inception Distance (FID): To assess distribu-
tional similarity between generated and training states,
we adapt the Fréchet Inception Distance [70]. Feature em-
beddings ¢(p) are computed as Pauli-expectation vectors:
for a two-qubit state, ¢(p) = ((0; ® 0;))} ;—, yielding a
16-dimensional real vector. The training and generated
feature distributions are modeled as multivariate Gaus-
sians, with means (ug,u7) and covariances (Xg,37).
The FID score is then given by Eq. (11):

FID(G,T) = llug — ur*

(11)
+ Tr(zg ) A zng) .
Lower values indicate that the generator not only produces
valid states but also captures the diversity and covariance
structure of the target distribution. Unlike average fidelity,
which measures pairwise similarity at the state level, FID
is sensitive to coverage and mode collapse, providing
complementary insight into how well the GAN reproduces
the overall training distribution.

IV. GENERATION OF RESOURCE STATES
THROUGH CGAN

Having established the CGAN framework and evaluation
methodology, we now apply it to generate quantum re-
source states for broadcasting and teleportation. In this
section, we discuss the generation of two different types of
resource states (broadcastable and teleportable) through
the three generator architectures described above. We
do these for two different types of states, namely Bell
diagonal and Werner like states. In the later part of the
section we also compare the states generated with the
known theoretical ranges for these classes of states. Be-
fore we go to the first subsection where we analyze and
compare between the generation process, we give a brief
description of the inputs that we have taken.

a. Werner-like states. These states are defined by the
Bloch vector and correlation matrix given in Eq. (12):

piy = {2, 2", T},
Y = {anvp(az - 62)}’
Y = diag(2paf, —2paf, p), (12)

with the conditions a2+ 82 =1 and 0 < p < 1. Note that
the diagonal matrix M = diag(...) has diagonal elements
specified inside the brackets.

b. Bell-diagonal states. These states can be expressed
via Eq. (13), where the Bloch vector is null:

pli2 = {6’ 6’ Tb}’
T = diag(cy, co, c3), (13)



Latent noise

(2)

Latent noise

(2)

Generated state

P generated

Physics
informed loss
functions

Real state

Preal

Discriminatior update

Generated
quantum
resource state

p resource

phys

Generétor update

(a) Training Phase

(b) Generation Phase

FIG. 1. Physics-informed CGAN framework used in this work. (a) Training: the generator G' maps latent noise z to pgen.
The discriminator D compares pgen With training samples perain, producing the adversarial term Lagyv. In parallel, a physics
module computes constraint and utility terms (trace-one, PSD, and task utility), yielding the weighted objective in Eq. (9).
The discriminator and generator are updated alternately. (b) Inference: after training, samples z are mapped by the trained
generator G* to Presource, producing candidate quantum resource states.

with —1 < ¢; < 1. The eigenvalues of p%, are given by
Eq. (14):

Amn = i [+ (=1)™er = (=1)" " ea + (=1)"c3], (14)

A. Generation and Analysis

In the following analysis, Fig. 2 reports task accuracy,
Fig. 3 reports average cross-set fidelity, and Fig. 4 reports
Fréchet Inception Distance (FID). Each figure presents
(1) Bell-diagonal and (2) Werner-like states, with three
subplots per row: (a) local broadcasting, (b) non-local
broadcasting, and (c) teleportation. Complete numerical
results are tabulated in Appendix C.

Across all experiments, a clear distinction emerged be-
tween constraint-enforcing and unconstrained generator
architectures. Decomposition-based models (Cholesky
and Enhanced LDL) consistently achieved rapid conver-
gence and stable accuracy, with average cross-set fidelity
scores closely tracking theoretical benchmarks for both
Werner-like and Bell-diagonal states. These models, by

construction, maintained physical validity throughout
training, reducing the need for heavy penalties for auxil-
iary losses. However, their sensitivity to hyperparameter
tuning also introduced risks of mode collapse in smaller
training sets.

In contrast, the direct generation model demonstrated
greater robustness to hyperparameter variation but consis-
tently lagged behind decomposition-based approaches in
distribution-level measures such as Fréchet Inception Dis-
tance (FID) across all studied tasks. This indicates that
while unconstrained models offer flexibility and adaptabil-
ity, they did not surpass decomposition models in FID
within the two-qubit scenarios considered here.

This performance gap is a key finding. It demonstrates
that for the well-structured two-qubit problems studied
here, embedding physical constraints directly into the
generator’s architecture is a far more effective and stable
strategy than relying on penalty-based learning. While
the flexibility of the direct model remains appealing for
future, less-understood problems, our results underscore
the significant value of architecturally-enforced constraints
when the underlying physics is known.

Comparison with theoretical boundaries further validates



the generative process. Scatter plots of generated Bell-
diagonal states (Fig. 5) confirmed confinement to the
appropriate regions, with the brown wireframe depicting
the octahedron of inseparable states and the teal shaded
areas marking the resource subregions at each vertex
for broadcastable and teleportable states. Similarly, the
Werner-like states generated (Fig. 6) adhered to the the-
oretical boundaries, with the overwhelming majority of
useful states (blue dots) falling within the green entangled
region. The small number of orange dots appearing in
the green region represent minor classification inaccura-
cies, while the overall distribution strongly reproduces
the known analytical boundary p(1 + 4a8) > 1 for tele-
portability (see Appendix D 2). These findings establish
that the proposed CGAN framework does not merely
memorize training samples but generalizes to produce
physically valid states consistent with analytic criteria.

Figure 2 summarizes the task-accuracy trajectories dur-
ing training. Across both state families, the constraint-
enforcing generators (Cholesky Decomposition and En-
hanced LDL Decomposition) reach high accuracy early
and remain comparatively stable across epochs, indicat-
ing that once the generator learns to stay within the
physically valid manifold, satisfying the task utility condi-
tion becomes reliably achievable. In contrast, the Direct
Matrix Generator exhibits substantially lower accuracy
across tasks and a noticeably slower rise, consistent with
the additional burden of learning physical validity and
task structure purely through penalty terms.

A second qualitative trend visible in Fig. 2 is task de-
pendence: broadcasting tasks exhibit greater variability
across epochs than teleportation, which is expected be-
cause the broadcasting labels are defined via separabil-
ity /entanglement constraints on cloned output marginals
rather than a single scalar threshold. For both Bell-
diagonal and Werner-like settings, the decomposition-
based models maintain accuracy curves that are con-
sistently closer to the desired accuracy than the direct
model, supporting the conclusion that architectural con-
straint enforcement improves stability for these two-qubit
resource-generation tasks.

Figure 3 compares the models on average cross-set fidelity,
which measures how well the distribution of generated
states matches the training data. For both broadcastable
and teleportable Werner-like states, the decomposition-
based Cholesky Decomposition and Enhanced LDL Decom-
position models perform exceptionally well, achieving and
maintaining high fidelity. The Direct Matriz Generator,
in contrast, shows a significant drop in fidelity, indicating
a failure to correctly learn the target distribution for these
more complex states.

In Fig. 3, the dashed horizontal baseline denotes the av-
erage fidelity of the training set with itself, which serves
as an internal reference for the typical pairwise similarity
scale within the target distribution. Fidelity curves that
approach this baseline indicate that the generator is pro-

ducing states that are statistically similar to the training
data at the state level, while sustained gaps indicate a
mismatch in either typical state quality or coverage.

Qualitatively, the decomposition-based models track the
training baseline more closely across both Bell-diagonal
and Werner-like tasks, with particularly strong agreement
in the Werner-like broadcasting cases where the curves re-
main high and stable. By comparison, the Direct Matrix
Generator shows larger deviations in several tasks, con-
sistent with reduced agreement at the state level. These
observations align with the accuracy trends: models that
enforce positivity and trace structurally not only satisfy
the utility criteria more often, but also tend to gener-
ate states that remain closer to the training distribution
under the fidelity metric.

Finally, Figure 4 presents Fréchet Inception Distance
(FID) between generated and training distributions.
Decomposition-based models consistently achieve lower
final FID scores, indicating closer alignment with train-
ing sets. The Direct Matrix Generator sometimes ex-
hibits visually stable trajectories (notably in nonlocal
Bell-diagonal and teleportable Werner-like tasks), but
its reported endpoint FID values remain higher, confirm-
ing the quantitative advantage of decomposition models.
The Direct Matrix Generator also exhibits FID instabil-
ity in specific cases: for Werner-like local broadcasting,
FID diverges mid-training and fails to recover, while for
Bell-diagonal local broadcasting, FID increases sharply
towards the end of training. This instability likely stems
from violations of positive semidefiniteness that distort
the feature covariance.

FID provides a complementary, distribution-level view:
lower values indicate that the generated set reproduces
not only typical samples but also the mean and covari-
ance structure of the feature representation used (Pauli-
expectation embeddings). Thus, FID is particularly sen-
sitive to reduced diversity or partial mode collapse, even
in cases where pointwise fidelity can remain moderate.

The trajectories in Fig. 4 show that decomposition-based
generators typically converge to lower final FID values
than the Direct Matrix Generator across tasks, indicating
closer alignment with the target distribution at the level
of first- and second-order statistics. In several settings
the direct model exhibits comparatively flatter or slowly
improving curves, but with higher endpoints, consistent
with a residual distribution mismatch. Taken together
with Fig. 3, these trends support the interpretation that
enforcing physical structure in the generator improves
both task success and distributional coverage for the two-
qubit cases studied here.

B. Comparison with Theoretical Results

Figure 5 shows Bell-diagonal states generated and plotted
using the trained models. For Bell-diagonal states, when
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indicates the ideal benchmark—the average fidelity of the training data with itself.

we plot ¢, o, c3, all valid states lie within a tetrahedron
with vertices: A : (1,—-1,1), B: (-1,1,1), C: (1,1,-1),
D: (—1,—1,-1). In these plots, the brown wireframe
depicts the boundary of the octahedron of inseparable (en-
tangled) Bell-diagonal states, which lies inside the larger
tetrahedron of all valid Bell-diagonal states. The teal

shaded subregions near each vertex indicate the theoreti-
cal parameter ranges where states serve as resources for
the respective task. Generated states classified as useful
are shown in green, while those not meeting the resource
criterion are shown in red.
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FIG. 4. Fréchet Inception Distance (FID) between generated and training state distributions (training size = 2000). (1) Bell-

diagonal states; (2) Werner-like states. Subplots: (a) local broadcasting, (b) non-local broadcasting, (c) teleportation. Lower
FID indicates closer distributional match.

All three subplots of Figure 5 show states generated using
Model 2 (Enhanced LDL) with training size 2000. ) .

Figure 6 presents Werner-like states generated and plot-
(1) Local broadcasting: States useful for broadcasting of  ted using the trained models. In these plots, the pink
quantum correlations using local cloning, concentrated background indicates the region of separable states, while
around the tetrahedron vertices. The teal region corre-  the green background marks the region of inseparable
sponds to the following vertex coordinates: (entangled) states. For the broadcasting tasks (1) and

D: (_1 ~1,-1) (_§ 5 ~1), (~1 5 _§) (_§ 1 _5) (2), the green region represents all entangled states from
L S A P8 878 8 7 87 which broadcasting is possible; for teleportation (3), the
C: (1,1,-1), (%a %v -1), (1, %» _%)7 (%» 1, —%) green region coincides with states useful for teleportation.
_55 1.5 5y (515 Generated states that meet the resource criterion are
( L1, 1) ( 8’8’1)7( 1’8’8)’ ( 8’1’8)
A:(1,-1,1), (3,-5.1), (1,—2,3), (2,-1,9) shown as blue dots, while those that do not are shown
) 8 ) 8 ) ) b 8 ) 8 ) 8 b ) 8

as orange dots; states lying in the “wrong” background

) ) region thus represent classification errors by the model.
(2) Non-local broadcasting: States useful for broadcasting

of quantum correlations using non-local cloning, span-  All three subplots show states generated using Model 1

ning a larger area around the vertices compared to local ~ (Cholesky) with training size 2000: (1) states useful for

broadcasting. The teal region corresponds to: broadcasting of quantum correlations using local cloning,

D:(—1 1 —1 11 L1 1 1 1 (2) states useful for broadcasting of quantum correlations
(=1,-1,-1), (=3, ~5,~1), (=1, -3,—5), (=3,~1,~3) using non-local cloning, and (3) states useful for telepor-

C: (1,1,-1), (%, %, -1), (1, %, f%), (%, 1, f%) tation, satisfying the utility criterion p(1 + 4a8) > 1.

B ( 17131), (7%7%71)7 (717%7%)7 (7%713%)

A: (177171)3 (%37%71)7 (1,7%7%)7 (%,713%)

V. DISCUSSION AND CONCLUSION

(3) Teleportation: States useful for teleportation, span-

ning specific regions within the tetrahedron: The results presented establish a systematic method for
generating quantum states tailored to specific tasks. In

D: (-1,-1,-1), (-1,0,0), (0,—1,0), (0,0,—1) this work we have chosen these tasks to be broadcasting of

C: (1,1, -1), (0,1,0), (1,0,0), (0,0,—1) quantum correlation and teleportation. The central find-

B: (~1,1,1), (~1,0 0) (0,1,0), (0,0,1) ing is the clear performance gap between architecturally

’ ’ constrained generators (Cholesky, LDL) and an uncon-

A (1,-1,1), (0,-1,0), (0,0,1), (1,0,0) strained, direct-output model. For the well-defined two-
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FIG. 5. Generated Bell-diagonal states plotted in the parameter space (c1, ¢2,c3). Subplots: (1) local broadcasting, (2) non-local
broadcasting, (3) teleportation. The brown wireframe outlines the octahedron of inseparable (entangled) Bell-diagonal states,
contained within the larger tetrahedron of all valid Bell-diagonal states. The teal shaded subregions indicate the theoretical
parameter ranges where states are useful for each task. Green dots represent generated states meeting the resource criterion; red
dots represent states not meeting it. All generated states are from models trained with dataset size 2000.
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FIG. 6. Generated Werner-like states plotted in terms of the parameters p and «. Subplots: (1) local broadcasting, (2) non-local
broadcasting, (3) teleportation. The green background denotes the region of inseparable (entangled) states; the pink background
indicates the separable region. For (1) and (2), the green region represents all entangled states from which broadcasting is
possible; for (3), it coincides with states useful for teleportation. Blue dots represent generated states classified as useful; orange
dots represent those not meeting the criterion. All generated states are from models trained with dataset size 2000.

qubit systems studied, embedding physical constraints
directly into the generator’s design proved to be a more
effective and stable learning strategy than relying on
penalty-based loss functions to enforce validity. This sug-
gests that for problems where the underlying physical
structure is known, leveraging that structure within the
model architecture is paramount.

Furthermore, our framework’s ability to reproduce the
known theoretical boundaries for teleportable and broad-
castable states (Figs. 5 and 6) serves as a critical vali-
dation. The visual alignment of generated states with
theoretical subregions—bounded by the brown wireframe

octahedron of inseparable states for Bell-diagonal states
and the entanglement boundary for Werner-like states—
confirms that the CGAN does not merely memorize the
training data but learns a generalized representation of
the target resource state manifold. The direct generator,
while less accurate, demonstrated robustness to hyperpa-
rameter variations, indicating its potential utility in more
exploratory scenarios where physical constraints are less
understood or analytically intractable, and where flexi-
bility is more valuable than guaranteed precision. Our
results is about generating task specific quantum resources
in particular to the context of quantum communication



which can act as the backbone of generation of resourcefull
network [34, 50].

The present study is restricted to two-qubit systems and
two specific state families (Werner-like and Bell-diagonal),
for which analytical criteria exist. Whether the perfor-
mance advantage of decomposition-based generators per-
sists for higher-dimensional or less-structured state spaces
remains an open question. Additionally, the framework
assumes access to a well-defined utility function; tasks
lacking computable metrics would require alternative for-
mulations. These observations motivate several directions
for extending and refining the framework.

VI. FUTURE OUTLOOK

Our results establish that physics-informed adversarial
learning can generate families of valid quantum resource
states tuned to protocol-specific utilities. The immediate
challenge is to extend this approach beyond two-qubit
systems. While computational scaling is favorable (O(d?)
for validation), defining computable utilities for multipar-
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tite entanglement [31], quantum metrology [71], and error
correction [72] remains non-trivial. A natural extension
is to replace the task-specific loss with other computable
metrics—for instance, Quantum Fisher Information for
metrology or the Geometric Measure of Entanglement for
multipartite state discovery—enabling generative explo-
ration where closed-form criteria are unknown.

A complementary direction is architectural: hybrid genera-
tors that couple decomposition-based structure with learn-
able residual components may balance physical faithful-
ness and expressivity. Embedding known symmetries and
conservation laws [73] could further reduce sample com-
plexity. Finally, interfacing the framework with quantum-
network simulators such as NetSquid [74] would permit
testing under realistic noise and topology models, pro-
viding a bridge between numerical design and near-term
experiments.
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Appendix A: Reproducibility Details

This section contains all necessary information for the full
reproduction of the results presented in the main text.

1. Model Architectures

All generator models take a 100-dimensional latent vector
z ~ N(0,7) and include a residual connection for stabil-
ity. A single discriminator architecture is shared across
experiments.

a. Generator models. Cholesky Decomposition: Pa-
rameterizes p = LLT, where any matrix of the form LL' is
inherently positive semi-definite, enforcing this constraint
by construction. Uses a multilayer perceptron (MLP)
with Leaky ReLU activations, LayerNorm, and a trace
normalization step.

Enhanced LDL Decomposition: Uses p = LDL' with L
lower triangular (unit diagonal) and D diagonal with
strictly positive entries (¢ = 107° regularization). Ensures
Hermiticity by construction and trace-one via normaliza-
tion.
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Direct Matrix Generator: Outputs a 32-dimensional vec-
tor reshaped into a 4 x 4 Hermitian matrix. Physical
constraints (Hermiticity, PSD, trace-one) are enforced
entirely through explicit loss functions rather than archi-
tectural design, serving as a baseline to demonstrate the
benefit of constraint embedding.

b. Discriminator. An MLP classifier for flattened 4 x 4
matrices (32 real values): 1. Input: Linear(32 — 256) +
LeakyReLU + LayerNorm + Dropout. 2. Hidden Layers:
256 — 512, 512 — 256, 256 — 128.3. Output: Linear(128
— 1) with Sigmoid

2. Training Hyperparameters

All models were trained with the RMSprop optimizer.
Loss weights were tuned empirically to balance contribu-
tions.

TABLE A1l. Training hyperparameters and loss weights for
decomposition-based generators (Models 1 & 2).

Hyperparameter Value
Optimizer RMSprop
Learning Rate 107°
Batch Size 512
Training Epochs 10,000
Apsa (PSD Loss) 10.0
Atrace (Trace Loss) 10.0

Aherm (Hermiticity Loss, Model 3 only) 5.0
Atask (Task-Specific Loss) 5.0 X Miask
Adiversity (Diversity Loss) 0.5

The task-specific multiplier mg,sx accounts for varying
optimization complexity: Teleportation: myagx = 1.0
(simpler Fyax > 2/3 criterion). Nonlocal Broadcasting:
Miask = 1.2. Local Broadcasting: myagx = 1.5 (most
complex Positive Partial Transpose (PPT) conditions).

a. Rationale. For  decomposition-based  models
(Cholesky/LDL), physics constraints (PSD, trace-one)
are architecturally enforced, reducing the need for strong
penalty terms. The moderate physics weights provide
soft regularization while the elevated task-specific weight
ensures the optimization focuses on the actual objective.
The diversity term encourages exploration without
dominating convergence. RMSprop was selected as the
default optimizer after comparing Adadelta, AdamW,
Adam, and RMSprop; it showed greater stability on
constrained broadcasting tasks.

3. Dataset Generation

The training datasets used for the discriminator were
generated as follows:

1. Werner-like states: Training data were generated by
uniformly sampling the parameters p € [0,1] and «,
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from a uniform distribution on the unit circle (subject to
a? 4+ 32 = 1), retaining only states satisfying the task-
specific criterion (e.g., p(1 4+ 4a8) > 1 for teleportation;
see Appendix D2). For each task, 2000 unique states
were generated.

2. Bell-diagonal states: Training data were generated
by uniformly sampling the parameters ¢y, co, c3 from the
range [—1, 1], subject to the constraints required for the
state to be a valid resource for the specified task (e.g.,
le1]+]e2|+|eg) > 1 for teleportation). For each task, 2000
unique states were generated.

Appendix B: Loss Function Formulation

This section provides the explicit mathematical forms of
the loss components referenced in Eq. (9) of the main text.

For a batch of N generated density matrices {pé?n}i]il,
the individual components are:

o Adversarial loss:
1 & .
‘Cadv = _N Zl IOg(D(pgc)n))
o Trace loss:
1 N
£trace = N ; ’Tr(p)(%;le)n) - 1‘

e PSD loss: For eigenvalues {)\;i)} of each pé?n:

N
1 i
Lpsd = N Z Z max (0, ,/\5 ))
=1 j

o Task-specific loss (Liask): Penalizes states failing
the fidelity criterion—Fyax < 2/3 for teleportation,
or PPT-based conditions for broadcasting.

Appendix C: Experimental Results

Tables C1-C6 present detailed performance metrics across
models, tasks, and dataset sizes. Abbreviated model
names: Cholesky (Cholesky Decomposition), LDL (En-
hanced LDL Decomposition), Direct (Direct Matrix Gen-
erator). Analysis of these results is provided in Section IV
of the main text.

Note: Metric definitions are provided in Section IIT of the
main text.

Computational Complexity of State Generation

To understand the scaling behavior of our generator mod-
els and to contextualize the empirical benchmarks pre-



TABLE C1. Metrics for Bell Diagonal — Local Broadcasting.

Model  Train Size Accuracy Fidelity FID

Cholesky 500 0.936 0.590 0.517
Cholesky 1000 0.880 0.586  0.451
Cholesky 2000 0.941 0.581  0.452
LDL 500 0.988 0.483 0.885
LDL 1000 0.679 0.593  0.467
LDL 2000 0.652 0.659  0.560
Direct 500 0.100 0.681  0.678
Direct 1000 0.120 0.514  2.236
Direct 2000 0.150 0.467  2.394

TABLE C2. Metrics for Bell Diagonal — Nonlocal Broadcast-
ing.

Model  Train Size Accuracy Fidelity FID

Cholesky 500 0.881 0.710  0.083
Cholesky 1000 0.876 0.700  0.049
Cholesky 2000 0.950 0.701  0.123
LDL 500 0.983 0.678 0.121
LDL 1000 0.770 0.694 0.127
LDL 2000 0.982 0.704  0.148
Direct 500 0.120 0.744 0.384
Direct 1000 0.150 0.703  0.489
Direct 2000 0.180 0.702  0.442

TABLE C3. Metrics for Bell Diagonal — Teleportable.

Model  Train Size Accuracy Fidelity FID

Cholesky 500 0.743 0.790 0.011
Cholesky 1000 0.852 0.789  0.016
Cholesky 2000 0.979 0.769  0.011
LDL 500 0.980 0.798  0.010
LDL 1000 0.927 0.796  0.015
LDL 2000 0.972 0.787  0.015
Direct 500 0.450 0.792  0.075
Direct 1000 0.500 0.787  0.140
Direct 2000 0.550 0.770  0.145

TABLE C4. Metrics for Werner-like — Local Broadcasting.

Model  Train Size Accuracy Fidelity FID

Cholesky 500 0.972 0.962  0.004
Cholesky 1000 0.926 0.961  0.004
Cholesky 2000 0.976 0.962  0.003
LDL 500 0.990 0.959  0.004
LDL 1000 0.945 0.959  0.005
LDL 2000 0.975 0.962  0.003
Direct 500 0.300 0.963  0.047
Direct 1000 0.320 0.962  0.041
Direct 2000 0.350 0.962  0.055

sented in Fig. C1, we performed an asymptotic analy-
sis of the computational costs. This analysis validates
the empirically observed ©(d?) and ©(d?®) scaling be-
haviors and clarifies the trade-offs between the direct
and decomposition-based approaches when extending the
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TABLE C5. Metrics for Werner-like — Nonlocal Broadcasting.

Model  Train Size Accuracy Fidelity FID
Cholesky 500 0.945 0.943 0.014
Cholesky 1000 0.974 0.941  0.008
Cholesky 2000 0.977 0.940  0.008
LDL 500 0.981 0.940 0.010
LDL 1000 0.983 0.941  0.008
LDL 2000 0.983 0.941 0.010
Direct 500 0.400 0.940 0.068
Direct 1000 0.450 0.940 0.055
Direct 2000 0.500 0.941 0.064

TABLE C6. Metrics for Werner-like — Teleportable.

Model  Train Size Accuracy Fidelity FID

Cholesky 500 0.968 0.922  0.017
Cholesky 1000 0.963 0.907  0.008
Cholesky 2000 1.000 0.926  0.138
LDL 500 0.979 0.922  0.015
LDL 1000 0.959 0.907  0.010
LDL 2000 0.990 0.926 0.014
Direct 500 0.500 0.926  0.050
Direct 1000 0.550 0.908  0.046
Direct 2000 0.600 0.927  0.051

framework to higher Hilbert space dimensions d.

We analyze the computational cost of generating K den-
sity matrices p € C?*? during inference, where d is the
Hilbert space dimension (d = 4 for the two-qubit case con-
sidered in the main text). Each generator is implemented
as a multilayer perceptron (MLP) with parameter count

W(d) = Z(nl,lnl—&—m).

=1

a. Direct Generator. The direct model outputs 2d>
real parameters (corresponding to the real and imaginary
entries of p). Generation cost is therefore dominated by
the MLP forward pass:

Toirect (K) = @(KW(d)).
Because the final affine map must produce 2d? outputs,
W(d) > Q(d?).

Thus, Tpirect(K) = Q(Kd?) always holds. If hidden
widths scale sub-cubically, W(d) = o(d?), the direct
model avoids any Q(d?) term at inference.

b. Decomposition Generators. The decomposition
models output O(d?) parameters that define a factor-
ization (e.g., Cholesky or LDL). For each state, the
following steps are required:

1. MLP forward pass: ©(W(d)),

2. One dense d x d complex matrix multiplication to



form p: ©(d?),
3.Trace normalization and any additional assembly: o(d?).

The per-state complexity is therefore
Toecomp(K) = O(K (W (d) +d*)).

In particular, Tpecomp(K) > Q(Kd?), as at least one
d x d multiplication is unavoidable.

c. Implications. Both approaches scale linearly in K,
but their dependence on d differs:

1. Direct: ©(KW(d)) with W(d) > Q(d?), which is
asymptotically more efficient in d whenever W (d) = o(d®).
2. Decomposition: O(K (W (d) + d?)), with the d* term
dominating unless the network width already grows at
least cubically.

As a concrete example, at d = 8 one dense multipli-
cation requires d® = 512 complex multiplications, or
approximately 4096 real floating-point operations. De-
composition models guarantee physicality by construction
but incur this ©(d*) overhead, whereas the direct model
trades physical guarantees for potentially lower inference
cost.

d. Empirical walidation. To  corroborate these
asymptotic estimates, we performed machine-agnostic
micro-benchmarks using synthetic generators without
training. We measured per-state wall-clock time for
forward passes, decomposition assembly, and validation
(PSD and PPT checks) across a broad range of Hilbert
space dimensions d € {4,6,8,12,...,256} and batch
size B = 1024, on both CPU and GPU backends.
Figure C1 summarizes the results. Forward-pass costs
(Direct, Cholesky, LDL) scale nearly quadratically with d,
consistent with the ©(d?) dependence on parameter count.
By contrast, decomposition assembly (LL', LDL') and
eigenvalue-based PSD/PPT checks exhibit cubic growth
©(d?), as predicted by the analytic model. The same
trends hold on CPU and GPU, confirming that the
complexity analysis is robust and machine-agnostic. Er-
ror bars denote 95% confidence intervals across 10 repeats.

e. Benchmark configuration. All scalability mea-
surements were performed on both CPU and GPU
backends using synthetic generators without train-
ing. We evaluated Hilbert space dimensions d &
{4,8,12, 16, 20, 24, 28, 32, 36, 40, 64, 96, 128, 160, 256, 512}
and batch sizes B € {64,128,256,512,1024}. Each
measurement was averaged over 15 independent repeats,
with 95% confidence intervals reported as error bars.
CPU experiments were restricted to four threads for
consistency, and PPT checks were omitted beyond d = 32
to prevent prohibitive cubic overhead. Since models
were not trained, these benchmarks isolate the inference
and validation cost of forward passes, decomposition
assembly, and Positive Semi Definite checks.
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Appendix D: Mathematical Derivations

1. Equivalence of Entanglement and Teleportation
fidelity for Bell-Diagonal States

Definition. Bell-diagonal states have the density matrix
form:

3
1
PBell = <H®H+ Zciai ® Ui) ) (D1)

i=1

with parameters satisfying —1 < ¢; < 1, and o; being the
Pauli matrices.

Entanglement criterion (Peres-Horodecki). A Bell-
diagonal state is entangled if and only if its partial trans-
pose has at least one negative eigenvalue. For this class
of states, this is equivalent to:

lex] + [ea| + |es| > 1. (D2)
Teleportation fidelity criterion (Horodecki). The maximal
teleportation fidelity Fiax(p) for Bell-diagonal states is
given by:

1 c1| =+ |ea| + |es
Fmax(p):<1+| 1| |2‘ |3|)

5 3 (D3)

A quantum advantage (i.e., the state is a useful resource
for teleportation) is achieved when Fiax(p) > 2.

Proof of equivalence. Substituting the fidelity condition
and simplifying, we obtain:

1 1| + [e2| + e 2
—1+— ] > = D4
2( * 3 3 (D4)

4
1+ |Cl‘+|62|+|63| > - (D5)

3 3

lea] + Jea| +es] 1
—_ > — D6
ler| + |ea| + |es| > 1. (D7)

2. [Equivalence of Teleportation fidelity and PPT
Inseparability for Werner-like Two-Qubit States

For the Werner-like family of two-qubit states consid-
ered in this work, the condition for teleportation fidelity
coincides exactly with the PPT inseparability condition.

a. State definition. Consider the two-qubit state

p(p,0) = p ) (o] +

£, 0<p<l, (D)

where

[¥) = al00)+5(11),

In Bloch form, the diagonal correlation tensor is

T = diag(2paf, —2paf, p).

a,f >0, o?4p5% = 1. (DY)

(D10)
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FIG. C1. Empirical scaling of per-state inference and validation costs with Hilbert dimension d at batch size B = 1024. Top

row: CPU results. Bottom row: GPU results. Left: Forward-pass costs for Direct, Cholesky, and LDL generators, scaling ~ d2.
Right: Assembly (LL', LDL') and PSD/PPT eigenvalue checks, scaling ~ d®. Error bars indicate 95% confidence intervals

across 10 repeats.

b. Teleportation Fidelity. For a two-qubit state with
diagonal correlation tensor T', the maximal teleportation

fidelity is
1 1
=3 <1+§N(P)),

3

Y|t = p(1 +4ap).

=1

Finax(p) (D11)

N(p) (D12)

Teleportation is useful if Fi,ax > 2/3, equivalently N(p) >
1, yielding

p(1+4af) > 1. (D13)

c. PPT inseparability. The partial transpose p’? has
smallest eigenvalue

1—
)\,:—p—paﬁ.

. (D14)

The state is entangled (PPT-negative) iff A_ < 0, which
reduces to

p(1+4apf) > 1. (D15)

d. FEquivalence. Comparing Egs. (D13) and (D15),
teleportation-useful and PPT-negative conditions coincide
for this family. Both are governed by the boundary

J— 1 J—
1+4af

p (D16)

1
14+4/a2(1—a?)

The commonly cited threshold p > 1/3 corresponds to
maximal entanglement (o? = 32 = 1/2) and is necessary
but not sufficient when « is unrestricted. This equivalence
is specific to the Werner-like two-qubit family.
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