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We present a neural network-based quasiparticle model to separate the contributions of chromoelectric
and chromomagnetic gluons in SU(3) gauge theory. Using dual residual networks, we extract temperature-
dependent thermal masses from lattice thermodynamic data of entropy density and trace anomaly. By
incorporating physics-informed regularization that enforces hard thermal loop expectations at high
temperatures, the trained models reproduce lattice results with high accuracy over T=Tc ∈ ½1; 10�,
capturing both the crossover behavior near Tc and the approach to perturbative scaling at high
temperatures. The extracted masses exhibit physically reasonable behavior: they decrease sharply around
Tc and increase linearly thereafter. Our analysis reveals that the effective suppression of the electric sector is
thermodynamically necessary to reconcile the HTL-consistent magnetic behavior with the lattice QCD
equation of state. Consequently, we find that the chromomagnetic sector contribution is compatible with
chromoelectric part in the near-Tc region and dominates the system at high temperature region.
Furthermore, we compute transport coefficients within the relaxation time approximation, finding that
the temperature dependence of both shear and bulk viscosities and the relative contributions of the two
sectors are consistent with recent lattice calculations, while their absolute scale is calibrated by the assumed
relaxation time.
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I. INTRODUCTION

Understanding the thermodynamic properties of quan-
tum chromodynamics at finite temperature requires disen-
tangling the contributions of different degrees of freedom in
the strongly interacting medium. The quantum chromody-
namics (QCD) crossover transition at T ≈ 150–170 MeV
involves the liberation of quarks and gluons from hadronic
confinement, with each type of degree of freedom contrib-
uting distinctly to the observed thermodynamic behavior
[1,2]. Fermionic quark modes provide the dominant con-
tribution to entropy and particle number density, while
gluonic degrees of freedom—particularly the transverse
and longitudinal polarization modes—govern the pressure

and energy density through their temperature-dependent
effective masses and interaction strengths [3–6].
Among these mentioned degrees of freedom, the distinct

roles of chromoelectric and chromomagnetic gluonic
modes have been recognized as crucial for understanding
the nature of the QCD phase transition. Effective theories
such as the Nambu-Jona-Lasinio (NJL) model and quark-
meson model, which originally incorporate only quark
degrees of freedom [7–11], demonstrate significantly
improved agreement with lattice QCD results when the
Polyakov loop—representing the chromoelectric gluonic
field—is included [9,12–18], since the chromoelectric
gluon possesses a more significant mass change at the
phase transition temperature [19]. This enhancement man-
ifests in more accurate predictions of the critical end point
location and more consistent thermodynamic behavior
across the QCD phase diagram [9,12–16,20,21].
Chromomagnetic gluons, on the other hand, contribute
more to the pure-gauge thermodynamic properties, due to
their lower effective mass compared to chromoelectric
gluons. From the calculation of hard thermal loop
(HTL), the chromoelectric and chromomagnetic gluons
possess the screening masses mE ∼ gT and mM ∼ g2T,
accordingly [22–26]. For thermal mass, or asymptotic
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mass, the chromomagnetic gluons exhibit a scale of 1ffiffi
2

p gT

while chromoelectric gluons’ contribution vanishes. The
mass difference between chromoelectric and chromomag-
netic gluons originates from the fact that, at finite temper-
ature, the rotational Oð4Þ symmetry is broken down to
(approximate) Oð3Þ spatial symmetry since the time
direction is deduced to a finite volume with β ¼ 1=T [27].
To systematically account for these temperature-

dependentmass differences and the resulting thermodynamic
contributions from different gluonicmodes, the quasiparticle
model provides a particularly effective framework. This
approach treats elementary particles as weakly interactive
thermally modified particles with temperature-dependent
effective masses, allowing for a description of the distinct
behavior of chromoelectric versus chromomagnetic degrees
of freedom [4,28–32]. In [4], the author treats pure gauge
system as a model of an ideal gas of quasiparticle with
effective thermal mass, and use the thermodynamic proper-
ties to constrain the quasigluon mass. Other works also
incorporate with temperature-dependent bag constant, as in
[28–30]. The limitation for this method lies in the fact that in
traditional method, it is difficult to determine two or more
mass functions with equation of states unbiasedly.
Recent advances in deep learning offer promising solu-

tions to overcome the representation limitations. Neural
networks, with their universal approximation capabilities
[33,34], can effectively handle high-dimensional parameter
spaces and complex nonlinear relationships between multi-
ple particle masses and thermodynamic observables [35,36].
The hierarchical architectures inherent in deep neural net-
works provide a powerful tool for solving ill-posed inverse
problems. They serve as flexible function approximators that
canmodel complex physical systems across diverse domains
including nuclear physics [36–48], particle physics [49–54],
and condensed matter physics [55,56]. Recently, one new
paradigm, referred to as physics-driven learning, has been
applied to the study of inverse problems inQCDphysics [36].
As one of the applications, in the integration of machine
learning with the quasiparticle model, Li et al. [57,58] have
demonstrated theutility of deepneural networks in extracting
temperature-dependent quasiparticle masses from the QCD
equation of state.
Related work has approached quasiparticle properties

along several other routes. Liu et al. [59] describe the
equation of state through an effective coupling gðTÞ that
fixes the hard-thermal-loop masses of quarks and gluons,
and constrain it by a Bayesian analysis ofDmeson RAA and
v2 within a quasiparticle linear Boltzmann transport cal-
culation, so that the thermodynamic information is drawn
from heavy-flavour observables. Soloveva et al. [60] work
within the off-shell dynamical quasiparticle model and use
deep networks to infer both the masses and the widths of
quasigluons and of light and strange quarks from dimen-
sionless lattice observables, and then evaluate transport
coefficients from the resulting spectral functions in the

Kubo-Zubarev formalism. Tiwari et al. [61] extend the
deep-learning-assisted quasiparticle model to finite baryon
chemical potential, training three residual networks for the
gluon, light quark, and strange quark masses over the
ðT; μBÞ plane.
The above studies address full QCD with dynamical

quarks, and in each of them the gluon enters as a single
species. The question addressed here is a different one. We
ask how the thermodynamic weight of the chromoelectric
and chromomagnetic modes is distributed over temper-
ature, which is a statement about the gluonic sector alone
and which we therefore study in pure SU(3) gauge theory.
In this study, we focus on pure gauge lattice data and
implement a modified quasiparticle framework that accom-
modates this separation. Residual networks are employed
to provide sufficient representational capacity for capturing
the nontrivial temperature dependence, while ensuring
stable and efficient training [62,63].
In this work, we aim to develop a systematic framework

for extracting temperature-dependent effective masses of
different gluonic degrees of freedom from lattice QCD data
while maintaining thermodynamic consistency. To achieve
this goal, we construct two individual neural networks to
parametrize the mass functions of chromoelectric and
chromomagnetic gluons, mEðT; θÞ and mMðT; θÞ, respec-
tively. These neural network-derived mass functions are
then incorporated into the quasiparticle model to predict the
equation of state. By comparing the predicted thermody-
namic quantities with lattice QCD results as in [64], we
construct a loss function that enables parameter optimiza-
tion through backpropagation, thereby ensuring that the
extracted mass functions satisfy both the nonperturbative
constraints from lattice data and theoretical expectations at
high temperatures.
This work arranges as follows: In Sec. II, we present the

quasiparticle model framework and dual residual neural
network architecture to parameterize gluonic mass func-
tions, along with the loss function construction including
regularization terms. Section III demonstrates our numeri-
cal results, showing an accurate reproduction of the lattice
QCD data and the extraction of physically reasonable
thermal masses. Finally, Sec. IV summarizes our findings
and discusses potential extensions.

II. NEURAL NETWORK EXTRACTION

A. Thermodynamics of SU(3) gauge theory

For the ideal gas of noninteracting quasigluons, the
partition function Z is given by

lnZðTÞ ¼ lnZEðTÞ þ lnZMðTÞ; ð1Þ
where the two terms in the right-hand side are partition
functions for chromoelectric and chromomagnetic gluons,
respectively. These two gluons follow the Bose-Einstein
distribution, which gives
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lnZiðTÞ ¼ −
dgiV

2π2

Z
∞

0

dpp2

× ln

�
1 − exp

�
−
1

T

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2 þm2

giðTÞ
q ��

; ð2Þ

with V being the volume of the system. mgiðTÞ is the mass
function for certain type of gluon as a function of

temperature T. dgi is the degeneracy for gluons, which is
dgE ¼ 1 × ð32 − 1Þ ¼ 8 for the static chromoelectric gluon
and dgM ¼ 2 × ð32 − 1Þ ¼ 16 for the chromomagnetic
gluon with two polarizations.
With given partition function Eq. (2), one can get the

thermodynamic properties of the system by the following
relationship,

PidðTÞ ¼ T

�
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�
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9=
;

¼ εidðTÞ þ BðTÞ: ð4Þ

Here, BðTÞ is the bag constant. In order to keep the
statistical mechanics and thermodynamics consistent
εþ p ¼ sT, the pressure is rewritten as follows,

PðTÞ → PidðTÞ − BðTÞ; ð5Þ

with εidðTÞ and PidðTÞ being the thermodynamic proper-
ties of ideal gas.
In practice we do not compute PðTÞ directly from the

partition function. Instead, the entropy density of each
sector is evaluated from the standard ideal-gas formula at
fixed mass miðTÞ,

siðTÞ ¼
dgi
2π2T

Z
∞

0

dpp2

�
Ep;i þ

p2

3Ep;i

�
1

eEp;i=T − 1
; ð6Þ

with Ep;i ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2 þm2

i ðTÞ
p

. The pressure of each sector
follows from the Maxwell relation

PiðTÞ ¼ PiðT0Þ þ
Z

T

T0

siðT 0ÞdT 0; ð7Þ

with
P

i PiðT0Þ matched to the lattice value at the lowest
temperature, and the trace anomaly contribution from
Δi ¼ si=T3 − 4Pi=T4, equivalent to εi ¼ Tsi − Pi.
This procedure is mathematically equivalent to the

standard self-consistent quasiparticle framework with bag
function BðTÞ, in which FQP ¼ Fidjm þ VBðTÞ and BðTÞ
is fixed by the stationarity condition

dBðTÞ
dT

¼
X
i

∂PðiÞ
id

∂m2
i

dm2
i

dT
: ð8Þ

The integrated pressure Eq. (7) coincides with Pidjm −
BðTÞ up to an additive constant absorbed into the boundary
condition, so all thermodynamic quantities derive from a
single grand potential and εþ P ¼ Ts holds by construc-
tion. As a consequence, the framework automatically repro-
duces the leading-order weak-coupling result P=PSB ¼
1–15αs=ð4πÞ þOðα3=2s Þ in the high-T limit.
Before interpreting the results from the quasiparticle

model, it is essential to clarify the physical definition of the
gluon mass, which can be ambiguous in finite-temperature
field theory. Generally, the “mass” scale can be categorized
into two distinct definitions: the screening mass and the
thermal (pole) mass.
The screening mass is defined by the exponential decay

of the static two-point correlation function in the spatial
limit, characterizing the length scale over which chromo-
electric or chromomagnetic fields are screened in the
medium. In perturbation theory, the chromoelectric screen-
ing mass (Debye mass) is of the order mE ∼ gT.
Conversely, the chromomagnetic screening mass vanishes
in the HTL approximation, though nonperturbative calcu-
lations indicate it is dynamically generated at the scale of
mM ∼ g2T due to magnetic confinement.
On the other hand, the thermal mass is defined by the

poles of the gluon propagator (longitudinal and transverse
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components) in the complex energy plane. In the high-
momentum limit (k20 ∼ k2), HTL calculations reveal a
crucial difference between the two sectors [65]. The
transverse (magnetic) mode retains a residue of unity,
representing a well-defined quasiparticle. In contrast, the
longitudinal (electric) mode exhibits an exponentially
decaying dispersion relation with a residue that approaches
zero, implying that collective electric excitations (plas-
mons) decouple from the thermodynamic phase space at
high temperatures.
In our quasiparticle model framework, the effective mass

mgiðTÞ is conceptually closer to the second definition (the
thermal pole mass). However, a standard quasiparticle
model simplifies the spectral function by assuming a fixed
residue of unity for all degrees of freedom. Consequently,
the model cannot explicitly capture the vanishing residue of
the electric sector. Instead, we analyze the varying con-
tributions of the chromoelectric and chromomagnetic
sectors to the equation of state by extracting their effective
mass behaviors. A heavy effective mass in the electric
sector, for instance, effectively mimics the suppression of
thermodynamic contributions that would otherwise be
described by a vanishing residue in a complete field-
theoretic treatment.

B. ResNet quasiparticle model

In general, the mass functions of gluons, mgiðTÞ, can be
represented as deep neural networks (DNN) with a set of
trainable parameters, fθg. The differences between outputs
of the quasiparticle models and lattice computed thermo-
dynamical observables are used to optimize the parameters.
In particular, the momentum integral in Eqs. (3) and (4)

from 0 to ∞ is computed using the 25-point Gauss-
Laguerre quadrature method to efficiently handle the
exponential decay of the Bose-Einstein distribution.

Once we have the temperature dependence of the mass
function from DNN, the pressure and energy density
above can be computed simultaneously, and we can also
get the entropy sðTÞ ¼ ðεþ PÞ=T and trace anomaly
ΔðTÞ ¼ ðε − 3PÞ=T4.
The flowchart of the general process is shown in Fig. 1.

We designed a Residual Neural Network (ResNet) to
construct the temperature dependence of gluon masses.
The network consists of two independent subnetworks, one
for predicting the magnetic gluon mass (mM, transverse)
and the other for the electric gluon mass (mE, longitudinal).
Each subnetwork has the following structure,

(i) Input layer: Maps the single input (temperature T) to
a 24-dimensional hidden layer.

(ii) Residual blocks: Contains four residual blocks,
each consisting of two linear layers with a Swish-
like activation function in between, defined as
fðxÞ ¼ x · σðxÞ, where σðxÞ is the sigmoid function.
The residual connection is achieved by adding the
input directly to the block’s output.

(iii) End layer: Further processes the output of the
residual blocks, maintaining a hidden dimension
of 24.

(iv) Output layer: Generates non-negative mass predic-
tions using the Softplus activation function (fðxÞ ¼
lnð1þ exÞ), which guarantees the positive definite-
ness of gluonic masses.

From a physics-driven learning perspective [36], the
Swish-like activation function introduces nonlinearity
while maintaining gradient differentiability, which helps
capture complex temperature dependencies. The Softplus
activation ensures that the mass predictions are phy-
sically reasonable (non-negative).
With the mass functions mEðT; θÞ, mMðT; θÞ, we can

introduce them into the quasiparticle model and calculate
the corresponding thermodynamic properties. In this work,

FIG. 1. Flowchart of utilizing neural network to obtain the two gluonic masses is listed here. In the mass model we apply residual
neural network (ResNet) and each ResNet consists of 4 hidden layers with 24 neurons per layer. Inside the residual block we utilize
swishlike function as activation function.
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we train the neural networks mentioned before to fit the
entropy density and trace anomaly from lattice data.
For the objective function, we define a custom loss

function including data and regularization components,

L ¼ LMSE þ LMC: ð9Þ
It includes,
(1) the mean squared error (MSE) term, which is

defined by the comparison of the predicted normal-
ized entropy s=T3 and trace anomaly Δ with the
lattice data,

LMSE¼MSEðspred=T3;strue=T3ÞþMSEðΔpred;ΔtrueÞ:
ð10Þ

In principle, the chi-square fitting contains stat-
istical uncertainties, it is more appropriate to use a
weighted mean squared error, where the inverse of
the covariance matrix of the lattice data is incorpo-
rated as a weight. The more rigorous form of the loss
term reads,

Lcov ¼ ðypred − ytrueÞ⊤C−1ðypred − ytrueÞ; ð11Þ

where y represents the observable (e.g., s=T3 or Δ),
and C is the covariance matrix estimated from the
lattice simulation.
However, in our case, the relative errors in the

lattice data are negligibly small. Therefore, using the
simplified, unweighted MSE form still leads to
accurate and stable results, while reducing computa-
tional complexity. Furthermore, it is important to note
that in the lattice calculations we refer to [64], the
pressure is not directly computed but is obtained by
integrating the trace anomaly over temperature. As a
result, the pressure and trace anomaly are not sta-
tistically independent. In principle, one could use only
the trace anomaly as the input observable, and the
model would still yield results qualitatively similar to
those presented in this work. The main difference
would be an increase in the uncertainty of the
reconstructed mass functions, due to the loss of
constraint from the direct pressure data.

(2) The regularization term, which incorporates the ex-
pected high-temperature behavior of gluonic masses.
From calculations of hard thermal loop, the thermal
mass for chromomagnetic gluons at large-momentum
limit has the form m2

Mðk2 ≫ m2
DÞ ¼ 1

2
m2

D, where
mD ¼ gðTÞT is the screeningmass for chromoelectric
gluons. Here the temperature-dependent coupling
constant gðTÞ has the form

g2ðTÞ ¼ 24π2

11Nc lnðT=ΛQCDÞ
; ð12Þ

and in flavorless case we use ΛQCD ¼ 0.242 GeV, as
given in [66]. Since the decomposition of pressure
into two components is mathematically underdeter-
mined at high temperatures using only total thermo-
dynamic data, we introduce a soft constraint that
gradually enforces the mass mM ≈ 1ffiffi

2
p gðTÞT at suffi-

ciently high temperatures LMC. Its specific form will
be given in Appendix A, which guarantees that the
model remains flexible in the low-temperature region
while respecting theoretical expectations in the high
temperature limit.

The setting follows from the question. In full QCD the
entropy density and the trace anomaly receive quark and
gluon contributions at the same temperature, so that
resolving the gluonic sector into longitudinal and transverse
parts would have to be carried out together with the
separation of the quark contributions. In pure SU(3) gauge
theory the two sectors enter Eq. (2) with the degeneracies
dgE ¼ 8 and dgM ¼ 16, fixed by the polarization counting.
Standard quasiparticle treatments carrying a single gluon
species use the transverse counting 2ðN2

c − 1Þ ¼ 16, while
Polyakov-loop extended models fit a potential built from
the temporal gauge field, which belongs to the static
chromoelectric sector, to the same pure-gauge thermody-
namics. Here both sectors are carried at the same time, and
the suppression of the electric one above T ∼ 1.5Tc reduces
the active gluonic degrees of freedom to 16 and restores the
Stefan-Boltzmann limit.
The physical input also enters differently. In

Refs. [59,61] the thermal masses keep the form m2 ∝
g2ðTÞT2 with a fitted effective coupling, and Ref. [61] ties
the mass ratios to an analytic quasiparticle model over the
whole temperature range, while Ref. [60] relaxes the
dynamical quasiparticle ansatz for the masses and widths.
The hard thermal loop input used here has the same origin,
but it is localized by ωðTÞ and annealed during training, so
that it acts for T ≳ 7Tc and leaves the crossover region to
the lattice data, an attribution that Appendix C examines
quantitatively. SincemE andmM are asymptotic masses, the
extracted functions describe modes with momenta of order
T, and the soft region would require a spectral representa-
tion beyond the present ansatz.
We have verified that the results are robust against

reasonable variations in these parameter choices, confirm-
ing that our conclusions are not sensitive to the specific
values selected. In the training process, we apply the Adam
optimizer with an initial learning rate of 0.0001 which will
be dynamically adjusted as the model converges. The
trainable parameter θ is located on the nodes of neural
network and will be updated in each epoch base on the
gradient of the loss and back-propagation algorithm. The
training is conducted on the entire dataset (without batch-
ing) for 20,000 epochs. To assess the model’s robustness,
we performed 20 independent training runs.
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III. NUMERICAL RESULTS

To validate the predictive accuracy of the neural network
model, we compare trained output to first-principles lattice
QCD data for thermodynamic observables. As shown in
Fig. 2, the trained ResNet reproduces both the entropy
density s=T3 and the trace anomaly Δ ¼ ðε − 3pÞ=T4 with
excellent precision in the whole temperature range
T=Tc ∈ ½1; 10�. Notably, the model accurately captures
the rapid rise of s=T3 near the crossover region, as well
as the sharp peak and subsequent decay of the trace
anomaly, both of which reflect highly non-perturbative
QCD dynamics. Figure 3 depicts the trained mass for
chromoelectric and chromomagnetic gluons separately. In
the shown range, the thermal masses for two gluons possess
similar behavior, where it rapidly decreases at T ∼ Tc,
reaches to its minimum, and then starts to increase linearly.
In the figure we perform 20 independent runs to get the
bands for the gluons. The fast drop of gluon masses near Tc

leads to the increasing contribution of gluons, which can be
understood as a sign of deconfinement. At higher temper-
ature, the gluon masses start to rise again. In this region,
the contribution from gluons should be analyzed by the
plot of gluon masses normalized by T. Figure 4 illustrates
the temperature dependence of the normalized thermal
masses, m=T, for chromoelectric and chromomagnetic
gluons extracted from our neural network. For comparison,
we also overlay the lattice QCD data for the screening
masses [64].

FIG. 2. Results from residual neural network simulation and
lattice QCD [64], with critical temperature in pure-gauge theory
Tc ¼ 0.27 GeV. The figures display the results for entropy
density s=T3 (upper panel) and trace anomaly Δ (lower panel).

FIG. 3. Chromoelectric (blue) and chromomagnetic (green)
gluonic thermal masses, as a function of temperature, from the
neural network. Here we perform 20 independent runs to get the
mass bands for each type of gluons.

FIG. 4. Chromoelectric (blue) and chromomagnetic (green)
gluonic thermal masses divided by temperature, as a function of
temperature, from a neural network. Here we perform 20
independent runs to get the mass bands for each type of gluons.
The lattice result for the screening masses of the corresponding
gluons are also shown for comparison [22].
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Several key physical features can be observed. First, both
sectors exhibit a distinct mass splitting. In the vicinity of the
critical temperature (T ∼ Tc), the predicted thermal masses
deviate significantly from the screening masses. This
discrepancy is physically well-founded. As discussed in
Ref. [4], the thermal mass is defined by the pole of the
propagator in the timelike region (k0 ∼ k), whereas the
screening mass characterizes the exponential decay of
spatial correlations in the static limit (k0 ¼ 0). The large
values of the extracted thermal masses near Tc suggest
strong nonperturbative effects, indicating that the system is
far from a gas of free partons in the crossover region.
A particularly noteworthy feature in Fig. 4 is the crossing

of the two normalized mass curves near T ∼ 1.5Tc. Below
this temperature, the chromoelectric mass mE=T is smaller
than the chromomagnetic mass mM=T. This ordering is
consistent with the behavior expected near the deconfine-
ment crossover: as shown in Fig. 3, the chromoelectric
mass undergoes a sharper drop in the vicinity of Tc
compared to the chromomagnetic one, in agreement with
the observation that the chromoelectric gluon possesses a
more significant mass change at the phase transition
temperature. As a result, immediately above Tc, the
relatively lighter chromoelectric modes are more thermally
accessible, and the chromoelectric sector plays a compa-
ratively larger role in the equation of state in this region.
Above T ∼ 1.5Tc, the two curves cross and the ordering
reverses: mE=T overtakes mM=T and continues to grow,
while mM=T decreases monotonically, suggesting that the
transverse degrees of freedom are approaching the pertur-
bative limit of massless vector bosons, thereby dominating
the thermodynamics of the system. This crossing marks the
onset of a qualitative transition in which the chromoelectric
degrees of freedom become progressively suppressed
relative to the chromomagnetic ones, a trend that persists
and amplifies at higher temperatures. This behavior pro-
vides a crucial insight into the limitations and effective
nature of the quasiparticle model. In HTL perturbation
theory, the contribution of the longitudinal (electric) mode
is suppressed due to its residue ZL vanishing exponentially
at high momenta. However, since our quasiparticle frame-
work enforces a fixed residue of unity (Z ¼ 1), the
optimization process naturally drives the electric gluon
mass mE to large values. This behavior acts as an effective
compensation mechanism: since the quasiparticle ansatz
fixes the residue at unity, a large effective mass is
dynamically required to suppress the thermal occupation
number via the Boltzmann factor, effectively mimicking the
physical decoupling of the plasmon mode from the equa-
tion of state at high temperatures. Then the total degrees of
freedom effectively reduce to 16, and Stefan-Boltzmann
limit for thermodynamic properties can be obtained.
With given mass functions for chromoelectric and

-magnetic gluons, we can also calculate their contributions
to thermodynamic properties separately. As shown in Fig. 5,

we decompose the total entropy density and trace anomaly
into chromoelectric and chromomagnetic components.
From the numerical results, several key features can be

identified. First, the mass ordering crossing identified in
Fig. 4 around T ∼ 1.5Tc has a direct and quantitative
imprint on the thermodynamic decomposition shown
in Fig. 5. In the left panel, the chromoelectric entropy
contribution sE=T3 is closest to the chromomagnetic one at
temperatures just above Tc, consistent with the smaller
mE=T in that regime, which allows chromoelectric modes
to be more thermally populated. As the temperature
increases past the crossing point, sE=T3 progressively
flattens while sM=T3 continues to grow, tracking directly
the growth of mE=T above mM=T in Fig. 4. A similar
pattern is visible in the trace anomaly decomposition (right
panel): the chromoelectric contribution to Δ peaks near Tc
and then drops rapidly toward zero and into negative

FIG. 5. Separate contributions of chromoelectric (orange) and
chromomagnetic (green) gluons to the normalized entropy s=T3

(left panel) and trace anomaly Δ (right panel). The blue dots
represent the total thermodynamic quantities from lattice
QCD [64]. The shaded bands indicate uncertainties from 20
independent training runs.
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values, again with the turning point broadly coinciding with
the temperature range where the mass ordering switches.
Quantitatively, at high temperatures (T > 2Tc), the chro-
momagnetic contribution to the entropy is approximately
three times larger than the chromoelectric contribution.
This dominance arises from two factors: the chromomag-
netic gluons possess a lower effective mass compared to
chromoelectric gluons, and their degeneracy factor is twice
as large (dgm ¼ 16 versus dge ¼ 8). The combined effect of
these factors leads to the significant enhancement of the
chromomagnetic sector’s thermodynamic role. Second, the
entropy density contributions reveal that the chromoelectric
sector becomes increasingly suppressed at high temper-
atures, which is consistent with our earlier observation that
the normalized mass mE=T increases with temperature (see
Fig. 4). This behavior can be understood as the effective
decoupling of the longitudinal chromoelectric mode in the
high-temperature regime.
Third, a notable feature in the trace anomaly decompo-

sition is the negative contribution from the chromoelectric
sector at high temperatures, as visible in the right panel of
Fig. 5. This behavior admits a transparent physical inter-
pretation. The trace anomaly can be expressed as
Δ ¼ T∂ðp=T4Þ=∂T, which measures the rate of change of
the normalized pressurewith temperature and is thus propor-
tional to the rate of change of the effective degrees of
freedom. In most systems, this quantity is positive because
the effective degrees of freedom increasewith temperature as
the system is heated. However, the chromoelectric (longi-
tudinal) sector undergoes a qualitatively different evolution.
A massive vector boson carries three polarization degrees of
freedom—two transverse and one longitudinal—while a
massless vector boson retains only two transverse modes.
As the system approaches the high-temperature perturbative
limit, the longitudinal plasmon mode progressively decou-
ples and its effective degrees of freedom decrease from 1
toward 0. This reduction in the active degrees of freedom of
the electric sector naturally gives rise to a negative contri-
bution to the trace anomaly, which becomes more pro-
nounced at higher temperatures. This is fully consistent with
the picture of chromoelectric plasmons decoupling from the
thermodynamic phase space at high temperatures, as dis-
cussed in Sec. II, and provides a further thermodynamic
signature of the effective suppression of the longitudinal
gluonic mode.
This decomposition of thermodynamic contributions has

significant implications for effective QCD models. In
Polyakov-loop extended models such as the Polyakov-loop
extended Nambu–Jona-Lasinio (PNJL) and the Polyakov-
quark-meson (PQM) model, [12,15,67,68], the Polyakov-
loop potential UðΦ; Φ̄; TÞ is typically fitted to reproduce
the pressure of pure SU(3) gauge theory. However, the
Polyakov loop Φ is fundamentally related to the chromo-
electric sector, as it represents the thermal Wilson line in the
temporal direction and characterizes the static quark free

energy (Debye screening). Our results reveal that the
chromoelectric contribution constitutes only about one-
quarter of the total gluonic pressure at high temperatures,
while the chromomagnetic sector—which has no direct
correspondence to the Polyakov loop—dominates the
thermodynamics. This suggests that when the Polyakov
potential is fitted to the full gluonic equation of state, it
effectively absorbs contributions from both sectors, poten-
tially leading to an overestimation of the chromoelectric
sector’s role. A more refined treatment might require
separate parametrizations for chromoelectric and chromo-
magnetic contributions, or alternatively, the introduction of
additional degrees of freedom beyond the Polyakov loop to
properly account for the magnetic sector.
The decomposition shown in Fig. 5 rests on inputs of a

different character, and each of them controls a different
part of the separation. The lattice data enter as a constraint
on the sum of the two sectors at every temperature. Within
the quasiparticle ansatz this acts as a sum rule rather than as
a fit to either component, so that any increase of the
thermodynamic weight carried by one sector has to be
compensated exactly by the other. The rise of s=T3 across
the crossover, the position and the height of the peak in Δ,
and the approach to the Stefan-Boltzmann limit at large T
follow from this constraint alone and are insensitive to the
way the total is partitioned.
The high-temperature behavior of the two sectors is

controlled by the asymptotic mass mM ≃ 1ffiffi
2

p gðTÞT, which
is a property of the transverse mode in the hard thermal
loop limit rather than a free parameter of the present
framework. Once this scale is imposed above T threshold
and the total is held to the lattice value, the behavior of mE
in the same region is fixed by the sum rule and carries no
independent freedom. The particular form it takes is
dictated by the ansatz. A complete field-theoretic treatment
suppresses the longitudinal contribution through the van-
ishing residue ZL, whereas the quasiparticle description
keeps Z ¼ 1, so that the effective mass is the only quantity
left to reduce the thermal occupation of the electric sector.
The growth of mE=T seen in Fig. 4 is therefore the way in
which the model encodes a suppression whose origin lies in
the spectral properties of the longitudinal mode.
Below T ∼ 1.5Tc the weight function ωðTÞ is negligible

and the hard thermal loop input is inactive, so that the
partition between the two sectors is constrained neither
pointwise by the data nor by the asymptotic form. In this
region the separation is set by the smoothness of the
parametrization together with the requirement that the
sum reproduce the lattice thermodynamics. The statement
that the two sectors contribute comparably near Tc is stable
against the variations examined in Appendix C, where
changes of the network size, of the onset temperature and of
the regularization strength move the extracted m=T by no
more than about 0.2, which lies within the run-to-run band.
The ratio of the two contributions at a given temperature
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below 1.5Tc is better read as the smoothest allocation
compatible with the total thermodynamics than as a
quantity determined by the data, and the wider bands
found there reflect the weaker constraint.
The sound velocity of the system is shown in Fig. 6.

As depicted, the total squared sound velocity c2s of the
system drops sharply to a minimum near Tc and then
monotonically increases with temperature, approaching the
conformal limit c2s ¼ 1=3 from below. When decomposing
the squared sound velocity into chromoelectric and chro-
momagnetic contributions (effectively defined as local
derivatives c2s;i ¼ ∂Pi=∂ϵi), distinct behaviors emerge.
The chromomagnetic component c2s;M follows a trend
similar to the total sound velocity, remaining below the
conformal limit. However, the chromoelectric component
c2s;E rises above the transition region and exceeds the
conformal limit of 1=3 at higher temperatures. This
behavior of the electric sector is a natural consequence
of the strong temperature dependence of the chromoelectric
effective mass mEðTÞ required to suppress its thermody-
namic contribution in this regime. It should be noted that
this does not violate fundamental physical principles.
Furthermore, the value of c2s;E remains strictly less than
1, ensuring that causality is fully respected within the
model framework.
In addition to reproducing thermodynamic quantities,

the quasiparticle model allows us to estimate transport
coefficients. In this section, we present the results for
the shear viscosity to entropy density ratio, η=s, and the
bulk viscosity to entropy density ratio, ζ=s, using the
temperature-dependent gluonic masses extracted from
the machine learning model.

The starting point is the relaxation time approximation
to the Boltzmann equation. The shear viscosity is expressed
as [69]

η ¼ 1

15T

X
i¼e;m

di

Z
d3p
ð2πÞ3

p4

E2
i
τifið1þ fiÞ; ð13Þ

and the bulk viscosity is given by [70]

ζ ¼ 1

T

X
i¼e;m

di

Z
d3p
ð2πÞ3

A2
i

E2
i
τifið1þ fiÞ; ð14Þ

where the term Ai arises from the breaking of scale
invariance, which is defined as

Ai ¼
�
E2
i − T2

dm2
i

dT2

�
c2s −

p2

3
; ð15Þ

where c2s is directly extracted from Fig. 6. Here, Ei ¼ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2 þm2

i ðTÞ
p

is the quasiparticle energy of chromoelectric
(i ¼ e) and chromomagnetic (i ¼ m) gluons, and fi is the
Bose-Einstein distribution.
The relaxation time τi is determined by the perturbative

interaction rate [70],

τ−1i ¼ c1g4ðTÞT ln

�
c2

g2ðTÞ
�
; ð16Þ

where the running coupling gðTÞ is consistent with the
thermal masses. In our calculation, we set the tunable
phenomenological parameters c1 ¼ 0.0025 and c2 ¼ 50,
where c1 is calibrated to ensure the minimum of η=s of the
total gluon system respects the KSS bound (1=4π) [71] and
c2 is set to guarantee the positivity of the terms in logarithm
at T > Tc.
The entropy density sðTÞ used for normalization is

obtained from the lattice QCD pressure and energy density
via s ¼ ðϵþ pÞ=T.
The results are presented in Fig. 7, together with

available lattice QCD estimates [72]. The upper panel
shows η=s, while the lower panel displays ζ=s. We find that
η=s exhibits a pronounced minimum close to Tc, and then
increases monotonically with temperature. For the bulk
viscosity (lower panel), the quantity is sensitive to the
deviation of the speed of sound from the conformal limit
c2s ¼ 1=3. As T approaches Tc, c2s drops significantly,
leading to the enhancement in ζ=s. The band represents the
uncertainty arising from the distribution of gluon masses
predicted by the neural network. With the constraint, the
quasiparticle model reproduces the temperature depend-
ence observed in recent lattice calculations [72]. Rather
than a pure prediction of the absolute magnitude, this result
demonstrates that the transport behavior derived from our
extracted masses is compatible with the hydrodynamic

FIG. 6. Temperature dependence of the squared sound velocity
c2s . The red solid line represents the total squared sound velocity
of the system. The orange and blue dashed lines denote the partial
contributions from the chromoelectric (c2s;E) and chromomagnetic
(c2s;M) gluonic sectors, respectively. The gray horizontal dashed
line indicates the conformal limit c2s ¼ 1=3.
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limits and lattice trends. Furthermore, a closer examination
of Fig. 7 reveals a distinct collinear behavior between the
chromoelectric and chromomagnetic viscosity contribu-
tions in the high-temperature region. For both the shear
viscosity to entropy density ratio η=s (upper panel) and
the bulk viscosity to entropy density ratio ζ=s (lower
panel), the dashed lines representing the individual com-
ponents become essentially parallel for T > 1.5Tc.
This translational collinearity on a logarithmic scale indi-
cates that, although the chromomagnetic gluons dominate
the absolute magnitude of the transport coefficients, the
relative ratio of their contributions approaches a stable
constant.

Reference [60] evaluates transport coefficients from
the spectral functions of off-shell quarks and gluons in
the Kubo-Zubarev formalism, where the widths enter on the
same footing as the masses, whereas the present calculation
uses on-shell quasiparticles in the relaxation time approxi-
mation, so that the width is replaced by a single relaxation
time whose overall scale is set by c1. Reference [61] works
in the same approximation, fixes the corresponding con-
stant by requiring the minimum of η=s to reach 1=4π, and
notes that the resulting transport coefficients remain sensi-
tive to the assumed relaxation time. For this reason we take
the temperature dependence of η=s and ζ=s and the ratio of
the two sectors, rather than their absolute magnitude, to be
the quantities that follow from the extracted masses. It is
therefore useful to state explicitly which of the quantities
discussed above is controlled by which input. The entropy
density, the trace anomaly, the pressure and the total
squared speed of sound are fixed by the fit to the lattice
data of Ref. [64] through LMSE, up to the ambiguity of the
two-sector decomposition discussed in Appendix C, and
the normalization sðTÞ entering η=s and ζ=s is taken from
the lattice directly. A second class of quantities follows
from the extracted mass functions alone. Since the rate (16)
depends neither on momentum nor on the gluon species,
τðTÞ factorizes out of the integrals in Eqs. (13) and (14), so
that the sector ratios ηE=ηM and ζE=ζM, as well as the ratio
ζ=η at a given temperature, are exactly independent of c1
and c2 and are determined by mEðTÞ, mMðTÞ, and c2sðTÞ.
The collinearity of the electric and magnetic curves above
1.5Tc reported here belongs to this class, as does the
enhancement of ζ=η near Tc driven by the departure of c2s
from 1=3. What remains sensitive to the relaxation-time
ansatz is the absolute magnitude of η=s and ζ=s and the
depth of the minimum of η=s. The parameter c1 acts there
as an overall inverse scale and is fixed by requiring the
minimum of the total η=s to be larger than the KSS bound
1=4π, so that the agreement of the magnitude of η=s with
the lattice estimates of Ref. [72] is a consequence of this
calibration rather than an independent prediction of the
extracted masses. Once c1 has been fixed in this way no
further freedom is used for the bulk channel, and the
magnitude of ζ=s follows from the extracted masses
combined with the assumed form of τ. A quantitative scan
of both parameters is given in Appendix D.

IV. SUMMARY AND OUTLOOK

In this work, we have applied deep neural networks to
model the mass functions of chromoelectric and chromo-
magnetic gluons separately within the quasiparticle frame-
work.We constructed a physics-constrained neural network
framework to extract temperature-dependent effective
masses from SU(3) lattice QCD thermodynamic data
and explored their implications for both equilibrium and
transport properties.

FIG. 7. Shear (upper panel) and bulk (lower panel) viscosity to
entropy density ratios. The solid lines with symbols represent
the mean value derived from the quasiparticle model, while
the shaded bands indicate the uncertainty propagated from the
ML-predicted masses. Dashed line is the chromoelectric
(-magnetic) contribution to the total viscosity coefficients. For
comparison, the corresponding results from recent preliminary
LQCD1 calculation is also shown in green square with error bar
[72], together with existing LQCD2 [73], LQCD3 [74] results
and the KSS boundary from AdS/CFT calculation in the black
horizontal line [71].
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Our approach employs two independent neural networks
to predict the temperature-dependent mass functionsmEðTÞ
and mMðTÞ. The incorporation of a soft regularization term
enforces the thermal mass for chromomagnetic gluonmM to
be consistent with HTL prediction at high temperatures,
which is supported by hard thermal loop calculations. The
trained networks successfully reproduce both the pressure
and trace anomaly from lattice QCD simulations over the
temperature range T=Tc ∈ ½1; 10� with high accuracy.
The extracted gluonic masses exhibit physically reason-

able behavior: they decrease rapidly around the crossover
temperature Tc, reach minimum values, and then increase
approximately linearly at higher temperatures. This pattern
is consistent with the expected transition from nonpertur-
bative to perturbative regimes. Near Tc, we find significant
differences between the thermal masses predicted by our
quasiparticle model and the screening masses from lattice
calculations, reflecting strong nonperturbative dynamics in
the crossover region.
At higher temperatures (T > 2.5Tc), the two gluonic

sectors display divergent behaviors. The normalized chro-
momagnetic mass mM=T decreases monotonically toward
the perturbative limit, while the chromoelectric massmE=T
plateaus or slightly increases. By acquiring a large effective
mass in the electric sector, the quasiparticle description
captures the thermodynamic suppression of longitudinal
modes. This effectively mimics the decoupling of plasmons
at high temperatures, compensating for the fixed residue
assumption inherent in the quasiparticle framework.
A central finding of this work is the quantitative decom-

position of thermodynamic contributions from the twogluonic
sectors. Our analysis reveals that chromomagnetic gluons
dominate the equation of statewhen temperature is higher than
2Tc, with their contribution to the entropy being approxi-
mately three times larger than that of chromoelectric gluons at
high temperatures (T > 2Tc).NearTc, the chromoelectric and
chromomagnetic sectors provide comparable thermodynamic
contributions, with the chromomagnetic sector becoming
increasingly dominant as the temperature rises.
This result carries important implications for effective

QCDmodels that employ the Polyakov loop. In widely used
approaches such as thePNJLandpQMmodels thePolyakov-
loop potential is fitted to reproduce the thermodynamics of
pure-gauge QCD. Since the Polyakov loop is intrinsically
tied to the chromoelectric sector—describing temporal gauge
field correlations and static color screening—such fits
implicitly assume that the Polyakov loop captures the
dominant gluonic physics. However, our findings demon-
strate that the chromomagnetic contribution, which lacks a
direct representation in terms of the Polyakov loop, actually
dominates the thermodynamics. Consequently, Polyakov
potentials fitted to the full gluonic pressure may effectively
conflate contributions from both sectors, using a chromo-
electric order parameter to describe physics that is predomi-
nantly chromomagnetic in origin. This observation suggests

that improvements to Polyakov-loop models might require
either explicit incorporation of chromomagnetic degrees of
freedom or a reinterpretation of what the fitted Polyakov
potential physically represents.
Beyond thermodynamics, we extended our analysis to

transport properties using the relaxation time approximation.
The extracted shear viscosity to entropy density ratio η=s
exhibits a pronouncedminimum near Tc, approaching values
close to the conjectured AdS/CFT bound of 1=4π, followed
by a monotonic increase at higher temperatures. The bulk
viscosity to entropy density ratio ζ=s captures the non-
monotonic behavior associated with the conformal anomaly,
showing a peak near Tc where the speed of sound deviates
significantly from the conformal limit. The temperature
dependence of both ratios is consistent with recent lattice
QCDcalculations,whereas their absolutemagnitude depends
on the assumed relaxation timeand is fixedhere bycalibrating
c1 on the KSS bound. The sector ratios and the combination
ζ=η, by contrast, are independent of the relaxation-time
parameters and follow from the extracted masses alone. A
scan of these parameters is presented in Appendix D.
The robustness of our resultswas verified throughmultiple

independent training runs, which showed consistent con-
vergence with manageable uncertainties. This demonstrates
that the neural network approach provides a stable and
systematic method for extracting gluonic mass functions and
their physical consequences from thermodynamic data.
While our current study focuses on pure-gauge QCD, the

methodology is readily extensible to systems with dynami-
cal quarks or finite chemical potential. The framework may
also prove valuable for investigating other aspects of QCD
phenomenology where the separation of different degrees
of freedom plays a crucial role, such as the phase structure
at finite baryon density or the properties of the quark-gluon
plasma created in heavy-ion collisions. Future work could
also explore more sophisticated spectral representations
beyond the simple quasiparticle ansatz to better capture the
complex structure of gluonic excitations across the QCD
phase diagram.
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APPENDIX A: THE REGULARIZATION DETAILS

The regularization term takes the following form:

LMC ¼ λðtÞ · ωðTÞ
�
mM −mHTL

M

mHTL
M

�
2

; ðA1Þ

where λðtÞ is an epoch-dependent regularization strength
(with t denoting the training progress) and ωðTÞ is a
temperature-dependent weight function defined as,

ωðTÞ ¼ σ

�
T − T threshold

ΔT

�
; ðA2Þ

with σðxÞ ¼ 1=ð1þ e−xÞ being the sigmoid function. The
parameters are chosen based on the following physical and
practical considerations,

(i) T threshold ¼ 7Tc defines the temperature scale above
which perturbative HTL expectations become reli-
able. This does not imply an abrupt activation but
rather marks the center of a smooth crossover region.
We verified that varying the threshold parameter
T threshold within reasonable bounds (e.g., 6Tc to
10Tc) does not qualitatively change the behavior
in the crossover region (1 − 3Tc), as the regulari-
zation term LMC primarily guides the asymptotic
behavior.

(ii) ΔT ¼ 0.5Tc controls the width of the transition,
ensuring a gradual emergence of high-temperature
behavior rather than a sharp onset.

(iii) The regularization strength λðtÞ follows a scheduled
annealing protocol throughout the training process:
it begins at a large value (λ ¼ 5) during the initial
phase (t < 0.3) to guide the solution toward the
physically motivated region. It then undergoes ex-
ponential decay during the intermediate phase

(0.3 ≤ t < 0.8), and finally settles to a negligible
value (λ ≈ 0) in the final phase (t ≥ 0.8), allowing
the optimization to focus on fitting the target
thermodynamic observables.

As shown in Fig. 8, the weight function ωðTÞ inter-
polates smoothly between near-zero at low temperatures
and unity at high temperatures. This design preserves the
model’s flexibility in the nonperturbative low-temperature
regime while ensuring consistency with theoretical expect-
ations in the perturbative high-temperature limit.

APPENDIX B: THE CASE IN ABSENCE
OF REGULARIZATION

In this appendix, we present the results for the chromo-
electric (mE) and chromomagnetic (mM) gluon masses
when the high-temperature regularization term (LMC) in
the loss function is omitted. As discussed in the main text,
this regularization term enforces the thermal mass for
chromomagnetic gluon mM to be consistent with HTL
prediction at sufficiently high temperatures. Without this
constraint, the model has greater freedom in learning the
mass functions, particularly at higher temperatures.
Figure 9 (similar to Fig. 4 in the main text, but without

regularization) shows the temperature-dependent thermal
masses of chromoelectric and chromomagnetic gluons.
Figure 10 (similar to Fig. 5 in the main text, but without
regularization) displays the ratio of these thermal masses to
temperature, alongside lattice QCD screening mass data.
Due to the absence of the high-temperature regularization,
the trained mass bands exhibit significantly larger uncer-
tainties compared to the results presented in the main text.
For clarity, only the mean values from 50 independent
training runs are shown in these figures, as the width of the
mass bands becomes prohibitively large without the regu-
larization. Despite the increased uncertainty, these results

FIG. 8. Temperature dependence of the weight function ωðTÞ,
illustrating the smooth crossover from negligible constraint at low
temperatures to full constraint in the high-temperature regime.

FIG. 9. Chromoelectric (blue) and chromomagnetic (green)
gluonic thermal masses, as a function of temperature, from neural
network, without regularization.
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demonstrate that the resulting mass functions are less
constrained and appear more “disordered” at higher tem-
peratures. This highlights the crucial role of the regulari-
zation term in guiding the model toward physically
meaningful and well-behaved solutions, especially in the
high-temperature regime where theoretical predictions for
the mass ratio are available. The regularization effectively
incorporates prior physics knowledge, leading to more
robust and interpretable results for the gluon masses.

APPENDIX C: ROBUSTNESS OF THE
TWO-FUNCTION DECOMPOSITION

A natural concern about the present framework is that the
decomposition of a single thermodynamic observable into
two independent mass functions mMðTÞ and mEðTÞ con-
stitutes an ill-posed inverse problem. Since the lattice data
provides a single constraint on the sum of the two sectors at
each temperature, it is not a priori obvious that the
extracted mass functions are uniquely determined, espe-
cially in the low-temperature region where the HTL
regularization contributes negligibly through the weight
function ωðTÞ. This issue is structurally analogous to
spectral function reconstruction from Euclidean lattice
correlators, where regularization or physically motivated
prior information is recognized as an essential ingredient
[75,76]. Here, the HTL constraint plays the correspond-
ing role.
The stability of the extracted decomposition observed

across independent training runs can nevertheless be
understood from two structural features of the neural
network parametrization, which distinguish it fundamen-
tally from a pointwise fit. First, the mass functions miðTÞ
are generated by a single set of weights fθig shared
globally across all temperatures. A constraint applied in

the high-T region therefore does not only fix the function
values in that region. It restricts the admissible weight
configurations, which in turn determines the function shape
over the entire temperature range. A local constraint in
function space is thereby transformed into a global con-
straint in parameter space. Second, gradient-based optimi-
zation exhibits a well-known implicit bias toward smooth,
low-complexity solutions [77,78]. Even when the loss
landscape formally admits many functionally distinct
minima—as is the case here—standard training procedures
systematically converge to minimum-complexity solutions
within the reachable function class. The highly oscillatory
decompositions that would satisfy LMSE → 0 but are
physically implausible are in practice not reached by the
optimizer. This qualitative picture is corroborated by
the unregularized results presented in Appendix B: in
the absence of the HTL prior, the extracted mass functions
show substantially larger run-to-run variability, confirming
that the prior plays a physically meaningful role without
being the sole origin of the observed stability.
To quantitatively verify that the extracted decomposition

is not an artifact of specific hyperparameter choices, we
performed three complementary robustness tests described
below. Each test varies one class of hyperparameters while
keeping all others fixed at the values used in the main text,
and uses 20 independent training runs per configuration.
For each configuration we additionally verified that the

data-fit loss LMSE and the unweighted regularization loss
LMC converge to comparable magnitudes across all con-
figurations in the three tests, with LMSE ∼ 10−5 and
LMC ∼ 5 × 10−4. The value of LMC corresponds to a
residual mismatch of a few percent between mM and its
hard thermal loop value in the region where ωðTÞ
approaches unity, which is the accuracy to which the
asymptotic form is enforced. This ensures that the compar-
isons reported below are made on equal footing in terms of
training quality, so that any residual differences between
configurations reflect genuine sensitivity to the hyper-
parameter under study rather than uneven optimization.
The run-to-run fluctuations shown by the min/max enve-
lopes in Figs. 11 and 12 therefore provide a reasonable
estimate of the statistical uncertainty inherent to the training
procedure.

1. Network architecture robustness

To test whether the specific network architecture biases
the result, we varied the hidden dimension and the number
of residual blocks while keeping the HTL onset fixed at
7Tc. Three configurations were compared: a shallow/
narrow network (hidden dimension 16, 2 residual blocks;
∼1.3k parameters per subnetwork), the baseline architec-
ture used in the main text (hidden dimension 24, 4 residual
blocks; ∼3.9k parameters), and a deeper/wider network
(hidden dimension 32, 6 residual blocks; ∼10.3k

FIG. 10. Chromoelectric (blue) and chromomagnetic (green)
gluonic thermal masses divided by temperature, as a function of
temperature, from neural network, without regularization. Lattice
screening masses are also shown for comparison.
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parameters). The representational capacity therefore spans
nearly an order of magnitude.
As shown in Fig. 11, the extracted mM=T, mE=T, ΔM,

and ΔE are mutually consistent within uncertainties across
all three configurations throughout the range T=Tc ∈ ½1; 6�.
The shallow/narrow network does show visibly broader
min/max envelopes, particularly in mE=T at low T=Tc and
around the peak ofΔ, reflecting its reduced representational
capacity (∼1.3k parameters) and correspondingly higher
sensitivity to initialization across independent training runs.
The mean trajectories nevertheless agree across all three
configurations, confirming that the decomposition is not
dictated by the specific network architecture.

2. Regularization-onset robustness

Next, we fixed the network architecture to the baseline
and varied the temperature T threshold at which the HTL

regularization becomes active. Three values were tested
within the range discussed in Appendix A: T threshold ¼ 6Tc,
7Tc (baseline), and 8Tc.
The three configurations produce essentially indistinguish-

able results in bothmM=T,mE=T, andΔM,ΔE (Fig. 12). This
confirms the statement in Appendix A that reasonable
variations of the HTL onset temperature do not qualitatively
affect the decomposition, and in particular do not affect the
crossover region where the lattice data drives the fit.

3. Regularization-strength robustness

Beyond the onset temperature, we varied the overall
strength of the hard thermal loop input by scanning the
initial value of the annealing schedule over λ0 ¼ 1, 5
(baseline) and 20, holding the network architecture and
the onset temperature fixed and using 20 independent runs
per configuration under a selection criterion applied iden-
tically to all three. Across a 20-fold change of λ0 the
extracted mM=T, mE=T and the corresponding trace-
anomaly contributions ΔM and ΔE remain mutually

FIG. 12. HTL-onset robustness test. Same layout as Fig. 11,
with T threshold ∈ f6; 7; 8gTc. The three configurations yield essen-
tially identical mean curves and uncertainty bands throughout the
temperature range.

FIG. 11. Architecture robustness test. Normalized thermal
masses mM=T and mE=T (upper panel) and trace-anomaly
contributions ΔM , ΔE (lower panel) for three network configu-
rations: baseline (hidden¼ 24, 4 blocks), shallow/narrow (hidden
¼ 16, 2 blocks), and deep/wide (hidden ¼ 32, 6 blocks). Solid
lines show the mean over five independent runs. Shaded bands
indicate the min/max envelope.
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consistent throughout T=Tc ∈ ½1; 6�, as shown in Fig. 13
The median curves of the two off-baseline configurations
depart from the baseline by at most 0.23 in m=T, which is
within the run-to-run band. The crossing of the mass
ordering near 1.5Tc and the change of sign of ΔE near
2Tc are likewise unaffected, so that the features reported in
the main text are not artifacts of the chosen regularization
weight.
The scan does reveal a systematic trend, which concerns

the reachability of the fit rather than its shape. As λ0
increases, the fraction of runs that converge to a bounded
solution grows, and the residual on s=T3 improves in
parallel by close to an order of magnitude, while the median
curves themselves barely move. The asymptotic input
therefore does not deform the extracted decomposition.
It narrows the set of pathological solutions into which the
optimization can settle, in the same direction as the
unregularized case of Appendix B, where the absence of

the constraint inflates the run-to-run variability. The shape
of the decomposition is set by the lattice data together with
the smoothness of the parameterization, and the constraint
controls how reliably that shape is recovered.
In all three configurations the widest bands occur

below T ∼ 1.5Tc, where the weight function ωðTÞ is
negligible and the asymptotic constraint is inactive. The
larger spread found there is consistent with the weaker
constraint discussed in the main text and in the opening
of this appendix.

4. Synthesis

The three tests above, combined with the unregularized
case discussed in Appendix B, bracket the behavior of the
decomposition. The network architecture (Appendix C 1),
the HTL onset temperature (Appendix C 2) and the
regularization strength (Appendix C 3) can be varied
substantially without affecting the extracted mass func-
tions, while removing the HTL regularization entirely
(Appendix B) produces markedly broader uncertainty
bands. This pattern is consistent with the two mechanisms
outlined at the beginning of this appendix: the global
parameter sharing of the neural network propagates the
high-T HTL prior through the entire temperature domain,
while the implicit bias of gradient-based optimization
selects smooth, physically plausible solutions from the
formally degenerate low-temperature manifold. The
reported mass functions and their thermodynamic conse-
quences should therefore be understood as effective, data-
driven quantities within the quasiparticle ansatz, whose
stability goes well beyond what a naïve function-space
dimension count would suggest.

APPENDIX D: SENSITIVITY OF THE
TRANSPORT COEFFICIENTS TO THE
RELAXATION-TIME PARAMETERS

The relaxation time (16) introduces two phenomeno-
logical constants that are not determined by the lattice
thermodynamics. In this appendix we quantify their effect
on the transport coefficients, keeping the extracted mass
functions and the speed of sound fixed at the values used in
the main text.
The overall strength c1 enters the rate as a multiplicative

factor, so that τ ∝ c−11 uniformly in temperature, momen-
tum, and gluon species. Both viscosities are therefore
rescaled by exactly 1=c1. This is visible in Fig. 14, where
a variation of c1 by a factor of two in either direction
produces rigid translations of the curves on the logarithmic
scale, separated by ln 2. The temperature dependence, the
position of the minimum of η=s, the ratio ζ=η, and the
relative weight of the electric and magnetic sectors are all
unchanged. The role of c1 is thus restricted to setting the
overall scale, which is why we fix it by the requirement that
the minimum of the total η=s reach 1=4π: halving c1 raises

FIG. 13. Regularization-strength robustness test. Same layout
as Fig. 11, with λ0 ∈ f1; 5; 20g. Solid lines show the median over
the retained runs, 11, 14 and 17 of 20 respectively under a
selection criterion applied identically to the three configurations,
and shaded bands indicate the min/max envelope over T=Tc ≥ 1.
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that minimum to roughly twice the KSS value, while
doubling it pushes the minimum below the bound over a
finite temperature interval. The magnitude of the viscosities
is in this sense an input rather than a result, and only the
shape and the sector decomposition carry information from
the extracted masses.
The constant c2 behaves differently, since it enters

through lnðc2=g2ðTÞÞ and therefore acts unevenly across
the temperature range. Its admissible values are bounded
from below by the internal consistency of the perturbative
rate itself. The logarithm changes sign at the temperature
where g2ðTÞ ¼ c2, which with the one-loop coupling used
here lies at T=Tc ¼ ðΛQCD=TcÞ exp½24π2=ð11Ncc2Þ�, that
is at 1.28Tc, 1.03Tc, and 0.96Tc for c2 ¼ 20, 50, and 100,
respectively. The divergence of the c2 ¼ 20 curves near
1.3Tc seen in Fig. 15 is this artifact and not a physical
effect, and it excludes such small values if the description is

to extend down to Tc. Larger values are constrained from
the other side: for c2 ¼ 100 the relaxation time near the
transition becomes short enough that η=s falls below 1=4π
over a finite interval above Tc. The value c2 ¼ 50 adopted
in the main text lies in the narrow window left by these two
requirements rather than being a free choice. Within that
window the residual effect is moderate, the curves retaining
their shape while the magnitude shifts, and, as noted in
Sec. III, the sector ratios and the combination ζ=η are
unaffected by c2 altogether.
Finally, the two constants are partly degenerate. A

change of c2 can be compensated at any given temperature
by a rescaling of c1, so that the KSS calibration effectively
fixes only one combination of them. This degeneracy is the
reason why we quote the temperature dependence of the
viscosities and the decomposition into the two gluonic
sectors, rather than their absolute magnitudes, as the results
that follow from the extracted mass functions.

FIG. 14. Sensitivity of the shear (upper panel) and bulk (lower
panel) viscosity to entropy density ratios to the overall strength c1
of the relaxation rate, for c1=cbase1 ¼ 0.5, 1.0 and 2.0 with c2 held
at its baseline value. The dotted line in the upper panel indicates
the KSS bound 1=4π. In both channels the curves are rigid
translations of one another on the logarithmic scale, reflecting the
exact scaling η; ζ ∝ c−11 .

FIG. 15. Sensitivity of the shear (upper panel) and bulk (lower
panel) viscosity to entropy density ratios to the logarithmic
argument c2, for c2 ¼ 20, 50, and 100 with c1 held at its baseline
value. The rise of the c2 ¼ 20 curves near 1.3Tc is the pole of the
perturbative rate at g2ðTÞ ¼ c2. The dotted line in the upper panel
indicates the KSS bound 1=4π.
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