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The characteristics of a thermal system depend strongly on its response to thermal gradients and the
underlying microscopic interactions among constituents. In the present study, we investigate the
thermodynamic and transport properties of the quark-gluon plasma (QGP) at finite baryon chemical
potential within a deep-learning-assisted quasiparticle model. The temperature- (T) and baryon chemical-
potential- (ug) dependent thermal masses of quasiparticles are estimated using neural networks trained to
reproduce lattice QCD results for the equation of state, obtained via a Taylor-like expansion around
vanishing baryon chemical potential. The trained model acts as an effective emulator, enabling us to
estimate the thermodynamic and transport properties at finite yz. We compute the speed of sound, specific
heat, viscosity, and conductivity of the deconfined medium. Our findings are in good agreement with
available lattice calculations and other phenomenological models. The present study demonstrates that a
deep-neural-network-based approach provides an efficient framework for studying the properties of the

QGP at finite baryon density.
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I. INTRODUCTION

Understanding the properties of strongly interacting
matter at finite temperature and baryon density remains
one of the major challenges in quantum chromodynamics
(QCD). QCD predicts that, at sufficiently high temper-
atures and/or baryon densities, hadronic matter undergoes a
transition to a deconfined phase of quarks and gluons,
known as the quark-gluon plasma (QGP) [1]. First-princi-
ples calculations based on lattice QCD (1QCD) provide a
precise determination of the equation of state of the
strongly interacting matter at vanishing baryon chemical
potential [2-4]. However, extending these calculations to
finite baryon density remains a major challenge due to the
well-known fermion sign problem, which prevents direct
Monte Carlo simulations in this regime [5,6]. This limita-
tion poses a major obstacle for quantitative studies of QCD
matter relevant to relativistic heavy-ion collisions at finite
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baryon density and to the physics of compact astronomical
bodies like neutron stars [7,8].

To overcome these limitations, several complementary
approaches have been developed. Lattice calculations
based on Taylor expansions around vanishing chemical
potential provide controlled information at small baryon
densities [9,10]. In parallel, a variety of phenomenological
models—including the Nambu—Jona-Lasinio (NJL) model
[11-14], the Polyakov-loop extended NJL model [15-18],
and quasiparticle models [19-22]—have been employed to
explore the thermodynamic and transport properties of the
QCD medium at finite baryon chemical potential, ug.
While these approaches provide valuable insights, their
predictive power is often limited by model assumptions,
particularly in the treatment of effective thermal masses of
quarks and gluons. For example, Ref. [23] employs an
effective parametrized thermal mass for quarks and gluons,
whereas the NJL model [11] estimates the quark thermal
mass using a gap equation motivated by an analogy with
superconductivity. These assumptions lead to different
treatments of thermal masses, which subsequently propa-
gate to the final estimates of thermodynamic and transport
properties.

Recent advances in machine learning (ML) offer new
opportunities to address complex inference problems
in theoretical and experimental high-energy physics,

Published by the American Physical Society
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particularly in regimes where first-principles calculations
are computationally prohibitive or analytically intractable.
Over the past decade, ML techniques have become increas-
ingly integrated into the analysis of collider data, event and
track reconstruction, and theoretical modeling [24-29]. In
particular, deep neural networks (DNNs) have demon-
strated remarkable capability in learning highly nonlinear
and higher-dimensional mappings between physical
observables and underlying model parameters [30-34].
These features make ML especially useful in situations
where traditional approaches become difficult to apply,
such as in the study of strongly interacting matter.
Conventional phenomenological models, including quasi-
particle descriptions of the QGP, often rely on simplified
parametrizations that may not fully capture the behavior
observed in 1QCD calculations. Motivated by this, recent
studies have started to incorporate machine learning into
such frameworks; for example, the deep-learning-assisted
quasiparticle model, which is proposed in Refs. [35-37],
where neural networks are trained on 1QCD results at
vanishing baryon chemical potential to infer effective
quasiparticle masses. These approaches highlight the
potential of ML to provide data-driven, nonparametric
representations of QCD matter; however, important chal-
lenges still remain, particularly in extending such ML
frameworks to finite baryon density and ensuring consis-
tency with underlying theoretical constraints.

In this work, we develop a machine-learning model that
incorporates 1QCD constraints at both vanishing and finite
baryon chemical potential. The training dataset includes
information from Taylor-expansion coefficients around
ug = 0 [38], allowing the model to learn the dependence
of thermodynamic observables on baryon density. In addi-
tion, physically motivated constraints inspired by quasipar-
ticle models are imposed to guide the learning process.
Within this framework, the neural network is trained to
predict the effective quasiparticle masses with explicit
temperature and baryon chemical potential dependence.
These masses are subsequently used to compute thermody-
namic and transport properties of the QCD medium. The
predictive capability of the model is assessed through
systematic comparisons with 1QCD results, established
phenomenological approaches, and observables inferred
from Bayesian analyses of heavy-ion collision data.
These results highlight the potential of machine-learning-
assisted quasiparticle models as a robust and flexible
framework for exploring QCD matter at finite baryon
density.

The remainder of this paper is organized as follows. In
Sec. I we present the theoretical framework used to
compute the thermodynamic and transport observables.
Section III describes the machine-learning methodology
employed to determine the quasiparticle masses. The
resulting predictions are presented and discussed in
Sec. IV. Finally, Sec. V summarizes the main conclusions
of this work.

II. FORMALISM

A. Quasiparticle model

The quasiparticle model is a phenomenological frame-
work employed to describe the behavior of QGP in the
nonperturbative regime of QCD, where the relevant degrees
of freedom are the thermal excitations of interacting quarks
and gluons [39]. The quasiparticle model (QPM) is con-
structed to describe the equation of state of the QGP
obtained from 1QCD simulations. In quasiparticle models,
the interacting quarks and gluons are effectively treated as
an ideal gas of massive, noninteracting quasiparticles. The
effective masses of these particles can be interpreted as
arising from their interactions. The model was later refined
by introducing a temperature-dependent vacuum energy
term B(T), commonly referred to as the bag constant,
which restores thermodynamic consistency [40].

The effective temperature- and baryon chemical-
potential-dependent masses of these quasiparticles are then
given by a perturbative approach [20],
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where N, = 3 is the number of quark flavors, N, = 3 is the
number of color charges, m,, 4, m,, and m, are the masses of
the u/d quarks, s quark, and gluons, respectively. In this
work, we have assumed the masses of the u and d quarks to be
equal, and that the strange quark has a rest mass of
mys = 93.5 MeV/c?. In the present framework, these
expressions are not imposed as exact mass relations.
Instead, they are later used only as reference inputs for mass
regularization during network training, while the effective
quasiparticle masses are learned independently by the neural
networks. The quark chemical potentials are related to the
baryon chemical potential through the following equation:

Hi = biug (2)

with b; being the ith quark’s baryon number. The coupling
constant g(7) is obtained by fitting the equation of state
(EOS) to the data obtained from the Wuppertal-Budapest
(WB) 1QCD group [20],

2472
(1IN, =2N ) In[A(F - 7))

F(T) = (3)

where we choose 41 =2.6 and T,/T, = 0.57 as the fit
parameters. The deconfinement transition temperature is
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taken to be 7', = 155 MeV. This parametrized form repro-
duces the 1QCD results with good precision only for 7" >
1.1T .. and, consequently, this work is restricted to 7 > 1.17,
[41]. One should note that the parametrized coupling ¢(7') in
Eq. (3) is taken from Ref. [20], where it was obtained by
fitting the quasiparticle model to the lattice QCD equation of
state. In the present framework, however, the effective
quasiparticle masses are learned independently by the neural
networks, while Eq. (1) is used only to construct the mass-
regularization terms. Consequently, the effective quasiparti-
cle masses predicted by the deep-learning-assisted quasipar-
ticle model (DLQPM) framework are not required to satisfy
the perturbative mass relations given in Eq. (1).

B. Equation of state

Within the grand canonical ensemble, the complete
partition function for the QGP, comprising deconfined
gluons and light quarks (u, d, s), can be written as

InZ(T.pg) = Zy(T.pug) + Y WZyq (Tops).  (4)

i=u,d,s

Here, the first term accounts for the gluonic degrees of
freedom, and the sum runs over the three lightest quark
flavors and their antiquark counterparts. The separation into
individual contributions reflects the quasiparticle picture, in
which the strongly interacting medium is described in terms
of gluons and quarks carrying medium-dependent effective
masses.

The individual partition functions for the gluons, quarks,
and antiquarks are given by

d,V [
InZ,(T,pg) = -1 2d
nZy(T.up) = =5 5 | pdp
1
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corresponding to the equations, d, and d,, are the gluon and
quark-antiquark degeneracy factors, and V is the volume of
the system. The m,,(T, ug) and m, (T, ug) are the medium-
dependent thermal masses of the gluons and quark-anti-
quark pairs. The thermal mass m (7T, ug) encapsulates the
nonperturbative interactions of gluons with the surrounding
medium, replacing the bare massless gluon of perturbative
QCD with an effective excitation that carries the collective
properties of the QGP.

Further, the thermodynamic variables for the deconfined
hot QCD matter can be obtained using the partition
function, as defined below:

P(T, ) = T<7‘”“Z;§’”B))MB, (8)
g (T, i) = (ap(;—”‘”) (9)
ST ) — (%} (10)

€(T,ug) = Ts(T,ug) — P(T, pug) + pgng,  (11)
A(T,pg) = (T, pg) = 3P(T, pg), (12)

where P, ng, s, €, and A are pressure, baryon number
density, entropy density, energy density, and trace anomaly,
respectively. Now, using the above-mentioned thermody-
namic relations, the speed of sound squared (c2) and the
specific heat (Cy) are obtained as

oP
2= (), 13
“ <a€>s/nB ( )

o (%), ”

C. Transport properties

The space-time evolution of the QGP fireball created in
ultrarelativistic heavy-ion collisions is governed by two key
ingredients: the initial conditions of the collision and the
transport properties of the deconfined medium. Among the
most phenomenologically relevant transport coefficients
are the shear viscosity () and bulk viscosity ({), which
regulate the momentum isotropization and pressure equili-
bration of the expanding medium, respectively. As dem-
onstrated in Refs. [42,43], the anisotropic flow coefficients
v, serve as direct experimental observables that encode the
geometry of the initial state and the subsequent hydro-
dynamic response and are highly sensitive to both # and .
In particular, a finite shear viscosity affects the anisotropic
flow, while bulk viscosity modifies the longitudinal
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expansion of the fireball. The cooling rate of the QGP is
likewise sensitive to these viscosities, as larger dissipative
corrections slow down the hydrodynamic evolution that
drives the collective expansion [44]. Beyond the viscous
phenomena, the transport of conserved charges and heat
within the QGP plays an equally significant role in the
medium dynamics. The electrical conductivity (o) gov-
erns the response of the deconfined medium to the intense,
albeit transient, electromagnetic fields generated in the
early stages of a heavy-ion collision. It controls the
magnitude and lifetime of the induced electric field. It
restrains the diffusion of electric charge through the
medium, with direct implications for the generation and
sustainability of the electromagnetic field [45]. The thermal
conductivity (x7), on the other hand, controls the flow of
heat across the medium. Although often overlooked in
hydrodynamic modeling, k7 has been shown to indirectly
influence collective flow observables, including the elliptic
flow coefficient v, [46], by modifying the local temperature
profiles during the hydrodynamic evolution. Together, these
transport coefficients encode the microscopic interaction
structure of the QGP and are indispensable inputs for
constructing a quantitative description of the medium evo-
lution from the initial thermalization to the final hadroniza-
tion. The evaluation of these viscous phenomena is further
contextualized by recent comprehensive advancements in the
fundamental relativistic theory of fluid viscosity [47].

Now, to compute the viscous transport coefficients, we
employ the relativistic Boltzmann transport equation within
the relaxation-time approximation (RTA) [20,48], which
provides a tractable yet physically motivated framework
for estimating #, £, o4, and k7 in terms of the quasiparticle
thermal masses and their medium-dependent relaxation
times,

1 d3 4
1=157 20 [ G0 F f). (19

Z /‘F { " i1 1)

l

p2 ()P 0E, aE,
X — |52 E;-T —HB
3Ei 06 OT a/.lB
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+ = ' TiJi 1:F i < ) } 16
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Here, f; is the Fermi-Dirac and Bose-Einstein distribu-
tion functions for quarks and gluons, respectively. The z;
denotes the relaxation time for the ith species. Moreover,
the electrical and thermal conductivities are given by the
following relations [49-51]:

&
=353 | AP =) )

bih)zfi(l F fi),
(18)

where ¢; is the electric charge of the ith parton, and
enthalpy per particle is given by & = %. For this study, we

3
Ky = TQZ / dp p

use a parametrized form of relaxation time given as [20]

N2 —1gT 2k T 2%
ol = J W oy, O 2k (19)
N. 8= 8r ¢

We choose k = 18.5 such that Eq. (19) yields a mini-
mum value of 7n/s of 1/4x satisfying the Kovtun-Son-
Starinets (KSS) bound.

The RTA is widely adopted in transport calculations of
this kind for its simplicity and computational tractability,
and it is the approach we follow here within the DLQPM
framework. We note that alternative treatments, such as the
Chapman-Enskog expansion and the Green-Kubo formal-
ism, have been shown to give more accurate estimates for
the shear viscosity of a one-component fluid [52], and that
for a multicomponent system such as the QGP these
differences can be more pronounced, especially for the
bulk viscosity, since the transport coefficients of a mixture
are not simply additive in the single-component contribu-
tions [53,54]. A quantitative comparison along these lines
would be a natural extension of the present work.

III. METHODOLOGY

The medium-dependent quasiparticle masses are
extracted using residual neural networks (ResNets) trained
to reproduce the lattice QCD equation of state [38]. The
computational framework for this consists of three inde-
pendent ResNets, each dedicated to learning the thermal
mass of a distinct quasiparticle species: gluons, light quarks
(u and d), and strange quarks (s), following the architecture
introduced in Refs. [35-37]. Each network receives a two-
dimensional input vector (7, ug), representing the temper-
ature and baryon chemical potential of the medium, and
outputs a single positive scalar corresponding to the
effective thermal mass of the respective quasiparticle
species, namely m (T, ug), m, q(T,pug), and my(T, ug).
The positivity of the output is enforced by construction,
ensuring the physical consistency of the learned masses
across the entire (T, ug) parameter space.

Further, the learned quasiparticle masses are sub-
sequently used as inputs to the grand canonical partition
function, as defined in Eqgs. (4)—(7), from which thermo-
dynamic observables of the QGP are derived. Specifically,
we compute the pressure P, energy density & entropy
density s, and trace anomaly A = ¢ — 3P, which serves as a
sensitive probe of the nonperturbative structure of the QCD
medium near the deconfinement transition. The resulting
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FIG. 1.

Schematic diagram of the deep-learning-assisted quasiparticle framework. The inputs (7', ug) are processed by three residual

neural networks to predict the effective quasiparticle masses, which are used to compute thermodynamic observables through the
partition function. The predicted quantities are used to construct the loss function, whose gradients are backpropagated to update the

network parameters during training.

thermodynamic quantities are benchmarked against the
1QCD results of Ref. [38], providing a stringent test of
the network’s ability to generalize beyond the training data
and accurately capture the thermodynamic structure of the
QGP at finite baryon chemical potential.

The architecture and training workflow of the model are
illustrated in Fig. 1. The three ResNets are initialized with
random weight parameters and trained simultaneously in a
supervised learning setting. The deviation between the
predicted observables and the IQCD benchmark values [38]
is quantified via a total loss function £, which is minimized
through backpropagation using a gradient-based optimizer.
Training continues until convergence, yielding an effective
mapping (T, ug) + {m,. m,,. m} that is thermodynami-
cally consistent with the IQCD equation of state. The total
loss function is defined as

L= ‘Cs + ‘CA/T + ‘CnB =+ Emra
where Ly, Ly, and L, are the loss functions for the

entropy density, the scaled trace anomaly, and the baryon
number density, respectively, given by

1
L = NZ'(s)pred - (S)WBli’
1 A A
SENT
AT 1\’Z T pred T WBI;

Loy =5 000 )pea = (sl (20)

i

’

However, constraining the quasiparticle masses solely
through the loss function constructed from thermodynamic

observables leads to nonunique solutions for m,, m,,, and
my. This nonuniqueness arises because multiple combina-
tions of these masses can reproduce the same set of
thermodynamic observables. To address this nonuniqueness,
we introduce additional mass-regularization terms in the total
loss function (L£,,,). These terms enforce further constraints
on the relative mass hierarchy, guided by QPM results [20].
In this way, the networks are constrained to solutions that
remain consistent with the established quasiparticle mass
hierarchy while still accurately reproducing thermodynamic
variables obtained from the lattice. The mass-regularization
loss is defined as

Ly = Rg/ud + Rg/s’

my My
s =H| ()~ ()
Myya pred Mysa QPM

=)~ ()
o mg pred ms QPM

where R/, and R/, are the mass ratios computed via
Eq. (1), and f=0.01 controls the relative strength
of the regularization terms. The required derivatives are then
computed via automatic differentiation using the AutoGrad
engine [55,56], while the momentum integrals in the partition
function are evaluated using 50-point Gaussian quadrature.
The networks are trained for 5000 epochs using the mean
absolute error (MAE) loss with an 80% /20% train-validation
split. The AdamW optimizer [57-59] is employed with an
initial learning rate of @y = 0.001, combined with a StepLR
scheduler [60] that decays the learning rate by a factor of
y = 0.92 every 2000 epochs, ensuring stable convergence
near the loss minimum. The complete set of training

’

, (21)
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TABLE 1. Training hyperparameters used to optimize the
residual neural networks.

Hyperparameter Value
Optimizer AdamW
Learning rate 0.001

Learning rate scheduler StepLR
Scheduler step size 2000 epochs
Scheduler decay factor y 0.92

Number of training epochs 5000

Loss function Mean absolute error (L1)
Train/validation split 80%/20%

hyperparameters is summarized in Table I, and further details
regarding the neural network architecture and training
procedure are provided in the Appendix.

The trained model is subsequently used to extract the
(T, ug)-dependent quasiparticle mass evolution and to
compute the thermodynamic and transport properties of
the QGP across the relevant parameter space.

IV. RESULTS AND DISCUSSIONS

Using the trained quasiparticle masses obtained from the
residual networks, we evaluate the partition function and
compute the corresponding thermodynamic observables and
transport properties across the (T, up) plane for different
values of fig (= pg/T). The results for all the thermodynamic

and transport properties are plotted as bands. The upper and
lower bounds on these bands represent the uncertainties on
the training data in 1QCD. Figure 2 shows the thermody-
namic observables P, €, ng, s, and A as functions of scaled
temperature (7/T.), where T, = 155 MeV. It is important
to note that the model is trained using thermodynamic
observables derived from the partition function. The loss
function is constructed using the entropy density s, baryon
number density np, and the trace anomaly A = e — 3P,
which indirectly constrain the pressure and energy density.
We observe a very good agreement between the estimated
thermodynamic observables and 1QCD calculations [38].
Moreover, a clear dependence on jig can be observed
throughout the entire temperature range for all the thermo-
dynamic observables.

Figure 3 depicts the 3D surface maps of the effective
thermal masses of the quasiparticles as functions of temper-
ature and baryon chemical potential. The smooth variation
of the extracted masses over the entire (7, ug) plane
indicates that the residual networks have learned a stable
and physically consistent mapping without oscillations or
discontinuities. All three masses, mg, m, 4, and ms, exhibit
qualitatively similar behavior across the 7-up plane. At
ug = 0, a decreasing trend with temperature is observed for
all the masses. In contrast, at higher pp, the temperature
dependence becomes comparatively weaker. In addition, a
very strong dependence on ug is observed for all temper-
ature values, particularly in the lower temperature range

r . . . . 0.05F . . . . r . . . .
0.012 ; ﬂBZO ;i !fﬂ 00125 IIII-
. ] 3 *
o0t0f * A=l A oo & 0.0100 &
¢ ip=2 &S e ;‘iﬁ‘
— 0.008F ~ s o4 — 3 ] o s*
L * Ap=3 & A T 0.03) o i;f‘i;%f {1 = 00075} o e
S 0.006} R B o P ) i~
‘Q—_“ I"- “!:i%%%I 7002» . ‘I§;‘I;’ii£ 1 = 0.0050 iiiiyi ...‘.o’ ]
0.004 P e st T e
- -* =% - =* ¥ P A
e 0.01 Lowm"ruorsie® 0.0025 [, 0™ _Laeeee 1
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:;;;;!'! e e s
0000>. ] ‘ ‘ ‘ ‘ ‘ 0.0000 pr+++svss el e
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0.225F 0.014 3
s
0.012} Iiigigg
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o 5 > 45
= 0.125 1 % 0.008f ’ﬂ’;;?w i
S 9] i
[ o 3 F ]
n Lons <1 0.006 liiii:‘§§l!g
' 0.004 »i»;;x*‘ ]
¥
0.025 0.002 ]
1.1 1.2 13 14 15 1.1 1.2 13 14 15
T/T. T/T.

FIG. 2. Pressure (P), energy density (¢), baryon number density (ny), entropy density (s), and trace anomaly (A) as a function of
temperature at different values of fig = ug/T. The colored bands represent the model predictions, while the markers denote the

Wuppertal-Budapest 1QCD results [38].
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FIG. 3. Three-dimensional surface plots of the effective quasiparticle masses predicted by the DNN as functions of temperature and
baryon chemical potential. The left panel corresponds to the gluon mass m,, the middle panel represents the light quark mass m,, 4, and
the right panel shows the strange quark mass m.

around 7 ~ 160 MeV. The stronger up dependence at

lower temperatures indicates that the medium interactions,
0.4 ' ' ' ' represented by the effective quasiparticle masses, are more
sensitive to the baryon chemical potential near the decon-
finement temperature. Moreover, the hierarchical ordering
mg > mg > myq is preserved throughout the entire phase
0.3} . space, which demonstrates that the imposed mass regu-
larization successfully constrains the effective quasiparticle
masses.

Figure 4 shows the speed of sound squared c2 and the
scaled specific heat Cy /T? as functions of temperature. At
————— jg = 0, c2 is in agreement with 1QCD estimates [61] and
i I Lattice the experimental value reported by the CMS Collaboration

ip=2 & CMS [62]. With increasing temperature, c¢2 rises monotonically

and approaches the Stefan-Boltzmann limit of 1/3 [63],

0.1 11 192 13 14 15 indicating the gradual restoration of conformal symmetry in
T/T., the high-temperature perturbative regime. The enhance-

ment of ¢? with increasing jig reflects the weakening of the
effective interaction strength of the medium, consistent
with the reduction of the quasiparticle thermal masses at

0.2F

60' T T T T

C,/T3

40+ s ip=0 W ap=3 B I S N NG S
] /%B=1 ) Lattice 050k \\-\:::::—-—._.__._.__._._.________
hp=2 o T
351.1 1.2 1.3 1.4 1.5 095 ~TTm————Co oo ——m— oo
T/T.
O'OO 1 1 1 1 1
FIG.4. Speed of sound squared c? (top) and scaled specific heat 1.1 1.2 1.3 1.4 1.5
Cy/T? (bottom) as functions of T/T, from the DNN-based T/T.

quasiparticle model at different fig values. Top: 1QCD results

from Ref. [65] and the CMS measurement [62] are shown for FIG. 5. The relaxation times 7, for quarks and z,, for gluons as
comparison, while the dashed line indicates the Stefan-Boltz- functions of T//T.. The results are compared with the relaxation
mann limit. Bottom: 1QCD results from Ref. [64] are shown. times obtained in the QPM [20] and the NJL model [13].
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finite baryon chemical potential. The scaled specific heat
Cy/T? increases systematically with both temperature and
jig. The growth with fig is a direct consequence of the
increase in the total energy density of the medium at finite
baryon density, while the saturation of Cy,/T> at high
temperatures reflects the approach to the Stefan-Boltzmann
regime, where the energy density scales as e ~ T#, render-
ing Cy/T? approximately constant. The results are in
quantitative agreement with available 1QCD calculations
[64] across the full temperature range considered.

Further, Fig. 5 exhibits the temperature dependence of the
relaxation times for quarks and gluons, computed using
Eq. (19). We compare our results with 7, and 7, relaxation
times obtained within the QPM framework of Ref. [20] and
with the quark relaxation time predicted by the NJL model in
Ref. [13]. We note that the quantitative difference between our
results and those obtained from QPM in Ref. [20] arises from
the choice of the parameter k in Eq. (19): Ref. [20] adopts
k =22, whereas we use k = 18.5, chosen specifically to
enforce a minimum value of /s = 1/4x saturating the KSS
bound. The relaxation time 7 decreases monotonically with
increasing temperature, consistent with the growth of the
number density of scattering centers, which shortens
the mean-free path and enhances the interaction rate of the
quasiparticles. The quark relaxation time 7, remains system-
atically larger than the gluon relaxation time z,, across the full
temperature range, reflecting the stronger color charge of
gluons, characterized by the Casimir factor C, = 3 compared
to Cr = 4/3 for quarks, which leads to larger scattering cross
sections and consequently shorter relaxation times for gluons.

The top panel of Fig. 6 shows the shear viscosity to
entropy density ratio 77/s as a function of 7/T.. The ratio
exhibits a minimum near 7 = 1.27, arising from the
competing temperature dependences of the parton distri-
bution functions and the relaxation time. Above this
minimum, 7/s increases monotonically with temperature,
reflecting the approach toward the weakly interacting
perturbative regime. At fig = 0, the results are in qualitative
agreement with QPM estimates [20]. The results lie below
the 1QCD-based estimates of Ref. [66], which carry
relatively large systematic uncertainties, and remain above
the KSS bound 7/s = 1/4x [67].

The bottom panel of Fig. 6 shows the bulk viscosity to
entropy density ratio {/s as a function of T/T, for several
values of jig. At fig = 0, /s exhibits a weak temperature
dependence and is consistent with QPM results [20], as well
as the 90% credible region from a Bayesian analysis [68].
With increasing fig, {/s is systematically enhanced, with a
noticeably stronger temperature dependence emerging near
T.. This behavior indicates that finite baryon chemical
potential amplifies bulk viscous dissipation in the medium,
particularly in the vicinity of the deconfinement transition,
where nonperturbative effects are most pronounced.

The upper panel of Fig. 7 illustrates the scaled electrical
conductivity /T as a function of T/T, for several values

0.25I""I""I""I""I"
[ s =0 e 1/47 AdS limit
[ W =1 —— QPM ]
0.20 I =2 §  Lattice ]
I Ap=3
I
w 0.15
~
<
0.10}
0.05}
1.1 1.2 13 14 15
T/T.
04 T T T T T T T
=0 fip=3
B iz=1 —— QPM
0.3+ fip=2 —— DBayesian ]
T. — = —
0'01.1 1.2 1.3 1.4 1.5
T/T.

FIG. 6. Upper: shear viscosity to entropy density ratio 7/s and
(lower) bulk viscosity to entropy density ratio {/s as functions of
T/T. at different fig values. Top: IQCD results [66] and the AdS/
CFT bound 1/47 [67] are shown for comparison. Bottom: the red
band represents the Bayesian estimate [68], and the black line
corresponds to the QPM result [20].

of fig. At ig = 0, 61/T exhibits a pronounced dip near T,
reflecting the strong nonperturbative interactions in the
vicinity of the deconfinement transition, followed by a
monotonic increase with temperature as the medium
approaches the perturbative regime. The magnitude of
0q/T increases systematically with fig, indicating that
finite baryon density enhances charge transport by increas-
ing the number density of electrically charged carriers in
the medium. At jig =0, the results are in qualitative
agreement with kinetic theory estimates within the RTA
using the Gribov-Zwanziger approach [49], although
quantitative differences remain. One important source of
this difference is the relaxation time. In particular, the 7;/,
values reported in Ref. [49] are approximately 15-20 fm/c,
whereas the quark relaxation times obtained in the present
work are only about 0.5-1.5 fm/c, comparable to the QPM
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FIG.7. Upper: the electrical conductivity as a function of scaled
temperature o, /T at finite yg values compared to results from
Madni et al. [49] and lattice data [69,70]. Lower: the thermal
conductivity as a function of temperature compared to results
from Abhishek et al. at finite ug [51].

results of Ref. [20]. Since the electrical conductivity scales
approximately linearly with the relaxation time, a larger
relaxation time naturally leads to larger conductivity
values. The IQCD estimates [69,70] remain somewhat
higher than our results, which may reflect limitations of
the relaxation-time approximation and the simplified relax-
ation dynamics adopted in the present framework.

The lower panel of Fig. 7 shows the scaled thermal
conductivity k7/T? as a function of 7/ T for several values
of fig. While x7/T? increases monotonically with temper-
ature, it decreases systematically with increasing jig. This
behavior can be understood from Eq. (18), where the
dominant contribution to x; is governed by the factor
(E — b;h)? ~ (b;h)?, valid in the limit where the single-
particle energy E is small compared to the enthalpy
per particle h. At finite jig, the rapid growth of the net
baryon density np reduces the enthalpy per baryon
h = (e + P)/ng, which in turn suppresses x;/T>. This
indicates that a higher baryon chemical potential suppresses
thermal transport—equivalently, heat diffusion—in the

deconfined medium. The results are consistent with results
from Abhishek et al. [51] at finite fig, with the overall
temperature dependence in good agreement across all
approaches.

V. SUMMARY

In this work, we study the thermodynamic and transport
properties of the QGP at finite baryon chemical potential
within a deep-learning-assisted quasiparticle framework.
We determine the effective temperature- and baryon
chemical-potential-dependent quasiparticle masses by
training residual neural networks on IQCD results obtained
via a Taylor-like expansion around vanishing chemical
potential. The trained model acts as an effective emulator,
enabling a consistent extension of the equation of state
and transport coefficients into the finite ug regime, which
remains challenging for first-principles calculations. Using
the extracted quasiparticle masses, we compute the thermo-
dynamic observables through the grand canonical partition
function and observe a very good agreement with 1QCD
calculations across the explored (7, ug) range. The model
captures the expected dependence of pressure, energy
density, entropy density, and baryon number density on
fig, while maintaining a smooth and physically consistent
behavior of the effective masses. We further estimate the
transport properties of the medium within the relaxation-
time approximation. We observe that the shear viscosity to
entropy density ratio exhibits a minimum near the transition
region, followed by an increase at higher temperatures,
reflecting the interplay between parton distributions and
relaxation dynamics. The bulk viscosity shows an enhance-
ment with increasing baryon chemical potential, particu-
larly near T, indicating stronger dissipative effects in dense
QCD matter. Similarly, the electrical conductivity increases
with ug, while the thermal conductivity is suppressed due
to the modification of the enthalpy per particle at finite
baryon density. These trends highlight the sensitivity of
transport coefficients to both temperature and chemical
potential and are in qualitative agreement with existing
phenomenological models and lattice-based estimates.

Overall, our results demonstrate that a deep-learning-
assisted quasiparticle approach provides a flexible, data-
driven framework for studying QCD matter at finite baryon
density, while remaining consistent with lattice constraints
at ug = 0. However, while the thermodynamic quantities
are well constrained through the learned quasiparticle
masses, the determination of transport coefficients remains
sensitive to the choice of relaxation time. A more funda-
mental, model-independent formulation of the relaxation
dynamics is therefore essential for achieving a quantitatively
reliable description of transport properties in the QGP. In the
future, with abundant IQCD data for the transport properties,
one can train a similar ResNet model to extract the relaxation
time from lattice data. Furthermore, extending this deep-
learning approach to include heavy-flavor dynamics will be
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a crucial next step, as heavy quarks are known to provide
significant theoretical contributions to the overall QGP
viscosity [71]. These results provide a systematic frame-
work for extending QCD thermodynamics and transport
studies to finite baryon density and motivate further develop-
ments combining machine learning with first-principles
constraints.
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APPENDIX: MODEL TRAINING

The data used in this work are sourced from WB lattice
calculations at finite chemical potential for the QCD EOS
[38]. The temperature- and chemical-potential-dependent
quasiparticle masses are represented by three distinct
residual neural networks. Table II details the model
architecture used in this work. This is structured similar
to the architecture used by Li et al. in Ref. [36].

The model hyperparameters are summarized in Table 1.
To reduce the overall training time compared to previous

TABLE II. Neural network architecture used to parametrize the
temperature- and chemical-potential-dependent quasiparticle
masses. Three identical networks are employed to model the
u/d quark, the strange quark, and the gluon masses.

Component Layer type Dimensions
Input Fully connected 2-16
Expansion Fully connected 16 - 32
Residual block x7 Fully connected 32 - 32
Compression Fully connected 32 > 16
Output Fully connected 16 > 1
Activation (hidden) Swish xo(x)
Activation (output) Sigmoid 2 x o(x)

101

—— Training Loss
***** Validation Loss

2000 3000 4000 5000

Epochs

0 1000

FIG. 8. The training-validation loss curve represents the loss
throughout the training of the model. The solid blue line indicate
the training loss, and the dashed orange line indicate the
validation loss.

studies, the total number of training epochs is reduced. An
initial learning rate of 10~ is adopted with a decay factor of
0.92. The MAE is used as the loss function, and the model
is optimized using the AdamW algorithm. The dataset is
randomly split into 80% for training and 20% for validation
in order to monitor overfitting and evaluate the generali-
zation performance of the model. Figure 8 shows the
training and validation loss curves. After approximately
3000 epochs, the loss saturates, indicating convergence
toward a local minimum. During training, the model
parameters are updated using the AdamW optimizer, and
the parameter set corresponding to the lowest validation
loss is retained. The close agreement between the training
and validation curves indicates that the model provides a
good fit to the data without significant overfitting.

1,1_ L e e B L S S S
[ 6=0.01 b
1.0F myy - mf?/l;M ]
r mg mQPM
0'92- mg . QPM
> ¢
iO.S ::\ 1
2070 Tl :
= A T
0.6F ]
t
0.5 t'\\\ 1
11 12 13 14 15
T/T,

FIG. 9. The plot represents the quasiparticle masses predicted
by the model as a function of T at ug = 0. The masses m,, 4, m,
and m, are given by the blue, orange, and purple bands,
respectively. The dashed lines represent the masses obtained
using relation (1).
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Figure 9 illustrates the effective masses of the quasipar-
ticles as functions of temperature computed at pg = 0.
We observe that the effective masses decrease monotonically
as temperature increases. We compare our results with QPM
masses calculated from Ref. [20] and observe that the
quasiparticle masses predicted by DLQPM are slightly
higher; however, it follows a similar monotonically decreas-
ing trend with temperature. Moreover, in Fig. 10, we plot the
mean relative error (MRE) percentage as a function of f to
validate the selection of §§ values in Eq. (21). We estimate the
MRE as

(S)pred - (S)WB

1 (| (P)prea = (P)ws
MRE = 5 (‘ (P)ws " ($)ws
' (A)pred - (A)wp (e)pred — (€)ws
(A)ws (€)ws
(nB)pred — (ng)ws

). (A1)

As shown in Fig. 10, the prediction error is minimized for
£ ~0.01 and 0.001, indicating an optimal balance between
reproducing the lattice thermodynamics and constraining the
quasiparticle masses. For > 0.1, the mass constraints are
too dominant, which leads to a noticeable disagreement

(ng)ws

25FT T T T ™

—o— net error

201 1

15} ]

MRE%

10 1

102 101 100

FIG. 10. Mean percentage error as a function of the mass-
regularization scaling term f.

between DLQPM-predicted thermodynamic observables
and WB results.

Once the training is completed, the model can reliably
predict the effective masses of the quasiparticle, repro-
ducing its training data and predicting the transport
properties of hot QCD matter at finite baryon chemical
potential.
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