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Abstract. In this proceeding, the deep Convolutional Neural Networks(CNNs)
are deployed to recognize the order of QCD phase transition and predict the
dynamical parameters in Langevin processes. To overcome the intrinsic randomness existed in a stochastic process, we treat the final spectra as image-type
inputs which preserve sufficient spatiotemporal correlations. As a practical example, we demonstrate this paradigm for the scalar condensation in QCD matter
near the critical point, in which the order parameter of chiral phase transition can
be characterized in a 1+1-dimensional Langevin equation for σ field. The welltrained CNNs accurately classify the first-order phase transition and crossover
from σ field configurations with fluctuations, in which the noise does not impair
the performance of the recognition. In reconstructing the dynamics, we demonstrate it is robust to extract the damping coefficients η from the intricate field
configurations.

Phase transition and critical phenomena are extensively observed in various many-body
systems. The orders of phase transition or critical exponents, they can be well-extracted in
equilibrium systems. However, in a non-equilibrium scenario, the situation becomes more
complicated especially for a stochastic process emerges in quantum systems. The intrinsic
randomness breaks the deterministic description of the dynamics, which hinders our further understanding to those exotic non-equilibrium systems, e.g., heavy-quark diffusion in
the Quark-Gluon Plasma(QGP) [1, 2]. The Langevin dynamics is a general description of a
non-equilibrium system as a stochastic differential equation, in which the degree of freedom
typically are the collective variables changing very slowly, compared to the other microscopic variables in the system. In QCD phase transitions, one challenging of both theoretical
and experimental sides is if we can identify the order of the phase transition and the critical
exponent of the system from the configurations generated from such a stochastic process,
which is significant for the critical-point search [3]. Deep learning with a hierarchical structure of artificial neural networks is emerging as a novel tool to uncover structure in complex
data and to efficiently describe it with a minimal number of parameters [4]. Nowadays, the
deep learning method is also utilized in the field of physics research [5, 6], such as recognizing phase transitions in heavy ion collisions(HICs) [7, 8] and improving the computation
of Lattice QCD [9–11]. Meanwhile, the model-free prediction on state evolution has been
discussed with machine learning for chaotic dynamical systems [12]. It makes recognizing
phase transitions in stochastic processes feasible.
In recent study [13], we proposed a deep CNN model to detect phase transition and dynamics in stochastic processes as Fig. 1 shown. In the problem set-up, the raw observations
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Figure 1. The architecture of the deep CNNs for recognizing the phase order and predicting the damping coefficient from the σ field configurations. Details of the network structure can be found in Ref. [13]

(configurations) for the system are nothing but the stochastic time series data. With regard to
the effective inputs to the machine, a proper choice is the final-state particle spectra. Thus,
we feed the event-by-event spatiotemporal scalar field configurations in final stage to the neural network to identify the dynamics, including the phase order and dynamical parameter as
labels. As a practical example of Langevin dynamics with QCD phase transitions, we derive the dynamic equation from a linear sigma model(LSM). The effective potential from the
LSM presents a scenario in which the crossover locates at the small chemical potential region
and first-order phase transition occurs at the large region [14]. In HICs, the hot and dense
fireball created an extreme environment where the QCD phase transition can happen [15, 16].
To model the corresponding phase transition processes, the Langevin equation is adopted to
describe the semi-classical evolution for the long wavelength mode of the σ field (for more
context and details can see [13, 17, 18]),
∂µ ∂µ σ (t, x) + η∂t σ (t, x) +

δVe f f (σ)
= ξ (t, x) ,
δσ

(1)

where η is the damping coefficient, ξ (t, x) is the noise term, and the effective potential Ve f f
decides the type of phase transition in the stochastic process (see more details in Ref. [19]).
The terms η and ξ are both from the interaction between σ field and the thermal background,
which follow the fluctuation-dissipation theorem.
  In the zero-momentum mode limit, the
correlation has the form ξ (t) ξ (t ) ∝ η coth m2Tσ δ (t − t ). In our calculation, η is taken as
a free parameter while the noise is set as white noise, and B is set as the amplitude of the
white noise. For simplicity but without loss of generality, we assume the heat bath evolves
along trajectories with constant baryon chemical potential, and the temperature drops down
in a Hubble-like way, T (t)/T 0 = (t/t0 )−0.45 , where T 0 (> T c ) is the initial temperature, and
t0 = 1 fm is the initial time for the evolution. With regard to the dynamical evolution of the σ
field, we set the damping coefficient η to be constant across the evolution with values ranging
from 1.0 to 5.5 fm−1 . As for the details of the numerical set-up, we simulate the evolution of
σ field in 1-dimensional space with range L = 6.0 fm, and the spatial grid size dx = 0.2 fm.
The duration of the evolution is 16 fm/c at most with the temporal step size dt = 0.1 fm/c.
With the above set-ups, the σ field was evolved according to Eq. (1) on an event-by-event
basis. The configurations from later episode after phase transition with 4 fm duration of the
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σ field are censored as the input data-sets. Thus, the input is in t ∈ [7, 11] fm−1 , or in the
last 40 time-steps from the evolution, where the ambient temperature is already much lower
than T c , ensured that the potential phase transition already happened. Therefore, the prepared
input configuration contains N = 40 × 30 = 1200 pixels in each event.
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Figure 2. (a) The accuracy and loss on training and validation data sets with different noise parameters
B=0.5, 1, 1.5, 2 and 2.5. (b) The training process in predicting the damping coefficient from configurations. The left panel are prediction results for the crossover scenario, the right panel are prediction
results for the first-order scenario.

To train the neural networks, we prepare 10 000 events at each parameter setup with
labels. First we deploy the machine on data-sets with B = 0.5 and 1, and the training history
is recorded in Fig.2(a). The validation loss tends to decrease same as training loss with
epoch increasing, in other words, it reaches stable without over-fitting. Moreover, the testing
accuracy reaches to 99.9%, it means the performance of the well-trained machine is robust
and these final-stage configurations indeed carry with phase transition information. It should
be noticed that, although the configurations are totally different from the learned ones due
to the intense noise, the machine can keep an accurate prediction on the phase order in each
event. As for the damping coefficient, as the core dynamic parameter, it can influence not
only the thermal diffusion speed of the system but also the fluctuations. Here we use events
generated on both the crossover and the first-order scenarios with the damping coefficient in
the range of (1.0 − 2.5) and (4.6 − 5.5) fm−1 , in each η-bin, 1000 events were collected as
inputs. In the training process of Fig. 2(b), the related coefficient R2 grows quickly from 87%
to 93% for the crossover and from 91% to 97% for the first-order scenario. The evaluation
on the testing data-set is shown in the insert part. It consists of orange dots which are labeled
by the damping coefficients of the ground truth and predictions on testing data-set from the
trained CNN. If we take a close step to see the performance of the machine. It is found
that although inside the training set has no supervision in the region (2.6 − 4.5) fm−1 , the
predictions still keep a reasonable performance.
In summary, we demonstrate the framework is effective in recognizing the QCD phase
transitions and extracting the Langevin dynamics from complicated configurations. The firstorder or crossover-type phase transitions, encoded inside the stochastic dynamical evolution,
can be detected by a well-trained machine. Although the field configurations differ totally
from each other because of the noise terms and also the random initial conditions, the machine successfully learns to make an accurate prediction on the phase order for previously
unseen evolution events in the testing stage. This is related to the powerful capability of the
deep CNNs for extracting hidden correlations in image-type data-set, which facilitates the
presented phase order identification from the field configurations.We further prepare mixed
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configurations with damping coefficient in the range of (1.0 − 2.5)fm−1 and (4.6 − 5.5)fm−1 ,
nevertheless, the predictions to the dynamics are made for the entire range. It reveals an acceptable generalization ability when tested on configurations containing damping beyond the
training set. The present method can be helpful for a broader field, like, there is a potential
application in topological-dependent stochastic process [20], in which the topological charge
could be extracted by the deep CNNs. A recent attempt is to detect the chiral magnetic effects
in HICs with the same paradigm [21].
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