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A SELF-ADAPTIVE DEEP LEARNING ALGORITHM FOR ACCELERATING

MULTI-COMPONENT FLASH CALCULATION

TAO ZHANG, YU LI, YITENG LI, SHUYU SUN∗, AND XIN GAO∗

Abstract. In this paper, the first self-adaptive deep learning algorithm is proposed in details to accelerate

flash calculations, which can quantitatively predict the total phase amount in the mixture and related

thermodynamic properties at equilibrium for realistic reservoir fluids with a large number of components
under different environmental conditions. A thermodynamically consistent phase equilibrium calculation

scheme is generated at specified moles, volume and temperature, and the flash results are used as the

ground truth for training and testing the deep neural network. The critical properties of each component
are considered as the input features of the neural network and the final output is the total number of phases

at equilibrium and the molar compositions in each phase. Two network structures are well designed, one of

which transforms the input of various numbers of components in the training and the objective fluid mixture
into a unified space before entering the productive neural network. ”Ghost components” are defined and

introduced to process the data padding work in order to modify the dimension of input flash calculation

data to meet the training and testing requirements of the target fluid mixture. Hyperparameters on both
two neural networks are carefully tuned in order to ensure the physical correlations underneath the input

parameters are preserved properly through the learning process. This combined structure can make our deep

learning algorithm to be self-adaptive to the change of input components and dimensions. Furthermore, two
Softmax functions are used in the last layer to meet the constraint that the summation of mole fractions

in each phase is equal to 1. An example is presented that the flash calculation results of a 8-component
Eagle Ford oil is used as input to estimate the phase equilibrium state of a 14-component Eagle Ford oil.

The results are satisfactory with very small estimation errors. The capability of the proposed deep learning

algorithm is also verified that simultaneously completes phase stability test and phase splitting calculation.
Remarks are concluded at the end to provide some guidance for further research in this direction, especially

the potential application of newly developed neural network models.

1. Introduction

Multiphase multicomponent flows in geological formation are often needed to be solved numerically to
understand complicated flow behaviors, since the subsurface oil and gas typically contain numerous chemical
species and exhibit complex phase behaviors [1]. Flash calculation, a computational tool to predict phase
partitioning of a given fluid mixture, is a key step in multiphase multicomponent flow simulation as the ther-
modynamic properties of the investigated mixture, such as composition, densities and total phase amount,
play a critical role in accurate description of reservoir fluid transport and migration [2]. Nowadays, phase
behavior modeling is always conducted based on realistic equation of states (EOS), such as Peng-Robinson
(PR) EOS [3] and Soave-Redlich-Kwong (SRK) EOS [4] which are commonly used in reservoir simulators.
Iterative algorithms are popular in solving the nonlinear phase equilibrium problems, but phase stability
test and phase split calculations are computationally expensive. A hydrocarbon mixture can comprise up to
hundreds of species in reality, which could consume enormous computational cost for phase equilibria model-
ing by iterative flash schemes. Thus, the petroleum industry has been increasingly seeking for a reliable and
efficient flash calculation method to handle the realistic reservoir fluid mixture containing a large number of
components.
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A simple and direct acceleration strategy is to reduce the number of components in the fluid mixture and
meanwhile preserve as much as accuracy of the EOS model [5]. However, the balance between the remaining
number of components and the computational accuracy often yields unsatisfactory acceleration performance,
and thus a large batch of scholars have been working on various flash calculation acceleration approaches.
The first reduction model was proposed in [6] to decrease the number of nonlinear equations by taking
advantage of the low-rank binary interaction coefficient (BIC) matrix. With the van der Waals mixing rule,
only three equations need to be solved. However, the zero binary interaction coefficient assumption is not
suitable for realistic reservoir fluids. Another reduction model was proposed in [7, 8] based on the spectral
theory of linear algebra to accelerate the phase stability tests as well as phase equilibrium calculations. A
smoother tangent plane distance (TPD) function can be obtained in the reduced space and robustness and
efficiency of their reduction model is verified through numerical tests. In addition, efforts have also been paid
on decomposing the BICs, and a generalized formulation was proposed in [9]. At most six reduced parameters
are included in their scheme, which could be degenerated to the reduced model in [6] with three parameters
or the model in [10] with five parameters considering the non-zero BICs between a single non-hydrocarbon
component and hydrocarbon components. A significant contribution in this scheme stands on retaining the
calculation accuracy at the same time of avoiding solving the nonlinear Rachford-Rice equation. Besides, the
energy parameter was approximated with a minimized error in [11] with a new decomposition method and
fewer reduced variables are needed in this approach. However, the efficiency of these acceleration methods
with reduced models has not been agreed and recognized widely for general cases.

Another class of solutions is to avoid the iterative calculations in order to reduce the computational efforts.
A non-iterative algorithm was developed in [12], assuming an instantaneously established thermodynamic
equilibrium throughout the whole simulation process and the decoupled flash calculation from compositional
flow simulation can be approximated based on the previous and current flow solution. The difficulty to solve
Rachford-Rice equation is also relieved in this scheme, which can further accelerate the flash calculations.
Repeated phase stability tests were reduced in [13] by using a shadow region method. It was assumed
that temperature, pressure or compositions have small changes in two consecutive time steps located in
a certain grid block, and the determination of whether stability tests are needed or not can be made by
checking the distance to the critical point. In addition, the sparse grid surrogate model was introduced in
[14] to approximate phase equilibrium properties by a interpolation approach and a subsequent study further
improved the approximation efficiency by constructing the layer and array structure. However, the detection
of single-phase region is not always accurate and reliable, while the saturation can even exceed the physical
meaningful boundaries.

During the last two decades, a large number of acceleration strategies for flash calculations sprang out,
but the wide recognition, high reliability and general application are still not resolved well. Meanwhile,
the fast development of reservoir simulation is calling for phase equilibrium calculation at extremely high
resolutions, even up to millions of grid blocks. Conventional acceleration approaches cannot handle this task
and attentions have been transferred to machine learning techniques as a speedup tool. The use of artificial
neural networks (ANN) was reported in [15], successfully estimating the density of refrigerants and shape
factors, which can be further extended to model the corresponding thermodynamic state. The breakthrough
of AlexNet in 2012 [17] announced the start of deep learning era. This technique has revolutionized various
industry and academia fields, including computer vision [18], natural language translation and processing
[19], electronic entertainments [20] and many others [21, 22, 43]. Within recent years, numerous efforts
have been made to apply this promising technique to related researches in oil and gas industry. A deep
neural network is constructed in [24] to learn a map between stochastic fields and effective properties for
fast calculation of the effective properties in subsurface reservoirs for a coarse grid approximation of the
problem and a more remarkable progress is reported in [25] using Convolutional neural network (CNN) for
high-dimensional problems. A regression model is developed in [26] to predict the equilibrium coefficients
using ANN, and both relevance vector machines (RVM) and ANN are applied in [27] to reduce the cost of
phase-equilibrium calculations for compositional models. A significant improvement can be detected on deep
learning algorithms compared with traditional machine learning methods, mainly attributed to the multiple
hidden non-linear layers that enable to represent the complex correlations among the input features. It
has been pointed out in [23] that any continuous function can be approximated by a feed-forward network
consisting of a finite number of neurons on one single hidden layer, which is also known as the universal
approximation theorem, but the success of deep learning has shown a more promising potential to predict
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the thermodynamic equilibrium properties using multi-layer deep neural networks. It can be stated that
the task environment in general flash calculation is static, so that a trained model is capable to capture the
distribution at a specific time point. This property is intrinsic in the underlying physical process, which
makes the deep learning model to be practically useful. Besides, there is a large amount of data in the flash
calculation field, from both real experiments and computational simulations (easily up to billions). Such a
huge amount of data provides expected opportunities for training deep learning models. However, despite
the suitability and necessity of developing deep learning-based methods in this field and their potential
applications, limited attempts have been made on developing deep learning methods for accelerating flash
calculation. A fully connected deep neural network is designed and tuned carefully in [30], in which the
critical thermodynamic properties are selected as input features to represent each component implicitly.
Instead of using conventional EOS, the correlation rules among the input features are described by the
trained model, and a highly enhanced efficiency can be obtained with acceptable accuracy. In order to
overcome the limited number of expensive experimental data as training ground truth, the flash calculation
results at given moles, volume and temperature (NVT flash) are used as the ground truth for training and
testing, so that the deep learning algorithm in [30] has been extended from binary component cases to
multi-component cases and a larger range of environmental conditions can be considered [28]. A significant
progress has been reported in [31, 32] that the trained deep learning model to accelerate both phase stability
test and phase splitting calculations is successfully integrated in practical compositional reservoir simulators.
The steps have forwarded closer to realistic reservoir complex fluid, but all of these existing deep learning
methods assume a fixed and given number of components in the mixture, which makes such models to be
practically useless in other engineering cases with various numbers of components in the fluid mixture.

In this paper, an optimized deep learning algorithm is proposed based on a two-network structure as the
first trial to overcome the previous limitations on the number of components of the target fluid mixture.
A thermodynamically consistent NVT flash calculation scheme is generated first to prepare the data for
training and testing. Two fluid mixtures, an 8-component Eagle Ford oil and a 14-component Eagle Ford
oil, are selected for flash calculation as the input training data and output test data, respectively. Several
practical techniques are involved in our deep learning algorithm, including Xavier initializer, dropout, batch
normalization, to overcome overfitting problem so as to improve the prediction accuracy, and the Softmax
function is applied to meet the constraint of the summed mole fractions of each phase equal to 1. Features
on the network structure is tuned carefully to chase for a better performance, and the reliable estimation
is an encouraging example to seize the possibility of using the reservoir fluid data of a small number of
components to predict the equilibrium phase compositions of complex reservoir fluids with a larger number
of components. This satisfactory robustness and accuracy can promise a good potential in this direction to
finally investigate realistic reservoir fluids by acceptable computation causes.

The rest of the paper is organized as follows. In Section 2, a thermodynamically consistent phase equilib-
rium calculation scheme is generated at specified moles, volume and temperature as constraints. The flash
calculation results will be used as the ground truth for training and testing in the deep neural network. In
Section 3, a two-network structure is designed and related techniques are employed to improve the estimation
accuracy and efficiency, including Xavier initializer, dropout, batch normalization and Softmax. In Section
4, An example of using an 8-component Eagle Ford oil flash calculation results as training inputs to predict
the phase equilibrium properties of a 14-component Eagle Ford fluid mixture. Network tuning are conducted
for better performance and phase stability tests and splitting calculations are incorporated together. At the
end, we provide a conclusion and certain remarks are provided in Section 5 to suggest future researches in
this direction.

2. Thermodynamically consistent flash calculation scheme

The long history of developing flash calculation schemes have established two main types of algorithms
with different specifications: either at given chemical compositions(N), pressure(P ) and temperature(T ), the
so-called NPT flash, or at given chemical compositions(N), volume(V ) and temperature(T ), the so-called
NVT flash [29]. NPT flash calculation methods are popular in academia studies and widely accepted in
industrial applications mainly due to its easy implementation and mature techniques. However, in conven-
tional NPT flash frameworks, selection of the best root from the solutions of a cubic equation (e.g. PR EOS)
is inevitable, which may result into slow convergence or even divergence if improper root is selected at the
early stage. Besides, pressure is not always known as a priori in realistic conditions. Furthermore, a distinct
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and nonnegligible difference will occur on the pressure of each phase if capillarity is considered, especially for
phase behavior estimation of unconventional reservoir fluids in nanopores. Compared to NVT flash, pres-
sure has to be specified for a certain phase in the NPT flash framework. Such a procedure can be avoided
in NVT flash calculation. Recently, a rapid development of NVT flash calculation schemes have attracted
attentions of the petroleum academia and industry. As there is no more need to invert the EOS, a unique
pressure-volume relation is obtained so that the root selection procedure can be avoided. A robust NVT
flash calculation scheme was proposed in [35] for two-phase equilibrium calculations and subsequently it was
extended for multiphase equilibrium [36]. In this section, we will first go through the general statements for
phase equilibria at given moles, volume and temperature and introduce a dynamic model for the equilibrium
calculation. This approach is used to obtain the ground truth data for further training and testing in deep
learning.

2.1. General phase equilibria statements. The mole and volume constraints in NVT flash schemes read
as

(2.1) NG + NL = N t, V G + V L = V t,

where N denotes the vector of mole numbers, V denote the volume. The superscripts G and L represent the
gas phase and liquid phase respectively. The phase equilibria is considered at specified total mole numbers

N t = [N t
1, . . . , N

t
M ]

T
, total volume V t and temperature T , with denoted by the subscript M the number

of components in the mixture. A difference between the NVT flash scheme and NPT flash scheme is the
minimization of Helmholtz free energy instead of Gibbs free energy, and the Helmholtz free energy of a
vapor-liquid two-phase system is given by

(2.2) F = f
(
nG
)
V G + f

(
nL
)
V L,

where F denotes the total Helmholtz free energy and f (n) denotes the Helmholtz free energy density, which
can be calculated as follows

(2.3) f (n) = f ideal (n) + f repulsion (n) + fattraction (n) ,

(2.4) f ideal (n) = RT

M∑
i=1

ni (lnni − 1) ,

(2.5) f repulsion (n) = −nRT ln (1− bn) ,

(2.6) fattraction (n) =
a (T )n

2
√

2b
ln

(
1 +

(
1−
√

2
)
bn

1 +
(
1 +
√

2
)
bn

)
.

The molar density vector n = [n1, n2, . . . , nM ]
T

in the above expressions are defined by

(2.7) nG =
NG

V G
, nL =

NL

V L
,

and parameter a(T ) and b is the energy parameter and the co-volume of PR EOS, which can be computed
based on the classical Van der Waals mixing rule

(2.8) a(T ) =

M∑
i=1

M∑
j=1

xixj (aiaj)
1/2

(1− kij) , b =

M∑
i=1

xibi,

with

(2.9) ai = 0.45724
R2T 2

c,i

Pc,i

[
1 +mi

(
1−

√
Tr,i

)]2
,
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(2.10) bi = 0.07780
RTci
Pc,i

,

where xi is the mole fraction of component i, Pc and Tc represent the critical pressure and critical tempera-
ture, and kij is the binary interaction coefficient between i-th component and j-th component The coefficient
mi is often calculated by an empirical correlation with respect to the acentric factor, ωi [29].

2.2. Dynamic model. Successive Substitution Iteration method, also known as SSI method, is commonly
used in conventional iterative NPT flash calculations [30], and this numerical algorithm has been extended to
NVT flash calculations as well by introducing an appropriately defined thermodynamic function [37]. Another
popular algorithm in conventional NPT flash schemes, the Newton’s method, has also been extensively
applied in solving NVT flash problems with modified Cholesky factorization to constantly minimize the
Helmholtz free energy. A dynamic evolution scheme based on diffuse interface model, also known as DI
model, is developed in [29] with a energy stable numerical algorithm to describe the dynamic process from
non-equilibrium state to the equilibrium state.

For a two-phase system, the volume and mole compositions of either phase can be selected arbitrarily
as the primary variables, and the counterparts of the other phase can be calculated by the aforementioned
constraints as shown in Equation 2.1. For example, if we choose the vapor phase mole composition (NG)
and volume (V G) as the primary variables, the Helmholtz free energy can be reduced to F

(
NG, V G

)
. The

partial derivative of F
(
NG, V G

)
with respect to NG

i and V G can be derived as

∂F
(
NG, V G

)
∂NG

i

= µi

(
nG
)
− µi

(
nL
)

= µG
i − µL

i ,(2.11)

∂F
(
NG, V G

)
∂V G

= P
(
nL
)
− P

(
nG
)

= PL − PG ,(2.12)

where µi denotes the chemical potential of component i and P denotes the phase pressure. The time
derivative of the total Helmholtz free energy F

(
NG, V G

)
are given by the chain rule

∂F

∂t
=

M∑
i=1

∂F

∂NG
i

∂NG
i

∂t
+

∂F

∂V G

∂V G

∂t

=

M∑
i=1

(
µG
i − µL

i

) ∂NG
i

∂t
+
(
pL − pG

) ∂V G

∂t
.

(2.13)

In terms of Equation 2.13, the evolution equations of mole and volume can be formulated based on the
Onsager’s reciprocal principle

∂NG
i

∂t
=

M∑
j=1

ψi,j

(
µG
j − µL

j

)
+ ψi,M+1

(
pL − pG

)
,(2.14)

∂V G

∂t
=

M∑
j=1

ψM+1,j

(
µG
j − µL

j

)
+ ψM+1,M+1

(
pL − pG

)
.(2.15)

The computational efficiency and reliability require an energy stable system consistent with the second
law of thermodynamics. In other words, the dissipation of the total Helmholtz free energy is expected,

which implies the Onsager coefficient matrix Ψ = (ψi,j)
M+1
i,j=1 inclusive in Equation 2.14 and 2.15 shall be

negative definite. For this purpose, a modified Cholesky factorization [38] is employed to ensure this negative
definiteness if necessary. At the equilibrium state, Helmholtz free energy is minimized, indicating the pressure
equilibrium (pG = pL) and the chemical equilibrium (µG

i = µL
i ). It should be mentioned that this pressure

equilibrium holds only if no capillary pressure is considered. Various mechanisms found in reservoir fluids,
including partial miscibility, compressibility and capillarity, have been incorporated well in this dynamic
model. Such extensions, as well as the proof of holding the first and second law of thermodynamics, can be
seen in details in [29, 39].
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2.3. Numerical experiments. Phase stability test is usually needed before phase splitting calculation in
general isothermal-isochoric phase equilibrium calculations. Different implementation methods were pro-
posed in [16, 40] and an energy-stable evolution scheme has been created to ensure dissipation of the
Helmholtz free energy. It is stated in [40] that the fully implicit Euler’s method and fully explicit method
will both fail to preserve the energy dissipation properties in the time-marching scheme unless a small time
step is applied. In other words, such evolution schemes are not unconditionally stable with strict restrictions
on the time step. To generate an energy stable numerical scheme, the convex splitting technique is used with
a semi-implicit evolution scheme to relax the restriction on timestep and facilitate the decline of Helmholtz
free energy. This convex-concave splitting of the Helmholtz free energy density is given by

f (n) = f convex (n) + f concave (n) ,(2.16)

where,

f convex (n) = (1 + λ) f ideal (n) + f repulsion (n) ,(2.17)

f concave (n) = fattraction (n)− λf ideal (n) .(2.18)

Correspondingly, the chemical potential can also be split into two parts. In practice, the concave parts of
the Helmholtz free energy density and chemical potential are treated explicitly while the convex parts are
treated implicitly. Newton-Raphson method is applied to solve this resultant nonlinear system with line
search.

In this paper, two data sets are generated using this thermodynamic-consistent flash calculation scheme
for an 8-component Eagle Ford oil and a 14-component Eagle Ford oil respectively. Molar compositions and
compositional properties needed for flash calculations are listed in Table 1 and Table 2. The 2D computational
domain of overall concentration and temperature is discretized into a uniform grid with size of 201 × 201
to obtain a smooth phase envelope. The investigated overall molar concentration for these two mixtures
vary from [10, 12000] and [10, 10000] mol/m3 respectively, and the temperature interval is same for both
fluid samples with T ∈ [260, 850] K. The computed phase envelop and TPD plot of the 8-component Eagle
Ford oil are illustrated in Figure 2.1, which meet well with the published results in [39]. These reliable flash
calculation data will be used as the ground-truth training and testing data in the following deep learning
algorithm.

Table 1. Compositional parameters for the 8-component Eagle Ford oil.
Component zi Tc,i (K) Pc,i (MPa) Mw,i (g/mol) ωi

CO2 0.0232 304.11 7.3739 44.01 0.2250
C1 0.5816 190.56 4.5988 16.04 0.0110
C2 0.0744 305.33 4.87180 30.07 0.0990
C3 0.0417 369.83 4.2479 44.10 0.1520

nC4 0.0259 418.71 3.7383 58.12 0.1948
C5–C6 0.0269 485.60 3.3767 76.502 0.2398
C7+ 0.1321 606.69 2.7083 122.96 0.3548
C13+ 0.0942 778.31 1.5598 255.28 0.7408
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Table 2. Compositional parameters for the 14-component Eagle Ford oil.
Component zi Tc,i (K) Pc,i (MPa) Mw,i (g/mol) ωi

CO2 0.01282 304.22 7.3864 44.01 0.2250
C1 0.31231 190.72 4.6409 16.04 0.0130
N2 0.00073 126.22 3.3943 28.01 0.0400
C2 0.04314 305.44 4.8842 30.07 0.0986
C3 0.04148 369.89 4.2568 44.10 0.1524
iC4 0.01350 408.11 3.6480 58.12 0.1848
nC4 0.03382 425.22 3.7969 58.12 0.2010
iC5 0.01805 460.39 3.3336 72.15 0.2223
nC5 0.02141 469.78 3.3750 72.15 0.2539
nC6 0.04623 507.89 3.0316 86.18 0.3007
C7+ 0.16297 589.17 2.7772 114.40 0.3739
C11+ 0.12004 679.78 2.1215 166.60 0.5260
C15+ 0.10044 760.22 1.6644 230.10 0.6979
C20+ 0.07306 896.78 1.0418 409.20 1.0456

Figure 2.1. Left: Phase envelop of the 8-component Eagle Ford oil; Right: TPD plot of the 8-component
Eagle Ford oil.

3. Deep learning algorithm

The details of our neural network structure and deep learning techniques are explained in this section.
The design of a self-adaptive two-network scheme can handle the task of predicting complex reservoir fluids
with a large number of components using limited iterative flash calculation data for a smaller number of
components, by uniformizing the dimension of training and target fluid mixtures. Ghost components are
defined and introduced for the data padding, and the efficiency and reliability of this approach is verified in
Section 4. Certain popular techniques in deep learning studies are involved in this work to achieve a better
performance of our algorithm.

3.1. Network structure. Artificial neural networks are designed and constructed to extract the key features
of the input data and discover the underneath correlations between the input and output [33, 34]. A two-
network structure is proposed in this paper to accelerate the flash calculation in general cases without
limitation on the number of components. As shown in Figure 3.1, we first extract the input features from
the training data, which is the flash calculation results of a reservoir fluid mixture with N components. The
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input features are selected based on investigating the numerical algorithms described in Section 2 to find the
critical parameters underlying and controlling the thermodynamic equilibrium. The selection of temperature
(T ), overall molar concentration (C), and the critical temperature Tc,i, critical pressure Pc,i, acentric factor
ωi and mole fraction zi as input features is verified in [28]. Thus, the input dimension is 4N + 2. In the
meantime, the network will read the information of target fluid mixture with M components. Secondly, the
first network is constructed with the output layer as a dimension of 4M + 2, and each output refer to an
index controlling the input of the second network. If N < M , all the information in the training data will be
reserved and a padding technique is performed to fulfill the training data with M −N ”ghost components”.
The ”ghost components” are defined with all the critical properties to be zero, and the molar fraction is
zero as well. If N > M , the algorithm will set M = N in the first network to output an index with the
dimension of 4N + 2, and the testing data (target fluid mixture) in Network 2 will be padded with certain
N −M0 ”ghost components”, where M0 refers to the original number of components in the target fluid
mixture. Thus, the training and testing data are uniformized to one certain dimension, and the Network
2 will be benefited. Afterwards, similar techniques in [28] are performed to train and test the Network 2
and finally output the flash calculation data of the target fluid mixture. If N < M , the output will be of
the dimension as 2M + 1, including the mole fraction of each component in vapor and liquid phase and the
total number of phases existing at the equilibrium state. If N > M , there will be information of the ”ghost
components” in the output data, and that will be eliminated automatically in our algorithm. It should be
pointed out that phase stability tests are incorporated with the phase splitting calculations together in this
deep learning algorithm, as the total number of phases existing in the fluid mixture at equilibrium state will
be determined directly after our estimation using the trained model.

Figure 3.1. The two-network structure.

The flow chart of our deep learning algorithm in each node is shown in Figure 3.2, which can be concluded
by the following equation,

yi = fi(Wi ∗ ai + bi),(3.1)

where ai denotes the input of the layer i, yi denotes the output of this layer, Wi denotes the weight, fi
denotes the activation function and bi denotes the bias. The output of one hidden layer is the input of the
next one, and this relation can be formulated as (e.g. using three activation layers)
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o = f3(W3 ∗ f2(W2 ∗ f1(W1 ∗ x1 + b1) + b2) + b3),(3.2)

where o is the final output, x1 is the input of the first layer, f1, f2, f3 are the activation functions in Layer 1,
2, 3 respectively, W1, W2, W3 are the weights of each layer and b1, b2, b3 are the bias terms of each layer.

Input

ଵ

ଶ

ଷ

ସ

ே

ଵ

ଶ

ଷ

ସ

ே

biasweights

Output

activation function

Figure 3.2. The simulation process in each node.

In our self-adaptive deep neural network, the trained model can be automatically adjusted to pad the
”ghost components” in either input data or output data. In details, if N < M , M −N ”ghost components”
will be padded into the input data of the training network, so that x1 in Equation 3.2 is written as

x1 =
{
Tc,1, Pc,1, ω1, z1, ..., Tc,N , Pc,N , ωN , zN , Tc,g1 , Pc,g1 , ωg1 , zg1 , ..., Tc,g(M−N)

, Pc,g(M−N)
, ωg(M−N)

, zg(M−N)
, T, C

}
,

(3.3)

and the output o remains as

o = {P,X1, X2, ..., XM , Y1, Y2, ..., YM} .(3.4)

On the other hand, if N > M , N −M ”ghost components” will be padded into the testing data as

o =
{
P,X1, X2, ..., XM , Xg1 , Xg2 , ..., Xg(N−M)

, Y1, Y2, ..., YM , Yg1 , Yg2 , ..., Yg(N−M)

}
,(3.5)

while the input data x1 remain as

x1 = {Tc,1, Pc,1, ω1, z1, ..., Tc,N , Pc,N , ωN , zN , T, C} .(3.6)

The parameters in the above formulations with subscript g denote the compositional variables of the ”ghost
components”, which are all set as 0 in our paper.

Overfitting is a common issue in deep learning studies, which means that a perfect performance of the
trained model has been achieved for the training data but a poor performance can only be obtained for
the validation of the testing data. Generally, this problem occurs if too many parameters are involved
in the deep learning model, which is also known as an over-parameterized model. Usually, an additional
constraint is applied to reduce the freedom of our model to prevent the overfitting problem from damaging
the performance of our deep learning algorithm. A significant feature of overfitting is a very large norm of
the weight parameters, and this could be one way to add this additional constraint. In practice, the large
weights can be penalized by modifying the loss function with an additional regularization term proportional
to the L2 norm of the weights, as formulated in Equation 3.7

L =
1

N

N∑
n=1

‖o− ô‖2 + λ ‖W‖22 ,(3.7)
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where L denotes the loss function, ô denotes the observation value, o denotes the model output, N denotes
the number of training data, λ denotes the regularization coefficient of the L2 weight decay term and W
denotes the weight parameters. The selection of λ depends on how much penalization we want to perform
on the large weights.

3.2. Deep Learning techniques. An efficient and robust deep neural network is expected with proper
initialization of the weight parameters, which show significant impacts on the performance of the deep
learning algorithm, especially on the convergence rate. If the weight parameters are overestimated at the
initialization, a rapid increase of the input variance will be observed, which can further cause the gradient
exploding or vanishing, and in that case the training will never converge. If the weight parameters are
underestimated at the initialization, on the contrary, the input variance may drop rapidly to a very small
value, which results in a damaged model complexity and even bad performance of final estimation. A
common-used initialization approach is to follow the Gaussian distribution, and the weights are initialized
with certain variance to ensure that the input and output variance of one layer will keep the same. This
approach can easily control the signal variance through the networks, and it is known as Xavier initialization.
For example, in Figure 3.2, the variance of the node output should follow the below equations

var(y) = var(w1 ∗ a1 + w2 ∗ a2 + ...+ wn ∗ an + b)

= var(w1) ∗ var(a1) + var(w2) ∗ var(a2) + ...+ var(wn) ∗ var(an)

(1)
= n ∗ var(wi) ∗ var(ai),

(3.8)

where the equivalence (1) is meaningful only if all the wi and ai are assumed to be identity distributed. To
meet the requirement of the same variance of output (y) and input (ai), it is easy to get

n ∗ var(wi) = 1,(3.9)

which indicates that the initial weights should follow a Gaussian distribution with a determined variance
1/n. The parameter n is the number of weights in that layer, as illustrated in Figure 3.2.

Dropout technique is also of vital importance to efficiently improve the deep learning performance. Due
to the high complexity of the neural network representing the thermodynamic correlations, overfitting is
hard to avoid and always seriously affects the final estimation. By discarding certain nodes in the network,
as shown in Figure 3.3, the corresponding connections will be dropped out as well and the network freedom
is reduced significantly in this manner. After dropout, the output of the layer can be expressed as

yi = fi ∗ (Wi ∗ ri ∗ ai + bi),(3.10)

where ri is a boolean vector. Each node j on layer i will be evaluated independently with the probability of
p to be remained or the probability of 1− p to be discarded. If it is remained, the corresponding rj will be
one and if it is discarded, rj will be zero. All the nodes and connections are evaluated after this process, and
the training stage will be performed on the reduced network. It should be pointed out that the discarded
nodes will be inserted back to the model with the initial weights after the training stage before the next
training cycle begins in order to keep the robustness and consistency.

Due to the large number of parameters involved in model training and ultra-large scale of input flash
calculation data, especially for the complex network structure representing the thermodynamic correlations
among large number of components in a mixture, training the deep learning model is notoriously time-
consuming and challenging the final efficiency performance of this algorithm. Furthermore, there are always
certain undesirable properties underneath the deep hidden layers that slow down the training convergence
rate, making it difficult to efficiently optimize this large scale system. One typical property is the ”internal
covariate shift”, which means the change of each layer’s input due to the changing of parameters on the
previous layer. A simple solution to handle this problem is ”whitening”, by which the mean and variance of
input features can remain the same. However, this technique is time consuming and some of the parameter
information may be discarded by changing the distribution of each layer. As a result, Batch normalization,
a technique to normalize the original input of the first layer as well as on hidden layers, has been used and
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Figure 3.3. Dropout Network.

proved to accelerate the convergence rate significantly. Mean and variance of each batch will be calculated
and then be used to normalize the batch data by introducing a small value to avoid zero-variance cases.

The non-linear correlations underneath the input features (represented by EOS in conventional flash
calculation methods) are held by activation functions. As a key factor to represent the network nonlinearity
and problem-solving capability, a variety of activation functions have been proposed to fit various problems.
It has been reported in previous studies [28, 30] that both activation functions, ”ReLU” and ”Sigmoid”,
exhibit good performance in deep learning algorithms for accelerating flash calculations. ReLU function
reads as

f(x) =

{
0, if x < 0
x, if x ≥ 0

,(3.11)

while Sigmoid function has the following form

σ(x) =
1

1 + exp(−x)
.(3.12)

Due to the padding process in our two-network structure and changing of input dimensions, the underlying
constraint, the total mole fraction of each phase being one, is challenged in the output results. Softmax
function, which was proposed to normalize a set of value to follow a probability distribution summing up to
1, has attracted our attention and applied in the final processing on the network output. This function can
be formulated as

aLj =
ez

L
j∑

k

ez
L
k

,(3.13)

where aLj denotes the Softmax value of the jth data in layer L, zLj and zLk denotes all the data in this layer.
By computing the ratio of the exponential of the mole fraction of component j in phase α (α could represent
either gas or liquid phase) and the sum of exponential parameters of all the mole fractions in that phase,
the final output of our deep neural network can meet the total constraint and thus physically meaningful.

4. Results and discussion

In this section an example will be provided, with an 8-component Eagle Ford oil flash calculation data
as input to train the model to predict the thermodynamic equilibrium properties of a 14-component Eagle
Ford oil. This example can verify the idea of using our well-designed two-network deep learning algorithm to
predict the thermodynamic equilibrium properties of realistic complex reservoir fluid mixtures with a large
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number of components, using an acceptable iterative flash results of a smaller number of components for
model training. Totally 90601 data points are included in the 8-component training data and 14-component
testing data, and in the testing process we randomly select a batch of 9061 data points in the 14-component
data. This data ratio as 0.9 : 0.1 for training and testing is verified in [30].

4.1. Network tuning. As the input training data is of a smaller dimension compared with the output
flash calculation results, the first network should be tuned carefully before optimizing the second network
hyperparameters to determine a reasonable and meaningful data padding(N < M case explained in Section
3.1). It can be easily referred from Section 3.2 that the ”ReLU” activation function is suitable for outputting
such index to control the data padding. Afterwards, the number of nodes in the hidden layers in Network
1 is optimized to achieve a better balance between prediction accuracy and efficiency. As shown in Figure
4.1, the CPU time used for the deep learning algorithm increases significantly with the increasing number of
nodes used in each hidden layer. However, the mean squared relative error decreases sharply with the number
of nodes changing from 100 to 150 and then keeps a very slow decrease as the number nodes increases. The
error differences between the usage of 200, 250 and 300 nodes are so small that the choice of 200 nodes on
hidden layers in Network 1 is reasonable promising. In this tuning process, we keep 150 nodes for the hidden
layers in Network 2.

Figure 4.1. Mean squared relative error of testing data using different number of nodes in the hidden

layers of Network 1 with the corresponding CPU time(s).

After tuning the Network 1, hyperparameters in Network 2 are optimized. The first comparison is con-
ducted using different activation functions in the hidden layers in Network 2. Five commonly used activation
functions, Sigmoid, Softplus, Softsign, tanh and ReLU are used in the network and we compare the perfor-
mance indicated by the mean squared absolute error and mean squared relative error. As shown in Figure
4.2, the network with four activation functions, Sigmoid, Softplus, Softsign and tanh, exhibits similar pre-
diction errors in the testing, while the error of using ReLU is a little bit higher. Furthermore, as testing data
are randomly selected from the iterative flash results, repeated testing using different batches are performed
to improve the reliability of our tuning on the activation function. It can be referred from Figure 4.3 that the
averaged mean squared relative errors in 200 trials of using the four ”good” activation functions in Figure
4.2 will finally converge to a similar value. This repeated testing is convincible, because the averaged CPU
time for each testing is only 2.71 s. Obviously the deep learning algorithm can indeed accelerate a lot the
flash calculations compared with the CPU time used for iterative methods in [28]. However, it is interesting
to see that the error of using Softplus is much more stable compared with the other three, so that this acti-
vation function is selected in Network 2 to better improve the stability and robustness of our deep learning
algorithm.

The number of nodes in hidden layers in Network 2 is optimized in a similar way to achieve a better
balance between accuracy and efficiency. It can be seen from Figure 4.4 that an obvious decrease of mean
squared relative error takes place with the increase of number of nodes from 50 to 200 and the change is
negligible with more nodes. The CPU time increases much faster, compared with Figure 4.1, so that the
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Figure 4.2. Mean squared absolute error and mean squared relative error of testing data using different
activation functions.

Figure 4.3. The averaged mean squared relative error of testing data using different activation functions

(blue points for Sigmoid, orange squares for tanh, green triangles for Softsign and yellow crosses for Softplus)

in a number of testing batches.

final choice is 200 nodes in order to obtain a good prediction accuracy (mean squared relative error lower
than 0.008) in an acceptable computational time.

4.2. Prediction evaluation. A good prediction accuracy can be obtained using our deep learning algorithm
with a very small error as illustrated in Section 4.1, and visual comparisons are provided in this section to
illustrate and evaluate our deep learning prediction with optimized network configurations. Conventional
flash calculation frameworks are often consisting of two stages: phase stability test first and then phase
splitting calculation. One significant feature of our deep learning algorithm is to automatically determine
the total number of phases existing in the mixture at equilibrium. No independent phase stability test is
needed so that our flash calculation is accelerated further. As shown in Figure 3.1, the molar compositions of
each phase (X, Y ) are predicted at the final output together with the total number of phases existing (NP )
by simultaneously completing the stability test and splitting calculation in the learning process. To validate
this automatic characterization of total phase numbers in our prediction, comparisons are performed among
the iterative NVT flash calculation method, a previous deep learning algorithm (the training and testing data
are for the same number of components) and our self-adaptive deep learning algorithm. The total number
of phases existing in the mixture at equilibrium as a function of environmental temperature is shown in
Figure 4.5 and Figure 4.6, with the overall concentrations are 129.9 mol/m3 and 249.8 mol/m3 respectively.
It is indicated that although ghost components are introduced to pad data for training process, this new
self-adaptive deep learning algorithm can yield a reliable phase stability prediction similar to the previous
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Figure 4.4. Mean squared relative error of testing data using different number of nodes in the hidden

layers of Network 2 with the corresponding CPU time(s).

limited deep learning algorithms. Compared with the iterative NVT flash calculation scheme, which is used
as ground truth in training and testing, only a slight difference can be detected at the temperature changing
from two-phase region to single-phase region at overall concentration of 249.8 mol/m3 in Figure 4.6, but our
deep learning model can perfectly capture the phase transition process from the vapor-liquid region to the
single vapor region in Figure 4.5. In all, the prediction on the total phase number at equilibrium using our
optimized deep learning algorithm is reliable and can be taken into consideration in further multi-phase flow
simulations.

Figure 4.5. Number of phases existing at equilibrium, predicted by the NVT flash calculation (blue
points), previous deep learning algorithms (orange line) and the new self-adaptive deep learning algorithm

(red cross), as a function of temperature under the specified overall concentration of 129.9 mol/m3.

Molar compositions of each phase at equilibrium is the key information required by multi-phase multi-
component flow simulations. A comparison of molar compositions computed by iterative NVT flash calcula-
tions and the self-adaptive deep learning algorithm is illustrated in Figure 4.7 and Figure 4.8 for the liquid
and vapor phase of the 14-component Eagle Ford oil at an overall concentration of 3810 mol/m3. The mole
fractions of C1, C2, CO2, N2, C3, iC4 in the liquid phase and that of C1, C7+, C11+, C2, C3, nC6 in the vapor
phase are presented, and our deep learning prediction results meet well with the iterative NVT Flash data.
It can be further observed that phase transitions occur when temperature increases, from vapor-liquid two
phase region to single vapor region, so that the mole fractions of the liquid phase are all vanished at around
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Figure 4.6. Number of phases existing at equilibrium, predicted by the NVT flash calculation (blue

points), previous deep learning algorithms (orange line) and the new self-adaptive deep learning algorithm

(red cross), as a function of temperature under the specified overall concentration of 249.8 mol/m3.

600 K. The small variance between the results of deep learning prediction and iterative flash calculation
represents a good robustness and reliability of this approach.

Figure 4.7. Mole fractions of C1, C2, CO2 in the left figure, and N2, C3, iC4 in the right figure, in the
liquid phase of the 14-component Eagle Ford oil as a function of temperature under the specified overall
concentration of 3810 mol/m3. The line and solid symbols represent the NVT flash results and self-adaptive
deep learning results, respectively.

Another example is tested to further verify the reliability of our new deep learning algorithm. As indicated
by Figure 4.9, the 14-component Eagle Ford oil is in the single vapor phase state at the given overall
concentration of 7200 mol/m3, and this feature is captured perfectly by our deep learning model. Mole
fractions of the selected components remain the same at this temperature interval. The capability to complete
both phase stability test and phase splitting calculations in our deep learning algorithm is proved again.

5. Conclusion and remarks

A novel two-network deep learning algorithm is proposed in this paper, to meet the requirement of esti-
mating the thermodynamic equilibrium states of realistic reservoir fluids with a large number of components,
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Figure 4.8. Mole fractions of C1, C7+, C11+ in the left figure, and C2, C3, nC6 in the right figure, in

the vapor phase of the 14-component Eagle Ford oil as a function of temperature under the specified overall
concentration of 3810 mol/m3. The line and solid symbols represent the NVT flash calculation results and

self-adaptive deep learning results, respectively

Figure 4.9. Mole fractions of C1, C7+, C11+ in the left figure, and C2, C3, nC6 in the right figure, in
the vapor phase of the 14-component Eagle Ford oil as a function of temperature under the specified overall

concentration of 7200 mol/m3. The line and solid symbols represent the NVT flash calculation results and

self-adaptive deep learning results, respectively.

by using an iterative flash calculation data of certain reservoir fluid with a relatively smaller number of com-
ponents. Using our algorithm, the computational time for iterative flash calculation can be restricted to an
acceptable range, while the large scale flash calculation can be accelerated with deep learning algorithms
with a robust and reliable approach. A thermodynamically consistent NVT flash calculation scheme is gen-
erated with an energy stable evolution scheme, so that we can prepare as much flash calculation data for the
network training as possible in an acceptable CPU time cost to overcome the overfitting problem in deep
learning. This network structure is self-adaptive, as it can automatically detect the dimension of training
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and testing data and further construct the input and output dimensions of the two networks correspondingly.
The data dimension is correlated with the number of components existing in each fluid mixture, and certain
thermodynamic properties of each component is selected as the input features controlling the equilibrium
process. By using padding techniques in the first network and the definition of ”ghost components”, the
training and testing data can be uniformed to a certain dimension, which can benefit the model training in
the second network. Hyperparameters are carefully tuned to obtain a good balance between efficiency and
accuracy, and Softmax function is introduced to meet the constraint that the total mole fraction of each
phase should be one.

This satisfactory robustness and accurate thermodynamic equilibrium predictions can promise a good
potential in this direction for future studies on accelerating flash calculation for realistic complex reservoir
fluids with as much components as needed. Our selection of compositional properties as input features is
verified again with the padding of ghost components, and this labeling technique can be easily extended to
characterize a large number of components in various cases if needed. Following remarks are concluded to
help future researches in this field:

1. Optimal Network Hyperparameters are tuned carefully in this paper as a similar work of [30, 28].
This set of network hyperparameters, either on Network 1 or Network 2, has shown a good performance
for this 8-component to 14-component case. However, it is interesting to investigate further the network
features in more extreme cases. For example, if we want to predict the thermodynamic equilibrium states
of a reservoir mixture with up to 50 components using a trained model from iterative flash calculation data
of a mixture with 8 components, maybe the optimized network features are different with our examples.
Thus, a lot more tests and tuning work should be conducted to find the changing rule of the optimized
network features for various proportions between the number of training and target components. Of course,
the iterative flash calculation schemes are also expected to be optimized deeper to prepare the data of such
large scales to feed the network and overcome potential overfitting problems caused by data shortage.

2. The training and testing data are generated using an iterative NVT flash calculation method.
This method is proved to be thermodynamically consistent and energy stable in previous publications, and
the flash calculation results are verified with previous literature. However, experimental data are always
expected as the EOS used in iterative flash schemes are empirical expressions regressed from experimental
data. Thus, if the flash calculation data is used for training in deep learning algorithm, the reliability
might also be questioned that we are not using the realistic ground truth. It can be referred from [30] that
the performance of deep learning model trained from experimental data can sometimes be better than the
iterative flash calculation results. Unfortunately getting sufficient experimental data for phase equilibrium
is extremely hard and expensive, especially for complex reservoir fluids with a large number of components
in a large range of environmental conditions. If the data is limited, overfitting is hard to avoid in deep
learning so that the trained model cannot be accepted. As a result, the current approach to use iterative
flash calculation data seems still the best choice, and we are also looking for a better iterative flash scheme
to better approximate the realistic experimental data. Furthermore, the application of trained self-adaptive
deep learning model on practical compositional reservoir simulators [32] is also expected, especially on well-
designed algorithms considering complex mechanisms [41] or strictly preserving physical conservations [42].

3. Newly developed translation models in deep neural networks, including RNN, LSTM and the
attention model, are expected to be incorporated to further improve the performance of our deep learning
algorithm. Among them, the attention model is the most promising one since it can model the pair-wise
interaction between two components which is consistent with the real-world case. Further investigations on
the customization and tailor of these new and strong models may be another solution to handle the large
scale flash calculation tasks, as we can benefit a lot from their applications on other areas with similar
problems.
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