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ABSTRACT

Accurately modeling the coupled hydro-geomechanical behavior of compacting hydrocarbon reservoirs is
critical for reliable production forecasting and subsurface management. Traditional numerical simulators,
such as finite element and finite difference methods, often suffer from massive computational overheads and
complex grid-generation bottlenecks when handling stress-dependent permeability evolution. Conversely,
purely data-driven machine learning models frequently fail to respect fundamental physical laws, leading to
unphysical predictions and poor extrapolation capabilities. To address these limitations, this paper proposes
a physics-informed neural network (PINN) framework explicitly designed to simulate transient pore
pressure depletion and stress-dependent permeability degradation in compacting reservoirs. By embedding
mass conservation governing equations, exponential permeability constitutive relations, and boundary
conditions directly into the neural network's multi-objective loss function, the proposed architecture acts as a
continuous, mesh-free surrogate model. Utilizing automatic differentiation to evaluate exact spatial and
temporal derivatives, the framework eliminates spatial discretization errors while maintaining strict physical
consistency. Furthermore, a staged hybrid optimization strategy combining Adam and L-BFGS algorithms is
implemented to navigate the complex optimization landscape. Benchmarking results demonstrate that the
proposed PINN framework successfully achieves near-instantaneous surrogate evaluations and significant
computational speedups compared to conventional simulators, offering a robust and efficient pathway for
real-time reservoir management and subsurface monitoring.

Keywords: Physics-Informed Neural Networks; Stress-Dependent Permeability; Hydro-Poromechanical
Coupling; Mesh-Free Surrogate Modeling; Reservoir Simulation.

INTRODUCTION

During the active production life cycle of a hydrocarbon reservoir, the continuous extraction of oil and gas
inherently alters the delicate physical state and structural integrity of the geological rock matrix. As
production operations are sustained and formation fluids are continuously withdrawn from the subsurface
environment, the internal pore fluid pressure inevitably decreases. In a typical deep underground reservoir
setting, the total external overburden stress generated by the massive weight of the overlying earth and
sedimentary rock layers remains essentially constant throughout the extraction process. According to the
fundamental principles of poromechanics, this continuous depletion of internal pore pressure under constant
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external loading results in a gradual, proportional increase in the net effective stress acting directly on the
solid rock skeleton. This fundamental physical relationship implies that as the fluid pressure drops, the solid
matrix must bear a progressively larger portion of the immense geological load. Consequently, this
escalating effective stress triggers a gradual, yet highly significant, physical alteration in the internal pore
structure, heavily influencing the overall volume and transport capabilities of the reservoir rock !

This continuous stress alteration and subsequent structural deformation heavily impact specific lithologies
and reservoir types. Extensive geological and operational research indicates that many highly productive
reservoirs discovered in prominent regions such as the North Sea, the Gulf of Mexico, and offshore zones in
Angola and Brazil are primarily situated in unconsolidated sands or weakly consolidated sandstones [,
These specific geological formations are inherently soft, highly compressible, and therefore exceptionally
prone to severe mechanical compaction. Furthermore, pressure depletion associated with sustained
hydrocarbon production in these compliant formations may induce large physical strains and irreversible
plastic deformations within the reservoir rocks. The consequences of such severe mechanical compaction are
often detrimental, potentially leading to macroscopic operational issues such as large-scale surface
subsidence, devastating well failures due to casing shear, significant permeability damage, and overall
irreversible reservoir impairment 21 .

The mechanical compaction driven by this escalating effective stress severely restricts the ability of
reservoir fluids to flow through the porous network. As the rock grains are forced closer together under the
increasing load, pore bodies compress, and critical connecting pore throats physically close. Figure 1 shows
the microscopic mechanism of stress-dependent pore compaction and capillary bundle deformation under
increasing effective stress. Studies extensively note that absolute permeability can change drastically in
response to an increase in the effective stress within the rock pore system owing to depressurization during
the production life cycle Bl. For specific highly compactable formations, particularly low permeability lithic
sandstones, mechanically collapsing chalks, or heavily fractured rock systems, the resulting reduction of
absolute permeability can be astonishingly high, sometimes reaching up to 90% of the initial pre-production
value ™ . This drastic, non-linear degradation of permeability underscores the absolute necessity of
explicitly modeling stress-dependent permeability. Ignoring these dynamic changes and assuming
permeability remains a static constant inevitably leads to highly inaccurate production forecasting, severely
flawed economic evaluations, and suboptimal field development strategies.

expand ‘ ‘.. ~ .‘ ‘ S

Figure 1:Conceptual model of stress-dependent pore compaction: (a) REV, (b) pore shrinkage, and (c)
channel deformation ©!,

Accurately modeling these complex, tightly coupled interactions between fluid flow, transient pore pressure,
and rock deformation is an incredibly taxing endeavor for traditional numerical simulation techniques.
Established computational methods utilized in the petroleum industry, such as the Finite Element Method
(FEM) and the Finite Difference Method (FDM), rely heavily on discretizing the continuous spatial domain
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into vast, intricate computational grids. While these standard mesh-based numerical methods are historically
robust and mathematically sound, conventional numerical methods can be exceptionally computationally
demanding when applied to complex multiphysics problems within heterogeneous porous media. This
specific computational burden becomes particularly prohibitive and entirely impractical for modern real-
time analysis applications and rapid decision-making environments(®l,

Furthermore, traditional numerical solvers are strictly constrained by their heavy dependency on these
localized computational grids. The absolute necessity for high-fidelity mesh generation to capture localized
stress concentrations, coupled with the highly complex iterative coupling schemes required to accurately
handle the dynamic interaction between stiff soil skeletons and transient fluid flow, often leads to prohibitive
computational costs /I, In practical reservoir management, routine operational workflows such as continuous
history-matching, dynamic sensitive analysis, and comprehensive project design optimization fundamentally
require multiple simulation runs © . Consequently, relying solely on heavy numerical models like FEM or
FDM for these large-scale, strongly coupled hydro-mechanical evaluations leads to prohibitively inefficient
computations, creating severe workflow bottlenecks 81,

To strategically bypass the immense computational expense and time constraints of traditional numerical
simulators, engineers and researchers have increasingly turned to deep learning and artificial intelligence.
However, the deployment of purely data-driven machine learning models presents critical, inherent
limitations when applied to strictly governed physical systems like reservoir simulation. The most prominent
issue 1s the infamous “black box™ problem. Traditional artificial neural networks (ANNs) generally fail to
fully leverage the implicit physical information contained within the collected engineering data, frequently
making the predicted outputs physically inconsistent 1. Operating entirely as a black box, a purely data-
driven model inevitably leads to predictions that may be physically inconsistent or completely implausible
when evaluated against established scientific principles [ .

Moreover, this lack of rigorous physical grounding leads to severe extrapolation failures. Because standard
machine learning relies entirely on the interpolative patterns found within the training dataset, one major
shortcoming of data-driven machine learning is the fundamental failure to honor any explicit physical
relationship between the inputs and the continuous outputs. Consequently, purely data-driven algorithms
severely suffer and frequently fail when attempting to extrapolate predictions outside the specific parameters
of their original training domain % . This fundamental limitation is further exacerbated by the severe data
scarcity constraints typical in petroleum engineering. Purely data-driven methods rely heavily on the sheer
quantity and the high quality of training samples. Their overall prediction accuracy declines substantially
when field data are sparse, noisy, or geographically limited, making them inherently ill-suited for deep
underground reservoir applications where high-quality, continuous wellbore data is notoriously expensive
and difficult to obtain [,

To comprehensively address the severe computational shortcomings of traditional numerical mesh-based
simulators and the fundamental physical limitations of purely data-driven machine learning, Physics-
Informed Neural Networks (PINNs) have emerged as a revolutionary, hybrid computational solution. PINNs
elegantly integrate deterministic, governing physical laws directly into the versatile, high-dimensional
flexibility of deep machine learning architectures. Unlike standard models, PINNs proactively incorporate
physical knowledge into the network training process. By mathematically utilizing the explicit residuals of
governing nonlinear partial differential equations as soft penalty constraints within the objective function,
the neural network is meticulously trained with automatic differentiation operating directly on grid data !,
Ultimately, this framework strategically constrains the neural network to aggressively minimize the PDE
residual alongside all specified spatial boundary constraints and temporal initial conditions [*2 |

A primary operational advantage of the PINN framework is its inherently mesh-free architecture. It offers a
highly robust, mesh-free alternative for solving complex PDE-governed physical problems [l . It achieves
this mathematical feat by converting the traditional numerical problem of directly solving the governing
differential equations on a discrete grid into a continuous, global loss function optimization problem [0
This fundamental computational shift entirely circumvents the massive computational overhead,

Page 613
www.rsisinternational.org


http://www.rsisinternational.org/

INTERNATIONAL JOURNAL OF LATEST TECHNOLOGY IN ENGINEERING,
MANAGEMENT & APPLIED SCIENCE (IJLTEMAS)

ISSN 2278-2540 | DOI: 10.51583EMAS | Volume XV, Issue X, October2026

mathematical instability, and extensive human labor associated with high-fidelity, multidimensional grid
generation [,

Furthermore, by explicitly embedding the governing PDEs into the training process, PINNs achieve
remarkable physical consistency even when operating with significantly less labeled data. They proactively
leverage the underlying physical laws and constitutive relations as a powerful, mathematically rigorous
regularization mechanism ! . This integrated physical constraint acts as a powerful scientific prior, actively
guiding the optimization landscape. This critical feature allows the computational model to obtain highly
reasonable, physically accurate approximations using significantly smaller datasets [*! . It acts as an absolute
safeguard, preventing the model from generating the unphysical, chaotic predictions that are notoriously
common in standard, unconstrained artificial neural networks.

Once the PINN is fully trained and mathematical optimization is complete, it acts as an incredibly efficient,
continuous analytical surrogate model. In highly complex, spatially heterogeneous reservoir engineering
workflows, properly trained PINN-based models have been repeatedly demonstrated to function as a
forward simulator that is phenomenally faster than the underlying numerical physics-based simulator. Some
advanced PINN models have been shown to execute 400,000 times faster than standard simulators, a
staggering reduction in computational latency that allows for true near real-time field analysis and highly
robust, continuous uncertainty quantification for modern reservoir management 4 . This paper proposes a
theoretical PINN framework specifically developed to model stress-dependent permeability evolution and
pressure depletion in compacting reservoirs, addressing the critical gap between slow numerical simulators
and unphysical machine learning models.

THEORETICAL FORMULATION

Fluid flow in Porous Media

The fundamental macroscopic behavior of single-phase fluid flow within a geological porous medium is
primarily governed by the principle of mass conservation. This foundational principle dictates that the rate
of mass accumulation within a specific control volume must perfectly equal the net rate of mass flux
entering or exiting that volume, alongside any mass added or removed by external sources or sinks.
Mathematically, this mass balance is expressed through the continuity equation. The generalized continuity
equation for fluid flow in porous rocks relates the temporal variation of fluid mass stored in the pores to the
divergence of the fluid mass flux. To describe the actual physical movement of the fluid through the
complex interconnected pore spaces of the rock, the continuity equation must be coupled with an appropriate
momentum balance relation. In conventional reservoir engineering, the flow of viscous fluids through
porous rock is empirically governed by Darcy’s law. Darcy’s law postulates that the macroscopic seepage
velocity of the fluid relative to the solid rock skeleton is directly proportional to the absolute permeability of
the rock and the driving pressure gradient, while being inversely proportional to the dynamic viscosity of the
fluid % | When gravity effects are considered negligible for predominantly horizontal flow scenarios,
Darcy’s velocity vector is simply driven by the localized pressure gradient.

By mathematically substituting Darcy’s law into the mass conservation equation, and further incorporating
the equations of state that define the compressibility of both the fluid and the rock matrix, a comprehensive
governing equation is derived Pl This combination results in a parabolic partial differential equation that
accurately describes the transient diffusion of fluid pressure throughout the reservoir domain over time. For
a single-phase fluid scenario, assuming a constant fluid viscosity and incorporating explicit source or sink
terms to represent operational wells, the fundamental governing continuity equation is formulated as:

oP (k(a')
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This governing partial differential equation serves as the core physical constraint that the Physics-Informed
Neural Network will systematically solve. Fully understanding the coupled hydro-geomechanical system
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requires a clear definition of its interacting primary variables, which function as critical coefficients and
targets within the neural network loss formulation . The dynamic state of the physical system is
primarily captured by the pore pressure (P), which is the reservoir formation pressure exerted by the fluid
constrained within the pore space ©*°! . This pressure serves as the primary latent unknown variable that the
neural network aims to continuously predict across the independent temporal coordinate (t) and the
extensive spatial domain . The physical properties of the reservoir fluid also play a critical role in this
mathematical formulation. Specifically, the fluid viscosity (u) defines the dynamic internal friction and
dictates the physical resistance to flow through the porous geological network %1, Furthermore, external
operational conditions are mathematically represented by the source or sink term (gq,,). This specific term
denotes the volumetric rate of fluid injection or production, mathematically representing the physical
presence and operational effect of active wellbores placed within the reservoir boundaries %1,

In addition to fluid properties and operational parameters, the petrophysical and geomechanical
characteristics of the rock matrix heavily influence the transient flow dynamics. The porosity (@) represents
the void fraction of the reservoir rock, defining the specific volume of interconnected pore space available
for fluid storage 1. While conventional simplified models often treat porosity as a static constant, the
proposed framework acknowledges that it dynamically alters under geomechanical compaction. This elastic
volumetric behavior is quantified by the total compressibility (c;), which is defined as the mathematical sum
of the fluid compressibility and the rock matrix compressibility 1. Total compressibility dictates exactly
how much the pore volume and fluid density change in response to pressure fluctuations during transient
fluid flow!®l. Finally, the intrinsic ability of the rock to transmit these fluids is characterized by the absolute
permeability 71, In this highly coupled framework, it is explicitly denoted as a stress-dependent
permeability function (k(¢ "), rather than a static scalar value. This explicitly indicates that the permeability
dynamically degrades as the effective stress (o) increases due to the progressive depletion of pore pressure
and the subsequent structural compaction of the reservoir rock.

Poromechanical Deformation and Effective Stress

The behavior of a hydrocarbon reservoir during the production life cycle is fundamentally a coupled hydro-
geomechanical process. As fluids are extracted from the porous medium, the solid rock skeleton
continuously responds to the internal fluid pressure fluctuations and the constant external geological loads.
This physical response is mathematically governed by the effective stress principle, originally
conceptualized by Terzaghi for soil mechanics and subsequently extended by Biot for general poroelastic
media. The effective stress principle postulates that the deformation of the rock matrix is not controlled by
the absolute total stress, but rather by the net stress transmitted directly through the grain-to-grain contacts
of the solid skeleton [*8]. In a poroelastic framework, this relationship is mathematically formulated as:

o =0—aP

In this governing equation, the total stress (o) represents the external mechanical load applied to the rock
formation. In a typical reservoir setting, this is predominantly the vertical overburden pressure generated by
the massive weight of the overlying sedimentary rock layers. The pore pressure (P) is the internal fluid
pressure exerted outward by the liquid or gas residing within the void spaces of the rock. The effective stress
() is the resulting net geomechanical stress responsible for matrix deformation, pore collapse, and the
subsequent alteration of flow properties 181,

A critical component of this formulation is the Biot coefficient (a), a dimensionless poroelastic parameter
that quantifies the exact efficiency of the internal pore pressure in counteracting the external total stress. The
Biot coefficient is fundamentally determined by the ratio of the drained bulk modulus of the rock frame (K;)
to the intrinsic bulk modulus of the solid mineral grains (Kj), expressed mathematically as « = 1 — (K;/K;)
6181 For highly compressible or unconsolidated reservoir formations where the bulk rock frame is
significantly softer than the individual mineral constituents, the Biot coefficient approaches unity, effectively
reducing the formulation to Terzaghi's original classical principle [“1 .
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Understanding the dynamic evolution of effective stress is crucial for accurately simulating reservoir
depletion. Throughout the production phase, the total overburden stress acting on the reservoir block
remains essentially constant, as the physical mass of the overlying earth does not change. Consequently, a
continuous decrease in the formation P due to fluid withdrawal inherently results in a proportional, dynamic
increase in the effective stress exerted directly on the rock matrix %29, This continuous escalation in both
vertical and horizontal effective stresses forces the solid rock grains closer together, triggering mechanical
compaction 20,

Initially, this poroelastic compaction manifests as a reduction in the bulk volume and the closure of pre-
existing micro-fractures 218, However, as depletion continues and the effective stress crosses critical
thresholds, the rock may transition into a shear-enhanced compaction regime. This severe state induces
irreversible structural damage, including grain crushing and extensive pore collapse %2, The resulting loss
of porosity geometrically restricts the pore bodies and pore throats, triggering a drastic and highly non-linear
decline in the rock’s absolute permeability 21,

The severity of this compaction and the resulting permeability loss are highly dependent on the intrinsic
geomechanical properties of the specific reservoir lithology. Sandstone formations generally exhibit
significant variations in stiffness and compressibility depending on their mineralogy, sorting, and degree of
consolidation 329, Conversely, carbonate formations, such as limestones and chalks, often possess highly
complex and heterogeneous microstructures composed of dense calcite grains mixed with microporous
aggregates, generally rendering them more compliant and susceptible to severe compaction than typical
sandstones 2%, The fundamental geomechanical and petrophysical properties governing this behavior
including failure mode, porosity, permeability, Young’s modulus, and Poisson’s ratio are summarized in
Table 1 for various representative rock formations.

Table 1:Summary of geomechanical parameters and initial physical properties of various rock formations.

. . : Initial Young’s . ,

_II\_/IatgrlaI or Rock E/?(')Iclljere z)zr)osny Permeability | Modulus g‘;ltsif)on | References

yp (m2) (MPa)
Bakken Shale Compressive 6.218
(Cylindrical real / Brittleness | 4.92 w10-19 | 75850 0.217 [22]
core) failure
Bakken Shale Compressive 6.000
(Calibrated digital failure / 491 w10-19 | 75280 0.215 [22]
core cylinder) Cementation
Weakly consolidated | Shear failure
sand (Reservoir (Mohr- 30 3.0 x 10~13 | 3000 0.45 [41
model) Coulomb)
Shale matrix
(Coupled flow- Poroelastic 7 7.895_ . 3000 03 [18]
geomechanics model | compression x 10
synthetic case)

Stress-Dependent Permeability Model

During the operational life cycle of a hydrocarbon reservoir, the absolute permeability of the rock formation
does not remain constant. Instead, it changes dynamically and highly non-linearly primarily due to
mechanical compaction driven by continuous alterations in the localized stress state. As pore fluids are
progressively withdrawn and the internal pore pressure decreases, the total overburden stress generated by
the overlying rock mass remains largely unchanged. According to the effective stress principle discussed in
the previous section, this imbalance forces the effective stress acting directly on the solid rock skeleton to
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increase proportionally 2% . This increased effective stress structurally alters the detailed pore geometry of
the reservoir rock B! . It directly induces the mechanical closure of pre-existing micro-fractures and forces
the physical compression of nano-pores, particularly within softer and highly compressible geological
materials 8. As the rock matrix undergoes this severe compaction, the cross-sectional size of pore bodies
and connecting throats is significantly reduced. This reduction naturally increases the tortuosity of the flow
paths and critically diminishes the overall fluid connectivity 2% .

The resulting decline in absolute permeability is inherently non-linear. During the initial stages of depletion
at lower effective stresses, the permeability drops drastically and rapidly due to the immediate closure of
existing natural fractures and the swift compaction of the more compliant components of the porous
skeleton. However, as the effective stress continues to rise over time, the rock matrix gradually stiffens and
structurally approaches its maximum physical compaction limit. Consequently, the rate of permeability
decrease begins to slow down and eventually plateaus at higher stress states 2 . To mathematically capture
and predict this highly non-linear decline behavior, reservoir engineers and researchers frequently employ an
exponential decay model. Figure 2 shows the exponential decline of the permeability ratio against effective
stress under various Poisson's ratios, capturing the non-linear degradation behavior. This specific
mathematical model structurally assumes that the permeability decreases exponentially as the effective stress
increases or, equivalently, as the pore pressure decreases.

110 L v=0.15 theoretical value
[ ] v=0.18 theoretical value
100 v=0.20 theoretical value
\ A v=0.23 theoretical value
— 90 ] v=0.25 theoretical value
NS \ v=0.28 theoretical value
3, 80 X v=0.30 theoretical value
7 | v=0.32 theoretical value
:‘?_ 70 \\\‘ X v=0.35 theoretical value
= . (N == == == y=0.15 numerical simulation value
.é 60 m &= == == v=(.18 numerical simulation value
*a ’ v=0.20 numerical simulation value
- 50 == em == y=(0.23 numerical simulation value
3’ %“ = @o «s v=0,25 numerical simulation value
E 40 ‘\ v=0.28 numerical simulation value
ﬁ LY & e= e= v=0.30 numerical simulation value
9 == == «= v=(0.32 numerical simulation value
E 30 &\ "N v=0.35 numerical simulation value
[
&~ 20 \ \
10 Q
0 %m-l—
0 10 20 60 70

Effective Stress (MPa)

Figure 2:Comparison of theoretical and numerical permeability ratio versus effective stress under various
Poisson's ratios 241,

This exponential modeling approach is fundamentally rooted in the concept of the permeability modulus,
which dictates the fractional change of permeability in response to a unit change in applied pressure or stress
[19.25] By mathematically integrating this permeability modulus over the stress depletion range, the
functional relationship between dynamic permeability and the changing fluid pore pressure can be derived.
Depending on the specific geological focus, this exponential correlation can take slightly different but
mathematically equivalent forms[?25], For the purposes of this proposed framework, the explicit exponential
decay model correlating dynamic permeability directly to pore pressure changes is formulated as:

k(P) = koexp[y*(P — Pp)]

where k(P) is the current dynamic permeability, k, represents the initial absolute permeability of the
undeformed rock, P, is the initial baseline reservoir pressure, P is the current transient pore pressure, and y*
is the defined permeability modulus. This specific modulus (y*) acts as a critical stress sensitivity
coefficient, governing exactly how rapidly the rock loses its permeability per unit drop in pore pressure.
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To simulate realistic transient reservoir flow utilizing a Physics-Informed Neural Network, this exponential
permeability constitutive relation must be directly incorporated into the macroscopic governing equations.
The fundamental physical equation for single-phase fluid flow, as established in Section 2.1, combines mass
conservation and Darcy’s law 1 . However, because the permeability is now defined as a dynamic
exponential function of the local pressure, it is no longer a spatial constant and cannot be linearly pulled
outside the differential divergence operator. By substituting the exponential permeability model into the
standard fluid flow equation, the system evolves into a highly non-linear partial differential equation. The
complete, fully coupled, non-linear governing PDE that the PINN must ultimately solve is formulated as:

ap v <k0 exply” (P — Py)] VP>

Bee ot

Aw

This mathematical expansion reveals that computing the divergence requires calculating the gradient of the
dynamic permeability itself 1261 Because the permeability is an exponential function of pressure, this
introduces complex products of pressure gradients that tightly couple the fluid flow potential directly with
the rock mechanics. Overcoming the stiff non-linearities of this specific coupled equation without requiring
a traditional state Jacobian is the primary computational advantage of the proposed PINN methodology 271,

The Physics-Informed Neural Network (Pinn) Framework
Spatiotemporal Neural Network Architecture

The proposed Physics-Informed Neural Network architecture is explicitly designed to model the transient,
stress-dependent behavior of a compacting reservoir. Unlike conventional data-driven machine learning
models that simply map inputs to outputs based on historical data, the architecture of a PINN is constructed
to act as a continuous, mesh-free approximator of the underlying physical fields. In this framework, the
continuous spatiotemporal domain serves as the foundation for the network’s input layer. To accurately
capture the dynamic evolution of reservoir conditions over time and across different geological locations, the
input layer directly ingests the Cartesian spatial coordinates (X, y, z) alongside the temporal coordinate (t).
This spatiotemporal embedding allows the neural network to evaluate the physical state of the reservoir at
any arbitrary point in space and time without being restricted to a fixed computational grid [71>281,

The primary objective of this methodological framework is to track the depletion of fluid pressure and the
subsequent degradation of permeability due to rock compaction. Therefore, the network is designed to
output the surrogate approximations for the latent solutions of the governing partial differential equations.
The output layer of the proposed architecture generates two distinct continuous fields. The first output is the
predicted pore pressure field (P), and the second output is the effective stress-adjusted dynamic permeability
field (k). While a single neural network can theoretically output both variables simultaneously, research has
demonstrated that utilizing separate networks or a branched-layer topology for different physical variables
yields superior performance 2?1, This is because pore pressure diffusion is generally a smooth, elliptic
process, whereas permeability degradation is a highly localized, stress-dependent process. A branched-layer
topology, where a common initial layer diverges into two dedicated branches for pressure and permeability,
is therefore proposed to prevent feature interference between these two coupled variables [26:301,

To provide the necessary representational capacity to capture the complex, high-gradient physical
phenomena associated with pore collapse and fluid flow, the core of the PINN is built upon a deep Multi-
Layer Perceptron (MLP) configuration B, The optimal depth and width of the network are crucial for
balancing computational efficiency with predictive accuracy. Based on successful implementations in multi-
dimensional Darcy flow and hydro-poromechanics, the proposed architecture consists of a deep network
ranging from 6 to 12 hidden layers, with a width of 40 to 100 neurons per layer 2331 For instance, a
configuration of 6 hidden layers with 64 neurons per layer has been shown to effectively handle highly non-
linear reservoir simulation tasks [%21. This specific configuration ensures that the network has enough
parameters to learn the complex mapping between the spatiotemporal inputs and the stress-dependent
outputs.
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A fundamental requirement of the PINN methodology is the calculation of partial derivatives. The physics-
informed loss function, which will be detailed in the subsequent section, relies heavily on Reverse-Mode
Automatic Differentiation (AD) to compute the spatial and temporal gradients for the PDE residuals.
Consequently, the choice of the activation function within the hidden layers is strictly constrained. The
activation function must be smooth and infinitely differentiable to allow for the computation of second-order
spatial derivatives required by the fluid flow equations 231331, The standard Rectified Linear Unit (ReLU)
is inherently unsuitable for this architecture because its first derivative is a step function, and its second
derivative is zero everywhere except at the origin where it is undefined. This lack of high-order smoothness
directly violates the mathematical requirements of the PINN framework and introduces severe artifacts
during gradient computation /34,

To overcome this limitation, the proposed architecture employs the Hyperbolic Tangent (Tanh) function as
the primary activation mechanism across all hidden layers. The Tanh function is infinitely differentiable,
making it highly compatible with the automatic differentiation engine (215321 Alternatively, smoother
modern activation functions such as SiLU or Swish are also recommended for this framework. These
functions have demonstrated exceptional performance in preventing vanishing gradients while maintaining
the strict differentiability required to evaluate complex physical features and enhance the neural network’s
convergence rate 31, Figure 3 illustrates the comprehensive workflow of the proposed PINN framework,
detailing the sequential steps from spatiotemporal input generation and network architecture construction to
composite loss evaluation and production forecasting.

Reservoir
geometry, well
data,
spatiotemporal
domain and
physical
parameters

v

Generate
Collocation
Points
X ¥z, t

A

Construct PINN
Architecture
MLP

v Training Loop

Forward Pass
Prediction
Pk
, v
Automatic
Differentiation

Compute
Gradients

v

Evaluate
Composite Loss

(PDE, Perm, &
BC/IC Residuals)

Output

Continuous Production

Pressure
and Permeability
Fields

Forecasting and
Reservoir
Management

Update Weights
Adam / L-BFGS

Figure 3:Workflow and architecture of the proposed Physics-Informed Neural Network (PINN) framework

for stress-dependent reservoir simulation.
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Physics-informed loss function formulation

The core innovation of the proposed Physics-Informed Neural Network (PINN) resides in the formulation of
a composite loss function. Unlike traditional machine learning paradigms that solely penalize the
discrepancy between model outputs and labeled data, the PINN framework integrates the fundamental
governing laws of fluid flow and poromechanics directly into the training process. This integration is
achieved by transforming the governing Partial Differential Equations (PDEs) into mathematical residual
terms. The neural network utilizes AD to accurately compute the required spatial and temporal derivatives of
the predicted fields [*>%2. AD employs the chain rule of calculus to evaluate gradients at machine precision,
completely avoiding the truncation and rounding error propagation typically associated with numerical
finite-difference discretizations 3. Once these exact derivatives are computed, they are substituted into the
governing equations to form continuous residual functions across the spatiotemporal domain 8. The
primary objective of the optimization process is to iteratively adjust the network parameters to drive these
residuals as close to zero as possible across a set of densely sampled collocation points.

The primary component of the composite loss function is the PDE loss, which enforces mass conservation
and fluid flow kinematics based on Darcy's law. For a single-phase transient flow scenario in a compacting
porous medium, the fluid flow residual (7,,,,) is derived directly from the continuity equation. Specifically,
the residual network evaluates the imbalance between the pressure accumulation and the viscous fluid flux.
The specific mathematical formulation for the fluid flow residual is defined as:

ap k_ .
Tflow = q)cta -V ;VP — qw

where P represents the predicted pore pressure, k is the predicted effective permeability, @ is the porosity, c;
is total compressibility, $\mu$ is fluid viscosity, and g, denotes any source or sink terms [ The
corresponding loss term, denoted as Lossppg, is subsequently calculated as the Mean Squared Error (MSE)
of this fluid flow residual evaluated over all interior domain collocation points *322. Minimizing Lossppg
guarantees that the neural network’s predictions physically comply with the principle of mass conservation
at every point in space and time.

Beyond standard fluid flow kinematics, accurately modeling compacting reservoirs requires the rigorous
enforcement of stress-dependent rock properties. To ensure the neural network obeys complex rock-fluid
interactions, physical constraints and constitutive relationships are embedded into the total loss function as
secondary penalty terms 27%°1 In this framework, the continuous reduction in permeability driven by
increasing effective stress is penalized through a dedicated constitutive residual. The loss equation residual
for stress-dependent permeability is formulated as:

Toerm = k- koexp[y*(ls - PO)]

where k, is the initial absolute permeability, P, is the initial reservoir pressure, and y* is the permeability
modulus which defines the sensitivity of the rock to stress changes. This formulation forces the network to
dynamically adjust the predicted permeability field (k) in strict accordance with the localized pressure
depletion (P).

The total composite loss function (Lossr,:q) 1S constructed by aggregating all individual residual
components through a weighted summation. Alongside Lossppr and Lossp.,,, the total loss encompasses
terms responsible for enforcing the required boundary and initial conditions (Lossg:, and Loss;:). The
training process involves minimizing this composite objective function, thereby ensuring that the resulting
surrogate model satisfies the governing PDEs, the stress-dependent constitutive laws, and all domain-
specific spatial constraints simultaneously. This holistic physical embedding allows the PINN to generate
accurate and physically consistent predictions without relying on conventional mesh-based simulators. Table
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2 summarizes the individual loss components, mathematical symbols, descriptions, and corresponding
references of the composite objective function.

Table 2:Summary of the individual loss components and their descriptions within the composite objective
function.

Loss Component Symbol Description / What it Penalizes Reference

Partial Differential L Penalizes residuals of the governing [11.27]
Equation Loss 0SSppE | physical/seepage differential equations

Penalizes discrepancies between network

Permeability / Data LosSperm | Predictions and measured/observed permeability | (130!

Fidelity L : :
delity Loss field values or physical rock-model parameters.
Boundary Condition L Penalizes deviations from prescribed domain [1127]
Loss 05SBC boundaries
Initial Condition Loss Loss; Penalizes deviations from baseline reservoir states | (1 57

attimet =0

Initial and Boundary Conditions Enforcement

A critical aspect of developing a robust Physics-Informed Neural Network (PINN) for reservoir simulation is
ensuring that the surrogate model adheres strictly to the physical constraints defined by the initial state of the
reservoir and its spatial boundaries. In the proposed framework, Initial Conditions (ICs) and Boundary
Conditions (BCs) are enforced as “soft constraints” during the optimization process. This implies that rather
than hardcoding these conditions directly into the neural network architecture, they are formulated as
distinct penalty terms within a composite multi-objective loss function. The neural network learns to satisfy
these specific spatiotemporal constraints by minimizing these loss terms concurrently with the Partial
Differential Equation (PDE) residual loss over a set of strategically sampled collocation points B, Figure 4
illustrates the 2D reservoir domain layout containing a horizontal wellbore and hydraulic fracture, outlining
the spatial boundaries for enforcing initial and boundary conditions.

A

Y, X

2

=] —

Hydraulic Fracture Horizontal Wellbore Flow Direction

Figure 4:Schematic of the 2D reservoir domain containing a horizontal wellbore and hydraulic fracture,
illustrating the spatial boundaries for boundary condition implementations 71,

The initial condition defines the precise state of the reservoir prior to the commencement of any injection or
production activities, typically at time t = 0. In the context of the proposed single-phase compacting
reservoir model, the primary variable of interest is the initial pore fluid pressure distribution across the
spatial domain[®l. To enforce this condition, a dedicated set of initial collocation points is sampled
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exclusively at t = 0. The neural network’s pressure prediction at these specific coordinates is then compared
against the known initial ground-truth values. The initial condition loss, denoted as Loss;:, Iis
mathematically formulated as the Mean Squared Error (MSE) between the predicted and true initial states
(31 For a simplified single-phase pressure scenario, this loss term is defined as:

Nic

1 ~ 2
Lossic = N_ICZ (P(xl-‘O) - Po(xi))
i=1

where N, is the total number of sampled initial points, P(x;, 0) is the network’s predicted pressure at spatial
coordinate x; and time t = 0, and P, (x;) represents the known initial reservoir pressure 1. Minimizing this
term forces the network to accurately replicate the starting conditions before simulating transient flow.

Equally important is the enforcement of physical boundary conditions, which dictate how the fluid interacts
with the geometrical limits of the reservoir and the active wellbores. Boundary collocation points are
sampled along the domain edges to calculate the boundary loss (Lossgc) >, The proposed framework
handles two primary types of boundary conditions. The first type involves constant pressure boundaries,
known mathematically as Dirichlet conditions. These are typically applied at active injection or production
wellbores where the bottom-hole pressure is maintained at a prescribed constant value ©31. The PINN
penalizes any deviation of its output from this prescribed value at the specific boundary coordinates. The
specific wellbore pressure loss is formulated as:

Np

1 5 2
LosSpirichiet = N_DZ(P(xD,il t) = Pyc)
i=1

where Np, is the number of Dirichlet boundary points, and P, is the fixed boundary pressure B9,

The second type of boundary condition governs the outer limits of the reservoir, which are typically modeled
as 'no-flow' or closed boundaries. These are classified as Neumann conditions, which impose constraints on
the spatial derivative or flux of the pressure variable normal to the boundary 8. For a closed reservoir
boundary, the pressure gradient perpendicular to the boundary must be strictly zero. To enforce this, the
PINN utilizes automatic differentiation to compute the spatial gradient of the predicted pressure field at the
boundary points and penalizes any deviation from a zero flux state (15161, The ‘no-flow’ loss is formulated
as:

1 @
Lossyeumann = N_NZ”VP\(XN,L', t).ﬁ”z
i=1

where Ny is the number of Neumann boundary points, and 7 is the outward normal vector [°!, By summing
LoSSpirichier @A LOSSyeumann, the total boundary loss Lossg is constructed, ensuring the network respects
the physical confines and operational constraints of the reservoir domain.

Optimization Strategy

The ultimate objective of the Physics-Informed Neural Network (PINN) training process is to discover the
optimal set of network parameters, denoted as 6, which consists of all weight matrices and bias vectors
across the hidden layers. This is achieved by iteratively minimizing the total composite loss function
(Losstora) ™29, The optimization relies on a continuous cycle of forward and backward propagation.
During the forward pass, the network processes the continuous spatiotemporal inputs to generate the
predicted pressure and permeability fields 1%, Subsequently, automatic differentiation and backpropagation
are utilized to precisely calculate the gradients of the composite loss function with respect to every
individual weight and bias within the network architecture %4l These computed gradients indicate the
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direction and magnitude of the required parameter adjustments. The parameters are then continuously
updated using a chosen gradient-based optimization algorithm, following the fundamental update rule where
new weights are calculated by subtracting the product of the learning rate and the loss gradient from the
current weights 101,

Training a PINN for coupled hydro-poromechanical problems is notoriously challenging. The process
frequently leads to highly non-convex, stiff, and ill-conditioned optimization landscapes. This complexity
arises from the necessity to simultaneously minimize multi-objective physics losses, enforce boundary
penalties, and match potential data constraints, all of which often possess vastly different physical scales and
gradient magnitudes %421, To successfully navigate this complex optimization terrain and ensure robust
convergence, the proposed framework employs a sequential, two-stage hybrid optimization strategy.

The first stage of the optimization process utilizes the Adam (Adaptive Moment Estimation) optimizer.
Adam is a highly scalable first-order stochastic optimizer that performs an unbiased correction of gradient
estimates by calculating both the mean and variance of the gradients to adaptively update the network
parameters %, Due to its robustness to noisy and unbalanced gradients during the early phases of training,
Adam is deployed to perform a comprehensive global search 542 Its primary function is to rapidly
navigate the complex loss landscape, forcefully pushing the loss down and preventing the network from
becoming permanently trapped in poor local minima 5%,

Once the Adam optimizer has located a stable region within the parameter space, the training process
transitions to the second stage, which employs the Limited-memory Broyden-Fletcher-Goldfarb-Shanno (L-
BFGS) optimizer 2. L-BFGS is a sophisticated second-order quasi-Newton optimization algorithm 15311,
While L-BFGS lacks the global search capabilities and scalability of Adam making it highly sensitive to
initial starting points and prone to getting stuck if used from scratch, it excels in localized fine-tuning B%. By
leveraging approximate curvature information derived from the Hessian matrix, L-BFGS accelerates local
refinement to achieve exact gradient convergence. This second stage is crucial for smoothing out the final

physics-informed loss and ensuring the governing differential equations are satisfied with high precision
[40,42]

The selection of appropriate neural network hyperparameters is a critical empirical process that balances the
model’s representational capacity with computational efficiency [12%, Based on established benchmarks in
reservoir simulation, the proposed architecture recommends deep configurations, typically ranging from 4 to
8 hidden layers, with approximately 20 to 100 neurons per layer depending on the complexity of the domain
[1215.28] The learning rate for the initial Adam optimization stage is fundamentally set to 103, coupled with
an exponential or step-decay strategy to maintain exploration early on while allowing for fine-tuning as
training progresses 131532341 Fyrthermore, to accommodate the calculation of second-order spatial
derivatives via automatic differentiation, piecewise-linear activation functions like standard RelLU are
strictly avoided [, Instead, the network exclusively utilizes smooth, continuous, and infinitely
differentiable activation functions. The Hyperbolic Tangent (Tanh) function serves as the primary standard
[12.31.33] 'while advanced smooth functions such as SiLU or GELU are also highly recommended to prevent
vanishing gradients and enhance the overall convergence rate during the rigorous optimization process [%:401,
Table 3 summarizes the recommended neural network hyperparameters, typical ranges, and rationale used in
the PINN framework.

Table 3:Summary of recommended neural network hyperparameters and training configurations.

Typical Range /

Hyperparameter Value

Brief Description / Rationale Reference

Controls depth and capacity to represent

Number of Hidden 3-12 layers (typically complex spatiotemporal pressure and [12.13]

Layers 4-8) displacement fields.
Neurons per Hidden | 20 — 256 neurons Determines layer width, balancing feature (151
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Layer (typically 20-100) expressivity against computational cost.

Sets initial step size for first-order stochastic [34,40]

it i -3 -4
Initial L earning Rate | 10~ to 10 gradient descent optimizers.

Learning Rate Exponential / Step Gradually reduces step size across epochs to [6.8]
Decay Decay (down to 10~5) | refine convergence near local minima.
L . Tanh, GELU, ELU, Must be continuous and higher-order [33.42]
Activation Function | o | differentiable (C2) for AutoDiff
Optimization Staged Hybrid: Adam Adar_n performs initial global search; L-BFGS o
applies 2nd-order curvature updates for exact *
Strategy - L-BFGS
convergence.
Xavier / Glorot Maintains stable activation and gradient [27.28]

Weight Initialization

(Normal or Uniform) | variance across deep layers at training startup.

PROPOSED IMPLEMENTATION AND BENCHMARKING PROTOCOL
Design of the Synthetic Benchmark Domain

In the absence of physical laboratory core flood measurements or expensive field-scale monitoring datasets,
PINN architectures and hybrid surrogate models fundamentally rely on standardized synthetic benchmark
domains for numerical verification, forward solver evaluation, and parameter inversion studies [,
Establishing a mathematically rigorous theoretical domain allows researchers to isolate the computational
performance, numerical stability, and convergence behavior of the neural network under controlled
boundary and initial conditions %431, For the proposed framework, a standardized two-dimensional
synthetic reservoir domain is formulated to evaluate the model’s capability in predicting stress-dependent
permeability degradation and transient pore pressure diffusion without the confounding effects of severe
field-scale geological noise.

The proposed benchmark geometry is structured as a two-dimensional planar reservoir representing a
horizontal areal slice of a compacting porous formation [8]. The spatial boundaries are mathematically
defined over a continuous computational domain Q = [0, L,] x [0, L, | with a uniform formation thickness.
To capture localized pressure drawdowns and multi-directional flow gradients effectively, a classic quarter
five-spot or two-dimensional square domain configuration is deployed Y. The outer spatial limits of the
domain (9Q) represent impermeable boundaries governed by Neumann no-flow conditions:

VP(x,t).n = 0 on (0Q2)

where 71 denotes the outward unit normal vector, enforcing complete fluid containment within the reservoir
sector 8. Hydrocarbon production is simulated via an active wellbore situated at specific domain
coordinates, operating under a prescribed bottom-hole pressure or a constant volumetric extraction rate (11271,
This localized sink term introduces steep, non-linear pressure gradients surrounding the wellhead, serving as

a rigorous test for the neural network's automatic differentiation capabilities and spatial gradient evaluation
[8.9]

The temporal domain for the theoretical benchmark is defined continuously over t € [0, T,,4,], Capturing
both early-stage transient fluid diffusion waves and long-term depletion dynamics. Initial conditions across
the continuous spatial domain at ¢t = 0 specify a uniform baseline reservoir pressure field P(x,0) = P,.
Rather than assuming fixed empirical rock properties, the framework establishes a parametric petrophysical
foundation defined by initial absolute permeability, initial porosity, fluid viscosity, and total system
compressibility. The geomechanical stress sensitivity is governed by the permeability modulus, which
determines the non-linear magnitude of permeability degradation as pore pressure depletes over time [,
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To optimize the training of the PINN across complex multi-scale flow features, collocation points are
strategically sampled across the continuous spatiotemporal domain Q X [0, T4, ]. Because stress-dependent
permeability alterations induce severe non-linear gradients in close proximity to active wellbores, a domain-
decomposed non-uniform sampling strategy is recommended. Higher collocation point density is
dynamically allocated within the localized wellbore radius to capture steep pressure drawdowns, whereas
uniform Sobol or Latin Hypercube sampling is utilized across the far-field interior domain and outer spatial
boundaries 161, This adaptive spatial distribution ensures that the PDE residuals and constitutive loss
penalties are evaluated effectively across regions exhibiting rapid geomechanical deformation. To guide
future numerical implementation and facilitate comparative validation against standard finite-difference or
finite-element simulators (e.g., MRST or ECLIPSE), Table 4 summarizes the baseline petrophysical
properties, symbols, values, units, and corresponding references for the synthetic benchmark configuration.

Table 4:Summary of baseline parametric variables and properties for the synthetic benchmark setup.

Property Symbol Value Unit | Reference
Initial Absolute Permeability ko 1-100 mD [11.39]
Initial Porosity Vo 0.05-0.20 fraction [11,27]
Fluid Dynamic Viscosity U 0.001-0.020 Pa.s [11,27]
Fluid Density p 850-1000 kg/m3 [11,40]
Total Compressibility o 1%x10°—=5x%x 1078 Pa-1 [11.39]
Initial Reservoir Pressure P, 20-30 MPa [9.11]
Irreducible Water Saturation Swi 0.10-0.20 fraction [8,11]

Recommended performance evaluation metrics

To rigorously assess the predictive performance and physical fidelity of the proposed Physics-Informed
Neural Network (PINN) framework, a comprehensive benchmarking and error evaluation protocol is
established. Because the neural network acts as a continuous mesh-free surrogate model, its spatial and
temporal predictions specifically the transient pore pressure and stress-dependent permeability must be
directly compared against high-resolution reference solutions generated by conventional numerical
simulators, such as fine-grid finite-difference or finite-element solvers 32401,

To quantify absolute and relative discrepancies across the spatiotemporal domain, standard statistical
accuracy metrics are recommended. These include the Root Mean Square Error (RMSE) to measure absolute
deviations in physical units 4% the Relative L, Error to evaluate global dimensionless solution
discrepancies independent of physical scaling, and the Coefficient of Determination (R?score) to quantify
the proportion of total variance explained by the neural network model. Table 5 summarizes the
mathematical symbols, formulas, descriptions, and corresponding references for the evaluation metrics.

Table 5:Summary of standard statistical error metrics and their mathematical formulations.

Error Metric Mathematical Symbol Brief Description Reference
/ Formula
Root Mean RMSE Measures the square root of the mean squared [11,40]
Square Error v difference between predicted and reference
1 values in native physical units.
= 5 0= 97
i=1
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Relative Error |t — ul, Evaluates normalized spatiotemporal solution [1332]
La = lul, discrepancies relative to reference magnitude,
providing a dimensionless error measure.
\[Zﬁvﬂ(ﬁi —u;)?

N 2
f i=1 U

Coefficient of R? Quantifies the proportion of variance in [1332]
Determination N (i —9)? reference data explained by neural network
—LT YN (; — 7)2 predictions, where values near 1.0 indicate high
e precision.

In addition to global scalar error metrics, qualitative spatial inspection plays a vital role in verifying model
consistency, particularly within high-gradient regions surrounding active wellbores where non-linear
permeability degradation is pronounced. Spatiotemporal performance is visualized through side-by-side
spatial contour heatmaps comparing reference simulator outputs against PINN predictions on identical
colorbar scales, alongside localized absolute error maps and cross-sectional profile cuts. Figure 6 compares
the spatial pressure distribution contour heatmaps between the reference simulator, CC-PICNN, and
standard PINN models. This dual quantitative-qualitative evaluation protocol ensures that the surrogate
model maintains both strict mathematical rigor and physical realism across all production timelines.

Reference bar CC-PICNN bar PINN bar
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Figure 5:Spatiotemporal comparison of pressure distribution contour heatmaps between the reference
numerical simulator, the proposed CC-PICNN, and standard PINN models 161,

DISCUSSION

Computational advantages

The primary computational advantage of the proposed PINN framework lies in its amortization of
computational costs through an offline-online training paradigm. Traditional numerical simulation
techniques, such as the FEM and FDM, rely heavily on spatial discretization and the continuous assembly
and solution of large, sparse systems of linear algebraic equations. For complex hydro-geomechanical
processes involving stress-dependent permeability evolution, conventional solvers require iterative
numerical schemes and explicit matrix inversions at every discrete time step. This iterative burden leads to
substantial computational latency, particularly when evaluating large multi-dimensional domains or
executing repeated simulation runs for sensitivity analyses.

In contrast, once the proposed PINN model is fully trained via the multi-objective loss optimization strategy,
it operates as a continuous, mesh-free surrogate model capable of near-instantaneous inference (1429451
Because the network directly approximates the governing partial differential equations without requiring
mesh generation, pre-processing overheads, or iterative matrix solvers, evaluating new spatiotemporal states
requires only a single forward pass 2%l Literature and benchmarking studies demonstrate that such
physics-informed architectures can achieve dramatic execution speedups often exceeding 400,000 times
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faster than traditional full-physics numerical simulators in pressure management tasks while maintaining
high physical consistency.

This radical reduction in computational latency unlocks critical capabilities for real-time subsurface
reservoir management. In practical engineering workflows, tasks such as continuous history-matching,
dynamic uncertainty quantification, and Monte Carlo ensemble forecasting require thousands of forward
simulations across varied permeability realizations. Traditional numerical solvers render these tasks
computationally prohibitive. However, the near-instantaneous evaluation speed of the trained PINN
framework allows engineers to perform rapid forward predictions, continuously assimilate live sensor
streams from downhole gauges, and support near real-time operational decision-making for compacting
reservoirs without encountering severe computational bottlenecks!**2l,

LIMITATIONS OF THE PROPOSED FRAMEWORK

While the proposed Physics-Informed Neural Network framework provides an efficient, mesh-free surrogate
approach for modeling stress-dependent permeability evolution and transient pressure depletion, several
inherent theoretical limits and simplifying assumptions must be acknowledged. First, the current formulation
is established strictly upon a single-phase fluid flow regime. Consequently, it relies on the fundamental
assumption that the pore space is occupied by a single, slightly compressible fluid phase with constant or
pressure-dependent petrophysical properties. While this single-phase assumption serves as a rigorous
baseline for verifying the coupled hydro-geomechanical model, it inherently neglects complex multiphase
interactions such as oil, gas, and water co-existence, relative permeability functions, and capillary pressure
dynamics typical of mature field operations [*®%°1. Furthermore, because single-phase pressure diffusion is
governed by parabolic partial differential equations yielding smooth continuous solutions, the current
architecture cannot capture hyperbolic shock fronts, moving saturation boundaries, or multi-phase fluid
breakthrough phenomena commonly encountered during active waterflooding or gas injection.

Beyond single-phase simplifications, scaling PINN architectures to highly heterogeneous subsurface
environments introduce severe training and optimization challenges. In complex geological domains
characterized by severe spatial heterogeneity, orders-of-magnitude permeability contrasts, or discrete
fracture networks, the loss landscape becomes highly stiff and ill-conditioned. Standard multi-layer
perceptrons utilizing smooth activation functions (such as hyperbolic tangents) exhibit an intrinsic spectral
bias, making it difficult to resolve sharp spatial gradient jumps across material interfaces without
introducing unphysical smoothing artifacts. Additionally, multi-physics formulations that couple transient
fluid flow with geomechanical stress equations suffer from gradient pathology. Because the loss gradients
governing elastic deformation and fluid diffusion possess vastly different magnitudes, unweighted multi-
objective loss functions often lead to optimization stalls or dominance by boundary condition penalties.

To address these current theoretical and computational limitations, future extensions of the framework must
incorporate advanced architectural and training paradigms. Promising pathways include domain
decomposition strategies to handle complex spatial subdomains, discretization-informed graph neural
networks to strictly enforce local flux continuity across heterogeneous grids, and fixed-stress operator-
splitting training schemes to decouple stiff multi-physics loss landscapes. Integrating these advanced
methodologies will enable the transition of physics-informed surrogate modeling from idealized single-
phase benchmarks to robust, full-scale multiphase reservoir simulation environments. Table 6 outlines the
current framework limitations, proposed future solutions, and corresponding literature references.

Table 6:Summary of current framework limitations and proposed future solutions.

C_ur_ren'g framework Proposed future solution Reference
Limitation
Multiphase flow and shock Entropy-constrained and conservative PINNs [6,28]
instabilities
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Optimization stiffness and . o . [7.15]
gradient pathology Adaptive loss weighting and operator-splitting
Geological heterogeneity and | Domain decomposition and graph neural 8.9]
property jumps networks

Near-wellbore gradient Wellbore domain partitioning and adaptive [10.27]
smearing collocation

High offline training Transfer learning and operator-learning [45,47]
overhead surrogates

CONCLUSION AND FUTURE OUTLOOK

Conclusion

This paper has presented a rigorous theoretical framework for integrating Physics-Informed Neural
Networks (PINNSs) into the hydro-geomechanical simulation of compacting hydrocarbon reservoirs.
Traditional numerical reservoir simulators, while historically robust, are severely constrained by massive
computational overheads, intricate grid-generation requirements, and expensive iterative solvers when
handling tightly coupled fluid-rock interactions. Conversely, purely data-driven machine learning models
frequently fail due to

their lack of physical grounding, rendering them unreliable for extrapolation outside training regimes. The
proposed framework successfully bridges this gap by embedding fundamental governing conservation laws
and poromechanical constitutive relations directly into the neural network's optimization pipeline.

The primary theoretical and methodological contribution of this work lies in explicitly formulating and
coupling stress-dependent exponential permeability degradation into the physics-informed loss function.
Rather than treating absolute permeability as a static petrophysical parameter or relying on decoupled offline
approximations, the framework dynamically tracks the non-linear reduction of pore volume and absolute
permeability as formation pressure depletes and effective stress increases. By leveraging automatic
differentiation to evaluate exact spatial and temporal derivatives at machine precision, the network
transforms the traditional discrete grid-solving problem into a continuous loss optimization process. This
mesh-free architecture eliminates grid dependency and spatial discretization errors while maintaining strict
adherence to mass conservation, initial conditions, and boundary constraints. Ultimately, the methodology
establishes a robust mathematical foundation for achieving near-instantaneous surrogate evaluations,
providing a powerful pathway to bypass the heavy computational bottlenecks typical of conventional
numerical simulators.

Future outlook

Building upon the single-phase theoretical framework established in this study, future research will focus on
expanding the methodology toward more complex, multi-physics operational environments. The immediate
technical roadmap involves extending the governing equations to account for multiphase fluid flow regimes
specifically oil, water, and gas co-existence by integrating fractional flow formulations, relative permeability
functions, and capillary pressure relationships into the loss function. To successfully manage the hyperbolic
shocks and steep saturation fronts characteristic of multiphase displacement and waterflooding, advanced
architectural adaptations such as branched neural topologies and residual-based adaptive collocation
resampling will be implemented.

Furthermore, to tackle the optimization stiffness and gradient pathologies associated with heterogeneous
subsurface domains containing sharp permeability contrasts or fault networks, future work will integrate
domain decomposition strategies and fixed-stress operator-splitting training schemes. Successfully scaling
these physics-informed architectures will unlock their ultimate deployment within full-scale digital twin
field asset management environments. In such operational setups, the trained surrogate models can
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continuously assimilate real-time downhole sensor measurements, perform rapid uncertainty quantification
and closed-loop history matching, and support proactive, near real-time decision-making for sustainable
reservoir management and hazard mitigation.
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