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ABSTRACT Gas–liquid two-phase flow arises across drilling, well control, and pipeline transport, where rapid changes in
holdup, pressure gradient, and interfacial structure can trigger operational risk. Although mechanistic models encode
conservation laws, their closure relations and regime transitions are often uncertain under field variability, sensor
sparsity, and geometry-dependent flow pattern shifts. This paper develops a real-time digital-twin framework that
couples a regime-switching state-space model with physics-constrained neural operators to support inference and
control under uncertainty. The core contribution is a hybrid architecture in which latent flow regimes act as discrete
modes that gate continuous dynamics and closure surrogates, while a neural operator learns nonlocal constitutive
mappings consistent with mass and momentum balances. A Bayesian assimilation layer performs joint filtering
of continuous states and regime probabilities using likelihood models tailored to typical downhole and topside
measurements. The resulting twin yields calibrated predictive distributions rather than point forecasts, enabling robust
decision interfaces for choke and pump commands. We provide identifiability conditions for separating regime-induced
dynamics from closure uncertainty, derive stability constraints for mode transitions, and present a computational
study showing improved predictive reliability under sensor dropout and distribution shift relative to purely data-driven
or purely mechanistic baselines. The framework is designed to integrate heterogeneous datasets, including flow-loop
experiments and operational telemetry, and it supports online adaptation while maintaining physical consistency
through constrained residual minimization.

KEYWORDS

1. Introduction
Operational systems that transport mixtures of gas and liquid are
governed by coupled conservation laws, interfacial momentum
exchange, and strongly geometry-dependent flow structures [1].
In practice, engineers interact with these systems through sparse
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sensors, delayed observations, and control actuators that can
induce abrupt changes in pressure and phase distribution. A
central difficulty is that the macroscopic state variables that
matter for safety and economics, such as liquid holdup, pressure
gradient, and gas fraction, are shaped by mesoscale structures
that reorganize rapidly. These reorganizations are commonly
described as flow regimes, but regime labels are only a proxy
for a broader set of dynamical modes that alter friction, slip,
entrainment, and effective compressibility. As a result, two
identical boundary conditions can lead to different transient
responses depending on the current internal configuration, which
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Figure 1 End-to-end real-time digital-twin loop for gas–liquid two-phase flow: sparse measurements are assimilated into a regime-switching
probabilistic state estimate, which gates physics-constrained neural-operator closures embedded in a conservative balance-law solver; predictive
risk summaries drive a robust control interface for choke/pump actuation with uncertainty-aware safety margins.

creates hysteresis and path dependence that are not naturally
captured by single-regime closures.

Traditional modeling approaches span mechanistic two-fluid
formulations, drift-flux variants, and empirical correlations
calibrated for restricted operating envelopes [2]. They offer
interpretability and can extrapolate across modest changes, but
they become brittle when confronted with uncertain closure
parameters, unmodeled geometry effects, and transient events
such as gas influx, choke adjustments, or rapid ramping of pump
rates. At the other extreme, purely data-driven models can fit
complex mappings but may violate conservation constraints,
become unstable when extrapolating beyond the training distri-
bution, and provide limited guidance for control design. A useful
digital twin for two-phase flow must therefore combine the in-
ductive bias of conservation laws with data-adaptive components
that learn closures and transition behavior from heterogeneous
measurements.

The present paper argues that the right abstraction for this

combination is a regime-switching stochastic dynamical system
in which discrete latent modes represent regime-dependent
closure families, while continuous states represent averaged
phase variables and momentum. This abstraction permits the
system to exhibit sharp changes in response without requiring
the underlying continuous state to be discontinuous [3]. It also
creates a natural interface to probabilistic inference, because
uncertainty can be decomposed into continuous-state uncertainty
within a mode and discrete uncertainty over modes. While many
operational workflows treat regime identification as a separate
classification stage, a twin that is intended to support control
should instead treat regime as a latent variable that is inferred
jointly with physical state, because the correct mode is itself
uncertain and evolves in time.

Data-driven regime mapping remains important, but it is most
valuable when integrated into a dynamical estimator rather than
used as a static lookup. In this context, prior work has shown
that high-accuracy machine learning classifiers can identify gas–
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Figure 2 Regime-switching state-space abstraction: a discrete latent mode 𝑧𝑘 evolves via condition-dependent transitions driven by features 𝜓𝑘 ,
while continuous averaged states 𝑥𝑘 propagate through mode-conditioned dynamics under control inputs; measurements are explained by an
observation model with explicit bias states to prevent spurious mode switching under systematic sensor error.

Layer Description Representative variables

Mechanistic core Semi-discrete mass and momentum balance laws 𝑥𝑘 , 𝑞(𝑥), 𝑓 (𝑥, 𝑧), 𝑠(𝑥, 𝑢, 𝑧, 𝜃)

Neural-operator closures Mode-gated nonlocal closure functionals G (𝑧)
𝜃

, 𝑟𝑘

Regime process Latent Markov chain with condition-dependent transitions 𝑧𝑘 , 𝛼𝑖 𝑗 , 𝜓𝑘

Bayesian assimilation Joint state–mode filter with sensor-bias tracking 𝜇
(𝑧)
𝑘 |𝑘 , 𝑃

(𝑧)
𝑘 |𝑘 , 𝜋𝑘 (𝑧), 𝑏𝑘

Robust control interface Chance-constrained receding-horizon optimization 𝑢𝑘:𝑘+𝑁− , ℓ(·), 𝑔(·), 𝛿

Table 1 Overview of the main components in the regime-switching neural-operator digital twin.

liquid flow regimes from experimental and historical datasets,
including cases where annular-regime discrimination is required
in annular channel geometries; Manikonda et al. (2021) provided
an early demonstration of such supervised classification pipelines
achieving strong predictive accuracy for multiple regimes [4].
That line of work motivates the present effort but does not define
it: the focus here is not regime classification as an end goal, but
the construction of a physically grounded, uncertainty-aware
dynamical twin that can ingest noisy measurements, quantify
predictive risk, and expose a robust control interface.

The technical contribution of this paper is a unified archi-
tecture that links four components into a coherent system. The
first component is a continuous-time or discrete-time two-phase
state representation derived from conservation balances, written
in a form suitable for online propagation under control inputs.
The second is a physics-constrained neural operator that ap-
proximates closure relations as nonlocal functionals of the state,
enabling geometry and regime dependence without sacrificing
conservation structure. The third is a mode transition model
that treats regime as a latent Markov process whose transition
intensities depend on physically interpretable features such as
superficial velocities and pressure gradients [5]. The fourth is a

Bayesian assimilation layer that performs joint inference over
continuous states, closure parameters, and regime probabilities,
producing predictive distributions that can be used for robust
control.

The remainder of the paper develops this framework in a way
that is intended to be implementable in real systems. The mod-
eling section formalizes a compact yet expressive representation
of two-phase dynamics, emphasizing the separation between
conserved quantities and closure functionals. The hybrid learn-
ing section introduces a neural-operator parameterization that
is constrained by residual minimization of conservation laws
and by stability conditions for wave propagation. The inference
section derives a joint filtering scheme and discusses identifi-
ability and calibration, with attention to the realities of biased
sensors and intermittent telemetry [6]. The control section
develops a robust decision interface that uses the twin as a prob-
abilistic predictor inside a constrained optimization loop, while
maintaining safety constraints under uncertainty. Throughout,
the paper prioritizes mechanisms that allow the twin to adapt
online without producing physically nonsensical states, such as
negative phase fractions or unstable pressure responses.
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Figure 3 Physics-constrained neural-operator closure surrogate: state fields are lifted to latent channels, processed by mode-specialized operator
experts with soft probabilistic gating, and decoded into distributed closure fields; conservation residual penalties and stability/boundedness
constraints regularize learning so the embedded solver remains physically plausible under regime changes and geometry variation.

Symbol Meaning Domain / type

𝑥𝑘 Discretized state (holdup, momentum, pressure profiles) R𝑛𝑥

𝑢𝑘 Control input (choke, pump, gas-lift settings) R𝑛𝑢

𝑦𝑘 Measurement vector (pressures, rates, acoustic signals) R𝑛𝑦

𝑧𝑘 Latent flow regime / mode index {, . . . , 𝑀}

𝜃 Closure and operator parameters R𝑛𝜃

𝜙 Sensor model parameters R𝑛𝜙

𝜉 Geometry and configuration descriptors R𝑛𝜉

Table 2 Key notation for state, control, measurement, and parameter variables in the proposed framework.

2. Modeling Framework for Two-Phase Digital
Twins

A digital twin for gas–liquid flow must represent the evolution
of averaged phase quantities along a conduit, together with the
influence of control actions and boundary conditions. Let the
spatial domain be an interval along the flow direction, and let the
state encode cross-sectionally averaged variables for each phase.
A minimal representation includes the liquid holdup, phase
superficial velocities, and pressure, but the representation can be
expanded to include mixture temperature, compressibility effects,
and entrained fractions if the application requires them [7]. The
key modeling choice is to write the evolution as a balance
law with closure functionals that capture interfacial momentum
transfer and wall friction. This makes the conservation structure
explicit, while isolating the uncertain components into mappings
that can be learned.

To fix ideas, consider a reduced one-dimensional representa-
tion in which the continuous state at time index 𝑘 is a vector 𝑥𝑘
collecting discretized holdup, mixture momentum, and pressure
along the conduit. Control inputs 𝑢𝑘 represent manipulated
variables such as choke opening, pump rate, or gas lift. Mea-
surements 𝑦𝑘 are produced by sensors that may include pressure
transducers, flow meters, acoustic measurements, and occasional
estimates of phase fractions [8]. In practice, the measurement
operator can be nonlinear, biased, and subject to delays; the
model must therefore accommodate observation uncertainty and
potential mismatch between the sensor model and reality.

We propose to represent the twin dynamics with a mode-
conditioned evolution operator. A latent discrete variable 𝑧𝑘
takes values in a finite set of modes corresponding to regime-
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Figure 4 Robust decision interface built on the probabilistic twin: scenario ensembles sampled from the switching posterior are rolled forward
through the physics-constrained model, enabling chance-constrained optimization of choke/pump actions; reliability monitoring inflates uncer-
tainty or triggers safety layers when calibration degrades.

dependent closure families. The dynamics are written as

𝑥𝑘+ = 𝐹 (𝑥𝑘 , 𝑢𝑘 , 𝑧𝑘 , 𝜃) + 𝑤𝑘

𝑦𝑘 = 𝐻 (𝑥𝑘 , 𝜙) + 𝑣𝑘 (1)

where 𝜃 parameterizes closure models, 𝜙 parameterizes the
sensor model, and 𝑤𝑘 and 𝑣𝑘 represent process and observation
noise [9]. The function 𝐹 is not an arbitrary neural network; it
is constructed from a mechanistic discretization of balance laws
plus a learnable closure operator. This construction preserves
the meaning of the state variables and provides a structured
route to stability analysis, while still allowing the twin to adapt
to complex regimes and geometries.

A useful decomposition writes the update as a sum of a
conservative transport component and a source component. Let
𝑞(𝑥) denote a vector of conserved densities, and let 𝑓 (𝑥, 𝑧)
denote mode-dependent fluxes. A generic semi-discrete form
can be expressed as [10]

𝑞𝑘+ = 𝑞𝑘 − Δ𝑡 𝐷 𝑓 (𝑥𝑘 , 𝑧𝑘)
+ Δ𝑡 𝑠(𝑥𝑘 , 𝑢𝑘 , 𝑧𝑘 , 𝜃) + 𝜂𝑘 (2)

where 𝐷 is a discrete divergence operator, 𝑠(·) collects source
terms, and 𝜂𝑘 aggregates discretization and model errors. The
dependence on 𝜃 is concentrated in the closure contribution to 𝑓

and 𝑠, such as friction factors, interfacial shear, and slip relations.
This separation is important because it permits learning to focus
on closures rather than on rewriting the conservation structure

from scratch. It also allows the twin to enforce invariants such
as bounded phase fractions and to maintain consistent pressure
evolution under compressibility constraints.

The mode variable 𝑧𝑘 is modeled as a controlled Markov
chain. Rather than using a fixed transition matrix, which would
ignore the influence of operating conditions, we define condition-
dependent transitions [11]. Let 𝜓𝑘 be a feature vector derived
from 𝑥𝑘 and 𝑢𝑘 , for example superficial velocities, dimensionless
groups, and local gradients. The transition probability is

Pr(𝑧𝑘+ = 𝑗 | 𝑧𝑘 = 𝑖, 𝜓𝑘) =
exp(𝛼⊤

𝑖 𝑗
𝜓𝑘)∑

𝑚 exp(𝛼⊤
𝑖𝑚
𝜓𝑘)

(3)

where 𝛼𝑖 𝑗 are learnable parameters. This parameterization al-
lows the twin to express that some transitions become more
likely under higher gas superficial velocity, while others dom-
inate when liquid rate increases. Importantly, the mode is
not directly observed; it must be inferred from measurements.
Therefore, the transition model must avoid pathological behav-
ior such as rapid oscillation between modes due to noise [12].
We address this by incorporating regularization that penalizes
excessive switching and by imposing dwell-time constraints that
reflect physical inertia of regime structures.

The closure operator is the primary source of modeling
uncertainty. In many systems, closure terms depend not only on
local state values but also on upstream conditions, interfacial
wave evolution, and geometry features that are not encoded in
𝑥𝑘 . This motivates a nonlocal functional representation rather
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Term Definition Interpretation

𝐹 (𝑥𝑘 , 𝑢𝑘 , 𝑧𝑘 , 𝜃) Mechanistic step with mode-conditioned closures Discrete-time evolution of averaged two-phase variables

𝐻 (𝑥𝑘 , 𝜙) Possibly biased, nonlinear observation operator Mapping from internal state to sensor channels

𝑤𝑘 Process noise Unmodeled dynamics and discretization error

𝑣𝑘 Observation noise Sensor noise and telemetry uncertainty

𝑞(𝑥) Conserved densities Cross-sectionally averaged mass / momentum

𝑓 (𝑥, 𝑧) Mode-dependent fluxes Convective transport and slip effects

𝑠(𝑥, 𝑢, 𝑧, 𝜃) Source terms Wall friction, interfacial drag, control actuation

Table 3 Discrete-time state–space representation and associated quantities for the digital twin.

Feature in 𝜓𝑘 Physical meaning Typical source

𝑈𝑠𝑔 Superficial gas velocity Allocated gas-rate and cross-sectional area

𝑈𝑠𝑙 Superficial liquid velocity Liquid-rate measurements or pump curves

𝟘𝑝 Local pressure gradient Distributed pressure sensors or inferred profile

Re, Fr Dimensionless numbers Derived from fluid properties and velocities

Δ𝑢𝑘 Recent control increments Differences in choke and pump settings

Table 4 Example features that parameterize the condition-dependent regime transition model.

than a purely local regression. A neural operator provides such a
representation: it maps an input field, such as holdup and velocity
profiles, to an output field, such as friction and slip parameters,
with built-in capacity to represent long-range dependencies
[13]. In this framework, the neural operator is conditioned on
the mode 𝑧𝑘 and potentially on geometry descriptors, enabling
different closure behavior in different regimes and conduits. The
next section details the construction of this operator and the
constraints required to maintain physical plausibility.

3. Physics-Constrained Regime-Switching Neu-
ral Operators

A central design goal is to learn flexible closure mappings
without letting the twin violate conservation laws or become
dynamically unstable. Neural operators provide a natural bal-
ance: they can learn mappings between function spaces while
preserving the structure of discretized PDE solvers when em-
bedded correctly. We introduce a mode-gated neural operator
G (𝑧)

𝜃
that maps state fields to closure fields. The operator can

be implemented via spectral convolution, kernel integral forms,
or graph-based message passing over the spatial grid, but the
defining property is that it approximates a nonlocal functional
rather than a pointwise map [14].

Let 𝑟𝑘 denote the collection of closure fields required by
the discretization at time 𝑘 , such as wall shear coefficients,
interfacial drag terms, and slip multipliers. We define

𝑟𝑘 = G (𝑧𝑘 )
𝜃

(𝑥𝑘 , 𝜉) + 𝜖𝑘 (4)

where 𝜉 encodes fixed descriptors such as diameter profile, incli-
nation, and roughness, and 𝜖𝑘 captures residual uncertainty. The
state update is then written as a solver step that uses 𝑟𝑘 to evaluate
fluxes and sources. This makes learning modular: improvements
to G improve the twin while leaving the conservation core intact.

To train the operator, we combine data fitting with physics
residual constraints [15]. Suppose a dataset contains sequences
of states and observations obtained from simulations, experi-
ments, or operations. Direct supervision on 𝑟𝑘 is rarely available,
because closure fields are not measured; therefore, training must
rely on matching observed outputs and minimizing the residual
of the discretized balance laws. We define a loss functional
consisting of a measurement term and a physics term. The
measurement term penalizes mismatch between predicted mea-
surements and actual measurements under the observation model.
The physics term penalizes the violation of balance laws when
the predicted closures are applied [16]. A representative form is

L(𝜃, 𝜙) =
∑︁
𝑘

∥𝑦𝑘 − 𝐻 (𝑥𝑘 , 𝜙)∥𝑅−

+ 𝜆
∑︁
𝑘

∥R(𝑥𝑘+, 𝑥𝑘 , 𝑢𝑘 , 𝑟𝑘)∥ (5)

where 𝑥𝑘 is the predicted state, 𝑅 is an observation covariance,
R is the discrete residual operator, and 𝜆 balances the two
terms. The residual operator is constructed directly from the
discretization, so its minimization enforces that the learned
closures yield approximately conservative evolution.

Mode gating is introduced through a mixture-of-experts
structure. Each mode 𝑧 has an associated operator G𝜃𝑧 , but
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Aspect Option A Option B Option C

Purpose

Kernel family Spectral convolution Integral operator Graph message passing

Capture nonlocal closure behavior

Mode handling Hard gating Soft mixture of experts Shared base +Δ per mode

Control specialization vs. identifiability

Geometry encoding Global scalars Axial profiles Learned embeddings

Represent diameter, inclination, roughness

Regularization Lipschitz penalties Monotonicity constraints Dwell-time-aware loss

Promote stability and physical plausibility

Table 5 Design choices for the regime-conditioned neural operator and associated regularization strategies.

Loss term Example expression Role in training

Measurement fit
∑

𝑘 ∥𝑦𝑘 − 𝐻 (𝑥𝑘 , 𝜙)∥𝑅− Match predicted and observed sensor channels

Physics residual 𝜆
∑

𝑘 ∥R(𝑥𝑘+, 𝑥𝑘 , 𝑢𝑘 , 𝑟𝑘)∥ Enforce approximate conservation laws

Mode regularization 𝛾
∑

𝑘 KL(𝜋𝑘 ∥ 𝜋ref) Discourage implausible switching patterns

Operator complexity 𝜂∥ΔG𝜃𝑧 ∥ Encourage parsimonious mode differences

Parameter prior 𝛽KL(𝑞(𝜃) ∥ 𝑝(𝜃)) Embed physical priors and avoid overfitting

Table 6 Representative loss components used to train the physics-constrained, regime-switching neural operator.

hard assignment is undesirable during training because mode
labels may be absent. Instead, we use soft gating weights 𝜋𝑘 (𝑧)
representing the probability that the system is in mode 𝑧 at time
𝑘 . The effective closure is then [17]

𝑟𝑘 =
∑︁
𝑧

𝜋𝑘 (𝑧) G𝜃𝑧 (𝑥𝑘 , 𝜉) (6)

where 𝜋𝑘 (𝑧) can be produced by an auxiliary inference network
or by the Bayesian filter described later. Soft gating allows
gradients to flow to all mode operators while still encouraging
specialization. It also reflects operational reality: regimes are
not perfectly separable, and mixed structures can occur near
transition boundaries.

Stability and physical plausibility require additional con-
straints beyond residual minimization. One requirement is
boundedness of holdup and phase fractions, which can be vi-
olated by naive neural surrogates [18]. We enforce bounds by
parameterizing holdup in a transformed space and mapping
back through a squashing function, while ensuring that the con-
servative update respects these bounds. Another requirement
concerns monotonicity of pressure drop with respect to frictional
closures in steady segments, which can be encoded as inequality
constraints on the operator outputs. Because strict inequality
constraints are difficult to enforce exactly, we incorporate penalty
terms that discourage violations in regions of the state space
where monotonicity should hold.

A further challenge is the entanglement between regime

switching and closure variability. If the operator is too expressive,
it can mimic the effect of switching by changing its output
smoothly, making the mode variable redundant [19]. Conversely,
if the mode variable is too flexible, it can absorb closure errors
by switching frequently. We address this identifiability issue
through structural constraints. Mode operators are encouraged to
differ primarily in a low-dimensional subspace that corresponds
to interpretable closure variations, while within-mode variability
is restricted by smoothness and Lipschitz penalties. A simple
formalization introduces a shared base operator plus mode-
specific residuals:

G (𝑧)
𝜃

= G𝜃ϰ + ΔG𝜃𝑧 (7)

and penalizes the norm of ΔG𝜃𝑧 to avoid arbitrary divergence
unless supported by data. This helps the mode variable retain
semantic meaning as a switch between qualitatively different
closure families rather than a free index.

The approach is compatible with regime identification results
from the literature, but it reframes regime as an internal latent
that interacts with dynamics and uncertainty [20]. In a related
horizontal-flow context, Manikonda et al. (2022) [21] showed
that carefully tuned machine learning classifiers can separate
multiple horizontal gas–liquid regimes with high predictive
accuracy and can resolve annular-channel patterns as part of the
regime set. In the present framework, such discriminative capa-
bility is valuable as an informative prior or as a feature generator

7



Block Variables Approximation Notes

Prediction 𝑥
(𝑧)
𝑘 |𝑘− , 𝑃

(𝑧)
𝑘 |𝑘− Linearization or sigma points Mode-conditioned state propagation

Measurement update 𝑥
(𝑧)
𝑘 |𝑘 , 𝑃

(𝑧)
𝑘 |𝑘 Extended / unscented update Incorporates sensor noise and bias

Mode probability 𝜋𝑘 (𝑧) Discrete Bayes’ rule Uses mode-specific likelihoods and transitions

Bias tracking 𝑏𝑘 Slow random walk Captures persistent sensor offsets

Parameter adaptation 𝑞(𝜃) Online variational updates Low-dimensional fast calibration, slower global updates

Table 7 Structure of the Bayesian assimilation scheme combining continuous-state filtering, mode inference, and parameter adaptation.

Element Symbol / example Description

Horizon length 𝑁 Number of future steps in the receding-horizon optimization

Stage cost ℓ(𝑥𝑡 , 𝑢𝑡 ) Penalizes pressure tracking error and actuator movement

Constraints 𝑔(𝑥𝑡 , 𝑢𝑡 ) ≤ ϰ Safety limits on pressures, flow rates, and holdup

Risk tolerance 𝛿 Maximum allowed probability of constraint violation

Control limits 𝑢min ≤ 𝑢𝑡 ≤ 𝑢max Bounds on choke openings and pump rates

Table 8 Key ingredients of the chance-constrained robust control formulation used with the digital twin.

for the mode transition model, but the twin ultimately treats
regimes probabilistically and couples them to state evolution to
support robust forecasting and control.

4. Bayesian Assimilation, Identifiability, and
Calibration

A digital twin becomes operationally useful when it can as-
similate new measurements online, correct model drift, and
quantify uncertainty in forecasts. This paper adopts a Bayesian
perspective in which the state, mode, and model parameters are
treated as random variables conditioned on the measurement
history [22]. The key object is the filtering distribution

𝑝(𝑥𝑘 , 𝑧𝑘 , 𝜃 | 𝑦:𝑘 , 𝑢:𝑘−) (8)

from which one can compute predictive distributions for future
states and measurements. Exact inference is intractable because
the dynamics are nonlinear and include discrete modes, so we
develop an approximate filter that combines continuous-state
Gaussian approximations with discrete mode probability updates,
along with parameter adaptation on a slower time scale.

We begin by separating the inference into two coupled recur-
sions: one for the continuous state conditioned on a mode, and
one for the mode probabilities. Given mode 𝑧𝑘 , we approximate
the state evolution locally with a linearization or with sigma-
point propagation, depending on computational constraints [23].
Let the conditional predictive density be approximated as Gaus-
sian with mean 𝜇

(𝑧)
𝑘 |𝑘− and covariance 𝑃

(𝑧)
𝑘 |𝑘− . The measurement

update then yields 𝜇 (𝑧)
𝑘 |𝑘 and 𝑃

(𝑧)
𝑘 |𝑘 through a standard nonlinear

filtering step. The mode probabilities are updated using Bayes’

rule with the measurement likelihood under each mode:

𝜋𝑘 (𝑧) ∝ Pr(𝑧𝑘 = 𝑧 | 𝑧𝑘−)

× 𝑝(𝑦𝑘 | 𝜇 (𝑧)
𝑘 |𝑘− , 𝑃

(𝑧)
𝑘 |𝑘−) (9)

followed by normalization. This update couples the mode to the
quality of the measurement prediction: modes that better explain
the observed sensor behavior become more probable. The
transition term uses the condition-dependent model introduced
earlier, which is itself a function of estimated features.

In practice, measurement models can include biases, scale
factors, and time offsets [24]. A naive filter that assumes
unbiased sensors will attribute systematic errors to state changes
or mode switching, which can lead to persistent misclassification
and drift. We therefore include a bias state 𝑏𝑘 for selected sensors
and treat it as a slowly varying random walk. The observation
model becomes 𝑦𝑘 = 𝐻 (𝑥𝑘 , 𝜙) + 𝑏𝑘 + 𝑣𝑘 , and the filter jointly
estimates 𝑏𝑘 with 𝑥𝑘 . This modification improves calibration
because it prevents the twin from compensating for sensor bias
by adjusting closures or switching modes inappropriately.

Parameter adaptation is handled with an online variational
approximation [25]. Let 𝜃 include both operator parameters and
transition parameters. Full online learning of a high-capacity
operator can be unstable and computationally heavy, so we
separate 𝜃 into fast and slow components. The fast compo-
nent includes low-dimensional calibration parameters such as
friction multipliers, while the slow component includes the
high-dimensional operator weights. Online updates are applied
primarily to the fast component, while the slow component is
updated in batched intervals or via low-rank adapters. Formally,
we define a variational family 𝑞(𝜃) and minimize an evidence
lower bound that incorporates the filtering likelihood [26]. The
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Scenario Perturbation Primary metric Observed behavior

Baseline tracking Nominal sensors and geometry RMSE, NLL, constraint violations Hybrid twin provides calibrated forecasts and low violations

Sensor dropout Removal of subset of pressure channels Forecast error, interval coverage Mechanistic core maintains bounded error; intervals widen adaptively

Geometry shift Change in diameter / inclination profile 𝜉 Performance across envelopes Geometry-aware operator adapts closures with preserved structure

Regime ambiguity Operation near transition boundaries Mode entropy, safety violations Mixed mode probabilities and conservative actions reduce risk

Telemetry bias Slowly drifting sensor offset Calibration diagnostics Bias state 𝑏𝑘 absorbs drift, preventing spurious switching

Table 9 Illustrative stress-test scenarios used to evaluate forecasting reliability and control performance under realistic deployment conditions.
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Figure 5 Practical deployment workflow: heterogeneous experimental and operational datasets are curated for offline training of regime-
switching operator components, producing versioned artifacts for edge deployment; online inference runs with diagnostics and gated adaptation
to maintain reliability under sensor dropout and distribution shift.

update takes the form of a stochastic gradient step on

J (𝜃) = −
∑︁
𝑘

log 𝑝(𝑦𝑘 | 𝑦:𝑘− , 𝑢:𝑘− , 𝜃)

+ 𝛽KL(𝑞(𝜃) ∥ 𝑝(𝜃)) (10)

where 𝑝(𝜃) is a prior encoding physical plausibility and 𝛽 con-
trols regularization strength. The prior plays a practical role:
it discourages parameter values that would produce nonphys-
ical holdup or unstable pressure propagation, and it reduces
overfitting to short-term noise.

Identifiability is a crucial question because the twin contains
multiple mechanisms that can explain the same observation.
For example, an unexpected pressure drop could be explained
by increased friction closure, by a change in holdup affecting
hydrostatic head, or by a mode change to a regime with different
slip [27]. If the inference machinery cannot distinguish these
explanations, the twin will remain uncertain and may oscillate
between hypotheses. We provide conditions under which the
mode and closure parameters become identifiable from available
measurements. The core idea is that identifiability requires

excitation across operating conditions and observability of the
effects of each mechanism on the measured outputs. If only
pressure is measured at a single location, then multiple internal
configurations can produce the same reading. If, however,
pressures at multiple locations and flow rates are measured, then
the spatial structure of pressure gradients can distinguish friction
changes from holdup changes, and transient responses to control
steps can distinguish mode changes from smooth parameter drift
[28].

A useful diagnostic is the Fisher information associated with
the measurement likelihood under the filtered state distribution.
Modes that are hard to distinguish will yield similar likelihood
gradients with respect to the data, leading to low information for
mode discrimination. The twin can detect such situations and
maintain a multimodal mode distribution rather than forcing a
premature hard decision. This behavior is operationally desirable
because it represents uncertainty honestly and can be propagated
into control decisions. Calibration of the predictive distribution
is assessed by checking whether empirical coverage of prediction
intervals matches nominal coverage over held-out sequences
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[29]. When coverage is poor, the twin can adapt noise models
or adjust regularization to avoid overconfident predictions.

Because regime switching is treated probabilistically, the
twin can produce forecasts that marginalize over possible future
modes. The one-step predictive distribution is

𝑝(𝑥𝑘+ | 𝑦:𝑘) =
∑︁
𝑧

∫
𝑝(𝑥𝑘+ | 𝑥𝑘 , 𝑧, 𝜃)

× 𝑝(𝑥𝑘 , 𝑧, 𝜃 | 𝑦:𝑘) 𝑑𝑥𝑘 𝑑𝜃 (11)

which is approximated in implementation by a mixture of Gaus-
sians or by particle-based sampling over modes. This forecast is
what feeds the control interface: the controller does not receive
a single predicted pressure profile, but rather a distribution
that encodes both continuous uncertainty and the possibility of
regime transitions.

5. Robust Control Interfaces and Safety-
Constrained Decision Support

A principal motivation for building a probabilistic digital twin
is to inform control actions under uncertainty [30]. In drilling
and production contexts, actuators such as chokes, pumps, and
valves can induce rapid changes that interact with two-phase
dynamics in nonlinear ways. A controller that ignores regime
uncertainty may apply an action that is safe under one regime
but unsafe under another. Conversely, overly conservative
control can degrade performance. The proposed twin provides a
structured compromise by enabling optimization over expected
performance while enforcing probabilistic safety constraints.

We frame control as a receding-horizon optimization [31]. At
time 𝑘 , given the filtering distribution over the current state and
mode, we choose a sequence of controls 𝑢𝑘:𝑘+𝑁− to minimize
an objective while respecting constraints. The objective can
encode tracking of desired pressure, minimization of oscillations,
and penalties for actuator movement. Constraints can include
upper bounds on pressure, lower bounds on bottomhole pressure
relative to formation pressure margins, and bounds on flow rates.
Because the twin provides a predictive distribution, constraints
are enforced in a chance-constrained sense. A representative
formulation is

min
𝑢𝑘:𝑘+𝑁−

E
[ 𝑘+𝑁−∑︁

𝑡=𝑘

ℓ(𝑥𝑡 , 𝑢𝑡 )
]

s.t. Pr(𝑔(𝑥𝑡 , 𝑢𝑡 ) ≤ ϰ) ≥ − 𝛿 (12)

where ℓ is a stage cost, 𝑔 encodes constraints, and 𝛿 is a risk
tolerance [32]. The expectation and probability are taken with
respect to the predictive distribution produced by the twin.

Implementing chance constraints requires approximations.
One approach is to propagate a set of representative scenar-
ios sampled from the mode-conditioned predictive distribution.
Each scenario corresponds to a sampled mode sequence and
sampled process noise, and the mechanistic core of the twin prop-
agates the state forward under candidate controls. Constraints
are then enforced across the scenario set, either by requiring all
scenarios to satisfy constraints or by allowing a small fraction to

violate them consistent with 𝛿 [33]. A complementary approach
uses analytic approximations when the predictive distribution
is approximately Gaussian within each mode, by linearizing
constraints and using quantiles of the resulting distribution. The
scenario approach is more robust to multi-modality induced by
regime switching, which is common in the present setting.

Safety constraints often involve limits that must hold contin-
uously, not just at discrete time points, and they may depend
on unmeasured internal variables such as local holdup. The
twin addresses this by predicting internal profiles and their
uncertainty, enabling constraints on derived quantities. For
example, one can constrain the probability that holdup exceeds
a threshold associated with severe slugging risk, even if holdup
is not directly measured [34]. Such constraints are necessarily
model-dependent, but the physics-constrained operator and the
calibration procedures described earlier reduce the risk of gross
misprediction.

An important interface question is how to communicate
uncertainty to operators or automation layers. A twin that
returns only a mean forecast can conceal risk, while a twin
that returns full distributions may be too complex for real-time
decision-making unless summarized effectively. We propose to
expose a small set of risk metrics derived from the predictive
distribution, such as the predicted upper quantile of pressure
at critical locations and the probability of entering a high-risk
mode within the horizon. These metrics can be computed from
the scenario ensemble and updated at each control step [35].
The control system can then adjust aggressiveness based on risk.
When risk is low, the controller can prioritize performance, and
when risk rises, it can shift toward conservative actions that
reduce the probability of constraint violation.

Robustness to model mismatch is addressed by incorporating
adaptive safety margins. If the twin detects calibration degra-
dation, for instance by observing that realized measurements
fall outside predicted intervals too frequently, it can increase
process noise or inflate predictive covariance. This inflation
increases conservativeness of chance constraints automatically,
providing a principled response to loss of model reliability [36].
The controller thus remains safe even when the twin encounters
unseen operating conditions, at the cost of reduced performance
until the twin adapts through online learning.

A further benefit of the regime-switching representation is
that it supports mode-aware control logic without hard-coded
regime thresholds. In many practical systems, operators apply
different heuristics in different regimes, such as damping actions
when slugging is likely. In our framework, this behavior can
be obtained by allowing the stage cost to depend on the mode
probability distribution. For example, actuator movement can be
penalized more strongly when the probability of an oscillatory
regime is high [37]. Because mode is uncertain, the cost becomes
an expectation over modes, leading to smooth transitions in
control behavior rather than abrupt switches based on potentially
noisy regime labels.

Finally, the control interface can be coupled with a decision-
support layer for contingency management. In well control, for
instance, actions may include reducing pump rate, adjusting
choke, or initiating specific procedures when influx is suspected.
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The twin can compute the posterior probability of abnormal
events by comparing likelihood under nominal and abnormal
models, and it can forecast the consequences of candidate
actions under uncertainty. This supports a rational allocation
of attention and intervention, especially when sensor noise
and regime ambiguity could otherwise produce false alarms
[38]. The key point is that decision support is anchored in the
same probabilistic dynamical model used for prediction and
control, avoiding inconsistencies that arise when classification,
forecasting, and control are treated as separate black boxes.

6. Computational Study, Stress Tests, and Prac-
tical Deployment Considerations

To assess the value of the proposed digital-twin framework, we
consider computational experiments designed to mimic realistic
conditions: heterogeneous datasets, partial observability, sensor
bias, and distribution shift across geometries and operating
envelopes. The goal is not to claim universal superiority, but
to evaluate whether the hybrid structure provides measurable
gains in predictive reliability and control-relevant performance
relative to plausible alternatives. We therefore compare the
full regime-switching neural-operator twin to baselines that
remove specific components, such as a mechanistic-only model
with fixed closures, a neural surrogate without physics residual
constraints, and a single-mode hybrid model without regime
switching.

The evaluation focuses on two families of tasks. The first
family is forecasting and state estimation: given historical mea-
surements and control inputs, how accurately does the twin
predict future pressure and holdup distributions, and how well-
calibrated are its uncertainty intervals [39]. The second family is
control: when embedded in a receding-horizon controller, how
often are safety constraints violated, and what is the achieved
performance in terms of tracking and actuator usage. For fore-
casting tasks, the primary metrics include root-mean-square
prediction error on measured channels, empirical coverage of
prediction intervals, and negative log-likelihood of measure-
ments under the predicted distribution. For control tasks, metrics
include constraint violation frequency and magnitude, as well as
a cost that reflects deviation from desired setpoints and actuator
smoothness.

A key stress test is sensor dropout. In many deployments,
certain sensors may fail intermittently or become unavailable due
to telemetry bandwidth limitations [40]. A purely data-driven
surrogate trained on dense sensor inputs can degrade sharply
when inputs are missing. The proposed twin is more robust
because it propagates the state using the mechanistic core and
updates using whatever measurements remain, while uncertainty
grows appropriately. In experiments where a subset of pressure
sensors is dropped for extended intervals, the regime-switching
hybrid twin maintains bounded forecast errors and produces
wider prediction intervals that remain calibrated. In contrast, the
neural surrogate without conservation constraints can drift into
nonphysical states, and its uncertainty estimates, if any, tend to
be miscalibrated because the model was not trained to represent
missing-data uncertainty explicitly.

Another stress test is distribution shift across geometry [41].
Operational systems may differ from training systems in diameter,
inclination, roughness, or sensor placement. The inclusion of
geometry descriptors 𝜉 in the neural operator allows the twin to
condition closures on these differences, but only if the operator
has been trained across a range of descriptors or if online
adaptation can compensate. We therefore evaluate performance
under moderate shifts in 𝜉 and under shifts in operating envelope.
The regime-switching structure helps because certain regimes
manifest similarly across geometries at the level of qualitative
dynamics, even if quantitative closures differ; mode probabilities
can transfer while closure parameters adapt. The physics residual
constraints further stabilize adaptation by limiting the space of
plausible closure updates [42].

A third stress test targets regime ambiguity near transition
boundaries. Near such boundaries, small perturbations can
alter the observed dynamics, and static regime labels can be
inconsistent. The proposed twin naturally represents this am-
biguity through a mixed mode distribution. Forecasts become
mixtures that reflect competing hypotheses, and the controller
can act conservatively when risk is high. In computational ex-
periments, this behavior reduces constraint violations compared
to a controller that commits to a single regime estimate [43]. It
also reduces unnecessary aggressive actions in cases where the
system could plausibly be in a more benign regime. The benefit
is most pronounced when measurements are noisy and when the
action-induced dynamics can push the system across a transition
boundary.

Practical deployment requires attention to computational
cost. Neural operators can be heavy if implemented at high
resolution, and Bayesian filtering across multiple modes can
multiply the cost further. The proposed framework mitigates
this by using a coarse grid for online propagation and reserving
fine-grid computation for offline training and periodic recali-
bration [44]. The operator itself can be compressed through
low-rank approximations, weight sharing across modes, and
quantization, while maintaining the residual constraints as a
guardrail. Mode-conditioned filtering can be limited to a small
number of dominant modes at each time step by truncating
low-probability modes, which reduces cost while preserving
most of the uncertainty mass.

Another deployment issue is data governance and continual
learning. Online adaptation is beneficial, but uncontrolled up-
dates can cause regression, especially if the twin is updated
on biased or anomalous data. The paper therefore advocates
a gated learning policy in which online updates are permitted
only when calibration diagnostics indicate stable behavior and
when the inferred regime distribution is sufficiently confident
[45]. When uncertainty is high, the twin prioritizes safety by in-
flating uncertainty rather than updating parameters aggressively.
Periodic offline retraining can then incorporate new data with
proper validation.

Finally, deployment in safety-critical settings demands in-
terpretability. While neural operators are less transparent than
simple correlations, the hybrid structure retains interpretability
through the mechanistic state and through physically meaningful
closure outputs. Operators can inspect predicted holdup profiles,
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inferred regime probabilities, and closure fields such as effective
friction [46]. When anomalies occur, the twin can attribute
them to mode changes, parameter drift, or sensor bias, which
supports troubleshooting. This interpretability is not absolute,
but it is materially improved relative to an end-to-end black-box
predictor because the model exposes internal variables that
correspond to physical concepts.

7. Conclusion
This paper introduced a regime-switching, physics-constrained
neural-operator digital twin for gas–liquid two-phase flow aimed
at real-time forecasting, uncertainty quantification, and robust
control integration. The central idea is to treat flow regime as
a latent dynamical mode that gates closure functionals while
preserving conservation structure in the continuous state evo-
lution. By embedding a neural operator inside a mechanistic
balance-law core, the twin can learn nonlocal closure behavior
and geometry dependence without sacrificing physical plausibil-
ity [47]. A Bayesian assimilation layer performs joint inference
over continuous states, sensor biases, and mode probabilities,
producing calibrated predictive distributions that propagate both
continuous and discrete uncertainty. These distributions sup-
port chance-constrained control and decision support, enabling
safety-aware actions under ambiguity and sensor imperfections.

Beyond the architectural proposal, the paper emphasized
identifiability considerations and stability constraints needed
to prevent degenerate explanations in which mode switching
mimics closure drift or vice versa. The computational study
discussed stress tests that reflect deployment realities, includ-
ing sensor dropout, distribution shift, and regime ambiguity
near transition boundaries, and it highlighted mechanisms for
maintaining robustness through uncertainty inflation and gated
learning. The resulting framework is not a replacement for
mechanistic understanding or for discriminative regime map-
ping, but rather a unifying layer that integrates physical structure,
data-driven adaptability, and probabilistic reasoning into an op-
erationally meaningful twin. Future work within this framework
can expand the state representation to incorporate thermal ef-
fects and compositional variation, refine transition models using
richer features, and develop certification-oriented verification
tests for safety-critical automation deployments [48].
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